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We present AUDENS, a new platform-independent open source tool for automated de novo sequencing
of peptides from MS/MS data. We implemented a dynamic programming algorithm and combined it
with a flexible preprocessing module which is designed to distinguish between signal and other peaks.
By applying a user-defined set of heuristics, AUDENS screens through the spectrum and assigns high
relevance values to putative signal peaks. The algorithm constructs a sequence path through the MS/
MS spectrum using the peak relevances to score each suggested sequence path, i.e., the corresponding
amino acid sequence. At present, we consider AUDENS a prototype that unfolds its biggest potential
if used in parallel with other de novo sequencing tools. AUDENS is available open source and can be
downloaded with further documentation at http://www.ti.inf.ethz.ch/pw/software/audens/.
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1. Introduction

The database-dependent identification of proteins by mass
spectrometry is well established and several software packages
are available that allow the efficient identification of proteins
from tandem mass spectra.1 SEQUEST2 and Mascot3 are widely
used software tools for the assignment of peptide sequences
to tandem mass spectra. Further statistical evaluation of the
assignment reliability may be required to decrease false positive
identification rates.4 Although the database search approach
is quite efficient, it has significant shortcomings when database
information about the proteins under investigation is limited.
This is particularly problematic in cases where no genome
information is available. In addition to missing database entries,
databases could be erroneous, alternative splicing could occur,
and peptides could carry a post-translational modification
(PTM). In all of the aforementioned cases, peptide identification
by mass spectrometry is more difficult or even impossible using
the database-dependent approach.

One possibility to circumvent this limitation is de novo
sequencing, i.e., deriving an amino acid sequence exclusively
from the information contained in the MS/MS spectrum,
without a sequence database. Since manual de novo sequenc-
ing is a very time-consuming process, several software tools

were developed that extract an amino acid sequence from an
MS/MS spectrum. Among the commercially available tools are
Sherenga (SpectrumMill), DeNovoX (ThermoFinnigan) and
PEAKS.5 Academic publications include Lutefisk,6,7 a Hidden
Markov Model approach,8 and PepNovo.9 The performance of
all de novo sequencing software tools inevitably suffers from
inherent limitations of MS/MS spectra analysis making reliable
automated de novo sequencing difficult. The mass accuracy is
a critical issue, and it was shown that a high mass precision
allows for other approaches such as composition-based de
novo sequencing.10 Other problems include incomplete b- and
y-ion series (gaps) and additional peaks that are independent
from the peptide sequence (i.e., chemical noise and instru-
mental noise). Apart from the b- and y-ion series, which are
usually the most prominent signal peaks in ion trap spectra,
there are other peptide-derived peaks such as a-ions, neutral
losses of water or ammonia, internal fragments and peaks
originating from chemical rearrangements.

Although these issues significantly complicate the analysis
of MS/MS data, we believe that the information contained in
an MS/MS spectrum can be better exploited. In this paper, we
describe AUDENS, a tool for automated de novo sequencing
which uses heuristic signal peak recognition to improve the
sequencing performance.11 AUDENS utilizes some of the
characteristics of peptide fragmentation in CID experiments
to identify b- and y-ions while using the additional information
that is contributed by other peaks before the de novo sequenc-
ing algorithm is applied. In a preprocessing step, these filters
are applied to all measured peaks occurring in a spectrum, and
a relevance value is assigned to each peak. Peaks are never
removed. If their relevance is not increased in any preprocess-
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ing step, they keep their initial relevance value of 1. After
relevances have been assigned to peaks on the basis of the
preprocessing filters, the spectrum is subjected to a Weighted-
Chen-et-al-Algorithm for noisy data, which is a slight variation
of the dynamic programming algorithm for noisy data by Chen
et al.12 The algorithm is described in more detail in Baginsky
et al.11 We systematically analyzed the de novo sequencing
performance of AUDENS on different datasets and compared
it to the performance of two other freely available tools, Lutefisk
and PepNovo.

2. Materials and Methods
Software. AUDENS is a freely available open source tool

published under the GNU general public license 2.0 or higher.
Since it is implemented in JAVA, it is platform-independent. It
features a graphical user interface and a batch sequencing
option. AUDENS can be downloaded at the following URL:
http://www.ti.inf.ethz.ch/pw/software/audens/.

Acquisition of Datasets. We tuned and tested the sequencing
performance of AUDENS on three different datasets. First, we
acquired an MS/MS dataset from four protein fractions derived
from cauliflower. The crude extract was loaded onto a 1D-SDS
gel and bands were cut out. Each band was digested with
trypsin and analyzed by LC-MS/MS. The samples were mea-
sured on an LCQ ion trap (ThermoFinnigan, San Jose, CA). The
dynamic exclusion function was enabled to allow two mea-
surements of the same parent-ion during one minute followed
by an exclusion of one minute. Each full scan was followed by
four data dependent MS/MS scans. The MS/MS data were
submitted to a SEQUEST database search (Thermo Finnigan,
San Jose, CA) using a protein database of Arabidopsis (which
is a sequenced relative of cauliflower) and known contami-
nants. Cysteines were allowed as either unmodified or car-
boxyamidomethylated forms and methionines were allowed as
either unmodified or oxidized forms. 7488 files were generated
from a total of 3921 scans. The SEQUEST results were statisti-
cally validated by PeptideProphet.13 Only doubly charged
spectra were used since they are more amenable to de novo
sequencing than singly or triply charged ones. Twenty-nine
doubly charged spectra were assigned with high confidence,
i.e., they exceeded a PeptideProphet confidence value of 0.99.
This means that the probability of the peptide database
assignment being correct is estimated at more than 99% by
the Bayesian model on which PeptideProphet is based and,
conversely, the risk of an assignment being a false positive is
assumed to be below 1%. A second dataset from four Arabi-
dopsis protein fractions was acquired on the same machine and
under the same conditions as for the cauliflower dataset. 127
doubly charged spectra exceeded a PeptideProphet confidence
value of 0.99. To avoid a potential instrument-specific bias, we
also used a previously published dataset generated by Keller
et al.14 This set was obtained upon request from the authors
and it consisted of 18 known control proteins which were
analyzed in 22 runs on an LCQ ion trap machine. From a total
of 37 044 SEQUEST assignments, the authors assembled a list
of 2784 positive and manually verified hits, of which 1533
spectra labeled as doubly charged were used for the evaluation
of the individual preprocessing filters.

Data Preprocessing. AUDENS accepts peak lists as input,
which are either directly generated by the mass spectrometer
software or can easily be converted from other formats.
Preprocessing of MS/MS data was performed to distinguish
between b- and y-ions and other peaks. To this end, we applied

a set of preprocessing filters to MS/MS data that were imple-
mented in AUDENS, and we evaluated the ability of each filter
to distinguish between b- and y-ions and other peaks. The basic
preprocessing filters fall into three categories: (1) Intensity filter
(2) Complement filter (3) Offset filter (e.g., presence of char-
acteristic isotope patterns, ammonia loss or water loss from
amino acids).

Intensity Filter. The peak intensity filter uses peak height
as a criterion to distinguish b- and y-ions from other peaks.
Two approaches are used for peak height assessment, (i) peak
height as a percentage of the base peak (the highest peak) in
the spectrum (intensity filter) and (ii) peak height in a mass
window of 50-200 Da (window filter). The intensity filter
applies a user defined threshold value and assigns a higher
relevance to peaks above the threshold (e.g., 10% of the base
peak). The window filter slides a window of 50-200 Da through
the spectrum and assigns a higher relevance to the highest 1-5
peaks in the window. The heuristic basis for this filter is the
observation that peak intensity in ion trap MS/MS spectra is
usually highest in the intermediate m/z range, while both the
high and the low mass ranges are usually composed of peaks
with lower intensities. The minimal window size was chosen
since the smallest amino acid has a mass of 57 Dalton, and
thus at most two true peaks can occur within this mass interval.

Complement Filter. The complement filter searches for two
peaks A and B for which the sum of both masses equals the
originally determined parent mass within a certain mass
tolerance (massb-ion + massy-ion ) massparent ion M+2H). The basis
for this filter is the usually high symmetry of MS/MS spectra
from doubly charged parent ions. Two peaks that sum up to
the parent mass are increased in relevance.

Offset Filter. For neutral losses, the following scheme
applies: In the case of ammonia, if there is a peak A and a
peak B at an offset of -17 Da from peak A, the relevance score
of peak A is increased by a user-defined amount. The same
applies to water loss with an offset of -18 Da. This is done
because neutral losses are characteristic for true peptide peaks.
For isotope patterns, the following scheme applies: If a peak
A has a neighbor peak B at an offset of +1 Dalton, then the
relevance of A is increased. The setting can be changed so that
more than one isotope peak is required to increase the
relevance of peak A. Missing isotope peaks (e.g., +0 and +2
present, +1 absent) are not tolerated and peak heights in the
isotopic patterns are not taken into account.

Parent Mass Adjustment. The precision of the parent mass
measurement is crucial for the reliability of de novo sequenc-
ing. The sequencing algorithm uses both b-ions and y-ions to
derive a sequence, using the complementarity to fill potential
gaps in either of the two series using the equation massb-ion +
massy-ion ) massparent ion M+2H. The necessary tolerance window
for ion trap data is usually in the order of ( 1-2 Da. We
observed that the measurement errors were not unbiased. The
distribution indicates that the measured mass usually falls in
a region between the theoretical average mass and the theo-
retical monoisotopic mass of a peptide (data not shown).
Because de novo sequencing is much more straightforward on
monoisotopic masses than on average masses, we corrected
the parent mass measurement by multiplication with a factor
of 0.9993. This factor corresponds to the sum of the monoiso-
topic masses of all 20 amino acids divided by the sum of their
average masses and proved to perform well (data not shown).
Different frequencies of amino acids in various organisms were
not taken into account; all amino acids were weighted equally.
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Concatenation of Filters with the Complement Filter. The
concatenation of two filters should increase the specificity, i.e.,
a peak that fulfills several filter criteria (as described above) is
more likely to be a true peak. A concatenation does not mean
that filters are applied to the spectrum serially but rather that
peaks must fulfill two requirements at once if their relevance
is to be increased. The complement filter can be combined with
other filters since it does not by definition exclude other criteria.
The concatenation was used as follows: 1. Permissive concat-
enation: In the permissive version, only one of the two
complementing peaks has to fulfill the additional criterion of
the other filter, but both peaks are given a higher relevance. 2.
Stringent concatenation: In the stringent version, both comple-
menting peaks have to comply with all applied criteria to gain
a higher relevance. The concept of the two concatenation
strategies is illustrated in Figure 1.

Evaluation of Filter Performance: Peak Recognition. Peak
recognition was defined as follows: From the known amino
acid sequence of each peptide, we calculated the theoretical
masses of all b- and y-ions. This was done to evaluate the filter
performance, whereby the in silico generated spectrum was
compared to the measured and preprocessed spectrum. Peaks
in the measured spectrum which fell into a tolerance window
of 0.5 Da around b- and y-ions in the theoretical spectrum were
labeled as signal peaks and the remaining ones as “other
peaks”. In cases where a signal peak was increased in relevance,
the peak was considered “recognized”.

Optimization of Filter Relevances. When a preprocessing
filter is applied and a certain peak meets a criterion, the
relevance value for this peak is increased. The amount of the

increase is defined individually for each filter and is called filter
relevance in the configuration file. The optimal amounts were
unknown at the outset and the goal of the optimization
procedure was thus to adjust filter relevances such as to
maximize the overall sequencing performance.

We optimized the filter relevance for each filter, i.e., the
relative weighting of the filters with respect to each other. A
complete screening of all possible parameter permutations
would not be computationally feasible for all parameters at
once. On the other hand, an isolated optimization is problem-
atic since the optimum of one parameter may strongly depend
on other parameters, whose values may still be far from their
own optimum. To circumvent those problems, we used a
screening design approach first introduced by Plackett and
Burman,15 which is based on specifically designed multi-
parameter optimization matrices. We used three inequivalent
20 × 20 Hadamard matrices, one of Williamson type, one of
first Paley type and one of Tonchev IV type.16

In the first step, we set all filter relevances to an arbitrarily
chosen starting value of 100. We either decreased or increased
parameters in a variety of combinations according to the
screening design matrices. We chose binary Hadamard matri-
ces, i.e., in each optimization step two different relevance values
were tested per filter. In the case of a positive matrix entry,
the corresponding initial value was multiplied by a factor of
1.41 (square root of 2), and for a negative matrix entry, the
initial value was divided by 1.41. Each column in the matrix
accounts for one configuration setting, while each row corre-
sponds to one filter parameter (filter relevance). The three
matrices combined allow for a screening of 20 parameters

Figure 1. Illustration of spectra preprocessing. In A-D, the measured spectrum is presented in the upper part and the processed
spectrum after application of a filter in the lower part. Theoretical b- and y-ions are indicated with small ticks at the m/z axis. Peaks that
differ significantly between the measured and the processed spectrum are indicated with arrowheads. The applied filters were as
follows (A) No filter was applied prior to preprocessing. The relevance of each peak is set to one. (B) The percentage filter was applied
to increase the relevance of all peaks that are above a threshold of 0.1% of the base peak. An increment of 100 units was added to the
initial relevance of 1. (C) Concatenation of the percentage filter with the complement filter in the stringent mode, 100 units are added
too. (D) Concatenation of the percentage filter with the complement filter in the permissive mode, 100 units are added as well.
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within 60 experiments, where each experiment corresponds to
one configuration setting applied to the spectrum training
dataset. We optimized 14 parameters (filter relevances) using
this approach. After each step, we evaluated whether the higher
or the lower value of each parameter was more likely to
produce better results. The better value was then used as the
starting value for the next iteration.

De Novo Sequencing Results and Performance Evaluation.
The output of AUDENS is a ranked list of “multi-sequences”.
A multi-sequence displays ambiguities in the suggestion and
actually corresponds to several sequences, i.e., the multi-
sequence ACV(N/GG) yields the sequences ACVN and ACVGG
if enumerated. AUDENS uses dynamic programming,12,17 where
the score for each sequence is calculated as the sum of the
relevances of all peaks, i.e., of the nodes in the spectrum graph
which contribute to the path as either b- or y-ion to construct
the suggested sequence. If a permutation of amino acids results
in the same relevance score, e.g., from gaps that correspond
to dipeptides, then the amino acids that fit into the gap are
provided in brackets. If there are several possibilities to match
a gap, then the tool produces a “multi-sequence”. For the
evaluation of de novo sequencing performance we used the
following strategy: The Arabidopsis dataset and the Keller
dataset were analyzed with AUDENS to evaluate its perfor-
mance with and without preprocessing (see above for a
description of the datasets). For each spectrum, the tool
produces a list of at most 100 sequence suggestions (multi-
sequences) which are sorted by their score. We counted for
how many spectra the correct sequence was contained in this
list and we calculated the median and the average rank at which
the correct amino acid sequence occurred for one whole
dataset.

3. Results and Discussion

Sequencing Performance without Preprocessing. We evalu-
ated the sequencing performance of AUDENS without and with
preprocessing on the Arabidopsis and the Keller datasets
described above. The de novo sequencing performance of
AUDENS (see Materials and Methods) is shown in Table 1A. It
is notable that the sequencing performance differs significantly
between the two datasets. For the unpreprocessed Arabidopsis
dataset, AUDENS generated a high ranking correct sequence
for 9.4% of all spectra. The correct sequence appeared at a
median rank of 2 and an average rank of 4.3 whereas in the
unpreprocessed Keller dataset, AUDENS produced a correct
sequence for only 4.6% of the MS/MS spectra and the correct
sequence appeared at a median rank of 6 and an average rank
of 16.6, respectively. However, the quality of the two datasets
differed noticeably. Since the cauliflower and the Arabidopsis
dataset were assembled using a stringent PeptideProphet cutoff
of 0.99 confidence value, this set contained more MS/MS
spectra showing a clear fragmentation pattern, i.e., higher
quality spectra. De novo sequencing depends on high spectrum
quality, and it is therefore not surprising that AUDENS per-
forms better on a dataset that contains more high quality
spectra.

De novo sequencing is intuitively more difficult than data-
base searching since the search space is much larger. This
weakness must usually be compensated by high spectrum
quality, e.g., accurate mass measurements and a favorable

signal-to-noise ratio. We could clearly illustrate this by applying
the algorithm on 1000 simulated theoretical MS/MS spectra.
For spectra with precise masses and no noise, the algorithm
produced a high-ranking correct sequence for all of them, with
a median rank of 1 and an average rank of 1.7. The performance
gradually decreased if Gaussian mass variations and noise were
introduced which are inherent to real mass spectrometric
measurements (Table 1B).

Evaluation of Preprocessing Parameters. The goal of the
spectra preprocessing step is to better exploit the information
contained in an MS/MS spectrum and to improve the reliability
of de novo sequencing. This is achieved by assigning relevances
to each peak that are calculated from different filters which
take into account peptide fragmentation chemistry.18,19 Peaks
that comply with several characteristics of b- and y-ions (e.g.,
mass dependent isotope distribution, complementary peaks,
water loss) are more likely to be true b- or y-ions and can thus
be distinguished from other peaks. We used the Keller dataset
to calculate the specificity and the sensitivity of each filter on
the basis of the peak recognition rules to assess suitable
parameter settings for the preprocessing (see Materials and
Methods). Specificity was defined as the rate of true negative
peak recognition among all other peaks than b- and y-ions.
This number provides by inference also information on the
false positive identification rate, i.e., how many other peaks
were wrongly recognized by the filter. We are aware of the fact
that this criterion underestimates the filter performance, since
some peaks in a spectrum are considered noise although they
are derivatives of b-and y-ions and therefore contain sequence
information. Examples for these peaks are the a-ions that arise
from a carbon monoxide loss from b-ions. For a comparison
of filter performance however, the absolute specificity values
are not relevant but rather their dependence on the filter
parameters. Sensitivity was defined as the rate of true positive

Table 1. De Novo Sequencing Performance

A. increase of de novo sequencing

performance due to preprocessinga

dataset: % sequenced

median

rank

average

rank

Keller 4.6 (17.1) 6 (3) 16.6 (9.2)
Arabidopsis 9.4 (31.5) 2 (2.5) 4.3 (9.2)

B: de novo sequencing performance without

preprocessing on 1000 simulated MS/MS spectrab

noise

mass precision

[Da standard

deviation]

% sequenced

(within best

100 ranks)

median

rank

average

rank

none 0.0 100.0 1 1.7
none 0.1 96.2 1 2.8
100 peaks 0.0 99.1 1 3.2
100 peaks 0.1 92.5 1 5.1
200 peaks 0.0 96.6 2 4.3
200 peaks 0.1 88.8 2 6.4

a Shows the performance of de novo sequencing without preprocessing
and in brackets with an optimized parameter setting for preprocessing.
b Shows the de novo sequencing performance without preprocessing on
simulated, theoretical MS/MS spectra. In the case of perfect spectra with
highest mass precision and no noise, the correct sequence was found at a
high rank for all spectra. The introduction of noise and Gaussian mass
imprecision somewhat decreased the performance. Uniformly distributed
noise peaks were added until the spectrum reached a given number of peaks
(100 or 200, respectively) The relevance of the noise peaks was 10% of the
theoretical b- and y-ions. A sequencer mass tolerance of 0.3 Da was used
throughout the simulation.
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peak recognition among all true peaks as defined in the
database search results.

The preprocessing filters were applied to all spectra in the
dataset using various filter settings (e.g., peak intensity, mass
tolerance). Peaks whose relevance was increased by at least one
filter were labeled as “recognized” and then compared to the
“signal peaks” that came from the comparison of the measured
and the in silico generated spectrum. 319 837 measured peaks
in 1533 spectra selected from the Keller dataset were taken into
account. 37 690 peaks (11.8%) were labeled as signal since they
fell in a tolerance window of 0.5 Da around the theoretical b-
or y-ions, whereas the other 282 147 peaks (88.2%) were labeled
as other peaks. For each peak, the comparison may result in
any of the four cases: True positive (labeled as signal peak and
subsequently recognized by the filter), false positive (peak other
than b- or y-ion whose relevance was falsely increased), true
negative (not labeled, not recognized), and false negative
(labeled but not recognized) peak recognition. Using these
definitions we calculated the sensitivity and specificity values
for each filter to investigate their optimal parameter range. The
results are shown in Figure 2.

As expected, sensitivity and specificity values for each filter
are a tradeoff, i.e., increasing the sensitivity of a filter results
in a loss of specificity and vice versa (Figure 2). For each of
the basic filters we determined a parameter setting (i.e., mass
tolerance for isotope filter, complement filter, and offset filter,
percentage of base peak for intensity filter) that was a com-

promise (usually 80-95% specificity) between sensitivity and
specificity. With this setting, we determined the performance
of filter concatenation between the basic filters (Figure 1) and
the complement filter in stringent and permissive concatena-
tion mode. The combination of the basic filters with the
stringent complement filter gave higher specificity and a
reduced sensitivity compared to concatenation in permissive
mode. We assume that this can be attributed to the fact that
in ion trap data, b-ions are usually less abundant than y-ions,
which reduces the probability that both ions fulfill each filter
criterion. Thus, stringent concatenation may not always be
adequate since b- and y-ions usually exhibit independent and
different fragmentation characteristics in CID experiments.

Optimization of Preprocessing for de Novo Sequencing. We
expected the preprocessing to improve the de novo sequencing
performance by better distinguishing between signal and other
peaks through application of the filters described above.
AUDENS features 40 user-adjustable preprocessing and se-
quencing parameters in total. For all parameters except the 14
filter relevances, we used the settings that were found to be
suitable by the sensitivity/specificity measurements of the filters
depicted in Figure 2. To optimize the filter relevances we used
a screening design approach based on the one described by
Plackett et al. and applied it on a test set of 127 spectra, all of
high quality (above 0.99 PeptideProphet confidence). Ideally,
de novo sequencing should provide sequences at rank 1. More
generally, we need an objective function that evaluates the

Figure 2. Performance of individual filters: tradeoff between sensitivity and specificity. To compare which filters identify signal peaks
best, specificity and sensitivity curves were calculated for each of them (specificity: filled diamonds, sensitivity: empty squares). Each
chart shows the result of one filter on the “KELLER dataset”. The charts on the left show the performance of the basic filters, and the
two charts on the right in each panel show the result of the concatenation of several basic filters. The settings for each filter are
indicated on the x-axis. For the concatenated complement filters, we used a mass tolerance of 0.9 Da.
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performance of the sequencing tool. This function needs to
reflect all rank changes, should focus on ranks close to one,
and should not require high precision arithmetics to evaluate.
One simple way of achieving this is to sum up the inverse of
the ranks of the spectra. We called this the IRS (inverse rank
sum) and subsequently used it to score the contribution of
different relevance settings for successful preprocessing and
improvement of de novo sequencing performance.

Once all 127 spectra of the test set had been sequenced with
all 60 parameter settings, the performance score IRS was
calculated for each setting. We then established the impact of
each of the 14 parameters and determined in what direction
their value should be adjusted to improve the performance.
We compared the IRS between the parameter settings for which
a particular parameter had been increased or decreased.
Unequal group sizes were taken into account in the calculation.
If one group yielded better results than the other, then the
parameter value of the better group was used for the next
iteration. The performance improved during the first five steps
of the iteration whereas in the sixth step, we encountered a
slight reduction of the performance. We chose the parameter
setting of the fifth iteration for all further evaluations. As a
general tendency, the filter relevances of the first filter criteria
were reduced with respect to the initial value while the filter
relevances of the additional complement criterion were in-
creased. We attribute this to the higher specificity of the
concatenated filters. Generally, we found that quite diverse
parameter settings yielded similar overall results and that the
screening design approach allows us to weed out low perfor-
mance parameter settings. This is in line with previous experi-

ence gathered while manually tuning the tool: out of 25
arbitrary parameter settings, the four best settings together
managed to sequence 50% more spectra than the best setting
alone. It seems that there is no unique configuration setting
that is best for all spectra.

The sequencing performance on the Keller dataset improved
from 4.6% of the spectra sequenced at a median rank of 6 to
17.1% of the spectra sequenced at a median rank of 3 (Table
1A). The number of spectra sequenced thus rose by a factor of
3.7. The performance on the Arabidopsis dataset improved from
9.4% sequenced at a median rank of 2 to 31.5% sequenced at
a median rank of 2.5. The number of spectra that were
successfully sequenced thus increased 3.4-fold. In conclusion,
the combination of different preprocessing filters is an effective
strategy to improve the rate of correctly sequenced spectra and
the rank at which the correct sequence occurred. A detailed
comparison revealed that different filter combinations might
give rise to similar sequencing performance but also that the
optimal filter settings for de novo sequencing differ between
spectra.

Comparison of AUDENS, Lutefisk and PepNovo. The best
performing configuration setting from the screening design was
taken as optimal setting for AUDENS. With this setting we
sequenced the 29 spectra from the cauliflower dataset which
exceed a PeptideProphet threshold of 99% reliability. We
purposely chose the cauliflower dataset since it had not
previously been used for the tuning. These 29 spectra were also
sequenced with Lutefisk and submitted to PepNovo with
default parameters. Since the output formats differ, we had to
standardize the evaluation. We accepted leucine as isoleucine

Table 2. Comparison of de Novo Sequencing Performance of AUDENS to Lutefisk and PepNovo

Footnote: The table shows the result of de novo sequencing of 29 example spectra using different de novo sequencing tools such as Lutefisk, AUDENS and
PepNovo. With all three tools, only the first ranking sequence was taken into consideration. This is opposed to the Audens optimization step where the
objective function included all sequences in the top 100 ranks. The underlined letters were found to be correct, including their position, and their count is
indicated for each sequence. AUDENS output: the letters n and c indicate the mass of the additional proton for the n-terminus and the free acid on the
c-terminus. Therefore the masses in brackets should be constructed from amino acid residue masses only. The amino acid pairs Isoleucine/Leucine and
Lysine/Glutamine (128.1 Da) were considered to be equivalent for the scoring.
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(no mass difference) and a mass gap of 128.1 Dalton as lysine
or glutamine (mass difference of 0.036 Dalton). Then we
checked whether and how many correct amino acids were
placed at the correct position in the sequence. AUDENS as well
as Lutefisk give a mass gap in brackets if they cannot find an
unambiguous sequence fitting in the gap whereas PepNovo
produces only one sequence but indicates the confidence for
each amino acid. In Table 2 we show and compare the results
of the three tools with the correct amino acid sequence as
determined by SEQUEST/PeptideProphet.

For the 29 test spectra, we underlined the correctly posi-
tioned amino acids and counted them. For AUDENS, we
observe that the correct amino acids often correspond to the
mass gap but the algorithm cannot determine the order of the
amino acids. We did not accept those ambiguous cases even if
the correct sequence appeared. We observe that AUDENS as
well as Lutefisk have difficulties to derive a full-length amino
acid sequence for most of the test spectra. This is consistent
with the fact that MS/MS spectra derived from ion traps do
not contain the low molecular mass ions. Therefore, the
algorithm is unable to derive the correct order for the first two
amino acids. This is indicated by the mass gap, which leads to
a multi-sequence. Our comparison revealed that the perfor-
mance of AUDENS (124 amino acids correctly positioned out
of 394) is better than the one of Lutefisk (61 amino acids
correctly positioned out of 394) but worse than the performance
of PepNovo (226 amino acids correctly positioned out of 394).
Spectra preprocessing as used for AUDENS does not improve
the performance of Lutefisk or PepNovo however, probably
because the parameter settings used were tuned specifically
for AUDENS (data not shown).

Nevertheless, we found that in one case, AUDENS produced
more accurate results than PepNovo (Table 2). This indicates
that the sequencing performance of different tools may vary
between spectra, and that using different tools in parallel is
likely to increase the overall sequence coverage. Additionally,
if several tools agree on the same sequence, this increases the
reliability of the result. Thus, AUDENS can be used as a
complementary tool to extend the scope of de novo sequencing
and to increase coverage of and confidence in the de novo
sequencing results. To verify sequence suggestions and to put
them in a broader context, they may be searched against
protein databases using tools such as the recently published
DeNovoID.20 Unlike the BLAST algorithm, it is specifically
designed to use the output of the de novo sequencing tools
and accepts partly ambiguous sequences and even mass gaps.

4. Concluding Remarks

AUDENS is a freely available software tool for automated
de novo sequencing of peptides from MS/MS data. This tool
combines an extensive spectra preprocessing part with the
implementation of a dynamic programming algorithm. The way
AUDENS is presently designed allows the user to individually
set preprocessing parameters. Highly flexible and customized
settings are necessary to cope with different MS/MS spectra
characteristics. Although spectra preprocessing improves the
de novo sequencing performance considerably, the difficulty

of interpreting conflicting output remains a limiting step in the
reliable automated de novo sequencing of high throughput MS/
MS data. The error rate is not yet estimated but we are planning
to implement a dedicated postprocessing module in AUDENS
that helps the user to assess the probability of sequence
correctness from the AUDENS output. Currently, the mass list
of AUDENS comprises the twenty standard amino acids but it
can be extended to include post-translational modifications as
well, at the risk of an increased false positive rate though. At
present, we consider AUDENS a prototype that unfolds its
biggest potential if used in parallel with other de novo
sequencing tools. The complementarity between different tools
can be exploited to increase coverage and reliability. AUDENS
is fast (approximately 1 s per ion trap spectrum on an Intel
Pentium M (Centrino) 1.6 GHz processor) and features a batch
sequencing option that is very useful for high-throughput
purposes and the automatic processing of large numbers of
spectra. Furthermore, it is open source, comprises a graphical
user interface, and since it is implemented in JAVA, it can be
used on all major operating systems without further adaptation.
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