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ABSTRACT

There is a trend in the analysis of shotgun proteomics data that aims to combine information from
multiple search engines to increase the number of peptide annotations in an experiment. Typically,
the degree of search engine complementarity and search engine agreement is visually illustrated by
means of Venn diagrams that present the findings of a database search on the level of the non-
redundant peptide annotations. We argue this practice to be not fit-for-purpose since the diagrams do
not take into account and often conceal the information on complementarity and agreement at the
level of the spectrum identification. We promote a new type of visualisation that provides insight on
the peptide sequence agreement at the level of the peptide-spectrum-match (PSM) as a measure of
consensus between two search engines with nominal outcomes.

We applied the visualizations and percentage sequence agreement to an in-house dataset of our
benchmark organism, C. elegans and illustrate that when assessing the agreement between search
engine one should disentangle the notion of PSM confidence and PSM identity. The visualizations
presented in this manuscript provide a more informative assessment of pairs of search engines and
are made available as an R-function in the supplementary materials.
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Letter to Al

Dear Al,

| still remember well when we first met. It was at ASMS2011 - | just finalized a review on methods for
the computation of isotope distributions and dedicated an entire section on the multinomial expansion
to which Yergey and others have contributed a lot. When | noticed your nametag amidst the ASMS
crowd, | decided to quickly introduce myself to you. The short introduction became a long conversation
and marked the start of a friendship/mentorship and a yearly tradition to meet at ASMS to talk about
science, life, and our aspirations.

It was during one of these ASMS dinners that we shared our frustration about the use of Venn diagrams
for comparing results between multiple search engines, mainly because they provide a false intuition
of search engine complementarity. We argued that rather than increasing the number of peptide
identifications by combining search engines results, it would be wiser to focus on sequence agreement
when conditioning on the spectrum level. A delineation of this discussion along with a new visualization
method to replace the Venn diagrams is presented in this issue as an educational article in your
memory.

Can you still recollect our first words? | kept on talking about the manuscript that is also reprinted in
this special issue, entitled: “Isotopic distributions in mass spectra of large molecules” and commented
on how sharp-witted it was of you to see the link between the multinomial expansion and the
calculation of isotope distributions. After my glorification of this article, you kind-heartedly notified
that if | would have better studied the author list, | could have noticed that the article was from the
hand of James, your brother. This situation still makes me smile when | think about it, but the
interesting thing is that back then at ASMS, | started to talk to the wrong Yergey. Call it coincidence,
destiny or serendipity, | am glad that we met that day and it was an honour to know you and spend
some time with you.

Yours sincerely,

Dirk Valkenborg



INTRODUCTION

Shotgun proteomics has proven to be a powerful technology for identifying proteins in a complex
biological sample.! To interpret the tremendous amount of fragment ion spectra produced by tandem
mass spectrometry (MS/MS) experiments, correlative database search algorithms are often employed.
There exists a large variety of correlative search engines to identify peptides using MS/MS?3, for which
exhaustive overviews are available in the literature.*® These different search algorithms all vary in
accuracy, sensitivity and specificity, because they are based on various underlying scoring mechanisms
and have different methodological implementations.

This heterogeneity of principles used in search engines causes a variation in peptide identification, the
choice of the search algorithm plays a role in the identification process of peptides and their
corresponding proteins.” To improve the robustness and confidence in peptide and protein
identifications, studies suggest using approaches that combine the results from two or more search
engines in terms of a meta-score. Most of these studies have shown that such approaches can greatly
enhance mass spectral coverage and specificity, compared to the use of a single search algorithm .8
An overview of the methods for combining multiple search engines is provided by Shteynberg et al.®

A popular method to visualize the outcome of multiple search engines is the use of Venn diagrams,
displaying the overlap and complementarity for the protein/peptide findings between pairs of search
engines. This approach, however, simply employs a comparison of two or more sets of accession
numbers or non-redundant peptide sequences, without taking into consideration information from
the spectrum level. In this manuscript, we illustrate that the concept of complementarity on the
protein/peptide level as defined by the Venn diagram view is flawed. Apart from improving the number
of peptide identifications by using multiple search engines, a more interesting metric to consider is the
degree of agreement on the peptide annotation at the spectrum level. Ignoring the agreement of
peptide identification on the spectrum level becomes an issue when assessing search engine
concordance, because the set of possible protein identifications is ultimately restricted by the finite
set of proteins present in the database.?®

In order to construct a Venn diagram, for each search engine a list that contains all confidently
assigned, non-redundant peptide annotations is created. In the scenario depicted in Figure 1, there are
3458 non-redundant peptide sequences found in common by Mascot and Sequest. The Mascot search
engine contributes 510 additional confident peptide identifications, whilst Sequest adds 1360
additional confident identifications. However, when further investigating these results it may well be
that both search engines find the same set of non-redundant peptide sequences, but they do not reach
a consensus when conditioning on the spectrum level. This hypothetical scenario is depicted in the
table shown in Figure 1 by the coloured cells, where there is agreement in terms of identifying non-
redundant peptide sequences, but disagreement in the peptide-to-spectrum-matches (PSMs) when
considering the scan numbers. Although in this simplistic example no agreement is reached between
the search engines when considering the spectrum level, in contrast, on the peptide set-level, some of
these identifications contribute to the intersection area of the Venn diagram. A different type of
disagreement is represented by the cells indicated by grey colours. In this case, sequences are only
found by one of the search engines. These identifications will contribute to the set of differences or
complimentary findings, although, strictly speaking, at the spectrum level both search engines tend to
disagree about the peptide annotation for that particular spectrum.



Arguably, the simplistic and hypothetical example presented in Figure 1 is not completely realistic or
exhaustive. When multiple search engines are combined, it is possible that spectra will fail to receive
a (confident) identification. Missing spectrum annotations would further complicate a concordance
analysis and should be taken into account.

Based on the aforementioned considerations, we conclude that the practice of summarizing mass
spectrometry-based proteomics experiments by Venn diagrams is prone to misleading interpretation
when combining results from multiple search engines. We argue that the agreement and disagreement
should be assessed at the level of the spectrum and not on the level of the set of non-redundant
peptide identifications, as the latter obscures information about search engine reliability. Therefore,
we propose a new visualization that provides this information at first glance. Additionally, we would
like to promote the use of different variants of percentage agreement to summarize agreement
between a pair of search engines.
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Figure 1: Hypothetical scenario on how disagreement at the level of scan numbers will contribute to
the Venn diagram that represents findings at the level of peptide sequence information.

MATERIALS AND METHODS

PEPTIDE IDENTIFICATION

A spectral dataset of our benchmark organism C. elegans was interpreted by SearchGUI version 3.2.20
as a workflow manager. The 20,581 tandem MS spectra were searched by Comet?*?2 and MS-GF+2
against a C. elegans protein database (ws229 wormbase) downloaded @ at
ftp://ftp.wormbase.org/pub/wormbase/species/c_elegans/assemblies/. Precursor mass tolerance
was set at 10 ppm, while fragment mass tolerance was set to 0.5 Da. A maximum of five missed
cleavages by trypsin was allowed for. A static modification of 57.021 Da on cysteine was defined to
account for carbamidomethylation and a dynamic modification of 15.9949 Da was introduced to
account for possible oxidation of methionine. Monoisotopic masses were used for the precursor mass.
Furthermore, only first ranked PSMs were considered for analysis, i.e., only one sequence annotation

for each fragment ion mass spectrum is retained. The negative logarithm of the MS-GF+ and Comet E-
value was adopted as the MS-GF+ and Comet score. For Sequest and Mascot respectively the xcorr
and ion score were used. A target-decoy (TD) search strategy was applied on a separate database
search with reversed peptide sequences to determine the cut-off values by Ngecoy/Niarger for a global
PSM-level false-discovery rate (FDR) of 5% for both search engines.?* A similar workflow using
Proteome Discoverer 1.3 was followed to obtain peptide identifications by Mascot® and Sequest?. Note


ftp://ftp.wormbase.org/pub/wormbase/species/c_elegans/assemblies/

that we adopted an FDR of 5% for illustrative purposes, while usually an FDR of 1% is deemed more
appropriate for proteomic experiments.

PERCENTAGE SEQUENCE AGREEMENT

The main question that was addressed in this research was whether there is an agreement in terms of
the peptide-to-spectrum assignments between Comet and MS-GF+ on the one hand and Mascot and
Sequest on the other. When analyzing the agreement between two search engines, the concept of
sequence agreement in terms of the peptide annotation tends to be conflated with the notion of
sequence confidence. In this study we take into account sequence confidence by dichotomizing the
confidence score in categories of peptide-spectrum-matches that do or do not pass the false discovery
rate (FDR) cutoff. This creates three different scenarios, namely where both, only one or neither one
of the search engines confidently annotates the spectrum. To account for the confidence that is
assigned to a peptide annotation, sequence agreement - i.e. whether spectra get annotated with the
same peptide by both search engines - is discussed conditionally on the three described scenarios. To
assess sequence agreement, we calculate the percentage sequence agreement as the proportion of
spectra that received the same peptide annotation from both search engines.?® Although percentage
agreement has the advantage of being computationally simple and easy to interpret, it does not allow
for the fact that a certain amount of agreement can be expected on the basis of chance alone.?® This
is important to remark because, for example, large proteins that have many peptides are more likely
to be found by different engines. Cohen proposed a measure of agreement that corrects for such
chance findings.?” However, application of Cohen’s kappa to a mass spectrometry dataset faces the
issue of the presence of a large number of distinct categories, i.e., peptide sequences. The use of
Cohen’s kappa is further elaborated on in detail in the supplementary materials, but we already can
mention that the correction for chance findings in the shotgun proteomics setting is negligible. As such,
the use of the kappa coefficient boils down to percentage sequence agreement.

MISSING ANNOTATIONS

In general, database-searching engines identify only a proportion of the MS/MS spectra of digested
proteins. Due to differences in their implementation, various search engines can handle low-scoring
spectra in a vastly distinct way, leading to a discrepancy between the spectra annotated by the
different algorithms. In our analysis we ignore missing annotations and filter out spectra that are not
identified by both search engines. This filtering step can be perceived as a quality threshold, removing
non-confident and most likely conflicting identifications, but also induces some information loss. A
more detailed breakdown of the missingness patterns can be found in the supplementary materials.

RESULTS AND DISCUSSION

In total, when FDR filtering is disabled, Sequest provided 20,233 peptide-spectrum-matches. Among
them, 12,128 (59%) were also identified by Mascot. Ignoring missing annotations means that 8105
spectra that initially received a Sequest identification are filtered out, or alternatively were set to
disagree at a MASCOT score of 0 (no confidence). By contrast, both Comet and MS-GF+ assigned a
peptide sequence to most of the available MS/MS spectra when disregarding any confidence
threshold. In our experiment, 361 and 362 out of the 20,581 spectra did not receive an identification
from MS-GF+ and Comet, respectively. From these non-identified spectra, 328 were missing in both
Comet and MS-GF+ results, yielding 20,186 spectra identified by both search engines. The percentage
sequence agreement across all of these spectra is equal to 45.06% and 78.89%, for the Comet-MS-GF+
and Sequest-Mascot comparison respectively. It should be remarked that the higher agreement for



the Sequest-Mascot case is due to the missing annotations, which probably reflects an internal quality
threshold for reporting.

COMPARISON OF SEARCH ENGINES UNDER A TARGET-DECOY APPROACH

In order to study the influence of confidence (i.e., pass the FDR criteria) on the sequence agreement,
the results from the conducted MS/MS experiment are presented in Figure 2. In the scatterplots in the
left panels, the identification scores provided by both search engines for each spectrum are plotted on
the x- and y-axis. The barplots in the right panels contain a summary of the spectral agreement, related
to the corresponding scatterplots. In what follows, different scenarios are proposed for comparing
sequence agreement in function of the confidence score, i.e. we discuss search engine concordance in
terms of the different quadrants that are indicated in Figure 2.
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Figure 2: (Left) Scatterplot summarization of the rank 1 search engine results for all spectra between 2 search
engines. Every dot in the plot represents a spectrum that is investigated by the search engines. The score of one
search engine is denoted on the x-axis, the score of the other search engine is denoted on the y-axis. The colors give
a binary indication whether the sequence annotation agrees (blue) or disagrees (red) among the search engines.
The horizontal and vertical black lines indicate, in this case, the user-specified 5% FDR cutoff. Quadrant | visually
represents the percentage sequence agreement of the spectra that receive a confident score from both search
engines. Spectra that only comply with an FDR of 5% for one of the two search engines are depicted in quadrants Il
and IV. Spectra that receive an identification with a score below the FDR cut-off for both algorithms are compared
in terms of sequence agreement by quadrant lll. Spectra that did not receive a score from a search engine have
been removed in this plot. (Right) Barplot and textual summarization of the percentage sequence agreement
analysis from the comparison between two search engines. The quadrants in the barplot correspond to the
guadrants indicated in the scatterplot in the left panel. The length of the bars is relative to the number of spectra in
the respective quadrant. The colors indicate sequence agreement (blue) or disagreement (red). Spectra that did not
receive a score from a search engine have been removed from the analysis. (A) Comparison of Mascot and Sequest.
(B) Comparison of Comet and MS-GF+.



STUDYING THE INFLUENCE OF THE CONFIDENCE RANKING

The obtained results are first compared on the set of confident PSMs in quadrant |, i.e., the peptide
identification results that comply with an FDR of 5% for both search engines according to the TD
approach described in the materials section. There are 6,042 fragment ion spectra that received a
score above the FDR threshold of 5% from both Comet and MS-GF+ (Quadrant 1). It is observed that
out of these 6,042 spectra, 5,996 (99.24%) agree in sequence annotation between both search engines.
Similarly, there are 4,312 fragment ion spectra that received a score above the FDR threshold from
both Mascot and Sequest. The percentage sequence agreement amongst these spectra is equal to
99.88%.

It is reassuring that, in general, the dots (i.e., spectra) in quadrant | are overwhelmingly blue (i.e.,
sequence agreement), but the red dots (l.e., disagreement) are the most acute cases. One red dot in
guadrant | would lead to two contributions in a Venn diagram and are therefore the most alarming.
These insights are not provided by the area-proportional Venn diagram presentation.

The most interesting quadrants in Figure 2, however, are quadrants Il and IV. They indicate spectra
that received a confident annotation by only one of the two search engines. For example, there were
1,247 spectra that received a confident ranking by MS-GF+ but that failed to receive a confident score
from Comet. Among these spectra, which are represented by the bottom-right quadrant in the
scatterplot in Figure 2B, 825 (66.16%) agreed in identification for both search engines. Analogously,
there were 780 spectra that received a confident ranking by Comet but that scored below the FDR
cutoff for MS-GF+. Among these spectra, which are represented by the top-left quadrant in the
scatterplot of Figure 2B, 432 (55.38%) agreed in identification for both search engines.

Our motivation in focusing on the details of quadrants Il and IV can best be summed up by (a slightly
paraphrased) Tolstoy: “Happy PSMs are all alike; every unhappy PSM is unhappy in its own way”. The
original version of this quote, often referred to as the Anna Karenina Principle, suggests that failures
are multi-faceted and diverse, whereas success is uniform. In our case, the implication is that two
search engines can fail to agree because they produce different peptide identifications, but they can
also fail to agree for other reasons, namely because they do not achieve a sufficient degree of
confidence on the underlying peptide identification.?® In contrast, when focusing on quadrants Il and
IV in Figure 2A for the comparison between Mascot and Sequest, the parts that are considered as a
complementary contribution from the multiple search strategy, it can be seen that the sequence
annotations are in high agreement but one of the search engines lacks courage to call it a confident
finding.

For completion, quadrant Ill in Figure 2A and 2B constitutes the spectra that failed to receive a
confident annotation from either search engine. There are 12,117 spectra that scored below the 5%
FDR cut-off for both MS-GF+ and Comet. The percentage sequence agreement on this set of spectra
equals 15.21%. Similarly, for the comparison between Sequest and Mascot, 5,514 spectra were scored
below the FDR threshold, of which the percentage sequence agreement in terms of sequence
annotation equals 56.42%.



CONSENSUS-BASED AGREEMENT

In what preceded we have presented the results regarding percentage sequence agreement on the
spectrum level for each of the quadrants in Figure 2 separately. We argue that such a representation
is much more informative than the peptide level view provided by the Venn diagrams in Figure 3.
However, when discussing search engine agreement in a consensus-based approach, the analysis is
made on the set of peptide annotations that receive a confident score by at least one the search
engines, i.e. the set of spectra comprised of quadrants I, Il and IV. In order to illustrate the potential
misinterpretation by Venn diagrams, we discuss the agreement at the level of the set of non-redundant
peptide annotations in contrast to the to the percentage sequence agreement on the spectrum level
(Figure 2).

MS-GF+

Comet Mascot

Sequest

Number of spectra (percentage sequence agreement)
8,069 (89.89%) 6,614 (97.58%)

Number of non-redundant peptides (agreement)
6,609 (79.06%) 4,890 (65.14%)

Figure 3: Venn diagrams that represent the agreement on the set of non-redundant peptide
annotations comprised of quadrants I, Il and IV. Notice the discrepancy between the agreement
on the set of peptides and the percentage sequence agreement on the spectrum level.

There are 8,069 spectra that receive a confident annotation by either Comet, MS-GF+ or both. These
spectra constitute 6,609 unique peptide annotations. Notice that 79.06% of the peptide annotations
are found by both search engines, which contributes to the intersection of the Venn diagram.
Additionally, Comet and MS-GF+ account for 10.05% and 10.89% of the peptide annotations that could
not be confidently identified by both search engines. Analogously, there are 6,614 spectra confidently
identified by Sequest and Mascot. The identifications of these spectra are composed of 4,890 non-
redundant peptide annotations, of which 65.14% are found in common by Sequest and Mascot.
Sequest and Mascot separately contribute 9.75% and 25.11% additional peptide annotations. The
metrics from the Venn diagram can be contrasted with the percentage sequence agreement on the
spectral level for quadrants I, Il and IV. The percentage sequence agreement for the respective Comet-
MS-GF+ and Mascot-Sequest comparison are equal to 89.89% and 97.58% suggesting a large
agreement instead of a large complementarity observed from Figure 3. By no means the results
presented in the barplots in Figure 2, can be inferred from the Venn diagram mainly due to the
presence of redundant peptide annotations. Another effect that complicates the inference of Figure 3



from Figure 2 was already announced in the introduction. For example, a confident sequence
disagreement in quadrant | can contribute to a complementarity observed in the Venn diagram at the
level of non-redundant peptide notations. On the other hand, any findings in quadrant Il or IV, whether
search engines agree or disagree, does not necessarily lead to a complementarity in the finding at the
level of non-redundant peptide annotation as these findings can be recovered by a redundant peptide-
spectrum-match. As previously discussed, the comparison of search engines conflates two different
guestions, namely:

1. Isthere an agreement in sequence annotation between search engines?
2. Are the search engines (both) confident about the sequence annotation?

It is possible that search engines assign the same sequence annotations to a spectrum, but one search
engine is very confident about this assignment, whilst the other lacks courage to make the call. This
discrepancy was made clear especially in the comparison between Comet and MS-GF+. On the other
hand, there might also be spectra that are confidently identified by both search engines, but that do
not agree on their peptide annotation. The analysis in this manuscript demonstrates that Venn
diagrams provide only a restricted view on search engine agreement and/or complementarity. Instead
we could use the visualizations proposed in Figure 2 in order to make a more complete evaluation
about search engine agreement.

CONCLUDING REMARKS

In this manuscript, we propose the concept of percentage sequence agreement on peptide
identification at the spectrum level to assess agreement in the context of database search engines
instead of summarizing results at the level of peptides or proteins by means of a Venn diagram. When
assessing the agreement between search engines, it should be clear where and how confidently they
agree. Typically, in database searches this is a combination of both sequence annotation and sequence
confidence. Therefore, we propose to visualize the outcome of a database search by the Mondrian-
like plots presented in Figure 2 that divide the search engine results into four quadrants depending on
the search engine’s confidence. The percentage sequence agreement and some simple summary
statistics can be computed for each of these quadrants as depicted in the barplot of Figure 2. From
these summary statistics, it is trivial to compute an overall percentage sequence agreement for
quadrants I, Il and IV by means of a weighted average.

Besides, the more in-depth view on search engine concordance for the quadrants individually,
provided by Figure 2, these plots gives us the opportunity to associate a notion of quality on the
peptide annotation if classical database search engines are used, i.e., no 2" pass or chimeric spectra
search engines. There are four scenarios possible:

1. Green flag (safely passes QC):

a. The search engines strongly agree on a peptide annotation (blue dots in quadrant I).

b. The search engines weakly agree on a peptide annotation (blue dots in quadrant Il and
IV). It means that both search engines recognize the same peptide in the presented
fragment ion series but one of the engines is not confident about its finding.

2. Orange flag (warrants further investigation):

a. The search engines weakly disagree on a peptide annotation (red dots in quadrant Il
and IV), it means that the search engines assign different peptides to the observed ion
fragments, but one of the search engines is not confident about its finding. Therefore,
the identification of the uncertain search engine can be discarded.



3. Red flag (does not pass QC): The search engines strongly disagree on a peptide annotation (red
dots in quadrant 1). Action should be undertaken to untie the conflicting identification.
Provided aforementioned assumptions about chimeric spectra and standard search engines, a
spectrum should not give rise to two identifications.

4. White flag (unidentified spectra): The findings in quadrant lll are not of concern since both
search engines are uncertain about the peptide annotation. Nevertheless, in case they agree
on a peptide annotation, this could hint towards the presence of explanatory peptide ions in
the spectrum.

For the example of MS-GF+ and Comet, the aforementioned numbers can be easily obtained from
Figure 2 as follows:

e f#ispectra(Green) = 0.9924 * 6043 + 0.5538 * 780 + 0.6616 * 1247 = 5997 + 432 + 825 = 7254
spectra

e #ispectra(Orange) = (1-0.5538) * 780 + (1-0.6616 * 1247) = 348 + 422 = 770 spectra

e fispectra(Red) = (1-0.9924) * 6043 = 46 spectra

We want to emphasise that the minimalistic QC approach presented here should not be over-
interpreted. Sequence agreement and spectral confidence depend on the selected search engines and
since we only consider two search engines at the time, a severe selection bias in the QC results can
occur. This selection bias can be remediated by a sensitivity analysis on the spectra for multiple
pairwise search engine comparisons and summarizing the QC results for a more robust interpretation.
Another disadvantage of the binary approach is that we lose the fine-grained information present in
the score distributions of the search engines. A possible solution is to revert to probabilistic models
that compute a meta-score for the quality of the identification on a continuous scale. For example, the
methods of Shteynberg et al. and Searle et al. allow for such a meta-analysis approach.'’*® Such
probabilistic models yield two major advantages compared to the simple analysis presented in this
manuscript. Firstly, the probabilistic meta-score is able to register the nuances around the FDR
threshold, making it slightly less sensitive to the selection of the search engine pairs. Secondly, when
extending the visual quality control to more than three search engines, the interpretation of the plots
becomes complicated. A meta-score can easily incorporate information from multiple search engines,
making it less vulnerable for the selection bias due to the pairwise comparison.

Furthermore, it should be noted that missing annotations, especially when they only occur for one of
the search engines, complicate the agreement analysis. In our analysis, Mascot fails to reports a score
for a substantial proportion of spectra. However, it can be shown (supplementary materials) that the
spectra that do not receive a score by either of the search engines, mainly produce low-scoring
identifications by the other search engine and imply some internal quality filter. Nonetheless these
missing scores and annotations would land mainly in quadrant Ill and would thus not substantially
influence the agreement analysis when not taken into account. A more thorough approach would be
to perform a sensitivity analysis by random imputation of the missing score and agreement.
Alternatively, a worst case approach could be considered that sets the missing score to the minimum
score and the annotation is assumed to disagree. Latter findings could be contrasted with the complete
case as reported in Figure 2.

For illustrative purposes, we have considered only 2 sets of different search engines in this manuscript,
namely Sequest and Mascot as the two most employed commercial database search engines to-date
and Comet and MS-GF+ as two open-source search algorithms available through SearchGUI. However,
our illustrations are not restricted to the cases presented in this paper and different comparisons, e.g.
Comet-Mascot or other search engines, e.g. Andromeda can be employed. Moreover, when comparing



multiple search engines, the new visualisation approach is easy to generalize up to three search
engines. For area-proportional circular Venn diagrams such an extension is usually impossible?. For
higher dimension the comparison becomes visually difficult and other metrics have to be computed
such as generalisation of the percentage agreement or Cohen’s kappa. The R script to produce the
scatterplots and barplots of Figure 2 for any combination of two search engines is provided in the
supplementary information. We should also note that we have used both raw scores (for the Mascot-
Sequest comparison) and probabilistic scores (for the Comet-MS-GF+ comparison) in our results. The
visualization approach is flexible as such that any type of scores can be adopted, however, comparisons
should always be made at the same level, preferably the probabilistic approach.

To conclude, the take-home message of this manuscript is that the nature of disagreement among
search engines should be verified, i.e. whether disagreement originates from having the same ID, but
low confidence versus a true divergence of opinion. This divergence can be visualized with the
proposed Figure 2 with the same effort as the Venn diagrams at the peptide level, but the figures give
a more informative view. These visualizations also combat the perverse effects of the Venn diagram
summary that reward strong disagreement as high complementarity. Instead of striving towards
complementarity one should strive for better search engine concordance.
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