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Highlights 

 Machine learning models were developed to predict entropy and heat capacity of hydrocarbons. 

 Molecular descriptors were used as input features to train the machine learning models. 

 ML models show better performance compared with Benson's group additivity scheme. 

 2 D matrix-based descriptors had a significant effect on predicting S and Cp. 
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Abstract 

Chemical substances are essential in all aspects of human life, and understanding their properties is 

essential for developing chemical systems. The properties of chemical species can be accurately 

obtained by experiments or ab initio computational calculations; however, these are time-consuming and 

costly. In this work, machine learning models (ML) for estimating entropy, S, and constant pressure heat 

capacity, Cp, at 298.15 K, are developed for alkanes, alkenes, and alkynes. The training data for entropy 

and heat capacity are collected from the literature. Molecular descriptors generated using alvaDesc 

software are used as input features for the ML models. Support vector regression (SVR), v-support 

vector regression (v-SVR), and random forest regression (RFR) algorithms were trained with K-fold 

cross-validation on two levels. The first level assessed the models' performance, and the second level 

generated the final models. Between the three ML models chosen, SVR shows better performance on the 

test dataset. The SVR model was then compared against traditional Benson's group additivity to 

illustrate the advantages of using the ML model. Finally, a sensitivity analysis is performed to find the 

most critical descriptors in the property estimations. 

Keywords: Entropy; Heat capacity; Molecular descriptors; Machine learning; Supervised learning; 

Hydrocarbons. 

 

1. Introduction  

Chemical species are important and are significant to every industry. In engineering practices, 

the properties of chemical compounds are the basis for design and analysis in various fields, such as 

combustion 
1
, refrigeration 

2
, petrochemical 

3
, and material sciences 

4
. The effective use of new and 

existing chemicals requires knowledge of their properties. Although a huge amount of data is available, 

the rapid advance of technology in various fields has created an ongoing need for more information 
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about the properties of chemical species and a thorough understanding for practical applications. 

Thermodynamic properties in particular are important in the field of chemical kinetics and are required 

to design any chemical system involving chemical reactions. Two of the fundamental thermodynamic 

properties are heat capacity and entropy.  Heat capacity is the amount of heat per unit mass that is 

needed to increase the temperature by one unit. A knowledge of heat capacity allows computing of other 

properties such as entropy and enthalpy of a chemical substance.    

Thermodynamic properties can be measured experimentally or estimated theoretically, for 

instance, by quantum chemistry calculations 
5
. However, Experimentation requires equipment and 

resources which are often expensive and are sensitive to errors from various sources. There are several 

techniques to measure the heat capacity experimentally such as, the ac calorimetry 
6
 and modulated-bath 

calorimetry 
7
 methods. Using a reversible process, the entropy of a chemical compound can be obtained 

by measuring the heat required to increase the temperature specified units. On the other hand, several 

successful theoretical methods for the estimation of thermodynamic properties have been developed and 

published in the literature, but most of these methods are computationally expensive and require 

specialized skill sets. 
8,9

 

Since ML schemes are based on statistical predictions rather than physics-based calculations, they 

are computationally cheaper than theoretical methods. In addition, ML models are easy to use, as they 

do not depend on the user's chemical intuitions. Therefore, ML schemes are potential alternatives to 

traditional quantum chemistry calculations. In recent years, ML algorithms have been used to predict 

species chemical properties. Kauwe et al. 
10

 used ML to predict the heat capacity of solid inorganics in a 

wide range of temperatures. They developed three ML models: linear regression, SVR, and RFR, and 

compared their performance with Neumann-Kopp predictions and cation/anion contributions methods. 

Their work showed that ML schemes can be presented as alternative methods to predict heat capacity for 
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any material at a wide range of temperatures, with better accuracy and less time than traditional 

methods. 

Similarly, Yalamanchi et al. 
9
 developed ML models to estimate the standard enthalpy of 

formation of alkanes, alkenes, and alkynes at 298.15 K. They trained SVR and artificial neural network 

(ANN) models on an extensive dataset and concluded that SVR offered better performance than ANN in 

terms of accuracy and computational cost. Moreover, their comparison between the SVR model and 

traditional group additivity methods proved that SVR has some advantages over group additivity 

methods. In extension to this work, Yalamanchi et al. 
11

 developed an SVR model for predicting 

standard enthalpy of formation of cyclic hydrocarbons. They trained their model on a training dataset 

that consists of 192 species, and they used molecular descriptors as input features for their model. Their 

study shows a better performance compared with group additivity, especially for cyclic hydrocarbons 

with complex structures. 

Chouai et al. 
12

 proposed an ANN model with one hidden layer, two input features (temperature 

and pressure), and one output (compressibility factor, Z) for PVT representations of refrigerants. They 

trained the model on a dataset consisting of three refrigerant compounds (R134a, R32, and R143a) on 

liquid and gas phases. By achieving Z values as the output of the ANN, they were able to numerically 

calculate the values enthalpy, entropy, and heat capacity of the refrigerant compounds with satisfactory 

accuracy. Likewise, Liu et al. 
13

 developed an ML framework using a ν-SVR model to predict the 

thermodynamic properties of pure fluids (H2O, CO2, H2) and their mixtures. They concluded that, 

considering their satisfactory results in mapping and predicting thermodynamic properties, ML models 

were a potential replacement for the complex equations of states. 

In this work, a machine learning scheme is proposed to predict two critical thermodynamic 

properties: entropy of formation at standard conditions and constant pressure heat capacity. However, 
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the developed scheme is universal and can be applied to any species. Entropy and heat capacity are 

important thermodynamic parameters that are used in chemical kinetic models to simulate chemical 

systems. It is expensive and time consuming to experimentally measure or theoretically calculate using 

quantum chemistry entropy and heat capacity values. Therefore, simple methods are necessary to predict 

rather than measure or calculate using quantum chemistry.  

The aim of this work is to provide the thermodynamic data necessary for chemical kinetic models 

i.e. standard enthalpy and standard entropy at 298 K and heat capacities at multiple temperatures. One 

feature of ML models is that, if the models are built with a diverse set of data, the overall accuracy 

reduces; whereas the error are less if the dataset is homogeneous. This is one reason to use only specific 

types of species in our dataset, as compared to datasets in which diverse data are included. Because of 

their importance in kinetic models in thermal engineering applications, the investigation is restricted to 

three types of hydrocarbons: alkanes, alkenes, and alkynes. 

Three ML models were utilized in this work: support vector regression (SVR or ε-SVR), v-support 

vector regression (v-SVR), and random forest regression (RFR). The models were trained on a dataset of 

entropy and heat capacity collected from publicly available databases. Molecular descriptors were 

generated by alvaDesc 
14

 and used as input features, in the training process. The dataset was then 

processed to remove all incomplete or redundant data. Thereafter, the three models were trained, and 

their performance compared. After training all the models and comparing their performances, a 

comparison between an ML model and group additivity method was made; the experimental data were 

used as the benchmarks for comparison. Finally, a sensitivity analysis was made; the ten most sensitive 

descriptors were found, and the ML models were trained using them as inputs for comparison to original 

models. 

                  



7 

 

2. Methodologies 

2.1 Machine Learning Algorithms 

Machine learning (ML) is a branch of artificial intelligence (AI) that enables computer systems to 

identify patterns, learn from data, and make decisions without explicit instructions. ML is already being 

used widely for many different applications, such as big data analytics, weather forecasting, gene 

sequence analysis, web search and advertisement placement 
15

. ML algorithms can be classified as 

supervised, semi-supervised, unsupervised and reinforcement learning algorithms, based on the required 

task and the amount and type of the available data. For supervised learning, the training dataset consists 

of input features and their associated output values (labelled data). The goal of the algorithm is to 

develop a prediction model by using the training dataset; this model can then predict the output values 

for unseen datasets. There are many algorithms for supervised learning, most widely used ones being 

neural networks, naive bayes, and decision trees. Supervised learning is directed at two main problems: 

classification, and regression. In classification problems, the samples in the training dataset are divided 

into two or more classes, and the model is trained to correctly predict the categories of unseen samples. 

The regression problem is a generalization of the classification problem, where the output of the model 

is a continuous value instead of classes or discrete values. Therefore, the model development in this 

study comes under supervised regression. 

Support Vector Machine (SVM) is a supervised learning algorithm proposed by Vladimir Vapnik 

in 1995
16

. It constructs a hyperplane or set of hyperplanes in a high or infinite-dimensional space. In 

other words, given labeled training data, the SVM outputs an optimal hyperplane, which categorizes 

new examples. The optimal hyperplane optimizes to the minimum distance for the training data.  SVM 

uses kernel functions, which transforms input into a higher dimensional space to make separation of 

classes easier. Several kernel functions are available; some are used widely for general purposes such as 
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Gaussian kernel and radial basis functions (RBF). The SVM concept can be generalized to be applicable 

to regression problems. In 1997, Drucker et al.
17

 introduced the support vector regression (SVR) 

algorithm. The SVM is generalized to the SVR by introducing an ε-insensitive region around the 

function, known as the ε-tube. Absolute errors less than   are ignored on either side of the function. 

Moreover, points that lay outside the ε-tube are penalized, but points within the tube receive no penalty. 

The model is optimized by finding the tube that best estimates the continuous-valued function while 

accomplishing the best balance between the model complexity and prediction errors. Two of the main 

advantages of SVR are: Computational complexity is not affected by the dimensionality of the input 

space and it has an excellent generalization capability, with high prediction accuracy. 
15

 

  In 1997, Schölkopf et al. 
18

 presented a modification of the SVR algorithm which minimizes ε 

automatically, thus adjusting the accuracy level to the dataset at hand. They replaced the parameter ε by 

 . Where   is a parameter that controls the number of support vectors and training errors. Specifically,   

is an upper boundary on the errors fraction and a lower boundary of the support vectors fraction, where 

errors' fraction is the number of errors divided by the number of samples, and support vectors fraction is 

the number of support vectors divided by the number of samples. The modified SVR is known as  -

SVR. 

The random forest (RF) model was proposed by Breiman in 2001 
19

. The random forest operates 

by constructing multiple decision trees 
20,21

 at training time. Each tree votes for a class if it is a 

classification problem, or a value if it is a regression problem. The final output of the forest is the mode 

of the classes for classification problems, or mean prediction of the individual trees if the problem is a 

regression. Whereas a decision tree is a weak learner, using a sufficient number of collaborating trees 

creates a strong learner. The main advantages of using RF are: It runs efficiently and with good accuracy 
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on large datasets and it can maintain good accuracy even if a large portion of data is missing. Moreover, 

although it has few parameters to be tuned, RF can be applied to an extensive range of problems. 

2.2 Data Curation 

Entropy and heat capacity values for 311 straight- and branched- chain hydrocarbons at 298.15 K 

were collected from Yaws' Handbook 
22

  and Large-scale calculations of gas phase thermochemistry by 

Ghahremanpour et al. 
23

. For consistency, experimental values were given priority over theoretical 

values, and the most recent experimental values were given priority over older values. Eventually, more 

than 99% of the collected data are experimental, and less than 1% are theoretical which chosen due to 

the high uncertainty in their experimental values. The average experimental errors of entropy and heat 

capacity are about 4 and 1 J/mole-K, respectively. The final dataset consists of 76 alkanes, 193 alkenes, 

and 42 alkynes. Table 1 summarizes the distribution of the chemical compounds in the final dataset. 

Table 1: Distribution of Compounds in the Final Dataset 

Hydrocarbons  Number of compounds  Maximum chain length  

Alkanes 76 16 

Alkenes 193 10 

Alkynes 42 10 

 

Training the ML model require the chemical species to be represented in a mathematical form, 

that define the species precisely, to be used as input features. Two such input features widely used for 

chemical species are Coulomb matrices and molecular descriptors. Molecular descriptors are used in this 

work as input features to train the ML algorithms; they can be defined as "the final result of a logical 

and mathematical procedure which transforms chemical information encoded within a symbolic 

representation of a molecule into an useful number or the result of some standardized experiment." 
24

. 

Average molecular weight (AMW), number of atoms (nTA), and the number of carbon atoms (nC) are 

examples of molecular descriptors. The computational cost to calculate a descriptor varies, depending on 
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the complexity of its encoded information. In general, the level of discrimination achieved by 

calculating the descriptor determines the computational requirements. For instance, the average 

molecular weight conveys little about the properties of a molecule, but it can be computed rapidly. 

Whereas descriptors based on quantum mechanics can represent the properties more accurately but 

require more time to compute.  

Molecular descriptors can be calculated using various libraries, or softwares, such as Codessa 

Pro 
25

, and GRID 
26

. In this work, alvaDesc 
14

 software is used to calculate the molecular descriptors. 

AlvaDesc is a tool for the calculation of molecular descriptors and fingerprints that include a wide set of 

5305 descriptors divided into 30 logical blocks. Table 2 shows the logical blocks and number of 

descriptors for each block. Simplified molecular-input line-entry system (SMILES) of the species can be 

used as input to AlvaDesc to calculate all the associated descriptors. SMILES 
27

 is a line notation for the 

chemical structure of molecules; it is similar to a language with a simple vocabulary and a grammatical 

rules. For the present study, a python code was written to import the associated SMILES of all the 

hydrocarbons in the dataset from Computer-Aided Drug Design (CADD) Group Chemoinformatics 

website 
28

. 

Table 2: alvaDesc descriptor logical blocks and the number of descriptors 

Logical Blocks No. of Descriptors  Logical Blocks No. of Descriptors 

Constitutional indices 48 RDF descriptors 210 

Ring descriptors 32 3D-MoRSE descriptors 224 

Topological indices 79 WHIM descriptors 114 

Walk and path counts 46 GETAWAY descriptors 273 

Connectivity indices 37 Randic molecular profiles 41 

Information indices 50 Functional group count 154 

2D matrix-based descriptors  607 Atom-centered fragments 115 

2D autocorrelations 213 Atom-type E-state indices 172 

Burden eigenvalues 96 Pharmacophore descriptors 165 

P_VSA-like descriptors 55 2D atom pair 1596 
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ETA indices 38 3D atom pairs 36 

Edge adjacency indices 324 Charge descriptors 15 

Geometrical descriptors 38 Molecular properties 20 

3D matrix-based descriptors 99 Drug-like indices 28 

3D autocorrelations 80 CATS 3D descriptors 300 

 

2.3 Data Processing 

The total number of descriptors calculated by alvaDesc for the training set is 5290. However, to 

avoid the curse of dimensionality as well as to increase the efficiency of the algorithms, the dataset must 

be processed to eliminate irrelevant or redundant features. This pre-processing is an important step to 

apply any ML algorithm to a dataset, especially when dealing with different datasets of molecules. 

When using molecular descriptors, this step is important in getting rid of redundancy and using only the 

important features depending on the species in chosen dataset, thereby avoiding overfitting. Since 

methane has only one carbon atom, most of the descriptors do not apply, so it was removed from the 

data set, and the number of chemical species is reduced to 310. The features were then filtered as 

follows: If any descriptor was not known for all species, it was removed. Similarly, some descriptors 

have only one distinct value, so they were deleted. For example, the descriptor that expresses the 

number of nitrogen atoms in the compound is zero for all the hydrocarbons, since they consist only of 

hydrogen and carbon atoms. By removing the redundant and incomplete features, the number of 

descriptors were reduced to 2616. Pearson's correlation coefficient was then calculated for the remaining 

descriptors. 

Pearson's correlation = 
   (   )

    
      (1) 

Where          are the standard deviation of X and Y descriptors, respectively. Descriptors with a 

coefficient of 0.8 or higher were removed to ensure the descriptors are not highly correlated. The final 

set consists of 252 descriptors. Therefore, the final training set consists of 310 compounds with 252 
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descriptors. Table 3 shows a sample of the data set. Where MW is the molecular weight, AMW is the 

molecular weight normalized by the number of atoms, Sv is the sum of atomic van der Waals volumes, 

and nTA is the number of terminal atoms. 

 

Table 3: Sample of the data set. 

Hydrocarbon SMILES Heat Capacity Entropy MW AMW Sv nTA 

Ethylene C=C 42.9 219.18 28.06 4.68 3.05 2 

Ethane CC 52.47 229.45 30.08 3.76 3.58 2 

Allene C=C=C 59.03 243.7 40.07 5.72 4.05 2 

Propyne CC#C 60.73 248.39 40.07 5.72 4.05 2 

Propene CC=C 64.32 266.71 42.09 4.68 4.58 2 

Propane CCC 73.6 270.28 44.11 4.01 5.11 2 

Butane CCCC 98.49 304.4 58.14 4.15 6.63 2 

2-methylpropane CC(C)C 96.65 295.34 58.14 4.15 6.63 3 

Butene CCC=C 85.56 307.88 56.12 4.68 6.11 2 

 

Because of the high variance in the magnitude of the feature columns, the data was scaled. Data 

scaling (transformation) is a technique used in data preparation for ML applications. The two most 

popular data scaling methods are standardization and normalization. In the normalization method, the 

data is rescaled to be in the interval [0,1] as follows: 

   
      

         
      ( ) 

In the present study, the normalization method was used, so the values of all features were normalized to 

between zero and one. The dataset files are provided as supporting material.  

2.4 Machine Learning Models  

The workflow followed for development of the ML models in this study is as follows. First, the 

heat capacity and entropy data and descriptors were assembled, and the dataset is ready to be used in 

training the ML models. Initially, the Multiple Linear Regression (MLR) algorithm has been tested. 
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However, the MLR model showed poor accuracy in predicting both the entropy and heat capacity. 

Hence, more complex algorithms to predict thermodynamic properties are used. Three supervised 

machine-learning models are trained: support vector regression (SVR), v-support vector regression (v-

SVR), and random forest regression (RFR). Depending on the complexity of the relationship between 

input and output, these ML models might require a larger dataset to capture the complexity of 

relationship. If the dataset is not enough, this translates into larger test errors. However, this should not 

to be taken as a factor to fine-tune data splits and hyper-parameter tuning as this causes over-fitting 

where the model developed works better for the dataset in study however fails for any data point. 

Therefore, a workflow that avoids this problem should be followed.  

The workflow followed for the generation of the final models, and the error estimation for all the 

models is similar. diction, using the final model. 
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Figure 1 shows a graphical representation of the workflow for error estimation. K-fold cross-

validation was used on two levels. The first level was used to measure the performance of the model by 

estimating the errors over the dataset. The second level was used to determine the best combination of 

hyperparameters for a final model over whole dataset. For error estimation, the code consists of two 

loops. The outer loop divides the dataset into k subsets. One of these k sets was held to be used as a test 

set; the other k-1 folds were used to train the model. This process was repeated until each fold was used 

once as a test set. Using the grid search method, the inner loop finds the best hyper-parameters for each 

specific split of the outer loop. For each combination of hyper-parameters, taken from a pre-defined 

search space, the remaining k-1subsets were divided into k folds. As the outer loop, each fold after that 

was used once as a test set; the remainders were the training set. The mean error over the subsets was 

used to measure the performance of that combination of hyper-parameters. The combination of hyper-

parameters which produced the smallest mean error was used to define the model for this outer split, 

which was then used to train the model on the k-1 folds and tested on the validation set. The 

performance of the model was represented by the performance on the test set. For the final model 

generation, the code consists of only one loop, similar to the inner loop explained above, with no data 

left for test. This ensured that all the dataset in hand was used for prediction, using the final model. 
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Figure 1: Workflow for error estimation of the ML models 

 

All the codes used in this work, both for data processing and machine learning models, are written in 

Python 
29

 using Pandas 
30

, NumPy 
31

, and scikit-learn 
32

 libraries. All the scripts as well as the dataset 

files are available in the GitHub repository (https://github.com/mnaldosari/EntropyHeatCapacity). 

3. Results and Discussion 

A study has been conducted to compare LOOCV and 10-fold CV using SVR. As seen in Table 4, the R
2 

score and the mean absolute error (MAE) for both schemes are almost the same for both entropy and 

heat capacity predictions. So, using the LOOCV did not vary the performance of the model by a 

significant amount. However, LOOCV is significantly computationally expensive than the 10-fold CV. 

It requires about 1.3 minutes for each fold. Since the data set consists of 310 chemicals, the total 

required time to train the model is 310*1.3 minutes   4 hours. However, by using the same CPU, 

training the SVR model with 10-fold CV requires around 2.8 seconds for each fold, the total required 
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time is then 10*2.8 seconds = 28 seconds. Hence LOOCV time complexity is much higher than the 10-

fold CV, with only insignificant variance in the performance metric of the model.  

Table 4 : Comparison between LOOCV and 10-fold CV by using SVR. 

 
Leave One Out 10-Fold 

R
2 

Score MAE (J/mol-K) R
2 

Score MAE (J/mol-K) 

Entropy 0.99 6.3 0.99 6.5 

Heat Capacity 1.00 2.4 0.99 2.5 

 

Another comparison study was conducted to compare  -SVR and ν-SVR on the data set in hand. The 

results are summarized in Table 5. The performance of the two algorithms was very much alike. The 

mean absolute error of ν-SVR was higher than  -SVR by about 1 J/mol-K in both entropy and heat 

capacity predictions, and the R
2
 score was lower by about 0.01 for both predictions. 

Table 5: Comparison of ν-SVR and ε-SVR 

 
Entropy Heat Capacity 

R
2 

Score MAE (J/mol-K) R
2 

Score MAE (J/mol-K) 

 -SVR 0.99 6.5 0.99 2.5 

 -SVR 0.98 7.8 0.98 3.5 

 

RBF kernel was adopted for the SVR model considering its generalized purpose and the size of 

the data set. Two hyperparameters (i.e., penalty coefficient and epsilon) were tuned to optimize the 

performance of the SVR model. Epsilon   specifies the margin within which no penalty is associated in 

the training loss function, with points predicted within a distance   from the actual value. A high value 

of   means a higher error admitted. The penalty coefficient, or the regularization parameter C, plays a 

significant role in avoiding overfitting problems; it controls the size of the hyperplane margin. A large 

value of C means a smaller margin, and then an increase in accuracy. Tuning these two hyperparameters 

is essential to improve the accuracy of the model and avoid fitting problems. For heat capacity, ε was 
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parameterized between 0.1 and 0.5 and C between 1000 and 5000. However, for entropy, ε was 

parameterized between 1.0 and 5.0 and C between 1000 and 5000. The best combination of the hyper-

parameters was chosen based on the results of the grid search. They were then used for training the SVR 

model on the dataset and predicting entropy/heat capacity values in the test set.  

Figure 2 shows R
2
 score diagrams that represent the performance of the SVR model in predicting 

entropy and heat capacity of hydrocarbons. The diagrams show that an excellent fit to the 

experimental data was obtained. 
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(a) 

 

(b) 

Figure 2 Graphical representation of SVR performance for (a) heat capacity and (b) entropy 
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For v-SVR, the RBF kernel function was used, and two hyperparameters, C and v, were tuned, 

using a leave one out cross-validation grid search. For entropy, C was found to be 500, and v ranges 

between 0.25 and 0.6. while for heat capacity, the best values for C and v were 500 and 0.3, respectively. 

The time complexity of v-SVR was similar to SVR. A graphical representation of the model's 

performance is shown in Figure 3; from the two graphs it can be seen that the model predicted the heat 

capacity more accurately than the entropy.  
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(b) 

Figure 3 Graphical representation of v-SVR performance  

 

For Random forest regression, the LOOCV grid search was used to tune the only hyper-

parameter, which is the number of estimators (number of trees in the forest). For entropy prediction, the 

number of estimators ranged from 100 to 600. For heat capacity, it ranged from 200 to 1000. Figure 4 

shows R
2
 score diagrams for representing the performance of the RFR model in predicting heat capacity 

and entropy. The diagrams show a good fit for the data. 

To train the model, the algorithm must fit 310 folds. Each fold requires about 15 minutes to be 

fitted; so the required time to train the model by using the LOOCV grid search is 310*15 minutes 

          hours. Its time complexity is high compared with SVR models. 
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Figure 4 Graphical representation of RFR performance 
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Table 6 summarizes the performance of the three models; it shows that the SVR was the most 

accurate model, with the highest R
2
 score, lowest mean absolute error, and lowest average percentage 

error for predicting both entropy and heat capacity. However, the v-SVR was more accurate than the 

RFR in predicting entropy, while RFR more accurately predicted heat capacity, with accuracy very close 

to the SVR. Moreover, the MAE of entropy predictions is higher than the errors of heat capacity 

predictions for all the ML models; This is due to the distribution of the data over a wider range of 

entropy compared to the range of heat capacity. Furthermore, most of the similar isomers have very 

close values of the heat capacity. However, for some isomers, the difference between their entropy 

values can be relatively large. This large difference can increase the error in predicting the entropy of 

these isomers, since ML is based on statistical predictions rather than physics-based calculations. 

Table 6: R
2
 scores, mean absolute errors, average percentage errors, and root mean square errors for 

SVR, v-SVR, and RFR models 

  R
2
 Score MAE (J/mol-K) MPE RMSE 

SVR 
Heat Capacity 1.00 2.4 1.6 3.5 

Entropy 0.99 6.3 1.5 9.0 

v-SVR 
Heat Capacity 0.99 3.4 2.7 6.0 

Entropy 0.98 7.6 1.9 12.7 

RFR 
Heat Capacity 0.99 2.5 1.8 4.1 

Entropy 0.97 8.8 2.2 15.6 

 

3.1 Comparison between Support Vector Regression and Group Additivity 

Group contribution methods are techniques to estimate the thermodynamic properties of pure 

components and mixtures from molecular structures. The benefit of these schemes is that knowing the 

properties of a few hundred groups is enough to predict the properties of millions of compounds. There 

are several group contribution methods, such as UNIFAC 
33

 and Joback 
34

 methods, as well as Benson's 

group additivity (GA) 
35

, which is the method used most widely to estimate entropy and heat capacity. 
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This method was proposed by Benson in 1958. In the GA method, a group is defined as a polyvalent 

atom in a molecule, together with all of its ligands. It is written as X-(A)i (B)j (C)k(D)l, where X is the 

central atom surrounded by i A atoms, j B atoms, etc. Furthermore, Cd indicates a double-bond carbon 

atom; Ct indicates a triple-bond carbon atom; Ca or =C= indicates allenic carbon atoms, while CB 

indicates a carbon atom in a benzene ring. Moreover, by using only four groups (C-(C)(H)3, C-(C)2(H)2, 

C-(C)3(H), and C-(C)4), all alkanes can be characterized. For example, 2-methylheptane has three C-

(C)(H)3 groups, four C-(C)2(H)2 groups and one C-(C)3(H) group (Figure 5). Some computer programs 

are available to calculate thermodynamic properties by using GA, such as the cloud-based platform on 

the CloudFlame website (https://cloudflame.kaust.edu.sa/) and RMG interactive website 

(https://rmg.mit.edu/). 

 

Figure 5: Structure of 2-methylheptane 

  

GA is a powerful scheme, but it has some limitations that motivate the use of machine learning 

algorithms. They are as follows: 

 Some species may consist of the same set of groups. For example, 3-methylheptane and 4-

methylheptane consist of the same groups as 2-methylheptane, stated above. In this case, GA cannot 

differentiate between isomers that have the same set of groups. 

 The accuracy of GA depends on the availability and accuracy of the group additivity values (GAVs). 

The lack of direct experimental data for some functional groups that are part of complex molecules 

can cause very high uncertainty in GAVs. 
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 The user must identify the external and internal symmetry and gauss interactions of molecules for 

entropy and enthalpy predictions; this reliance of GA on the user increases the chance of errors. 

Because of its high accuracy and reasonable time complexity, the SVR model was chosen for 

comparison against the GA method. To illustrate the advantages of the SVR model over GA, both 

models should be trained on the same dataset and then compared. However, instead of training group 

additivity on our dataset, a laborious task, the GA calculations were taken from the RMG 
36

 website. 

Two validation sets were chosen for the comparison, one for entropy and the other for heat capacity, 

each consisted of five octene and five nonane isomers. RMG is a free, open-source software package 

that generates chemical reaction mechanisms using a general understanding of molecule reactions. The 

advantage in selecting RMG for the comparison was that it only requires notations of species as input to 

calculate thermodynamic properties, leaving no room for human error associated with assigning 

symmetry numbers, incorrect groups. Figure 6 shows the results of the comparison. The SVR model was 

used on a new dataset that was not used for training model.  

For heat capacity predictions, the test set consisted of 2-ethyl-1-hexene, 4-methyl-1-heptene, 4,4-

dimethyl-cis-2-hexene, 4,4-dimethyl-trans-2-hexene, 3,4,4-trimethyl-2-pentene, 2,2,3-trimethylhexane, 

2,2,5-trimethylhexane, 2,2-dimethyl-3-ethylpentane, 2,2,3,3-tetramethylpentane, 2,3,3,4-

tetramethylpentane. As shown on the left graph in Figure 6, the results of the SVR model showed a good 

agreement with the experimental data, with an average error equalling 1.12 J/mol-K, while GA values 

showed considerable difference from the experimental data, and an average error equal to 4.45 J/mol-K. 

For entropy estimations, the validation set included 2-ethyl-1-hexene, 4-methyl-1-heptene, 3-methyl-3-

heptene, 2-propyl-pentene, 4,4-dimethyl-trans-2-hexene, 4-ethyl-2-methylhexane, 2,3,3-

trimethylhexane, 2,3,5-trimethylhexane, 2,4,4-trimethylhexane, 3,3,4-trimethylhexane. The right graph 
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in Figure 6 shows similar results for entropy as for heat capacity. The average errors for the SVR model 

and GA scheme were 2.94 and 8.83 J/mol-K, respectively. 

   

  

Figure 6 Comparison of SVR and GA models for heat capacity (left) and entropy (right) predictions with 

experimental data as a benchmark. 
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3.2 Potential Improvements 

Despite their high performance compared to group additivity schemes, to achieve better predictions, the 

ML models need improvement. Figure 7 and Figure 8 show histogram plots which display the 

distribution of data over ranges of heat capacity and entropy, respectively. As clearly seen from the 

plots, at the extreme values of S and cp, few data points are available. With this in mind, it can be 

concluded from Figure 2-4, that errors of prediction are higher at the extreme points than at the other 

data points. Thus, generating more data for ranges with low-frequency values will reduce prediction 

errors. More data can be generated by running experiments or performing quantum chemical 

calculations. 

 

 

Figure 7: Heat capacity frequency histogram 
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Figure 8: Entropy frequency histogram 

  

 

3.3 Sensitivity Analysis 

Sensitivity analysis is used to determine how the different values of independent variables affect a 

specific dependent variable under a certain set of assumptions. There are different methods of sensitivity 

analysis, such as PaD, Weights, and Perturb; these methods, and more, are explained by Gevrey et al. 
37

. 

Although they are explained for Artificial Neural Networks (ANN), most are applicable to any ML 

algorithm. The Perturb method was adapted for this study; it evaluates the effect of small changes in 

each input on the final output and it adjusts the values of one input feature while keeping all the 

remaining input features unchanged. Then the changes of the output values, due to each change in the 

input features, are noted. The input feature whose perturbations affect the output most is that which has 

the most relative influence. 
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To analyse the effect of one feature on the output in the present study, its value is increased by 

10% of its standard deviation over its mean; the remaining features are assigned their mean values. 

These values are then used to generate the output from the ML model. After that, the resulting output is 

compared with the output of a model with all the features assigned with their mean values. The two 

values are subtracted from each other and divided by 10% of the tested feature standard deviation, as 

shown in equation (3). 

             
       (                          )        (                         )

                  
       ( ) 

Finally, the sensitivities of all features are compared. Table 7 and Table 8 show the ten most sensitive 

descriptors of SVR and RFR models for entropy and heat capacity predictions, respectively. It is 

important, however, to note that the descriptors are not totally independent. 

As seen from the tables below, SpMax_X was the most sensitive descriptor in all cases. It is one 

of the 2D matrix-based descriptors which describes the leading eigenvalue of the Chi matrix. alvaDasc 

software calculates 607 2D matrix-based descriptors; they are topological indices generated by applying 

basic algebraic operators to different graph-theoretical matrices representing an H-depleted molecular 

graph of molecules. MPC08 was the second most sensitive descriptor for the SVR model in both 

predictions; it describes the molecular path count of order eight, and it is one of the 46 walk and path 

counts descriptors that alvaDesc calculates. In the same category, piPC06 is in third place for entropy 

prediction and fourth place for heat capacity prediction. It describes the molecular multiple path count of 

order six. The MW descriptor was present in all cases with different rankings, showing the significant 

impact of the molecular weight of a species on entropy and heat capacity.  

Furthermore, Xt is the third sensitive descriptor for entropy prediction using RFR, which is the 

index of total structure connectivity. Xt is classified as a topological indices descriptor, as well as 
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ZM1V, Psi_i_1s, and BAC. Topological indices are single-valued descriptors calculated from the 2D 

graphical representation of molecules. They characterize structures based on their overall shape, degree 

of branching, and size. SM12_AEA, SM13_AEA, and SM14_AEA are classified as edge-adjacency 

indices descriptors; they describe the spectral moment from the augmented edge-adjacency matrix
38

. 

References 
39

 and 
40

 provide more details of these descriptors.  

 

Table 7: Ten most sensitive features for entropy prediction 

 SVR RFR 

 Features Description Features Description 

1 SpMax_X leading eigenvalue from chi matrix SpMax_X leading eigenvalue from chi matrix 

2 MPC08 molecular path count of order 8 MW molecular weight 

3 piPC06 molecular multiple path count of order 

6 

Xt total structure connectivity index 

4 SM12_AEA(

bo) 

spectral moment of order 12 from 

augmented edge adjacency mat. 

weighted by bond order 

SM13_AEA(r

i) 

spectral moment of order 13 from 

augmented edge adjacency mat. weighted 

by resonance integral 

5 Mor18m signal 18 / weighted by mass SM12_AEA(b

o) 

spectral moment of order 12 from 

augmented edge adjacency mat. weighted 

by bond order 

6 Eig02_EA(d

m) 

eigenvalue n. 2 from edge adjacency 

mat. weighted by dipole moment 

SM14_AEA(b

o) 

spectral moment of order 14 from 

augmented edge adjacency mat. weighted 

by bond order 

7 MW molecular weight Psi_i_1s intrinsic state pseudoconnectivity index – 

type 1s 

8 LLS_01 modified lead-like score from 

Congreve et al. (6 rules) 

ATS5e Broto-Moreau autocorrelation of lag 5 (log 

function) weighted by Sanderson 

electronegativity 

9 SIC5 Structural Information Content index 

(neighborhood symmetry of 5-order) 

Mor09i signal 09 / weighted by ionization potential 

10 ZM1V first Zagreb index by valence vertex 

degrees 

R3u R autocorrelation of lag 3 / unweighted 
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Table 8: Ten most sensitive features for heat capacity prediction 

 SVR RFR 

 Features  Description  Features  Description  

1 SpMax_X Leading eigenvalue from chi matrix SpMax_

X 

Leading eigenvalue from chi matrix 

2 MPC08 Molecular path count of order 8 MW Molecular weight 

3 MW Molecular weight SM14_A

EA(bo) 

Spectral moment of order 14 from augmented edge 

adjacency matrix weighted by bond order 

4 piPC06 Molecular multiple path count of 

order 6 

EE_B(s) Estrada-like index (log function) from Burden matrix 

weighted by I-State 

5 ZM1V First Zagreb index by valence vertex 

degrees 

P_VSA_

LogP_2 

P_VSA-like on logp, bin 2 

6 TIC1 Total Information Content index 

(neighborhood symmetry of 1-

order) 

LLS_01 Modified lead-like score from Congreve et al. (6 rules) 

7 Mor10v Signal 10 / weighted by van der 

Waals volume 

Psi_i_0d Intrinsic state pseudoconnectivity index – type 0d 

8 RDF030m Radial distribution function – 030 / 

weighted by mass 

RDF120u Radial distribution function – 120 / unweighted 

9 BAC Balaban centric index JGI9 Mean topological charge index of order 9 

1

0 

Mor06u Signal 06 / unweighted ATS5e Broto-Moreau autocorrelation of lag 5 (log function) 

weighted by Sanderson electronegativity 

 

From a physical viewpoint, it is difficult to understand the exact effect of these descriptors on 

entropy and heat capacity. However, most are related to the 2D graphic representation of the molecules, 

therefore, the size, shape and degree of breaching have a direct impact on the thermodynamic properties 

of the species. To further test the effect of these sensitive descriptors, we retrained the ML models using 

the top ten descriptors for each case as an input; so the dataset for each case consisted of 310 species 

(samples) and ten descriptors (features). The models were trained using 10-fold cross-validation in both 

loops. Table 9 shows the R
2
 score and MAE for the ML models. The performance of the models that 

trained using the top ten descriptors was nearly the same as the performance of the models trained with 

the full dataset. It can be concluded that these descriptors played a significant role in defining the 

thermodynamic properties of molecules. Therefore, including them in ML models could improve their 

performance. 
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Table 9: Summary of performance of ML models using the ten most sensitive descriptors as input. 

 SVR RFR 

 Entropy Heat Capacity Entropy Heat Capacity 

R2 Score 0.98 1.00 0.98 0.99 

MAE (J/mole-K) 7.2 2.3 7.9 2.5 

 

It is clear from the above table that the performance of the ML models has not been influenced 

by reducing the number of descriptors. To see the effect of reducing the number of features on the 

accuracy of the ML models, the latter have been trained using different numbers of descriptors. For each 

training run, Pearson's correlation coefficient was calculated for all the features; then, the features were 

filtered using a different limit of the coefficient for each run. Table 10 shows the Pearson's coefficient 

limits and the number of features that remained in the dataset after filtration. 

  

Table 10: The limit of Pearson's coefficient where all the features that have equal value or greater were 

removed from the dataset and the number of features remaining for each limit. 

Pearson's coefficient 0.9 0.8 0.7 0.6 0.5 0.4 0.3 0.2 0.1 

Number Features  441 252 157 104 65 41 25 15 8 

  

Essentially, the SVR model has been trained several times, reducing the number of features each 

time. As shown in Figure 9, the trend of the MAE is the same for predicting both entropy and heat 

capacity. Although the number of features was reduced from 441 to 8, the MAE increased only by about 

80% for both predictions. Hence, the ML model can predict the entropy and heat capacity of 

hydrocarbons with a reasonable accuracy using only a few molecular descriptors. Moreover, the 

accuracy of the ML model can be improved more if the chosen molecular descriptors have high 

sensitivities. Hence, these results support the findings of the sensitivity analysis study.   
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Figure 9: Mean Absolute Error (MAE) in predicting entropy and heat capacity using SVR as a function 

of the features number 

4. Conclusion 

The goal of this study was to generate a robust machine learning model to predict two of the most 

important thermodynamic properties (entropy and heat capacity) for specific types of hydrocarbons 

(alkanes, alkenes, and alkynes). First, training data was collected from the literature, and alvaDesc 

software was used to generate molecular descriptors used as input features to the ML models. Then 

SVR, v-SVR, and RFR models were trained on the data, and their final models were generated. The 

SVR model was chosen based on its high performance compared to the other two models. Then the final 

model of the SVR was compared with the GA method. Finally, a sensitivity analysis was made to find 

the ten most sensitive features. 

The results of this study can be summarized as follows: 

 The workflow utilized in the present study is general and can be applied to other classes of 

hydrocarbons, as well as other molecular properties. 
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 The performance of the ML models depended heavily on the collected training dataset. 

Therefore, generating more data for the molecular properties of more chemical compounds will 

make the ML models more robust.  

 The comparison between ML models and group additivity schemes showed that ML provided a 

potential alternative to estimating the thermodynamics properties, which required less 

computational expense and fewer input features, and it does not depend on user chemical 

intuition. 

 The three supervised learning algorithms used in this study showed close accuracy in predicting 

the thermodynamic properties. However, the SVR was chosen based on its low computational 

cost compared to the RFR and its slightly higher accuracy compared to v-SVR. 

 The sensitivity analysis showed that the 2 D matrix-based descriptors had a significant effect on 

entropy and heat capacity of hydrocarbons.  

For future work:  

 As new data becomes available, the dataset for predicting entropy and heat capacity can be 

updated for more robust ML models.  

 ML models can be trained to predict other molecular properties of hydrocarbons or other 

chemical species at a wider range of temperatures. 

 

5. Supporting information 

Final dataset (.xlsx); Final dataset (.CSV); Dataset used for comparison against GA (.CSV) 
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