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ABSTRACT

The High-C binning metagenomic assembly technique sometimes produces collapsed repeats and the
loss of complex regions of DNA that do not assemble well. This creates less gene dense Metagenome-
Assembled Genomes (MAGs), which are harder to accurately classify (Stewart et al., 2018). A classifi-
cation accuracy of 100% makes the difficult task of identifying genetic samples from within the rumen
easier and circumvents the need to culture bacteria before sequencing. By developing new methods
to analyse the ability of metagenomic assembly techniques it becomes easier to remove poor MAGs
from classification training data and improve the classification accuracy. This paper develops and tests a
pipeline for calculating gene metrics, primarily gene density, on consumer grade hardware that could be
deployed in crowdsourced citizen science projects. Using four MAGs produced by Stewart et al. (2018),
the pipeline can be used to evaluate the High-C binning method of metagenomic assembly used to
assemble the four MAGs. The proposed method was able to calculate gene counts and densities in line
with expected values for bacterial genomes. When tested on the RefSeq Saccharomyces Cerevisiae
genome Engel et al. (2022) it was able to accurately calculate the gene density to within +40.5 gMBP~!
(genes per Mega Base Pairs). This pipeline confirms that the High-C binning assembly technique is
capable of producing accurate MAGs. The ability of the pipeline can be easily improved by selecting a
harsher threshold for the e-value of alignments produced by BLAST+ search alignments.

INTRODUCTION

Biological environments such as the rumen of cattle contain large numbers of organisms that are difficult
to culture in a laboratory environment. As a result, samples must be collected directly from the rumen
and then assembled using metagenomic techniques like High-C binning. If these samples are able to be
easily and accurately metagenomically assembled then it would improve our ability to sequence, analyse,
and classify more genomes and employ the knowledge gained from those processes in developing novel
medical techniques.

It is hard to assess the quality of metagenomic assembly because the generated Metagenome-
Assembled Genomes (MAGs) cannot be easily aligned against a reference genome using a BLAST+
search algorithm (Camacho et al., 2009) as the MAG may contain the genome for a prokaryote, the host
cattle, or a combination of the two. A solution would be to identify Open Reading Frames (ORFs) and
compare those to ORFs that are known to produce proteins. These verified ORFs can then be used to
approximate a gene density for the genome. This density can be used to evaluate the MAG. This paper lays
out a pipeline to solve this problem. The pipeline works to: identify possible ORFs; align the ORFs using
BLAST+ against a protein database (The UniProt Consortium, 2020); filter the results of the alignment
to exclude any alignments with an e-value beneath a given threshold; calculate an approximation for
the number of genes in, and therefore the gene density of, the genome. This pipeline provides a novel
technique that, with further development, could be used on a wider scale in crowdsourced citizen science
projects as it is capable of running smoothly on consumer grade hardware running Unix style operating
systems.
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This paper will use the gene density and related metrics calculated from four of the genomes (RUG005,
RUG154, RUG431, RUG466) from the Stewart et al. (2018) to analyse the accuracy of the High-C binning
method used to produce 913 Metagenome-Assembled Genomes. I will compare the four MAGs to the
S. Cerevisiae genome released by Engel et al. (2022), which will be processed using the same pipeline
described in Section . It will then be possible to compare the result of this pipeline with known metrics of
other prokaryotes and validate the ability of both the proposed pipeline and the High-C binning technique
used by Stewart et al. (2018).

MATERIALS AND METHODS

To calculate the gene density of a FastA file with nucleotide sequences from an unknown genome, the
FastA must first be processed to identify potential ORFs. These ORFs are then aligned with a BLAST+
search against the Uni-Prot Swiss-Prot protein database (The UniProt Consortium, 2020). The Pairwise
format output from the BLAST+ search is processed with several proprietary Python scripts that refine
and filter the results. A Python file is then used to calculate the approximate number of genes for each
given genome, allowing for the calculation of gene density.

The Prodigal (Hyatt et al., 2010) v2.6.3 Command Line program was used to identify unique ORFs
from each genome, creating a corresponding . gf £3 file. Used in combination with Bedtools (Quinlan
and Hall, 2010) v2.31.0 these ORFs are extracted from the original genome FastA file into a new FastA
file containing only the identified ORFs.

A BLAST+ search was performed on the UniProt Swiss-Prot Database (The UniProt Consortium,
2020) to compare these identified ORFs to known protein Coding Sequences (CDSs). The program found
in Appendix C, Listing 6, is used to extract just the query names and the lists of significant alignments
and write them to a new file. The code found in Appendix B filters out any matches that have e-values
greater than a given value (1e-5). The filtering of e-values is performed after the BLAST+ search rather
than using a threshold during the BLAST+ search. This is because during a BLAST+ search filtering does
not occur during the final stage of the search but rather during the earlier scanning stage of the search
algorithm (Camacho et al., 2009).

A method described by Santos-Magalhaes and de Oliveira (2015) provides a way to approximate
the number of genes in a given genome based on the average protein length expected for a genome.
Equation 2 represents a modification to an equation proposed by Santos-Magalhaes and de Oliveira
(2015), substituting the average length of amino acid residues in bacteria, L. Santos-Magalhaes and
de Oliveira (2015) proposed 300 as an average value for bacterial genomes. This pipeline instead
calculates an average length of amino acid CDS directly from the genome. This provides a more accurate
approximation for the number of genes in a genome.

79

80

_ Lengthof Identified ORFs (BP) 0 g= Lengthof Genome‘(BP) )
= Length Of Genome (BP) (Average Lengthlg)f Protein CDS)

Equation 1 describes the ratio between the number of Base Pairs (BPs) in an identified ORF and the
number of Base Pairs in the genome. This ratio is used in Equation 2 to calculate an approximate number
of genes (g) in the genome, given an average length of protein CDS measured in BP.

The code found in D describes a program which takes as input the genome FastA file, the FastA file of
ORFs generated by Prodigal and Bedtools, and the Blast+ output processed by the programs in Appendix
B and Appendix C. It uses these inputs to identify ORFs which have been significantly aligned to at least
one protein CDS. The program then calculates an average length for all identified protein CDS and applies
this information to Equations 1 and 2 to calculate an approximate number of genes for the genome FastA
file.

The approximate number of genes can then be divided by the total length of all sequences in the
genome FastA file measured in Mega Base Pairs to calculate an approximate gene density, 8 (Equation 3).

_ 8
0= Length of genome (MBP) )

Appendix E describes examples of commands needed in order to run the pipeline. These commands
are presented in the appropriate order.
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RESULTS

Table 1 shows the total number of significant alignments that obtained an e-value lower than a threshold
value of le-5 and the number of nonsignificant alignments which scored higher than than the threshold
value. The genomes with shorter overall lengths of ORFs (RUG005 and RUG466) see a higher percent of
significant alignments compared to the others, although the there is no significant difference between the
genomes. As shown in Table 2, RUG005 and RUG466 also had shorter ORFs compared to RUG154 and
RUGA431, with the ORFs identified in RUG005 constituting the smallest percent of the genome (80.75%).

Genome RUGO005 | RUGI54 | RUG431 | RUG466
Significant Alignments 251,004 | 309,417 | 230,145 | 229,716
Nonsignificant Alignments 85,190 116,488 97,314 84,401
Percent Significant / % 74.66 72.65 70.28 73.13

Table 1. The number and percentage of alignments with an e-value of <lIe-5.

Genome RUGO005 | RUGI54 | RUG431 | RUG466
Total Genome Length / BP | 2,345,410 | 2,774,557 | 2,770,634 | 1,925,880
Total ORF Length / BP 1,893,858 | 2,504,499 | 2,562,720 | 1,711,224
Percent ORFs / % 80.75 90.27 92.50 88.85

Table 2. The length of ORFs and what percentage of the original genome file they make up.

Table 3 lists the average protein CDS length and the approximate gene count for each genome,
calculated by the program found in Appendix D. Combining this information with the Total Genome
Length in MBP (Table 2), an approximate gene density is calculated for each genome.

Genome \ RUGO005 \ RUG154 \ RUG431 \ RUG466
Average Protein CDS Length 1045.54 | 1060.75 | 1261.08 | 1029.03
Approximate Gene Count 1811.36 | 2361.06 | 2032.16 | 1662.95

Approximate Gene density / gMBP~! 503.69 850.97 733.46 863.48

Table 3. Approximate Gene Count and Gene Density (in Genes per Mega BPs) given the Average length
of Protein CDS for each genome.

This pipeline can be verified by processing reference genomes with known metrics. The genome of S.
Cerevisiae (Engel et al., 2022) as well as a curated file of Coding Sequences are available through the
National Center for Biotechnology Information (NCBI) database (Sayers et al., 2022). The results of
processing the full genome with Prodigal and Bedtools to extract ORFs can be compared against the FastA
file containing CDS provided by NCBI. Both the ORF and CDS files can be aligned using a BLAST+
search against the Swiss-Prot database. The output of that alignment search can be processed through the
Python pipeline described above to gather an approximate gene count and gene density (Table 4).

Due to a limitation of available hardware, the S. Cerevisiae genome FastA file was separated into
five sequentially numbered files that were then processed through the gene_calculator.py script in
Appendix D. The results of these five operations were then combined and are shown in Table 4. The same
process was applied to the S. Cerevisiae CDS FastA file.

DISCUSSION

Using metrics calculated from the four MAGs and comparing those to metrics of a known genome (S.
Cerevisiae), the pipeline calculated the gene density to within ~ 8% of the expected value. These metrics
allow for poorly assembled MAGs to be removed from classification training data, improving the ability
of classification. This in turn makes the process of sampling, assembling, and identifying the MAGs
easier and more accurate.

One major limitation of this paper is the imprecision of the method used to calculate the number of
genes for a genome. The equations put forth by Santos-Magalhaes and de Oliveira (2015) originally use

3/15



123

124

125

126

127

128

129

130

131

132

133

134

135

136

137

138

139

140

141

142

143

144

145

146

147

148

149

150

151

152

153

154

155

156

157

158

159

160

Genome S. Cerevisiae | S. Cerevisiae CDS
Significant Alignments 531,043 535,281
Nonsignificant Alignments 275,416 260,454
Percent Significant / % 65.85 67.27
Total Genome Length / BP 12,157,105 8,826,477
Total ORF Length / BP 9,154,275 8,770,452
Percent ORFs / % 75.30 99.37
Average Protein CDS Length 1397.78 1459.62
Approximate Gene Count 6549.14 6008.73
Approximate Gene Density / gMBP ™! 538.71 49426

Table 4. Metrics produced by the developed pipeline for the S. Cerevisiae genome.
+ Value calculated using the Total Length of the S. Cerevisiae genome, not the Total Length of the S.
Cerevisiae CDS genome, which is already a subset of the full S. Cerevisiae genome.

average values for the length of protein CDS of a taxonomic domain. This paper alters these equations
to instead utilise the average length of protein CDS of a genome. While this alteration does allow for a
more appropriate value it is still hampered by using the average length of protein CDS across the genome.
By using the average lengths it is likely that the true number of genes in a genome is not calculated,
which makes it harder to accurately calculate the gene density of a genome and harder again to accurately
evaluate the High-C binning used by Stewart et al. (2018) to create the MAGs in the first place. This can
be seen with the results of processing the S. Cerevisiae genome as seen in Table 4

Table 4 shows the results of processing the S. Cerevisiae genome in the same manner as the genomes
from Stewart et al. (2018). The calculated approximate gene count of 6,549.14 is greater than the actual
protein producing gene count of 6,014 recorded by Engel et al. (2022). This difference is likely due to the
threshold value set during the filtering stage of the process. Decreasing the threshold from an e-value of
le-5 to a value of 1e-10 may reduce the number of ORFs that found significant alignments during the
BLAST+ search, thus decreasing the number of identified protein producing Coding Sequences. This in
turn would reduce the number of approximate genes in a genome.

This larger number of genes will also create a larger than expected gene density. Using the gene
count of 6,014 combined with total genome length of 12,071,326 BP we can calculate a more accurate
gene density of 498.21 gMBP~!, a difference of 40.5 gMBP~! from the approximation produced by the
pipeline. This difference of ~ 8% is large, although it does not invalidate the results generated for the
four RUG genomes as it would not significantly alter the genomic density for the RUG genomes.

The NCBI RefSeq database also provides the ability to download a curated FastA file that contains
only protein CDS. Table 4 shows the metrics produced by the pipeline when processing this CDS FastA
file. The pipeline is able to align 99.37% of the curated protein CDS to the Swiss-Prot protein database
(The UniProt Consortium, 2020). The approximate gene density calculated for the CDS FastA of 494.26
falls within the expected margin of error (= 8%) for the pipeline with these parameters.

Given an error margin of 40.5 gMBP~! for the gene densities of the RUG genomes, the gene density
of all four RUG genomes falls within the expected range of 500-1,000 gMBP~! for prokaryotic genomes
(O’Leary et al., 2016). These gene densities show that the High-C binning method employed by Stewart
et al. (2018) has been able to produce genomes similar in gene composition to validated prokaryotic
genomes in the RefSeq database O’Leary et al. (2016).

CONCLUSION

The method proposed in this paper is capable of calculating the gene density of an unknown genome given
the alignment of the genome to a protein database. This allows for the analysis of Metagenome-Assembled
Genomes by calculating the gene density of reference genomes, either manually using statistics calculated
by organisations like NCBI or by processing the reference genomes through the same pipeline as the
unknown genome.

The four MAGs produced by Stewart et al. (2018) were found to be within the expected range of gene
density for prokaryotic genomes. This similarity shows the High-C binning technique used to assemble
the four MAGs is able to accurately assemble reads from the rumen of cattle into distinct genomes.
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ADDITIONAL GENE INVESTIGATIONS

Code Overview

The code consists of two Python scripts, part_one.py and similarity.py. They have been written
using Python 3.11 and are designed to be run from the command line. Both scripts should be located
in the same directory, FastA files may be located elsewhere, as long as the file path passed to the script
is correct. Output files may be sent directly to subdirectories of the outputs directory provided the
subdirectory already exists.

part_one.py
part_one.py should then be run with a single FastA input file, an output filename, and a K value for
K-Mer composition operations. An example can be found in Appendix A, Listing 1.

This will run the part_one.py script on the genome_1 . fa file, with the statistics generated by
the script written to . /outputs/genome_1_output.txt. The outputs directory will be created
in the directory the command was executed from. Running the example command (Appendix A, Listing
1) will also create a file called genome_1_dict .csv which is a Comma Separated Values (CSV) file
containing all unique K-Mers found in the corresponding FastA file. Each line will begin with the K-Mer
in question followed by the number of occurrences of that K-Mer in the provided FastA file.

part_one.py generates the GC-Content Mean, GC-Content Standard Deviation (SD), N50, N90,
and L50 statistics. These are written to the given output file, with the name of the provided FastA file on
line 1, then the GC-Content Mean, GC-Content SD, N50, N90, and L50 statistics, each on a new line.
The file ends on a blank line. An example of the output file can be seen in Appendix A, Listing 2.

similarity.py

To compare the Manhattan Distance between any number of genomes, similarity .py will be required.
The similarity.py script takes the _dict outputs of part_one.py and uses them to calculate the
distance between genomes. The similarity.py script can be passed a filename for the results to
be written too, and two or more _dict files and will return a list of each comparison, and the distance
between the compared genomes. An example can be found in Appendix A, Listing 3.

The example from Appendix A, Listing 3 uses similarity.py to calculate the distance between:
gl_dict and g2_dict;gl_dict and g3_dict; g2_dict and g3_dict. These will be returned to
the user as a CSV file in the outputs directory with the name which was given as the first argument in
the example command (distances.csv). An example section of this file can be found in Appendix
A, Listing 4.

Third Party Libraries

The part_one.py script makes use of Pysam (John Marshall, 2023) to read in the sequence names and
sequence strings from a given FastA file. Both scripts also utilise NumPy (Harris et al., 2020) for some
operations.

Statistics

GC-Content

As shown in Table 5, the mean GC-Contents for each genome vary by 9.014%. Comparing the two
GC-Content SDs that are most different - RUG005 (2.4090) and RUG154 (1.1743) - with the Hartley’s
F-Max test gives an Fyy,, value of 4.10. With over one hundred degrees of freedom, the critical value for
this comparison would be 1.00. This means that the GC-Content SD between the two most divergent are
statistically heterogenous. This also applies to the RUG466 genome, which is statistically heterogenous
from the RUG154 genome but not the RUG005 or RUG431 genomes.

Genome | RUG005 | RUG154 | RUG431 | RUG466
GC-Content Mean /% | 48935 | 44283 | 51.058 | 57.949
GC-Content SD 24090 | 1.1743 | 19024 | 23720

Table 5. Table showing the GC-Content means and Standard Deviations per genome.
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Metrics

While it is not possible to compare the N50 and L90 metrics found in Table 6, because of the differing
numbers of contigs in each FastA file, it is possible to compare the L50 metrics. The RUG466 genome
has the highest L50 value, as well as the lowest N50 and N90 values. This implies that the RUG466
genome has been assembled from shorter and therefore less accurate reads compared to the others. This is
consistent with genome having the highest mean average GC-Content (Table 5), which might be expected
given the Hi-C-based proximity-guided assembly employed by Stewart et al. (2018).

Genome | RUG005 | RUGI54 | RUG431 ‘ RUG466

N50 46061 43578 52738 16904
N9O 12229 15257 22961 5244
L50 12 24 15 31

Table 6. Table showing the N50, N90, and L50 metrics for each genome.

Genome Similarity

Table 7 shows the Manhattan Distance between each of the four genomes. The least similar genomes
are the RUG466 and RUG154 genomes, with a distance of 1,607,019. This mirrors the findings of
other metrics which, using GC-Content, showed the RUG466 and RUG154 genomes to be statistically
heterogenous.

Genome | RUGO005 | RUG154 | RUG431 | RUG466
RUGO005 0| 541788 | 547265 628785
RUGI154 | 541788 0| 456163 | 1067019
RUG431 547265 | 456163 0| 908798
RUG466 | 628785 | 1067019 | 908798 0

Table 7. The Manhattan distance between each of the four genomes with regards to 2-Mer frequencies.
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s A ADDITIONAL GENETIC INVESTIGATIONS EXAMPLES

2

217 $ python3 part_one.py data/gene_1.fa gene_1_output.txt 2
Listing 1. Example command line input to run part_one.py

218 genome_1.fa
219 12.34565432102345
220 1.234567654321012

221 98765
222 12345
223 13579

224

Listing 2. Example contents of an output file generated by part_one.py

225 $ python3 similarity.py distances.csv gene_1_dict.csv gene_2_dict.csv gene_3_dict.csv

Listing 3. Example command line input to run similarity.py

226 AAAAAAA,494
227 AAAAAAC, 329
228 AAAAAAG, 791
229 AAAAAAT, 777
230 AAAAACA, 347
231 AAAAACC, 275
232 AAAAACG, 248
233 AAAAACT, 434
234 AAAAAGA, 852
235 AAAAAGC, 654
236 AAAAAGG, 670
237 AAAAAGT, 424
238 AAAAATA, 625
239 AAAAATC, 663
240 AAAAATG, 544
241  AAAAATT, 540
242 AAAACAA,211
243 AAAACAC, 94
244

Listing 4. Example contents of an output file generated by similarity.py
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B FILTERER.PY CODE

import sys
import re

def filter_bad_matches (filename) :
nNNRe

s any alignments from a blastx alignment that are

filename of blastx alignments to be filtered by e-value
number of alignments bel the threshold value

:return: bad_match number of alignments above the threshold"""
# alter this float to desired value
threshold = float (1le-5)
# pattern matc
pattern = re.cc
MULTILINE)
good_matches = 0
bad_matches = 0
with open(filename, ’r’) as infile:
outfile_name = filename.split(’.’)[0] + ' filtered.txt’
with open(outfile_name, ’'w’) as outfile:
ould be converted to tgdm (or other) pro
1t ("Filtering file ...")
first_line = True
for i, line in enumerate(infile):
if line.startswith (’Query="):
# we don’t want to s
if first_line:
outfile.write (line)
first_line = False

the pairwise alignments produced from a blastx search

the file with a blank line

do want sub nt

Eo o=

line
outfile.write ("\n" + line)
for match in re.finditer (pattern, line):
d a query line, then write all its good

we have matche

alignments

if float (match[4]) < threshold:
outfile.write (match.group() + "\n")
good_matches += 1

bad_matches += 1

return good_matches, bad_matches

if name == '__main

good, bad = filter_ bad_matches(sys.argv([1l])
print ("good: "+str (good)+
"\nbad: "+str (bad))
print ("Percent Good = "+str(/{0:.2f}’ . format (good/ (good+bad) x100)))

7o

Listing 5. filterer.py code

a file with the name of the input file with the ’_filtered.txt’ suffix

pile (r"" ([A-Z0-91+) \s+ (["\nl+)\s+ (\d+\.?2\d+)\s+(["\n]l+)$", re.

a given threshold
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C TRIMMER.PY CODE

import sys
import re

names
the 1lis

:param filename:

pattern = re.compi

, re.MULTILINE

with open (filename,
outfile_name =

rims the Pairwise

trim_file(filename) :

em to a new file

to be trimmed"""

(r" " ([A=20-9]1{6,}) \s+(["\n]l+) \s+ (\d+\.2\d+) \s+(["/1) (["\n]+)S"

"r’) as infile:
filename.split (’.’) [0] + ’_trimmed.txt’

with open(outfile_name, ’'w’) as outfile:
print ("Trimming file ...")

first_line

for i, line

= True
in enumerate (infile) :

if line.startswith (’Query="):

if

first_line:
outfile.write(line.strip() + "\n")
first_line = False

outfile.write("\n" + line)

for match in re.finditer (pattern, line):
outfile.write (match.group () .strip() + "\n")

print ("File trimmed!")

if name == '__main

7.

trim_file(sys.argv[1l])

Listing 6. trimmer.py code



334

335
336
337
338
339
340
341
342
343
344
345
346
347
348
349
350
351
352
353
354
355
356
357
358
359
360
361
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363
364
365
366
367
368
369
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D GENOMIC CALCULATOR.PY CODE

import sys

import pysam

import part_one as po
import re

def process_gene_orf_inputs (genome_path, orf_path):

"""Calls part_one.py to prc
ORF's

am genome_path: path to the FastA genome file, passed a

:pa

gument

:param orf_path: path to the nome ORF file, pass

argument

return: genome__ nce names from

quen

:return: O"‘fi sequence_names: ence names fro

:return: genome_file: Pysam object representing the gen

:return: orf_file: Pysam object representing the ORF FastA

genome_sequence_names = po.get_sequence_names (genome_path)
orf_sequence_names = po.get_sequence_names (orf_path)
genome_file = pysam.FastaFile (genome_path)

orf_file = pysam.FastaFile (orf_path)

return genome_sequence_names, orf_sequence_names, genome_fi
def process_filtered_orf_inputs(filtered_orf_path):

n"nNpyo

at least one

ses the filtered file of alignments and returns a

ered significant alignment

am filtered_ orf_ path: path to the filtered file of alig
blastx,

filterer.py and trimmer.py

:return: pr producers: list of identified ORFs that ha

gnifican

:return: chance_.

.
S

alignment

s the first cli

as th

the
m the

e s 1 cli
genome Fas
ORF FastA fi

FastA file

file"

le, orf_file

list

nment

d at

of

S

le

list of identified ORFs that had no filtered

ORFs that

produced by

the FastA file and the corresponding FastA file o

had

£

ast one filtered

significan

pattern = re.compile (r"" ([A-20-9]1+)\s+ (["\n]+)\s+ (\d+\.2\d+)\s+(["\n]+)$", re.

MULTILINE)

protein_producers = []

chance_orfs = []

with open(filtered_orf_path, ’'r’) as infile:
lines = infile.readlines()

for index, line in enumerate (lines):

if line.startswith (’/Query=’) and lines[index] != lines[len(lines)-1]:

next_line = lines[index + 1]

if re.match(pattern, str(next_line)):
protein_producers.append(line[7:].strip())

else:

chance_orfs.append(line[7:].strip())

return protein_producers, chance_orfs

def get_average_length_of_ protein_cds (protein_producers, orf_file, orf_sequence_names)

"""Calculates the average length of protein producing ORFs
:param protein_producers: list of protein producing ORFs, £

process_filtered_orf_inputs ()
:para orf_file: file of all identified ORFs, from pr o
:param orf_sequence_names: list of ORF sequence name string

acros

rom

gene_or
s, from

S

a ger

f_inputs()

:return: float value for the average length of protein coding sequences"""

length_of_protein_cds = 0

print ("orf sequences = " + str(len(orf_sequence_names)))
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def

if

print ("protein sequences = " + str(len(protein_producers)))
for sequence in protein_producers:
for orf in orf_sequence_names:
if orf.find(sequence) != -1:
read = orf_file.fetch (orf)
length_of_protein_cds += len(read)

return length_of_protein_cds / len(protein_producers)

calc_approx_gene_count (genome_length, average_cds_length, orf_length):
"""Calculates an approximate gene count given the number of protein producing
coding sequences

and the total length of all identified ORFs and the total length of the genome in
base pairs

:param genome_length: total length of the genome in base pairs, from
get_num_useful_sequences ()

:param ave

ge_cds_length: average length of protein CDS, from
get_average_length_of_protein_cds ()

:param orf_ length: total length of ORFs in base pairs, from
get_num_useful_sequences ()

:return g: float value of the approximate gene count"""

g = (genome_length / (average_cds_length / (orf_length / genome_length)))
return g

get_sequence_lengths (genome_sequence_names, orf_sequence_names, genome_file,
orf_file):

"""Calculates the total length of ORFs and the total length of the whole genome,
both in base pairs

:param genome_sequence_names: list of sequence names from the genome FastA, from

process_gene_orf_inputs ()

:param orf_sequence_names: list of sequence names from the ORF FastA, from

process_gene_orf_inputs ()

:param genome_file: Pysam object representing the genome FastA file, from
process_gene_orf_inputs ()

:param orf_ file: Pysam object representing the ORF FastA, from
process_gene_orf_inputs ()

:return genome_length: total length of the genome in base pairs

:return orf_length: total length of all identified ORFs in base pairs"""

genome_length = 0
orf_length = 0

for sequence_name 11 genome_sequence_names:
read = genome_file.fetch (sequence_name)
genome_length += len (read)

for sequence_name in orf_sequence_names:
read = orf_file.fetch (sequence_name)

orf_length += len(read)

return genome_length, orf_length

__name_ == '__main_ ’:
(genome_sequence_names, orf_sequence_names,
genome_file, orf_file) = process_gene_orf_ inputs(sys.argv[l], sys.argv([2])

genome_length, orf_length = get_sequence_lengths (genome_sequence_names,
orf_sequence_names,

genome_file, orf_file)
# prints the different metrics, aligned to each other by the ’'=’ sign for
readability
# could be modified to output these in a csv file instead (like part_one.
ite_statistics () does)
print ("total genome length = " + str(genome_length))
print ("total orf length = " + str(orf_length))

WX
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filtered_orf_path = sys.argv[3]
protein_producers, chance_orfs = process_filtered_orf_inputs(filtered_orf_path)

average_cds_length = get_average_length_of_protein_cds (protein_producers, orf_file
, orf_sequence_names)

print ("Average protein CDS length = "+str (average_cds_length))
gene_count = calc_approx_gene_count (genome_length, average_cds_length, orf_length)
print ("Gene count = " + str(gene_count))

Listing 7. genomic_calculator.py code
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E EXAMPLE PIPELINE COMMANDS

This supplemental file shows an example workflow to follow when using the pipeline. These commands
are applicable to the MacOS zsh 2.14 (452) Terminal, but are translatable to other Unix derived operating
systems.

Third Party Command Line Programs

prodigal -i genome_1l.fa -o genome_l.gff3 -f gff
Listing 8. Example Prodigal Command

bedtools getfasta -fi genome_1l.fa -bed genome_1.gff3 -s -fo genome_l.orfs.fa
Listing 9. Example Bedtools Command

time blastx —-query genome_l.fa —-db uniprot_sprot -out genome_1l_matches.txt

Listing 10. Example Blast+ Command

Inclusion of the t ime command is optional, but handy when running larger BLAST+ alignments on less
powerful hardware. the uniprot_sprot database is the Swiss-Prot protein database.

The Pipeline

The proprietary Python scripts developed for the pipeline must be located in the same level directory, in
this example they are all located in the / [my_pipeline]/code/ directory. They are all run from the
top level directory (/ [my_pipeline]/).

python3 code/trimmer.py outputs/genome/genome_1_matches.txt

Listing 11. Example trimmer.py Command

python3 code/filterer.py outputs/genome/genome_1l_matches_trimmed.txt

Listing 12. Example filterer.py Command

python3 code/genomic_calculator.py data/genome/genome_1l.fa data/genome/genome_1l.orfs.
fa outputs/genome/genome_1_matches_trimmed_filtered.txt

Listing 13. Example genomic_calculator.py Command

The genomic_calculator.py script takes three command line arguments. The first is the path from
the user’s present working directory to the FastA file containing the genome. The second is the path to the
FastA file of Open Reading Frames generated by Prodigal and Bedtools. The final argument is the path to
the trimmed and filtered file of alignments generated by the BLAST+ alignment search. The

Optional Pipeline Files

python3 code/splitter.py data/genome/genome_1.fa
Listing 14. Example splitter.py Command

splitter.py will take a FastA file and divide it into a given number of sequentially numbered FastA
files - i.e. genome_1.fa becomes: genome_1_1.fa, genome_1_2.fa. This may be needed if the original
FastA genome file is too large to be processed on the user’s hardware. Through testing a FastA filesize of
< SMB was desirable. Above this threshold the Pysam third party library may run out of memory and
report an unexpected end of file error. If the original FastA file must be processed with the splitter then
each sequential FastA file must be run through the genomic_calculator.py individually, although
the second and third arguments need not change.

python3 code/clean_query.py outputs/genome/genome_1_ matches_trimmed_filtered.txt

Listing 15. Example clean_query.py Command
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The clean_query.py and script should be run if there is a mismatch in the sequence names between
the three different files that are input to the genomic_calculator.py script. clean_query.py
takes the processed matches_trimmed_filtered. txt file and renames the sequences to remove
improper characters, such as any “[]” characters and any characters in between these. This is needed as
the genomic_calculator.py must compare the sequence names for some operations. To change
what the offending characters are, open clean_query . py with a preferred editor and update the RegEx
pattern variable on line 5.
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