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Abstract:

Machine Learning has been exponentially growing in the past with applications in almost every field of
science and engineering. It is a very useful and efficient technique to make sensible interpretations of the vast
amount of data which is very difficult to carry out but the human mind. There are many fields in science where
huge amounts of experimental data are systematically developed over several decades. It can be utilized to
make new interpretations and understandings with the help of machine learning, which was otherwise not
possible. This article reports advancements made in the fields of genetics, material science, and agriculture
with the successful use of machine learning.

Introduction:

Machine learning, fundamentally is a method of using algorithms to understand the data and then
further based on the understanding make predictions about the future where the outcome is unknown. These
algorithms can learn from the existing data and then effectively perform tasks and make decisions. These
algorithms can perform more efficiently and make accurate predictions even when the quantity of data is very
large which is very difficult for human mind to do.

Machine learning can be classified into three broad categories, supervised and unsupervised and
reinforcement learning [1]. In supervised learning, the algorithm generates a function which maps the input
variables with output data. Unsupervised learning relates the input data with the unknown output and the
learning proceeds with the availability of new data and the predictions improve. There are no labeled examples
available with the unsupervised learning. Reinforcement learning algorithms learns a strategy of how to
respond provided an observation of the world [2].

Supervised learning methods are the most widely used machine-learning methods. Supervised learning
systems include spam classifiers of e-mail, face recognizers over images, and medical diagnosis systems for
patients etc. These methods embody the function approximation problem, where the training data is collection
of (X, y) pairs and the goal is to generate a prediction y* in reaction to a query x*[3]. The input x can be
classical vectors or can be complex items such as documents, images, DNA sequences, or graphs. Similarly,
many different kinds of output y have been studied. A great deal advancement has been made by concentrating
on the simple binary classification problem where y takes one of two values (for example, “0” or “1”).
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Considerable progress has also been made on problems such as multiclass classification, multilabel
classification, ranking problems, and general structured prediction problems [4].

Application of machine learning has become very successful in many areas and it is transforming many
of the branches of science and engineering in ways that was never thought of in the past. The aim of this paper
is to review the developments in the fields of genetics, material science and agriculture due to the assistance of
machine learning.

1. Genetics and genomics

In genomics machine learning can be used to learn to recognize the locations of transcription start sites
(TSSs) of a genome sequence [5]. The process usually takes place in three steps. First step is development of
an algorithm that will lead to successful learning. Second step is to provide a large collection of TSS sequences
and a list of sequences that are not TSSs to the algorithm. The annotation that represents whether a sequence is
a TSS or not is called as label. The algorithm generates a model using the labeled sequences. Third step is to
provide a novel, unlabeled sequences to the algorithm. The algorithm predicts labels (“TSS” or “not TSS”) for
each sequence with the help of the model. The results can be verified using a test data set with known results or
can be validated experimentally in the lab.

Machine learning methods were successfully employed in so many areas of genetics. It has been
utilized widely for genomic sequencing. In addition, the algorithms can identify splice sites, promoters,
enhancers, positioned nucleosomes etc [6-9]. Combining individual models that can identify the individual
elements, it is also possible generate algorithms that can learn the location of the elements and annotate genes,
including their full UTR/intron/exon structure [10]. Machine learning has also been used successfully to assign
functional annotations to genes [11]. Predictive algorithms are capable of taking broad array of data types like
genomic sequence, gene expression profiles, phenotypes, protein-protein interactions, synthetic lethality
information etc as input.

Machine learning methods are capable of understanding the mechanisms of gene expression. Some
techniques attempted to predict the expression of a gene only using DNA sequence as input [12]. However,
others have also considered ChlP-seq histone modification [13] or TF binding [14] profiles. Advanced
machine learning methods have attempted to model the expression of all genes together in a cell with the help
of a neural network model [15].

2. Material Science

Rapid developments in automobile, energy, defence, and other fields have caused diverse requirements
for high performance materials. There are three potential methods that can be used for new material
development. They are empirical trial and error method, thermodynamic based computer simulation, and big
data-driven machine learning. Conventional material development and analysis techniques, such as the
empirical trial and error method is not viable because of the long development cycles, and high costs. New
methods based on machine learning have emerged as a very useful technique for development of materials and
property predictions with huge reduction in time and cost of development. It is one of the most efficient ways
of replacing the recurring laboratory experiments. It has been utilized successfully to invent new materials, to
investigate material properties, to understand quantum chemistry, and to design drugs. [16-20] Resources and
tools for machine learning are abundantly available and are easy to access and hence its use in material science
IS increasing exponentially.
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2.1 Material property analysis

2.1.1 Damage detection

Machine learning is very useful in complex problems in materials engineering. It gives precise
predictions in material analysis and detection of material defects and flaws. Agrawal et al used machine
learning methods to predict the fatigue strength of steel by understanding the relationship of various properties
of the alloy and its composition and process parameters [21]. Twenty five features associated with fatigue
strength have been used as input data in the study and tempering temperature was identified to be one that most
influences fatigue strength. Machine learning algorithms, such as artificial neural networks, Support vector
machine, and linear regression have resulted in high prediction accuracy with error rates <4%. Pavement
cracks were detected in asphalt surface using three-dimensional images employing a neural network algorithm
with an accuracy of 90.13%. A model for railway track inspection based on a fully convolutional network was
developed [22]. An artificially illuminated car has been used to collect images of the track and 80% of the data
was divided as training data set and the remaining 20% as testing data set. The model has been proved to have
high accuracy.

2.1.2 Nano materials

Study of nano materials is an important field where machine learning has been used successfully [23-
25]. Solubility of C60 has been successfully analyzed using machine learning techniques [16]. Machine
learning has been successfully used to predict the toxicity of nano materials, to develop new nontoxic nano
particles, to develop multi-structure/single-property relationships of nano particles, to understand quantum-
mechanical properties of molecular systems, to study chemical reactions of nano materials and to explain
kinetic systems [23-28].

2.1.3 Material properties

Conventionally, density function calculations are used for molecular property predictions. However this
method is very time-consuming and hence researchers explored other methods such as machine learning with a
motivation to obtain faster results. . Machine learning has been successfully used for the quick prediction of
properties of molecules, compounds and materials with good accuracy [29-31]. A deep neural network model
has been developed to automatically extract the physical, chemical interactions and similarities between
elements and offer accurate prediction of material properties [32]. Another model based on a convolutional
neural network that transforms raw data of compounds into 2D images and calculates properties such as
toxicity, activity etc [33].

2.2 Discovering new materials

2.2.1 Element-oriented design

Machine learning is capable of predicting new compounds and their structures from the input
composition data [34-36]. In a study, 209 new ternary oxides were identified using a probabilistic model which
was prepared based on experimental crystal structure database [34]. A machine learning model was developed
with the help of a large data base of DFT calculations and used to predict thermodynamic stability of arbitrary
compositions. They were able to identify 4500 new stable materials through combined use of a heuristic and a
machine learning based predictive model [36]. In another work, binary compounds were studied using machine
learning techniques [35]. As a first step, 67 octet compounds were classified into distinct classes according to
their crystal structures with the help of an unsupervised learning algorithm. In second step, crystal structures of
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55 compounds were correctly identified by a supervised learning algorithm. Finally, melting points of 44 AB
suboctet compounds were predicted with the help of a regression algorithm where a combination of 16
properties of the atoms of each binary compound has been used as input. Machine learning has been proved to
be capable of discovering new compounds with good accuracy.

2.2.2 Drug development

Drug design is an important field where machine learning has been used successfully [37, 38]. Machine
learning has been proved to be capable of handling the structural complexity of proteins which facilitates the
invention of target drugs [37]. Modern strategies for new drug development include ligand-based drug design
(LBDD) and structure-based drug design (SBDD) techniques [38]. These techniques make use of machine
learning to simplify calculations and to build statistical validation models. LBDD use similarity search (2D or
3D information from one or more compounds for calculating similarity index which is then used for sorting
compounds in the unknown database) and creation of a classification or regression model for predicting
biological activity. LBDD is easy to carryout and has lower computational cost when compared to SBDD.
SBDD is preferred when information about biological target structures is known. In SBDD, machine learning
is used to predict the tertiary structures of receptors, solvent accessibility, disordered regions etc [38]. Machine
learning algorithms like artificial neural network, support vector machine, decision tree, random forest, and k-
nearest neighbor are widely used in both the drug discovery strategies.

3. Agricultural

Increasing population, reducing water resources, raising fertilizer and pesticide usage is putting huge
pressure on agriculture. Precision farming is the new area that uses data intensive approaches to enhance
agricultural productivity while minimizing input cost and environmental damage. A variety of different sensors
are used to generate the data (Weather, Crop & Soil) which helps to get a better understanding of the
operational environment enabling faster decision making. Machine learning (ML) with big data and high-
performance computing has emerged as a potential technology to exploit in precision farming.

3.1 Yield Prediction

Yield prediction is a vital area in precision agriculture which plays a crucial role in yield mapping and
crop management to get increased productivity. Machine learning has been successfully applied in vyield
prediction in several studies. A low cost method using support vector machine algorithm has been developed
which automatically counts coffee fruits on a branch and classify them in to harvestable, not harvestable, and
fruits with disregarded maturation stage [39]. An automated low cost harvesting system with Gaussian naive
bayes algorithm has been developed with a machine vision system for shaking and catching cherries during
harvest [40]. Yield mapping system for finding immature green citrus in a citrus grove has been developed
using support vector machine algorithm and the results showed an accuracy of 80.4% [41]. Artificial neural
network based model for estimating grassland biomass using multi-temporal remote sensing data has provided
results with reasonable accuracy[42], Another study employing artificial neural network attempted yield
prediction using satellite imagery, crop growth characteristics and soil data to get a more precise prediction of
wheat yield [43]. Detection of tomatoes using images captured by an unmanned aerial vehicle (UAV) has been
attempted using expectation maximization algorithm [44].
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3.2. Disease Detection

Effective pest and disease control is serious concern in agriculture which affects crop quality and yield.
Spraying pesticides uniformly over the cropping area is the most commonly used method in pest and disease
control. It causes elevated financial loss and considerable environmental damage. Machine learning plays an
important role in precision agriculture management, where chemical fertilizers and pesticides are given
precisely to the affected areas instead of overall application. An artificial neural network based method has
been successfully used to discriminate Silybum marianum plants infected by smut fungus Microbotyum
silybum with an accuracy of 95.16% [45]. A new method based on image processing with the help of support
vector machine algorithm has been proposed for the categorization of parasites and detection of thrips in
strawberry greenhouse environment [46]. Detection of pathogen Fusarium fujikuroi (Bakanae disease) in rice
has been attempted using support vector machine algorithm [47]. This method was less time-consuming
compared to visual examination with naked eye and increased grain yield. A CNN-based method to classify
healthy and diseased leaves in various plants for the disease detection has been devised with an excellent
accuracy of 99.53% [48].

3.3. Weed Detection

Weed detection is an important problem in agriculture. It is very difficult to precisely identify the
weeds. If left undisturbed, weeds pose high threat to the crop production because they not only consume the
nutrients that are meant to be used by the crop plant, but also grow rapidly and covers the area leading to
suppressed growth of crop plant. Hence weed management is a significant problem in agriculture. Machine
learning can be used for accurate identification and discrimination of weeds and help sustainable agriculture. It
can help destroy weeds and minimize the need for herbicides. A counter propagation (CP)-ANN method has
been used on multispectral images captured by unmanned aerial vehicle for the identification of a weed,
Silybum marianum [49]. An accuracy of 98.87% has been achieved. In another study, using ML techniques
and hyperspectral imaging, an active learning system has been developed for weed discrimination in Maize.
Ranunculus repens, Cirsium arvense, Sinapis arvensis, Stellaria media, Tarraxacum officinale, Poa annua,
Polygonum persicaria, Urtica dioica, Oxalis europaea, and Medicago lupulina were considered as weed
species. Very good prediction accuracy has been reported.

3.4. Crop Quality

Detection of crop quality characteristics precisely will help to improve product price and trim down
waste. A new method for the identification and categorization of botanical and non-botanical foreign matter in
cotton lint during harvesting has been devised [50]. The authors used support vector machine algorithm and
aimed at improving the quality and reducing the fiber damage. Classification accuracy of 95% has been
reported. In another study, a machine learning method was presented for the identification and differentiation
of pears into deciduous-calyx or persistent-calyx categories [51]. They have used hyperspectral reflectance
imaging and support vector machine algorithm in the study. An accuracy of 93.3% and 96.7% for deciduous-
calyx and persistent-calyx respectively has been achieved.

4. Summary

Machine learning has proved to be a potential technique to make better understanding and predictions
in many fields of science and technology. The use of various machine learning techniques in the fields of
genetics, material science and agriculture has been reviewed. Machine learning is a very successful and
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useful technique for analysis and interpretation of data. It was used successfully in gene sequencing,
material development, material defect identification, agriculture disease control, yield prediction etc. There
IS going to be ever increasing use of machine learning in all the fields with the development of advanced
and more matured machine learning algorithms/techniques.
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