PFELEY 7)) JICEBEB= 12—y N I)—7
BFAFMETAAXRY MIVF RIS E

Improving Deep Neural Network in Predicting
Electron lonization Mass Spectra
with Molecular Similarity-wise Sampling
HIETRESE> - P HFEGR® - INHOERT - figsc - 54 B

Ryohei Yamaguchi, Shigenori Takeda, Masatsugu Yamada,
Toshifumi Kakiuchi, and Yutaka Imamura

HESNE, ARSI A Y RO I 7 2% L, STXTLHETHTZRET 57205 i
ENTVEFETH L, ®ilil. YAAXRY MVAFUTLTA—T=2—FVEky NT—=FET)I
MBS S, TOEWEESZEINCEHM SNz L2 L, ZOEFNMEE T v #ZULEw R ED
gD =2y M LTI FIS MRV Z E SRS N 2T ABIFEClE. 7
FRHLTF =2ty bOT U —H TN TAF—LFEA L, TV =TI 7rER
7o7—%ty bCIRRSNIZETIVIE. 7 v FEEWIHT 5 TR L L, 2D, 7 v it
ENTORVEAEWNHIT A HE S IRV S D 2 &b o lze ZOREN X, 5T 74
SH=TN IOy N Ta BB L LIGERNTAEEZ NS,

Mass spectrometry is a technique extensively utilized in various fields, including organic
synthesis and metabolomics, to identify molecules. Recently, a deep neural network model
was developed to predict mass spectra, and its effectiveness was evaluated. However, we
found that the model was unable to identify certain unknown molecules, such as highly
fluorinated compounds. To enhance the predictability for these minor compounds, we
implemented a dataset undersampling method based on molecular similarity. The model
trained using this undersampled dataset showed improved predictability for fluorinated
compounds, without compromising the accuracy of identifying non-fluorinated compounds.
This improvement in performance could be attributed to the reduction of hash collisions of
molecular fingerprints.
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Fig. 1:Undersampling using molecular similarity. Thinning
out majority data from clusters that differ from the
target. The red circle indicates the position of target
molecules.
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Fig. 2:NEIMS pipeline.
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Fig. 3:The examples of identifiers from ECFPs and bit
collision. An identifier representation refers to a
unique identifier that is assigned to a specific
chemical structure pattern. Bit collision refers to the
phenomenon in which different data inputs are
assigned to an identical hash value in a hash
function.
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Fig. 4: Target fluorine compounds used for undersampling.
(a)1,1,2,2-Tetrafluoro-2- (pentafluoroallyloxy)
ethanesulfonyl fluoride, (b)1,1,2,2-Tetrafluoroethyl
2,2,2-trifluoroethyl ether, (c) (E)-1-chloro-
2,3,3,4,4,5,5-heptafluoropent-1-ene, (d)Pentane,
1,1,1,2,2,3,4,5,5,5-decafluoro-3-methoxy4-
(trifluoromethyl) -, (e) (E)-1-Chloro-2,3,3-trifluoro-
1propene.
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Fig. 5:Library matching rank score. (1)Replace the
relevant spectrum data in the database with predi
cted spectrum. (2)Search the database with correct
ground truth spectrum and sort each data by
similarity. (3)Rank the replaced predicted spectrum
as scores.
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Table 1:The number of bit collision in training dataset from
NIST main library.

NIST main library Our sampling
Dataset size 236715 152382
Bit collision 248310 194950
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Fig. 6:Results of the sampling process, showing the distri
bution of data and examples of data points excluded
by the sampling method.
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Table 2:Average of weighted cosine similarity for 11,600-
points in the test dataset. The values in paren
theses represent standard deviations.

NEIMS NEIMS with Ours

Non-fluorinated 0.881 0.870
compounds (0.106) (0.111)
Fluorinated 0.870 0.858
compounds (0.125) (0.134)
Total 0.880 0.869
(0.108) (0.112)
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Fig. 7: Comparing the target spectra prediction scores. (a)
Weighted cosine similarity. (b) Library matching rank.
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Fig. 8: (a) Predicted spectra with normal NEIMS, and (b)
NEIMS with undersampling. The true spectrum
appears in blue above, and the prediction spectrum
appears in orange inverted. Normal NEIMS misses
the peak at m/z =131.
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Table 8:Test with increased input dimensions, using 11,600
data points from NIST replicated library. The values
in parentheses represent standard deviations.

Input Similarity Used memory

dimension [GB]

4096 0.880 32:5
(0.108)

8192 0.882 46.6
(0.106)

131072 0.887 618.8
(0.100)
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