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Introduction 
Disulfide-rich peptide venoms from animals such as snakes, spiders, scorpions, and 
certain marine snails represent one of nature's great diversity libraries of bioactive 
molecules.  These neuroactive peptides have stimulated considerable interest as 
promising candidates for therapeutics as they specifically interact with ion channels and 
receptors.  Predatory marine cone snails of the superfamily Conoidea produce a great 
variety of neuroactive toxins.  The genus Conus (cone snails) in particular have provided a 
number of pharmaceutical compound leads and drugs for treatment of chronic pain in HIV 
and cancer patients (Terlau-Olivera, 2004).  The largest group within Conoidea, the 
Turridae, also produces venom, yet their components are largely uncharacterized both 
structurally and functionally.  We explored novel derivitization methods and data analysis 
strategies for de novo sequencing  the cysteine-rich venom components in the unstudied 
species Unedogemmula bisaya.  Companion poster 203 focuses on the chemical 
derivitization; here we focus on the bioinformatics. 

References 
M Bern, Y Cai, and D Goldberg.  Lookup peaks:  a hybrid of de novo sequencing and database search 
for protein identification by tandem mass spectrometry.  Anal. Chem. 2007, 79, 1393 – 1400. 

S. Bhatia, YJ Kil, B Ueberheide, BT Chait, L Tayo, L Cruz, B Lu, JR Yates 3rd, M Bern. Constrained de 
novo sequencing of conotoxins.  J Proteome Res 2012, 11(8), 4191-4200. 

H. Terlau, BM Olivera.  Conus venoms: a rich source of novel ion channel-targeted peptides. Physiol 
Rev 2004, 84(1), 41-68. 

BM Ueberheide, D. Fenyo, PF Alewood, BT Chait.  Rapid sensitive analysis of cysteine rich peptide 
venom components.  Proc. Natl Acad Sci USA  2009, 106(17), 6910-6915. 

 

Illustrated plate of the shells of some cone snails from 
J.C. Chenu (1842)  Illustrations Conchyliologiques 

Unedogemmula bisaya  (Photo:  Guido Poppe) Methods:  Sample Preparation and Data Acquisition 
We obtained venom from the turrid Unedogemmula bisaya, a carnivorous, predatory sea snail 

We prepared samples with three different cysteine treatments: 

• (Reduced C sample)  Reduced with TCEP 

• (camC sample)  Reduced with TCEP and alkylated with iodoacetamide, mass delta 57.02146.  

• (mazC sample)  Reduced with TCEP and modified with methylaziridine (C3H8N) for a mass delta of 
57.05785.  This introduces a fixed charge on cysteine residues, as in previous work (Ueberheide et al, 
2009) on Conus toxins. 

For the reduced and camC samples, we acquired data on a Thermo Orbitrap Q-Exactive at resolution of 
70,000 (at 200 m/z) for the full scan and 17,500 (at 200 m/z) for the MS/MS scan with beam-type CAD 
fragmentation (HCD) at normalized collision energy of 27.0.   For the mazC sample, we acquired data on 
either a Thermo Orbitrap Elite with ETD fragmentation using a resolution of 60,000 (at 400 m/z) for the full 
scan and  15,000 (m/z) for the MS/MS scan, or on the Thermo Scientific™ Orbitrap Fusion™ mass 
spectrometer with a resolution of 240,000 (at 200 m/z) for the full scan and  60,000 (at 200 m/z) for the 
MS/MS scan. 

Methods:  Data Analysis 
To generate candidate peptide sequences, we used our own de novo sequencing program, called Conovo 
for “constrained de novo”.  Unlike conventional de novo sequencing, Conovo allows the user to specify 
various kinds of partial knowledge, such as amino acid residue content or sequence homology. As reported 
previously (Bhatia et al, 2012), Conovo builds these constraints into the graph algorithm that generates 
candidates.  As shown here, Conovo 
computes two paths simultaneously:  
a path through a finite state machine 
(FSM) representing the constraint (in 
this case, the 6C constraint that the 
sequence must include 6 cysteines) 
and the a path through a standard 
spectrum graph, which represents 
MS/MS peaks by and residue 
masses by edges.  The algorithm 
generates the k best sequences that 
reach the final node in both graphs. 

We used Byonic (Bern et al, 2007) to score candidate peptides.  We ran Conovo with 6C constraints to 
generate a “de novo database” of candidate sequences.  We used the same de novo database for all U. 
bisaya spectra, because a sequence generated from one spectrum may explain spectra of samples with 
other cysteine derivitizations or other fragmentation types; it may even explain spectra with different 
precursor masses, after the addition of variable modifications, truncations, residue substitutions, and so 
forth.  Byonic’s wildcard modification option proved especially useful in this context, because U. bisaya 
toxins turned out to have highly similar sequences.  We ran Byonic with a large wildcard mass range, 
from –400 to 400 Daltons or even larger, along with variable modifications commonly found on sea snail 
toxins, such as hydroxyproline, oxidized methionine, and amidated C-terminus.  Most blind modification 
search tools do not allow the user to mix known and unknown modifications, and hence would not work 
well for this project. 
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Results and Discussion 
In step 1 above, we initially chose 14 precursor masses of cysteine-rich peptides from U. 
bisaya, each containing 6 cysteines.  At the time of this writing, we have exactly identified 
9 toxins, and several other toxins are close to being finished. Several of the identified 
toxins were not among the original 14, but were found serendipitously by Byonic’s 
wildcard search. 
In most cases, Conovo + Byonic gave answers with only minor ambiguities, such as 
uncertain order of the two or three N-terminal residues.  These ambiguities are usually 
resolvable, but resolving them requires chains of deduction by a human expert.  The 
panel on the right gives 3 of the 9 finished sequences, along with one more not yet 
considered done. 

We find that U. bisaya toxins show less sequence diversity than most Conus species.  All 
of the identified toxins agree on the overall pattern of cysteine positions, and it is likely 
that they all share the same disulfide bond pattern. Two of our bioinformatics innovations 
– constrained de novo sequencing and wildcard modification –proved  highly effective for 
U. bisaya toxins, because once the first toxin is sequenced, each subsequent one 
becomes much easier.  
 

Data analysis consists of several manual and automatic steps: 

1. Find precursor masses of cysteine rich components.  Using Xcalibur, we 
manually examined the MS1 scans in the Reduced and camC samples to find pairs of 
precursors that elute at roughly the same time in the two samples, and have mass 
differences that are multiples of 57.0215. The mass difference implies the number of 
cysteines, which is then used as a constraint in Conovo.  This step is currently 
manual, but easy and quick. 

2. Run Conovo to obtain a sequence database.  In this case, we ran Conovo with a 
6C constraint and produced 100s – 1000s of candidate sequences per precursor 
mass.  We allowed hydroxyproline as a residue mass, and allowed amidated C-
terminus as a variable modification. 

3. Run Byonic to score sequences.  This step takes only a few minutes. 

4. Make a focused database of the highest scoring sequences.  Byonic provides a 
way to do this automatically, but we did this step manually because it is quick. 

5. Run Byonic again with a wildcard modification.  Wildcard search is relatively slow, 
because Byonic tries “every” modification mass in every position.  That is, for a MS2 
spectrum with precursor mass M and a candidate peptide of computed mass m, 
Byonic places a modification of mass (M-m) on each residue. 

6. Manually examine the highest-scoring peptide-spectrum matches.  This step is 
most time-consuming and requires the most human reasoning.  For an identification 
to pass inspection, each residue and its placement must have support, and the 
peptide sequence must explain all the large peaks in the spectrum.   
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This HCD spectrum has complete 
fragmentation; it is one of the very 
few spectra with a peak (namely b1) 
for the cleavage closest to the N-
terminus. P[+16] is hydroxyproline.   
Another important peak is y15, 
because the peak labeled b2 could 
also be produced by a peptide 
starting CCGP… as an internal 
fragment of CG. 

This spectrum set has no peak for 
the cleavage closest to the N-
terminus, but we can deduce that 
the order is more likely to be CG 
than GC by homology with the 
sequence above. In this example, 
Conovo generated the correct 
sequence from the HCD camC 
spectrum, and then Byonic found 
ETD and HCD reduced-C spectra 
matching the same sequence . 

Notice that in this spectrum set and 
the one above, the mazC peptide 
has charge 4+, but the reduced and 
the reduced and alkylated peptides 
have charge only 2+.  The extra 
charge is essential for obtaining 
high-quality ETD spectra.  

This is the same sequence as the 
previous example, but with a 
wildcard of 71.056 Da on the L in 
position 3.  Could this be another 
toxin with A (mass 71.037)?  Is this 
CGLAC… or CGALC… ?  There is 
no peak to tell. 

Late-Breaking News ! 
Spectra from the new Thermo 
ScientificTM Orbitrap FusionTM 
resolve the ambiguity!.  The z16+1 
and z16++ peaks show that the 
sequence is CGLAC… 
Thanks to Shannon Eliuk, PhD,  
New Technology Development 
Specialist; Thermo Fisher Scientific 

http://en.wikipedia.org/wiki/Conidae
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