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Abstract: Identification of chemical compounds has many applications in science
and technology. However, this process still relies heavily on the knowledge and
experience of chemists. Thus, the development of techniques for faster and more
accurate chemical compound identification is essential. In this work, we
demonstrate the feasibility of using artificial neural networks to accurately
identify organic compounds through the measurement of refractive index. The
models were developed based on refractive index measurements in different
wavelengths of light, from UV to the far-infrared region. The models were
trained with about 250,000 records of experimental optical constants for 60
organic compounds and polymers from published literature. The models
performed with accuracies of up to 98%, with better performance observed for
refractive index measurements across the visible and IR regions. The proposed
models could be coupled with other devices for autonomous identification of
chemical compounds using a single-wavelength dispersive measurement.

Keywords: machine learning; ANNSs; classification, deep learning, materials
identification.

INTRODUCTION

Organic material identification is a vital process across various industries such
as pharmaceuticals, food, agriculture, and environmental science. The ability to
identify organic compounds quickly and accurately is imperative for the
development of new products, monitoring environmental pollutants, and detecting
contaminants in food and drugs.'? However, traditional methods of material
identification, such as gas chromatography and mass spectrometry, can be tedious
and costly.*> Therefore, it is crucial to explore new ways to facilitate organic
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materials identification. One such approach that has gained attention in recent
times is the use of machine learning techniques.

Machine learning (ML) is a branch of computer science that focuses on
developing algorithms that can learn from and make decisions based on complex
data.® One recent development in ML is deep learning, a cutting-edge field that
uses artificial neural networks (ANNs) to improve the performance of traditional
ML models.” ANNs are artificial systems that are modelled after biological neural
networks and are able to learn and perform tasks without pre-programmed rules by
being exposed to various datasets and examples.® Deep learning is among the most
effective, efficient, and cost-effective approaches to' ML.° Additionally, ANNs
have the advantage of being able to increase their accuracy in production. Unlike
traditional ML models like random forests, ANNs don’t need to be fully re-trained
as more data becomes available; this can lead to significant cost savings in terms
of computational resources. Therefore, ANNs are a suitable approach to ML.

ANNSs have found applications «in various fields such as environmental
science, where they are used to predict the percentage of water pollutant removal
based on experimental variables such as temperature and treatment time.'%!2
Moreover, Raman spectroscopy imaging has been widely used in combination with
machine learning (ML) techniques to identify the properties and structures of
organic compounds. Raman spectroscopy is a non-destructive imaging method that
provides information about.the vibrational modes of a compound, which can be
used to determine-its chemical structure and composition.

One of the key benefits of using Raman spectroscopy imaging in conjunction
with ML algorithms is its ability to accurately identify the chemical structure and
composition of various organic compounds.'*!'* Studies have reported ML models
based on Raman spectra that were able to classify materials like biomolecules,
organics, and inorganics.'>!8

Despite the higher performance of ML models using spectra images as input,
the setup and equipment for obtaining associated spectra data is more complex and
expensive. Therefore, a simple measurement like the refractive index (n) can offer
alternatives. Refractive index of a sample is defined as the ratio of the speed of
light in a vacuum to its speed in the sample medium.

The chemical composition of a sample can also affect its refractive index
through the presence of certain functional groups or atoms that can interact with
light in specific ways.!® For example, refractive index has been used for detection
of components with low chromophoric activities such as sugars, triglycerides,
organic acids, pharmaceutical excipients, and polymers.?® So, the refractive index
is an optical property that carries enough information related to chemical
composition.
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Machine learning models for predicting refractive indices of polymers have
been previously reported.?!?? In another work, refractive index was used as ifiput
to ML models to differentiate normal and malignant tissues in biomedical.?

This work was inspired by a study attempting to apply random forests (RF), a
traditional ML algorithm and refractive index to identify organic compounds.”* In
order to train the machine learning models, we use data from a public database of
refractive indices for organic compounds and polymers. The database contains data
from literature gathered over a long period of time.?

To the best of our knowledge, this is the first work to report the use of
refractive index for classification of organic compounds with artificial neural
networks (ANNSs).

EXPERIMENTAL
Database

Version 1.0.0 of a web scrapper built using Python was run on the refractive index website,
which is a database for experimental optical constants from published literature since 1940.%
The scrapper targeted 60 organic compounds and polymers. The scrapped data was stored as
comma-separated values (CSV)..The file contains four columns: organic compound (book),
wavelength (), refractive index (n), and extinction coefficient (k). The scrapped database has
a total of 248,756 entries and 9645 missing values of k.

The database was split into five categories as follows (Fig 1); ultraviolet (0-0.4 pm), visible
(0.4 — 0.75um), near IR (0.75 = 1.5 pm), IR (1.5 - 4pm), and far IR (>4um).
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Fig. 1. Raw scrapped data from the refractive index website
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Data pre-processing

All the missing values for extinction coefficients in the raw database were replaced by
zero. Since the UV and visible data was too small for training the models, data augmentation
was performed on these regions using the Sellmeier equation.?® This is a mathematical formula
that can be used to predict the refractive index of a material as a function of wavelength. Data
augmentation was required to artificially synthesize more data using domain knowledge;”’ this
technique has been previously used with Raman spectra-based organic classifiers.'® 13

The Sellmeier equation is given by the following equation:

20 = 14 Bz | Bako |

n(1) + po—— + et +... (1
Where n()) is the refractive index at wavelength A. Bi, Bs, ... and Ci, C, ... are Sellmeier
coefficients that are specific to the material. A custom python script was used to estimate the

missing Sellmeier coefficients by curve fitting (see the supporting information).
Artificial neural network classifiers (ANNs) for organic compounds

Scikit-Learn, TensorFlow, and Keras Python libraries were used for training and
evaluating the accuracy of the ANN classifiers. This was done in a Google Collaboratory
environment.?*?’ Seven different models were developed according to available categories (Fig.
4). Each model contains three main layers: an input layer, hidden layers, and an output layer.
The input layer takes in three independent variables: the wavelength of light (L), refractive index
(n), and the extinction coefficient (k). Hidden layers contain neurons; they extract and represent
features from the input data, allowing the network to learn. The output layer performs the final
compound classification, which is based on voting among 60 possible compounds. The
compound with a high probability is considered the output of the model.”*® An overview of the
model design is shown in Fig. 2 below:

e

Refractive Index O ‘ ,O S _. = Q :O
waveengn O O O 50
Extinction = . o &
Coefficient St O L/ ),
‘C) C) (Predicted organic
compounds)
Input Layer Hidden Layer Hidden Layer Cutput Layer

Fig. 2. ANN organic classifier model architecture

To evaluate the model’s performance, monitoring was performed during the training and
testing stages. In the training stage, the loss and accuracy of all models were monitored by a
validation data set. If the model's prediction is perfect, the loss is zero. This tells how poorly or
well a model behaves after each iteration of the optimization.?*° On the other hand, the testing
stage was performed using a test data set; the test data serves as an estimate of its performance
on new, unseen data.

Accuracy, precision, recall, and the F1 score were used as evaluation metrics for the
classifier. Precision tells us how many of the positive predictions were correct; recall tells us
how many of the actual positives were identified while the F1 score gives a single metric to
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evaluate the overall performance of the model by balancing precision and recall.®3! These
evaluation metrics are mathematically defined as follows:
TP

recisi _ o)
precision TEFP 2)
recall = 3)
TP+FN
2xprecisionxrecall
F1 score = 4
precision+recall ( )

Where the term true positives (TP) refer to the number of samples correctly predicted as
positive, while false positives (FP) indicate the number of samples incorrectly predicted as
positive. Similarly, true negatives (TN) refer the number of samples correctly predicted as
negative, and false negatives (FN) represents the number of samples incorrectly predicted as
negative.

RESULTS AND DISCUSSION

Data pre-processing
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Fig. 3. Missing extinction coefficient values in raw data

Analysis of the raw data revealed the percent of missing extinction coefficient
values in each region as follows: UV (58.99%)), visible (82.67%), near IR (7.28%),
IR (0.32%), and far IR (0.25%). The final database with data augmentation
contains seven categories (Fig 4). UV region data was increased from 1807 to
132314, and visible region data was increased from 6268 to 120455. The amount
of data in other regions was left unaltered.
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Fig. 4. Augmented refractive index data

Performance of artificial neural network classifiers

Table 1. Performance evaluation for ANN classifiers

ANN Model Precision (%) Recall (%) F1 score (%) Accuracy (%)
uv 79.00 81.00 79.00 59.00
UV - augmented data 82.00 82.00 81.00 81.49
Visible 73.00 69.00 67.00 69.22
Visible — augmented data 86.00 87.00 85.00 86.60
Near IR 99.00 98.00 98.00 98.44
IR 98.00 98.00 98.00 97.72

Far IR 85.00 84.00 84.00 84.09
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Fig. 5. Testing accuracies for the ANN classifiers

The accuracies of the ANN models are listed in the following order: Near IR
(98.44%) > IR (97.72%) > visible-augmented (86.60%) > far IR (84.09%) > UV-
augmented (81.49) > visible (69.22%) > UV (59.00%). It is observed that models
in the near IR and IR regions outperform other regions (Fig. 5). Moreover, from
Figs. 6 and 7, the losses of the near IR and IR regions converge to low and stable
values; while the accuracy reaches high and stable values. This indicates that the
models in the near IR and IR regions are generalizing well and not overfitting.?%3*
The precision, recall, and F1 scores of the near IR and IR models shows high
performance of above 98% (Table 1).

Meanwhile, the performance of models in the far IR, UV, and visible regions
1s unsatisfactory. The recall, precision, and F1 scores in these regions are low
(Table 1). Their loss—accuracy plots show unstable values, and bumpy non-
converging lines, indicating their unreliability (Figs. S1-S5). For UV and visible
regions, more than 58% of extinction coefficient values (k) were missing in their
datasets (Fig 3), which may provide the model with less information to accurately
learn the relationships between input and output variables. As a result, overfitting
or poor generalization performance may be observed.*

Nevertheless, the accuracies for UV and visible models were observed to
increase by more than 17% with data augmentation (Fig 5); this suggests the
possibility of improving the performance by increasing the amount of training data
in these regions.
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Fig. 7. Training and validation for ANN model in IR region

The accuracy and loss plots obtained from the near IR (Fig. 6) and IR (Fig. 7)
for models
containing augmented data show convergence but with bumpy lines (Fig. S1- S5).
This implies that the validation dataset is not a good representation of the training
data set; this may be due to artificially synthesized data from the data augmentation

models are smoother, and the lines converge well, while plots

process, which introduced noise.?*
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Comparison with other machine learning organic classifiers

The developed models are comparable with models from previous studies
(Table 2), indicating the potential of using refractive index measurement to
facilitate the identification of organic compounds using machine learning.

Table 2. Comparison of this work with some previous studies using Raman spectra data with
machine learning. ResNet = residual neural network, DRCNN = deeply-recursive convolutional
neural network, ANN= Artificial Neural Network, CNN = convolutional neural network, KNN=
K-nearest neighbor, ML = Machine learning

Method Dataset Accuracy (%) Reference
ResNet Organic biomolecules 100.00 15
CNN Organic and inorganic 100.00 16
compounds
DRCNN Organic compounds and minerals 98.10 17
KNN Organic biomolecules 93.90 15
KNN Edible oils (fatty acids) 88.90 18
ANN classifier Organic compounds and polymers 81.49 (UV) This work
86.60 (VIS)
98.44 (Near IR)
97.72 (IR)
84.09 (Far IR)
CONCLUSION

In this study, artificial neural network classifiers (ANNs) for identifying
organic compounds were developed and tested successfully. The models rely on
refractive index measurements across the UV and far IR spectral regions.
Information related to the refractive index of an organic compound and the
wavelength of light used facilitates its accurate identification by artificial neural
networks.

ANN s in the near IR and IR regions showed better performance, with accuracy
levels above 97%, suggesting the potential of refractive index measurements in
these regions. The observed performance is comparable to models using Raman
spectra as inputs. Although the accuracies for the UV, visible, and far IR regions
are slightly lower, ranging from 81% to 86%, additional data and hyperparameter
optimizations showed the possibility of improving performance in the future.
This study demonstrates the feasibility of using artificial neural networks
to identify organic compounds using a single wavelength dispersive
measurement.
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SUPPLEMENTARY MATERIAL

Supplementary Materials are available electronically from https://www:shd-
pub.org.rs/index.php/JSCS/article/view/12261, or from the corresponding authors
on request.

N3BO
HIEHTHUOUKALIMJA OPTAHCKHX JEAULEA KOPUITREILEM BEHITAYKHX
HEYPOHCKHX MPEXA U NMHIEKCA ITPEJTAMAIHA

INNOCENT ABEL KIRIGITI!, NANIK SITI AMINAH! u SAMSON THOMAS?

'Department of Chemistry, Faculty of Science and Technology, Universitas Airlangga, Surabaya 60115,
Indonesia and Department of Chemistry, Faculty of Mathematics and Natural Sciences, Universitas
Indonesia, Depok 16424, Indonesia

Unentudukanuja XeMHjCKUX jeluema MMa MHOTQ TPHUMEHAa Y HAayLHd WU TEXHOJIOTHjH.
Mebhytum, OBaj ce IpoLec jol YBEK MHOTO OC/Iama Ha 3Habe U UCKYCTBO XeMH4apa. Tako je of
CYLITHHCKE Ba)KHOCTH Pa3B0j TEXHWUKA 33 Op)Ke W I0y3JaHHuje UAEeHTH(DUKOBAHE XEMHjCKHUX
jenvmema. Y 0BOM papy, IpeicTaBuhemo M3BOWBMBOCT Kopulthema HEYPOHCKUX Mpexa 3a
NI0y3/1aHO UIEHTU(UKOBabE OPraHCKUX jeIUbEHha MEPEHEM HHIEeKCa ITpeslamMama. PasBujeHu cy
MOJEH 3aCHOBaHM Ha MepemHMa MHIeKca IpejamMarma Ha pPasIuyUTHM TalaCHUM Jy’KHHama
csemnocty, of UV fo manexke uHGpaupseHe odiacti. Monenu cy TpeHupanu ca oko 250,000
3amuca eKCIepUMEHTATHUX ONTHUYKMX KOHCTAHTH 3a 60 OpraHCKUX jeoumerma U MoIUMepa U3
nybnuKkoBaHe nmuTepaType. Monenu cy usBohenu ca noysganourhy no 98%, ca bosiM pesynraTom
ONKEHUM 3a Mepewa MHJeKkca IpejamMama y BuIjbiBoj v U1 obnactu. [TpenoxeHy Mofieny ce
MOTY CIpPEerHyTH ca OpyruM ypehajuMa 3a ayTOHOMHY HIEHTHDUKAIHMjy XeMUjCKUX jeIUmbera
IUCTIEP3UBHHUM MepelheM Ha jeJHOj TalacHO]j Ty KUHU.

(ITpumrseHo 1. dbedpyapa, pesunupano 15. pedpyapa, mpuxsaheno 4. asrycra 2023.)
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