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Artificial Intelligence — Landmarks
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Artificial Intelligence

Machine

Learning Statistical algorithms which learn from data

Deep
Learning

Multilayered NN learns from huge data

deep learning

> machine Iearning

predictive analytics

translation

natural language
rocessing (NLP

classification & clustering

information extraction

speech to text
speech
Al - An text to speech >

Artificial Intelligence
(Al)

expert systems

Infused
Technique

planning, scheduling &
optimization

robotics

image recognition

] - vision
machine vision




[ Genomics — Landmarks ]
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[ Genomics — Landmarks ]
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[ -omics, Al and Complex Traits ]

» prediction of gene structure
» Prediction of antimicrobial peptides
» Discrimination of cRNAs from ncRNAs, and further
classification of ncRNAs
Traits > |dentification of nitrogen fixation genes, herbicide resistant
Biotic Stress genes, insecticide resistant proteins, heat shock proteins, etc.

\Q/ Abiotic Stress
QQO Nutritional
i{b Agronomic . o _ _ .
A Biochemical DNA barcode based identification of microbial species

Identification of late blight susceptible genes
Prediction of multiple sub-cellular localization of genes
Abiotic stress responsive miRNA prediction

Spike recognition and counting from visual imaging
Genomic selection and prediction of genomic
estimated breeding values.

Complex Phenomena

Next Generation
Genomics Al infused

Epigenomics Integrated

Transcriptomics multiomics Data Sci
Proteomics atd SCIENCE

Metabolomics Machine Lt?arning
+ Statistics
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Gene Structure Prediction - Splicing

U2-type

5°ss

Ul U2
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3’ss

GC AG

Position Weight Matrix

U2: GT_AG B'ss: Consensus Motif > CAG GTAAGT

9
Splice Site motif score = Z |092( P, )
=) 0.25

« Ul snRNP 5’ splice site binding

Exon | Intron
U1 snRNA: GUC| CAUUCA
I U I I O I B O
pre-mRNA sequence: CAG|GTAAGT
Rank: 10

U1l snRNA: GUC|CAUUC|A

pre-mRNA sequence: CAG|GTIGIAG|G
Rank: 1

U1 snRNP splice site binding

Sheth et al (2006). Nucleic Acid Research. 34 (14)



* Research Gap: Are there mechanisms other than
PWM exist?

* ML based approaches:

* Determination of window size

* Encoding of nucleotide dependencies into
numeric vectors

* Numeric vectors as input in ML classifiers for
prediction of donor splice sites

Random Forest (RF)

Support Vector Machines (SVM)
Artificial Neural Network (ANN)
Bagging, Boosting

Logistic regression

kNN

Naive Bayes classifiers

* Rice, Maize, Barley, Cattle, H3SD

* Highest prediction accuracy for SVM (balanced
data) and ANN (imbalanced data)

A RS

((e* (A TAD) ((e* (A TN (A; IG))) ((e* (A IC)))) -

Sequence dataset

S MR

About PreDOSS

PreDOSS: A web server for donor splice site prediction

- (e (Ci G (e

(C; |C))) (E (A TAD) ((e” (A TN (e (A 1G) ((e" (A IC)) -

Difference

((e(A 1AD) ((e(Ai IT)) ((e(Ai IG)) ((e(A; IC)) ...

eukaryotes

((e(Ci IG)) ((e(Ci IC))

PreDOSS

Prediction Methods

(" (Ci IG)) ((e" (Ci IC)))

Encoded dataset

X
6

PreDOSS: A webserver for prediction of donor splice sites in M
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Journal of Theoretical Biology (2016), 404, 285-294; Algorithms for Molecular Biology (2016), 11:6; BioData Mining (2016), 9:4;
Jour. Plant Biochem. and Biotech. (2015), 24(4), 385-392



Improved Prediction of Antimicrobial Peptides

* AMPs gaining attention due to growing resistance
of microbes against conventional antibiotics

* AMPs kill target cells without affecting host cells

Research Gap

 |dentification and designing of AMPs through wet
lab experiments is resource intensive.

* In silico identification may supplement already
identified and designed new antimicrobial agents.

Data
antibacterial peptides - CAMP, APD3 and AntiBP2;
antiviral peptides - CAMP, APD3, LAMP and

AVPpred;

1 A NI 0O

Compositional, Structural and Physico-chemical features (66)
AAC, NAAC and PAAC

Alpha helix propensity, Beta-sheet propensity, Turn propensity
Iso-electric point, Hydrophobicity, Net-charge

SVM with Gaussian RBF

ma Dr Atmakuri Ramakrishna Rao - x iAMPpred: Home x D CABIn x -

rid.res.in:8080/amppred/
p

http://cabgrid.res.in:8080/amppred/
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1-Specificity Recall

% Prediction accuracy
Anti-bacterial = 94.69
Anti-viral = 90.09
Anti-fungal =93.35

Meher, PK., Sahu, T.K.,, Saini, V. and Rao,
A.R.(2017). Scientific Reports 7:42362,


http://cabgrid.res.in:8080/amppred/

Multi-class classification of RNAs

Binary classification of coding and non coding
RNAS

Multi-class classification of ncRNAsS: snRNA,
snoRNA, miRNA, IncRNA, lincRNA, circRNA,
tRNA, rRNA, SRP

Deep Neural Network (DNN), Random Forest
(RF), Support Vector Machine (SVM), Artificial
Neural Network (ANN)

Transcript sequences of 63 plant species, covering
cereals, pulses, oilseeds, fruits and forestry trees

https://plants.ensembl.org/info/data/ftp/index.html

PNRD, PlantCircBase, 5SRNAdb, CANTATAdDb
2.0

Features

Transcript length, ORF length, ORF coverage
Peptide length, K-mer frequencies, BLAST features
Amino acid composition, Molecular weight,
Isoelectric point, GC%, Codon Bias Indices, RSCU

P R .o oo oo | iy
Codmg and Pre -processing of r’[ Feature \ RF (proposed) 99.803 99.7 99.9
non-coding ' = | ‘ coding and non- ‘ l=>‘ extraction )

LncRNA-ID (RF) 95.78 96.28 95.28

coding RNA

\ RNA /
W/ @f/ v LncRNApred (RF) [T 95.27 93.48

PLncPRO (RF) 83-99.5
Ve \ SVM (proposed) 97.364 97.9 92.2
CPC1 (SVM) 93.2 99.5 87.3

M del T
odel Training \\<:=|\ Feature Selection |

\“‘“’:‘*m‘;/ i cpc2 (svv) 96.1 95.2 97
v DNN (proposed) [REERJIE] 99.4 99.6
Workflow DeepLNC (DNN) [N 98.98 97.19

Prediction accuracy

100

; "\\/;///?

85
80
75

70
rRNA snRNA  snoRNA circRNA lincRNA  IncRNA miRNA SRP tRNA

=@=SVM ==@==RF DNN ANN

Comparison of multiclass classifiers based on performance metrics using
independent test data

| Method | Accuracy (%) Specificity | Precision | F1-score | MCC_|

SVM 94.283 0.762 0.966 0.795 0.770 0.741
RF 94.113 0.757 0.965 0.803 0.766 0.741
DNN 93.908 0.726 0.966 0.726 0.742 0.692

ANN 89.653 0.511 0.945 0.535 0.523 0.465


https://plants.ensembl.org/info/data/ftp/index.html

Identification of nif Genes

* Nitrogen fixing microbes depend on nitrogenase
enzyme complex, consists of structural genes: nifH,
nifD, nifK, nifH, nifE, nifN and nifB genes, essential
in characterized systems (diaztrophs)

 Identification of nif proteins are essential

* SVM classifier + kernels (linear, polynomial,
sigmoidal, radial)

e Binary classification for nif and non-nif proteins,
multi-class classification for categorization of nif
proteins

Data

82 diaztrophs (UniProtkB); +ve and -ve

datasets for training classifier

Features

1. Amino acid composition (AAC)

2. Di-peptide composition (DPC)

3. Gap-pair composition (GPC)

4. Pseudo amino acid composition (PseAAC)
5. Composition-transition-distribution (CTD)
6. Auto-correlation function (ACF)

Mean & standard error

Prediction of test instance R E
Generation of CTD w e
Test sequence features s
Soetionof CID Encodednif and non-nifdatasets =~ 5 =
A Used as iputin & =
Encoded test sequence l SVM 00 5
|[nputto Bimary SVM Trained binary g ";é‘
SVM classifier E %
J |
Prediction result Yes o No
: predicted o
in the first stage as nif? S
non-nif
Seven classes of nif E
datasets (7}
Generation of CTD A
features )
Seven classes of encoded ¥ %
nif datasets =z
Used as mputm = 6
SVM g
= Trained multiclass w 5
2 SVM classifier £
| s 3
i ; Y, =
Prediction result in Predicted to any one of the
the second stage seven nif categories
Identity=60% Identity=70% Identity=90%

0.9-
0.8-
0.7~
0.6-
0.5-

0-

0.9-

I“nll I“iill IIIIIII
il kol il

o o o
=4

O O © O a0
O N o o

o

201 Aoeinooy

uoisioald

Adaboost
ANN
Bagging
kNN

NB

RF

SVM

True positive rate

Predicted

00 02 04 06 08 10

Radlal
2 T Y|

2 >

00 02 04 06 08 10 Qacifa
Test set-l B Test set-ll

mif 3 0 3 1 1 0 ™™ 100 0 2 EEBl 3 _8

ngall 2 03" o Ne E "™1e4 0 10 7 1 689

“1o o o o 84 5™l 0o 0o 0 0 979 2

. 2 |

"1l 0 .0 . 0 0 |8" o o0 o 0 0

2 o]

LR < - 1 1 6| "™ 0 0979 3 0 36

"“"‘o-o 0 0o 0| "™ 01070 0 0 O

""B'. 0.0 0 00 "B11804 0 0 1 0 0

nE lfD ni;E n‘r;H ni;K ni;N m;B m1'D m;E m;H m;K nﬂ'N

Observed Observed

Meher, P.K., Sahu, T.K., Mohanty, J.,
Gahoi, S., Purru, S., Grover, M. and
Rao, A.R. (2018). nifPred: Frontiers in
Microbiology, 9: 1100.



SREP-12 X | [ DrAtmakuri Ramakrishna Rao - X HRGPred: Home x [ X | [ DrAtmakuri Ramakrishna Rao - = X ir-HSP x | [ cAsin x| +

secure | cabgrid.res.in:8080/hrgpred/ | cabgrid.res.in:8080/ir-hsp/
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i~ improved récognition of HSPs and ,Mﬁ amilicget

Home Run ir-HSP Dataset Help Contact Us

& Home Our other prediction

servers
Heat shock proteins (HSPs) are one of the largest groups of molecular chaperones that
assist in correct folding of partially folded or denatured proteins, establishment of proper dsspPred
Home Run HRGPred Dataset Help Contact protein conformation and prevention of unalterable aggregation of damaged proteins.
Besides chaperonine activities, HSPs are also involved in other functions like modulation RatUneS
of their synthesis, participation in signal transduction pathways, RNA processing etc. HSPs PreDOSS
also play vital role in maintaining the overall cellular protein homeostasis. Due to broad %
Home Our other Prediction range of activities, they have received a considerable attention of the researchers. Hoplice
Keeping in view the wide range of functions of HSPs, we developed this server for SPIDBAR
Servers> prediction of HSPs, their families (HSP20, HSP40, HSP60, HSP70, HSP90 and HSP100)
According to the herbicide resistance action committee, herbicide resistance is the inherent ability and sub-typpes of Dnal proteins(Type I, Type II, Type III, Type IV). The ir-HSP achieved DCDNC
of plant species to survive and reproduce after exposed to a herbicidal dosage which is lethal to its higher_ac.curacy as compared to the existir.\g approaches, and thus believed to supplement iAMPpred
the existing efforts for annotation of protein sequences.
wild types. Globally, the evolvement of herbicide resistance has been a major cause of concern for Eanpao

sustainable agricultural production. Up to the end of 2016, around 477 herbicide resistant biotypes Useful Links

have been reported encompassing 252 weed species, where these biotypes have developed

NCBI
resistance to 23 of the 26 known herbicide sites of action and 161 different herbicides. The SPIDBAR HSPIR
mechanism of herbicide resistance can be classified into two classes’ (i) target site resistance, and DCDNC iHSP-PseRAAAC

55 > P < 5 z 5 : : s Folded
(ii) non-target site resistance. The target site resistance is mainly due to the mutations in the genes iAMPored =S -~ substrate Jpred

http://cabgrid.res.in:8080/ir-hsp/ iars i incs Rini ;
http://cabgrid.res.in:8080/hrgpred/ Scientific Reports (2019), 9: 778. E;%]tlj:z:t;gnifgeigrj Bglonlfg)rn;até%sS and
DOI:10.1038/s41598-018-37309-9 p ay . 8,

o
SPIDBARIINN rﬁ\.
i\~

SF Species [dentification using DNA Barcode TRAINING RESULT
ot
he problem of spacies identification using DNA Bareade ean be formulated a3 : given a refarence libary NO.OF INDIVIDUALS NO.OF INDIVIDUALS CORRECTLY -
Hame composed of DNA Bareode spacimen sequences of knawn $pecies and an unknown DNA Barcode saquence, SPECIES OBSERVED PREDICTED D
recognize the latter into 2 species that is present in the library. Several methods have been developed and
Helg adopted to automatically classify 2 DNA Barcode sequence to & predefined species, such as lree-based 1 |smetrids_centurio
[ methods, simiarity-based methods and diagnostic methods, However, each methed has its own advantage
*Dugws | and disadvinatge. The SPIDBAR ean be used for species identification uging DNA Barcode with the help of £ hnoura_cadifer 13 13
B oo o ey f L et f e .2 B e et o e s e piye o D oo, geoffoyi 1y 2
classification purpose. To run this server, the user has lo provide the set of reference sequence with known ¥ linoura_latidens 4 i
species label (in BOLD format) and query sequence with hypothetical label (in BOLD format). Also, the user
hes to provide atisast twa query saquence 10 fun the SPIDBAR. B irtbeus_amphs B B .
livtthame rimavans
Paste Reference Sequences
Paste the protein sequences in fasta format Download Traning Result
>NP_476907.2 -
MFLVIGAILASALFVGLLLYHLKFKRLIDLISYMPGPPVLPLVGHGHHF IGKPPHEMVKKIFEFMETYSK
DQVLKVWLGPELNVLMGNPKDOVEVVLGTLRFNDKAGE YKALEPHLKEGLLVSRGRIKWHKRRK I I TPAFHF 4 HESTIRETTG
KILDQFVEVFEKGSRDLLRNMEQDRLKHGDSGFSLYDWINLCTMOTICETAMGVSINAQSHNADSEYVQAV on N
KTISMVLHKRMFNILYRFOLTYMLTPLARAEKKALNVLHQF TEKIIVQRREELIREGSSQESSNDOADVG Upioad Training e Ghagse i | Nl hesen || OBSERVED LABFL | PREDICTED LABHL ]
AKRXMAFLDILLQSTVDERPLSNLDIREEVDTFHFEGHDTTSSALMFFFYNIATHPEAQKKCFEEIRSVW I ey e T | Jametrids_centurio hmetrida_renpurio
GNDKSTPVSYELLNQLHYVDLCVKET LRMYPSVPLLGRKVLEDCEINGKLIPAGTNIGI SPLYLGRREEL s 2 [anouws_cmiir ———
FSEPNIFKPERFOVVTTAEKLNPYAYIPFSAGPRNCIGQK FAMLEIKAIVANVLRHYEVDFVGDSSEPPV B [lanows cwdifer [inours_candifer
LIAELILRTKEPLMFKVRERVY - N re—— em————
) 5 [anowa goffron finours_geoffroy
Load Example Data Clear Textarea . - [anouts _geofftoys [rours _geoffroyi -
Upload Test file Notle crosen ad Tesi Result
Submit | e o Prabe .
= NCBI L= : v g3y (e L (1 (0 e Bt B [, B = BIm el I B

http://cabgrid.res.in:8080/dirprot/ ~ BMC Bioinformatics (2017) 18:190 W#mmwmmmmm(:jhfthf ,m,.um,n_._. T
http://cabgrid.res.in:8080/spidbar/ Gene (2016), 592(2), 316-324



http://cabgrid.res.in:8080/dirprot/
http://cabgrid.res.in:8080/spidbar/
http://cabgrid.res.in:8080/ir-hsp/
http://cabgrid.res.in:8080/hrgpred/
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K-mer features: 5460 (k-mer size 1 to 6) g3 : . | Fosoi—REamm prasean ||l Iomeantl
o O o5l RF57821% IR dgik
. . . ' Exosome Mitochondrion N
. o ucleus
Feature selection: Elastic Net algorithm (1812 3 —— 000 o 1 | e R
—_ 0.00 025 050 0.75 1.000.00 0.25 0.50 0.75 1.00 0.00 0.25 050 0.75 1.00
features selected) © Postero " 7P ]
© v | Moo . RF-196.81% M
[ {2 N 1 5o
HPY H . < o5l | @ || —Rro7258% W[ | = —RF49949% L oE S 7 a0
Prediction algorithm: Random Forest 3 goso|| —Rednesa gl | i e
- = - — 3 & - RF-4 72.95% : RF-5 75.11%
0.25 RF575.21% 1 Posterior - b
o ot gL —o. il = Ren Pseudopo&ium Ribosome
Collection of o0 " 04 " 05 "0 " 94 " ©ob 'O0 " 0% ' o8 @ s e — e e e s s
: Recall . 0.00 025 050 0.75 1.000.00 025 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00
¢ eca Recall Recall Recall
e —
Remove overlapped Precision-recall curve for different K-mer Cross-validation accuracy
sequences
NOﬂ-OV&flapped ] W Nitrogenase - V. % | Il DIRProt:acom; x | ) Identificationof X | irhsp - Yahoo I % | [ hrgpred - Yahoo x HRGPred: Hom: X | @ Identification of X | W DNAbarcoding X mLoc-mRr
localization datasets ] 8080/mlocmrna/
Remove redundant sequences . .
using CD-HIT with sequence - mlLoc-mRNA:a web server for predicting
'de“t"ycm'°f_f\°'8 multiple sub-cellular localization of mRNA
Non-redundant f
localization datasets i
e NAVIGATION
. o i About mLoc-mRNAL
Prepare training datasets .-~ .. Prepare test datasets
__,.-"" \’*\_\ - Home Localization of mMRNAs has several advantageous over targeting protein
y Lt e - Server localizations, and thus often utilized for targeting location of proteins and their
= Algorithm functions. Keeping in mind the importance of localization of mMRNAs, this tool has
Positive and negative ] Independent test set-1 } - Dataset been developed for predicting multiple sub-cellular localization of mMRNAs. The
datasets B ) « Help mLoc-mRNA is capable of predicting the probabilities for each mMRNA sequence to
« Contac be predicted in nine different localizations that are cytoplasm, cytosol, endoplasmic
Training of RFimodel H ﬁ; reticulum, exosome, mitochondrion, nucleus, pseudopodium, posterior and
i Independent test set-ll ;( ----- -‘ OUR OTHER ribosome. The developed model achieved area under ROC curves (auROC) of
Y $ 7 PUBLISHED 78.13, 75.63, 75.54, 76.47, 98.98, 80.28, 76.73, 98.90 and 78.40% for the
- ! =T H WEB SERVERS respective localization, while accuracies are measured following 5-fold cross
i 9 binary RF classifiers . | Prediction oftestidata validation. Further, auROC of 74.72, 76.30, 73.57, 76.49, 95.81, 78.75, 69.56, 98.45
H for9ol li ion _— and 77.91% are obtained while the model is evaluated using an independent test
: or 9 localizations - dSSPred
: ——— d=srred dataset. This tool will certainly supplement the future endeavor in the direction of
: %DC?S?SS MRNA localization study.
> Final result > Meher, P.K., Rai, A. and Rao, A.R. (2021). BMC Bioinformatics 22, 342 (2021)
.\“....M—--‘/



Abiotic stress-responsive miRNA prediction Cross-validation accuracy for SVM

Dataset Sen (%) Spe (%) Ace () Pre (%) F-Score (%) auROC (%) auPRC (%)
. . . . miMNA 6h.13 64.53 6533 65.09 65.61 70.21 H9.96
e Dataset: Abiotic stress associated miRNA and Pre- Pre-miRNA 69.20 63.60 66.40 65.53 67.31 69.71 65.64
Pre-miBEMNA + miRNA 74.00 GE.80 71.40 70.34 7212 7704 7732

mMiRNA

_ o Prediction with other learning algorithms
* Feature: Pseudo K-tuple nucleotide compositional

features (1372) Dataset Method  Sen(%)  Spe(®)  Acc(%) Pre(%) F-Score(%) auROC (%) auPRC (%)
_ , RF 5520 5813 5666 686 56.02 5888 58.25
* Feature selection: SVM-RFE (SVM-recursive feature miRNA XGB 5121 %600 5361 W78 5246 5479 56.03
o ADB 3226 506 467 491 5355 5745 57.01
elimination) RF 6560 5850 6220 6142 6344 6425 58.03
. : PremiRNA XGB 6l %40 %00 604 5582 5826 5491
* Prediction algorithm: SVM, XGB, ADB, RF ADB 3801 000 00 918 5858 6228 57.86
RF 6320 6200 6260 6245 G282 6463 60.28
- PremiRNA +miRNA ~ XGB 6220 6160 6200 6190 6215 6256 59.64
$ N ADB 6160 960 6060 6039 6099 6355 59.9
g i ;‘—LP'LL' | Postiveand | Independent test set prediction
= il U damsers ‘
o GESEEEY) #Sequences Performance Metrics
Dataset Positive  Negative Sensitivity (%)  Specificity (%)  Accuracy (%)
miRNA 72 100 bbb 58.00 6233
- Pre-miRNA 70 100 6571 64.00 6485
miRNA + Pre-miENA 70 100 7142 67.00 #9.21
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About ASRMmMmiIiRINA

http://cabgrid.res.in:8080/asrmirna/

Meher, P.K., Begam, S., Sahu, T.K., Gupta, A., Kumar, A., Kumar, U.,
Rao, A.R., Singh, K.P., and Dhankher, O.P. (2022). International
Journal of Molecular Sciences, 23, 1612

Training and testing



http://cabgrid.res.in:8080/asrmirna/

Spike recognition and counting in wheat plants from visual imaging

* Computer vision emerging as a significant approach for non-invasive and non-destructive plant phenotyping.
* Detection and counting of spikes - critical to determine yield
* Object detection from the digital images — Challenge
* Deep learning network — Local Patch extraction Network (LPNet) and Global Mask refinement Network (GMRNet)
Online System of ldentifying and Counting Spikes in Wheat Plant
/ Home  Spike Detection and Counting  Contact Us Help  Sample Dataset
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/= Sahoo, R.N., Ray, M., Kumar, S., Raju, D. and Jha, R.R. (2020). Plant
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FIGURE 1. Flow diagram of SpikeSegNet: Here, input is visual image of wheat plant of size 1656*1356. The input image is divided into patches of size Ch i nnusamyl \/' (2021) ' I EEE Access1 9! 76235-76247-

256*256 before entering into the LPNet. The output of LPNet are patch-by-patch seg; ted mask images which are then combined to form the mask
image as per the size of the input visual image. This image may contain some sort of inaccurate segmentation of the object (or, spikes) and are refined at
global level using GMRNet network. The output of GMRNet network is nothing but the refined mask image containing spike regions only.




Genomic Selection and Al

Suitable imputation method against missing observations
in GBS data

robust GS model against missing SNP genotyping data

Estimation of GEBVs in presence of missing observations

Imputation techniques

Mean allele frequency Imputation (MNI)

Locally weighted linear Regression Imputation (LWI)
k- Nearest Neighbour Imputation (k-NNI)

Single Value Decomposition Imputation (SVDI)

Expectation-Maximization Imputation(EMI)

SR L S

Random Forest Imputation(RFI)

r 10 data sets

cy ove

Mean Imputation Accura

Efficiency of imputation techniques at varying levels of missingness
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I. BLUP based Models
1. G-BLUP (Genomic BLUP)
2.  EG-BLUP (Epistatic Genomic BLUP)

Il. Models Based on Penalization :

1. Ridge Regression (RR)

2. Least Absolute Shrinkage and Selection Operator
(LASSO)

3.  Elastic Net (EN)

lll. Models Based on Bayesian Approach

1. Bayes A (BA)

Bayes B (BB)

Bayes C (BC)

Bayesian Ridge Regression (BRR)

Bayesian LASSO (BL)

IV. Models based on Machine learning algorithms
Support Vector Machines (SVM)
Reproducing Kernel Hilbert Space (RKHS)
Multi Kernel RKHS (MKRKHS)

Random Forest (RF)

e W
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https://www.panzea.org/data
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Efficacy of GS models in case of complete as well as incomplete SNP data

Carrelation cosfficients over 10 CVs
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Metagenome & Machine Learning

+*¢* Main Challenges

» Assessment of molecular diversity and density

» Accurate Binning

» Assessment of unknown microbes into different categories

¢ Data
Dataset Sites
v' Contaminated sediment by
samples from the Ganga and = tocation
Yamuna Rivers. Farakka F1
v' Locations — Kanpur, Farakka F2
for Ganga river Kanpur K1
- Delhi for Yamuna river K2
Delhi D1
D2
+* Result
Microbial Diversity Ganga Yamuna
Cellular Bacteria 50,305 53,506
Archaea 1,039 3,254
Eukaryota 10,799 15,985
Non-cellular  Virus 4,55 2,48

Total
Sequences

2,91,28,182
5,44,69,302
2,81,58,772
3,30,84,931
6,38,16,159
6,36,60,637

NIRS

1,03,811
4,293
26,784
7,03

s*Kmeans Clustering

+*SMOT Analysis

b3 % g ." +  Training
Mieud 4 SMOTE A% MAAY 4 Dataset
. . g 4

.
Lot
|

Imbalanced dataset ~ Generating New synthetic datapoints ~ SMOTE Dataset

Majority class data points A Minority class data points A Synthetic minority class data points

** Multiclass Classification
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<
<

LSTM
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CompaliativekanalysisiofBzCellikepitopelRijedictichnhloels

B-cell epitopes have a prominent role in development
of peptide-based vaccines and disease diagnosis.

High variability in the length of these epitopes is the
major reason for low accuracy in their prediction.

We have analyze the performance of machine learnin
approaches (MLA) with eighteen different amino aci
encoding schemes in the prediction of flexible length
linear B-cell epitopes.

The APC encoding scheme was found suitable for
homogeneous and longmer flexible length B-cell
epitopes, while its combination with DC, AC, and
CTDD encoding schemes is likely to improve accuracy.

The CTDD feature set can be opted for heterogeneous
dataset and shortmer flexible length B-cell epitopes
and its combination with AC is favorable for an
enhanced prediction performance.

Besides APC and CTDD, DC and APP encoding schemes
were found more appropriate for homogeneous B-cell
epitopes whereas AC was found suitable for
heterogeneous B-cell epitopes.

Two combinations of peptide encoding schemes i.e.,
APC+AC and APC+APP were identified to have
improved performance over the state-of-the-art tools
for flexible length linear B-cell epitope prediction.

Trained models datasets
(RF and SVM)

B-Cell epitope data from public resources
(epitopes + non-epitopes)
CDHIT |

@40% | @100%

D40 D100
¥

Eighteen amino acid encoding schemes
(AC, DC, CTD, AAP, APC, QSO, SOCN etc.)

Y

I | Encoded numeric

Performance metrics

(over 10 fold CV)
4
Combination of
encoding schemes

LBtope Data
(epitopes + non-epitopes)

R packages
(protr & BioSeqClass)

R packages
(randomForest & e1071)

| R packages

I | Encoded numeric

Trained models datasets

(protr & BioSeqClass)

(RF) R package

Performance metrics
(over 10 fold CV)

—

Best encoding scheme(s) and
prediction model

True Positive Rate
o 08

(randomForest)

Comparing performance of RF
with RNN, XGBoost and GDBT

False Positive Rate

D40 D100

LBtope_Confirm

Sahu TK, Meher PK, Choudhury NK and Rao AR, (2022) A comparative analysis of amino acid encoding schemes for the prediction of flexible
length linear B-cell epitopes. Briefings in Bioinformatics (proof read completed).
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Future Strategy

Design guide RNA sequence with minimum
off-target effects and high on-target efficiency

Develop efficient algorithms — in terms of
time and space complexity

Explore Functional-PCA, Functional-
Classification and regression, etc. in
Phenomics

Very Fast Decision Tree (VFDT) — Construction
of Hoeffding Trees

Phenome Wide Association Study (PheWAS)

Assessment of performance of various
classifiers with different kernels for prediction
purposes

Specific-stress responsive miRNA prediction

Estimation of yield in field crops from visual
imaging

Search for more data scientists — rare hybrids

Conclusion

Artificial Narrow Intelligence has been
successfully implemented in Genomics for
revealing hidden mechanisms of complex trait
expression and their improvement

Real application of Next Generation Artificial
Intelligence in integrated multi-omics s
essential for crop improvement

More focus required for image recognition and
machine vision in phenotyping

Multiclass classification of a greater number of
non-coding RNAs in RNome needs attention

Preparation of high standard data sets,
transformation to numeric vectors, choice of
competent prediction algorithm, validation,
server development are essential for
successful hybridization of Al and Genomics
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