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ABSTRACT 

 

Knowing the thermal properties, from molecular structure, can aid in chemical screening, process 

design and thermodynamic modelling, and help to minimize reliance on expensive experimental 

measurements. This study has created an interpretable machine-learning model to predict normal 

boiling points and critical temperatures from the molecular structure and composition. Molecular 

descriptors used were based on the SMILES representation and were: molecular weight; carbon count; 

heavy atom count; aromatic atom count; TPSA (topological polar surface area); and the count of 

rotatable bonds. Random Forest, Extra Trees and Gradient Boosting were trained and tested with 80/20 

split respectively to get the separate predictive models. The performance of the model was tested in 

terms of the coefficient of determination, mean absolute error and root mean squared error, and the 

importance of the descriptors was determined by permutation importance. Extra Trees performed the 

best for both properties, R²=0.955, MAE = 10.78 K and RMSE = 18.39 K for normal boiling point; as 

well as R²=0.908, MAE = 18.41 K and RMSE = 34.43 K for critical temperature. Carbon count was the 

most influential descriptor for both properties, followed by descriptors representing molecular size, 

composition, aromaticity, polarity and flexibility. The results show that the descriptor-based ensemble 

learning is an accurate and efficient procedure to estimate the thermal properties with a high degree of 

chemical interpretability. This framework may thus be used to provide a quick screening and 

preliminary evaluation of chemical substances when direct measurement of the thermal properties is 

not available or is limited. 
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1. INTRODUCTION 

Thermal properties such as normal boiling point and critical temperature are fundamental physicochemical 

characteristics governing the design, selection, and safe use of chemical substances in industrial, energy, 

refrigeration, separation, and process-engineering applications. Accurate knowledge of these properties is 

essential for vapour–liquid equilibrium calculations, equipment design, solvent selection, refrigerant screening, 

and thermodynamic modelling. However, direct experimental determination can be expensive, time-

consuming, and technically challenging, particularly for unstable, hazardous, or scarcely available compounds. 

Consequently, computational approaches capable of predicting thermal properties from molecular structure and 

composition have gained considerable importance. Machine-learning and quantitative structure–property 

relationship (QSPR) methods have demonstrated strong predictive performance for physicochemical and 

thermophysical properties when appropriate molecular descriptors and robust algorithms are employed 

(Devotta & Chelani, 2022; Qu et al., 2022). 

Traditional property-estimation approaches commonly rely on group-contribution methods, empirical 

correlations, and manually derived molecular descriptors. These methods are valuable because they associate 

molecular fragments with macroscopic thermodynamic behaviour, but their predictive performance may 

decline when molecules contain complex structural motifs or nonlinear fragment interactions. Villazón-León 

et al. (2022) demonstrated that first-order group-contribution methods can estimate normal boiling point and 

critical properties effectively, although their accuracy depends on molecular coverage and structural 

representation. More recently, hybrid strategies combining group-contribution principles with machine learning 

have been investigated to improve flexibility and predictive accuracy. Mann et al. (2022) developed an 

interpretable machine-learning framework for thermodynamic property estimation from molecular 

representations, while Lamprea et al. (2024) demonstrated that deep-learning-assisted group-contribution 

modelling can capture complex structure–property relationships. 

QSPR modelling provides another important framework by statistically associating measurable 

physicochemical properties with molecular descriptors. Descriptor selection is particularly important because 

molecular weight, elemental composition, connectivity, polarity, aromaticity, and flexibility can influence 

intermolecular interactions and phase-transition behaviour. Comesana et al. (2022) emphasized the importance 

of systematic descriptor selection for physicochemical property prediction. Similarly, Fissa et al. (2023) 

demonstrated that QSPR models incorporating artificial neural networks can effectively estimate the critical 

properties of hydrocarbons. Niu et al. (2024) further demonstrated the broader applicability of descriptor-based 

QSPR approaches for estimating properties of organic compounds. 

Machine-learning methods have expanded these capabilities by modelling highly nonlinear relationships 

between molecular structure and thermophysical properties. Random forests, ensemble trees, artificial neural 

networks, gradient boosting, and related algorithms have been investigated for predicting boiling point and 

critical properties. Que et al. (2022) predicted the critical temperature of organic refrigerants using molecular 

topology, while Liu et al. (2025) demonstrated the effectiveness of machine learning for boiling-point 

prediction of potential insulating gases. Rathod et al. (2024) similarly showed that data-driven algorithms can 

successfully predict thermophysical properties of alkanes and refrigerants. These findings demonstrate the 

potential of nonlinear and ensemble models for complex structure–property relationships. 

Deep learning has further shifted molecular-property prediction from handcrafted descriptors toward structure-

aware representations. Graph neural networks represent atoms as nodes and chemical bonds as edges, enabling 

molecular connectivity and topology to be learned directly. Wang and Hu (2023) applied graph neural networks 

and transfer learning to predict normal boiling point and critical temperature of refrigerants. Qu et al. (2024) 

likewise demonstrated the usefulness of graph neural networks for molecular-property prediction using high-

quality experimental data. Geometry-enhanced molecular learning has additionally improved the representation 

of structural information relevant to property prediction (Fang et al., 2022). Molecular language modelling 

provides another strategy for extracting chemical information from sequence-based representations such as 

SMILES. Born and Manica (2023) demonstrated that transformer-based molecular language models can 

integrate property regression and molecular sequence generation, while Ross et al. (2022) showed that large-

scale chemical language representations capture molecular structure and physicochemical characteristics. 

Despite these advances, descriptor-based ensemble models remain attractive because of their computational 

efficiency, interpretability, and suitability for medium-sized chemical datasets. Such approaches enable direct 

evaluation of chemically meaningful variables while maintaining strong predictive capability. Modified group-

contribution descriptors have demonstrated utility for predicting boiling point and critical properties of organic 

compounds (Guo et al., 2026), while machine-learning-assisted QSPR modelling has shown strong potential 

for normal boiling-point prediction from molecular information (Yu et al., 2026). 
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Accordingly, the present study investigates the prediction of normal boiling point and critical temperature from 

molecular structure and composition. Molecular descriptors derived from chemical structures are evaluated 

using multiple ensemble regression algorithms, with predictive performance compared using standard 

regression metrics. The study also examines the relative contribution of molecular descriptors to thermal-

property prediction, providing an interpretable framework for understanding the molecular characteristics 

associated with boiling and critical behaviour. 

 

2. METHODOLOGY 

2.1 Data Source and Extraction 

The dataset of thermal properties supplied with the study included the data for chemical substances encoded as 

molecular structures in the form of Simplified Molecular Input Line Entry System (SMILES) strings (Burkhardt 

et al., 2026). The analysis was limited to the two thermal properties for which there were data available that 

could be broken down into structures and subsequently reported in the results: normal boiling point (Tb) and 

critical temperature (Tc).  

 

2.2 Data Preparation and Thermal-Property Reconstruction 

Normal boiling point and critical temperature were calculated using the group-contribution routines and model 

parameters provided in the data set. Only materials for which the provided routines could provide positive 

values for the thermal properties were kept. According to this process, the last analytical datasets were 5,591 

substances for normal boiling point and 1,454 substances for critical temperature. CAS identifiers were used to 

find the overlap between the two sets of properties. The resulting thermal-property distributions and molecular-

weight ranges were then described. 

 

2.3 Molecular Structure and Composition Descriptors 

The SMILES representation of each retained substance was used to calculate the molecular descriptors directly, 

for the characterization of the structural and compositional properties relevant to the prediction of thermal 

properties. Molecular weight, carbon number, number of heavy atoms, number of aromatic atoms, topological 

polar surface area (TPSA) and number of rotatable bonds were assessed as the descriptors for the predictive 

analysis. The following variables were used as predictor variables for normal boiling point and critical 

temperature: molecular size, elemental composition, aromaticity, polarity, and structural flexibility. 

 

2.4 Predictive Modelling and Performance Evaluation 

Two separate regression models were prepared for normal boiling point and for critical temperature. The three 

ensemble regression algorithms were tested: Random Forest, Extra Trees and Gradient Boosting. When 

comparing the three algorithms, for each thermal property, the substances were randomly split into 80% training 

set and 20% held-out test set, and the same random split strategy was used for each of the three different 

algorithms. The coefficient of determination (R²), mean absolute error (MAE) and root mean squared error 

(RMSE) were used as metrics to quantify predictive performance on the held-out test set. The highest predictive 

performance held-out model was employed in the following prediction-error and descriptor-importance 

analyses. 

 

2.5 Prediction Error and Molecular Descriptor Importance 

The held-out test observations from the selected Extra Trees models were compared with the reference values 

for the thermal properties. The mean error, median error, mean absolute error, root mean square error and the 

90th percentile of absolute prediction error at the normal boiling point and critical temperature were used to 

summarise the prediction error. The agreement of the predicted values with the corresponding reference values 

was also assessed within the ranges of temperatures observed. 

The relative contribution of molecular characteristics to prediction was calculated using the fitted Extra Trees 

models. The importance of the descriptors was reported as the drop in model (R²) when permuting one 

individual descriptor. The molecular descriptors with the highest level of decrease in the (R²) value were 

thought to be most important in the prediction of normal boiling point or critical temperature. 

 

2.6 Ethical Considerations 

This study was a secondary analysis of an existing chemical-property data set, so no human subjects, animals, 

personal information, or identifiable clinical information was involved. The analysis was restricted to the 
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chemical structure information, model information and thermal-property data provided in the dataset and the 

source data was applied solely for scientific analysis and reporting. 

 

3. RESULTS 

       3.1 Dataset Coverage and Thermal-Property Space 

Structure-resolved substance lists were obtained for the normal boiling point (Tb) and the critical temperature 

(Tc) by extracting them from the archive, and molecular structures were encoded in the form of SMILES. Once 

duplicates were removed and molecules for which the CAS-provided group-contribution routines generated 

valid, positive reference values were retained, there were 5,591 molecules to be used in the creation of Tb and 

1,454 molecules to be used in the creation of Tc. The two property sets had 1,260 common CAS identifiers, 

while the combined datasets contained 5,785 unique CAS substances. The Tb reference values covered 197.59–

918.82 K (mean 440.93 K), whereas Tc covered 228.35–963.81 K (mean 623.55 K). The chemical range of 

molecular weight was also wide, between 40.07 and 891.50 g/mol for Tb and 34.03 and 838.11 g/mol for Tc 

(Table 1). 

 

Table 1. Structural and thermal-property coverage of the analyzed substance sets 

Property n Mean (K) SD (K) Min (K) Median 

(K) 

Max (K) Mean MW 

(g/mol) 

Tb 5,591 440.93 86.64 197.59 434.34 918.82 157.53 

Tc 1,454 623.55 119.08 228.35 622.88 963.81 152.57 

 

Figure 1 illustrates that both prediction tasks utilize the same temperature region, but different and relevant 

parts. The Tb values were relatively grouped in region of intermediate temperatures, whereas the Tc was 

concentrated at higher temperatures with a large scatter. This large test set is used to evaluate how well the 

nonlinear structure—property relationships of the models supplied for thermal properties can be captured by a 

compact molecular description. 

 
Figure 1. Distribution of reconstructed reference normal boiling point (Tb) and critical temperature 

(Tc) values for substances successfully processed from the supplied archive 
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     3.2 Predictive Performance of Molecular-Descriptor Models 

Three ensemble regression algorithms were tested on the same random 80:20 split and molecular descriptors 

were calculated directly from SMILES. Extra Trees performed best at the held-out test sets of both properties. 

For Tb, Extra Trees achieved R² = 0.955, MAE = 10.78 K, and RMSE = 18.39 K; Random Forest was close 

(R² = 0.946, MAE = 12.22 K), whereas Gradient Boosting showed lower accuracy (R² = 0.891). For Tc, 

Random Forest achieved R² = 0.894, whereas Gradient Boosting achieved R² = 0.852 (Table 2; Figure 2). 

 

Table 2. Held-out predictive performance for normal boiling point and critical temperature 

Property Model R² MAE (K) RMSE 

(K) 

Tb Random Forest 0.946 12.22 20.17 

Tb Extra Trees 0.955 10.78 18.39 

Tb Gradient Boosting 0.891 20.16 28.59 

Tc Random Forest 0.894 22.12 37.12 

Tc Extra Trees 0.908 18.41 34.43 

Tc Gradient Boosting 0.852 29.21 43.80 

 

 
Figure 2. Comparison of held-out R² across ensemble regression models for normal boiling point (Tb) 

and critical temperature (Tc) 

       

      3.3 Agreement Between Reference and Predicted Thermal Properties 

Agreement between the reference and predicted thermal properties was evaluated using the held-out test sets. 

Good agreement was obtained in the predicted-versus-reference plot over most of the temperature-range 

observed (Figure 3). The extra trees predictions for Tb were also grouped around the identity line and the MAE 

and RMSE obtained for that endpoint was less. The residuals for the Tc predictions were also generally along 

the identity line for the central range but were larger for a few high temperature substances. There was little 

systematic directional error for the two endpoints, as evidenced by the near-zero mean prediction error (Table 

3). 
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Table 3. Error characteristics of the Extra Trees model on the held-out test sets 

Property Test n Mean error 

(K) 

Median error 

(K) 

MAE (K) RMSE 

(K) 

90th percentile 

absolute error 

(K) 

Tb 1119 -2.41 -0.00 10.78 18.39 28.72 

Tc 291 -4.56 -0.00 18.41 34.43 48.91 

 

 

 

Figure 3. Extra Trees predicted versus reference temperatures for the held-out normal boiling point (Tb) and 

critical temperature (Tc) sets. The dashed line represents perfect agreement 

 

     3.4 Molecular Drivers of Thermal-Property Prediction 

The dominant signals identified in the Extra Trees models that were fitted by permutation analysis were 

molecular size and composition. The most significant descriptors with a decrease in R² were carbon count for 

Tb (0.481) and Tc (0.331). The next most significant group consisted of heavy-atom count, aromatic-atom 

count, molecular weight and topological polar surface area (TPSA). The contribution of polarity and structural 

flexibility was a little higher for Tc than any of the other descriptors: TPSA was second followed by heavy-

atom count, aromatic-atom count, rotatable bonds, and molecular weight (Table 4; Figure 4). Overall, molecular 

size was influential for both properties, while polarity and structural flexibility contributed relatively more 

strongly to critical-temperature prediction. 
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Table 4. Leading molecular descriptors from permutation importance of the Extra Trees models 

Property Descriptor Permutation importance 

(ΔR²) 

Tb Carbon count 0.481 

Tb Heavy-atom count 0.165 

Tb Aromatic-atom count 0.117 

Tb Molecular weight 0.111 

Tb TPSA 0.093 

Tb Rotatable bonds 0.063 

Tc Carbon count 0.331 

Tc TPSA 0.175 

Tc Heavy-atom count 0.155 

Tc Aromatic-atom count 0.145 

Tc Rotatable bonds 0.103 

Tc Molecular weight 0.099 

 

 
Figure 4. Permutation importance of the molecular descriptors for Extra Trees prediction of normal boiling point 

(Tb) and critical temperature (Tc) 

4. Discussion 

The present study demonstrated that molecular structure and composition provide strong predictive information 

for estimating normal boiling point (Tb) and critical temperature (Tc). Among the three ensemble algorithms 

evaluated, Extra Trees achieved the best performance, with R2 = 0.955, MAE = 10.78 K, and RMSE = 18.39 

K for Tb and R2 = 0.908, MAE = 18.41 K, and RMSE = 34.43 K for Tc. These findings are consistent with 

previous studies showing that nonlinear machine-learning methods can effectively map molecular information 

to thermophysical properties (He et al., 2024; Rathod et al., 2024). 

The stronger performance of Extra Trees compared with Gradient Boosting suggests that randomized ensemble 

partitioning was effective in capturing complex interactions among the molecular descriptors. Random Forest 
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also performed well, with R2 values of approximately 0.946 for Tb and 0.894 for Tc, indicating that tree-based 

ensembles were generally suitable for the investigated structure–property relationships. Similar benefits of 

nonlinear modelling have been reported for boiling-point estimation using machine learning and QSPR 

approaches (Kim et al., 2024; Sun et al., 2023). The present findings also agree with recent studies 

demonstrating the use of molecular topology and learned molecular representations for thermophysical-

property prediction (Buterez et al., 2024; Wang & Hu, 2023). 

Boiling-point prediction was more accurate than critical-temperature prediction. This difference may reflect 

the greater structural complexity of critical-state behaviour, where intermolecular forces, molecular geometry, 

polarity, and molecular size collectively influence the temperature at which liquid and vapour phases become 

indistinguishable. Previous QSPR studies have similarly shown that critical temperature is governed by 

multiple nonlinear structural factors (Pan et al., 2023; Huoyu et al., 2022a). Critical temperature has also been 

linked to molecular constitution and connectivity in ketones, aldehydes, and ethers (Huoyu et al., 2022b). 

Carbon count was the most influential descriptor for both properties, with permutation-importance values of 

approximately 0.481 for Tb and 0.331 for Tc. Molecular weight, topological polar surface area (TPSA), heavy-

atom count, aromatic-atom count, and rotatable bonds also contributed to prediction. These findings support 

the expectation that molecular size, polarity, aromaticity, and flexibility influence intermolecular interactions 

and phase-transition behaviour. Descriptor-based QSPR studies have likewise identified molecular topology 

and composition as informative predictors of critical properties (Fissa et al., 2023; Que et al., 2022). The 

usefulness of chemically meaningful descriptors is also consistent with systematic descriptor-selection 

approaches for physicochemical modelling (Comesana et al., 2022). 

TPSA showed greater relative importance for Tc than for Tb, suggesting a stronger contribution of molecular 

polarity to variation in critical temperature. This observation is consistent with studies showing that structurally 

informed molecular representations can improve the modelling of complex chemical properties (Kong et al., 

2022; Fang et al., 2022). Graph-based methods can additionally identify substructural contributions that may 

be difficult to capture using conventional descriptors (Wu et al., 2023). Such interpretability remains important 

because strong predictive performance alone does not necessarily provide chemically meaningful explanations 

of structure–property relationships (Proietti et al., 2024; Yang & Li, 2023). 

 

The present descriptor-based ensemble framework is computationally simpler than graph neural networks, 

molecular transformers, and large-scale self-supervised representations. Nevertheless, recent developments in 

contrastive learning and graph transformers indicate further opportunities for improving thermal-property 

prediction beyond manually calculated descriptors (Wang et al., 2022; Rong et al., 2020). Molecular language 

representations can also encode structural information not directly captured by traditional descriptors (Ross et 

al., 2022). Reviews of graph-based molecular prediction further emphasize the importance of sufficiently large 

and chemically diverse datasets for effective representation learning (Wieder et al., 2020). 

The findings also support the continuing integration of conventional thermodynamic estimation methods with 

modern machine learning. Group-contribution approaches remain useful because they preserve chemical 

interpretability, while data-driven extensions can improve flexibility and predictive accuracy (Villazón-León 

et al., 2025; Devotta & Chelani, 2022). Recent studies of boiling point and critical properties further support 

combining structural descriptors with advanced computational modelling (Guo et al., 2026). Likewise, 

assessment of normal boiling-point estimation methods highlights the importance of selecting predictive 

approaches according to molecular class and available structural information (Yu et al., 2024). Overall, the 

results support ensemble learning as an accurate and interpretable approach for predicting thermal properties 

directly from molecular structure and composition. 

 

5. Conclusion 

The results of this study showed that molecular structure and composition can be used to predict certain thermal 

properties such as normal boiling point and critical temperature of chemical substances with good reliability. 

The best predictive performance for the ensemble regression models has been achieved by Extra Trees with an 

R² of 0.955 and an MAE of 10.78 K for the normal boiling point and an R² of 0.908 and an MAE of 18.41 K 

for the critical temperature. The relatively poorer results for critical temperature may suggest that this property 

is not as easily described from the selected structural and compositional properties. Additionally, permutation 

importance analysis revealed that the carbon count, heavy atom count, aromatic atom count, molecular weight, 

TPSA, and rotatable bond values were important in prediction. For both thermal properties, carbon count was 

the most important descriptor, and for critical temperature, polarity-related information was more important. 

The results presented here show that interpretable molecular descriptors, combined with ensemble learning, 

can be a viable alternative to more computationally expensive representation-learning methods. The developed 
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framework provides a practical approach for quick estimation of thermal properties in cases of lack of 

experimental data or when it is expensive. The methodology could be expanded in future research to include 

wider classes of chemicals, other thermophysical data, and more sophisticated molecular structures to increase 

the generalizability and predict robustness. 
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