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Abstract: Accurate prediction of the elastic properties of chalcogenide glasses (ChGs) remains a long-standing challenge due to the
structural complexity of amorphous networks and the limited availability of reliable mechanical measurements. In this work, we develop
a set of numerical estimator algorithms capable of predicting Poisson’s ratio, Young’s modulus, the Bulk modulus, and the Shear
modulus of a ChG solely from its elemental composition. Building on our earlier density-estimator framework, we introduce two
composition-based weighting schemes—XC weighting for Poisson’s ratio and XMC weighting for the elastic moduli—that incorporate
atomic fraction, atomic weight, and coordination number. Element-specific high- and low-concentration endpoint values are found
using a reverse Monte Carlo analysis approach and interpolated using a Sigmoid functional form. The resulting estimators were applied
to 171 glass compositions spanning 16 ChG families with previously reported elastic properties. Across this dataset, the estimators
achieved standard deviations of approximately 2% for Poisson’s ratio and less than 5.7% for the elastic moduli. These results show that
the elastic properties of ChGs can be predicted with practical accuracy using only elemental composition, enabling pre-melt screening
of candidate materials and reducing experimental cost and effort.
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1. Introduction

Chalcogenide glasses (ChGs) occupy a central role in modern
photonicsand infrared technologydue to theirbroad infrared trans-
parency, high refractive indices, and favorable nonlinear optical
behavior. Their utility spans infrared imaging, fiber-based sens-
ing, acousto-optic devices, and integrated photonics. Despite these
advantages, ChGs are mechanically softer and more brittle than
oxide glasses, making their elastic properties critical determinants
of manufacturability, durability, and long‐term reliability.

Mechanical behavior in amorphous materials is governed by
four fundamental elastic constants: Young’s modulus (E), Shear
modulus (G), Bulk modulus (K), and Poisson’s ratio (𝜈). These
parameters dictate how a glass responds to tensile, compressive,
shear, andvolumetric stresses, respectively.ForChGs, they influence
fiberdrawstability, thin-filmadhesion, resistance tomicro-cracking,
pressure-induced refractive index changes, and the ability of optical
components to survive thermal cycling or mechanical shock.

In practice:

1) Young’s modulus (E) represents the elasticity of the network
glass and governs deformation during fiber drawing, molding,
and thin-film deposition.
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2) Shear modulus (G) correlates strongly with brittleness and
fracture susceptibility.

3) Bulk modulus (K) describes compressibility and affects
pressure-dependent optical behavior.

4) Poisson’s ratio (𝜈) is a widely used indicator of ductility ver-
sus brittleness and is strongly linked to crack resistance and
thermal-stress tolerance.

Although these constants are interrelated through well-
known isotropic elasticity equations, direct measurement of any of
them requires specialized equipment, carefully annealed samples,
and sufficient melt mass—conditions that are not always achiev-
able in laboratory-scale ChG research. As a result, researchers
often lack mechanical data for many compositions of interest.
Our team is actively pursuing ChG atomic bonding and how
compositional trends influence optical, electronic, and mechanical
properties of the material. In an upcoming article, we will release
our new model, which provides better insights into ChG atomic
bonding. It will further the theory introduced by our team in 2022
by supplying general equations, which can be used to predict ChG
density directly and far more accurately, based solely on compo-
sition [1]. In the interim, to address the present gap of the lack
of mechanical data in these materials, we employed a subset of
our new model strategy to generate estimator algorithms that pre-
dict all four elastic constants directly. We introduce two numerical
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weighting schemes based on elemental composition and reverse
Monte Carlo (RMC)-derived endpoint values:

1) XC weighting for Poisson’s ratio (𝜈), based on atomic fraction
and coordination number.

2) XMC weighting for E, K, and G, incorporating atomic
fraction, atomic weight, and coordination number.

The choice of XC and XMC weighting was determined by
analyzing the datasets and seeing trends in the associated data.
Unlike our density research, where there was no overall trend rel-
ative to mean coordination number (MCN) [1], measured values
of Poisson’s Ratio did exhibit an overall trend with XC (which
is the same as MCN) for our initial data sources, as shown in
Figure 1.

The choice of XMC weighting for the other structural prop-
erties was driven by issues we encountered with XC weighting
on the other structural properties. Although XC weighting is an
improvement over unity weighting, the data showed a nonlinear
trend with XC, scatter, and points that did not fit the trend. For
instance, see Figure 2(a) for Young’s modulus.

Studying the data, we noticed that some of the larger
variances were between glass compositions containing lighter
elements (e.g., sulfur) versus those containing heavier elements

Figure 1
Poisson’s ratio vs XC weighting

(e.g., selenium, tellurium). Based upon this and our knowledge of
physics, we decided to add a mass (M) multiplier to our weighting
factor, thus leading to XMC weighting.

When we applied XMC to Young’s modulus, the general
trend became linear, and the high Young’s modulus data point fell
within this linear trend, as shown in Figure 2(b). We concluded
that XMC weighting would be used in our Young’s modulus
estimator algorithm since we observed a significant reduction in
variance. Similar results were observed for the bulk and shear
moduli.

Based upon our interpretation of the accumulated datasets,
we determined that a structural properties model might bene-
fit from a Sigmoid-type functional relationship, a mathematical
strategy discussed by the authors years earlier while pursuing
potential ChG modeling algorithms [2]. For each element, high-
and low-concentration endpoint values for the elastic constants
are obtained through RMC analysis of published data and
interpolated using our empirically determined Sigmoid function.
Therefore, our rationale for this approach is based partly upon
observed trends in the data and partly on the underlying physics
associated with elemental bonding mechanisms.

Our data observations indicated that the element-based
quantities were noticeably different when certain elements had a
low concentration (doping levels) in the glass versus when the
elements had a high abundance in the material matrix. Our data
suggested that the elemental values would ramp up (or down)
over the low atomic percentage range and reach a constant high
concentration asymptotic value. From a physics point of view, for
most of the elements, this behavior suggests limited average bond-
ing strengths for an element at low concentration, with rapidly
increasing bonding strengths as the element achieves higher con-
centrations. Once the bonding saturates, the system reaches an
asymptotic equilibrium level. Although an argument can be made
that each of the other particular elements in the network should
have an impact on this bonding, we have chosen to treat their
presence as contributing secondary impacts, which we will ignore
for our simplified model.

These interpolated elemental contributions are then com-
bined according to the XC or XMC weighting rules to yield the
predicted elastic properties of any multicomponent ChG.

We have been using RMC analysis as a tool following the
same basic script. The optimization procedure is to determine a

Figure 2
(a) Young’s modulus vs XC weighting and (b) Young’s modulus vs XMC weighting
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consistent set of high and low elemental constants that reduce the
variance between the calculated and measured quantity of interest
(𝜈, E, K, or G) to an acceptable level over the training set of glass
compositions.

Before we began the RMC analysis, there was one set of end-
points that could be set by definition. The high concentration end
point values for each of the four structural properties for selenium
(Se) can be equated to the measured structural properties for bulk
fully annealed vitreous (100%) selenium. The advantage of doing
this is that it establishes an anchor for each of the structural prop-
erties that all other endpoints evolve from during the subsequent
RMC iterations rather than having all endpoints variable during
the analysis.

The general objective function for the RMC is:

𝜒2 = 1
K − 1

K∑
k=1

[Q(Calck) −Q(Meask)]2 (1)

where K is the number of training glass compositions and Q is
one of the structural properties.

The training set of glass compositions can be further divided
by the elements that they contain. The RMC can be performed
for each element over the set of compositions that contain that
element. The objective functions are:

𝜒2
i = 1

Ki − 1

Ki∑
ki=1

[Q(Calcki
) −Q(Measki

)]2 (2)

where Ki is the number of glass compositions that contain
element i.

Notice that K ≠ ∑i Ki and 𝜒2 ≠ 1/(K− 1)∑i(Ki − 1)𝜒2
i .

Since the majority of evaluated glass compositions are composed
of multiple elements, the compositions are used multiple times as
the elements are repetitively evaluated. By minimizing the 𝜒2

i to
acceptable levels, the overall goal of reducing the value of 𝜒2 is
simultaneously achieved. One constraint is to ensure the constants
remain physical (i.e., positive and reasonable relative to the par-
ticular structural property) as the iterations proceed. Random
numbers are used to determine the element to be evaluated and
whether the high or low limit will be changed by a randomly cho-
sen +/− for evaluation (except selenium, where only the low limit
constant will be updated). If the change reduces 𝜒2

i , the change is
accepted. If the change increases 𝜒2

i , the change is rejected. The
RMC analysis is repeated until a consistent set of constants is
determined with acceptable 𝜒2

i values.
After the constants were determined from our subset of the

glass compositions, we evaluate the overall performance of our
estimator algorithms using 171 glass compositions drawn from
16 ChG families, representing one of the broadest cross-family
comparisons of elastic properties to date. The resulting predic-
tions show strong agreement with reported measurements, with

standard deviations (s) about 2% for Poisson’s ratio and less than
5.7% for the moduli.

While we believe our estimator algorithms are novel and pro-
vide elastic property values that are quite reasonable, we recognize
that advances in artificial intelligence and machine learning may
lead us or others to algorithms that provide greater accuracy.
This may be accomplished by either refining the physics of our
basic approach or replacing it with something more innovative.
We note that machine learning research for predicting glass prop-
erties is actively being addressed by others in the glass science
field [3–23].

1.1. Relationships between E, G, K, and 𝜈
Equations exist that allow for the calculation of any one

of these elastic constants if two others are known. For homo-
geneous and isotropic materials, the mathematical relationship
between Young’s modulus (E), Shear modulus (G), and Poisson’s
ratio (ν) is:

E = 2G(1 + ν) (3)

For homogeneous and isotropic materials, the mathematical
relationship between Young’s modulus (E), Bulk modulus (K),
and Poisson’s ratio (ν) is:

E = 3K(1 − 2ν) (4)

For homogeneous and isotropic materials, the mathematical
relationship between Shear modulus (G), Bulk modulus (K), and
Poisson’s ratio (ν) is:

G = 3K (1 − 2𝜈)
2 (1 + 𝜈) (5)

Throughout this study, we assumed that the glass composi-
tions evaluated were truly in a supercooled phase and contained
no unavoidable nucleation or crystallization. We also assumed
that all glass materials were reasonably annealed and did not con-
tain excessive internal flaws or defects. Various sources provided
the reported elastic properties for the 171 ChG compositions
evaluated in this paper [DA01–DA08, 24–40].

The glass families used in our study are provided in Table 1.
The 14 elements used in our study are Ge, As, Se, Sb, S, Te, Si,
Pb, La, Ga, In, and Zn. The basic data associated with these
elements are provided in Table 2. The atomic weight [Mi] and the
coordination number [Ci] for each of the elements are included in
the table. [Ci] represents the number of electron bonds in which
each can participate. As will be developed in the next section, the
quantity [Mi] x [Ci] will play a key role in the weighting scheme
employed for estimating the values for Young’s modulus, Bulk
modulus, and Shear modulus.

Table 1
Chalcogenide glass families used in this study

Compositional family

Vitreous Se Ge–As–Se Ge–As–S Ge–Sb–Se
Ge–As–Se–Te Ge–Si–Sb–Te Ge–Si–As–Te Ga–La–S
As–Se Ge–Sb–S Ge–Se As–Sb–Se
As–S Ge–S Ge–Ga–Se–Pb Ge–Ga–Se–In
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Table 2
Basic data associated with the elements used in this study

Periodic element Atomic weight [M i] (gm/mol) Coordination number [Ci] Weighting [M i] x [Ci] (gm/mol)

Ge 72.63 4 290.52
As 74.92 3 224.76
Se 78.97 2 157.94
Sb 121.76 3 365.28
S 32.06 2 64.12
Te 127.60 2 255.20
Si 28.09 4 112.36
Ga 69.72 3 209.16
La 138.91 3 416.73
Zn 65.38 2 130.76

2. Estimator Formulations

Predicting elastic properties from elemental composition
requires a framework that captures how each constituent element
contributes to the overall mechanical response of the amorphous
network. In this section, we introduce two weighting schemes—XC
weighting for Poisson’s ratio and XMC weighting for the elastic
moduli—along with the interpolation method used to determine
element-specific contributions at arbitrary concentrations.

These formulations build directly on our earlier density-
estimator methodology, with the key addition of coordination
number as a structural weighting factor.

2.1. Estimator for Poisson’s ratio (𝜈)
Several weighting strategies were evaluated for predicting

Poisson’s ratio from composition. The formulation that produced
the most accurate results across the 171-composition dataset
is:

𝜈 = ∑i Xi x [Ci] x 𝜈i (Xi)∑i Xi x [Ci] (6)

Where:

1) Xi = atomic fraction of element
2) Ci = coordination number of element

3) 𝜈i(Xi) = elemental Poisson’s ratio contribution at concentration
Xi

We refer to this as XC weighting, since only the atomic
fraction and coordination number determine the weighting.
Coordination number appears naturally in the RMC analysis
as a factor that scales the influence of each element on the
network’s deformation behavior, without invoking assumptions
about covalent bonding dominance.

1) Elemental endpoint values

For each element, two fixed endpoint values are defined:

a. a low-concentration limit (0% atom fraction)
b. a high-concentration limit (100% atom fraction)

These values, derived from RMC analysis of published
elastic-property data, are listed in Table 3. They represent the
intrinsic contribution of each element to Poisson’s ratio when
present from trace to dominant amounts.

2) Sigmoid interpolation

To obtain 𝜈i(Xi) at intermediate concentrations, first, we
interpolate between the low and high endpoints using a Sigmoid
function:

Sigmoid = 2 × {[ 1
1+ e−(7.5788 x Atom Fraction) ] − 0.5} (7)

Table 3
Fixed set of high and low elemental values for elastic constants

Element
Atm %

Poisson’s ratio (𝜈) Young’s modulus (E) Bulk modulus (K) Shear modulus (G)

Low High Low High Low High Low High

Ge 0.265 0.197 19.7 32.0 24.5 16.5 7.0 12.7
As 0.250 0.293 23.5 24.9 27.8 19.9 8.1 10.0
Se 0.180 0.323 3.0 9.9 2.0 7.8 5.0 3.8
Sb 0.220 0.242 31.5 26.3 23.0 17.0 14.3 6.5
S 0.503 0.300 0.04 0.01 0.08 1.2 0.12 0.04
Te 0.194 0.271 9.6 19.0 8.7 11.9 3.0 9.0
Si 0.250 0.234 35.0 12.0 4.0 6.0 5.6 5.0
Pb 0.300 0.284 8.0 82.9 49.0 65.1 25.3 30.7
La 0.022 0.035 110 117 54.0 74.4 49.0 52.0
Ga 0.210 0.227 43.3 62.7 46.0 44.0 22.0 16.0
In 0.200 0.220 40.0 48.0 27.0 35.0 10.0 15.0
Zn 0.219 0.230 133 138 95.1 104 51.5 53.0
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This function provides a smooth transition between end-
point values and reflects the nonlinear manner in which elemental
contributions evolve with concentration.

And then, the interpolated elemental Poisson’s ratio is:

𝜈i (Xi) = 𝜈i (low conci) + Sigmoid× (𝜈i (high conc) − 𝜈i (low conc)) (8)

This formulation captures the concentration-dependent
behavior observed in experimental datasets and ensures continuity
across multicomponent systems.

Figure 3 (based on the solution of Equation (7)) shows the
Sigmoid shape (low to high concentration).

Figure 3
Sigmoid functional form used in this study

2.2. Estimators for Young’s modulus, Bulk modulus,
and Shear modulus

Several different weighting formulations were also investi-
gated for estimating the values for the various structural moduli.
The schemes that seem to work best are shown in Equations
(9)–(11).

E = ∑i Xi × ([Mi] × [Ci]) × Ei (Xi)∑i Xi × ([Mi] × [Ci]) (9)

K = ∑i Xi × ([Mi] × [Ci]) × Ki (Xi)∑i Xi × ([Mi] × [Ci]) (10)

G = ∑i Xi × ([Mi] × [Ci]) × Gi (Xi)∑i Xi × ([Mi] × [Ci]) (11)

Where:

1) [Mi] is the atomic weight of the element i,
2) Ei (Xi) is an elemental value for Young’s modulus that

depends on the quantity of the element used and is explained
below,

3) Ki (Xi) is an elemental value for the Bulk modulus that
depends on the quantity of the element used and is explained
below, and

4) Gi (Xi) is an elemental value for the Shear modulus that
depends on the quantity of the element used and is explained
below.

We refer to these weighting schemes for the moduli values
collectively as “XMC” weighting, as an element’s atom fraction
[Xi], molecular weight [Mi], and coordination number [Ci] are
used to determine the weighting. The authors have utilized our
RMC [1] approach to determine a fixed set of elemental Young’s
moduli, Bulk moduli, and Shear moduli values that can be inter-
polated to evaluate the Ei (Xi) ,Ki (Xi) ,and Gi (Xi)terms. These
values are provided in Table 3. The interpolation scheme for each
element uses our Sigmoid function weighting described above.
The governing equations are:

Ei (Xi) = Ei (low conci) + Sigmoid x (Ei (high conc)−Ei (low conc)) (12)

Ki (Xi) = Ki (low conci) + Sigmoid x (Ki (high conc)−Ki (low conc)) (13)

Gi (Xi) = Gi (low conci) + Sigmoid x (Gi (high conc)−Gi (low conc)) (14)

2.3. Summary of the estimator framework

The complete estimator system consists of:

1) XC weighting for Poisson’s ratio (𝜈)
2) XMC weighting for E, K, and G
3) RMC-derived elemental endpoint values (Table 3)
4) Sigmoid interpolation to obtain concentration-dependent

elemental contributions

This framework is general, requires only elemental compo-
sition as input, and is applicable to any multicomponent ChG
containing the elements listed in Table 2.

3. Chalcogenide Glass Dataset and Estimator
Performance

To evaluate the accuracy and generality of the proposed esti-
mator algorithms, we applied them to a dataset of 171 ChG
compositions drawn from 16 distinct compositional families.
These families span a broad range of structural chemistries,
including binary, ternary, and quaternary systems based on Ge,
As, Se, S, Sb, Te, Si, Ga, La, In, Pb, and Zn. Table 1 lists the
families included in this study.

As explained earlier, elastic property measurements for
these compositions were obtained from published sources
[DA01–DA08, 24-40]. Because elastic constants are often mea-
sured on small-mass melts (typically <50 g), reported values can
exhibit nontrivial scatter due to sample preparation, annealing
conditions, and instrument limitations. Despite these challenges,
the dataset provides a sufficiently diverse and representative basis
for validating the estimator framework.

For each composition, the four elastic constants—Poisson’s
ratio (𝜈), Young’s modulus (E), Bulk modulus (K), and Shear
modulus (G)—were calculated using the XC or XMC weighting
schemes and the interpolated elemental contributions described in
Section 2. These calculated values were then compared directly to
the reported measurements.
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3.1. Poisson’s ratio (𝜈)
Figure 4 (based on the analysis of Table 3 and Equation

(6)) compares the calculated and measured Poisson’s ratios for all
compositions with available data. The estimator exhibits strong
agreement with reported values:

1) Standard deviation: 2.02%
2) Typical scatter: within ±4.6% (≈2.3𝜎)

The narrow distribution of deviations demonstrates that
Poisson’s ratio is particularly well captured by the XC weighting
scheme, reflecting the strong correlation between coordination-
weighted composition and deformation coupling behavior in
ChGs.

3.2. Young’s modulus (E)

Figure 5 (based on the analysis of Table 3 and Equation (9))
shows the comparison between calculated and measured Young’s
modulus values. Across the dataset:

1) Standard deviation: 5.24%
2) Typical scatter: within ±11.7% (≈2.2𝜎)

Figure 4
Poisson’s ratio XC-weighted analysis

Figure 5
Young’s modulus XMC-weighted analysis (with magnification

insert for majority zone)

Given the known variability in experimental E measure-
ments for small-batch ChGs, this level of agreement indicates that
Equation (7), which uses the XMC numerical weighting scheme,
effectively captures the composition-dependent elasticity of the
amorphous network.

3.3. Bulk modulus (K)

Figure 6 (based on the analysis of Table 3 and Equation (10))
presents the comparison for Bulk modulus. The estimator again
performs well:

1) Standard deviation: 4.74%
2) Typical scatter: within ±10.8% (≈2.3𝜎)

The relatively low scatter suggests that volumetric compress-
ibility is strongly governed by elemental mass and coordination
contributions, both of which are central to the XMC weighting
formulation.

3.4. Shear modulus (G)

Figure 7 (based on the analysis of Table 3 and Equation (11))
compares calculated and measured Shear modulus values. Among

Figure 6
Bulk modulus XMC-weighted analysis (with magnification insert

for majority zone)

Figure 7
Shear modulus XMC-weighted analysis (with magnification

insert for majority zone)
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Table 4
Summary of estimator accuracy across all 171 compositions

Elastic property Weighting scheme Standard deviation (%) Typical scatter (%)

Poisson’s ratio (n) XC 2.02 ± 4.6

Young’s modulus (E) XMC 5.24 ± 11.7

Bulk modulus (K) XMC 4.74 ± 10.8

Shear modulus (G) XMC 5.70 ± 11.2

the three moduli, G is typically the most sensitive to structural
defects and micro-cracking, yet the estimator still achieves:

1) Standard deviation: 5.7%
2) Typical scatter: within ±11.2% (≈1.97𝜎)

This performance indicates that the estimator captures the
essential composition-dependent factors governing resistance to
shear deformation in ChGs.

3.5. Summary of estimator accuracy

The results of Table 4 demonstrate that the estimator algo-
rithms provide practically useful predictions across a wide range
of compositions and structural chemistries. The accuracy achieved
is well within the variability expected from experimental measure-
ments of small-mass ChG melts, indicating that the estimators are
robust and broadly applicable.

4. Discussion

The estimator algorithms developed in this work demon-
strate that the elastic properties of ChGs can be predicted with
practical accuracy using only elemental composition. This is a
significant result, given the inherent challenges associated with
measuring elastic constants in small-batch ChG melts and the
wide variability in reported values across the literature. The
performance of the estimators—standard deviations of approx-
imately 2% for Poisson’s ratio and less than 5.7% for Young’s,
Bulk, and Shear moduli—indicates that the underlying weight-
ing schemes capture the essential physics governing mechanical
behavior in these amorphous networks.

A key strength of the approach lies in the use of element-
specific endpoint values derived from RMC analysis. These
endpoints encode the intrinsicmechanical influenceof each element
in both dilute and dominant concentration limits, allowing the esti-
mator to adapt naturally across diverse compositional families. The
Sigmoid interpolation ensures smooth transitions between these
limits and reflects the nonlinear manner in which structural con-
tributions evolve with concentration. Together, these components
provide a flexible yet physically grounded framework for predicting
elastic properties across a broad range of ChG chemistries.

The distinction between the XC weighting used for Pois-
son’s ratio and the XMC weighting used for the elastic moduli
is also noteworthy. Coordination number alone is sufficient for
predicting 𝜈, consistent with its role as a measure of deforma-
tion in directions perpendicular to the loading. In contrast, the
moduli depend strongly on both atomic mass and bonding capac-
ity, which is reflected in the inclusion of the [MiCi] product as a
numerical weighting contributor in the XMC formulation. This
separation of weighting schemes emerged directly from the RMC
analysis and highlights the importance of treating Poisson’s ratio
and the moduli as structurally distinct quantities.

Importantly, although the coordination number appears in
both weighting schemes, its use here should not be interpreted as
support for the MCN theory. MCN theory assumes that ChG
networks are dominated by covalent bonding and that a single
average coordination value can predict physical properties. Our
earlier work has shown that most ChGs are not governed primar-
ily by covalent bonds but instead exhibit a complex mixture of
van der Waals (vdW), covalent, and metastable bonding interac-
tions. The coordination number in our estimators serves only as
a scaling factor that improves the weighting of elemental contri-
butions; it does not imply any assumptions about the underlying
bonding character. Consistent with this, we find no meaningful
correlation between MCN and the elastic moduli across the 171
compositions studied.

The estimator performance is also influenced by the quality
of the underlying experimental data. Elastic property measure-
ments for ChGs are often performed on melts of limited mass,
typically less than 50 grams, and are sensitive to annealing con-
ditions, sample geometry, and instrument calibration. Variations
of ±10% in reported values are common. In this context, the
estimator deviations observed in this study fall well within the
expected experimental uncertainty, suggesting that the algorithms
are capturing the true composition-dependent trends rather than
overfitting to noisy data.

Looking forward, the availability of additional high-quality
elastic property measurements—particularly for underrepresented
compositional families—would further refine the elemental end-
point values and improve estimator accuracy. Moreover, advances
in machine learning may offer complementary insights by iden-
tifying subtle nonlinear relationships or higher-order interactions
not captured by the current weighting schemes. Several groups
have already begun exploring data-driven approaches to predict-
ing glass properties, and the framework presented here provides a
physically interpretable foundation that could be integrated with
such methods.

Overall, the results of this study demonstrate that the elastic
properties of ChGs can be reliably estimated from composi-
tion alone, enabling researchers to evaluate candidate materials
before melting and testing. This capability reduces experimen-
tal cost, accelerates materials discovery, and provides a unified,
composition-based framework for understanding mechanical
behavior across a wide range of ChG systems.

5. Worked Examples

To illustrate the practical use of the estimator algorithms, we
present two representative examples drawn from the Ge–As–Se
and As–Se ChG families. Each example demonstrates how the
XC and XMC weighting schemes, together with the Sigmoid-
interpolated elemental endpoint values, are used to compute
Poisson’s ratio, Young’s modulus, Bulk modulus, and Shear
modulus directly from composition.
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All elemental constants used in these examples are taken from
Table 3, and all Sigmoid values are computed using Equation (5).

Example 1:
Ge15As10Se75 (Measured data source: [24])
Step 1: Table 5 summarizes the compositional and basic data

employed in Example 1.

Table 5
Composition and elemental parameters

Element

Atom
fraction

(Xi)

Atomic
weight Mi

(gm/mol)

Coordi-
nation
Ci MiCi

Ge 0.15 72.63 4 290.52
As 0.10 74.92 3 224.76
Se 0.75 78.97 2 157.94

Step 2: Sigmoid values
Using Equation (7):
Sigmoid(0.15) = 0.514
Sigmoid(0.10) = 0.362
Sigmoid(0.75) = 0.993

Step 3: Interpolated elemental contributions
Using Equations (8), (12)–(14):
Poisson’s ratio contributions
Ge: 0.265 + 0.514(0.197 − 0.265) = 0.230
As: 0.250 + 0.362(0.293 − 0.250) = 0.266
Se: 0.180 + 0.993(0.323 − 0.180) = 0.322

Table 6 provides the interpolated moduli contributions by
element using Equations (12)–(14).

Table 6
Moduli contributions (GPa)

Element Ei(Xi) Ki(Xi) Gi(Xi)

Ge 26.03 20.39 9.93
As 24.01 24.94 8.79
Se 9.86 7.77 3.78

Step 4:Compute Poisson’s ratio (XC weighting, Equation (6))

𝜈 = [(0.15)(4)(0.230) + (0.10)(3)(0.266)+ (0.75)(2)(0.322)][(0.15)(4) + (0.10)(3) + (0.75)(2)] = 0.292
Evaluation:
Measured value: 0.290
Difference: 100× (Calculated–Measured)/Measured=0.68%

Step 5: Compute elastic moduli (XMC weighting, Equations
(9)–(11), respectively)

E = [(0.15)(290.52)(26.03) + (0.10)(224.76)(24.01)+ (0.75)(157.94)(9.86)][(0.15)(290.52) + (0.10)(224.76) + (0.75)(157.94)] = 15.4
Young’s Modulus
E = 15.4 GPa
Measured: 15.3 GPa

Difference: 100× (Calculated –Measured)/Measured= 0.67%

K = [(0.15)(290.52)(20.39) + (0.10)(224.76)(24.94)+ (0.75)(157.94)(7.77)][(0.15)(290.52) + (0.10)(224.76) + (0.75)(157.94)] = 12.84
Bulk Modulus
K = 12.84 GPa
Measured: 12.27 GPa
Difference: 100 × (Calculated –Measured)/Measured = 4.6%

G = [(0.15)(290.52)(9.93) + (0.10)(224.76)(8.79)+ (0.75)(157.94)(3.78)][(0.15)(290.52) + (0.10)(224.76) + (0.75)(157.94)] = 5.84
Shear Modulus
G = 5.84 GPa
Measured: 5.92 GPa
Difference:100× (Calculated–Measured)/Measured=–1.32%

Example 2:
As30Se70 (Measured data source: [38])
Step 1: Table 7 summarizes the compositional and basic data

employed in Example 2.

Table 7
Composition and elemental parameters

Element

Atom
fraction

(Xi)

Atomic
weight Mi

(gm/mol)

Coordi-
nation
(Ci) MiCi

As 0.30 74.92 3 224.76
Se 0.70 78.97 2 157.94

Step 2: Sigmoid values
Sigmoid(0.30) = 0.813
Sigmoid(0.70) = 0.990

Step 3: Interpolated elemental contributions
Poisson’s ratio contributions
As: 0.250 + 0.813(0.293 − 0.250) = 0.285
Se: 0.180 + 0.990(0.323 − 0.180) = 0.322

Table 8 provides the interpolated moduli contributions by
element using Equations (12)–(14).

Table 8
Moduli contributions (GPa)

Element Ei(xi) Ki(Xi) Gi(Xi)

As 24.64 21.38 9.65
se 9.84 7.75 3.78

Step 4: Compute Poisson’s ratio

ν = [(0.30) (3) (0.285) + (0.70) (2) (0.322)][(0.30) (3) + (0.70) (2)] = 0.308
Evaluation:
Measured: 0.307
Difference: 100 × (Calculated – Measured)/Measured = 0.3%
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Step 5: Compute elastic moduli
Young’s Modulus

E = [(0.30) (224.76) (24.64) + (0.70) (157.94) (9.84)][(0.30) (224.76) + (0.70) (157.94)] = 15.45
E = 15.45 GPa
Measured: 15.20 GPa
Difference: 100× (Calculated –Measured)/Measured= 1.59%

K = [(0.30) (224.76) (21.38) + (0.70) (157.94) (7.75)][(0.30) (224.76) + (0.70) (157.94)] = 12.91
Bulk Modulus
K = 12.91 GPa
Measured: 13.13 GPa
Difference:100× (Calculated–Measured)/Measured=–1.65%

G = [(0.30) (224.76) (9.65) + (0.70) (157.94) (3.78)][(0.30) (224.76) + (0.70) (157.94)] = 6.00
Shear Modulus
G = 6.00 GPa
Measured: 5.82 GPa
Difference: 100× (Calculated –Measured)/Measured= 3.10%
Summary of Examples
These two examples demonstrate:

1) The estimator algorithms reproduce measured elastic proper-
ties with very good accuracy.

2) Deviations are typically below the experimental uncertainty
expected for small-mass ChG melts.

3) The XC and XMC weighting schemes work well across
different families and bonding chemistries.

4) The Sigmoid interpolation provides smooth, physically
reasonable transitions between elemental endpoint values.

5) Together, these examples illustrate how the estimator frame-
work can be applied to any multicomponent ChG containing
the elements listed in Table 2.

6. Conclusions

This study demonstrates that the elastic properties of
ChGs—Poisson’s ratio, Young’s modulus, Bulk modulus, and
Shear modulus—can be predicted with practical accuracy using
only the elemental composition of the glass. By combining
RMC-derived elemental endpoint values with composition-based
weighting schemes (XC for Poisson’s ratio and XMC for the elas-
tic moduli), we developed a unified estimator framework capable
of reproducing measured elastic constants across a broad range
of ChG families.

Application of the estimators to 171 compositions from 16
distinct ChG families yielded strong agreement with reported
measurements, with standard deviations of approximately 2% for
Poisson’s ratio and less than 5.7% for the elastic moduli. These
deviations fall well within the experimental variability typically
associated with small-mass ChG melts, indicating that the estima-
tors capture the essential composition-dependent trends governing
mechanical behavior in these materials.

A key advantage of this approach is that it requires no struc-
tural assumptions about bonding character or network topology.
Although the coordination number appears in the weighting
schemes, its use is purely empirical and does not imply sup-
port for the MCN theory. Consistent with our earlier findings,

we observe no meaningful correlation between MCN and the
elastic moduli across the compositions studied. Instead, the
estimator framework relies on elemental contributions derived
directly from experimental data, making it broadly applicable to
multicomponent systems with diverse bonding environments.

The ability to estimate elastic properties from composition
alone provides a valuable tool for researchers and glass design-
ers. It enables pre-melt screening of candidate materials, reduces
experimental cost and effort, and accelerates the development
of new ChG compositions for infrared optics, photonics, and
related technologies. As additional high-quality elastic property
data become available, the elemental endpoint values can be
refined further, and integration with modern machine learning
techniques may offer additional improvements.

Historical models based on Phillips–Thorpe (P–T) constraint
theory predict a sharp transition to “rigidity” and a corre-
sponding drop in Poisson’s ratio (𝜈) as coordination increases.
Traditional ChG atomic bonding models assume a 3D covalent
network that becomes “rigid” at a coordination number r ≅ 2.4. It
is a theory which states that ChGs are governed predominantly—
if not completely—by continuous 3D covalent cross-linking as
opposed to intermolecular vdW interactions. The results of our
elastic properties research contained within this article contradict
(P–T) theory by revealing mechanical “softness” in As-rich As–Se
systems and Ge-rich ternary systems. This new evidence further
supports our vdW predominance theory [1]. Macroscopic elastic
response is limited by the weak, vdW structural links. Arguably,
we envisage these links to be vdW “intermolecular gaps” found
between layers of covalent bond motifs. More importantly, this
support offers a physical explanation for many physical behaviors
that covalent models struggle to justify, especially density. ChGs
are actually held together by the weaker vdW forces between
molecular cluster or chain motifs. Thus, these amorphous mate-
rials present a “rigidity,” which is far more fluid and which
helps to explain why many ChGs exhibit intermediate-to-fragile
behavior rather than the extreme “strength” of a 3D network
like amorphous SiO2. VdW bonds are significantly more sensi-
tive to thermal fluctuations than covalent bonds. High sensitivity
translates directly into a higher fragility index, as the liquid’s vis-
cosity drops quickly upon heating when these weak intermolecular
forces are overcome. For optical and photonic applications such
as IR lenses, phase-change memory, and night vision systems,
the “fragility index” dictates the material’s processing window.
The authors believe that the “covalent network” is a subset
of the structure and that the overall macroscopic properties—
including the glass transition—are governed by the “glue” of vdW
interactions.
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