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ABSTRACT

High-throughput studies of complex protein mixtures using proteomic workflows typically employ tandem mass spectrometric analysis of
pepides obtained by tryptic digestion. Protein identification is achieved by comparing the experimentally obtained peptide MS/MS spectra to
theoretical spectra. Protein identifications based on peptide fragment sequences are often judged valid using the so called ‘two-peptide’ rul
whereby any protein identified by sequencing of fragment ions must be justified by the identification of two sequence unique peptides from
the same protein. This excludes proteins identified on the basis of a single peptide ‘hit’ (often termed a one-hit wonder, or OHW). Applying
the ‘two hit’ stringency may result in the loss of potentially valuable meta-data: information yielded or consolidated by valid OHW proteins
may be overlooked. This study tests the hypothesis that certain groups of OHW proteins (and thus related biological events or pathways) ar
more likely to be identified by single peptide due to various physical or biochemical characteristics (molecular weight and isoelectric point).
We have undertaken analysis on data from three independent quantitative iTRAQ based proteomic studies of a human colon cell line an
human colon tissue to correlate the differences between OHW and “valid” protein sets for molecular weight, isoelectric point and for associat-
ed biological pathways. The results show that there is a possible trend of inverse correlation between the pl value of a protein and the numb
of peptide hits for identification. Molecular weights range from 30-60 kDa. Pathway analysis using EBI-EMBL Reactome SkyPainter found
that by excluding OHWSs, several biological pathways were consistently not mapped, suggesting that exclusion of OHW potentially limits the
understanding the biological processes potentially identified within the whole dataset. Future work should address strategies for evaluation o
validity and reproducibility of these conclusions in other tissues.

Keywords: iTRAQ Mass-spectroscopy; One-hit Wonders; Protein Identification; GeneBio Phenyx search engine; Reactome-SkyPainter Path-
way analysis.

Abbreviations

FDR false discovery rate; iTRAQ LC MS/MS Liquid-chromatography with tandem mass-spectroscopy using isobaric tag for
relative and absolute quantitation; MCP Molecular & Cellular Proteomics; MW Molecular weight; OHW One-peptide wonders;
pI Isoelectric point; PSM Peptide-spectrum matching; SCFA Short-chain fatty acidsReferences.

1. Introduction

The successful identification and relative quantification of
the entire complement of proteins expressed by a whole cell
or organism under certain conditions is a key goal of high
throughput proteomics. The most common method of pro-
tein analysis is via the bottom-up approach, whereby enzy-
matically derived peptides (typically tryptic peptides) are

analysed by mass spectrometry to determine their intact
masses (MS) and the complement of ions from their dissoci-
ated fragments during gas phase fragmentation (MS/MS).
Under these cases, detectable peptides (often called proteo-
tryptic peptide) sequences from MS/MS spectra are matched
against curated protein databases to give either positive or
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negative peptide identifications based on statistical and ex-
perimental supervised pattern matching criteria [1]. High
throughput methods inevitably generate large datasets with
spectra of varying quality. Peptide-identification tools and
their underlying algorithms employ multivariate minimum
score-threshold to segregate true/false results, with a 5% false
discovery rate deemed as the upper limit by the Paris Guide-
lines (published in Molecular and Cellular Proteomics). A
seemingly arbitrary ‘two-peptide rule’, was also originally
recommended by ‘MCP guidelines’ [2], and is often applied
under the collective assumption that more peptide identifica-
tions lead to a higher confidence protein identification.
Whilst the two-hit rule remains one of the most applied un-
supervised filters for high throughput proteomics techniques,
there have been very few theoretical studies to support and
describe the ‘two-hit rule’. Interestingly, even the ‘Molecular
& Cellular Proteomics (MCP) guidelines’ state that: “The
two-peptide rule was discussed in the context of studies
where there was little or no analysis done at all.” [3,4]. The
consequent flow-through from this filter implies that any
protein identification that carries only single peptide evidence
is viewed with a high level of uncertainty and is discarded
from subsequent analysis [3,5].

In fact, protein identification that is supported by a single
peptide with high confidence can theoretically be more valid
than by two or more peptides with lower confidence. For
example an analysis of human and Shewanella oneidensis
datasets [4] showed that OHWs with a high peptide-
spectrum matching (PSM) score were better for protein iden-
tification purposes than ‘two-peptide proteins’ with low PSM
scores, especially when taking other proteomic information
into consideration such as protein length. With the develop-
ment of new technologies, the false positive rate (FPR) of
protein identification is becoming lower. Global proteomic
studies typically show FPRs below 5% for peptide identifica-
tions and more accurate methods for distinguishing false
identifications are continuingly being found. These limita-
tions apply, at least part, to the analysis of data derived from
multiplex iTRAQ tandem mass-spectrometry. Briefly, iTRAQ
is a gel-free approach that allows the identification and quan-
tification of proteins across a diverse range of molecular
weights (MW), pI values (isoelectric point), cellular locations
and functional categories. Population of protein fragments
(peptides) that are produced through bulk enzymatic diges-
tion (typically tryptic) of the proteome are covalently labeled
with a isotopically modified piperazine tag at both the N-
terminus and amine side-chain amino acids [6]. As tags have
been isotopically tampered to give isobaric masses, both non-
intrusive relative and absolute quantifications for multiple
comparisons can be made during the gas-phase dissociation
(MS/MS) stage when mass different reporter tags are released
for detection [7]. Subsequent database searches to match MS
spectra with known peptide and protein sequences are then
mostly analogous to other techniques, relying on search-
engines and algorithms to filter identifications. As the analy-
sis of a complex proteome is limited by the dynamic range of

the sample and the practicing instrumentation, often every
dataset analysis produces a significant number of OHWs.
Apart from the limitation of low abundance and size of pro-
tein [8], certain groups of proteins may be consistently ex-
cluded by virtue of their physical characteristics and their
dependency to crude extraction protocols. Thus, in cases
where OHWs are the only detectable peptides of an enzymat-
ic digest or are key regulators of a process, arbitrary removal
of these potentially true positive identifications becomes
particularly detrimental [4,9,10]; leading to a loss of poten-
tially valuable information on their related pathways and
mechanisms.

The outcome of an iTRAQ analysis is a list of differentially
expressed proteins. A useful approach to aid interpretation of
the resulting meta-information is metabolic pathway analysis.
A pathway is defined as a set of interlinked, sequential bio-
chemical steps that drives a cellular biological process and
there are a number of packages (both proprietary and open-
source) for bioinformatic analysis. Reactome SkyPainter [11]
bases its analysis on a hypergeometric, or Fisher’s exact test, a
statistical significance test used when sample sizes are small
which gives the probability of observing at least N genes from
an event if the event is not overrepresented in the submitted
list of genes. For further information see for example [12,13,
14,15].

This study forms part of our ongoing research into how
short-chain fatty acids (SCFAs) act as chemo-preventives in
colorectal cancer [16]. Three large datasets generated from
multi-plex iTRAQ MS/MS experiments on colon cancer cells
treated with SCFAs or from tissue from an in vivo study [16].
SCFAs are histone-deacetylase inhibitors (HDACi) which
promote a range of transcriptional and post-translational
changes in cells [16]. By using high-throughput proteomic
techniques, including iTRAQ MS/MS, coupled with pathways
analysis, a more global view of the range of actions of SCFA
might be developed. The study also addresses the hypothesis
that: “By discarding all ‘OHW’, valid protein identifications
are missed with the potential loss of entire metabolic path-
ways. This has implications in the overall understanding of
biological processes.”

In order to assess the validity of this hypothesis statistical
and pathway analyses were carried on the three datasets gen-
erated from iTRAQ quantification. The relationship between
pL, Mw and peptide coverage with respect to peptide hits was
described to characterize and potentially correlate relation-
ship between ‘valid’ and OHW proteins. SkyPainter pathways
analysis [17] was used to assess representation of pathways in
the datasets, comparing ‘valid’ OHW depleted datasets with
complete unfiltered (two-peptide rule) identifications.

2. Material and methods

2.1 Datasets and software

The three datasets used in our study were generated by 8-
plex iTRAQ tandem mass spectrometry. Two datasets were
based on HCT116 cell culture experiments, the third dataset
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was derived from analysis of human colorectal biopsies [16].
The spectra were analysed using GeneBio’s ‘Phenyx’ search
engine. For peptide analysis and protein identification
(http://www.genebio.com/products/phenyx) searches were
undertaken against various publicly available datasets:
NCBInr, UniProt and IPI. The results of these searches are
available in Supplementary data la-c for each dataset. These
contain details of all the proteins identified, including those
by a single unique peptide, and related information on the
number of validated unique peptide sequences on the pro-
tein, MS score, percent coverage, MW, pl value, etc. Table 1
gives a summary of the number of protein identifications and
percentages of OHWs for each dataset. GraphPad Prism
(GraphPad Prism 5 Demo) was used to analyze the correla-
tion between MW and pI and the number of valid peptides
for each protein identification and the means of each protein

group.

shows non-significant negative linear trend. These data sug-
gest that proteins with higher Mw are identified by more
peptides, however taking the three analyses together, caution
should be exercised in this interpretation and analysis of
further datasets is required to establish such a relationship.
The scatter-plots do show that the spread of MW is wider for
OHWs than for proteins identified by more peptide peptides,
consistent with observations by other groups [8] that typically
>60% of proteins are identified by only one or two peptides.

Figure 1 panels d-f show the mean MW of proteins for the
two groups: Dataset 1 (Fig. 1d) shows the mean MW of
OHW?’s is significantly smaller than for proteins identified by
more peptides (p-values <0.0001). However, no significant
difference was observed for datasets 2 & 3 (Figs. 1le & f, p-
values =0.2227 and 0.7612 respectively).

3.2 Correlation between pI value and number of valid peptides.

Table 1. The protein numbers for the three datasets of our study. The columns give the total number of protein identifications; the number
identified by 1 or 2 valid peptides; the number identified by >2 valid peptides and the percentage of ‘1&2-hit’ proteins.

n, total number of proteins
Dataset

Number of proteins identi-

Number of proteins identi- Percent of proteins identi-

identified by Phenyx fied by 1&2 peptides fied by >2 peptides fied by 1&2 peptides
Dataset 1 262 163 99 62.2%
Dataset 2 599 419 180 69.9%
Dataset 3 209 188 21 90.0%

Microsoft Excel was used to construct surface plots for vis-
ualizing the relationship between all 3 parameters; MW, pl
value, and valid peptide hits.

Pathway analysis was carried out using EBI-EMBL Reac-
tome ‘SkyPainter’ (http://www.reactome.org/cgi-
bin/skypainter2). This peer-reviewed and manually curated
knowledgebase [14,17] includes biological pathway steps
inferred to exist based on experimental data and provides an
infrastructure for computation across the entire metabolic
reaction network for multiple species, principally Homo
sapiens. Pathways in Reactome are described as a number of
molecular events that transform input physical entities into
output entities in catalyzed or regulated pathways by other
entities. By imputing a range of protein identifiers, ‘SkyPaint-
er’ calculates which pathways are statistically over- or under-
represented in a set of identifications, using a hypergeometric
testing.

3. Results

3.1 Correlation between molecular weight and number of valid
peptides.

We sought to establish whether or not there is a relation-
ship, as previously suggested, between number of representa-
tive peptides and molecular weight of the protein [4]. Fig 1
shows the relationship between MW and the number of valid
peptide peptides: Datasets 1 & 3 (Figs. 1a & 1c) show positive
linear correlation, although this relationship is only signifi-
cant (p-value <0.0001) for dataset 1. Dataset 2 (Fig. 1b)

Next we sought to investigate whether there is a relation-
ship between pI and number of valid peptides. Figure 2a-c
shows a consistent negative correlation between pl and the
number of valid peptide peptides between the two groups for
all 3 datasets. This correlation was significant (p-value
<0.0001 & 0.0081 for datasets 1 & 2 respectively) but not for
dataset 3 (Figs. 2a, b & c¢) which had a p-value of 0.0603.
Although a consistent trend was observed, similar analysis of
further datasets will be required to substantiate the signifi-
cance of the correlation. The plots also show that proteins
identified by fewer valid peptides show higher fluctuation of
pI value, validating observations reported earlier [18].

3.3 Three-way interaction between Mw, pl and valid peptide
number.

As there were trends to relationships between both Mw and
peptides and pI and peptide number, the three-way interac-
tion between these variables was explored using surface plots.
These surface-plots allow the relationship between MW, pl
value, and valid peptide hits to be visualized and qualitative
interpretations to be drawn as well as provided data to sup-
port the interpretations. Figure 3a-c show surface plots of
MW vs. pl by valid peptide hits. These were constructed by
first grouping the results by valid peptide hits (OHW; 2 hits; 3
to 5 hits; etc.) and then calculating the mean MW for each
group by pI band (pI 4 = 24.5 to <5.5; pI 5 = 25.5 to <6.5;
etc.) Of note are the twin peaks in MW that occur at a similar
position for each dataset; i.e. at an approximate pl of 6, with
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Figure 1. The relationship between the Mw (Da) of a protein and the number of valid peptide hits in its identification. Figs. 1a-1c are correlation
plots for the three datasets respectively. With the exception of Dataset 1, there are no trends observed and no significant correlation. The
results are as follows: (a) Dataset 1, slope= 4044+690 (n=262), p-value<0.0001; (b) Dataset 2, slope= -557.7£479.4 (n=599), p-value=0.2449; (c)
Dataset 3, slope = 2319+1822 (n=209), p-value=0.2046. Figs. 1d-1f compares the mean Mw between the two protein groups: (i) proteins identi-
fied by lor 2 peptide-hits; and (ii) proteins identified by >2 peptides. Again no relationship is observed and only Dataset 1 shows a significant
difference (by unpaired t-test). The results are as follows: (d) Dataset 1, 1&2-hits (n=163) mean Mw=31,140+2,429 Da; >2-hits (n=99) mean
Mw=56,830%6,305 Da, p<0.0001; (e) Dataset 2, 1&2-hits (n=419) mean Mw=>59,769 +3,470 Da; >2-hits (n=180) mean Mw=>52,361%4,525 Da,
p=0.2227; (f) Dataset 3, 1&2-hits (n=188) mean Mw=35,620%2,167 Da; >2-hits (n=21) mean Mw=35,640%4,512 Da, p=0.7612.
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Figure 2. The relationship between the isoelectric point (pI) of a protein and the number of valid peptide hits in its identification. Figs. 2a-c are
correlation plots for the three datasets respectively. Negative correlation is observed in all 3 datasets, although only Dataset 1 shows this to be
significant. This suggests that peptides with high or low pl values are more likely to be represented by OHWs and so this group of proteins will
potentially be excluded from any results. The results are as follows: (a) Dataset 1, slope= -0.1708+0.0411 (n=262), p-value<0.0001; (b) Dataset
2, slope= -0.5583£0.02101 (n=599), p-value=0.0081; (c) Dataset 3, slope = -0.2035+0.1078 (n=209), p-value=0.0603. Figs. 2d-f compare the
mean pl values between the two protein groups: (i) proteins identified by lor 2 peptide-hits; and (ii) proteins identified by >2 peptides. These
results are inconsistent, only Dataset 1 shows a significant difference (by unpaired t-test) and there is no trend across the three datasets. The
results are as follows: (d) Dataset 1, 1&2-hits (n=163) mean pI=7.803+0.1755 Da; >2-hits (n=99) mean pl=6.587+0.1758 Da, p<0.0001; (e)
Dataset 2, 1&2-hits (n=419) mean pI=7.255%0.06110 Da; >2-hits (n=180) mean pI=7.584+0.1040 Da, p=0.0037; (f) Dataset 3, 1&2-hits (n=188)
mean pI=7.248+0.1264 Da; >2-hits (n=21) mean pI=6.568%0.3215 Da, p=0.0854.
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Figure 3. Surface plots of Mw vs. pI by valid peptide hits for each of
the 3 datasests. The results have been grouped by valid peptide hits,
then by pI band and the mean Mw for each group was calculated
before the plots were constructed. The plots not only provide quan-
titative data but also provide a method of visualizing the relation-
ships between these three parameters allowing qualitative
interpretations and assessments to be made, for example the similar-
ity between the position of the peaks in the plots for all 3 datasets
and the observation that proteins in the OHW and 2-hit groups are
only represented by low Mw proteins.

the first peak at 3 to 5 peptides and the second coinciding
with the maximum peptide hits for each dataset (11-15 hits;
>15 hits; 6-10 hits for datasets 1, 2 and 3 respectively).

3.4 Pathway Analysis.

EBI-EMBL’s Reactome SkyPainter application [13] was
used to compare events and pathways between the “OHW
group” and “valid group” of proteins for each of the three
datasets, where the “OHW group” includes proteins identi-
fied by 1 or 2 peptide hits and the “valid group” only contains
proteins identified by more than 2 valid peptide hits. Each
identified protein in the MS experiments was assigned to a
reaction event and biochemical or metabolic pathway in the
Reactome SkyPainter knowledgebase, (which contains a
computationally-accessible human pathway network that has
been manually curated as described in “Materials and Meth-
0ds”). For user-submitted lists of protein identifiers, as car-
ried out for the three datasets of this study, pathway over-
representation analysis was performed and the results re-
turned in the form of pathway trees colour-coded by proba-
bility. As such the relationships between our proteins and
other complexes, reactions and pathways can be visualized.
Data mining allows the pathway-trees to be expanded and the
contributing reactions and events to be viewed. Hyperlinks
allow the supporting literature to be accessed.

Full details of the SkyPainter analyses including event and
pathway results for each dataset are provided in Supplemen-
tary information 2a-c. Supplementary-3 gives a summary of
the event data with rows highlighted in red for results involv-
ing 2 or more of the datasets. Table 2 gives a list of events
that were exclusively identified by the 1-2 peptide group for
at least two of the datasets. Table 2 also gives the un-adjusted
probability of seeing N or more genes in these events by
chance (where a low probability indicates that the genes are
statistically overrepresented in the pathway [15]). In total 7
events were identified that would have been lost in two or
more of the datasets if the 1-2 peptide groups are discarded,
with apoptosis being the only event consistently lost by all
three datasets, as detailed in Table 2. Complete pathway-
trees, including child-branches are given in Supplementary
information 4a-c. The root-pathways are shown in Figure 4
and summarized in Table 3 as follows: (Table 3a) Pathway
Trees unique to the group of proteins identified by only 1 or 2
peptides; (Table 3b) Pathway Trees unique to the group of
proteins identified by more than 2 peptides; (Table 3c) Path-
way Trees common to proteins in both groups.

A familiarization and working knowledge of the Reactome
SkyPainter tool is important when interpreting results. For
example, identification of an individual event that would be
lost if OHW are discarded does not necessarily mean the
pathway will also be lost because a pathway can be composed
from many related events. We identified apoptosis as being a
consistently lost event for all three datasets, but only a lost
pathway for datasets 2 and 3 (see Table 3). Further investiga-
tion of the pathway-tree for dataset 1 (see Supplementary
information 4a) shows this to be by virtue of related proteins

124-134:129



JIOMICS | VOL 1 | ISSUE 1 | FEBRUARY 2011

Table 2. Events that were unique to proteins identified by only 1 or 2 valid peptides in two or more of the datasets. These are events that would
potentially be overlooked in any interpretation of the results if the ‘two-hit rule is applied and all OHWs are excluded (full event lists can be

found in the supplementary information).

Events unique to the group of proteins identified by only 1

Un-adjusted probability of seeing N or more genes in the event by

chance
or 2 peptide hits
Dataset 1 Dataset 2 Dataset 3 Count
Apoptosis 0.00924 0.01356 0.02875 3
Cytosolic tRNA aminoacylation 0.04163 2.07E-05 - 2
Formation and Maturation of mRNA Transcript 0.00153 0.00060 - 2
mRNA Processing 0.00044 0.00015 - 2
Processing of Capped Intron-Containing Pre-mRNA 0.00016 0.00028 - 2
Processing of Capped Transcripts 0.00019 5.48E-05 - 2
Release of platelet cytosolic components 0.01105 - 0.00469 2

involved in the apoptotic execution phase (including Plectin;
Importin subunit beta-1; and Lamin-A/C). Similarly, mRNA
processing was identified as a lost event in OHWs in datasets
1 and 2 (see Table 2) but again was an identified pathway for
dataset 1 (see Table 3) with further investigation revealing
other related proteins and reactions including mRNA splic-
ing (Supplementary information 4a).

4. Discussion

The ratio of MW to charge (m/z) is a key measurement
metric in most MS protein identification and quantification.
We had adopted the assumption, as proposed by others [7],
that the number of trypsin cleavage sites increases with in-
creased protein size, therefore the number of potentially
detectable peptides should also increase accordingly. Howev-
er our results (Fig. 1) showed an inconsistent correlation
between MW and number of valid peptides and no signifi-
cance and no consistency in the direction of difference be-
tween the mean MW of proteins identified by lor 2 peptides
or by more than 2 peptides. The lack of a strong and con-
sistent correlation is surprising based on assumptions on
purely stochastic grounds.

Using the second parameter, isoelectric point (pI), of the
classes of proteins identified, we showed (Fig. 2) that alt-
hough there was a trend, suggesting that proteins with high
pI values produce fewer peptide fragments for identification,
the results were only achieved significance for the first two
datasets (Fig. 2a & b). The pI values of proteins identified in
all three datasets are all between 4 and 14, with the exception
of one protein having a pI<4. The results were unsurprising: a
previous study [18] suggested that proteins with pI<4 have
fewer arginine or lysine residues available for digestion by
trypsin, thereby reducing the number of compatible peptides
(for ion source protonation) available for positive ion mode
(+ve MS) MS detection. Their study showed significant corre-
lation in more than 95% of the proteins, with positive correla-
tion for acidic proteins and inverse correlation for basic

proteins. These data suggest the high fluctuations of pI values
are therefore a consequence of protein length and amino acid
composition, leading to broader and more sporadic pI shifts
in shorter proteins.

Other studies [19] have also reported a higher proportion
of negatively charged residues in peptides identified by MS
with high confidence, with on average 16.8% of the residues
in the high-scoring peptides being negatively charged, sug-
gesting that the presence of acidic residues in a peptide may
lead to more comprehensive and intense fragmentation of
ions. EBI-EMBL Reactome SkyPainter was used for pathway
and reaction event analysis (see Figure 4, Tables 2 & 3, and
full details in the Supplementary information). A hypergeo-
metric test is used to show events that are statistically
overrepresented in the pathways. We had initially hypothe-
sized that some pathways may be consistently lost if all
OHWs are discarded. A pathway analysis of all three datasets
has provided some evidence to support this and most im-
portantly, a number of events were found to be uniquely
identified by only one or two peptides in two or more of our
datasets (see Table 2). While we have shown that one is able
to validate and correlate extraneous layers of information
given by traditionally discarded OHW proteins, we also rec-
ommend caution on the steps necessary to interpret these and
other OHW data; for example, loss of event information does
not necessarily mean loss of pathway information depending
on which other proteins, events and reactions are involved, as
discovered in our analysis of dataset 1 for the apoptosis and
mRNA processing events, as discussed in detail earlier. We
demonstrate that there are tangible benefits to compare and
correlate OHW data, in turn minimizing overlooked path-
ways, and impairing the overall understanding of the biologi-
cal process.

5. Concluding remarks

In this report, we have investigated the possibility of a rela-
tionship between MW and pl value of peptides and proteins
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Figure 4. Root-level pathway trees for the three datasets. This shows the main pathways represented by the two protein groups: [(i) proteins
identified by lor2 peptide-hits; and (ii) proteins identified by >2 peptides]. (The complete pathway trees are given in the Supplementary
information). Of note is how these pathways compare to the events shown in Table 2 indicating that caution needs to be taken when
interpreting pathway and event data at face-value, as events not represented appear in the pathway tree by virtue of related events, e.g. the
apoptosis event and the apoptotic execution phase which is a branch of the apoptosis pathway for the group >2-peptide hits in Dataset 1.

Table 3. Summary of the top-level pathways for the three datasets.
a) Pathways unique to proteins identified by 1 or 2 valid peptides

DATASET 1 DATASET 2 DATASET 3
Signalling by NGF Apoptosis Apoptosis
Muscle contraction Cell Cycle Checkpoint Axon guidance
DNA Replication Hemastasis
mRNA Processing Metabolism of proteins

Post-Elongation Processing of the TranscripgPyruvate metabolism and Citric Acid (TCA)
Regulation of activated PAK-2p34 by pro-cycle

teasome mediated degradation

Signalling by Wnt

Transcription

b) Pathway Trees unique to the group of proteins identified by more than 2 peptides

DATASET 1 DATASET 2 DATASET 3
Axon guidance Diabetes Pathway
Chromosome Maintenance Hemostasis
Metabolism of proteins Integration of energy metabolism

Pyruvate metabolism and Citric Acid (TCA) Interactions of the immunoglobulin super-
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cycle

family (IgSF) member proteins

Metabolism of vitamins and cofactors

c) Pathway Trees common to proteins in both groups

DATASET 1
3-UTR mediated translational regulation

Apoptosis Cell Cycle, Mitotic

Diabetes Pathway Gene Expression

Gene Expression
Hemostasis

Influenza Infection
Metabolism of carbohydrates
mRNA Processing

Regulation of beta-cell development
Respiratory electron transport, ATP synthe-
sis by chemioscopic coupling and heat
production by uncoupling proteins

Signal Recognition (Preprotactin)

identified in iTRAQ experiments with the number of valid
peptides to determine if any protein groups are consistently
lost to any analyses, when OHWs are discarded. Although no
relationship between MW was established, there was a trend
towards negative correlation between pI value and number of
peptide identification.

Pathway analyses highlighted several events that were only
attributed to proteins identified by only one (OHW) or two
peptides in two or more of our datasets.

While we acknowledge that the confirmation of our obser-
vations requires further analysis using orthogonal validation,
for example by western blot analysis, we advocate the im-
portance of the ‘lost’ information for a global interpretation
of the data and therefore suggest that a more open approach
should be taken when analyzing MS data since all candidate
proteins/pathways will require verification. With the contin-
ued development of new technologies, software algorithms
and bioinformatics tools, we believe the validation of OHW
should become much more feasible [20, 21, 22].

6. Supplementary material

Supplementary data and information is available at:
http://www.jiomics.com/index.php/jio/rt/suppFiles/53/0

Supplementary la to c¢: Phenyx Protein Information for
Datasets 1 to 3 respectively. Supplementary 2a to 2c: EBI-
EMBL Reactome SkyPainter event and pathway results for
Datasets 1 to 3 respectively. Supplementary 3: Summary of
SkyPainter Events for the 3 Datasets. Supplementary 4a to c:
Complete Pathway trees from SkyPainter for Datasets 1 to 3
respectively.
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