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Abstract 

Quantitative structure-property relationship (QSPR) analysis of a series of calcium 

aliminosilicate (CaO-Al2O3-SiO2) glasses (103 compositions) have been performed based on 

structural information from molecular dynamics (MD) simulations. The definition of the 

structural descriptor has been explored to find the optimal form for a wide range of properties 

such as density, Young’s modulus, hardness, and thermal expansion coefficient. In particular, 

different cation-oxygen single bond energies and types of short- and medium-range structural 

information (e.g., coordination number, network connectivity) used to define the structural 

descriptor Fnet were explored. The results show slightly different definitions might be needed to 

achieve desirable correlations between the descriptors and various properties. The work shows 

QSPR analysis based on MD generated glass structures is a very promising approach to correlate 

a wide range of physical properties with glass compositions, hence a very valuable tool for new 

glass discovery and composition design. 
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1. Introduction 

Technological advances and economic progresses demand faster materials development 

and employment cycles than the conventional ones, which are usually based on scientific 

intuition or “trial and error” experimentations. Due to the unique optical and mechanical 

properties, wide and continuous composition ranges for certain systems, relatively cheap raw 

materials and mature processing methods, inorganic glasses consist one of the most commonly 

used materials that have a wide range of applications from everyday life such as kitchen wares, 

lab wares, window panes, to high technologies such as display, optoelectronics, lenses and 
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optical fibers. Faster development of glass materials would benefit many technological fields 

such as electronics, energy, medicine and waste management. Extensive studies have been 

conducted and both experimental (e.g., neutron and high-energy X-ray diffraction) and computer 

simulation (e.g., Monte Carlo (MC) and molecular dynamic (MD) simulations) methods have 

been utilized to gain deeper understandings of the structure and properties relations glass 

materials. However, traditional approaches face many challenges: 1) conventional “trial and 

error” methods take too much time and resources thus cannot satisfy new glass development in 

current and future technological applications. 2) The range of the compositions that can form 

glasses in commonly laboratorial conditions is limited. 3) Lack of long-range order in glass 

structures make it difficult to characterize the glass structure and interpret structural origin of 

properties. 4) Not only intrinsic factors (e.g., composition) but also extrinsic factors (e.g., 

thermal history, pressure) can change the glass structure and properties. As a result, “glass 

genome”, in line with the well-established “materials genome”, has recently been proposed [1,2]. 

The approach combines physical insights on composition-property relations, based on 

fundamental understanding in glass chemistry and physics, and data-driven modeling, such as 

machine learning, to enable better design of glass compositions in a faster and cheaper manner 

[2]. In light of the development of glass genome, advanced modeling and simulation tools, 

ranging from physics-based methods to more empirical data driven methods, have to be 

developed. Quantitative structure-property relationship (QSPR) analysis of glass structure-

property relations based on MD generated glass structures represents a novel approach of glass 

genome that combines physics based simulations (MD) and data driving approaches such as 

machine learning techniques to accelerate new glass composition design.   

QSPR analysis is an approach to find correlations between microscopic structural features 

and observed macroscopic properties of materials, based on which design of new compositions 

and structures for targeted applications can be greatly expedited [3]. QSPR approach has been 

successfully utilized to predict various properties of polymers (e.g., refractive indices [4–7], 

glass transition temperature [8–10] and viscosity [11,12]) and inorganic glass materials to 

rationalize the structure-property relationship [3] such as density [13–15], glass transition 

temperature [13,16,17], chemical durability [13,14,16,18,19], and cation clustering [20]. One of 

the key components of developing a QSPR model is identifying a structural descriptor. This is 

achieved by selection of a targeted compositions or processing conditions, generation of 
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structural descriptors by means of computer simulations, theoretical calculations or experimental 

characterizations, fitting the descriptors to properties through different regression methods or 

machine learning approaches, and validation of the model [3]. Glass materials have continuously 

changing composition domains and homogeneous physical and chemical properties thus can be a 

good target for QSPR analysis and related approaches. However, lacking long-range order makes 

experimental characterization of glass structures very challenging. Computer simulations, 

especially atomistic level simulations such as molecular dynamics (MD), have been shown to 

have the capability to provide atomic level structural information in both short- and medium-

range levels of inorganic glasses [21–23]. Hence structure models generated from reliable MD 

can be the input for the descriptors of QSPR analysis [3,15,16,19]. MD based QSPR analysis can 

thus be a new tool of glass genome for faster design of new glass compositions.   

MD simulations have been proven to be an effective method for studying the structures of 

silicate glasses [24–28], borosilicate glasses [29–31] and phosphate glasses [32–34]. From MD 

simulations, statistical structural information such as bond length, coordination numbers, bond 

angle distribution, percentage of bridging oxygen species, network connectivity, ring-size 

distribution, and polyhedral linkages, etc. can be obtained. This structural information can be 

used as inputs for the structural descriptors [3,21]. However, identifying a suitable structural 

descriptor can be challenging as different properties are dominated by different structural 

aspects. For instance, density characterizes the compactness and polymerization of glass network 

structure, which is controlled by the weight of each component and its molar volume. Glass 

transition temperature represents the temperature required for overcome flow activation energy 

[16]. Therefore, different physical properties might require different descriptors and the optimal 

descriptors need to be explored.  

Several structural descriptors such as bridging oxygen fraction and network connectivity 

have been used in the literature in QSPR analysis of glass materials [3,15]. Fnet is a unique 

descriptor that have been shown to be successful in several glass systems and for properties 

ranging from density to glass corrosion rate [16,19]. Fnet is based on the combination of short-

range structural information, namely cation coordination number, and bond energies thus include 

both structural and energetic information. Originally, the bond energies used in Fnet calculation is 

the gas phase bond enthalpies, also referred as diatomic molecule dissociation energies [16]. In 

our recent work, we adopted Sun’s single bond strength [35], and found it can be successfully 
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applied to properties such as density and initial dissolution rate [19]. Single bond strength was 

used by Sun et al. [35] to classify common oxides into glass former (above 80 kilocalories per 

Avogadro bond), intermediate (between 60-80 kilocalories per Avogadro bond) and modifier 

(below 60 kilocalories per Avogadro bond). It is calculated based on the cohesive energy of 

corresponding metal oxides divided by the cation coordination number [35]. The purpose of this 

work is to use the calcium aluminosilicate glasses as a model system to evaluate the suitability of 

different combination of descriptors and their applicability to different physical properties 

through QSPR analysis, with an aim to identify optimal descriptors for oxide glass systems.  

Calcium aluminosilicate glasses are chosen in this study due to their excellent mechanical 

and thermal properties [36], which are used in applications such as printed circuit boards, gems, 

glass fibers and production of concrete [37,38]. Moreover, due to the wide interests of calcium 

aluminosilicate glasses, various studies were conducted on investigating their thermal properties 

[36,39], optical properties [40], mechanical properties [37,41–43], and structure by experimental 

methods [36,38,44–50] and computer simulations [51]. These available experimental data in 

literature are greatly beneficial for developing QSPR models, as well as the validation of MD 

structural models.  

The paper is arranged as follows: methodology of MD simulation details, original Fnet 

structural descriptor and modifications of the descriptor are introduced in Section 2. The 

subsequent section presents the results and discussion of the structural models generated by MD 

and Fnet descriptors for various glass properties (e.g., density, glass transition temperature, 

coefficient of thermal expansion, Young’s modulus and hardness), followed by discussion 

conclusion.  

 

2. Methodology 

2.1. MD simulation details 

The empirical potentials used in this study was developed by D. M. Teter, and then 

modified and widely utilized by Cormack, Du et al. [24,27,28,31,34,52–56]. The interatomic 

interactions are described by the Born model of solids using partial charge pairwise potentials, 

and the covalent character of the bond (e.g. Si-O) is described by the partial charge on the ions. 

The interatomic potential energy 𝛷(𝑟𝑖𝑗) consists of long-range Columbic interactions and short-

range interactions in the Buckingham form: 
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𝛷(𝑟𝑖𝑗) =
𝑞𝑖 𝑞𝑗

𝑟𝑖𝑗
+ 𝐴𝑖𝑗𝑒

−𝑟𝑖𝑗

𝜌𝑖𝑗 −
𝐶𝑖𝑗

𝑟𝑖𝑗
6 

                                           (1) 

where 𝑟𝑖𝑗 is the interatomic distance between atom i and j; 𝑞𝑖 and 𝑞𝑗 are the effective charge for 

atom i and j, respectively, 𝐴𝑖𝑗, 𝜌𝑖𝑗 and 𝐶𝑖𝑗 are the parameters for the Buckingham term. Atomic 

charges and Buckingham potential parameters used in this work are shown in Table 1. More 

detailed introduction and summary of the empirical potentials can be found in ref. [21,22].  

 

Table 1. Atomic charges and Buckingham potential parameters. 

Pair A (eV) ρ (Å) C (eV·Å6) 

Si2.4-O-1.2 13702.905 0.193817 54.681 

Ca1.2-O-1.2 7747.183 0.252623 93.109 

Al1.8-O-1.2 12201.417 0.195628 31.997 

O-1.2-O-1.2 2029.220 0.343645 192.580 

 

Glass compositions studied, a total of 103 compositions (shown in Figure 1), are taken 

from studies by Takahashi et al. [36], Pönitzsch et al. [41] and Veit et al. [37]. A summary of all 

the compositions and their experimental properties can be found in supplementary material. 

Molecular dynamics simulations were performed with DL_POLY package developed at 

Daresbury Laboratory in the UK [57]. Three random configurations with ~6000 atoms for each 

composition were generated and simulated through a melt-quench process. The initial atom 

positions were generated randomly with experimental density measured by Takahashi et al. [36], 

Pönitzsch et al. [41] and Veit et al. [37] in a cubic simulation box. The initial structures were 

energy minimized and relaxed at 0 K and 300 K for 60 picosecond (ps) each under an NVT 

ensemble, respectively, to remove high-energy configurations of the random structure. The 

systems were then melted at 6000 K for 60 ps, equilibrated at 5000 K for 100 ps, and cooled 

down to 300 K with a cooling rate of 5 K/ps, where the NVT ensemble was applied every 100 K 

during cooling. After the melt-quench process, the structures were relaxed at 300 K under an 

NPT ensemble for 100 ps followed with an NVT ensemble for 60 ps. The final structures were 

relaxed in an NVE ensemble for 60 ps in order to remove unreasonable structural features and 

inner stresses. The cutoff distance used for the short-range interactions was 8 Å and 10 Å for the 
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real-space sum of the electrostatic interactions, which were calculated by using the Ewald 

summation with a relative precision of 1×10-6. Integration of the motion equations used is the 

Verlet Leapfrog algorithm with a timestep of 1 femtosecond (fs). Cutoff distance for Si-O, Ca-O 

and Al-O used for obtaining coordination number (CN) is 2.25, 3.10 and 2.50, respectively. The 

cutoff value for each pair was determined as the first minimum in the plot of partial correlation 

function. The same cutoff value was chosen for each cation-oxygen pair for the benefit of better 

comparison and calculations, since there is no significant change of the first minimum of partial 

correlation functions between studied glass compositions. 

 

Figure 1. Glass compositions simulated in this work. Values are taken from studies by 

Takahashi et al. [36], Pönitzsch et al. [41] and Veit et al. [37]. A summary of all the 

compositions can be found in supplementary material. 

 

2.2. Fnet structural descriptor definition 

A theoretical structural descriptor (Fnet), which contains both structural and energetic 

information, was firstly developed for fluorine-containing glasses by Lusvard et al. [16], and the 

Fnet has a formula of 
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1
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𝑗
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𝑖

]                                     (2) 

where N is the total number of atoms, 𝑛𝑖  is the number of atoms of the i-th species; 𝐶𝑁𝑖𝑗  is the 

mean coordination number of ij pairs atoms (i = Si, P, Zn, Na, Ca; j = O2-. F-). 𝐵𝐸𝑖𝑗 is the 

measured bond enthalpy of gas phase diatomic molecules. 𝑚𝑖𝑗 factor is used to evaluate the 

effect of the fluorine addition on the glass network [16]. This descriptor provides good 

correlations with glass transition temperature and chemical durability over a wide range of 

compositions. 

 

2.3. Modifications of the Fnet descriptor 

Based on the original Fnet descriptor, we’ve recently reported a slightly modified Fnet 

definition using the single bond strength by Sun [35] of metal oxides, which were well known 

for its usage in classification of oxides into glass formers, modifiers and intermediates, instead of 

the gas phase diatomic molecule enthalpy [58]. The results show that the QSPR analysis based 

on this definition provide good correlation to initial dissolution rate for a series of ZrO2 

containing silicate glasses [58]. The reason to use Sun’s single bond strength is that it provides 

bonding energy information for most common oxides used in glass compositions and bonding 

energies for different charge states and cation coordination [35]. For example, different bonding 

strengths for 3- and 4-fold coordinated boron. 𝑚𝑋 factor is used to evaluate the contribution of 

each cation to the overall network strength. For network former (NF), 𝑚𝑋 is the maximum ability 

(or highest probability) of one type of NF connecting with the rest of NFs. For modifier, 𝑚𝑋 can 

be interpreted as the maximum ability of one type of modifier charge compensating the NFs. In 

this case, the 𝑚𝑋 value for Si, Al and Ca is 4, 4 and 2 respectively. This modified descriptor 

shows excellent fittings with glass density and initial dissolution rate for various borosilicate 

glasses [58].   

In this study, in order to further test the QSPR approach and develop new Fnet descriptors 

for various glass compositions and different glass properties, we firstly modified the Fnet 

descriptor with network connectivity (NC) information obtained from MD simulation. Since 

multiplicative factor (𝑚𝑋) is used to evaluate the contribution of each cation to the overall 

network strength, we use NC instead of a universal value for each cation for a more accurate 
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evaluation. In this case, modified factor m (MNC) for glass forming cation is the average NC 

calculated from Qn distribution. In Qn distribution, n represents the number of bridging oxygen 

ions per polyhedron and NC of Si and Al has a formula of 𝑁𝐶𝑆𝑖 =  ∑ 𝑛 × 𝑄𝑛
𝑆𝑖4

𝑛=0  and 𝑁𝐶𝐴𝑙 =

 ∑ 𝑛 × 𝑄𝑛
𝐴𝑙6

𝑛=0 , respectively. For modifier cations, MNC is the ratio of CNBO (average number of 

the bonds to bridging oxygen) to CNNBO+BO (average number of the bonds to oxygen). MNC 

factors for Si, Al and Ca of each composition studied are listed in supplementary material. 

Beside the modification of the m factor, we also tested the fittings between properties and 

Fnet descriptors calculated using different energy parameters taken from literature (listed in Table 

2). Single bond strength, bond strength in diatomic molecules, bond dissociation energy (bond 

strength) in diatomic cations and enthalpy of fusion used for the Fnet calculation are shown in 

Table 2. Sun and Huggins [59,60] calculated the heat of dissociation of various oxides or oxide 

components in crystals and glasses into gaseous atoms from the corresponding lattice-energy 

data. The M-O single bond strengths are obtained by dividing the dissociation energy of the 

oxide, MOx (in which x equals n/m for the oxide MmOn) by the oxygen coordination number of 

the metal, M [35]. The strength of a chemical bond, D°(R-X), often known as the bond 

dissociation energy, is defined as the standard enthalpy change of the reaction in which the bond 

is broken: RX → R + X. It is given by the thermochemical equation, D°(R-X) = ∆fH°(R) + 

∆fH°(X) - ∆fH°(RX). These have usually been measured spectroscopically or by mass 

spectrometric analysis of hot gases effusing a Knudsen cell [61]. Bond dissociation energies in 

diatomic cations are obtained from D°298 (A
+-B) = ∆fH°(A+) + ∆fH°(B) - ∆fH°(AB+) = D°298 (A-

B) + IP(A) – IP(AB). IP is ionization potentials of species A and AB [62]. Enthalpy of fusion 

refer to the enthalpy change at equilibrium between the liquid phase and the most stable solid 

phase at the transition temperature [63]. 

 

Table 2. Single bond strength (SBS), bond strength in diatomic molecules (BSdm), bond 

dissociation energy in diatomic cations (BSdc) and enthalpy of fusion (EF) for Si-O, Al-O and 

Ca-O pair. 

Notation Energy parameters Si-O Al-O Ca-O 

SBS Single bond strength (kcal·mol-1)* [35] 106 79 32 
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BSdm 
Bond strength in diatomic molecules 

(kJ·mol-1) [61] 
799.6 511.0 402.0 

BSdc 
Bond dissociation energy in diatomic 

cations (kJ·mol-1) [62] 
478.0 166.7 348.0 

EF Enthalpy of fusion (kJ·mol-1) [63] 9.6 111.4 80.0 

SBS/Tm Single bond strength/Tm (kcal·mol-1·K-1)  0.053 0.034 0.011 

BSdm/Tm 
Bond strength in diatomic molecules/Tm 

(kJ·mol-1·K-1)  
0.403 0.220 0.141 

BSdc/Tm 
Bond dissociation energy in diatomic 

cations/Tm (kJ·mol-1·K-1)  
0.241 0.072 0.122 

EF/Tm Enthalpy of fusion/Tm (kJ·mol-1·K-1) 0.005 0.048 0.028 

* 1 kcal = 4.184 kJ. Single bond strength of 4-coordinated Al-O is between 79-101 kcals/mol, 

where small strength values give better fittings for the compositions and properties studied. 

Therefore, 79 kcals/mol was used for all the Fnet calculations. SBS of 6-coordinated Al-O is 

between 53-67 kcal/mol.  

 

In addition, we explored the ratio of bond energy to oxide melting temperature (Tm) as a 

fitting parameter according to a study by Rawson [64]. It is suggested that the ratio of the bond 

strength to the energy available at the freezing point controls the ability for structural 

rearrangements during crystallization. Since the kinetic energy itself is roughly 3/2RTm, BM-O/Tm 

should be an appropriate parameter to compare the tendency for glass formation, where higher 

the value indicates higher tendency (lower the probability for bonds to break at the melting 

temperature) [64]. This approach point out the importance of the liquidus in glass formation [65] 

and is often evaluated and discussed regarding glass formation probability [66–68]. The values 

calculated from bond energy divided by melting temperature of its corresponding oxide are also 

listed in Table 2. The melting temperature of SiO2, Al2O3 and CaO is 1983, 2327 and 2843 K, 

respectively, according to International Chemical Safety Cards (ICSC) database. 

 

3. Results and discussion 

3.1. Structural models obtained from MD 
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Figure 2 shows a comparison of total neutron structure factors and total correlation 

functions obtained from MD and experiment for a 33.3SiO2-33.3CaO-33.3Al2O3 glass. 

Experimental data was reported in a study by Hennet et al. [38]. Total structure factor was 

calculated from partial pair distribution functions obtained from MD models of glass structures 

through Fourier transformation with a Lorch type window function. More information regarding 

the calculations can be found in previous papers [69,70]. Neutron scattering lengths used in this 

study are 5.803, 3.449, 4.1491 and 4.70 fm for oxygen, aluminum, silicon and calcium, 

respectively. The calculated structure factor is in good agreement with the experimental data, 

indicating an overall reasonable structural model generated from our MD simulation. The 

comparison of total correlation functions gives an agreement of Rx=4.66%, where Rx value is a 

measurement of the agreement between the experimental and calculated distribution functions 

[71,72]. The match of the first peak on both position and intensity suggests that excellent short-

range structural features were obtained from our MD model. 

 

Figure 2. Comparison of total neutron structure factors (a) and total correlation functions 

(b) obtained from MD and experiment for a 33.3SiO2-33.3CaO-33.3Al2O3 glass. Experimental 

data was reported in a study by Hennet et al. [38]. The comparison of total correlation functions 

gives an agreement of Rx=4.66%. 

 

Bond distance of Si-O, Al-O and Ca-O is ~1.61, 1.77 and 2.42 Å, respectively, which is in 

agreement with experimental values [38]. CN of Si-O is 4 for all the compositions simulated, 
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while CN of Al-O is around 4 with small amounts of 3- or 5-coordinated Al. CN of Ca-O is 

between 6 to 7 for all the compositions. CNs of cation-oxygen pairs and network connectivity 

information for all simulated glasses can be found in supplementary material. For Si and Al, 

modified factor m (MNC) is their network connectivity calculated from Qn distribution. In our 

simulation, Si Qn distribution of the 30CaO-10Al2O3-60SiO2 glass is 1.07% Q1, 11.28% Q2, 

37.71% Q3 and 49.88% Q4, which is in a good agreement with the Si Qn distribution (1.56% Q1, 

11.66% Q2, 38.65% Q3 and 48.05% Q4) obtained from a quasi-heterogeneous intermediate-range 

order model based on solid-state NMR spectra [48]. For Ca, MNC is the ratio of CNBO (average 

number of bonds to bridging oxygen) to CNNBO+BO (average number of bonds to oxygen). 

General observation is that replacing CaO with Al2O3 results in an increased network 

connectivity of both Si and Al, while replacing SiO2 with CaO+Al2O3 leads to a decreased 

network connectivity of only Si.  

It should be pointed out that generally faster than experimental cooling rate in glass 

formation has an effect on the structural models generated from MD. Recent studies of cooling 

rate effect on the structure of sodium silicate glasses show that thermal history mainly affects the 

medium-range structures while the short-range structures are largely unaffected [73]. Since our 

Fnet calculations mainly use cation coordination numbers, the cooling rate should not have a 

strong effect on the Fnet values. However, when we introduce the network connectivity from Qn 

distribution, which is a medium-range structural feature, in Fnet definition, this will be affected by 

the cooling rate. It has been shown that higher cooling rate leads to broader Qn distributions as 

compared to experiments for both sodium [24] and lithium silicate glasses [74]. But fortunately, 

we are not interested in individual Qn values but instead the averaged network connectivity from 

the Qn distribution. As a result, the averaged value is not strongly affected by the cooling rate 

from simulations. Furthermore, a recent study of cooling rate effect of the structure of sodium 

borosilicate glasses show that the cooling rate effect on Qn distribution also depends on the glass 

former species. Silicon is much less affected by cooling rate as compared to boron [75]. So 

overall, we consider the cooling rate in MD simulation of glass formation have relatively small 

effect on the averaged cation coordination number and glass former network connectivity used in 

the Fnet definition.  

 

3.2. Fnet descriptors for various glass properties  
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In order to select a good fitting for each glass property using linear regression among all 

the Fnet descriptors, the following criteria are used: 1) a R2 value close to 1; 2) a small residual 

sum of squares; 3) a reasonable positive or negative correlation. For example, glass transition 

temperature should be positively correlate with Fnet, since Fnet represents the strengths of the 

overall glass network; whereas, coefficient of thermal expansion should be negatively correlate 

with Fnet. Table 3 summaries the Fnet descriptors with a relatively good R2 value for density, glass 

transition temperature (Tg), coefficient of thermal expansion (CTE), Young’s modulus and 

hardness. As shown in Table 3, multiple Fnet descriptors for each property were found to have a 

relatively good fitting. More criteria seem to be needed for selecting the optimum descriptor of a 

specific property. Another reason for the multiple descriptors of CTE might be that both SBS and 

BSdm have a same trend of bond strength for the studied pairs, where bond strength is in an 

order of Si-O > Al-O > Ca-O. No significant improvement or deterioration was observed by 

using bond strength/Tm as a fitting parameter in comparison with using bond strength. Using 

modified m factor (MNC) provides a better fitting for glass density, Tg and CTE, while using MNC 

has no significant effect on the fittings for Young’s modules and hardness. 

 

Table 3. Summary of the Fnet descriptors with a relatively good R2 value for density, glass 

transition temperature (Tg), coefficient of thermal expansion (CTE), Young’s modulus and 

hardness. 

 Fnet R2 

Density 

BSdc/Tm with MNC 0.865 

BSdc with MNC 0.838 

SBS/Tm 0.813 

Tg 
EF/Tm with MNC 0.732 

EF with MNC 0.711 

CTE 

SBS with M
NC

 0.973 

SBS/Tm with M
NC

 0.972 

BSdm with M
NC

 0.971 

BSdm/Tm with M
NC

 0.943 
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Young’s modulus 

EF/Tm 0.988 

EF/Tm with M
NC

 0.953 

EF 0.987 

EF with M
NC

 0.958 

Hardness 

EF 0.933 

EF/Tm 0.925 

EF/Tm with M
NC

 0.844 

 

Figure 3 shows the correlation (best fit, R2 = 0.865) between the Fnet descriptor (BSdc/Tm 

with MNC) and experimental density (103 data points). Density characterizes the compactness 

and polymerization of glass network structure, which is mostly controlled by the weight of each 

component and its molar volume. Density is a well-understood glass property and many studies 

were conducted on predicting and calculating glass density from compositions [76–78]. In our 

study, density is inversely proportional with Fnet (BSdc/Tm with MNC). Since the Fnet descriptor 

represents the overall network strength, for the calcium aluminosilicate glasses studied, a high 

strength correlates to a low density. However, in a previous study on Zr added borosilicate 

glasses, density is proportional with Fnet descriptor [58]. The difference on the slope (positive or 

negative) may be caused by the network former/former substitution and former/modifier 

substitution. For instance, for a series of glasses containing same number of modifiers (e.g., 

former/former substitution), a high degree of polymerization (high network strength) would 

result in a large density. While for glasses with various number of modifiers, the high modifier-

containing glasses (low network strength) tend to have a higher density because of modifiers 

filling the voids of glass network. In a QSPR study by Lusvardi et al. [15], a structural 

descriptor, a ratio between the number of former-oxygen-former linkages to the total number of 

oxygen atoms (NX-O-X/Otot), was developed, and the experimental density of multicomponent 

glasses is proportional to NX-O-X/Otot. 
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Figure 3. Correlation between the Fnet descriptor (BSdc/Tm with MNC) and experimental 

density (103 data points).  

 

Figure 4 shows the correlation (best fit, R2 = 0.732) between the Fnet descriptor (EF/Tm 

with MNC) and glass transition temperature (62 data points). Glass transition temperature (Tg) 

represents the temperature required for overcome flow activation energy [16]. It is a very 

importance kinetic property for both fundamental and applied glass science, and there are many 

studies on theoretic predicting or calculations of Tg from glass compositions in literature [79–

83]. Recently, machine learning method was also utilized to predict the Tg of multicomponent 

oxide glasses [84]. In our study, Tg is positively correlate with Fnet (EF/Tm with MNC), which is 

consistent with that higher polymerization is expected to have a higher value of Tg [3]. The 

original Fnet descriptor, introduced in section 2.2, also fits well with Tg for a series of bioactive 

glasses [16]. It should be pointed out that R2 increases from 0.732 to 0.823 for Tg if the data 

outliner (Tg = 892 °C, 12CaO-12Al2O3-76SiO2) is excluded from fitting. Both errors from 

experimental measurements (e.g., glass phase separation, uncertainty from instruments) and 

errors from MD simulations should be considered in future development of the QSPR analysis.  
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Figure 4. Correlation between the Fnet descriptor (EF/Tm with MNC) and glass transition 

temperature (62 data points).  

 

Figure 5 shows the correlation (best fit, R2 = 0.973) between the Fnet descriptor (SBS with 

MNC) and coefficient of thermal expansion (61 data points). Theoretical predictions and 

calculations of coefficient of thermal expansion (CTE) from glass compositions were reported 

[85–88]. In our study, CTE was found to linearly correlate with the Fnet descriptor (SBS with 

MNC) with a negative slope, indicating that high overall network strength results in a smaller 

CTE. This is in accordance with that thermal expansion in solid is related to the anharmonic term 

of vibration in the potential energy for average distance of atomic pair at a temperature, where 

potential energy for multicomponent oxide glasses can be related to bond strength, cation field 

strength and the Coulomb force [36,86]. 
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Figure 5. Correlation between the Fnet descriptor (SBS with MNC) and coefficient of thermal 

expansion (61 data points).  

 

Figure 6 shows the correlation (best fit, R2 = 0.988) between the Fnet descriptor (EF/Tm) 

and Young’s modulus (36 data points). Young’s modulus is a property that corresponds to the 

stiffness of a material, and theoretic predictions/calculations of Young’s modulus from glass 

compositions were studied previously [89,90]. In our work, Young’s modulus is proportional to 

the Fnet descriptor, which is consistent with that elastic modulus is related to the strength of 

nearest neighbor bonds [65], as well as coordination, polymerization degree, atomic packing 

density and molecular organization [91].  

 



17 

 

 

Figure 6. Correlation between the Fnet descriptor (EF/Tm) and Young’s modulus (36 data 

points).  

 

Hardness is an important material property and critical to design glasses with unique 

mechanical properties such as scratch resistance in display glasses [92]. It is generally difficult to 

predict directly from physics based simulation methods by either first principles or classical 

methods. Although bulk and shear moduli were used as indication of hardness, there exist 

notable exceptions [92]. As a result, other methods such as topological constraint theory was 

used to predict the hardness of glasses [92] and we have tested QSPR analysis of hardness in this 

work. Figure 7 shows the correlation (best fit, R2 = 0.933) between the Fnet descriptor (EF) and 

hardness (26 data points) from our QSPR analysis. Hardness of glass materials determined by 

indentation can be defined as the resistance to densification, resistance to volume conservative 

shear flow or the combination of both [93]. Many theoretic predictions and calculations of 

hardness from glass compositions are available in literature [92,94,95]. However, it is worth 

noting that measured hardness values show strong dependence on the measurement methods and 

environments. Hence it is important to use a consistent set of data from the same measurement 

condition and the hardness data used in this study is from a single source with the same 
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measurement method and conditions [41]. In our study, hardness is proportional with the Fnet 

descriptor, suggesting that high overall glass network strength correlates to high glass hardness. 

This is in line with a study by Connelly et al. [96], where relatively large ions with small ionic 

field strength lower the glass hardness. 

 

 

Figure 7. Correlation between the Fnet descriptor (EF) and hardness (26 data points).  

 

4. Discussions 

4.1. Evaluation and optimal definition of Fnet descriptor for properties 

The structural descriptor is a medium used for connecting structural features with certain 

properties. Identifying a suitable descriptor for a targeted property can be challenging as glass 

properties are dominated by different structural aspects thus different descriptor might be needed 

for various properties. The structural descriptor chosen in this work Fnet contains both structural 

and energetic information thus represents the strengths of the overall glass network. However, 

depending on the choice of the components of Fnet, the descriptor represent different aspects of 

the glass behaviors. For example, the choice of BEij can be from several sources: gas phase 

diatomic molecule, single bond strength from solids, or single bond strength divided by melting 
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temperature; and the m factor can also be chosen from the maximum bond of a glass former 

cation or the actual network connectivity from Qn analysis based on MD generated structures, 

with the latter also incorporate medium range structure information. As a result, we have 

calculated 16 Fnet descriptors by using 8 different energy parameters (e.g., single bond strength, 

bond strength in diatomic molecules, bond dissociation energy in diatomic cations and enthalpy 

of fusion) and 2 types of multiplicative factors. These Fnet descriptors were used to fit with 

various experimental properties such as density, Tg, coefficient of thermal expansion, Young’s 

modulus and hardness found in literature. Multiple Fnet descriptors for each property were found 

to have a relatively good fitting. Currently, a R2 value close to 1, a small residual sum of squares 

and a reasonable positive or negative correlation were used as criteria for selecting a good fitting 

among all the Fnet descriptors for each glass property using linear regression. More criteria seem 

to be needed for choosing the optimum descriptor of a specific property. No significant 

improvement or deterioration was observed by using the ratio of bond energy to melting 

temperature of its corresponding oxide as a fitting parameter in comparison with using only bond 

strength, suggesting that there are no significant influences from considering the importance of 

the liquidus in glass formation pointed out by Rawson [64] on fitting Fnet descriptors to glass 

properties. 

Originally, m factor was introduced for evaluating the effect of the fluorine addition on 

network of phospho-silicate glasses by Lusvardi et al. [16]. In their study, m factor represents the 

maximum number of SiO4 and PO4 units linked to X-O or X-F bonds (e.g., Si-O is 4, Si-F is 3, 

Ca-O is 2 and Ca-F is 1) [16]. In our recent study, m factor was derived to evaluate the 

contribution of each cation to the overall network strength in borosilicate glasses [58]. For 

network former, 𝑚𝑋 is the maximum bridging-oxygen bonds that a former can connect (e.g., Si-

O is 4, Zr-O is 6), and 𝑚𝑋 for modifier can be interpreted as the maximum ability of a modifier 

charge compensating the formers (e.g., Ca-O is 2 and Na-O is 1) [58]. This Fnet descriptor 

exhibits excellent linear relationship with both glass density and initial dissolution rate of Zr-

containing boroaluminosilicate glasses [58]. In this study, we compared the m factor using the 

universal value for each cation with using network connectivity calculated from Qn distribution 

as the factor. Using this modified m factor by network connectivity provides a better fitting for 

glass density, Tg and CTE, while using MNC has no significant effect on the fittings for Young’s 

modules and hardness. This phenomenon suggests that glass density, Tg and CTE might be 
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greatly affected by polymerization of glass network, while no such strong effect from 

polymerization was observed on the mechanical properties.  

In this study, only single linear regression was used for fitting Fnet descriptors to glass 

properties. Other regression analyses [3] (e.g., multiple linear regression and partial least 

squares) and newly developed mathematical methods (e.g., gene expression programming, 

project pursuit regression and local lazy regression) [97] are also needed for future exploration. 

For instance, an iterative least-squares fitting method was used to correlate Tg of bioactive 

glasses from the molecular chemical compositions [80] with a few limitations of not considering 

phase separation and local structural effects [81]. This method can help with future developing 

Fnet descriptors with both structural and energy parameters. Beside various mathematical 

methods, other advanced techniques such as machine learning [98,99] can be also applied to find 

the correlations between composition/structure and properties of materials.  

 

4.2. Extension of QSPR analysis to other properties 

This work we have studied QSPR analysis of basic physical properties such as density, 

glass transition temperature, thermal expansion coefficient and mechanical properties. Other 

properties such as chemical durability can be potentially studied as well. Glass dissolution can be 

described in three main stages: 1) initial/forward dissolution rate, 2) residual rate and 3) a 

resumption of relative rapid alteration for some glasses [100]. Glass dissolution mechanism is a 

complicated property, where extrinsic factors (e.g., pH [101–103], temperature [104], solution 

chemistry [105], etc.) other than glass composition and structures can greatly change the 

mechanism interpreted. Studies have shown that QSPR analysis is a promising method to 

correlation glass chemical durability with structure [16,19]. Among the three stages of glass 

corrosion, initial dissolution rate is strongly linked to bulk glass composition and structure, 

which the current Fnet descriptors are more suitable for the QSPR analysis. Further development 

of the descriptors for initial dissolution rates tested under different environments are 

recommended. For example, using energy barriers of breaking cation-oxygen linkages calculated 

from density function theory (DFT) [23,106] in the Fnet descriptors, which might better correlate 

to the initial dissolution rates measured under basic, neutral and acid environments. However, 

residual rate of glass corrosion can be more complicated, which are affected by many other 

factors (e.g., passivating effect from alteration layers and precipitation of secondary phases 
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[100,107–109]). A more sophisticated descriptor to incorporate gel formation capability will be 

needed. Fnet that accounts for the average bulk behavior and gives good correlation of the initial 

dissolution rate but might not be suitable for residual rate of glass dissolution. Additionally, the 

calcium aluminosilicate are the major compositions for the gel layer formed as a result of glass 

dissolution. QSPR analysis of the gel layer can be performed to characterize the residual rate of 

the silicate glasses. 

Beside chemical durability of glasses, active researches have been conducted on bioactivity 

of glass materials [110,111]. Network connectivity is often used as indication for bioactivity of 

glass materials, where bioactive glasses have a network connectivity of Si between 2 and 3 

[112,113]. However, complicity can be introduced for glasses containing multiple network 

formers [55]. Fnet descriptors that include network connectivity information can be a potential 

approach to correlate glass structure and bioactivity, aiding the future design of complex 

multicomponent bioactive glasses. Further tests of QSPR analysis on predicting bioactivity of 

materials are highly recommended. 

QSPR analysis can also give an indication of the data that are incorrectly measured/ 

calculated or different structural aspects should be taken into consideration for certain 

compositions. For data point with deviations at least twice greater than the standard deviation of 

the data are usually considered as outliers [3]. Identifying data outlier can help with categorizing 

glass properties and compositions, providing deeper understanding of the structural origins for 

certain properties of various glass compositions.  

It is worth mention that the intention of QSPR analysis is not to replace the conventional 

MD simulation of the structure and property of glasses. Many of the above mentioned properties 

(e.g. Young’s and bulk moduli, Coefficient of Thermal Expansion) can be directly calculated 

from MD simulations. MD simulations also provide atomic level structural interpretation to the 

property changes and will continue to be a key simulation method for glass materials. 

Nevertheless, there are some properties that cannot be directly calculated from MD. A few of 

examples of these properties are dissolution rate and hardness. QSPR based analysis can be used 

to handle these complex properties based structural descriptors from MD simulations.  

Thus the QSPR analysis, which has already been shown to be extremely successful in 

biology and pharmaceutical fields, can combine the advantages of physics based modeling and 

data-driven machine learning approaches to obtain composition-structure-property relations of 
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complex glasses. This is different from pure data driven approaches such as machine learning of 

certain properties from composition, which highly depends on factors such as data quality, data 

size and algorithms employed. The values of MD based on QSPR analysis include: 1) to 

establish descriptor and property correlations while identifying data outliers and providing 

deeper understanding of composition-structure-property relationships; 2) to predict properties of 

materials that are not yet measured or synthesized; 3) to design new compositions and structures 

for targeted applications in a more time and budget efficient way, as compared to traditional 

“trial and error” methods. This can be applied to a large number of compositions by using high 

throughput computer simulations and machine learning based approaches to find the structural 

descriptor-property correlations, which can be powerful glass genome approach for new glass 

design and discovery.  

 

5. Conclusions 

In this work, the structure-property relationships of a wide range of calcium aliminosilicate 

glasses with over 100 compositions were studied through QSPR analysis based on structural 

information obtained from MD simulations. After validation of the glass structures from MD by 

comparing to experimental neutron diffractions, the structural information was used to calculate 

the structural descriptor Fnet. Various definitions of bonding energies, together with atomic level 

structural characteristics, were used to calculate the Fnet descriptor which thus consists of both 

structural and energetic information and explains its capability to build correlations with 

different physical properties. Excellent correlations (mainly through liner regression) between 

the Fnet descriptors and various glass properties from the literature such as density, glass 

transition temperature, coefficient of thermal expansion, Young’s modulus and hardness were 

observed, supporting the usage of Fnet as a valid structural descriptor. Further developments of 

the QSPR analysis of glasses can benefit from testing on a wider range of glass compositions, 

establishing correlations for complex glass properties (e.g., glass dissolution). The results of this 

work, together with some other recent work in the literature, thus show that combining the 

structural information from MD with QSPR analysis is a promising approach to provide a deeper 

understanding of composition-structure-property relationships of glass materials, aiding the 

design and discovery of glass compositions for various functional applications in the spirit of 

glass genome.  
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