
Accepted Manuscript

Title: Novel Descriptors from Main and Side Chains of
high-molecular-weight Polymers applied to Prediction of
Glass Transition Temperatures

Authors: Damián Palomba, Gustavo Esteban Vazquez, Mónica
Fátima Dı́az

PII: S1093-3263(12)00043-5
DOI: doi:10.1016/j.jmgm.2012.04.006
Reference: JMG 6163

To appear in: Journal of Molecular Graphics and Modelling

Received date: 8-3-2012
Revised date: 24-4-2012
Accepted date: 26-4-2012

Please cite this article as: D. Palomba, G.E. Vazquez, M.F. Díaz, Novel Descriptors
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Highlights 

 

A novel set of descriptors to predict Glass Transition Temperatures for polymers was proposed. 

They were obtained by molecular modeling for the middle unit in a trimeric structure. 

A neural network prediction model with only 3 descriptors was developed. 

The good quality and robustness of the model for predicting Tg were shown.  

A structural explanation of the model descriptors and its relation to Tg was presented.  

 

*Highlights
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Abstract 

New descriptors of main and side chains for polymers with high molecular weight are 

presented in order to predict the glass-transition temperature (Tg) by means of Tg/M 

ratio. They were obtained by molecular modeling for the middle unit in a series of three 

repeating units (trimer). Taken together with other classic descriptors calculated for the 

entire trimeric structure, the ones that correlated better with the property were selected 

by using a variable selection method. Only three descriptors were chosen: Main Chain 

Surface Area (SAMC), Side Chain Mass (MSC) and Number of Rotatable Bonds (RBN), 

where the first two descriptors belong to the set of the new ones proposed. By means of 

a multi-layer perceptron (MLP) neural network a good prediction model (R
2
 = 0.953 

and RMS = 0.25 K mol/g) was achieved and internally (R
2
 = 0.964 and RMS = 0.41 K 

mol/g) and externally (R
2
 = 0.933 and RMS =0.47 K mol/g) validated. The dataset 
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included 88 polymers. The selected descriptors and the quality of the obtained model 

demonstrate the advantages of capturing through computational molecular modeling the 

structural characteristics of the polymers’ main and side chains in the prediction of 

Tg/M. 

 

 

 

 

 

Keywords: Structure-property relations, Glass transition temperature, Molecular 

modeling. 
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1. Introduction 

 

The development of new materials with most wanted properties holds great interest for 

the polymer industry. The ability to predict these properties by in silico methods (i.e., 

by computer algorithms) is a useful task because the experimental measurement 

involves the material’s synthesis and processing; these activities invariably result in a 

very time-consuming process and increased costs. In this sense, the glass transition 

temperature (Tg) is one of the properties of amorphous polymers and composites widely 

modeled. Tg indicates the temperature below which the material becomes rigid and 

brittle due to the loss of molecular mobility. This transition is one of the most important 

characteristics of the material concerning the mechanical and physical properties. The 

mechanical properties undergo profound changes in the temperature range where this 

transition occurs [1], thus conditioning the manufacture process and the material’s 

employment. 

In this context, models of quantitative structure-property relationship (QSPR) allow to 

establish relationships between the polymers’ structural characteristics and a given 

physicochemical property, such as Tg. There are two types of QSPR methods currently 

recognized [1, 2] in the prediction of Tg: empirical methods (or the ones that are based 

on group-counting descriptors) [3-7] and theoretical estimates that use molecular 

descriptors [1-2, 8-23], although sometimes the boundary between these types is not 

entirely clear [24]. Empirical methods correlate the target property with other chemical 

and physical properties of polymers, e.g. the theory of additive-group properties [6]. 

The limitation of these methods is that they are applicable to polymers containing 

chemical groups previously investigated; however, when combined with molecular 

modeling, Koehler and Hopfinger [24] were able to estimate the unknown parameters 
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theoretically. On the other hand, theoretical estimations generally employ molecular 

descriptors based on the structure of the monomer [25, 10, 14, 18, 21, 23] and/or the 

repeating unit of the polymer [1, 2, 9, 11-17, 20, 22]. Some results of the work done on 

a common dataset are described below as examples of theoretical estimations. Katritzky 

et al. [1] apply the CODESSA method to predict Tg/M values for 88 linear 

homopolymers. Five descriptors calculated for the repeating unit were obtained and a 

QSPR model was generated. García-Domenech and Julián-Ortiz [25] used 84 polymers 

of the same database to predict the Tg/M values; they developed a model of 10 

parameters generated from graph theoretical indices that were based on the monomers. 

Cao and Lin [15] designed five descriptors from the repeating unit to express the chain 

stiffness and intermolecular forces of polymers and they correlated them with Tg values. 

Afantitis et al. [16] achieved an improved correlation coefficient for the same polymers 

and descriptors by using a radial basis function (RBF) in an artificial neural network 

(ANN). 

In this decade QSPR methods with neural networks have been in vogue. This approach 

has yielded better results than those achieved with linear methods, such as multilinear 

regression (MLR) [15, 16, 22, 26, 27]. Sumpter and Noid [9] developed an ANN model 

based on topological indices for a dataset of 320 compounds. On the same dataset they 

applied the PropNet computational technique to predict Tg, among other properties [13]. 

Mattioni and Jurs [14] generated two models based on a committee of neural networks 

with 10 and 11 numerical descriptors based on the monomers and repeating units, 

respectively. They predicted Tg for two sets of polymers. Duce et al. [17] used a 

recursive neural network with a hierarchical set of labeled vertexes connected by edges 

that belong to subclasses of graphs to predict the Tg of (meth) acrylic polymers. Yu et 

al. [21] utilized a back-propagation artificial neural network (BPANN) for modeling the 
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Tg values of three vinyl polymers kinds with 4 descriptors obtained from the polymer’s 

monomer. Ning [22] employed a BPANN with three descriptors that reflect the chain 

stiffness derived from the structure of the repeating unit to predict the Tg values of 52 

fluorine-containing polybenzoxazoles. Liu and Cao [23] used a BPANN with 4 

quantum chemical descriptors obtained from the polymers’ monomers, to correlate with 

the Tg values of 113 polyacrylates and polystyrenes. 

The hypothesis of this paper is to propose a new set of descriptors that can establish a 

better correlation with the target Tg resulting in a predictive model of higher quality and 

interpretability than the existent ones. While other authors have used different strategies 

related to the side chain [15, 16, 18, 28] and/or the main chain [22, 24] of the polymers, 

none of them has employed the QSPR approach like our proposal herein. In this work 

we propose a new perspective in the prediction of the Tg of high molecular weight 

polymers by directly estimating properties of both fragments (main and side chains) of 

the repeating unit of a trimeric structure, also taking into account the three dimensional 

structure that results from interactions with other repeating units. As a result 26 new 

descriptors were formulated based on physical, chemical, geometrical and electronic 

features of polymers’ main and side chains. In order to supplement the information of 

these new descriptors, also 635 classic descriptors were calculated for the entire trimer.  

A method of variable selection was applied to all descriptors (new and classic ones), 

with a view to getting some of the new descriptors selected in accordance with the 

hypothesis. Then, a neural network was developed using those selected descriptors as 

input in order to obtain the prediction model. Finally a detailed structural explanation of 

the model descriptors and its relation to the property studied (target) was presented. The 

methodology is summarized in Figure 1. 
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2. Experimental section 

 

In this paper a QSPR modeling technique for predicting the Tg/M of high molecular 

weight polymers was applied. The present section is divided in accordance with the 

usual generation process of a QSPR model: (2.1) Dataset, (2.2) Structure entry and 

optimization, (2.3) Molecular descriptors generation and (2.4) Model development. 

 

2.1. Dataset 

It was found that an alternative way to predict Tg is to obtain the Tg/M ratio (M is the 

molecular weight of the repeating unit) that results more appropriate for certain study 

cases [25, 1]. According to this strategy, the descriptors are independent of polymer 

molecular weight [25, 29].  

In this work the Tg values for uncrosslinked homopolymers in the most common atactic 

forms were taken from a published compilation [25, 8] and were converted to Tg/M 

(Table 1). This dataset consists of different polymer families in order to ensure a high 

level of structural heterogeneity (polyethylenes, polyacrylates, polymethacrylates, 

polystyrenes, polyethers, polyoxides and molecules containing functional groups, such 

as halides, cyanide, carboxylates, acetates, amides, ethers, and alcohols). There are also 

molecules with hydrocarbon side chains and aliphatic and aromatic rings. The values of 

Tg/M range from 1.07 to 8.14 K mol/g. 

 

2.2. Structure entry and optimization 

Each polymer was modeled using a trimeric structure end-capped by hydrogens where 

each repeating unit was tail-head bonded. All structures were drawn using HyperChem 

8.0.7 [30] (Hypercube, Inc.) (Figure 2). The molecules were optimized with the same 
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software, in order to find energetically stable conformations (those with the lowest 

energy) that emulate the geometry adopted by a polymer’s part due to intramolecular 

forces. At first, the structures were pre-optimized with the Force Field Molecular 

Mechanics (MM+) procedure; then, the resulting geometries were further refined by 

means of the Semi-Empirical Molecular Orbitals Method AM 1 (Austin Model 1) by 

using Polak-Ribiere’s algorithm and a gradient norm limit of 0.01 kcal
-1

 mol
-1

. 

 

2.3. Generation of the Molecular Descriptors  

 

2.3.1. Calculation of the new descriptors 

The fragments (main and side chains) considered in this work belong to the middle 

repeating unit. In this work the main chain has been defined as the succession of all 

atoms (also including the hydrogens attached to them) that are in the backbone of the 

trimer middle repeating unit. The remaining atoms in this middle repeating unit are 

considered as the side chain, thus avoiding ambiguities. 

Some cases of main and side chains are shown in Figure 3. For example, the main chain 

in poly(ethylene) (PE) is defined by two carbon atoms and four hydrogen atoms, while 

in poly(styrene) (PS) it is defined by two carbon atoms and three hydrogen atoms. 

Likewise, the side chain for PE is null (properties for this fragment are considered equal 

to zero), while for the PS it is the phenyl group. The particular cases in Figure 3 are 

poly(ethylene terephthalate), poly(vinyl formal) and poly(vinyl acetal). For the 

poly(ethylene terephthalate) the main chain is defined by two carbon atoms, four 

hydrogen atoms, a phenyl group, two carbon atoms and two oxygen atoms. The side 

chain is composed of two oxygen atoms that belong to the carbonyls. For poly(vinyl 

formal) the whole middle repeating unit is considered as the main chain (the side chain 
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is null); for the poly(vinyl acetal) the main chain is defined in the same way, but the 

side chain is the methyl group hanging from the cycle. 

Once the molecules had been drawn and optimized, the following properties were 

calculated (by using HyperChem) for the main and side chains of the middle repeating 

unit of the trimer:  

-Van der Waals surface area: the calculation of Van der Waals surface areas is carried 

out by an approximate method [31, 32]. The calculation is fast, and generally accurate 

to within 10 per cent for a given set of atomic radii. The calculation is based on atomic 

radii. Hydrogens attached to carbon atoms are not considered explicitly, but are 

implicitly included with their carbon atom.  

-Van der Waals volume: This calculation employs the grid method described by Bodor 

et al [33, 34]. 

-Log P (logarithm octanol-water partition coefficient): Log P calculation is carried out 

by using atomic parameters derived by Ghose, Pritchett and Crippen [35] and later 

extended by Ghose and coworkers [36]. It is well known that log P is experimentally 

estimated [37]; for example, with the traditional Shake-Flask method for the entire 

molecule. By using this fragment contribution method, the log P for a fraction of the 

molecule can be estimated as a measure of the fragment’s hydrophobicity. 

-Refractivity: this property is estimated by the same method as the one for log P. Ghose 

and Crippen presented atomic contributions to the refractivity in exactly the same 

manner as to the hydrophobicity [38, 36].  

-Polarizability: It is estimated from an additivity scheme presented by Miller [39]. 

Different increments are associated with diverse atom types. 

-Mass: Mass of the polymer fragment considered. 
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-Number of atoms: Number of atoms in the polymer fragment considered. 

 

In other words, these specific properties were estimated for fragments of polymers thus 

obtaining 14 descriptors, 7 for the main chain and 7 for side chain. Then, the same 

properties were calculated, but "normalized" via dividing by the atom number of the 

respective polymer portion considered, bringing another 12 descriptors, 6 for the main 

chain and 6 for side chain. In table 2, the nomenclature for the 26 descriptors proposed 

is presented and their values are available as a supplementary file. 

 

2.3.2. Calculation of the classic descriptors  

As a supplement of the new descriptors that were proposed, a set of classic variables 

were calculated considering the whole trimer by using Dragon 5.5 software [40, 29]. 

Some descriptors were not considered. In addition to all binary descriptors, fingerprints 

(2D binary and 2D frequency fingerprints) [40, 41] were not considered to avoid the 

introduction of the "missing structure" phenomenon [42]; e.g. the missing structures 

might be fragments, functional groups, etc. This is due to problems the QSPR models 

have when some fragments do not exist in the training set, or when they have a very low 

frequency and thus, the coefficients associated with these sub-structures are not 

significant statistically [42]. Some descriptors belonging to the Molecular Properties 

category [40, 41] were excluded since they are related to drugs characteristics (e.g. drug 

like index [41]), which are obviously completely different from polymer features. The 

3D descriptors [40] were also avoided in order to obtain simpler models. Finally, 

constants’ descriptors (i.e., all the variables that take the same value for all samples in 

the dataset) and near constants (i.e., variables that assume the same value, except for 
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one or very few cases) were deleted. The final pool of classic descriptors chosen 

consisted of 635 variables and their values are available as a supplementary file. 

 

2.4. Model development  

The model building process included as a first stage is a variable selection method. The 

objective of variable selection is to reduce the set of descriptors (independent variables) 

when predicting a target (Tg/M) with the aim of improving the prediction performance 

of the descriptors and providing a better understanding of the underlying process. This 

technique was applied to the whole set of descriptors proposed in sections 2.3.1 and 

2.3.2. Then, the selected descriptors were used as input for an ANN. Various validation 

tests were carried out to ensure model correctness. Methodology was summarized in 

Figure 1. 

 

2.4.1. Variable selection  

Delphos [43], which is a piece of software for linear and nonlinear feature extraction, 

was employed for the selection of the most representative descriptors. Delphos is based 

on a wrapper methodology that works as follows:  In a first phase a genetic algorithm 

(GA) is used in order to find the best subsets of descriptors where the fitness function 

enables different regression techniques to assess these subsets. In a second stage, the 

best subsets are rigorously evaluated by an ANN. As a result, Delphos provides as 

output multiple sets of descriptors best correlated with the target property, based on the 

lowest mean absolute error (MAE) and mean square error (MSE). Finally, the user has 

the facility to choose among these sets of descriptors; this selection can be based either 

on the prediction accuracy (minimum prediction error), the physicochemical meaning, 
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the interpretability of selected variables, the number of selected descriptors, among 

others, or a combination of them. 

In this work, all of these criteria were used and the best set of variables selected in 

correlation with Tg/M consisted of three descriptors. As expected according to the 

hypothesis, two of them correspond to the new descriptors proposed: SAMC (Main Chain 

Surface Area), MSC (Side Chain Mass). Besides, the classic RBN descriptor (number of 

rotatable bonds) was also selected. These descriptors’ numerical values are shown in 

Table 3. 

 

2.4.2. Nonlinear modeling with ANNs 

The best set of descriptors, which was mentioned in the previous section, was used as 

input in a multi-layer neural network perceptron (MLP) for the same target (Tg/M) by 

using STATISTICA 8.0 software [44]. The network architecture was adjusted by trial 

and error to achieve optimal performance: MLP 3-3-1 (three input layer neurons, three 

hidden layer neurons and one output layer neuron), with the activation function Tanh 

(Hyperbolic Tangent) for both the hidden and output layers, the error function SOS 

(sum of squares) and the BFGS (Broyden-Fletcher-Goldfarb-Shanno) quasi-Newton 

training algorithm. 

The dataset was randomly split into three separate sections: training, test, and validation 

sets. The training and test sets were used to adjust the model parameters by using an 

early stopping scheme for regularization; the predictive accuracy of the model was 

evaluated by using the external validation set. 

Three splittings of the original dataset were generated by using different proportions for 

training, test and validation sets. The proportion of data splitting (DS) consisted in: 

50%-23%-27% (DS1), 60%-20%-20% (DS2) and 50%-25%-25% (DS3). All 
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compounds were assigned to each partition randomly. Other dataset partitions (DS4 and 

DS5) were formulated by using an ad hoc stratified partitioning scheme. The purpose of 

the stratified sampling is to guarantee a fair distribution of compounds belonging to all 

polymer families among the training, test and validation sets. Both DS4 and DS5 

consisted in a 60%-15%-25% splitting percentage. In order to minimize the risk of 

chance correlations, a minimum of 20 polymers were kept in the validation and training 

datasets, following the relationship “cardinality of the set ≥ 5 · number_of_descriptors” 

[45]. All the DSi splittings (including which polymer was assigned to each set) are 

shown in Table 1. Thus, 5 ANNs were trained and validated by using each DSi set. The 

y-scrambling technique was applied in order to avoid the possibility of chance 

correlation of the descriptors. The results are shown in Figures 4 and 5. 
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3. Results and Discussion  

 

As has already been stated in the literature [46], chain flexibility, molecular structure 

and branching are the main factors that affect the polymer’s Tg. In order to quantify 

different properties of polymers, their structures were selectively analyzed: on the one 

hand, the main chain and on the other hand, the side chain. As a consequence, new 

descriptors arose from both the main chain and the side chain (Table 2) with a novel 

approach. The aim was to investigate the relationship between these descriptors and the 

above mentioned factors. As it has also been cited by other authors [22, 23], it is 

impossible to calculate the descriptors for the entire molecule because all polymer´s 

molecular weights are too high. Thus, a reduced molecular design consisting of a trimer 

was used to represent each polymer. The advantage of working with a trimer resides in 

the faster structure optimization and the easier calculation of the descriptors. The trimer 

segment that best represents the original polymer structure is the middle one (repeating 

unit), as it is influenced by physicochemical, steric and electronic features of adjacent 

units and also preserves the structural characteristics of the polymer. For example, the 

middle repeating unit of poly(ethylene terephthalate) trimer (Figure 3) is the only one 

that represents the whole molecule since the lateral repeating units are both different: 

one contains a hydroxyl group and the other one does not. If the descriptors were 

calculated on this unit with the hydroxyl group, the obtained values would be 

completely different from those that belong to the middle repeating unit and they would 

not reflect what really occurs in the original polymer structure. For these reasons, the 

descriptors were calculated for the middle repeating unit of the trimer, which had 

previously been optimized. Although a trimer is a very simple representation of a 

polymer, it is valid to optimize its geometry in order to consider its intramolecular 
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interactions. This molecular optimization does not intend to emulate the 3D 

conformation of polymer molecule, but to consider intramolecular interactions between 

atoms of neighbor repeating units in minimum scale.  Moreover, the values of the 

proposed descriptors are affected by these interactions.  

In section 3.1 the performance of the prediction model is presented. In section 3.2. a 

physicochemical explanation of the QSPR model is discussed, thus making an effort to 

enhance its comprehension. Finally in section 3.3 an evaluation of variable relevance is 

shown. 

 

 3.1. Model Performance  

Five ANNs, which were calibrated with the training DSi sets, were built through 

STATISTICA by using the descriptors set reported in section 2.4.1. The values of 

observed and predicted Tg/M for the five dataset splits are shown on Table 1. As it can 

be observed, all models presented a very good performance, according to R
2
 (squared 

correlation coefficient) and other classical statistical parameters (Table 4 and Table 5). 

Although all models resulting from the different splits are remarkably good, model DS1 

was chosen due to its lowest mean relative error (MRE). Figure 4 plots the calculated 

Tg/M values against the experimental values for this model. 

It is important to note that only 3 descriptors were used in the model, following the 

principle of parsimony (Occam) [47], although the dataset consisted of structurally 

diverse compounds, thus demonstrating the generalization ability of model’s 

descriptors. Typically, models with greater number of descriptors than the one presented 

here are proposed in the literature [1, 14, 48], even in the case studied in [18] where a 

few compounds in the validation set were employed. Other papers have proposed 

models that have been generated using few descriptors (two and three), but they are 
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restricted to a particular family of polymers [19, 22], which are obviously structurally 

similar. All these features highlight the good quality of our model. Indeed, only 3 

descriptors conform the predictive model exhibiting a similar performance to the ones 

mentioned above. 

By means of the models DS1 to DS3, whose data splittings were randomly generated by 

varying the proportions of the different sets (Table 4), it was shown that the good 

correlation between the model descriptors and the target property is independent of the 

number of polymers that constitute each dataset. Furthermore, it was confirmed that the 

results are still good through DS4 and DS5 ad hoc models (Table 5), even though the 

sets have an equitable distribution of all polymer families that compose the dataset and 

the chance factor has been eliminated. Thus, in each of training, test and validation 

datasets corresponding to DS4 and DS5, structurally different polymeric attributes are 

captured and the results are not fitted to any family in particular. It is worth mentioning 

that when working with both randomly selected and ad hoc datasets, no outlier at all 

was excluded as researches had done in the other reported studies that employed the 

same dataset [1, 16].  

As mentioned above, it is advisable to complete the task with a proper validation. To 

achieve this aim, Y-Scrambling (internal validation method) was applied, which has 

scarcely been reported in the literature, but proves to be really useful in order to 

complement the external validation. The results for our best model (DS1) can be seen in 

Figure 5, where all models generated by randomization of target values gave a very 

poor performance, thus confirming that there was no chance correlation between the 

model descriptors and the Tg/M values 
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3.2. Physicochemical Aspects  

As indicated in [49], “when the interpretation of a QSPR model is consistent with 

existing theories and knowledge of mechanisms, the ability to explain how and why an 

estimated value from the model was produced increases. Adding that transparency to 

model performance is the goal of including a mechanistic interpretation of the model”. 

Despite it is not always possible to find a global interpretation, it is desirable to make 

the effort to find an explanation for the model in a "mechanistic" way [50]. 

The aim of this section is to analyze in detail the relationship among descriptors, 

molecular structure and the target, in order to provide some physicochemical 

justification of the resulting model. In general, the values obtained from the analyzed 

fragment descriptors were affected by the presence of adjacent groups, which is 

considered relevant when it is describing such complex molecules. In addition, it was 

found that there are correlations between the different model descriptors and the target 

values, which complement each other (see definition and calculations of each descriptor 

in section 2.3.1.). 

 

Main Chain Surface Area (SAMC) 

In case when the polymer structure does not present side groups and/or it has variations 

on the main chain, an inverse relationship between SAMC and Tg/M is observed: i.e., the 

larger the area of the main chain, the smaller the Tg/M (Figure 6). This can be illustrated 

with the case when the repeating unit has an equal amount of matter, namely molecules 

that either are isomers or differ in its structure by only a few atoms of hydrogen; some 

examples are shown in Table 6. When the main chains are more flexible, especially 

those with free rotation, they occupy more surface area and Tg/M decreases. The same 

trend is observed for some poly(acrylate) and poly(methylacrylate) isomers, which 
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possess structural variation on the side chain and do not exhibit disparities in the main 

chain (Table 6). For example, poly(ethyl acrylate), whose side chain is constituted by 

only one substituent, and its isomer poly(methyl methylacrylate), which has two 

substituents on the same main chain, exhibit a lower SAMC and a higher Tg/M. This fact 

accords with the physical behavior that shows that the latter isomer is stiffer. Although 

the structure of the main chain remains unchanged, this descriptor’s value captures the 

presence of substituents due to the calculation method (Section 2.3.1.). In addition, this 

descriptor allows to distinguish molecules that only differ structurally in their main 

chain, such as polyoxides #40, #41, #42, #43, #47 and #48 (Table 1).  

 

Number of Rotatable Bonds (RBN) 

The number of rotatable bonds (RBN) is a well-known constitutional descriptor [42] 

that is calculated on the entire trimer (See section 2.3.2). It is the number of bonds 

allows free rotation around themselves. They are defined as any single bond, not in a 

ring, bound to a nonterminal heavy atom (i.e., nonhydrogen atoms). Amide C - N bonds 

are excluded from the count because of their high rotational energy barrier. In the case 

of polymers, RBN seems to be a good indicator of the side group length. For example, 

RBN is unable to differentiate polymers with short side chains, like #2 (Table 1), from 

those either with an aromatic group like #14, #15, #16, #17, #18, #19, #20 and #21, or 

with an aliphatic ring like #4 and #5, but it can distinguish polymers that have extended 

length side chains like those in #49,  #63, #67, #70, #76, #77, #26, #27, #50, #55, #73, 

#45, #53, #51, #52, #46, and #54. Hence, this descriptor is useful for incorporating 

information related to the length of the side chain (number of methylene groups). 

According to RBN values, in the case of the repeating unit has an equal amount of 

matter, an inverse relationship between RBN and Tg/M is generally observed (Figure 7). 
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This effect is clearly evidenced in isomers of acrylates, such as #26 and #9 whose side 

groups are structurally different: n-butyl presents higher RBN than sec-butyl, 

respectively (Table 7). These molecules are not differentiated by the remaining 

descriptors of the model. A similar situation occurs in acrylates and methacrylates: even 

though they are not isomers, the longer methylene chain length of side group, the higher 

RBN and the lower Tg/M are, as shown by the experimental evidence described by Van 

Krevelen [51]. In general, the RBN descriptor fails to describe Tg/M´s behavior in the 

case of molecules with few bonds that rotate freely round themselves and also with 

many substituents because the calculation does not consider these bonds when they are 

attached to a terminal heavy atom, like in #29, #62, #69, #61, #65, #78, #39 and #30.  

 

Side Chain Mass (MSC) 

In general, it can be observed that the greater the mass of the side chain, the lower the 

Tg/M values (Figure 8), which is a trend that is similar to the one of the remaining 

model descriptors.  Indeed, this descriptor provides relevant information because the 

mass of the side chain suffers more variation than the main chain in the dataset. 

Therefore, it will be very important in Tg/M ratio. It was also observed that, although 

there is some correlation between RBN and MSC, each one provides particular and 

supplementary information and both are relevant for the model, as it is demonstrated in 

the next section. 

 

3.3. Evaluation of variable relevance 

Apart from statistical measures (3.1.), the importance of the input variables to the 

generated ANN was assessed by removing the i-eth input variable, training the network 

without it and evaluating the resulting model by: R
2
, MAE, MSE, RMS (root mean 
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square) and MRE. The metrics were compared with the reference values obtained 

globally for the complete model (Table 8). When indexes denounced a significant 

deterioration, it could be concluded that the presence of the associated i-eth input 

variable was mandatory for the model. When indexes enhance or remains similar to 

original model, the i-eth input variable should be taken out. If the values are better, the 

variable is affecting the model negatively. In turn, when they are similar, the variable 

seems redundant. 

From the results (Table 8), it is evident that all the input variables play an important role 

in the model since none of them neither reach nor overcome original-model 

performance.  
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4. Conclusions 

 

In the present work a 3-descriptors QSPR model to predict Tg/M in high molecular 

weight polymers was proposed, obtaining a very good prediction performance. A novel 

set of 26 descriptors was proposed. In order to supplement the information of these new 

descriptors, also 635 classic descriptors were calculated for the entire trimer and a 

variable selection method was applied to whole pool of descriptors (new and classic 

ones) obtaining the better 3-descriptors model (SAMC, MSC, RBN), where the first two 

belong to the new ones. These three descriptors were use as input in an Artificial Neural 

Network to generate the prediction model for Tg/M mentioned above.  

The new proposed descriptors were defined on structural fragments corresponding to 

the main and side chains, based on the middle repeating unit of a trimeric structure. The 

easiness and versatility to calculate these descriptors constitute two of the main 

advantages of this strategy. Firstly, this operation can be automated since the definition 

of these descriptors is unambiguous. Secondly, this approach is independent of the type 

of atoms and atomic groups that constitute the polymer, therefore applicable to any type 

of polymer families. These new chain descriptors have a clear physicochemical 

interpretation since they capture genuine characteristics of the polymeric structure and 

they are comprehensible. It is remarkable the expression ability of new approach as 2 

out of the 3 selected descriptors belongs to the new ones. 

The resulting model presented a low number of descriptors (three) y statistical metrics 

comparable to the best ones reported in the literature so far, thus demonstrating the 

quality of the model for predicting Tg/M. A detailed structural explanation of the model 

descriptors and its relation to the property studied was presented. As a result, a model 

enriched with the underlying physicochemical knowledge of the studied phenomenon 
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was obtained. Besides, the relevance of the input variables in the prediction model was 

also judged and all of them proved to be necessary. 

These results are promising since this type of novel approach can be projected to the 

study of other properties of complex molecules, such as high molecular weight 

polymers, by providing a physicochemical support in addition to giving a statistical 

backing. 
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Table 1 

Dataset including observed (exp.) glass transition temperature ratio (Tg/M) and their 

corresponding predicted (calc.) values for random and ad hoc dataset splittings. 

N Name of Polymers 

Tg/M [K mol/g] 

(exp.) 

Random data splitting (calc.) Ad hoc data splitting (calc.) 

DS1a DS2a DS3a DS4a DS5a 

b50-23-27 b60-20-20 b50-25-25 b60-15-25 b60-15-25 

#1  poly(ethylene)   6.96 7.13v 7.13v 7.12v 6.97c 6.83c 

#2  poly(ethylethylene)   4.07 4.4c 4.1c 3.83t 4.14t 5.17v 

#3  poly(butylethylene)   2.62 2.96v 3.02v 3.12v 3.15c 2.56c 

#4  poly(cyclopentylethylene)   3.63 3.55t 3.38c 3.44t 3.32t 3.99v 

#5  poly(cyclohexylethylene)   3.3 3.38c 3.21c 3.32c 3.1c 3.49c 

#6  poly(acrylic acid)   5.26 3.9t 4.22t 3.67t 3.75c 4.53c 

#7  poly(methyl acrylate)   3.27 3.28v 3.25v 3.31v 3.29c 3.36c 

#8  poly(ethyl acrylate)   2.51 2.76v 2.75t 2.84v 2.87c 2.38c 

#9  poly(sec-butyl acrylate)   1.98 2.19c 2.17c 2.08c 2.28v 1.78t 

#10  poly(vinyl alcohol)   8.14 7.13t 7.06t 7.13t 7.27v 6.04t 

#11  poly(vinyl chloride)   5.57 5.56c 5.69c 5.56c 5.57t 4.96v 

#12  poly(acrylonitrile)   7.13 7.13c 7.04c 7.12c 7.22c 5.48c 

#13  poly(vinyl acetate)   3.5 3.28c 3.24c 3.31c 3.28c 3.35c 

#14  poly(styrene)   3.59 3.41t 3.25t 3.32t 3.16c 3.76c 

#15  poly(2-chlorostyrene)   2.84 2.93t 2.76c 2.76t 2.58v 2.64v 

#16  poly(3-chlorostyrene)   2.63 2.93c 2.75c 2.76c 2.58c 2.64c 

#17  poly(4-chlorostyrene)   2.82 2.93v 2.76v 2.77v 2.58t 2.63v 

#18  poly(2-methylstyrene)   3.47 3.22c 3.05c 3.12c 2.92v 3.33v 

#19  poly(3-methylstyrene)   3.17 3.21c 3.04c 3.1c 2.91v 3.34t 

#20  poly(4-methylstyrene)   3.17 3.2c 3.04c 3.1c 2.91t 3.34v 

#21  poly(4-fluorostyrene)   3.11 3.15v 2.98v 3.03v 2.84c 3.22c 

#22  poly(propylene)   5.55 7.13v 5.85t 7.13v 5.54c 6.14c 

#23  poly(1-pentene)  3.14 3.55v 3.9v 3.55v 3.62c 3.83c 

#24  poly(ethoxyethylene)   3.53 3.47c 3.76c 3.47c 3.53v 3.48v 

Table(s)
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#25  poly(tert-butyl acrylate)   2.46 2.44v 2.39v 2.35v 2.42c 2.16c 

#26  poly(n-butyl acrylate)   1.71 1.99t 1.98t 1.87t 2.15v 1.6v 

#27  poly(vinyl hexyl ether)   1.63 1.8c 1.8c 1.65c 2.01t 1.51v 

#28  poly(1,1-dimethylethylene)   3.55 3.87c 3.52c 4c 3.58c 4.35c 

#29  poly(1,1-dichloroethylene)   2.64 3.05v 3.81v 3.75v 3.63c 2.85c 

#30  poly(1,1-difluoroethylene)   3.64 3.77c 3.64c 3.95c 3.65c 3.98c 

#31  poly(a-methylstyrene)   3.47 4.67v 3.18v 3.36v 3.06c 2.62c 

#32  poly(methyl methylacrylate)   3.78 3.23c 3.15c 3.37c 3.19c 3.9c 

#33  poly(ethyl methylacrylate)   2.84 2.72c 2.7c 2.91c 2.78v 3.09v 

#34  poly(isopropyl methylacrylate)   2.55 2.56v 2.51t 2.66t 2.55c 2.86c 

#35  poly(ethyl chloroacrylate)   2.73 2.5v 2.45t 2.59v 2.47c 2.83c 

#36  poly(2-chloroethyl methylacrylate)   2.47 2.35c 2.26c 2.31c 2.26c 2.52c 

#37  poly(tert-butyl methylacrylate)   2.68 2.41c 2.34c 2.42c 2.34c 2.63c 

#38  poly(phenyl methylacrylate)   2.43 2.22c 2.12c 2.1c 2.08c 2.27c 

#39  poly(chlorotrifluoroethylene)   3.22 3.07t 3.32c 3.85t 3.57c 3.12c 

#40  poly(oxymethylene)   7.27 7.13t 6.89t 7.13t 7.27c 6.95c 

#41  poly(oxyethylene)   4.68 4.23c 4.58c 4.73c 4.17t 5.1v 

#42  poly(oxytrimethylene)   3.36 3.38c 3.35c 3.46c 3.54v 3.47v 

#43  poly(oxytetramethylene)   2.64 2.69t 2.74c 2.6t 2.97c 2.56c 

#44  poly(ethylene terephthalate)   1.8 1.51t 1.47t 1.88t 1.54c 1.48c 

#45  poly(vinyl n-octyl ether)   1.24 1.41v 1.39v 1.28v 1.51c 1.46c 

#46  poly(vinyl n-decyl ether)   1.07 1.17c 1.18c 1.17c 1.16c 1.46c 

#47  poly(oxyoctamethylene)   1.59 1.32c 1.32c 1.87c 1.43c 1.54c 

#48  poly(oxyhexamethylene)   2.04 1.79c 1.8c 1.93c 2.06v 1.76v 

#49  poly(vinyl n-pentyl ether)   1.82 2.09c 2.1c 2.02c 2.32v 1.6t 

#50  poly(vinyl 2-ethylhexyl ether)   1.33 1.52c 1.49c 1.35c 1.61c 1.48c 

#51  poly(n-octyl acrylate)   1.13 1.24c 1.23c 1.19c 1.23c 1.46c 

#52  poly(n-octyl methylacrylate)   1.28 1.23c 1.22c 1.2c 1.19c 1.46c 

#53  poly(n-heptyl acrylate)   1.25 1.36v 1.34v 1.25v 1.41t 1.47v 

#54  poly(n-nonyl acrylate)   1.09 1.15t 1.16c 1.16t 1.08c 1.46c 

#55  poly(n-hexyl acrylate)   1.38 1.52t 1.5c 1.36t 1.62c 1.48c 

#56  poly(1-heptene)   2.24 2.5t 2.54t 2.61t 2.74v 1.91t 

#57  poly(vinyl n-butyl ether)   2.21 2.45c 2.48c 2.51c 2.68v 1.83t 

#58  poly(n-propyl acrylate)   2.01 2.33c 2.33c 2.32c 2.49t 1.84v 

#59  poly(vinylisobutyl ether)   2.56 2.74c 2.74c 2.81c 2.85c 2.3v 

#60  poly(vinyl sec-butyl ether)   2.53 2.75t 2.75c 2.83t 2.86c 2.35c 

#61  poly(pentafluoroethyl ethylene)   2.15 2.13c 2.66c 2.64c 2.47c 2.33c 
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#62  poly(2,3,3,3-tetrafluoropropylene)   2.76 2.57v 3.48v 3.56v 3.27c 2.51c 

#63  poly(3,3-dimethylbutyl methacrylate)   1.87 1.78v 1.71v 1.6v 1.76t 1.71v 

#64  poly(N-butyl acrylamide)   2.51 2.22t 2.19t 2.14t 2.31c 1.83c 

#65  poly(vinyl trifluoroacetate)   2.28 2.56v 2.45v 2.36v 2.37c 2.47c 

#66  poly(3-methyl-1-butene)   4.61 4.42c 4.55c 3.74c 3.84v 4.74t 

#67  poly(n-butyl a-chloroacrylate)   2.04 1.81c 1.75c 1.65c 1.83c 1.7c 

#68  poly(sec-butyl methacrylate)   2.32 2.17c 2.13c 2.15c 2.21v 2.15t 

#69  poly(heptafluoropropyl ethylene)   1.69 2.07v 1.89v 1.67v 1.72v 1.47t 

#70  poly(3-pentyl acrylate)   1.81 1.88t 1.85c 1.7t 1.97t 1.58v 

#71  poly(5-methyl-1-hexene)   2.64 2.79c 2.79c 2.89c 2.91t 2.43v 

#72  poly(oxy-2,2-dichloromethyltrimethylene)   2.09 2.82c 2.72c 2.55c 2.66c 2.16c 

#73  poly(n-hexyl methacrylate)   1.58 1.51c 1.48c 1.38c 1.57v 1.51t 

#74  poly(vinyl isopropyl ether)   3.14 3.28t 3.24c 3.31t 3.28c 3.34c 

#75  poly[p-(n-butyl)styrene]   1.74 1.95v 1.87v 1.71v 1.89c 1.73c 

#76  poly(n-butyl methacrylate)   2.06 1.97t 1.95t 1.94t 2.09c 1.81c 

#77  poly(2-methoxyethyl methacrylate)   2.03 1.96c 1.93c 1.91c 2.06v 1.8t 

#78  poly(3,3,3-trifluoropropylene)   3.13 2.75c 3.63c 3.6c 3.48t 3.53v 

#79  poly(4-methyl-1-pentene)   3.64 3.34c 3.34c 3.39c 3.36c 3.61c 

#80  poly(vinyl chloroacetate)   2.53 2.81v 2.72v 2.75v 2.68v 2.83t 

#81  poly(n-propyl methacrylate)   2.39 2.3c 2.29c 2.4c 2.41v 2.28v 

#82  poly(3-cyclopentyl-1-propene)   3.03 2.99v 2.91t 3.03v 2.91c 3.27c 

#83  poly(3-phenyl-1-propene)   2.82 2.86c 2.77c 2.82c 2.74v 2.96t 

#84  poly(n-propyl a-chloroacrylate)   2.32 2.11t 2.05t 2.03t 2.11c 2.06c 

#85  poly(sec-butyl a-chloroacrylate)   2.14 2t 1.92t 1.84t 1.94c 1.97c 

#86  poly(3-cyclohexyl-1-propene)   2.81 2.82v 2.72t 2.79v 2.68v 3.03c 

#87  poly(vinyl acetal)   3.11 3.69c 3.48c 3.46c 3.45c 2.72c 

#88  poly(vinyl formal)   3.78 3.62c 3.44c 3.19c 3.43c 4.07c 

N=Number of molecule. 
c 

is the calibration/training set; 
t
 is the test set; 

v
 is the 

validation set. 
a
The DSi correspond to dataset splittings i, with i= 1,.., 5. 

b
The values 

correspond to the percentage of dataset members that belong to the calibration, test and 

validation sets, respectively. 



Page 35 of 53

Acc
ep

te
d 

M
an

us
cr

ip
t

Table 2 

Nomenclature of new descriptors. 

New Descriptors 

Nomenclature 

units 

Unnormalized Normalized 

Main Chain Surface Area SAMC nSAMC Å
2 

Main Chain Volume VMC nVMC Å
3 

Main Chain Log P Log PMC nLog PMC - 

Main Chain Refractivity RMC nRMC Å
3 

Main Chain Polarizability PMC nPMC Å
3 

Main Chain Mass MMC nMMC Da 

Main Chain Atoms Number NMC - - 

Side Chain Surface Area  SASC nSASC Å
2 

Side Chain Volume VSC nVSC Å
3 

Side Chain Log P Log PSC nLog PSC - 

Side Chain Refractivity RSC nRSC Å
3 

Side Chain Polarizability PSC nPSC Å
3 

Side Chain Mass MSC nMSC Da 

Side Chain Atoms Number NSC - - 

 



Page 36 of 53

Acc
ep

te
d 

M
an

us
cr

ip
t

Table 3 

Descriptors’ numerical values used in this work. 

N
a 

SAMC MSC RBN 

#1 40.982 0 3 

#2 26.539 29.062 7 

#3 27.522 57.115 13 

#4 26.163 69.126 7 

#5 23.718 83.153 7 

#6 28.074 45.018 7 

#7 28.067 59.045 10 

#8 27.872 73.072 13 

#9 28.334 101.125 16 

#10 30.58 17.007 4 

#11 30.612 35.453 3 

#12 28.636 26.018 4 

#13 28.2 59.045 10 

#14 26.771 77.106 7 

#15 26.675 111.551 7 

#16 26.77 111.551 7 

#17 26.462 111.551 7 

#18 26.291 91.133 7 

#19 26.784 91.133 7 

#20 26.913 91.133 7 

#21 26.923 95.096 7 

#22 27.492 15.035 4 
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#23 26.796 43.089 10 

#24 29.179 45.061 10 

#25 28.039 101.125 13 

#26 28.081 101.125 19 

#27 29.639 101.169 22 

#28 18.246 30.07 4 

#29 21.078 70.906 3 

#30 21.938 37.997 3 

#31 17.425 92.141 7 

#32 18.551 74.079 10 

#33 18.363 88.106 13 

#34 18.44 102.133 13 

#35 17.259 108.525 13 

#36 18.276 122.551 13 

#37 18.339 116.16 13 

#38 18.021 136.15 13 

#39 3.132 92.448 3 

#40 35.546 0 3 

#41 56.243 0 6 

#42 76.924 0 9 

#43 97.64 0 12 

#44 154.973 31.999 18 

#45 29.643 129.222 28 

#46 29.652 157.276 34 

#47 180.476 0 24 
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#48 139.055 0 18 

#49 29.461 87.142 19 

#50 28.596 129.222 25 

#51 27.694 157.233 31 

#52 18.328 172.268 31 

#53 27.788 143.206 28 

#54 27.756 171.26 34 

#55 27.669 129.179 25 

#56 27.503 71.142 16 

#57 29.44 73.115 16 

#58 27.878 87.098 16 

#59 28.863 73.115 13 

#60 28.282 73.115 13 

#61 26.36 119.014 7 

#62 19.324 88.005 4 

#63 18.305 144.214 19 

#64 26.974 100.141 16 

#65 29.665 113.016 10 

#66 25.282 43.089 7 

#67 19.624 136.578 19 

#68 18.46 116.16 16 

#69 26.22 169.022 10 

#70 28.386 115.152 19 

#71 27.496 71.142 13 

#72 40.37 85.941 9 
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#73 17.956 144.214 25 

#74 28.258 59.088 10 

#75 26.741 133.213 16 

#76 17.923 116.16 19 

#77 17.971 118.133 19 

#78 27.219 69.006 4 

#79 26.292 57.115 10 

#80 28.276 93.49 10 

#81 18.081 102.133 16 

#82 25.216 83.153 10 

#83 27.282 91.133 10 

#84 19.254 122.551 16 

#85 19.174 136.578 16 

#86 25.065 97.18 10 

#87 82.859 15.035 4 

#88 98.629 0 4 

a 
Numbers of the dataset molecules (Table 1). 
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Table 4 

Performance of models DS1, DS2 and DS3, from MLP ANN (architecture: 3-3-1). Sets: 

Calibration (Training); the Test and Validation correspond to random data splitting. 

Model Set % R
2
 MAE MSE RMS MRE 

 Calibration 50 0.953 0.20 0.06 0.25 7.99 

DS1 Test 23 0.964 0.26 0.17 0.41 8.23 

 Validation 27 0.933 0.28 0.22 0.47 9.81 

 Calibration 60 0.954 0.20 0.06 0.24 8.00 

DS2 Test 20 0.964 0.34 0.19 0.44 9.97 

 Validation 20 0.923 0.29 0.17 0.41 11.29 

 Calibration 50 0.941 0.22 0.08 0.28 8.29 

DS3 Test 25 0.940 0.30 0.22 0.47 9.12 

 Validation 25 0.926 0.28 0.23 0.48 9.04 
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Table 5 

Performance of models DS4 and DS5 from MLP ANN (architecture: 3-3-1). Sets: 

Calibration (Training); the Test and Validation correspond to ad hoc data splitting.  

Model Set % R
2
 MAE MSE RMS MRE 

 Calibration 60 0.929 0.26 0.13 0.37 10.01 

DS4 Test 15 0.949 0.25 0.09 0.29 10.24 

 Validation 25 0.955 0.26 0.13 0.36 9.29 

 Calibration 60 0.921 0.27 0.15 0.39 10.24 

DS5 Test 15 0.918 0.36 0.39 0.62 10.81 

 Validation 25 0.914 0.27 0.12 0.35 9.26 
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Table 6 

SAMC, RBN, MSC and Tg/M values corresponding to some isomers of the dataset. 

M N Name of Polymer SAMC MSC RBN Tg/M exp 

96 #4 poly(cyclopentylethylene) 26.163 69.126 7 3.63 

98 #56 poly(1-heptene) 27.503 71.142 16 2.24 

100 #8 poly(ethyl acrylate) 27.872 73.072 13 2.51 

100 #32 poly(methyl methylacrylate) 18.551 74.079 10 3.78 

110 #5 poly(cyclohexylethylene) 23.718 83.153 7 3.30 

110 #82 poly(3-cyclopentyl-1-propene) 25.216 83.153 10 3.03 

114 #58 poly(n-propyl acrylate) 27.878 87.098 16 2.01 

114 #33 poly(ethyl methylacrylate) 18.363 88.106 13 2.84 

128 #26 poly(n-butyl acrylate) 28.081 101.125 19 1.71 

128 #81 poly(n-propyl methacrylate) 18.081 102.133 16 2.39 

142 #70 poly(3-pentyl acrylate) 28.386 115.152 19 1.81 

142 #68 poly(sec-butyl methacrylate) 18.46 116.16 16 2.32 

142 #37 poly(tert-butyl methylacrylate) 18.339 116.16 13 2.68 

170 #53 poly(n-heptyl acrylate) 27.788 143.206 28 1.25 

170 #73 poly(n-hexyl methacrylate) 17.956 144.214 25 1.58 

198 #54 poly(n-nonyl acrylate) 27.756 171.26 34 1.09 

198 #52 poly(n-octyl methylacrylate) 18.328 172.268 31 1.28 

M is the repeating unit mass, N is the number of molecule 
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Table 7 

SAMC, RBN, MSC and Tg/M values corresponding to some isomers of the acrylates. 

M N Name of Polymer SAMC MSC RBN Tg/M exp 

128 #25 poly(tert-butyl acrylate) 28.039 101.125 13 2.46 

128 #9 poly(sec-butyl acrylate) 28.334 101.125 16 1.98 

128 #26 poly(n-butyl acrylate) 28.081 101.125 19 1.71 

M is the repeating unit mass, N is the number of molecule  
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Table 8 

Statistical metrics for the input variables assessment. 

Model Set % R
2
 MAE MSE RMS MRE 

 Calibration 50 0.953 0.2 0.06 0.25 7.99 

DS1 Test 23 0.964 0.26 0.17 0.41 8.23 

 Validation 27 0.933 0.28 0.22 0.47 9.81 

 Calibration 50 0.837 0.39 0.22 0.47 14.2 

DS1 –{RBN} Test 23 0.846 0.6 0.71 0.84 18.11 

 Validation 27 0.84 0.4 0.25 0.5 14.42 

 Calibration 50 0.751 0.41 0.34 0.58 14.54 

DS1 –{MSC} Test 23 0.796 0.63 1 1 17.3 

 Validation 27 0.754 0.45 0.46 0.68 15.72 

 Calibration 50 0.744 0.37 0.35 0.59 12.11 

DS1 –{SAMC} Test 23 0.863 0.53 1.01 1 13.04 

 Validation 27 0.838 0.36 0.31 0.56 11.84 

DS1 – {RBN} is data splitting 1 minus RBN, DS1 – {MSC} is data splitting 1 minus 

MSC, and DS1 – {SAMC} is data splitting 1 minus SAMC. 
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Figure 1

http://ees.elsevier.com/jmgm/download.aspx?id=84376&guid=b4d0689c-0504-40bd-906a-cc26f01c72b9&scheme=1


Page 46 of 53

Acc
ep

te
d 

M
an

us
cr

ip
t

Figure 2

http://ees.elsevier.com/jmgm/download.aspx?id=84377&guid=a82be236-2e63-437b-bd22-7df29019e90a&scheme=1
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Figure 3

http://ees.elsevier.com/jmgm/download.aspx?id=84378&guid=79a53f76-c415-47f5-8d5b-24b485f9f30d&scheme=1
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Figure 4

http://ees.elsevier.com/jmgm/download.aspx?id=84379&guid=ba5661c5-b3f2-468a-b2b3-0009adb95f5d&scheme=1
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Figure 5

http://ees.elsevier.com/jmgm/download.aspx?id=84380&guid=f7e07454-dabd-4964-a2f0-456111712e46&scheme=1
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Figure 6

http://ees.elsevier.com/jmgm/download.aspx?id=84381&guid=ebf5729e-4992-435a-8ea8-61253456f255&scheme=1
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Figure 7

http://ees.elsevier.com/jmgm/download.aspx?id=84382&guid=9a4ede2c-100a-4846-9e2a-4555ab29d5ef&scheme=1
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Figure 8

http://ees.elsevier.com/jmgm/download.aspx?id=84383&guid=ff64e17e-60cb-4cd6-a15c-96f8853e1124&scheme=1
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FIGURES 

 

 

Figure 1. Scheme of methodology. 

 

Figure 2. A sample of trimeric molecular model for polystyrene. 

 

Figure 3. Identification of the fragments of trimeric design. Examples of main chain 

(MC) and side chain (SC) fragments that belong to the repeating unit with trimeric 

structure.  

 

Figure 4. Calculated vs. experimental values of Tg/M (ANN trained by using DS1). 

 

Figure 5. Y-Scrambling. R2 values from 100 models obtained by randomization of the 

target values (100 runs). 

 

Figure 6. Plot of SAMC values versus experimental Tg/M values. Polyoxides are 

highlighted. 

 

Figure 7. Plot of RBN values versus experimental Tg/M values. 

 

Figure 8. Plot of MSC values versus experimental Tg/M values. 




