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1. Introduction
Structural elucidation of unknown compounds is

of central importance for a diverse range of processes,
such as analyzing the (by)products of chemical reac-
tions, characterizing drug metabolites or identifying
environmental contaminants. Out of the analytical
methods available for this purpose, the combination
of gas chromatography (GC) and electron ionization
mass spectrometry (EI-MS) is particularly versatile,
providing comparably deep structural information
while allowing the analysis of crude mixtures using
nanogram amount. [1]
While the EI mass spectrum of a given compound

is the result of stochastic, yet reproducible and char-
acteristic fragmentation processes, deducing an un-
known compound’s structure based on its spectrum
remains challenging to date. In contrast to methods
such as nuclear magnetic resonance (NMR), the ex-
tent to which humanly interpretable rules for the
outcome of the probability-based fragmentation pro-
cesses in EI-MS can be formulated is significantly
lower. [2]
At the same time, the reproducible outcome allows

for matching of an unknown compound’s spectrum
against a library of experimental spectra. Inherently,
this librarymatching approach can only identify com-
pounds that have beenmeasured before, significantly
restricting its practical applicability. [3] Since inmany
applications candidate structures are available, how-
ever, the ability to reliably predict their EI-MS spectra
would allow for quick verification of these hypotheses
by matching such predictions against the experimen-
tal spectrum.
Motivated by this need, several ML models have

been developed for the purpose of predicting EI-MS
spectra during recent years. [4–7] Yet, while they do
allow for significantly faster predictions than conven-
tional, ab-initio computational methods – which can
practically only be used for very small molecules [8] –
the quality of their predicted spectra still leave room
for improvement. At the same time, the currently
most accurate model is significantly restricted re-
garding the size and type of processable molecules,
severely limiting its practical applicability. [4]

2. Spectra Prediction Framework
We herein present a versatile, modular platform

for the development of graph-based EI-MS spectra
prediction models, which we call improved graph-
based spectra prediction (iGRASP) (Figure 1). In two
separate modes of operation, both training and for-
ward spectra prediction are supported. Altogether,
iGRASP covers all steps within the ML development

Fig. 1: iGRASP platform supporting model training,
evaluation and forward spectra prediction.

lifecycle: Fromselecting suitablemodel architectures
and parameters, via filtering the raw input dataset
based on defined criteria, to subsequent training and
validation to comparing different models.
In contrast to previous implementations, iGRASP

is written in pure Python and can easily be modified,
adapting to any desired use case. The entire train-
ing and testing process is built in a modular fashion
by combining interchangeable classes, representing
fundamental building blocks.

Fig. 2: Spectra prediction via fragment formulae,
eliminating chemically impossible peak patterns.

Using this platform, we developed and trained
a model achieving state-of-the-art accuracy of
0.88mean spectral dot product across the NIST2017 [9]
dataset (Figure 2). At the same time, 91% ofmolecules
within that database can be processed, and any re-
maining restrictions can easily be tuned or removed
by changing the configuration (Table 1). iGRASP thus
represents a versatile basis for accelerating further
research in the field of EI-MS spectra prediction.
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Table 1: Comparison between our best candidate
model and the current state of the art. [4]

RASSP
(current SOTA)

iGRASP
(this work)

NIST2017 coverage 48% 95%
molecules/s 8.7 84
mean dot product 0.86 0.88
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