
Appendix A

Data related to Experiments

A.1 Codon Usage Bias in bacterial genomes Sup-

plementary Data

A.1.1 Importance of the codons estimated in randomized

gene sets of E. coli genome

Figure A-1 presents the importance of the codons estimated in randomized gene

sets of E. coli genome in terms of Z-scores using the Boruta algorithm [101]. The

algorithm was run 1000 times, and the distribution of Z-scores for the codons was

presented in the form of box plots. Codons contributing towards classifying HeG

and LeG are shown with gray boxes, codons having negligible contribution are

shown with white boxes. The distributions of Z-score for shadow boxes are shown

in black.
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A.1. Codon Usage Bias in bacterial genomes Supplementary Data

Figure A-1: Importance of the codons estimated in randomized gene sets of E.
coli genome

A.1.2 List of high and low expression genes considered in

this study

Github link for A.1.2: https://github.com/CBBILAB/Appendices_Thesis_

Piyali_Sen/blob/main/Chapter_2/Chapter%202_Appendix%20A.1.2.pdf

A.1.3 Details of 683 bacteria species

Github link for A.1.3: https://github.com/CBBILAB/Appendices_Thesis_

Piyali_Sen/blob/main/Chapter_2/Chapter%202_Appendix%20A.1.3.pdf
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Appendix A. Data related to Experiments

A.1.4 Important codons (marked as ‘C’) of 683 bacteria

species

Github link for A.1.4: https://github.com/CBBILAB/Appendices_Thesis_

Piyali_Sen/blob/main/Chapter_2/Chapter%202_Appendix%20A.1.4.xlsx

A.2 Single nucleotide polymorphism in bacterial

genomes Supplementary Data

A.2.1 Finding single nucleotide polymorphism from the

sequence alignments

The detailed procedure we followed can be explained with an example as shown

below in Figure A-2. Let us consider the alignment of 10 hypothetical sequences

containing 21 nucleotides each. Before finding mutations, we generated a reference

sequence. At each position in the sequence alignment, occurrences of the four

nucleotides are counted, and the nucleotide with the maximum occurrence is

considered to be the nucleotide in that position in the reference sequence. Now,

if there is (are) any other nucleotide (s) at a particular position with a non-zero

count, then we considered that a mutation. For example, at position 1, there are

two mutations G → C and G → A. We wrote a script in Python to find out these

mutations.
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A.2. Single nucleotide polymorphism in bacterial genomes Supplementary
Data

Figure A-2: Determining single nucleotide polymorphism from the sequence
alignments

A.2.2 GC and AT skews in chromosomes

Github link for A.2.2: https://github.com/CBBILAB/Appendices_Thesis_

Piyali_Sen/blob/main/Chapter_3/Chapter%203_Appendix%20A.2.2.docx

A.2.3 Phylogeny of the five bacteria Ec, Kp, Se, Sa and

Sp constructed using rpoB and rpoC gene sequence

Github link for A.2.3: https://github.com/CBBILAB/Appendices_Thesis_

Piyali_Sen/blob/main/Chapter_3/Chapter%203_Appendix%20A.2.3.docx
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Appendix A. Data related to Experiments

A.2.4 Polymorphism frequency distribution among strains

of the bacteria using rpoB and rpoC gene sequences

Github link for A.2.4: https://github.com/CBBILAB/Appendices_Thesis_

Piyali_Sen/blob/main/Chapter_3/Chapter%203_Appendix%20A.2.4.docx

A.2.5 (G+C)% in whole genome sequence (WGS), at IRs

and FFS of the five amino acids in genome, as well

as in the high expression genes (HEGs) of LeS and

LaS

Github link for A.2.5: https://github.com/CBBILAB/Appendices_Thesis_

Piyali_Sen/blob/main/Chapter_3/Chapter%203_Appendix%20A.2.5.docx

A.2.6 Polymorphism spectra at FFS of five amino acids in

the leading and the lagging strands of five bacteria

Github link for A.2.6: https://github.com/CBBILAB/Appendices_Thesis_

Piyali_Sen/blob/main/Chapter_3/Chapter%203_Appendix%20A.2.6.docx

A.2.7 Comparison of polymorphism frequency at WGS,

HEGs and IRs

Github link for A.2.7: https://github.com/CBBILAB/Appendices_Thesis_

Piyali_Sen/blob/main/Chapter_3/Chapter%203_Appendix%20A.2.7.docx
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A.3. RNA Secondary Structure Estimation Supplementary Data

A.2.8 Correlation of genome size with genome G+C% in

bacterial groups

Github link for A.2.8: https://github.com/CBBILAB/Appendices_Thesis_

Piyali_Sen/blob/main/Chapter_3/Chapter%203_Appendix%20A.2.8.docx

A.2.9 Intra-species polymorphism in rpoB and rpoC

genes and inter-species substitution frequency in

rpoB and rpoC comparison between Ec, Kp, and

Se as well as between Sa and Sp

Github link for A.2.9: https://github.com/CBBILAB/Appendices_Thesis_

Piyali_Sen/blob/main/Chapter_3/Chapter%203_Appendix%20A.2.9.docx

A.2.10 Nucleotide composition at FFS of different amino

acids in the high expression genes (HEGs) of five

bacteria

Github link for A.2.10: https://github.com/CBBILAB/Appendices_Thesis_

Piyali_Sen/blob/main/Chapter_3/Chapter%203_Appendix%20A.2.10.docx

A.3 RNA Secondary Structure Estimation Sup-

plementary Data

A.3.1 Details of 25 Pseudoknotted Structure

Github link for A.3.1: https://github.com/CBBILAB/Appendices_Thesis_

Piyali_Sen/blob/main/Chapter_4/Chapter%204_Appendix%20A.3.1.xlsx
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Appendix A. Data related to Experiments

A.3.2 Gene wise performance metrices

Github link for A.3.2: https://github.com/CBBILAB/Appendices_Thesis_

Piyali_Sen/blob/main/Chapter_4/Chapter%204_Appendix%20A.3.2.docx

A.3.3 Count of RNAs, mean, standard deviation, mini-

mum value, 25% or Q1, 50% or Q2, 75% or Q3,

maximum value, Interquartile range (IQR) of Accu-

racy, Precision, Recall, Specificity and F1 Score of

the 25 pseudoknotted structures

Github link for A.3.3: https://github.com/CBBILAB/Appendices_Thesis_

Piyali_Sen/blob/main/Chapter_4/Chapter%204_Appendix%20A.3.3.docx
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A.4. Base substitutions in tRNA genes Supplementary Data

A.4 Base substitutions in tRNA genes Supple-

mentary Data

A.4.1 Substitutions in predicted tRNA Secondary struc-

ture

Figure A-3: Substitutions in predicted tRNA Secondary structure of Ec Gln
tRNA with UUG anti-codon

Figure in the left panel represents secondary structure (2D) (clover leaf model) of
Ec Gln tRNA with UUG anti-codon and Figure in the right panel represents the
three-dimensional (3D) (L-shaped) view of the same tRNA. The 2D structure is

obtained using tRNAscan-SE On-line software (Lowe and Chan 2016). The
substitutions U→A, U→C, A→U and G→A at 30th, 33rd, 38th and 56th

positions, respectively are also depicted in the figure. The 3D view of the tRNA is
obtained with the help of two web servers Vfold3D[242][251] and iCn3D[230] as
described in Materials and Methods. We have used V-R spectrum for the tRNA
colouring where the violet and red are the 5’and 3’ end respectively. The blue and
orange portion are the D-loop and T-loop respectively. The green portion is the

anticodon loop.
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Appendix A. Data related to Experiments

A.4.2 Base substitution frequency in non-compensatory

and compensatory stem

Figure A-4: Base substitution frequency in non-compensatory and compensatory
stem

Histogram presenting the compensatory and non-compensatory base substitution
frequency values in stem regions in tRNA genes. The values are significantly

different (p-value < .05). The x-axis presents the five bacteria Escherichia coli
(Ec), Klebsiella pneumoniae (Kp), Salmonella enterica (Se), Staphylococcus

aureus (Sa) and Streptococcus pneumoniae (Sp).
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A.4. Base substitutions in tRNA genes Supplementary Data

A.4.3 G:T mispairing and A:C mispairing energy calcula-

tion study

Figure A-5: G:T mispairing and A:C mispairing energy calculation study

G:T mispair and A:C mispair, study was done by DFT calculations using
M06-2X/6-311++G(d,p) level of theory as implemented in the software

GAUSSIAN 09. The calculated interaction energy for G:T pair is -24.51 kJ/mol
whereas that for A:C pair is 2.37 kJ/mol. The positive interaction energy shows

unfavorable interaction between A and C while favorable for the interaction
between G and T.
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Appendix A. Data related to Experiments

A.4.4 Amino(A/C) → Keto (G/T), Keto (G/T) → Amino

(A/C) polymorphism frequencies IRs of five bacteria

Figure A-6: Amino(A/C) → Keto (G/T), Keto (G/T) → Amino (A/C) poly-
morphism frequencies IRs of five bacteria

Histogram presents normalized values of Keto → Amino and Amino (A/C) →
Keto (G/T), polymorphism frequencies in IRs. The x-axis presents the five

bacteria Escherichia coli (Ec), Klebsiella pneumoniae (Kp), Salmonella enterica
(Se), Staphylococcus aureus (Sa) and Streptococcus pneumoniae (Sp). From the
polymorphism pattern it can be observed that, there is no significant difference

between Keto → Amino and Amino (A/C) → Keto (G/T) transitions in the IRs
(p-value > 0.01).

A.4.5 Details of tRNA studied in dot bracket notation

Github link for A.4.5: https://github.com/CBBILAB/Appendices_Thesis_

Piyali_Sen/blob/main/Chapter_5/Chapter%205_Appendix%20A.4.5.xlsx

A.4.6 List of tRNA genes of five bacteria

Github link for A.4.6: https://github.com/CBBILAB/Appendices_Thesis_

Piyali_Sen/blob/main/Chapter_5/Chapter%205_Appendix%20A.4.6.docx
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A.4. Base substitutions in tRNA genes Supplementary Data

A.4.7 Proportionate fold increase of ti as well as tv in the

IRs than tRNA

Github link for A.4.7: https://github.com/CBBILAB/Appendices_Thesis_

Piyali_Sen/blob/main/Chapter_5/Chapter%205_Appendix%20A.4.7.docx

A.4.8 Energy calculation of different base pairing

Github link for A.4.8: https://github.com/CBBILAB/Appendices_Thesis_

Piyali_Sen/blob/main/Chapter_5/Chapter%205_Appendix%20A.4.8.docx

A.4.9 Isoacceptor Details

Github link for A.4.9: https://github.com/CBBILAB/Appendices_Thesis_

Piyali_Sen/blob/main/Chapter_5/Chapter%205_Appendix%20A.4.9.xlsx
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Appendix B

Publication list

The thesis contributions led to the following publications.

Journals

1. Sen, P., Aziz, R., Deka, R.C., Feil, E.J., Ray, S.K., and Satapathy, S.S. Stem

region of tRNA genes favors transition substitution towards keto bases in

bacteria. Journal of Molecular Evolution, 90(1):114-123, 2022. (Journal

url:https://www.springer.com/journal/239)

2. Sen, P., Kurmi, A., Ray, S.K., and Satapathy, S.S. Machine learning approach

identifies prominent codons from different degenerate groups influencing gene

expression in bacteria. Genes to Cells, 27:591-601, 2022. (Journal url:

https://onlinelibrary.wiley.com/journal/13652443)

3. Sen, P., Aziz, R., Das, S., Namsa, N.D., Deka, R.C., Feil, E.J., Ray, S.K., and

Satapathy, S.S. Single nucleotide polymorphism at the four-fold degenerate

sites, but not at the intergenic regions, explains the difference among bacterial

genomes regarding nucleotide compositional strand asymmetry. (Under

Review).

4. Sen, P., and Satapathy, S.S. A Review on Recent Advancements in RNA
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Secondary Structure Prediction Algorithms Using Deep Learning Methods.

(Under Review).

Conference

1. Sen, P., Waris, A., Ray, S.K., and Satapathy, S.S. A web portal to calculate

Codon Adaptation Index (CAI) with organism specific reference set of high

expression genes for diverse bacteria species, In International conference on

Intelligent Computing and Smart Communication (ICSC’19), Springer, 2019.

2. Sen, P., Tula, D., Ray, SK., and Satapathy, SS. Bhardwaj, K., Das, A., and

Patra, S. SatapathyEstimating RNA Secondary structure by maximizing

stacking regions, In International Conference on Computer Communication

and Internet Of Things (ICCCIOT’20), Springer, 2020.
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