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We present the results of a fully automated de novo approach for identi�cation of molecular formulas in the 
CASMI 2013 contest. Only results for Category 1 (molecular formula identi�cation) were submitted. Our 
approach combines isotope pattern analysis and fragmentation pattern analysis and is completely indepen-
dent from any (spectral and structural) database. We correctly identi�ed the molecular formula for ten out 
of twelve challenges, being the best automated method competing in this category.
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INTRODUCTION

�e identi�cation of small molecules in a high throughput 
manner plays an important role in many areas of biology and 
medicine. Mass Spectrometry (MS) is a dominant technol-
ogy for high-throughput analysis of metabolites and other 
small molecules1–3) and is orders of magnitude more sensi-
tive than nuclear magnetic resonance spectroscopy. A major 
challenge in metabolomics is the low proportion of detected 
analytes with unambiguously assigned chemical structures. 
Such unknown metabolites are neither contained in spectral 
databases nor in molecular structure databases, making 
their identi�cation and structural elucidation di�cult.

Recent approaches4–7) for small molecule identi�cation 
seek to replace searching in spectral libraries by searching in 
molecular structure databases such as KEGG (Kyoto Ency-
clopedia of Genes and Genomes) and PubChem, which are 
and will be more comprehensive than spectral libraries. In 
order to reduce the search space, and with it, false identi�ca-
tions, it is useful to determine the molecular formula of the 
compound before starting a search. Here, we describe how 
isotope pattern analysis in combination with calculation of 
fragmentation trees can be used to identify the molecular 
formula of a compound. Both methods, and also the combi-
nation thereof, are fully automated de novo approaches, re-
quiring neither a spectral library nor a molecular structure 
database. Consequently, we explore a huge search space of 
molecular formulas including completely unknown mol-
ecules.

�e Critical Assessment of Small Molecule Identi�cation 
(CASMI) contest is a benchmark dataset for the identi�ca-

tion and structural elucidation of small molecules. Our 
paper is submitted as part of the CASMI1 contest 2013. More 
detailed descriptions of the methods have previously been 
published elsewhere.8–14) An updated description of the 
method and scoring will be published soon.

We restricted ourselves to the �rst category of the con-
test, that is the determination of the correct molecular 
formula. It is commonly believed that structure elucidation 
of fully unknown molecules is impossible using MS tech-
niques alone. Identi�cation of the molecular formula of the 
compound can, however, serve as a basis for subsequent 
structure elucidation. �e �rst category consists of twelve 
challenges: �ve compounds measured on a TOF instrument 
(LC-IT-TOF, Shimadzu), six compounds measured on a 
�ermo Orbitrap instrument and one compound measured 
on a FT-ICR instrument (APEX-II FT-ICR, Bruker Dalton-
ics). Each measurement consists of MS and MS2 spectra.

We submitted molecular formulas for all twelve chal-
lenges and obtained the correct formula ranked �rst for ten 
challenges. �is result was only exceeded by one other team 
which, however, participated with manually determined 
molecular formulas. Consequently, we are the best automat-
ed method competing in the CASMI 2013 contest.

METHODS

To determine the molecular formula of a measured com-
pound, we use a combined automated analysis of the isotope 
pattern (see Isotope pattern analysis Section) in the MS 
spectra and the fragmentation pattern (see Fragmentation 
pattern analysis Section) in the MS2 spectra. Our method is 
a fully automated de novo approach and does not perform 
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any database search—neither in spectral databases nor in 
compound databases.

Isotope pattern analysis has been described in detail by 
Böcker et al.11); fragmentation pattern analysis by Böcker 
and Rasche.8) �e computation was done using the latest 
version of Sirius2 which will be released soon and made 
available on our website2.

Candidate molecular formula generation
We �rst decompose the monoisotopic peak using a 

maximal allowed mass deviation of 20 ppm for negative and 
15 ppm for positive TOF data, 5 ppm for Orbitrap and 2 ppm 
for FT-ICR data.

�e list of candidate formulas is then �ltered using Se-
nior’s rule.15) We use the six elements most abundant in 
metabolites carbon (C), hydrogen (H), nitrogen (N), oxygen 
(O), phosphorus (P), and sulfur (S), as well as the four halo-
gen elements �uorine (F), chlorine (Cl), bromine (Br), and 
iodine (I). To speed up computations, we set upper bounds 
for some of the elements: F, I, and S are restricted to six 
occurrences per molecule; Cl and P are restricted to three 
occurrences per molecule; Br is restricted to one occurrence 
per molecule. For molecules with mass greater than m/z 900 
we use only CHNOPS (upper bounds as given above). With-
out any knowledge of the ionization of the compound, it is 
not possible to restrict our search to formulas with integer 
ring double bond equivalent (RDBE) values.16) Computing 
the RDBE as described in refs. 16 and 17, we �lter out all 
candidates with RDBE values lower than −0.5.

We do not use a molecular structure database for com-
pound �ltering, that is we explore all possible molecular 
formulas including potential undiscovered molecules. Sizes 
of the candidate sets for all compounds are given in Table 2. 
For comparison, we also point out the much lower number 
of candidates a�er �ltering using PubChem, which is not 
employed by our method.

Isotope pattern analysis
For all candidate molecular formulas, we compute a theo-

retical isotope pattern by convoluting isotope distributions 
and match it to the measured spectrum. We assume that 
the measured compounds contain naturally distributed iso-
topes. Matching of peaks is a trivial task, as we have usually 
only one peak per nominal mass. If we have more than one 
peak per nominal mass, we select the peak with the highest 
intensity and assume the others to be noise. Peaks with rela-
tive intensities measured below 1% are omitted.

To score the similarity between measured spectra and 
theoretical isotope patterns, we calculate likelihoods and 
posterior probabilities using Bayesian Statistics. For each 
matched pair of measured and theoretical isotope peaks, we 
calculate likelihoods from deviation in mass and intensity.

Mass deviations are assumed to be normally distributed 
as N(0, σmass). We expect the standard deviation to increase 
with decreasing peak intensity. �e logic behind this as-
sumption is that accurate peak picking becomes increas-
ingly tedious for low intensity peaks. We de�ne a parameter 
σppm to be the expected standard deviation of the instru-
ment in parts per million (ppm). �e parameter σmass of the 
normal distribution is determined depending on the mea-

sured peak intensity f:

 σ σmass ppm( ) ( . . )f f= ⋅ ⋅ − ⋅−10 1 5 0 56  

�e probability of observing the mass deviation between 
the measured peak M and the theoretical peak m is calcu-
lated as
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M m
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Calibration issues are very common in mass spectrom-
etry leading to shi�s in the measured peak masses. To avoid 
summing up this systemic errors we use a slightly di�erent 
approach for calculating posterior probabilities for mass de-
viations: For each peak but the monoisotopic peak, we sub-
tract the monoisotopic mass from the peak mass and calcu-
late the probability of the peaks using a distribution of mass 
di�erences. �is distribution of mass di�erences is again a 
normal distribution with half the standard deviation N(0, 
σmass/2). �e probability is calculated as described above. As 
expected standard deviations of the instruments we chose 
σppm=2 for Orbitrap, σppm=1 for FT-ICR, and σppm=6 for 
TOF (see Table 1).

For intensities, we assume that the logarithmized ratio 
between measured and theoretical intensity is normally dis-
tributed. Peak intensities are normalized such that they sum 
to 1 and log-ratios between the measured and theoretical 
intensities are then computed. We de�ne the standard de-
viation of this ratio depending on the intensity of the peak:
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where δint is the expected intensity deviation for this instru-
ment. For Orbitrap and FT-ICR data we set δint=0.03, for 
TOF instruments we chose δint=0.01.

Finally, a bias in the intensities of Orbitrap data was de-
tected, which leads to an underestimation of the monoiso-
topic peak intensity.11) We compensate for this by adding 
an o�set of 0.01 to the peak intensities of Orbitrap spectra 
before renormalizing them. �e probability of observing a 
deviation in intensity between a measured intensity f and a 
theoretical intensity p is calculated as

  f p
f p

f
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Table 1. Chosen parameters for the instruments.

Instrument Ion mode
Allowed mass  

deviation
σppm δint

Intensity  
o�set

Orbitrap Positive 5 ppm 2 ppm 0.03 0.01
Negative

APEX-II FT-ICR Positive 2 ppm 1 ppm 0.03 0
Negative

IT-TOF, QTOF Positive 15 ppm 6 ppm 0.01 0
Negative 20 ppm 6 ppm 0.01 0

All Orbitrap instruments (Exactive Orbitrap and LTQ Orbitrap 
Velos) are denoted as Orbitrap and all instruments using a TOF 
(LCMS-IT-TOF and Xevo QTOF) are simply outlined as TOF. For 
TOF instruments we additionally distinguish between positive and 
negative ion mode as in our experience negative spectra o�en have 
lower mass accuracy.2 http://bio.informatik.uni-jena.de/sirius2/
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All parameters σppm, δint and the peak intensity o�set 
compensation were not optimized for the contest data but 
are rather chosen ad hoc by educated guesses. �e isotope 
pattern score is the sum of the logarithmized probabilities 
of each peak.

Fragmentation pattern analysis
Analysis of the MS2 spectra is done using fragmentation 

trees.8) We follow the evaluation protocol described in ref. 
13. For each compound, we merge all MS2 spectra to a single 
fragmentation spectrum and remove all peaks with relative 
intensity lower than 0.5%.

For each candidate formula a fragmentation graph is 
built, containing vertices for all possible decompositions 
of the fragment peaks (each molecular formula within the 
mass accuracy of the instrument), and edges for all possible 
fragmentation reactions between the peak explanations.

Vertices are scored as log-odds of the likelihood to ob-
serve this mass deviation and the likelihood that the peak is 
noise. As above, the mass deviations are modeled according 
to a normal distribution using the instrument speci�c pa-
rameter σppm as standard deviation.

�e noise probability is modeled as a Pareto distribution 
with parameter xmin=0.05 and k=1 for all instruments. A 
heteroatom-to-carbon distribution, gleaned from the KEGG 
COMPOUND database,18) adds prior probabilities to the 
vertices to score formulas according to their “chemical rea-
sonability.”

We weight the edges using a scoring scheme loosely based 
on the logarithmized likelihood that a certain fragmenta-
tion reaction occurs. We give positive scores for a few com-
mon losses that were learned from the data, and penalize 
implausible losses and radicals.13) In addition, edges are pe-
nalized in case losses have a high mass using a distribution 
of loss masses. Details to the learning of common losses and 
the loss mass distribution will be published elsewhere.

We then compute a subtree of maximum weight, which 
explains each peak by at most one molecular formula and 
which assigns a unique fragmentation reaction for the gen-
eration of each fragment peak.14) Note that the method im-
plicitly decides, whether a peak is noise or not. �e score of 
the tree is the sum of its edge weights.

Data processing
�e �rst category of the CASMI challenge consists of MS 

and MS2 spectra of twelve compounds measured on various 
instruments. �e compound masses range from m/z 210 
to m/z 936. �e parameters of our method are chosen with 
regard to the instrument and ionization mode (see Table 1). 
For challenges 15 and 16 we only use the spectra measured 
on the Exactive Orbitrap instrument, as the Xevo TQ in-
strument did not provide high mass accuracy.

For each candidate, we compute a score analyzing its 
isotope pattern and a score analyzing its fragmentation 
pattern. We combine the scores by summing them up. 
Molecular formulas are then ranked by combined score. 
We automatically transform this output to a new result list 
which is more suitable for this contest: �e best molecular 
formula candidate receives score 1.0; subsequent formulas 
receive logarithmic decreasing scores. Formulas with scores 
di�ering more than 10% from the highest scoring formula 
are excluded.

For all compounds we assume [M+ H]+ ionization for 
spectra measured in positive mode and [M−H]− ionization 
for spectra measured in negative mode. Predicting the ion-
ization type is out of scope for our method, but can be done, 
for example, using CAMERA.19)

RESULTS

�e �rst category of the contest consists of twelve chal-
lenges: �ve compounds measured on a TOF instrument (LC-
IT-TOF, Shimadzu), six compounds measured on a �ermo 
Orbitrap instrument and one compound measured on a 
FT-ICR instrument (APEX-II FT-ICR, Bruker Daltonics). 
We submitted molecular formulas for all twelve challenges.

We identi�ed the molecular formula of ten out of twelve 
compounds correctly. Only one other submission to the 
CASMI contest identi�ed more compounds using manual 
interpretation of the mass spectra. Our method was the 
best performing automated approach for molecular formula 
identi�cation.

For nine compounds we only reported a single molecular 
formula candidate since the score di�erence between the 
�rst and the second candidate is above 10%.

Table 2. Overview of the results for all twelve challenges.

Challenge Molecular formula m/z
Number of candidates Combined  

rank
Rank frag.  

pattern
Rank isotope  

patternDecompositions PubChem

1 C18H19NO4 314.1364 234 53 1 1 5
2 C14H20N2O3 265.1524 42 21 1 1 2
3 C13H24N4O4 301.1843 76 30 1 1 10
4 C15H14O 211.1121 13 8 1 1 1
5 C12H18O4S2 291.0719 116 21 1 2 8
6 C49H93O14P 935.6224 224 1 1 2 1
9 C9H11Cl3NO3PS 349.9337 888 13 1 1 2

10 C42H71N11O12 922.5351 860 5 1 1 3
11 C20H18O5 337.1080 662 86 1 2 7
12 C15H10O5 269.0449 368 55 — 1 80
15 C10H5F17O 462.9973 3326 159 — — —
16 C18H20FN3O4 362.1527 175 26 1 1 27

�e combined rank is based on the combined scoring of isotope pattern (rank isotope pattern) and fragmentation pattern analysis (rank frag. 
pattern) and is the �nal rank of the compound which was submitted to CASMI. Number of candidates is the size of the candidate set of molecular 
formulas. Our method uses all decompositions of the monoisotopic mass within the mass deviation of the instrument. Filtering molecular formu-
las using a molecular structure database such as PubChem would strongly reduce the number of candidates but is not employed by our method.
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Our molecular formula identi�cation is a fully automated 
de novo approach, e.g. we do not use compound or struc-
tural databases to restrict the number of candidate formu-
las. �is strongly increases the complexity of the problem: 
For most compounds that are part of the CASMI contest, 
the number of candidate formulas our method has to dis-
criminate is 2–8 fold higher than the number of candidates 
retrieved from PubChem (see Table 2). For challenge 10 the 
number of decomposable candidates within a mass range of 
5 ppm is even 172 times higher than the number of molecu-
lar formulas from PubChem within the same mass range. 
For challenge 6, there was only a single molecular formula 
candidate in PubChem which makes this challenge trivial. 
Nevertheless, our approach identi�ed the correct molecular 

formula from a much larger set of 224 candidate formulas 
not �ltered using a molecular structure database.

For eight challenges, the fragmentation pattern analysis 
using fragmentation trees was su�cient to identify the cor-
rect molecular formula (see Table 2). Using only isotope pat-
tern analysis resulted in the correct molecular formula iden-
ti�cation in only two cases. For challenges 5 and 11, only the 
combined analysis was able to identify the correct molecular 
formula. Overall, in this year’s contest the fragmentation 
tree approach yielded better results than the isotope pattern 
analysis. �is di�ers from the CASMI 2012 contest, where 
the isotope pattern analysis was able to identify the correct 
molecular formula for ten out of thirteen challenges.20)

�e fragmentation pattern analysis performed well for all 

Fig. 1. Challenge 9: Fragmentation tree of Chlorpyrifos (C9H11Cl3NO3PS) an insecticide measured for challenge 9. We manually assigned sub-
structures of the compound to the fragment formulas annotated by the vertices of the fragmentation tree. �is manual assignment is an 
example how to use fragmentation trees as basis for subsequent manual structure elucidation of the compound.

Fig. 2. Challenge 12: Comparison of the measured isotope pattern from challenge 12 (black), the calculated isotope pattern of the correct com-
pound Baicalein C15H10O5 (green), and the calculated isotope pattern of the best matching molecular formula C7H14N2O7S (red). �e mass 
of the monoisotopic peak of the measurement almost completely matches the monoisotopic peak of the best matching molecular formula 
with a mass deviation of only 0.17 ppm. �at is why the red peak almost covers the black peak.
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instrument types. �e only instrument-speci�c parameters 
of the method are the allowed mass deviation and the stan-
dard mass deviation σppm, which demonstrates the robust-
ness of the fragmentation tree approach against di�erent 
instruments or experimental setups.

To give an example of a fragmentation pattern analysis 
using fragmentation trees, we manually assigned substruc-
tures of the compound from challenge 9 to the annotated 
fragments in the fragmentation tree (see Fig. 1). We can 
explain every fragment in the tree with a substructure of the 
compound.

For challenges 12 and 15, our method did not identify the 
correct molecular formula. In the following, we discuss the 
complications and problems we have run into with these 
two compounds.

Challenge 12—Baicalein: For this compound, the correct 
molecular formula was ranked �rst using fragmentation tree 
computation. Unfortunately, the isotope pattern measured 
for this compound looks somewhat erroneous: �e calculat-
ed isotope pattern of molecular formula C7H14N2O7S match-
es the measured spectrum much better than the calculated 
isotope pattern of the correct molecular formula C15H10O5 
(see Fig. 2). Although the M+ 1 peak of the C7H14N2O7S iso-
tope pattern has a high mass deviation from the M+ 1 peak 
in the measured pattern, there is a very high similarity of 
the intensities of both peaks between these two isotope pat-
terns. In contrast, both peaks have much higher intensity 
deviations between the measured isotope pattern and the 
isotope pattern of the correct molecular formula C15H10O5. 
Furthermore, mass deviations for both, the monoisotopic 
peak and the M+ 1 peak, are even worse. �us, combining 
the results from fragmentation pattern analysis with the 
results from isotope pattern analysis, our method ranks 
C7H14N2O7S at �rst position, although the correct molecular 
formula C15H10O5 has the best fragmentation tree.

Challenge 15—2-(Per�uorooctyl)ethanol: �is com-
pound with molecular formula C10H5F17O contains 17 
�uorine atoms. As mentioned above, we restricted the 
number of �uorine atoms to a maximum of six atoms per 
compound. �erefore, the correct molecular formula was 
not contained in the candidate formula set. However, such 
per�uorinated compounds are rather uncommon in me-
tabolomics.

All computations were executed on a quad-core Intel 
i5-3570, 3.4 GHz with 8 GB memory using Java 7. Computa-
tions took 37 min in total for all 12 challenges, where most 
of the running time was spent on challenge 10 (34 min). 
Note that there are di�erent possibilities to speed up com-
putation, e.g., computing only fragmentation trees for the 
20 best isotope patterns. However, fast computation was not 
relevant for this contest.

CONCLUSION

We presented the results of our combined isotope and 
fragmentation pattern analysis for molecular formula iden-
ti�cation as part of the CASMI 2013 contest. Our method is 
a fully automated de novo approach which requires no user 
interaction, and accesses no compound databases or spec-
tral libraries. It is the best automated method competing in 
the �rst category of the CASMI 2013 contest, identifying the 
correct molecular formula for ten out of twelve compounds.

�e two failed challenges indicate potential directions to 
further improve our method. On the one hand, we need to 
predict the alphabet of potential elements for decomposing 
the compounds mass using machine learning. Training high 
quality predictors, however, requires an independent train-
ing set. On the other hand, we need an improved scoring for 
combining isotope pattern analysis and fragmentation pat-
tern analysis. Predicting the quality of an isotope pattern or 
fragmentation pattern may help to decide which of the two 
analyses is more reliable.
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