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Abstract 

Proteogenomic databases use genomic and transcriptomic information for improved 

identification of peptides and proteins from mass spectrometry analyses. One application of 

such databases is in the discovery of variants/mutations. In this study, we created a 

proteogenomic database that contained sequences with variants derived from Pooled 

sequencing experiments (137 Group G Streptococcus strains sequenced in 3 pools) and used 

tandem mass spectrometry (MS/MS) to analyse eight protein samples from randomly 

selected strains sequenced in the pools. Using the proteogenomic variant database, we 

identified 385 variant peptides from the eight samples, none of which could be identified 

from the single genome conventional database utilized, while 71.2% and 93.5% of them 

were identified from the databases that contained 4 complete genomes and 26 assemblies, 

respectively. The proteogenomic variant databases exhibited the same properties as the 

conventional databases in terms of the Andromeda score distributions and the posterior 

error probability (PEP) values of the identified peptides.  

Significance 

For bacterial populations, such as Group G Streptococcus (GGS), with substantial intra-

species diversity, simultaneous sequencing of large numbers of strains and generation of 

proteogenomic databases from those aids in improving the discovery of peptides in mass 

spectrometric analyses. Therefore, generation of proteogenomic variant protein databases 

from Pooled sequencing experiments can be a cost-effective method to complement 

conventional databases and discover subtle strain wise differences.    
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INTRODUCTION 

Proteomics is shifting from the analysis of model organisms, with a defined sequenced 

genome and the mere goal of identifying the most abundant proteins, to the analysis of less 

defined systems [1]. Some examples of this new trend include the detection of variant 

proteins due to DNA variations [2], [3] and discovery of RNA-splice and -editing variants 

thereby improving gene annotations [4], [5]. In bacteria, the study of genomic variations in 

protein coding regions can shed light on phenotypic differences and disease pathogenesis 

such as virulence and antibiotic resistance [6]. This in turn enables the discovery of new 

targets for diagnostic use and vaccine research. 

For large-scale studies, shotgun tandem mass spectrometry (MS/MS) has emerged as an 

effective method for peptide and protein identification from various types of samples. 

Identification of protein variants in mass spectrometry (MS) based proteomics is not, 

however, trivial since the protein databases often do not contain variant sequences.  Certain 

search engines such as X! Tandem[7] and Mascot[8] offer exhaustive search options that 

take into account all possible amino acid substitutions resulting from single nucleotide 

substitutions. However, these methods lead to the dramatic explosion of the search space, 

loss of sensitivity and increased database search time. Another approach is 

proteogenomics[9], [10] in which custom protein sequence or spectral databases that 

contain the sequence variants are used for searching the spectra. Such databases have been 

created from genomic or transcriptomic data sources such as based on six-frame 

translation[11], [12].  

Technical advances in genome sequencing during the past decade has led to the 

tremendous increase in the number of sequenced bacterial strains, thereby allowing the 
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study of the genomic diversity between different isolates. This is especially important for 

certain bacterial species or serogroups, such as Group A and G Streptococcus[13], [14], with 

high diversity (i.e. open pan-genomes). Even so, sequencing of large number of strains of 

each species incurs relatively high-cost and -labour associated with genome sequencing, 

assembly and annotation. 

In this study we used pooled sequencing (Pool-seq) that we have previously shown to be a 

cost-effective and rapid alternative to whole genome sequencing of single bacterial strains 

[15]. We sequenced 137 Group G Streptococcus clinical strains in three pools and used SNVs 

and short INDELs discovered from the Pool-seq experiment to create custom mass 

spectrometry search database for identifying variant peptides in GGS. These bacteria have 

long been considered less pathogenic than GAS in humans, but over the past few decades  

GGSs has been recognised as a significant cause of a variety of infections [16].  

We used MS/MS to analyse eight protein samples from strains that were used in the Pool-

seq experiments, and utilizing the variant protein database we identified 385 variant 

peptides (90 of which were due to missed cleavages). Most of these variant peptides (71.2% 

and 93.5% respectively) could also be identified from conventional databases that contained 

4 complete genomes and 26 assemblies from RefSeq. Our results reinforce the importance 

of proteogenomic approaches, particularly the incorporation of genomic driven variations to 

protein databases, for improving the identification of variant peptides and proteins from 

MS/MS analyses that might potentially be associated with certain characteristic of strains, 

such as invasiveness.  
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MATERIALS AND METHODS 

Bacterial strains and culture conditions 

For genomic sequencing, 90 emm-typed strains and 47 other clinical GGS strains were used. 

The emm-typed strains, originally collected in Pirkanmaa, Finland during years 1995-2004 

and 2008-2009 [17], [18], derived from the bacterial culture collection of the National 

Institute of Health and Welfare. The strains which were not emm-typed were acquired from 

United Medix Laboratories Oy, and contained a random selection of strains extracted in the 

years 2014-2015 from all over Finland.  

All strains were cultured over one or two nights at +37 °C on blood agar plates in 5% CO2. 

DNA was isolated using UltraClean Microbial DNA Isolation Kit (MoBio) according to 

manufacturer’s instructions except for a few modifications. Briefly a 10 μl loopful  of bacteria 

was scraped from the blood agar culture plate as the starting material. 6 μl mutanolysin 

(1 mg/ml) was mixed additionally with the MicroBead solution and incubated for 60 min at 

+37 °C with gentle agitation of 850 rpm. The solution was transferred to a MicroBead tube, 

and 2 μl of RNAse A (1 mg/ml) was added. At the final stage, DNA was eluted with 35 μl of 

solution MD5. Before pooling, the quality and the integrity of the DNA were checked using 

Nanodrop equipment (Thermo Scientific) and agarose gel electrophoresis. The sample 

concentrations were measured using Qubit 2.0 Fluorometer (Life Technologies). 

Subsequently, 3 pools were made out of the 137 strains, pools 1 and 2 contained 47 and 43 

emm-typed strains and pool 3 consisted of 47 strains that had not been emm-typed, 

respectively. Each pool contained 200 ng of DNA from each strain. Sequencing was done 

with Illumina HiSeq high output mode with 2*125bp cycles at National Genomics 

Infrastructure hosted by SciLife Lab, Stockholm. 

ACCEPTED MANUSCRIPT



AC
C

EP
TE

D
 M

AN
U

SC
R

IP
T

7 
 

Samples for MS/MS 

Eight randomly selected strains of GGS were used in the MS/MS analysis, and from each, 

three different protein fractions (one fraction of exoproteome proteins, one fraction of 

shaved surface proteome and one fraction with the proteins extracted from the entire 

cellular proteome the intact cells) were generated according to [19] with minor 

modifications. The eight strains were taken from −70°C milk/glycerol suspensions and grown 

at 37°C under an atmosphere of 5% CO2 on blood agar plates. Individual colonies  were 

taken for growth in 10 ml Todd–Hewitt broth at 37°C under 5% CO2 atmosphere. The next 

day, the over-night cultures were diluted 1:20 in 10 ml of prewarmed Todd–Hewitt broth 

and they grew under the same conditions as before until they reached the exponential 

phase (OD 0.4-0.5).  

Preparation of different protein fractions, protein digestion and peptide clean-up 

For preparing the protein fractions, the mid-exponential cultures were split into twice 5ml 

and centrifuged at 2500 x g for 10 min. The exoproteome proteins were isolated from the 

combined growth supernatants while one bacterial pellet was used for the entire cellular 

proteome and the other for shaved surface proteome isolations. 

To generate the shaved surface proteome fraction the bacterial pellet was treated with 5µg 

of trypsin for 15 min at 37°C. The exoproteome fraction was recovered from the growth 

supernatant by 30kDa filtration (Amicon Ultra-15 Centrifugal Filter Units, 30 MWCO, 

Millipore). Proteins from the the entire cellular proteome were extracted by bead beating of 

the washed bacterial pellet using a FastPrep 24 (MP Biomedicals) 200 mg mm Zirconia/Silica 

Bead, Biospec without Triton as compared to the original publication. 
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Proteins were reduced with 50 mM dithiothreitol for 45 min at 37 °C, and alkylated with 

25 mM iodoacetamide for 45 min at room temperature. An ammonium bicarbonate solution 

was used to dilute the urea to a concentration below 1.5 M (whole cell digests) and to 

adjust the pH to 8. Tryptic digestion was carried out at 37 °C over night. Peptide solutions 

were cleaned by C18 spin column purification (The Nest Group, Southborough, MA, USA) 

including an intensive washing step of ten repeats. 

LC-MS/MS analysis 

RP-HPLC online coupled to MS/MS (LC–MS/MS) analysis of peptides was carried out on a 

nano-HPLC system EASY-nLC 1000 (Thermo Fisher Scientific, Germany) connected to an 

Orbitrap Elite hybrid mass spectrometer (Thermo Fisher Scientific) with a nano-electrospray 

ion source (Thermo Fisher Scientific). Peptides were automatically loaded from the 

autosampler into a C18-packed precolumn (Acclaim pepmapTM 100, 2 cm × 75 µm x 2 cm, 3 

µm, 100 Å, nanoViper; Thermo Scientific) and transferred onward to a C18-packed analytical 

column (Acclaim pepmapTM RSLC, 50 µm x 15cm, 2 µm, 100 Å, nanoViper;Thermo 

Scientific). Peptide separation started at 5% buffer B (98% acetonitrile,  0.1% formic acid and 

0.01% trifluoroacetic acid in HPLC-grade water) for 5 min, followed by a 60-min linear 

gradient from 5 to 35% of buffer B at a flow rate of 300 nL/min. This gradient was followed 

by a 5-min gradient from 35 to 80% of buffer B, a 1-min gradient from 80 to 100% of buffer 

B, and a 9-min column wash with 100% buffer B, at a constant flow rate of 300 nL/min. Full 

MS scan (MS) was acquired in positive ion mode, with a resolution of 60 000 at normal mass 

range, in the high-resolution orbitrap mass analyzer using profile mode. The method was set 

to fragment the 20 most intense precursor ions with CID and the fragment ion scan 

(MS/MS) was acquired using centroid mode. 
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Data analysis 

Raw MS files were analysed using Andromeda search engine of the MaxQuant software 

suite, version 1.6.0.16 [20], [21]. Four types of databases were used for searching: 

‘Variant_Pools’ constructed by appending Pool-seq driven variant containing sequences to 

the reference genome ATCC 12394, a ‘Single_Genome’ database that contained protein 

sequences of the ATCC 12394 reference genome, and ‘RefSeq_Complete’ and 

‘RefSeq_Assembly’ that contained 4 complete and 26 genome assemblies (including the 4 

complete genomes) of Streptococcus dysgalactiae subsp. equisimilis (SDSE) downloaded 

from RefSeq (see Table 1). The default contaminants file and reverted decoy sequences 

were used and all ‘Potential contaminant’ and ‘Reverse’ hits were discarded. Specific 

digestion mode with Trypsin/p was used, with a maximum of 2 missed cleavages allowed. 

Match between runs was disabled. Carbamidomethyl (C) fixed modification, and Oxidation 

(M) and Acetyl (Protein N-term) variable modifications were set. First and main search 

tolerances of 20 ppm and 4.5 ppm respectively were applied. A minimum peptide length of 

seven amino acids was used. The default score cutoffs of 0 and 40 were used for unmodified 

and modified peptides respectively. Minimum number of razor plus unique peptide for 

protein group identification were set to 1 while minimum number of unique peptide was set 

to 0. FDR cut-off values of 0.01 were applied at the PSM, protein and site level. Protein 

groups only identified by PTMs and the associated peptides were not used in the 

downstream analyses. 

Pool-seq based variant protein database creation 

Coding region SNPs and INDELs that cause a non-synonymous effect, e.g. non-synonymous 

coding, missense, nonsense and frameshift mutations were chosen from the variants that 
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were concordantly mined using three variant calling tools, GATK’s UnifiedGenotyper [22], 

SNVer[23] and Freebayes[24]. For each protein, the aligned sequence reads obtained from a 

Pool-seq analysis (of 137 in-house GGS strains) that span the protein were analysed to 

determine which of these final set of variants could be found in the reads. Unique set of 

variants from these reads were then inserted to the nucleotide sequence of the protein with 

an aim to capture the strain-wise differences and the protein was in silico digested (i.e. 

cleaved after each R and K, when not followed by P) after translating to amino acid 

sequence. The resulting variant peptides which were unique and more than 3 amino acids 

long together with their right and left flanking peptides (for cases of missed cleavage) were 

written as a separate entry. The unique order of the variants in a particular entry was 

included in the headers of the fasta databases using bitwise flags. The 'wild type' protein 

sequences were also written to the databases (see Figure 1 for the workflow of the variant 

database creation from Pool-Seq).  The source code for the python script used for creating 

the variant protein database can be accessed from the following github link: 

https://github.com/RigbeGW/poolseq_variantdb 

Minimizing false positives in variant peptide discovery  

Since the matches to variant peptides in the variant databases could contain more false 

positives than matches to the 'wild type' peptides[2], besides the global FDR filtering, we 

applied stricter filtering on the variant matches using PEP based local fdrs (<0.01)[25]. A 

custom python script was used to perform the local fdr filtering. Initially, the target variant 

peptide and decoy variant hits were selected from the identified peptides, and they were 

sorted by their PEP values in ascending order. Then the proportion of the decoy and target 

variant peptide hits was iteratively calculated, at each iteration checking if the proportion 
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was less than or equal to the cut off value of 0.01. Variant hits beyond the cut off value were 

discarded. In addition, we used variants identified from analysis of a few publicly available 

SDSE sequences from the European Nucleotide Archive (ENA) to determine whether further 

filtering is required based on, for instance, confounding post-translational or chemical 

modifications. 
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RESULTS 

Andromeda score and PEP distributions of the protein databases 

Various previous studies[26]–[29] have established that inflated database size and sequence 

redundancy leads to decreased sensitivity, for instance, by resulting in larger Posterior Error 

Probability (PEP) values for six-frame translated databases where 5 out of the 6 translations 

will contribute to larger decoy database sizes[26]. The variant protein databases contain 

multiple, almost identical, peptide sequence entries per protein that could confound 

identification similar to the six-frame translated databases, even though the extra 

sequences are not essentially wrong sequences. Therefore, to investigate if the Pool-seq 

based variant databases exhibit the same characteristics as the six-frame translated 

databases, we compared the distributions of the scores and the PEPs of the variant 

database with the conventional databases.  

In terms of the search scores of the peptides identified, there was not a notable difference 

among the databases (Figure 2A), indicating that the type (those containing 'variant' versus 

'wild type' peptides) and size of the databases (ranging from thousands to ten thousand 

sequences) used did not affect the search score of the peptides identified. The introduction 

of variants did not lead to the identification of peptides with extremely high or low search 

scores. Moreover, the target-decoy score distributions were almost identical in all the 

databases and target scores had right-tailed distributions in all cases (Figure 2B). With 

regard to the PEP values, unlike the six-frame translated databases in the study by Blakeley 

et al.[26], the values were not inflated in the variant databases (Figure 2C).   
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Peptide/protein identifications 

The proteomics data from the three different fractions were combined for this project. In 

addition to the 'wild type' entries of the 1887 coding genes in the reference genome, 36725 

variant entries were incorporated to the variant database, leading to ~18-fold increase in 

the database sizes. In total, 385 variant peptides and 296 variant protein groups (that is 

protein groups associated with one or more variant peptides) were identified from the three 

pools. This is after the filtering steps where all the variant peptides passed the local fdr 

filtering while two variant peptides, 'NLVNGNWK' and 'AEQAWNDLFAAYQAEYPELAAEYQK', 

containing single mutations (‘D12N’ and ‘E320Q’ respectively) not identified from the ENA 

sequences were discarded as the aberrations could potentially be due the deamidation of 

Asn(N) and Gln(Q) residues in the peptides resulting in the mass shift of 0.98402. 

Furthermore, 13 variant peptides that were associated with protein groups that were only 

identified by PTMs (‘only identified by site’) were removed.  

Majority of these variant peptides (71.2%; 93.5%) and protein groups (55.4%; 80.7%) were 

also identified from the ‘RefSeq_Complete’ and ‘RefSeq_Assembly’ databases respectively 

(Figure 3). On the other hand, more 'wild type' peptides and protein groups were identified 

from these conventional databases than the variant databases (see Supplementary Figure 

S1 of the supplementary data). The False Discovery Rates(FDRs) at the peptide and protein 

group level were similar between the variant and conventional databases, and were below 

the threshold value of 0.01 (Figure 3), even though they were somewhat inflated at the 

protein level due to the naïve target-decoy method employed[30]. 

At the genomic level there were 17711 missense and nonsense mutations, relative to the 

reference strain, that were identified from the 137 GGS strains used in the three Pool-seq 

ACCEPTED MANUSCRIPT



AC
C

EP
TE

D
 M

AN
U

SC
R

IP
T

14 
 

samples. With the exception of a few of the GGS genes (145/1887), all genes had one or 

more of these missense or nonsense variants, with some genes exhibiting very high or very 

low variant rates (Figure 4A, second innermost circle). The genes with the highest variant 

rates were mostly hypothetical proteins (see Supplementary Table S1 of the supplementary 

data). Out of the 951 protein groups identified from the ‘Variant_Pools’ database, 296 of 

them were associated with one or more variant peptides (and of these 260 of them 

constituted of single sequence entries).  The 260 variant protein groups containing only one 

sequence entry were from 166 unique GGS proteins of the reference ATCC 12394 genome 

(this is because we incorporated more than one variant sequence entry per protein). 

Majority (153/166) of these proteins were core genes, as identified from the 4 complete 

genomes using PanOCT (v 3.23)[31] in which a cluster was assumed to be core if it contained 

at least one gene from each of the 4 complete genomes, and had a mean variation rate of 

~0.03 (Figure 4A, see the two outermost circles). The genes with the largest number of 

variant peptides (without considering missed cleavages) included those that code for 

potential virulence factors such as the M protein and the streptokinase G and also those 

that produce important enzymes such as transketolase and class I and II aminoacyl-tRNA 

synthetases (Figure 4A, the outermost histogram) (see Supplementary Table S2 for a list of 

these proteins and their associated variant peptides; the proteins with the largest number 

of variant peptides are highlighted with orange). 

The proteins containing variant peptides (referred to as variant proteins henceforth) were 

involved in various cellular functions such as translation, biogenesis and the transportation 

and metabolism of various molecules including carbohydrates and amino acids (Figure 4B). 

Majority (50.9%) of the proteins of the ATCC 12394 GGS strain were predicted to be 

cytoplasmic; this was also true for majority of the variant proteins (Figure 4C). 
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Variant rate of proteins identified from the variant database 

When searching the MS/MS data of the 8 strains using the proteogenomic variant database, 

12 of the proteins had only variant peptide hits (and only one of them, ‘WP_003061134.1’ 

was identified when using only the Single_genome database) while 481 proteins had only 

‘wild type’ hits, and 170 of the proteins had both ‘wild type’ and variant hits . The 8 samples 

and the 3 fractions contained different proportions of these proteins (see Table2). The 12 

proteins had higher variant rates (with a mean of 0.040) compared to the 481 proteins (the 

mean variant rate of a random sample of 12 proteins done 100 times ranged from 0.007 to 

0.023). The proteins with variant hits were those that had a statistically significantly higher 

variant rate than those that only had 'wild type' hits (Figures 5A-C).The 12 variant proteins 

had various important functions, such as regulation of DNA-binding response and 

transcription repression (highlighted in green in Supplementary Table S2).  
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DISCUSSION 

Protein databases play a central role in most mass spectrometry based proteomic 

experiments since peptide/protein identifications depend on the sequences that are 

available in the databases. In a typical liquid chromatography-tandem mass spectrometry 

(LC-MS/MS) analysis, the extracted proteins are enzymatically (e.g. trypsin) digested into 

peptides, which are then separated and analysed. The peptides are identified by matching 

the obtained MS/MS spectra against theoretical peptide spectra from in silico digestion of 

the protein sequences in the used database and scored by database search engines. This 

results in peptide-spectrum matches (PSMs), with the highest scoring peptide taken as a 

match to the spectrum. Therefore, if the database is not complete, i.e., a sequence is not 

present in the database, the peptide that contains variants or mutations will not be 

detected[32]. Incomplete databases containing only 'wild type' sequences from a few 

genomes fail to identify variant peptides that might be associated with extracellular immune 

evasion or invasiveness, especially in highly diverse species  such as beta-hemolytic 

streptococci. Also, the availability of sequences of representative strains of a certain 

taxonomic group in databases is paramount for the correct identification and differentiation 

of closely related species[33]. 

Databases that contain mutations from existing databases[2], [3], [34]as well as from RNA-

seq [35], [36] have been created to mine variant peptides, for instance related to diseases 

such as cancer in humans[37], [38], and recently in M. tuberculosis bacteria to investigate 

strain variation between two isolates[39]. A proteogenomic approach that utilized spectral 

libraries from a six-frame translation of the composite genome of 34 S. pyogenes M1 

bacterial strains was used to identify proteins affected by mutations  in a DIA-MS study[40]. 
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But, to our knowledge, our study is the first to create variant databases from a relatively 

large number of pooled GGS strains.  

Our approach of incorporating more than one version of a variant peptide from the Pool-seq 

enabled us to identify the same tryptic variant peptides but with different mutations, for 

instance from the gene that codes for the M protein, which is known to be variable. In total, 

there were 10 proteins that had two such variant peptides identified from and two of the 

proteins also had a 'wild type' identified from besides the two variant peptides (without 

considering missed cleavages). Even though this approach will increase the database size, 

the increment will not be drastic since the variations included are the observed ones (and 

not from six-frame translations for instance) and most bacterial genomes are small in size. 

Furthermore, the increase in the database size and the redundancy of the sequences does 

not appear to affect the identification sensitivity unlike, for instance, in the six-frame 

translation based databases [26]. Indeed, the variant peptides combined to the 26 

assemblies resulted in almost equal number of total peptide identifications as the 26 

assemblies (7944 vs 7970) even if the addition of the variant peptides resulted in ~2-fold 

(200%) increase in the database size of the 26 assemblies. Moreover, the PEP values were 

not inflated unlike in the six-frame translation case. This indicates that having the wrong 

sequences in the database has a more extreme effect on the sensitivity of the searches than 

the database size or the redundancy of the sequences in the database.  

Another evidence on the importance of variant databases was that certain proteins that 

only had variant peptide hits were those that had higher variant rates than the proteins that 

only had 'wild type' peptide hits. Most of the variant peptides clearly existed in other strains 

since we identified them from the four complete genomes and the 26-assemblies as well; 
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these peptides would not have been discovered if we had utilized only a single reference 

genome that does not contain variant peptide sequences. Among the 12 proteins that only 

had variant peptide hits, only one protein (WP_003061134.1) had 'wild type' peptides 

identified from when the ‘Single_Genome’ database was used for searching. These 12 

proteins included various protein families including Cupin which is known to be a diverse 

superfamily and proteins that could play a role in adaptive mechanisms and thus virulence 

of the bacteria, such as a DNA-binding response regulator and a ribosome assembly RNA 

binding protein (Supplementary Table S2, highlighted in green).  

CONCLUSION 

Even though for the eight samples analysed we managed to identify majority of the variant 

peptides from the composite genome conventional databases, the increase in the variant 

peptide identification ranged from 71.2% to 93.5% as the number of genomes increased 

from 4 to 26. This is an indication of the intrinsic strain diversity. We therefore anticipate 

that large number of strains need to be sequenced for optimal identification of 

peptides/proteins from large samples of highly diverse bacterial species. For species with 

good quality reference genomes available, Pool-seq can be used to sequence large number 

of strains comparatively inexpensively and incorporate the variations into custom databases 

for improved identification. Use of variant protein databases with conventional genomes 

might enable the identification of novel variant peptides that could for instance be 

responsible for virulence in certain strains.  
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FIGURE LEGENDS 

Figure 1. Workflow for creating the variant protein databases from Pool-seq data. The 

alignment files were interrogated to include all possible combinations of variants identified 

from the different strains in the pools, i.e., those variants in a protein that were 

concordantly identified by all four variant calling tools, and were found in the reads in a 

unique order were inserted in to the database as individual entries. 

Figure 2. The Andromeda score and PEP distributions of the four GGS databases used in 

this study. A) The distribution of the Andromeda score of the four databases (from top to 

bottom: ‘Single_genome’,’RefSeq_Complete’,’RefSeq_Assembly’,’Variant_Pools’) is shown 

with the respective median score (dotted lines). B) The decoy (grey) vs target score 

distributions of the four databases and the respective median scores C) the PEP vs score plot 

of the four databases  

Figure 3. Number of identified variant peptides and protein groups and their respective 

FDRs. The number of variant peptides and protein-groups identified (after local fdr filtering 

and discarding those identified ’only by site’) from the three GGS protein databases for the 

eight GGS samples analyzed are shown. For the ‘RefSeq_Complete’ and ‘RefSeq_Assembly’ 

databases, the ‘variant’ peptides are those that are common between these databases and 

the variant peptides from the ‘Variant_Pools’ database. The FDR of the peptides and protein 

groups identified from each database were calculated using the naïve target-decoy strategy 

(which in the protein groups case could lead to inflated values [30]).  

Figure 4. The ATCC 12394 GGS reference genome genes/proteins and variant peptides 

identified from them. We refer to proteins that had one or more variant peptide hits as 

'variant proteins'. A) The outermost circle is made of histograms of the number of variant 
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peptides (without considering missed cleavages) discovered from each GGS protein, the 182 

single proteins that mapped to unique peptides are considered. The proteins are colored 

based on their subcellular location (the names of proteins with the highest number of 

variant peptides, i.e. ≥ 4 are shown).  The next circle is core GGS proteins identified from the 

4 complete genomes using the PanOCT tool. The core proteins that had a variant peptide hit 

are colored by COG categories. The line graphs show the variant rates of all the GGS 

proteins based on the pooled GGS strains (black) and the average depth of coverage of 

sequence reads per each protein (light purple). Names of proteins with the highest variants 

rate (≥ 0.20) are depicted. B) The COG functional categories [41] of the core and non-core 

variant proteins. The colors correspond to the color codes of the second outermost circle in 

A). The core proteins are marked with the hatch patterns. C) The predicted subcellular 

location (using PSORTb v3.0.2 [42]) of the variant proteins. Most of the variant core as well 

as non-core genes inferred from the MS/MS analysis were predicted to be cytoplasmic. The 

colors correspond to the color codes of the outermost circle in A) and the core variant 

proteins are depicted with hatch patterns.  

Figure 5. The variant rate of GGS proteins (calculated based on the 137 pooled GGS strains 

against the ATCC 12394 reference GGS strain) that had a match to the 'wild type' or 

variant peptides. A) The variant rate of GGS proteins using the 'Variant_Pools' databases 

and the results aggregated for the whole eight protein samples B) The variant rate of GGS 

proteins in the eight samples individually.  C) The variant rate of GGS proteins in the extracts 

that targeted proteins in different cellular compartments, only four of the samples for which 

all the extracts could successfully be analyzed with MS/MS were used here to avoid bias. In 

all instances, the proteins that had a variant peptide hit (they could also have a 'wild type' 
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hit) were those that had a statistically significant higher variants rate than the proteins that 

only had 'wild type' peptide hits.  
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Table 1. The protein databases used in this study. The entries are counts of the protein 

sequences included in the databases; in the ‘Variant_Pools’ case, in addition to the whole 

protein sequences of the ATCC 12394 genome, the variant peptides with their flanking 'wild 

type' peptides are included. 

 

 

 

 

Database Description Entries                         MS/MS PSMs 

Single_Genome The ATCC 12394 Group G Streptococcus 

reference strain downloaded from RefSeq 

1887 246738 56814 

Variant_Pools Variant sequences from in-house 137 pooled 

Group G Streptococcus strains besides 

sequences from the ATCC 12394 genome 

38612 246738 57332 

RefSeq_Complete  4 complete SDSE genomes from RefSeq 

(downloaded on 06/11/2017 ). Only unique 

sequences were used as there were many 

proteins with 100% sequence similarity 

5100 246738 61006 

RefSeq_Assembly 26 SDSE assemblies including the 4 complete 

genomes from RefSeq (downloaded on 

06/11/2017). Only unique sequences were 

used 

16496 246738 60109 
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Table 2. The number of proteins identified from the eight samples and the three fractions 

that had variant only, ‘wild type’ only and variant + ‘wild type’ hits.   

 Samples Fractions 
 1 2 3 4 5 6 7 8 exoproteome shaved 

proteome 

entire 

cellular 

proteome 

Variant only 5 0 0 1 1 0 2 9 2 3 11 

’Wild type’ 
only 

391 
 

247 217 231 279 179 293 490 333 300 426 

Variant + 
‘Wild type’ 

167 132 121 131 144 111 140 167 150 148 158 
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Significance 

For bacterial populations, such as Group G Streptococcus (GGS), with substantial intra-

species diversity, simultaneous sequencing of large numbers of strains and generation of 

proteogenomic databases from those aids in improving the discovery of peptides in mass 

spectrometric analyses. Therefore, generation of proteogenomic variant protein databases 

from Pooled sequencing experiments can be a cost-effective method to complement 

conventional databases and discover subtle strain wise differences.   
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Highlights 

 Variants mined from Pool-seq experiments are used for creating proteogenomic database. 

 By including more than one version of variant peptide sequences of a protein that contain 

different mutations, the completeness of the proteogenomic database was improved 

without extremely inflating the database size.  

 Certain proteins with high variant rates could be identified only after variant peptides 

derived from the proteogenomic approach or multiple genomes were included in the search 

databases.   

 Andromeda score distributions and posterior error probabilities of the proteogenomic 

database are similar to conventional databases.  

 Pool-seq driven proteogenomic databases are cost efficient methods to discover novel 
variant peptides that can complement conventional databases.  
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