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ABSTRACT 

Melting temperature is a fundamental material property used in a wide variety of scientific disciplines. To elim-
inate the need for experimentally measuring melting temperature, often costly and potentially dangerous, we 
developed a new computational approach that predicts a compound’s melting temperature from its material 
properties, computed by Density-functional theory or other computational methods, using machine learning 
models. The proposed machine learning models achieved promising results, with a Mean Percentage Absolute 
Error of 15%-20%. We also identified important material properties in predicting melting temperature across 
various groups of compounds containing metals, transition metals, post transition metals, alkaline earth metals, 
halogens, and chalcogens. 

Introduction 

Melting temperature is a fundamental material property used in a wide variety of scientific disciplines. Struc-
tural materials used in machines, buildings, heat shields, and more must have a sufficiently high melting tem-
perature to ensure safe operation, while molten salt used in thermal energy storage needs a sufficiently low 
melting temperature to be useful. Measuring the melting temperature is an important task in material science. 
Compounds with extreme melting temperatures are time-consuming to measure experimentally [1] and such 
experiments can be dangerous. Although simulations exist for calculating melting temperatures, they are com-
putationally expensive. Only 10% of around 200,000 known inorganic compounds have determined melting 
temperatures. Efficient methods for determining melting temperature are an active research topic in material 
science. 

Research work has been done in developing effective methods to determine compound melting temper-
atures. Existing approaches include using thermodynamic calculations and using empirical calculations repre-
sented by the CALculation of PHAse Diagrams (CALPHAD) method [3]. These calculations are extremely 
time-consuming. Hong et al. proposed a graph neural network to predict a compound’s melting temperature 
using its chemical formula [1]. However, when new materials are discovered, the material properties in their 
approach have to be determined through potentially costly and dangerous experiments. We are interested in 
using computationally determined material properties to predict a compound’s melting temperature. With a 
computational approach, when new materials are discovered, their properties can be easily determined through 
computational models, thus avoiding expensive experiments. 

Recently, researchers have turned to ab-nitio material databases that host a large amount of information 
about the properties of chemical compounds [4, 5, 6]. The Materials Project is one such database. Most of the 
material properties in the database are calculated based on Density-functional theory (DFT) [7]. DFT uses an 
arrangement of atoms, i.e. the atomic structure, and computes the material’s zero-kelvin energetic stability [2]. 
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From this relationship, DFT then deduces other material properties. However, because DFT calculations predict 
properties at zero-Kelvin temperature, it cannot be used to predict temperature-dependent properties such as 
melting temperature.  

In this work, we propose to use machine learning models to predict compound melting temperatures 
from their DFT-derived properties and other computationally determined properties. We further propose to 
identify the material properties that are primary determinants of melting temperature by analyzing the feature 
importance presented in the machine learning models. 

 

Methodology 
 
This work uses a computational approach to determine the melting temperature of various compounds. Specif-
ically, we build machine learning models to estimate the melting temperature from DFT-derived and computa-
tionally determined material properties. We use datasets published by the Materials Project and Proceedings of 
the National Academy of Sciences (PNAS) [1], which provide material properties and the compounds’ melting 
temperatures. We then train Random Forest Regression models, a type of machine learning model, to predict 
melting temperature from material properties. We evaluate the prediction accuracy of these machine learning 
models and analyze the importance of different material properties in computationally determining melting tem-
perature. 
 
Data Acquisition 
 
Three data sources are used in this work. The first database is published on PNAS [1]. It provides the chemical 
compounds, their chemical space groups, and their melting temperatures. The second database is the Materials 
Project database [7]. It provides a large number of DFT-derived compound properties. The third database comes 
from Matminer [9], where element-based properties are provided [10]. The information from the three databases 
is used to create our curated dataset, which contains 1408 compounds in total. 
 
Materials Project Database 
The Materials Project is an open web-based database of computed information on known and predicted materi-
als [7]. The Materials Project REST API allows a user to retrieve information from its database [8]. In this work, 
we use the Materials Project Legacy API to retrieve DFT-derived properties. 

The Python Materials Genomics (Pymatgen) package [8] is integrated with the Materials Project REST 
API. The Materials Project ID (MPID) is the unique identification label for a chemical compound. We used 
Pymatgen to find the MPID for each compound based on their space group and chemical formula. Compounds 
whose MPID’s were not found in the Materials Project database were excluded from our curated dataset. 

 
Compound Property Retrieval 
We define compound properties as the physical and chemical characteristics of a chemical compound. For each 
compound, we consider the following 5 DFT-calculated compound properties: Voigt-Reuss-Hill (VRH) average 
bulk modulus, VRH shear modulus, cohesive energy, formation energy, and density. In the following discus-
sions, these compound properties are denoted as k_vrh, g_vrh, e_coh, e_form, and density, respectively. We 
considered these properties because from general chemistry knowledge, except for density, they are the most 
influential properties in determining a compound’s melting temperature. For a small number of chemical com-
pounds, the values for elastic moduli are not found in the Materials Project database. In those cases, machine 
learning-predicted elastic moduli values are provided in the database, and our curated dataset uses those values 
as a proxy for elastic moduli. 

Volume 13 Issue 3 (2024) 

ISSN: 2167-1907 www.JSR.org/hs 2



   
 

   
 

 
Element-Based Property Retrieval with Matminer 
We define element-based properties as the statistical parameters of elemental properties. Specifically, the fol-
lowing 17 element-based properties are considered in this work: mean atomic weight, mean column on periodic 
table, mean row on periodic table, mean atomic number, mean atomic radius, mean electronegativity of ele-
ments, average s-suborbital valence electrons, average p-suborbital valence electrons, average d-suborbital va-
lence electrons, average f-suborbital valence electrons, range of atomic number, range of atomic radius, range of 
electronegativity of elements, fraction of s-suborbital valence electrons, fraction of p-suborbital valence elec-
trons, fraction of d-suborbital valence electrons, and fraction of f-suborbital valence electrons. 

For notational convenience, these properties are denoted as follows in presenting the results and figures: 
mean AtomicWeight, mean Column, mean Row, mean Number, mean AtomicRadius, mean Electronegativity, 
avg s valence electrons, avg p valence electrons, avg d valence electrons, avg f valence electrons, range Number, 
range AtomicRadius, range Electronegativity, frac s valence electrons, frac p valence electrons, frac d valence 
electrons, and frac f valence electrons. 

Figure 1 shows the scatterplots of the material properties (VRH bulk modulus, VRH shear modulus, 
density, mean atomic weight of atoms, mean atomic radius, and average f-suborbital valence electrons) and the 
corresponding melting temperatures. Each point represents a compound in the scatterplots of property-melting 
temperature. These features do not appear to have a clear linear relationship with melting temperature. It is not 
straightforward to find a prediction function with a good fit. 
 

 
 
Figure 1. The relationship between some of the material properties (VRH bulk modulus, VRH shear modulus, 
density, mean atomic weight of atoms, mean atomic radius, and average f-suborbital valence electrons) and the 
corresponding melting temperatures. 
 
Data Preparation 
 
Data Augmentation 
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The material properties listed above are used as input features to machine learning models. In addition to the 5 
DFT-derived compound properties and 17 element-based properties, we augment the set of properties by gen-
erating pairwise products of these property values. For example, for k_vrh and density, we compute the product 
of k_vrh x density as a new feature, denoted as k_vrh_x_density. These pairwise products are extended features 
augmented to our dataset. The purpose of feature augmentation is to study if jointly using material properties 
can improve the accuracy of machine learning models in predicting melting temperature. From 5 compound 
properties and 17 element-based properties, we generate 231 new features. In total, we use 253 features to train 
the machine learning models. 
 
Compound Grouping 
Our dataset contains 1408 samples. In addition to using one machine learning model to predict melting temper-
atures of all compounds, we are also interested in using separate models for different compound groups. We 
divide the compounds into 6 groups based on the types of elements contained in the compound: metal, transition 
metal, halogen, chalcogen, alkaline earth metal, and post transition metal. The number of compounds in each 
group is shown in Table 1. In the Results section, these groups are denoted as metal, transition_metal, halogen, 
chalcogen, alkaline, and post_transition_metal in the figures presented. 
 
Table 1. Number of compounds per compound group. 
 

Compound Group Number of Compounds (Samples) 
All compounds 1408 
Metal 1159 
Transition metal 693 
Halogen 212 
Chalcogen 982 
Alkaline earth metal 308 
Post transition metal 358 

 
Data Analysis 
 
We built various Random Forest Regression (RFR) models to determine a compound’s melting temperature 
based on its properties and extended features. We also used the feature importance in the RFR model to gain 
insight into the features most important in achieving the best prediction accuracy. 
 
Random Forest Regression (RFR) 
RFR is an ensemble method for regression. It consists of multiple decision trees. Each decision tree is learned 
to provide a prediction based on a set of input features. An illustrative example of a decision tree is shown in 
Figure 2. 
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Figure 2. Illustrative example of a decision tree. 
 

There are 8 compounds (S1, S2, ..., S8), each with 3 properties (A, B, C). The decision tree has a depth 
of 2. At the root node (level 0 of the tree), the data is split based on the value of property A. If A < 0.5, then the 
compound goes to the left node. If A >= 0.5, then the compound goes to the right node. On level 1 of the tree, 
compounds at the left node are further split into 2 subsets based on the value of property B. Compounds at the 
right node are split into 2 subsets based on the value of property C. At the leaf nodes (level 2 of the tree), 
compounds are split into 4 subsets: {S1, S2}, {S3, S4}, {S5, S6}, and {S7, S8}. The melting temperature of 
each set is predicted as the average melting temperatures of the compounds in the subset. For example, for a new 
material with properties A = 0.7, B = 0.3, and C = 0.2, its predicted melting temperature is the average of the 
melting temperatures of S5 and S6. The final prediction of RFR is the average of the predictions made by all the 
trees. For RFR models, 2 hyperparameters determine the model’s structure: number of decision trees and max-
imum depth. 
 
Input Features 
There are a total of 253 features composed of 22 material properties and 231 extended features. We trained two 
sets of models, one set using the 22 material properties and the other set using both the 22 material properties 
and the 231 extended features. The purpose of these experiments was to determine if using extended features 
can improve the prediction accuracy of these computational models. 
 
Table 2. Number of training, validation, and testing samples for each compound group. 
 
Compound Group Number of training 

samples 
Number of validation 

samples 
Number of testing samples 

All compounds 846 281 281 
Metal 697 231 231 
Transition metal 417 138 138 
Halogen 128 42 42 
Chalcogen 590 196 196 
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Alkaline earth metal 186 61 61 
Post transition metal 216 71 71 

 
Training, Validation, and Testing RFR Models 
The dataset of compound features was randomly split into training, validation, and testing sets. For each dataset, 
60% of the data was used for training, 20% of the data was used for validation, and the remaining 20% of the 
data was used for testing. Table 2 shows the number of training, validation, and testing samples for each com-
pound group. 

In machine learning, to train machine learning models, we use samples in the training set to learn RFR 
models with different hyperparameter values, i.e. number of decision trees in RFR and maximum depth of each 
tree. The prediction accuracy is evaluated using samples in the validation set and compared over different choices 
of hyperparameters. The optimal hyperparameter values are decided as the ones having the highest prediction 
accuracy over the validation set. With the chosen hyperparameters, model accuracy is measured over the testing 
set by comparing the predicted melting temperature with the corresponding ground truth value. 
 
Performance Evaluation 
Different metrics can be used to evaluate the prediction accuracy of RFR models. The Mean Absolute Error 
(MAE) is defined as 
 

𝑀𝑀𝑀𝑀𝑀𝑀 = 1
𝑛𝑛
∑ |𝑦𝑦𝑖𝑖 − ŷ𝑖𝑖|𝑛𝑛
𝑖𝑖=1     (1) 

 
where n is the number of samples, yi is the melting temperature, and ŷi is the predicted melting tem-

perature. The Mean Percentage Absolute Error (MPAE) is defined as 
 

𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 = 1
𝑛𝑛
∑ |𝑦𝑦𝑖𝑖−ŷ𝑖𝑖|

𝑦𝑦𝑖𝑖
𝑛𝑛
𝑖𝑖=1      (2) 

 
The Root Mean Squared Error (RMSE) is defined as 
 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = �1
𝑛𝑛
∑ (𝑦𝑦𝑖𝑖 − ŷ)2𝑛𝑛
𝑖𝑖=1     (3) 

 
We chose to use the MPAE because it accounts for the large range of melting temperatures. For exam-

ple, Tantalum Carbide (TaC) has a melting temperature of 4037 Kelvin, while the compound H22C10O3 in the 
chalcogen group has a melting temperature of 230 Kelvin. MPAE normalizes the absolute error by the melting 
temperature and measures prediction errors across different compounds on the same scale. 
 

Results 
 
We have trained and evaluated RFR models on the following subsets of data: all compounds with all features of 
22 material properties and 231 extended features; all compounds with 22 material properties; each compound 
group with all features; and each compound group with 22 material properties. By learning models using mate-
rial properties with and without extended features, we can evaluate if extended features help to improve predic-
tion accuracy. By comparing one model for all compounds with separate models for different compound groups, 
we can evaluate if dividing compounds into compound groups and using a model specific to a compound group 
can improve prediction accuracy. 
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Figure 3. Example of sample decision RFR model and prediction value. (a) One of the decision trees in a RFR 
model for all compounds using only compound and element-based properties (maximum depth was set to 4). 
(b) Comparing predicted values with actual values of melting temperature. 
 
One RFR Model for All Compounds 
 
We used all compound samples to train two RFR models to predict melting temperature for all compounds, one 
model without extended features, and the other model with extended features. In an example to demonstrate the 
structure of the decision trees learned from material properties, we train a RFR model with 50 decision trees 
and a maximum depth of 4. Figure 3 shows the structure of the first decision trees in this model. At the root 
node, g_vrh is selected to split the samples. In level 1 of the tree, e_form is selected to split the samples at the 
left node and mean AtomicRadius is selected to split the samples at the right node. As the level increases, the 
predicted value becomes more precise. Using a RFR model of 50 decision trees with maximum depth of 10, the 
predicted values are displayed and compared with the actual values of melting temperature in Figure 13. 
 
Hyperparameters (Number of Decision Trees, Maximum Depth) 
Figure 4 displays the MPAE of the learned RFR model over the testing set with an increasing number of trees, 
where the maximum depth was set to 10. As the number of trees increases, the prediction error decreases, until 
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the number of trees reaches around 50 and the prediction error stops decreasing. It suggests that with 50 decision 
trees, the model reaches optimal performance.  
 

 
 
Figure 4. MPAE of model with maximum depth of 10 over different number of trees.. 
 

Figure 5 displays the MPAE of the learned RFR model over the testing set with an increasing maximum 
depth, where there are 50 decision trees. As the maximum depth increases, the prediction error decreases, until 
a maximum depth of around 10 is reached and the prediction error stops decreasing. It suggests that a RFR 
model with decision trees of maximum depth 10 is able to reach optimal performance.  
 

 
 
Figure 5. MPAE of model with 50 decision trees over different maximum depths. 
 
Model Performance with and without Extended Features 
Figure 4 and Figure 5 both show that with extended features, the RFR model achieved lower prediction error 
consistently over different number of decision trees and maximum depths. The top row of Table 3 shows the 
MPAE of RFR models trained with and without extended features. 
 
Table 3. Comparison of MPAE of RFR models with and without extended features over testing set, where the 
number of trees is 50 and the maximum depth is 10. 
 

Compound group Material properties only Material properties and extended features 
All compounds 20.0% 18.7% 
Metal 15.5% 14.8% 
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Transition Metal 18.8% 17.2% 
Halogen 22.3% 18.7% 
Chalcogen 20.6% 20.8% 
Alkaline Earth Metal 19.8% 18.7% 
Post Transition Metal 17.8% 16.8% 

 
Feature Importance 
In a RFR model, a feature is selected at each node to divide compound samples, where the variance of their 
melting temperatures is high, into two subsets where the variance of melting temperatures in each subset is 
reduced. We can measure how each feature decreases the variance through the sample split. For each feature, 
how on average it decreases the variance over different trees is defined as the feature importance. 

Figure 6 shows the feature importance in the RFR model trained on only material properties, where 
the number of decision trees was set to 50 and the maximum depth of trees was set to 10. Considering the 
random effect of sampling in RFR models, the figure shows that the properties of bulk modulus, shear modulus, 
formation energy, mean atomic radius, and mean row likely play a more important role in predicting melting 
temperature than the rest of the properties. The results in this figure also show that both compound properties 
and element-based properties are useful in predicting melting temperature.  
 

 
 
Figure 6. Ranked feature importance of compound properties and (element-based properties (one RFR model 
for all compounds with 50 decision trees of maximum depth 10). 
 

Figure 7 shows the importance of the top 40 features in the RFR model trained with all 253 features. 
The majority of the top ranked features are extended features derived from the average number of valence elec-
trons in the suborbitals, particularly the f-suborbital and the most important compound properties (formation 
energy, mean atomic radius, mean row, elastic moduli) observed in Figure 6. It is interesting to observe that 
some of these extended features with high feature importance are products of density and the average number 
of suborbital valence electrons, while density did not have high feature importance in the RFR model learned 
only with compound and element-based properties. 
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Figure 7. Ranked feature importance of compound properties, element-based properties, and extended features 
(one RFR model for all compounds with 50 decision trees of maximum depth 10). 
 

We make two observations from these results. First, extended features that use the average number of 
valence electrons in suborbitals have higher feature importance than the compound and element-based properties 
in the RFR model. Second, density is shown to have higher feature importance only when used jointly with the 
average number of valence electrons in suborbitals. 
 
Separate Models for Compound Groups 
 
For each compound group, we trained two RFR models specific to the compound group to predict melting 
temperature, one model without extended features, and the other model with extended features. 
 
Hyperparameters (Number of Decision Trees, Maximum Depth) 
Figure 8 displays the MPAE of the learned RFR model over the testing set with an increasing number of trees, 
where the maximum depth of each tree was set to 10. For all compound groups except for the halogen group, 
optimal performance is reached at around 15 decision trees. For the halogen group, the optimal performance is 
reached at around 40 decision trees. Because the number of samples in the halogen group is much smaller 
compared to the other compound groups, the results are expected to have a higher random effect. 
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Figure 8. MPAE of RFR models specific to compound groups with different number of trees and a maximum 
depth of 10. 
 

Figure 9 displays the effect of increasing the maximum depth, where the number of trees was set to 50, 
to be consistent with the RFR models trained on all compounds. The model reaches optimal performance when 
the maximum depth increases to 10.  
 

 
 
Figure 9. MPAE of RFR models specific to compound groups with different maximum depth of trees and 50 
decision trees. 
 

Table 3 shows the MPAE of RFR models specific to each compound group. Compared to a single RFR 
model for all compounds, RFR models specific to compound groups on average have lower prediction error. 
Note that the results from the halogen compound group are not as reliable as other groups due to its smaller 
sample size. In both experiments shown in Figure 8 and Figure 9, the metal, post transition metal, and transition 
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metal compound groups have lower prediction error than the alkaline earth metal, halogen, and chalcogen com-
pound groups. 
 
Model Performance with and without Extended Features 
We compare specific models trained for each compound group with and without extended features to evaluate 
the effect of using extended features. Figure 10 compares the MPAEs of RFR models specific to compound 
groups, with and without using extended features, over different numbers of decision trees and different maxi-
mum depths of trees. For all compound groups except for the chalcogen compound group, the prediction error 
was reduced when extended features were used to train the models. 
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Figure 10. Comparison of MPAE’s of RFR models specific to compound groups, with and without extended 
features. Left column: models with different number of decision trees (maximum depth is 10). Right column: 
models with different maximum depths of trees (number of trees is 50). 
 

Feature Importance 
 
Figures 11 and 12 show feature importance in RFR models specific to compound groups, where the number of 
decision trees was set to 50 and the maximum depth of trees was set to 10. The following observations are made. 
For the metal compound group, the most important features for improving prediction accuracy are the formation 
energy, mean atomic radius, mean row, mean column, and the range of element electronegativity. For the tran-
sition metal compound group, the most important features to accurately predict melting temperature are similar 
to the metal compound group, but also include the fraction of f-suborbital valence electrons. In the halogen 
compound group, the most important features to predict melting temperature are the mean column, mean elec-
tronegativity, mean row, range of electronegativity of atoms, and average valence electrons in the p-suborbital. 
In the chalcogen compound group, the most important features for predicting melting temperature are the bulk 
modulus, cohesive energy, shear modulus, mean row, and range of atomic number. In the alkaline earth metal 
compound group, the features most important to predicting melting temperature are the bulk modulus, mean 
column, mean electronegativity of atoms, mean row, and average valence electrons in the s-suborbital. Finally, 
in the post transition metal compound group, the most important features to predict melting temperature are the 
bulk modulus, mean atomic radius, mean row, mean electronegativity of atoms, and the range of the atomic 
number of elements. 
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Figure 11. Feature importance in RFR models specific to each compound group, without using extended fea-
tures. (11a) through (11f) describe the metal, transition metal, halogen, chalcogen, alkaline, and post transition 
metal compound groups, respectively. 
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Figure 12. Feature importance in RFR models specific to each compound group, with extended features. (12a) 
through (12f) describe the metal, transition metal, halogen, chalcogen, alkaline, and post transition metal com-
pound groups, respectively. 
 

For RFR models for specific compound groups trained with both material properties and extended 
features, the majority of the high-importance features are extended features that jointly use the average number 
of valence electrons in the f-suborbital and element-based features. It is interesting to observe that in the RFR 
model for the alkaline earth metal compound group, only 10 features are selected by the RFR model. 
 

Discussion 
 
Through experimentation, we have demonstrated that machine learning models, in particular RFR models, 
achieved promising results. Compared to a single model for all compounds, models specific to compound groups 
had better performance on average in predicting melting temperature. We have observed a considerable differ-
ence in prediction accuracy observed across different compound groups. The model specific to the metal com-
pound group performed most accurately, while the model specific to the halogen performed least accurately, 
even compared to the single model for all compounds, likely due to the small number of samples available in 
the halogen compound group. The use of extended features achieved slight performance improvement for all 
compound groups except for the chalcogen group. 

Volume 13 Issue 3 (2024) 

ISSN: 2167-1907 www.JSR.org/hs 15



   
 

   
 

In models trained with only material properties, both the compound properties and element-based 
properties were important in predicting melting temperature. The mean atomic row of the atoms was observed 
as an important feature for all compound groups. Other important properties vary considerably across different 
compound groups. Energy-related properties and electronegativity-related properties were shown to be im-
portant for predicting the melting temperatures of metal-containing compounds. The elastic moduli were ob-
served to be important features for non-metal compound groups. When extended features are introduced, the 
majority of important properties for each compound group were extended features that jointly used the average 
number of valence electrons in the f-suborbital and an element-based property. 
 

Conclusion 
 
In this work, we proposed a computational approach to predict melting temperature of compounds, which 
showed promising results. The machine learning based approach provides a low-cost, time efficient, and safe 
alternative to determine compound melting temperatures. In particular, the RFR models used in our work are 
shown to achieve a prediction accuracy of 15%-20% over different compound groups. Future research to improve 
prediction accuracy includes introducing more material properties, such as the average bond ionic character and 
molecular symmetry, and quantum properties into the feature set, as well as increasing the number of compounds 
in the dataset. 
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