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ABSTRACT

Predicting the properties of materials prior to their syntheses is of great significance in materials science. Optical
materials exhibit a large number of interesting properties that make them useful in a wide range of applications,
including optical glasses, optical fibers, and laser optics. In all these applications, refraction and its chromatic dispersion
can directly reflect characteristics of the transmitted light and determine the practical feasibility of the material.
We demonstrate the feasibility of reconstructing chromatic dispersion relations of well-known optical materials, by
aggregating data over a large number of independent sources, which are contained within a materials database of
experimentally determined refractive indices and wavelength values. We also employ this database to develop a machine-
learning platform that can predict refractive indices of compounds without needing to know the structure or other
properties of a material of interest. We present a web-based application that enables users to build their customized
machine-learning models; this will help the scientific community to conduct further research into optical materials
discovery.

1. Introduction

One fast-developing topic in contemporary materials sci-
ence is the high-throughput screening of prospective mate-
rials. The traditional combination of experimental work and
computational modelling is in most cases time-consuming,
expensive, and reliant on scientific intuition.1,2 Recently,
the idea of using data science to model and design materi-
als has received increasing attention. This has resulted in
substantial improvements with respect to increased time ef-
ficiency and prediction accuracy of material properties.2 Us-
ing these techniques, materials properties can be predicted
and simulated prior to their syntheses. By constructing an
open-source global repository of results from simulations
and property models, researchers can find a better way to
plan their experiments or computations without the need
for repeating previously undertaken experiments.

Over the course of the past 30 years, studies trying to
manifest the feasibility of modelling material properties by
machine-learning technologies have emerged from intuition.
For example, Pilania et al. trained kernel ridge-regression
algorithms on Density Functional Theory (DFT) calcula-
tions of polymers and achieved an average accuracy of over
90% on validation sets that predict the atomization energy

and the band gap of polymers.3 Ward et al.4 reported a
broadly-applicable feature set that contains 145 attributes
to predict properties of inorganic materials. They trained a
fast decision tree algorithm on DFT calculations to predict
whether a composition can possibly form a metallic glass
alloy. In 2018, Zhai et al. used 47 reported data of experi-
mental Curie temperatures of perovskite materials to train
several machine-learning models and achieved a mean per-
centage error of about 9%; they also proposed a perovskite
material, La0.66Sr0.3Ba0.04MnO3

5 which was prospected to
exhibit the highest predicted Curie temperature.

The refractive index is one of the most fundamental op-
tical properties that describe how the speed of light trav-
els within materials with respect to the speed of light in
vacuum. Physically, the electromagnetic (EM) field inside
the material is a superposition of the incident EM field
and the stimulated EM field. The stimulated field arises
from re-emissions of photons from electrons after multiple
absorption mechanisms. However, the re-emitted photons
might not be in phase with the incident photons. As a con-
sequence, the superposition field is observed to be ’slower’
than the incident field. The refractive index of the material
is a key parameter for device designs.6 The evaluation of
refractive indices is of considerable significance for appli-



cations in integrated optic devices such as switches, filters,
and modulators. Furthermore, knowing the refractive index
and its chromatic dispersion is crucial for the evaluation
of the suitability of a given material with nonlinear opti-
cal applications; for instance, their role in determining the
phase-matching configurations for efficient sum-frequency
generation. Therefore, many studies have been carried out
to find an empirical formula that expresses the refractive
index in terms of other physical properties.7–11 In general,
the accuracy and generalizability of these relationships have
been improved over time due to more materials being mea-
sured and the improvement of the measurement techniques.
However, these estimations still suffer from their own short-
comings. Most of the estimations have favourable predic-
tions only on a certain type of materials (semiconductors or
Pb/SnTe alloys). These relationships require a knowledge
of band gaps which is not an easily-accessible property for
unseen or rarely used compounds. More importantly, the
refractive index originates from multiple microscopic res-
onance mechanisms such as time-varying dipole moments
of electrons, atoms and other oscillators. Under the classi-
cal regime, the complex refractive index can be expressed in
terms of resonance frequencies, ω0, of different oscillators:12

n2 = ϵr(ω) =

1 +
Ne2

ϵ0m0

∑
j

fj
(ω2

0j − ω2 − iγjω)

 (1)

where fj is the oscillator strength representing the
quantum-mechanical transition probability, m0 is the mass
of the electron, and γ is the damping rate. As the band gap
is a property of the electronic band transition, an expres-
sion of refractive indices in terms of band gaps will naturally
miss the contributions of other oscillators.

Apart from theoretical modelling, efforts have also been
made to model the refractive index by a data science ap-
proach. Xuejing et.al collected refractive indices of 115 ionic
liquids (ILs) and built an extreme learning machine (ELM)
intelligence algorithm to predict the refractive index of ILs
from molecular descriptors calculated by quantum chem-
istry.13 Mojtaba et al. developed a deep neural network
(DNN) to predict the refractive index of organic compounds
based on 100,000 DFT calculations.14 They also employed
topological and physico-chemical features and molecular
fingerprints as descriptors to construct numerical represen-
tations of molecules. Such modelling efforts either required
the manual collection of data or the generation of data from
DFT calculations, and the ranges of refractive indices in
their datasets were relatively narrow: 1.35-1.60 in Xuejing’s
study and 1.4-2.0 in Mojtaba’s study. These models also re-
quire the structure of the candidate material to be known,

and quantum chemistry calculations of the structure to be
available. However, since accurate quantum-chemistry cal-
culations are computationally expensive, these constraints
make it hard to screen a large set of novel candidate mate-
rials. The requirement of knowing the structure of the ma-
terial forces scientists to screen only the materials whose
structures have been reported in the literature.

This paper sets out to reveal the potential of an auto-
generated database by performing a two-part downstream
analysis. The first part of our analysis sets out to show
the benefit of reconstructing chromatic dispersion relations
from a vast number of data sources. The second part of our
analysis focuses on the development of a machine-learning
model that has superior prediction power than empirical re-
lations and can operate without the need for knowing other
properties of the compound. The model is developed using
source data from a materials database of 49,076 experimen-
tal values of refractive indices for 6,721 compounds.15 This
database was auto-generated using the ’chemistry-aware’
natural language processing (NLP) toolkit, ChemDataEx-
tractor.16 Relevant data from this database were used to
explore three machine-learning models that are based on:
Support Vector Regression (SVR), random forest regression
(RFR), and Gaussian Process regression (GPR). Reference
values of elemental properties17 were also used to aid the
development of the machine-learning models. A web appli-
cation is presented that allows the scientific community to
query the refractive index database and associated refer-
ence elemental properties with our machine-learning model
to make their own refractive index predictions for the com-
pound of interest. We also demonstrate the feasibility of
mapping chromatic dispersion relations of compounds us-
ing the experimental database of refractive indices since
it also contains their associated wavelengths. We begin by
presenting the result of these mapping efforts.

2. Results and discussion

2.1. Reconstruct dispersion relations of different types of
materials

Chromatic dispersion is a phenomenon whereby light beams
of different optical frequencies travel at different velocities
inside the material; this originates from different resonance
strengths at different frequencies. As a real-life example,
when sunlight is dispersed by droplets of water in the air,
rainbows can be observed.

Material dispersion can be a desirable or undesirable
effect in optical applications. For example, spectrometers
are constructed from the advantage that light is dispersed
when passing through glass prisms. However, chromatic dis-
persion is a serious consideration in long-haul optical fibers.



Pulses always have finite spectral widths (bandwidth), the
dispersion will essentially stretch or flatten the initially
sharply-defined binary pulses of information. Thus, the
large dependence of the pulse propagation on the chromatic
dispersion requires knowing accurate chromatic dispersion
information about materials in optical fiber applications.
Refractive index and extinction coefficient are closely re-
lated to each other via the Kramers-Kronig relations.12,18

If the chromatic dispersion of a material is obtained, the
absorption spectrum can then be calculated directly. This
will help scientists to investigate crystal structures of ma-
terials and microscopic quantum mechanical states of the
molecules.

Owing to the costly nature of designing and conducting
experiments, existing studies often focus on measuring re-
fractive indices within a narrow range of wavelengths.19,20

The first contribution of our work is to show the ability of
reconstructing chromatic dispersion relations from refrac-
tive index data that have been aggregated under different
measurement wavelengths from a vast number of document
sources. The complementary nature of these multiple source
data can help researchers to ascertain information about
dispersion relations that were not reported in the litera-
ture for compounds of interest to them. We begin with case
studies of reconstructing chromatic dispersion relations of
several types of materials. The reconstruction was accom-
plished by fitting a second-order Sellmeier21 equation using
the ordinary least squares method with a L2 regulariza-
tion on the fitting parameters. Their reconstructed disper-
sion relations are compared with reported reference values
taken from articles that are not present in our text-mining
database of refractive indices and associated wavelengths.15

The refractive index and dispersion relations of these ma-
terials have been widely reported, making these materials
ideal candidates to evaluate our database and refractive in-
dex prediction toolkit. Moreover, the chromatic dispersion
dn/dλ, group velocity dispersion GVD, at the sodium D-
line (589.6 nm) and the Abbe number of each candidate
were calculated and compared with reported values. Over-
all, there are 138 compounds in our database that have
more than 5 refractive index data points of distinct mea-
surement wavelengths, 78 compounds that have more than
8, and 59 compounds that have more than 10. When seek-
ing a better quality of the reconstruction, we recommend
using lower-order fitting functions for compounds that have
no more than 5 data points of distinct wavelengths.

2.1.1. Reconstruct chromatic dispersion relations of glasses

Barium fluoride (BaF2) is an inorganic compound that oc-
curs in nature as the rare mineral frankdicksonite.22 As

a promising optical material with high density, it is com-
monly used to fabricate optical glasses, optical fibers and
laser generators. BaF2 is transparent from the ultraviolet
to the infrared, and it is used in windows for infrared or
ultraviolet spectroscopy. As one of the fastest scintillators,
it is also used for the detection of X-rays, gamma rays or
other high energy particles.23

The corresponding dispersion relation of BaF2 that
has been automatically reconstructed from our database
sourced from the scientific literature15 is shown in Fig. 1.
Values in our database were obtained from 5 articles and
covered a wide wavelength range. Error bars show the stan-
dard deviation between values of individual measurements
mined for the same wavelength where multiple data exist.
The reconstructed Sellmeier equation (Eqn. 2) shows a high
correlation with the generally reported trend. The denom-
inators of our fitted equation also suggest that two of the
absorption peaks of BaF2 are at 0.1172 µm and 30.17 µm.

Fig. 1: Reconstructed chromatic dispersion relation of BaF2

alongside reported values24 that are not present in the cor-
pus of scientific literature that was text-mined to afford
our database.15 The red line indicates the reconstructed
Sellmeier equation. Error bars on the red points show the
standard deviation between values of individual measure-
ments mined from different sources.

n2(λ) = 1.656 +
0.5037λ2

λ2 − 0.11722
+

3.612λ2

λ2 − 30.172 (2)

Chalcogenide glasses represent another important fam-
ily of glasses within inorganic glasses. They have drawn
increasing attention from both scientists and industry due
to their excellent transmittance in the infrared region, a
continuous shift of the optical absorption edge, and good



mechanical properties.20 They have been used as infrared
transmitting materials in a wide range of optical devices
such as far-infrared thermography systems, As-Se optical
fibers, and Acousto-optic modulators.25

The wavelength dependence of refractive index for
As40S40Se20, reconstructed from information in our NLP-
generated database, is shown in Fig. 2. The data points in
our database were mined from three different articles. The
reconstructed dispersion relation again shows a high corre-
lation with the reported trend, although the fitted Sellmeier
equation is slightly adrift by two outliers at near-infrared
wavelengths. To the best of our knowledge, this is the first
report of a fitted Sellmeier equation on As40S40Se20.

Fig. 2: Reconstructed chromatic dispersion relation of
As40S40Se20 alongside reported values20 that are not
present in the text-mined corpus. The red line indicates
the reconstructed Sellmeier equation. Error bars on the red
points show the standard deviation between values of indi-
vidual measurements mined from different sources.

n2(λ) = 4.158 +
1.523λ2

λ2 − 0.38472
+

0.1292λ2

λ2 − 0.46232 (3)

The absorption mechanism of inorganic glasses is mostly
due to electronic state transitions. Thus, inorganic glasses
often display an absorption peak within the near-ultraviolet
wavelengths band. Our NLP-generated database has shown
its potential in accurately reconstructing chromatic disper-
sion relations of glasses within visible and near-infrared
wavelengths, with additional functionalities of calculating
group velocity dispersion and Abbe number at given wave-
lengths. The fitted Sellmeier equation also provides the
possibility of roughly estimating absorption peaks for the

glasses. A more accurate estimation of the absorption peak
may be achieved by using a higher-order Sellmeier equation.

2.1.2. Reconstruct chromatic dispersion relations of oxides

As the second most common oxide on the earth, Aluminum
oxide (Al2O3) has been used widely in the materials indus-
try owing to its high hardness, excellent chemical stability
and high melting temperature. Al2O3 has also been found
to present promising applications as an optical material.
Owing to its low absorption among ultraviolet and visible
bands, alumina films can be combined in multi-layers with
silicon dioxide (n = 1.48) for UV laser applications.26 Amor-
phous Al2O3 also plays an important role in optical appli-
cations such as optical lenses and windows, anti-reflection
coatings, and optical waveguides.27

As it is a very popular material, there exist 56 refrac-
tive indices data with wavelength information of Al2O3 in
our database which were mined from 22 articles. The re-
constructed Sellmeier equation is shown in Fig. 3. The dis-
persion reconstruction shows a very similar trend with re-
ported literature values. Some data points in our database
are observed to deviate from literature values in the vis-
ible band which is probably due to the fact that the re-
fractive indices of Al2O3 are dependent on the degree of
oxidation, the substrate temperature and the crystal den-
sity achieved. Meanwhile, results from our NLP-generated
database15 successfully predicts the existence of an absorp-
tion peak below 300 nm.26 It is worth noting that there is
only one value below the fitted peak. This brings possible
sensitivity to the Sellmeier model. If this value is absent
or incorrect, the fitting process might be affected. Users
are recommended to pay extra attention to the data points
that are near-resonance.

n2(λ) = 2.779 +
2.262 · 10−4λ2

λ2 − 0.015062
+

0.2184λ2

λ2 − 0.17772 (4)

2.1.3. Reconstruct chromatic dispersion relations of organic
solvents

It has been widely reported that the solvent environ-
ment will affect the optical behavior of multiple syn-
thetic products during the chemical synthesis process.30–32

As an example, acetone, or propanone (chemical formula
CH3COCH3) serves as an important organic solvent in its
own right, in industry, at home, and in the laboratory. Many
articles have reported the refractive indices of acetone when
used as a solvent. Investigating the wavelength dependence
of refractive indices of acetone will help the scientists bet-



Fig. 3: Reconstructed chromatic dispersion relation of
Al2O3 alongside reported values28,29 that are not present in
the text-mined corpus.15 The red line indicates the recon-
structed Sellmeier equation. Error bars on the red points
show the standard deviation between values of individual
measurements mined from different sources.

ter estimate the possible effect of acetone on the optical
property of the product prior to the synthetic process.

Fig. 4: Reconstructed chromatic dispersion relation of ace-
tone alongside reported values,19 that are not present in the
NLP-generated database.15 The red line indicates the re-
constructed Sellmeier equation. Error bars on the red points
show the standard deviation between values of individual
measurements mined from different sources.

n2(λ) = 1.4495 +
0.08511085λ2

λ2 − 0.2379372
+

0.2887267λ2

λ2 − 0.0772672 (5)

The reconstructed dispersion (Fig. 4) relation strongly
agrees with the trend reported in the literature. The change
in the refractive index of acetone as a function of wavelength
is less than 2% across visible and near-infrared bands. This
absorption-free behavior makes acetone a promising solvent
in chemical synthesis under visible and near-infrared light
environments.

2.1.4. Reconstruct chromatic dispersion relations of elements

The optical properties of crystalline semiconductors play
significant roles in pure physics and materials science re-
search. Knowledge of parameters related to these proper-
ties, primarily for silicon and III–V semiconductors, has
attracted great attention and received a high priority in mi-
croelectronics and optoelectronics since the establishment
of these industries.33 The reported and reconstructed dis-
persion relations of silicon are shown in Fig. 5.

Fig. 5: Reconstructed chromatic dispersion relation of sil-
icon alongside reported values,34,35 that are not present
in the NLP-generated database.15 The red line indicates
the reconstructed Sellmeier equation. Error bars on the red
points show the standard deviation between values of indi-
vidual measurements mined from different sources.

n2(λ) = 13.9315 +
0.32694λ2

λ2 − 0.396512
+

13.1478λ2

λ2 − 77.62172 (6)

A total number of 153 records on silicon from 12 ar-
ticles were filtered from our database with measurement
wavelength information. The original values in our database
strongly agree with the reported trend. Both the reference
and reconstructed diagrams show a clear refractive index
peak at around 380 nm. This refractive index peak results
from enhanced band transitions of electrons within crys-



talline silicon. As the photon energy increases, it is not just
the electrons that already have energy close to that of the
band gap; the electrons within lower bands can also interact
with the photon. Therefore, a larger number of electrons can
interact with the photon which results in an enhancement
of photon absorption. It is worth noting that the inverse-
hyperbolic nature of the Sellmeier model is less capable in
giving an accurate estimation on the refractive index near
the absorption peak, which it can be observed from the
compromised fit in the subplot of Fig. 5, but it nonetheless
gives a rough estimation of the location of the absorption
peak.

2.1.5. Calculations of parameters related to chromatic
dispersion relations

In optics and lens design, the chromatic dispersion dn/dλ,
group velocity dispersion, (GVD), and Abbe number are
frequently used to characterize the dispersion of certain
materials. To gain a better understanding of our database
application toolkit on reconstructing dispersion relations,
these parameters were calculated from the fitted Sellmeier
equations and presented in Table 1. Parameters of BaF2

and acetone were found to be in very good agreement with
reported values as they are colorless crystals and transpar-
ent liquid under visible light. Parameters of Al2O3 were
found to deviate within the same order of magnitude with
reported values; this deviation stands to reason, as Al2O3 is
not absorption-free within the measured wavelength ranges
and the refractive indices of Al2O3 possess larger noise lev-
els in our database. Parameters of Silicon show a deviation
to the literature result by one order of magnitude. This
confirms the aforementioned fact that the fitting of the Sell-
meier equations on Silicon is less useful as a result of the
complex shape across its absorption peak. To the best of
our knowledge, this is the first report of these parameters
of As40S40Se20.

Apart from the calculation of these empirical parame-
ters, we performed a two-sample Kolmogorov-Smirnov (KS)
test36 to quantitatively measure the goodness of the fittings,
whereby the two samples are 1) raw data points taken from
reported studies, i.e., the blue points on Fig. 1-5, and 2) re-
fractive indices predicted by the fitted Sellmeier equations
at discrete wavelengths of the reported values. The null hy-
pothesis is set to be that the samples are drawn from the
same distribution, i.e., the ground-truth of the chromatic
dispersion relation. The alternative hypothesis is that they
are drawn from two distinct distributions. P-values that re-
port the results of these tests are presented in Table 1. The
large p-values of the first four compounds indicate that the
null hypothesis of these compounds cannot be rejected. The

statistical significance of the fitted Sellmeier equations are
thus shown to be sufficiently capable that they can enough
to represent the experimentally-validated dispersion rela-
tions. Meanwhile, a small p-value of silicon (≪ 0.01) again
confirms that the fitting result of Silicon is less satisfactory.

2.2. Predicting refractive indices of inorganic materials

We have seen a highly accurate reconstruction of the chro-
matic dispersion relations. However, our database applica-
tion toolkit is not only designed to perform these recon-
structions, but a distinct contribution of our work is that
the text-mined refractive index records are automatically
paired with the elemental properties of their constituent
elements. Using these features and a database with high
diversity, we are able to construct physically interpretable
machine-learning models of refractive indices and therefore
perform generic refractive index predictions. Details of the
full list of descriptors used in this study and how they were
constructed can be found in Table S4 and Section 2 of the
Supporting Information.

2.2.1. Model development

Our machine-learning models were developed by deploying
the pipeline in the ’Method’ section. The support vector
regression (SVR) model performed best. Further details of
results for other models can be found in the Supporting In-
formation Section 3. All models were validated using two
methods: predicting the refractive index of an external set
of materials that are not presented in our database to esti-
mate the accuracy of our models and ’Leave-one-out’ cross-
validation to compare the generalizability of our models.
The performance of trained machine-learning models was
compared against cognate results that stem from the use
of empirical relationships to determine the refractive index
of a compound that were developed by Moss,7 Ravindra et
al.,8 and Reddy et al.,9 whereby

n4
0Eg = 108eV (Moss revised)

n0 = 4.084− 0.62Eg (Ravindra et al.)

n = −ln(0.102∆χ∗) (Reddy et al.) (7)

Unlike the traditional empirical approaches,7–9 our
study demonstrated the potential of employing machine-
learning techniques to find the most related physics-inspired
descriptors that determine the refractive index. The SVR
model suggests that the average column number, average
row number, average number of p valence electrons, av-
erage electron affinity, average density and the maximum



Table 1: The predicted Chromatic dispersion dn/dλ, group velocity dispersion (GVD) at 589.6 nm, Abbe number cal-
culated by using the equations outlined in ’Methods’ and the p-value of the Two-sample Kolmogorov-Smirnov test. The
reported values were obtained from Mikhail’s calculations37 based on the reported refractive index literature of these
chemicals.

Chromatic Dispersion
(µm−1)

GVD
(fs2/mm) Abbe number p-value

Compound This study Reported This study Reported This study Reported

BaF2 -0.027 -0.029 47.20 54.95 92.23 81.78 0.986
As40S40Se20 -1.620 N/A 6350 N/A 3.343 N/A 0.953
Al2O3 -0.024 -0.055 49.12 91.17 156.3 72.31 0.876
Acetone -0.032 -0.033 69.74 65.81 56.13 54.46 0.999
Silicon -0.229 -2.300 499.1 N/A 45.68 N/A 1.8×10−8

difference in electronegativity of constituent elements are
the six most important features.

The average column number and average row number
can directly reveal the information of the ionic radii of the
constituent elements. The ionic radii are associated with
the refractive index according to the Lorentz-Lorenz equa-
tion.38 The number or the configuration of valence electrons
contributes to the refractive index via atomic electronega-
tivity.39–41 For example, in TiO2, the electronic configura-
tion of Ti is [1s2 2s2 2p6 3s2 3p6 3d2 4s2] and of O is [1s2

2s2 2p4]. The highest occupied molecular orbital (HOMO)
is formed by the hybridization of 3d orbitals of titanium
and 2p orbitals of oxygen. Meanwhile, the lowest unoccu-
pied molecular orbital (LUMO) is made up of only pure
3d orbitals of titanium. This gives rise to a difference in
the nature of the HOMO and LUMO called ’dissimilar par-
ity’.42 This dissimilarity will reduce the transition proba-
bility of the excited electron in the LUMO falling back to
the HOMO, leading to a reduction of electron-hole pair re-
combination.42 The average electron affinity descriptor is
a measure of the capability of attracting electrons of the
constituent atoms. It can affect the optical refractive index
by putting an impact on the ability to form instantaneous
dipoles when atoms are exposed to external fields. The den-
sity of the compound is expected to be proportional to the
average density of its constituent elements, and it will affect
the refractive index through the number density of molecule
per unit volume. The inclusion of maximum difference in
electronegativity between cations and anions, ∆χ∗, has a
direct bearing on the concept of chemical bonding in na-
ture.9 Meanwhile, the correlation between energy gaps and
maximum differences in electronegativity has been enlight-
ened by Duffy in a rough form of ∆χ∗ = 0.2688Eg.43 For
materials that can be well described by the classical os-
cillator theory, Herve and Vandamme show that accurate
results of the refractive index can be directly calculated

from the energy gap.11 To this end, by virtue of the auto-
mated feature-selection algorithm, we have shown that our
machine-learning model can be directly related back to the
underlying theory, and it will provide a fundamental base
for the generalizability of our model.

2.2.2. Model evaluation

We begin our model evaluation process by predicting re-
fractive indices of unseen data. 23 refractive index data of
23 compounds that are not in our database15 (i.e. an out-
of-sample test dataset) were collected from the literature,
mainly semiconductors, insulators and oxides.9 The aver-
age absolute and percentage deviations from known values
were calculated and are presented in Table 2. Our predic-
tions are compared with the estimations obtained from the
empirical relationships proposed by Ravindra,8 Moss7 and
Reddy,9 while there has been no report in the literature on
the direct predictions of refractive index for this wide vari-
ety of materials using atomic features of their constituent
elements.

The prediction accuracy of the presented model is shown
to match or beat empirical relationships7–9 for materials
that possess a refractive index between 1.5 and 3.5. For
the case of materials that possess one conduction band and
one valence band such as aluminum phosphorus (AlP),44

Finkenrath45 has pointed out that the important factor of
electronic transition is not that the band gap Eg is ex-
panded by the Fermi energy EF , but rather that the de-
crease of ϵ∞ is caused by the deficit of all band states be-
tween EF and -[Eg + (me/mh)EF ]. Our model is shown
to have the potential of avoiding this shortcoming of es-
timating the refractive index from the band gap, with a
deviation from the experimental value of 0.106 on AlP for
our model compared with a 0.53 from Ravindra, a 0.38 from
Moss and a 0.249 from Reddy. Again, a considerable con-



Table 2: Refractive index predictions using the machine-learning and feature-selection methods outlined in ’Methods’. A
minimum mean absolute error (MAE) is achieved with support vector regression (SVR) and genetic algorithm feature
selection. The estimations calculated from empirical relationships7–9 are listed for a better comparison. Results from
the full set of models which were explored to predict these refractive indices have been provided in the Supporting
Information Table S8.

Refractive Index, n
Material SVR RFR GPR Lit. Ravindra Moss Reddy

CuI 2.468 2.462 2.077 2.35 2.26 2.38 2.517
BN 2.187 1.965 1.896 2.1 1.23 2.13 2.073
AIN 2.196 2.022 2.102 2.16 1.73 2.23 2.264
AlP 2.856 2.734 2.472 2.75 2.22 2.37 2.501
CuAlS2 2.329 2.424 2.490 2.4 1.91 2.28 2.346
CuAlSe2 2.549 2.607 2.571 2.6 2.41 2.44 2.606
CuInTe2 3.322 3.289 3.088 3.4 3.5 3.16 3.65
AgGaS2 2.568 2.553 2.482 2.4 2.41 2.44 2.606
AgGaTe2 3.309 3.039 3.038 3.3 3.4 3.05 3.504
AgInTe2 3.375 3.044 3.090 3.4 3.46 3.12 3.699
ZnSiP2 2.744 2.539 2.826 3.1 2.78 2.59 2.857
ZnGeAs2 3.200 3.365 3.152 3.5 3.37 3.01 3.459
ZnSnP2 2.978 2.997 2.751 2.9 3.05 2.75 3.092
CdGeP2 2.968 3.014 2.785 3.3 3.02 2.72 3.057
Ga0.2Al0.8As 3.109 3.129 3.050 2.97 2.48 2.46 2.649
Ga0.6Al0.4As 3.253 3.430 3.135 3.12 2.88 2.64 2.934
CdGe(P0.2As0.8)2 3.249 3.214 3.218 3.46 3.59 3.3 3.822
CdGe(P0.6As0.4)2 3.082 3.107 2.797 3.32 3.3 2.95 3.368
CsI 1.565 1.941 1.591 1.82 0.18 1.97 1.759
CsBr 1.447 1.643 1.505 1.67 1.89 1.584
CsCl 1.407 1.533 1.426 1.61 1.86 1.52
BaO 1.862 1.835 1.993 1.98 0.86 2.07 1.95

Mean absolute error 0.151 0.168 0.210 0.370 0.252 0.158
Mean percentage error 5.60% 6.19% 7.77% 12.40% 9.33% 5.82%

tribution of this work is to provide predictions of refractive
indices without the need of knowing any other informa-
tion such as band gaps or optical electronegativities, which
will make our prediction fast and more applicable to inor-
ganic compounds with unseen compositions. Fig. 6 shows
a graphical representation of the present approach, com-
pared with Ravindra’s relationship, Moss’ relationship and
Reddy’s relationship.

To investigate how an individual substance depends on
the selected descriptors, we additionally performed a local
interpretation study on three randomly selected substances,
AlN, CsI, and ZnSiP2. Shapley values46 of the SVR model
and the selected descriptors are calculated and visualized in
Fig. 7. It is important to clarify two descriptors as a preface
to the results of these case studies below. The "average row
number" and "average column number" descriptors refer to
the compositionally averaged position of each element of a
compound within the periodic table, whose period number
and group number defines the row and column number de-
scribed herein. For example, the "average row number" for
the archetypal optical reference material, SiO2, is calculated
according to the period number for Si (3) in the periodic

table + 2 × the period number for O (2), all divided by 3
to yield the average row number, 2.33. Similarly, the "aver-
age column number" of SiO2 is calculated according to the
group number of Si (16) in the periodic table + 2 × the
group number of O (16), all divided by 3 to afford the aver-
age column number, 16.00. Thereby, these two descriptors
are encodings of the periodic table that machine-learning
algorithms can use to relate the physical property of a com-
pound to a compositionally-averaged elemental trend in the
periodic table that pertains to this property.

The Shapley value is the average expected marginal con-
tribution of one player, in our case, one descriptor, to the
prediction, after all possible combinations have been consid-
ered. We now consider, in turn, the results for our three case
studies. For AlN, two key descriptors that tend to "pull" its
predicted refractive index towards a smaller value are the
average row number (2.50) and the maximum difference
in electronegativity, ∆χ∗ (1.43), while an average electron
affinity of 0.692 and an average column number of 14 tend
to "push" its prediction towards a larger value. Similar roles
of the average column number, average electron affinity and
the average row number are observed in ZnSiP2. However,



Fig. 6: Predictions of refractive indices obtained from differ-
ent methods versus known experimental values. The present
method matches or improves the performance of the state-
of-the-art empirical methods, whilst it does not rely on ad-
ditional experimental measurements, such as the band gap,
that are needed by the empirical methods. The red line in-
dicates the relation y=x.

for ZnSiP2, a ∆χ∗ of 0.54 tends to "push" its refractive
index strongly towards a larger value instead of "pulling"
it. Combining this finding with the observation that the
strongest "pulling" tendency of the ∆χ∗ descriptor comes
from a ∆χ∗ of 1.87 in the case of CsI, we suggest that
our SVR model tends to assign a positive contribution to a
smaller ∆χ∗ value (⩽ 1); this is comparable with the ∆χ∗

value for a typical polar covalent bond (∼ 0.9). The re-
sults convey a distinct and quantitative model relationship
between the polarizability of the compound and its compo-
sition, as one would expect for an optically-active material.
A similar trend is observed for the average electron affin-
ity; this is reasonable as this property reflects the ability to
form instantaneous dipoles when compounds are exposed
to external fields. It is worth noting that average column
number (9) of CsI is calculated by averaging the column
number of Caesium (1) and that of Iodine (17), while its
Shapley value indicates that this descriptor tends to "pull"
its prediction by ∼ -0.3. The extent of this "pulling" effect
is comparable with the deviation (-0.255) between the pre-
diction and the ground-truth value of the refractive index
of CsI. Without the consideration of the maximum differ-
ence in the column number, the average column number
may lower the reliability of our result and bring a certain
level of distortion to the final prediction. Overall, the lo-
cal interpretation on AlN, CsI and ZnSiP2 suggests that
most of their selected descriptors contribute to the resul-
tant prediction to a reasonable extent. The case of CsI also

emphasizes the necessity of incorporating maximum differ-
ence descriptors into model development.

Apart from its superior model accuracy, another key
factor in describing the quality of our model is its general-
izability. Within the framework of the learning theory, the
algorithm stability has been used as a useful tool to prove
bounds on the generalization error of the model.47,48 The
term ’algorithm stability’ refers to how much the prediction
of the model changes when the training set is slightly mod-
ified. This idea is consistent with the metrics purposed by
Huber of measuring the robustness of a statistical model.49

I.e. (1) The model has a relatively high accuracy on the
predicting target - which is also the most fundamental re-
quirement of modern machine-learning models. (2) Small
variations in model hypothesis should only afford a small
deviation in model performance. (3) Large variations in the
model hypothesis should not bring a catastrophic effect on
model performance. By employing the "leave-one-out" met-
rics described in the ’Method’ section, the standard devia-
tions of model predictions were visualized in the form of a
hex plot and a histogram in Fig. 8.

The histograms along the x-axis of these three plots
are identical and indicate the distribution of refractive in-
dices in our dataset. The value on the y axis represents
the standard deviation of their predictions when one da-
tum in the training set was omitted (see ’Method’). SVR
and GPR show similar behaviors in their standard devia-
tions, where they both achieved a mean standard deviation
of 0.002. This low level of variation suggests that the ex-
pected change of model prediction is exceedingly mild, ap-
proximately 0.1%, when the model hypothesis is changed
slightly, i.e., one data point of the training set is omitted.
The lowest standard deviation level of the GPR suggests
a success of preventing the model from overfitting by in-
troducing a noise term, α, to the diagonal of its covariance
matrix. However, the RFR was found to possess a signif-
icantly larger instability on its predictions, approximately
one order of magnitude larger than that of the SVR and
GPR. This behavior of the RFR might be a result of that an
algorithm built on tree-based predictors will have a larger
potential of overfitting when there is an increased amount
of noise in the sample.50 The problem of overfitting and
the resultant model instability cannot be fully eliminated
due to the nature of the algorithm itself and the existence
of complex noise in our database.15 In conclusion, the SVR
model with a genetic algorithm feature reduction shows the
best predictive accuracy on unseen data and a promising
stability when changing the model hypothesis. Thus, the
SVR was considered to be our best model and set to be the
default model in our prediction toolkit and web application.



AlN

CsI

ZnSiP2

Fig. 7: Visualization of the Shapley values of the SVR model of compound AlN (top), CsI (middle), and ZnSiP2 (bottom).
Bars in red indicate this descriptor "pushes" to increase the prediction; bars in blue indicate this descriptor "pulls" to
decrease the prediction. The base value represents the value that would be predicted when no feature is known for the
current output, i.e., the mean prediction of the test set. Only descriptors with top contributions are annotated.

Apart from empirical methods, efforts attempting to
model refractive index via machine-learning methods with a
larger dataset have appeared over recent years.51–56 These
efforts have used data from two large databases of glass,
INTERGLAD57 and SciGlass58 which contain more than
300,000 refractive index data of glasses. However, these
databases are commercial databases (before 2019 for Sci-
Glass) and they have been compiled manually.56 The re-
fractive index data presented in those studies lie within
a range of 1.40 to 2.75. Compared with those efforts, the
presented study is built on an open-source, auto-generated
database from the scientific literature. Our model also cov-
ers a larger range (1.0 to 4.0) of refractive indices, and it
is not limited to glassy materials. Although the predictive
power of our model is slightly lower than those who used
bigger datasets,51–56 we have revealed the potential and
demonstrated the prospect of modelling refractive index by
using an auto-generated database. This approach is intrin-
sically advantageous because more materials and proper-
ties can be added to our database by scripting methods.
Thereby, the database can continue to grow, such that we
will progressively be able to build predictive models with
even greater detail and predictive power.

3. Conclusion

The pipeline and methodology presented in this study
demonstrate the ability to fully integrate data that have
been extracted from the scientific literature into machine-
learning pipelines for materials property prediction. By ag-
gregating data over a large number of independent sources,
we were able to produce a large experimental database of
certain material properties and negate the limitations of
relying on small annotated data sets.

Overall, these case studies demonstrate that we can ac-
curately reproduce chromatic dispersion relations by using
the data mined from scientific literature and predict mod-
est refractive indices for inorganic materials, using their ele-
mental features as a basis. Compared with previous studies,
our method could provide more accurate estimations than
empirical calculations and cover a wider range of materi-
als than computational modelling. Unlike estimations from
empirical relationships,7–9 our model does not require any
other information of materials such as band gaps or struc-
tural information but only elemental properties of their con-
stituent elements. More importantly, the features automati-
cally selected by the model were shown to provide profound
physics insights according to current theories. The method
exhibited in the study can be generalized in materials de-
sign and controllable synthesis of other compounds, and it



Fig. 8: Top: Hexagon plots that describe the joint probability distributions between the refractive index value and
the standard deviation of in-sample predicted values when the model hypothesis has been slightly changed. Bottom:
Corresponding histograms and statistics of these standard deviations. An original copy of this figure with more details
where the x and y scales are not fixed between plots in a line can be found in the Supporting Information Figure S4.

could further improve studies concerned with using machine
learning to assist material design.

Looking ahead, we will continue to enhance our
materials-discovery platform by adding new properties and
new descriptors to the existing database, such as the di-
electric constant and structural descriptors, as well as ex-
perimental parameters that are associated with each mea-
surement. As the database continues to grow, and more
properties are added, we will be able to build predictive
models with even more details and generalizability, as opti-
cal properties are intrinsically associated, and experimental
parameters may play a significant role in determining mate-
rials properties. An ultimate goal of our study is to predict
and experimentally validate new classes of compounds for
optical materials applications.

4. Methods

The methodology for this work can be summarized in five
stages: database creation, data standardization, chromatic
dispersion relation reconstruction, refractive index predic-
tion and the development of a web-based application.

4.1. Autogenerated data extraction and database creation

The dataset used in this work is a database of refractive
index and dielectric constant for inorganic and organic
compounds. A detailed description of this database and
how it was constructed is given elsewhere.15 Thus, only
a brief summary is provided herein. The data were au-
tomatically mined from text and tables contained within
journal articles of Royal Society of Chemistry, Elsevier and
Springer publishers, using a modified version of the state-of-
the-art ’chemical-aware’ natural language processing (NLP)
toolkit, ChemDataExtractor, version 2.0.16 A total number
of 186,196 articles were sourced by using the search query
"refractive index" from the academic publishers mentioned
above.

The mining procedure applied to these articles used a
rule-based text parser, a semi-supervised text parser59 and
a table parser,16 while the toolkit utilizes machine-learning
processes, such as conditional random fields model,60 to
identify chemical named entities and assign part-of-speech
tags to words. This process yielded a set of 49,076 mutually
consistent data records of 6,721 unique compounds. These
data were collated in the Database Management Frame-



work, MySQL, containing the chemical formula of a com-
pound and its associated refractive index. Each entry was
tagged with the Digital Object Identifier (DOI), the au-
thors, the journal name and the year of publication etc. for
the purpose of back validation. A detailed description of the
format of the data record can be found in the Supporting
Information Table S1.

4.2. Data standardization

The raw database generated by ChemDataExtractor61 is
noisy and non-standardized, as a certain fraction of records
is false positive due to imperfection of the NLP process.
To transfer the database into a usable dataset for large-
scale analysis and machine learning, an automated data-
standardizing process was applied to remove improper en-
tries and standardize the form of data records. This stan-
dardization process contains four stages:

– Duplicate refractive indices unification
– Conversion of inorganic chemical formulae to Hill nota-

tion62

– Outlier value removal
– Machine learning descriptor construction

It is often the case that one compound possesses mul-
tiplicate refractive indices mined from different sources in
the raw database. A case in point is that SiO2 was found
to have 948 records in the database as it is a very popu-
lar material in optical applications. We employed the idea
that the likelihood of a record of being correct is propor-
tional to the frequency that its value was mentioned in the
literature. Thus, for each unique compound, a kernel den-
sity distribution (e.g. Fig. 9) was fitted to the histogram of
its refractive index values, and the peak value of its kernel
density distribution was taken as its unique refractive index
value.

The conversion of inorganic chemical formulae to Hill
notation62 used the National Cancer Institute’s Chemical
Identifier Resolver (CIR) through their Python wrapper,
CIRpy,63 to convert the inorganic chemical names into the
Hill formula.62 Only compounds with valid Hill formulae
were retained in the machine-learning dataset. As the re-
fractive index of a material becomes significantly larger
when approaching its absorption peaks, only compounds
with modest refractive indices between 1 and 4 (account
for 95.3% of the total data) were retained in the dataset.
At last, the set of descriptors used in machine learning was
automatically constructed for each compound. The set of
descriptors contained purely elemental properties at the
atomic level which were sourced from reference tables.17

This information includes, but is not limited to, intrinsic

Fig. 9: Kernel density distribution of records of SiO2 in our
database.

properties such as atomic weight, electronic properties such
as atomic electronegativity and thermal properties such as
enthalpy of fusion. A detailed list and legend of descriptors
used in this study can be found in the Supporting Informa-
tion Table S2.

4.3. Reconstructing chromatic dispersion relations

For gases, if we agree to stay away from resonances, the
damping can be ignored, and the formula for the index of
refraction can be simplified with the binomial expansion,64√
1 + ϵ ∼= 1 + 1

2ϵ:

n = 1 +
Ne2

2mϵ0

∑
j

fj
ω2
j − ω2

(8)

For most substances, the natural frequencies ωi are scat-
tered all over the spectrum in a rather chaotic fashion. But
for transparent materials, the nearest significant resonances
typically lie in the ultraviolet, so that ω < ωj . In that case,
Eqn. 7 takes the form64

n = 1 +

 Ne2

2mϵ0

∑
j

fj
ω2
j

+ ω2

 Ne2

2mϵ0

∑
j

fj
ω4
j

 (9)

Or, in terms of the wavelength in vacuum (λ = 2πc/ω):

n = 1 +A

(
1 +

B

λ2

)
(10)

This equation is known as Cauchy’s formula. In partic-
ular, Cauchy’s formula is only valid for regions of normal
dispersion in the visible wavelength range. In the infrared,
the equation becomes inaccurate, and it cannot represent



regions of anomalous dispersion. The Sellmeier equation is
a later development of Cauchy’s work that handles anoma-
lously dispersive regions, and more accurately models a ma-
terial’s refractive index across the ultraviolet, visible, and
infrared spectrum. A two-term Sellmeier equation can be
generally written as:

n2(λ) = A+
B1λ

2

λ2 − C1
+

B2λ
2

λ2 − C2
(11)

The original data points in our database were fitted to
this two-term Sellmeier equation to provide the reconstruc-
tion of the chromatic dispersion. The fitting was achieved by
using the ’Nelder-Mead’ minimization method provided by
the Scikit-learn library65 together with a L2 regularization
on fitting parameters. All original values in our database
can be easily referenced back to their original articles by
their DOIs. This permits backwards validation and investi-
gation of interesting or spurious values.

Group velocity dispersion is the phenomenon that the
group velocity of light in a transparent medium depending
on the optical frequency or wavelength. It was calculated
as:

GVDλ = − λ3

2πc2
d2n

dλ2
(12)

The Abbe number, VD is an early measure for the mag-
nitude of chromatic dispersion introduced by Ernst Abbe:

VD =
nD − 1

nF − nC
(13)

The denominator is also called the principal dispersion.
The Abbe number depends on the refractive indices at only
three different wavelengths: nF for 486.1 nm, nD for 589.6
nm, and nC for 656.3 nm.

4.4. Prediction and feature-selection methods

In this work, we employed three machine-learning mod-
els: support vector regression (SVR), Gaussian process
regression (GPR), and random forest regression (RFR).
These models were chosen among a wide range of machine-
learning algorithms based on their model performances,
model generalizability, and capability of interpretation. All
of the prediction methods were implemented using the
Scikit-Learn Python library.65

Support vector regression66 presents one of the most ro-
bust prediction methods, based on the statistical learning
framework or VC theory proposed by Vapnik and Cher-
vonekis.67 The SVR problem can be formalized as:

min
ω,b

1

2
∥ω∥2 + C

m∑
i=1

lϵ(f(xi)− yi) (14)

where f(x) = ωTx + b is the model we want to learn, yi
is the target value, C is the regularization constant and lϵ
is the ϵ-insensitive loss function. By introducing slack vari-
ables ξi and ξ̂i, the Lagrange multipliers, α, α̂, µ, and µ̂,
and the radial-basis function kernel, K(x,xi), the solution
of the Lagrange function of Eqn. 14 can be expressed as:

f(x) =

m∑
i=1

(α̂i − αi)K(x,xi) + b

b = yi + ϵ−
m∑
j=1

(α̂j − αj)K(xi,xj)

(15)

Gaussian process regression (GPR)68 is a non-parametric
model. It does not aim at finding an optimized weight, ω, to
fit the pattern, but it follows a simple idea of ’similar inputs
yield similar output’. Since GPR inherits the mathematical
foundation of Bayesian regression, it is able to provide a
complete posterior for its predictions, i.e. not only the value
of prediction but also its confidence interval. GPR assume
all data targets, i.e. f(x), belong to a Gaussian process:

{f(x)} ∼ GP (m(x),K(x, x
′
)) (16)

where m(x) is the mean function of a Gaussian process,
and K(x, x

′
) is the kernel function. In this work, we used

the same kernel function that was used in SVR. After see-
ing training points, the regression problem then becomes
solving conditional probability given multivariate Gaussian
distribution. The expected mean, µy∗ , and standard devia-
tion, Σy∗ , of the predicted value y∗ have the following form:

µy∗ = K(x∗, x)(K(x, x) + σ2I)−1(y −m(x)) +m(x∗)

Σy∗ = K(x∗, x∗)−K(x∗, x)(K(x, x) + σ2I)−1K(x, x∗)

(17)

Random forest regression (RFR) is a supervised learning al-
gorithm based on decision trees which uses ensemble learn-
ing method regression. Given a set of training samples D

= {(x1, y1) , (x1, y1) , ...., (xm, ym)} and a set of features A

= {a1, a2, ...., ad}; the generation of the decision tree is a
recursion process: (i) generate the first node (ii) split the
sample set based on one selected feature a∗ that will yield
the best splitting result and omit that feature from the
feature set (iii) generate d branches for each feature ai in
the feature set (iv) for each branch, generate a node and
perform step (ii) - (iv) until the node reaches one of the
following cases:

– All samples in the present node belong to the same class;
no need to split again

– The present feature set is empty, or all samples have the
same value on all features; unable to split



– The present node has no sample; unable to split

Based on the decision tree-based estimator69 and bagging,70

random forest71 introduces a random choice of features into
the decision tree training process. This will enhance the
generalization ability of the algorithm further from the in-
creasing diversity between base estimators.

Feature selection and hyper-parameter optimization
were employed in the model development process in order to
find the most relevant descriptors, reduce model complexity,
and improve model performance. For the feature selection,
a Genetic algorithm (GA) was found to outperform tradi-
tional methods such as selecting features based on a Pear-
son correlation coefficient or mutual information between
the predictor and the target. A GA is a model-orientated
stochastic method for function optimization based on the
mechanics of natural genetics and biological evolution.72 It
does not aim to identify shallow relationships between de-
scriptors and a target, instead, it lets the model itself decide
a most reasonable set of descriptors. An initial set of subsets
of predictors, called a population, is created randomly. For
each subset in the population, their performance is mea-
sured by a 10-fold cross-validation score. The subsets with
the best performance are combined randomly to produce
later generations that make up the next population, and it
is expected that a better-performed subset will show up.
To do so, individuals are selected and undergo cross-over
(mimicking genetic reproduction) and also are subject to
random mutations. This process is repeated over and over
again until convergence is reached, i.e. the performance of
the best subset does not change with generation.

For the hyperparameter optimization, the grid search
method was used in this work. By setting the range and
steps of hyperparameters, this method will loop through
all combinations of hyperparameters within that range and
release the best-performed hyperparameters. However, an
obvious issue here is that the GA was evaluated based on
the model tuned by hyperparameter optimization, and the
hyperparameter optimization depends on the feature se-
lected by GA. As the mathematical approach of this prob-
lem is arduous, we thus proposed the following "Feature-
Hyperparameter" (F-H) pipeline (Fig. 10) that performs
feature selection and hyperparameter optimization itera-
tively to reach an optimum.

The general idea of this workflow is to find an optimized
(Feature, Model) set by iterating the GA and grid search
until the performance of (Feature, Model) becomes stable
and converged. The evaluation metric of the model perfor-
mance was chosen to be the mean absolute error of a 10-fold
cross-validation. In a 10-fold cross-validation, the dataset is
split into 10 groups of equal size after shuffling. Each unique
group is sequentially taken as the test set while the remain-

Fig. 10: The "F-H" pipeline that was designed to optimize
both the feature set and the hyperparameter of the model.

ing groups are taken as the training set. The average value
of the 10 resulting mean absolute errors were used to score
the model. The workflow is described in words as follows.
A GA is firstly employed to the model with default hyper-
parameters, M1, and it generates the first selected feature
set, F1. This is followed by the first grid search that will
generate a new model, M2, based on the feature set F1.
Now, the percentage difference, δm1 between 10-fold cross-
validation score of (M1,F1) and (M2,F1) are calculated and
stored in cache. The GA is then applied again to the model
M2 to generate a new selected feature set, F2. The per-
centage difference between 10-fold cross-validation score of
(M2,F1) and (M2,F2), δf1, is then calculated and stored in
the cache. This process is terminated if 1) The current score
in the cache is the highest score. 2) The change in scores in
the past three consecutive iterations is less than 0.1%.

As an example, the support vector regression (SVR) is
presented and visualized herein as our best model to demon-
strate the model development process. Details of develop-
ment results of other models can be found in the Supporting
Information Section 3. The feature selection process and the



hyper-parameter optimization of the SVR were performed
alternately according to the "F-H" pipeline to find a global
minimum of MAE. This minimization process is shown in
Fig. 11.

Fig. 11: Variations of the model mean absolute error in the
"F-H" iteration process. The algorithm first takes a step
towards the x-direction for genetic feature selection, then
takes another step towards the y-direction for hyperparam-
eter optimization, eventually performing these steps alter-
nately until convergence has been reached.

According to the "bias-variance dilemma",73 a more
complex model usually exhibits lower fitting errors on the
training set but it may perform worse on the test set, i.e.
overfitting. In general, the complexity of a machine-learning
model is proportional to the number of features that it uses.
The feature reduction process is capable of both reducing
the model complexity, shortening the training time, increas-
ing the model generalizability, and removing features that
are unrelated to targets. It can also reduce the undesirable
effect from "multi-collinearity", i.e. a linear correlation be-
tween two descriptors in a multiple regression model, as it
may bring a severe change to the prediction value if the
input attribute is slightly changed. Analysis of the effect of
the feature reduction on reducing multi-collinearity can be
found in the Supporting Information Section 4. The genetic
algorithm feature-selection process of SVR is visualized in
Fig. 12.

For SVR, the controllable hyperparameters are C, γ and
ϵ. Parameter C determines the strength of the L2 regular-
ization, and it was tuned from 0 to 10 with a step size of
1. Parameter γ is related to the σ value of the radial ba-
sis function (RBF) kernel by γ = 1/2σ2. If γ is too large,
the RBF function will be too narrow which may lead to
overfitting. γ was tuned from 0 to 0.3 with a step size of
0.005. Parameter ϵ is a slack variable where the prediction
with a residual less than ϵ was not counted in the loss func-

Fig. 12: Reductions of the number of selected features &
mean absolute errors in a 10-fold cross-validation versus
generation in the genetic algorithm feature selection pro-
cess.

tion. ϵ was tuned from 0 to 0.05 with a step size of 0.001.
The optimization process was performed in a 3-dimensional
space, and to give a better visualization, this process is il-
lustrated in Fig. 13: a plot of the variation of the MAE on
two of these parameters while the remaining one is at its
optimized value. Detailed information about the hyperpa-
rameter optimization process for the other two models can
be found in Section 3 of the Supporting Information.

It is worth noting that the repeated grid-search method
for hyperparameter optimization is a brute-force method
and it suffers from poor computational scalability. Consider
a model that has n hyperparameters to be optimized and
each hyperparameter has k options to evaluate in the grid
search. The time complexity scales exponentially as O(kn).
This compares with the time complexities in training the
employed machine-learning models as follows: O(m2d) for
SVR,74 O(m2dmtrees) for RFR71 and O(m3) for GPR,68

where m is the size of the training set, d denotes the num-
ber of features and mtrees represents the number of trees in
RFR; and the time complexity of a basic genetic algorithm
O(gps) with g the number of generations, p the popula-
tion size and s the size of the individual subset72 . The
repeated grid-search method thus becomes the bottleneck
within computational scalability of our algorithm. Accord-
ingly, we recommend using a hyperparameter-optimization
approach with better computational scalability such as ran-
dom search75 or Bayesian optimization76 if the model that
is used has more than five optimized hyperparameters.

4.5. Model stability evaluation metrics

In our study, the algorithm stability is accessed by measur-
ing the level of variation in the predictions of the samples
in the following ’leave-one-out’ cross-validation:



Fig. 13: Hyper-parameter optimization in support vector regression. For each plot, one parameter was kept fixed and the
MAE variations on the other two parameters were visualized on a 2D contour. The optimized values of these parameters
are labelled by a cross on the plot.

1. Take the first data point in the dataset, x0, as [test
point].

2. Take the remaining n - 1 data points as [training set],
where n is the total number of data in the dataset.

3. Loop through each data point, xi, in the [training set]:
– Take xi point out of the [training set]. Now the train-

ing set is of size n - 2.
– Fit the model on the current training set (size n -

2).
– Record the model prediction on the [test point] x0

and reset the model.
– Put xi back to the training set.

4. Calculate the standard deviation of the n - 1 predictions
of x0.

5. Repeat this process for the second, third ... last data
points.

At last, we obtain one standard deviation value for each
data point in our dataset. Details of the comparative anal-
ysis between models are discussed in the results section.

4.6. Creating a web-based application for refractive index
prediction

A web-based platform (https://opticalmaterials.org) was
created to embed the aforementioned machine-learning ca-
pabilities into the utility of our database15 so that the user
can predict refractive indices of any compound of interest.
Five machine-learning methods were employed: linear re-
gression, ridge regression, support vector regression, Gaus-
sian process regression, and random forest regression. The
prediction tool has high flexibility in that the users can cus-
tomize the feature-selection process; between GA, KBest;
or using any combination of features they wish; or cus-
tomize the hyperparameter optimization process; using a

grid search or any hyperparameters that they wish. A peri-
odic table is embedded onto the website to help the user to
quickly pick the combination of elements of interest. Details
of these functionalities can be found on the documentation
page of the website application.

Supporting Information Available

– Supporting Information.pdf: This file provides detailed
descriptions of the format of the database record, fea-
tures used for developing the predictive model, and the
developing process of the GPR and the RFR model.

Data and Software Availability

Python and its associated packages can be downloaded
free of charge from https://www.python.org. The web
application associated with this work is available on
https://opticalmaterials.org. This contains all underpin-
ning data, a data analysis user interface with an associated
demo, usage documentation and source code references with
citing and licensing information.
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