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Abstract

'This paper envisages a detailed review about progress in nano-informatics,
polymer-informatics, and material informatics. The incorporation of engineered
nanomaterials (ENMs) enable novel materials in which matter can be controlled at
nano-range (1 to 100 nm). Numerous areas of human life, research and engineering
are influenced by artificial intelligence (AI)-based data driven approaches. Nano
reinforcements play a vital role in materials development. Nano-informatics is
a subset of materials informatics or informational materials technology and a
powerful tool for predicting and characterization of nanocomposites. This article
reviews a brief about data repositories and nano-informatic centric approach for
property description, activation energies, etc., using molecular representation.
Simplified Molecular Input Line Entry System (SMILES and SELFIES) serve
as a basis for molecular string representation in chemical language and generative
models. Another area of novel research is in polymers with nanomaterials in
which AT and ML (machine learning) perspectives have taken a role for efficient
creation, design, development, and discovery of novel materials known as polymer
informatics. Surrogate models are trained on the available data to predict and
screen properties of potential polymer candidates for a given target property. This
review article also outlines the data-driven repositories to address tremendous
physico-chemical variety of polymers at various sizes. It is being investigated how
to deal with inverse problems by recommending polymers that use cutting-edge
Al techniques to achieve application goals. Efficiency gains, quicker research, and
higher output may come about as different elements of the developing polymer
informatics ecosystem mature and combine. This article provides an overall
picture of present developments in data-driven experimental polymer chemistry
with the aid of artificial intelligence.
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Introduction

The applications of computational modeling and methodology for the
prediction of nanoparticle property including data base and multi-physics-based
modeling using Al has larger potential to enhance the nanomaterial into large
scale of applications. A platform for utilizing current polymer data for effective
functional polymer design, polymer informatics is an interdisciplinary area of
research that combines polymer science, Al, data science,and ML [1,2]. The group
of organic or synthetic compounds viz. polymers are of many macromolecules,
which are very massive molecules that are multiples numerous similar chemical
blocks known as monomers. Various natural and artificial materials, as well as
a major portion of the constituents in living things, are composed of polymers.
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When it comes to food packaging, water purification,
clothes, housing, health care, electronics, and transportation,
polymers play a crucial role in daily life. One or more of the
characteristics of polymers—economical, easy to manufacture,
enhanced strength-to-mass ratio, and low embodied energy to
synthesize and process them—make them ideal for a variety
of applications [3, 4].

Amongst various methods for nano-informatics, data-
based quantitative structure—property relationship (QSPR)
and quantitative structure—activity relationship (QSAR)
models assist materials researchers and scientists to attain a
better insight of the physicochemical properties that produce
the desired functionality of the reinforcements [5].

This article reviews recent advancements in tools and data
repositories in nano-informatics and informational materials
science in general, specifically with polymer-informatics.
The applications of Al and ML databases with molecular
representation using SMILES and SELFIES is also envisaged

in this review article.

Traditional technologies are facing significant challenges
as a result of the massive number of organic molecules
currently in existence and the ever-increasing demand for
nano materials. QSAR modelling approach or otherwise
nano-QSAR that utilizes ML and Al approach utilizes a
set of predictors for various characteristics of nanomaterials
known as nano-descriptors. In nano-informatics, the former
mentioned datacentric approach plays a vital role. The
predicted property includes physiochemical interactions,
biological activity, etc. The various nano-descriptors viz.
sequential modelling approach (example by structure-activity
prediction networks - SAPNet, predicted response modelling
like predictor of cellular uptake etc. are shown in figure 1.

Data-centric informatics-based methods are becoming
helpful to predict and determine material properties subjected
to adverse conditions or compute using traditional methods.
Predictions are typically interpolative, by fingerprinting a
material numerically firstand then applying a mapping between
the fingerprint and the property of interest. Predictions may
also be extrapolative and further extending into novel material
spaces that provide predictions on uncertainties that are
properly taken into account.

Polymer informatics is developing as a viable instrument
to assure ground-breaking discoveries in the field of polymer
science, thanks to the quick advancements in high-throughput
computing, AL, and ML applications.
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Figure 1: Modeling, design, and characteristics of nanomaterials and na-
no-descriptors.

Review About Informatics in Materials
Sciences

The constant process of discovering new materials has
marked the advancement of humanity. The current generation
of materials discovery, which this article refers to as Materials
4.0, is the fourth paradigm of materials science research. It
briefly describes the infrastructure that has been put in place
for Materials 4.0 and provides several descriptions of materials
discovery and lifecycle prediction assessment using this meth-
odology [2]. Human needs and aspirations have traditionally
driven material development, and this is expected to continue
in the near future. By 2050, there will likely be 10 billion peo-
ple on the planet, which will lead to an increase in demand for
professional healthcare, individualized consumer goods, clean,
high-eficiency energy, and clean energy. Data-driven or ML
technologies have created new possibilities for the materials
discovery and logical design of materials as huge amounts of
data produced by contemporary experimental and computa-
tional techniques become more widely accessible [6]. Polymers
are very adaptable materials that are widely used. Researchers
are increasingly utilizing polymer informatics and data science
to build novel materials and analyze the links between their
structure and properties. A developing field is polymer infor-
matics. Despite the abundance of helpful tools and databases,
many of them remain underestimated. Here, a few of the da-
tabases and technologies that are readily available in the field
of polymer informatics are described in detail [7]. The field of
polymer informatics is expanding quickly based on chemin-
formatics, materials informatics, and data science platforms.
ML algorithms can now predict a variety of macromolecular
characteristics with a respectable degree of accuracy, making
data-driven analyses, forecasts, and recommendations for ex-
perimental polymer research more useful. In order to properly
handle the hierarchical connections of polymer systems, it is
essential to develop suitable treatments for higher-order struc-
tures and experimental techniques [8].

As algorithms and computation get more sophisticated,
the time and cost associated with creating new materials will
decrease. Several kinds of materials, including metals and
oxides, have found acceptance in the newly growing subject of
materials informatics. However, there are significant obstacles
that must be overcome in the specific context of polymer
research before sophisticated ML strategies for developing
novel materials may be used. These difficulties mostly have
to do with how polymeric systems and their attributes are
reported [9]. When it comes to their chemistry, structure, and
uses, polymers are incredibly diverse. However, because the
chemical space of polymers is nearly unlimited, it is difficult to
locate the optimum polymer with the correct mix of qualities
for a specific application [10-14]. Surrogate models that can
instantly anticipate the characteristics of polymers that were
built using machine learning methods on existing property
data might help to alleviate this difficult search dilemma.
In materials informatics, several polymer characteristics are
concurrently learned and predicted using a multi-task learning
technique (Figure 2) [8, 15].

Molecular Representation — Case Study

This case study covers molecular representation and pre-
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Figure 2: Databases for polymer-informatics.

diction whether a molecule is based on atomic and activation
energy function. The comparative study of different activation
functions and to classify the presence of molecules in humans
or not is carried out in this work.

'This study mainly envisages the applications of SMILES
and SELFIES in representing the chemical structure of a mol-
ecule. Various deep learning and ML approaches are detailed
in this work. Table 1 above gives an overall picture about the
accuracy prediction using various methods. The dataset used in

this work is ZINC15 dataset.

The output labels are the subset extracted from the
ZINC15 dataset that is non-human metabolites and endog-
enous. The subset of this large data is evaluated by extract-
ing the molecules which come under non-human metabolites
(Primary metabolites - also known as metabolites, not report-
ed in humans) and endogenous (Primary metabolites observed

in humans) [16-23].

Open-source data are the foundation of data-driven re-
search, but they are difficult for individuals to access. In this
work, a benchmark database called PI1M is created, which
stands for 1 million polymers, to provide data resources for
ML research in polymer informatics. 12,000 manually collect-
ed polymers from PolyInfo, the largest polymer collection cur-
rently in existence, are used to train a generative model. Then
12,000 polymers are created using the model [1,17].

A unique representation for polymers termed “polymer
embedding”is first provided in order to carry out several poly-
mer informatics regression tasks, including density, glass tran-
sition temperature, melting temperature, and dielectric con-
stants. They conclude that the PI1M database encompasses a
similar chemical space to Polylnfo while significantly filling
places where PolyInfo data are scarce by comparing the poly-
mer embedding trained with PolyInfo data to that trained with
PI1M data. It is envisaged that the PI1M benchmark database
will be beneficial for further polymer informatics research [17,
24]. Lack of big FAIR (findable, accessible, interoperable, and
reusable) databases is a major obstacle to the implementation
of polymer informatics.

In order to obtain grass transition temperatures with
the least amount of human input, natural language process-
ing software in conjunction with specifically created software
modules were utilised and finally it was able to extract over 250
glass transition temperatures. All of the results’ information is

available on the Polymers Property Predictor and Databases
website, which may be viewed without charge. They learned
throughout this process that it was difficult to recognise the
names of the polymers in the literature since polymers are re-
ferred to by several names, including common names, sample
names, labels, etc. [25]. In order to overcome this problem, re-
searchers later looked into named entity recognition. They are
concentrating on making it possible for user-submitted data to
grow our databases.

The lack of uniformity in the representation of polymer
names results in irregular polymer indexing, which is a sig-
nificant barrier to the widespread use of datasets linked to
polymers. Additionally, this limits the extensive application of
materials informatics for innovation across a broad spectrum
of polymer science and polymeric-based material classes. The
present strategy, which uses several distinct chemical identi-
ties, hasn’t been found to be effective in solving the issue and is
unclear to researchers. ChemProps is a multi-algorithm-based
mapping technique that is suggested by this research to ad-
dress the polymer indexing [4] problem. It is simple to up-
date. The RESTful API enables simple system integration
and lightweight data exchange. The weight factor assigned to
each algorithm that generates scores for prospective chemical
names is calibrated to maximise the lowest possible value of
the score difference between the potential chemical names and
the actual chemical name. The 160 training data points are
checked ten times to prevent overfitting issues. The resulting
set of weight factors achieves a test accuracy of 100% on the
54 test data points. The weight factors will alter as ChemProps
advances [26].

Other polymer databases can reduce duplicate entries and
provide a more accurate “search by SMILES” functionality by
utilising ChemProps as an API call-based common name-to-
SMILES converter. ChemProps is an excellent tool for auto-
matically filling polymer properties because of its straightfor-
ward design [22, 27]. The ATHAS data bank contains several
valuable databases of physical characteristics related to poly-
mers, such as the glass transition temperature (Tg) and heat
capacity difference at Tg for completely amorphous polymers,
the equilibrium melting point and heat of fusion at 100% crys-
tallinity, etc. Using the ATHAS data pool, ML found QSPRs
between repeated polymeric structural unit fingerprints and
each physical feature.

For the two types of artificial neural networks that are uti-
lized as regression models, the optimal hidden-layer designs
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were determined using the contour plots of the root mean
square error for each physical feature. Both artificial neural
network constructions’ observed values and expected values
had a good correlation, suggesting that the physical character-
istics could be predicted using nothing more complex than the
repeating polymeric structural components. Physical proper-
ties of poly(p-dioxanone) that have yet to be recorded in the
ATHAS data bank were also predicted, demonstrating that
the projected attributes corresponded with reported values
from the literature within 25% of the practical temperature
range. An innovative method for determining the heat capaci-
ty of polymers is given that combines ML with ATHAS anal-
ysis. Nano-informatics is a rapidly developing research entity
both at academia as well as industries. Nano-informatics is fa-
cilitated with enormous potential to provide new mechanistic
insights into ENM interactions with living systems. This also
facilitate a transition to iz sifico risk assessment. The character-
ization of engineered nanomaterials is a challenge faced by na-
no-informaticians and experimentalists. In characterizations
using conventional experimental approach, novel parameters
and measurement methodology with transparent procedures
are implemented. Thus, enabling novel reproducibility of the
work with better accuracy. This also facilitates requirements
for reporting formats that include metadata, storage tools and
data gathering [28]. However, there are some challenges in
developing nano-descriptors like component relationships in
multi-component nanomaterials. The interpretability of na-
no-descriptors can be enhanced by nano-QSARs with adverse
outcome pathways [29].

Conclusion

Informatics of materials science or materials informatics
in general is a vibrant and rapidly booming area of research not
only in engineering, but various other fields like medical, high
performance property predictions for adverse applications, etc.
Informatics on nanomaterials and polymeric materials pro-
vide more mechanistic insights into the domain materials sci-
ence. The advancements of Al and ML approaches otherwise
data centric approach provide a better perspective in current
scenario. This review article provides an overall snapshot of
concepts in the progress of materials informatics, particular-
ly database repositories for property prediction. The complete
representation of nano and polymer informatics which relates
structure with property prediction. The various physiochemi-
cal interactions and biological activity as well mechanical and
fundamental properties are related with perspective on data-
bases. A case study about the molecular representation as a
classification problem whether the molecule is present or not
in a human is also outlined in this review article. The case
study basically focus on utility of molecular representation viz.
SMILES and SELFIES in the dataset. In this research arti-
cle, various studies on nano-descriptors and nano-informatics
and some challenges involved in developing comprehensive
models for predictive nano-informatics is also explored in de-
tail. Nano-informatics is expected to enrich the exploration of
frontiers in materials science and promote the integration of
information as well as utilization of technical knowhow re-
garding nano reinforced materials for material discovery.
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