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Abstract: Computational methods are playing an increasingly important role as a complement to conventional
data evaluation methods in analytical chemistry, and particularly mass spectrometry. Computational mass spec-
trometry (CompMS) is the application of computational methods on mass spectrometry data. Herein, advances
in CompMS for small molecule chemistry are discussed in the areas of spectral libraries, spectrum prediction,
and tentative structure identification (annotation): Automatic spectrum curation is facilitating the expansion of
openly available spectral libraries, a crucial resource both for compound annotation directly and as a resource
for machine learning algorithms. Spectrum prediction and molecular fingerprint prediction have emerged as two
key approaches to compound annotation. For both, multiple methods based on classical machine learning and
deep learning have been developed. Driven by advances in deep learning-based generative chemistry, de novo
structure generation from fragment spectra is emerging as a new field of research. This review highlights key
publications in these fields, including our approaches RMassBank (automatic spectrum curation) andMSNovelist
(de novo structure generation).
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1. Introduction
High-resolution mass spectrometry (HRMS) has become a

key technology in environmental, forensic and life sciences. With
time-of-flight (TOF) and Orbitrap instruments masses of organic
molecules can be determined at low ppm-level mass accuracy,
which enables tentative assignment of molecular formulae to
ions. Using electrospray ionization (ESI) as a ‘soft’ ionization
technology, molecules are ionized with minimal fragmentation to
measure the (pseudo-)molecular mass. Fragmentation (MS/MS)
can be induced for selected ions in collision cells (high-energy

collision-induced dissociation, HCD), generating fragments for
substructure characterization. Broadly speaking, HRMS appli-
cations are concerned either with organic molecules of arbitrary
structures with masses up to 1,000–1,500 Da (‘small molecules’,
e.g. in metabolomics or environmental chemistry) or with pep-
tides and proteins, which have a linear structure composed of re-
curring building blocks (proteomics) and an expected mass range
of 500–3,000 Da.

The field of computational mass spectrometry (CompMS) is
concerned with generating knowledge from mass spectrometric
data. Herein, I specifically discuss CompMS related to small
molecule chemistry, while noting the large research body in
proteomics related CompMS. Arguably, the central challenge in
small molecule CompMS is annotation (Fig. 1), i.e. assigning a
chemical structure to a detected feature, characterized by a mass,
its fragmentation spectrum, and potentially additional data such
as chromatographic retention time, isotopic pattern, ion mobil-
ity data, etc. In contrast to traditional targeted approaches, where
known analytes are detected and quantified, the goal of ‘nontarget
analysis’ and annotation is the discovery of untargeted chemicals
in a sample. It should be acknowledged that even if all processes
are perfectly understood, some molecules will remain indistin-
guishable with mass spectrometry (trivially, stereoisomers, but
also an important fraction of regioisomers). All CompMS ap-
proaches are constrained by this analytical challenge; advances
over the last decade have enhanced our understanding of the ca-
pabilities and limits of these methods.

2. Spectral Library Search and MassBank

2.1 Spectral Libraries for ESI-HRMS
The most straightforward approach for compound identifi-

cation from mass spectra is searching for matches in a spectral
library, where a measured spectrum is compared with a library
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work.net/) to populate MassBank with spectra of environmental
micropollutants, previously scarcely represented in LC-ESI-MS/
MS libraries.[3]Up to 28 spectrum types per compound (includ-
ing varying collision energy, polarity, resolution) were acquired to
cover a range of measurement conditions. To keep curation efforts
manageable while ensuring high data quality, we developed the
automated curationworkflowRMassBank.[4]Briefly, RMassBank
extracts ion chromatogram traces and matching MS2 spectra for
specified analytes, annotates putative formulas to fragments, and
uses this information to build a recalibration curve.After a second
more restrictive formula annotation, unmatched peaks as well as
spurious fragments are discarded using customizable filter crite-
ria. Furthermore, chemical metadata is collected from online data-
bases and added to the record after manual review (Fig. 2). While
initially intended as an in-house tool, it was adopted byMassBank
contributors from NORMAN and beyond. This workflow facili-
tated the establishment of MassBank as the prime open platform
for high-quality HRMS reference spectra, now containing >100k
spectra for >16k compounds, predominantly from Orbitrap and
QToF instruments.

RMassBank is still under continued development. In addition
to filtering by formulamatch, a combined fragment chromatogram
correlation and statistical approach was introduced, improving the
processed spectrum quality for large (>1,000 Da) molecules and
compounds with fluorine atoms, which frequently caused issues
with fragment annotation and noise filtering. Further, a viewer
was introduced for manual review and spectrum selection with-
out a full MassBank installation. In addition to its main purpose
for library autocuration, RMassBank has also been applied as a
general purpose MS2 extraction and preprocessing tool in NTS
workflows.[5-9]

In the context of automatic curation, ideas from RMassBank
are echoed in later approaches, such asWEIZMASS,[10]LibGen[11]
and MSMS-Chooser.[12]Features like self-recalibration have been
implemented in commercial products as well, e.g. the mzVault
library generation tool accompanying Compound Discoverer
(Thermo Scientific, Bremen). Brungs et al. introduced an autocu-
ration approach based on mzmine (https://github.com/mzmine/
mzmine), focused on high throughput and reproducibility.[13]

MassBank and GNPS constitute the main source of openly
available spectral libraries. Together, the resources contain spectra
for nominally over 34,000 individual chemical structures. When
considering only high-resolution spectra and conducting further
dereplication and quality filtering, the ‘open dataset’ consists
of around 15,000 unique structures with 200,000 spectra. The
Brungs autocuration method is now being applied to recently ac-
quired spectra for 20k compounds, generating >1 million library
spectra from >16k standards with detailed metadata.[13] Together
with MassBank und GNPS spectral libraries, these large-scale ef-
forts are expanding the size and quality of the open spectral library
dataset markedly and represent an important step forward in the
field.

A comment on the limited meaning of raw numbers in this
context: For the usefulness of a library, the content type and di-
versity are often more relevant than the raw compound count. Li-
brary size can efficiently be inflated by including large numbers
of di/tripeptides that exhibit very systematic fragmentation pat-
terns and also have little relevance to real-life measurements. As
a dataset for machine learning, diversity and chemical coverage
is important; e.g. a library of 10,000 tripeptides with quite sys-
tematic fragmentation provides arguably less information than a
library of 2000 diverse small molecules. For direct use as search
libraries, scope is relevant: A library with 10,000 natural products
is of limited use to an environmental chemist, and vice versa, a
library with 10,000 pharmaceuticals is of little use to a plant me-
tabolomics practitioner. Finally, even combining open and com-
mercial datasets, spectral libraries still cover a small fraction of

of reference spectra of known analytes. For gas chromatography
- electron impact mass spectrometry (GC-EI-MS), this approach
has been established since the 1970s; the NIST GC-MS library
contains reference spectra for nearly 350,000 compounds. Liquid
chromatography (LC)-ESI-MS/MS reached widespread use in
the 1990s. However, instruments and measurement conditions are
much more variable and only in the last decade have comprehen-
sive ESI-MS/MS libraries covering a range of collision energies
and fragmentation types become available. NISTMS/MS (https://
chemdata.nist.gov/), mzCloud (https://www.mzcloud.org/) and
Metlin (https://www.massconsortium.com/) are commercial data-
bases.While valuable and powerful, the cost and/or restrictive us-
age terms of these resources limit their application and are incom-
patible with open science and FAIR guidelines, which are gaining
importance in the research community. In contrast, multiple com-
munity-driven resources have emerged to provide spectral library
resources with free usage terms. MassBank (https://massbank.eu)
was originally developed in Japan as a federated library for mass
spectra, providing both a web platform for spectrum deposition
and a specified format and requirements for metadata,[1] and is
currently maintained as part of the NFDI4Chem chemical infra-
structure (https://www.nfdi4chem.de/). GNPS combines spectral
library infrastructure with an ecosystem for online data process-
ing, offering multiple workflows including molecular network-
ing.[2]GNPS data deposition has minimal metadata requirements
and a low barrier of entry, bringing together spectral library data
from various sources and quality. MassBank of North America
(MoNA, https://massbank.us) collects data from user contribu-
tions and different sources, including MassBank and GNPS, and
serves search functionality with APIs.

One advantage of commercial libraries is that they are exten-
sively curated by hand to ensure high data quality. In contrast,
contributors to community-sourced libraries can rarely dedicate a
lot of resources to detailed curation.As a result, there is a tradeoff
between library curation workload, spectral quality, and library
size. With the emergence of non-target screening (NTS) in envi-
ronmental analytical chemistry, in 2010 Eawag joined a commu-
nity effort by the NORMAN Network (https://www.norman-net-

Fig. 1. Compound annotation approaches in CompMS. High-resolution
MS/MS data is acquired on an Orbitrap or TOF instrument. Spectral li-
brary search: MS2 spectra are compared with a database of reference
spectra. Spectrum prediction: Reference spectra databases are aug-
mented with simulated spectra. Molecular fingerprint prediction: Sub-
structural features are predicted from the MS2 spectrum for database
search. De novo structure prediction: A chemical structure is generated
according to the information in the MS2 spectrum.
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nisms. This includes the seminal CFM-ID and its later itera-
tions[18-21] as well as the recent ICEBERG model by Goldman et
al.[22] In contrast, some approaches predict binned spectra, where
intensities for every mass unit are predicted without an explicit
fragmentation model, usually ignoring high-resolution accurate
mass. This includes NEIMS[23] (which was originally trained for
low-resolution EI spectra), MassFormer[24] and work by Zhu et
al.[25] and Hong et al.[26]A third approach which leverages high-
resolution data without requiring an explicit fragmentation model
is the prediction of formula-intensity pairs. This approach is taken
by GRAFF-MS,[27] RASSP[28] and SCARF.[29]Some spectral rep-
resentations take exact mass into account without assigning for-
mulas or structures to fragments;[30] these may serve as a basis for
future spectra prediction methods.

Despite the diversity of approaches currently being developed,
spectrum prediction remains a challenging task. State-of-the-art
methods reach average spectrum similarities of ~0.7, with 1.0 be-
ing a perfect match and 0.7–0.8 being typical cutoffs applied in
practice. However, this number is prone to artifacts.When looking
at structure retrieval (returning the correct candidate in a search),
current methods achieve top-1 retrieval in only 10–20% of cases,
highlighting that practical application is still limited.

3.2 Molecular Fingerprint Prediction
Although spectral prediction is an intuitive approach to com-

pound annotation, other methods exist to match experimental
spectra to candidate molecules. In molecular fingerprint predic-
tion, the reverse approach is taken: a model is trained to predict
chemical properties and structural features from spectra. The
feature vector predicted for experimental spectra is then used
for similarity search in a database of compounds (with the same
precursor, in the case of ESI-MS). For GC-EI-MS, classifiers for
presence/absence of 70 chemical features were developed in the
1990s[31] and later applied in combination with chemical structure
generation.[32] However, exhaustive structure generation quickly
becomes infeasible even at low masses. For ESI-MS, FingerID[33]

established the approach of training a support vector machine
(SVM) to predict molecular fingerprints (long bit vectors of pres-
ence/absence of chemical structural features) and subsequently
matching predicted fingerprints against a chemical structure da-
tabase. The approach was initially limited by available training
data. CSI:FingerID[34] expanded on the method, combining mul-
tiple kernels based on mass spectral features and fragmentation
trees,[35] and provided predictions for 1415 fingerprint features.
CSI:FingerID has been subject to extensive development not only
on the algorithm but also with regard to software engineering.[36]
It currently predicts 5,000 fingerprint bits for both positive-mode
and negative-mode spectra.

Alternative approaches for fingerprint prediction have recent-
ly been developed. MetFID[37] and IDSL_MINT[38] apply neu-
ral networks instead of SVMs to predict molecular fingerprints.
MIST[39] uses a transformer architecture using chemical formulas
as input, fine-tuned with contrastive learning to improve anno-
tation accuracy. Dührkop et al. recently combined kernel meth-
ods with neural networks to improve fingerprint prediction in

known molecules and their known and unknown transformation
products.

2.2 Spectral Libraries in Machine Learning
In addition to facilitating nontarget analysis, spectral data-

bases constitute a central resource for training and evaluation of
CompMS algorithms. Legacy algorithms were usually trained on
datasets obtained through specific collaborations or potentially
through means such as web scraping, making the results difficult
to reproduce and compare. MassBank, MoNA, and GNPS make
training data freely available with clear terms of usage and make
it possible to conduct machine learning research in a reproduc-
ible manner. While this is a significant advance, the practical us-
ability of models trained on this data alone can vary. The best
performing approaches trusted in practical applications also in-
clude data extracted from the NIST MSMS library for training
and evaluation, totaling approximately 35,000 unique structures
with 1,500,000 spectra. Since this data cannot be freely distrib-
uted, it is currently necessary to train and/or evaluate algorithms
on open data (GNPS + MassBank/MoNA) and a complete data-
set (including also NIST) separately. As noted above, the openly
available data pool continues to rapidly expand; with data for
>20k new structures now available, significant progress for
purely open-data models can be expected in the upcoming years.
One continuing challenge is the evaluation of CompMSmethods.
Partly due to dataset restrictions, there is currently no broadly
accepted standard for method evaluation. The Critical Assess-
ment of Small Molecule Identification (CASMI) challenges
(http://casmi-contest.org) have periodically evaluated methods
on truly novel data with predefined metrics to assess the progress
of the field, but the focus and rules have differed over editions. To
address this gap, efforts are underway to create a comprehensive
dataset and benchmark for the most important machine learning
tasks in CompMS. We aim to incorporate both existing and new
open datasets and to make this data easily accessible to machine
learning practitioners with minimal barriers to entry (Bushuiev
et al. in preparation).

3. Machine Learning Applications

3.1 Spectrum Prediction
An intuitive application of computational methods to mass

spectrometry is spectrum prediction. Predicted spectra can aug-
ment spectral libraries and broaden the chemical space address-
able by spectral library searches from amere 10,000’s ofmeasured
reference spectra to any desired number of known structures.

Originally, rule-based approaches such as EPIC,[14] Met-
Frag,[15]andMAGMA[16,17]were developed, which predicted only
fragment masses but no associated intensities (‘barcode spectra’).
These approaches are unselective and generate a large amount of
false positive peaks. Current research concentrates on the predic-
tion of complete spectra, i.e. peaks with associated intensities; ap-
plying different deep learning methods from simple feed-forward
neural networks to transformers and 3D graph convolutions. One
approach is prediction which is based on fragmentation mecha-

Fig. 2. RMassBank, an automated spectrum library generation and curation workflow. First, raw spectra are extracted for target compounds. Subse-
quently, peaks are annotated by subformula first coarsely to generate a recalibration curve, and then more narrowly to filter out invalid peaks. Metadata
is retrieved from online sources and a MassBank record ready for upload is created.
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eration methods. It was postulated that structural information
from predicted molecular fingerprints could be used to con-
dition molecule generation. Crucially, we built on the insight
from Dührkop et al.[42] that large training sets for determinis-
tic data can be generated from chemical databases. While there
are only 10,000s of training examples for spectra-to-fingerprint
prediction, millions can be generated for fingerprint-to-structure
prediction. The MSNovelist model consists of a fingerprint-to-
SMILES decoder implemented as a long-short term memory
(LSTM) neural network,[48]where a SMILES string is generated
token by token by recursively applying the decoder model (Fig.
3). The SMILES LSTM is similar to the decoder of autoencoder
models;[49] appropriate feature engineering guides the genera-
tion of molecules of a specified formula. In contrast to stochastic
sampling strategies used in models for drug design, which re-
sults in a diverse set of generated molecules, MSNovelist applies
beam search[50] to approximate the highest-probability SMILES
sequences overall.

The model was evaluated on the GNPS dataset also used
for CSI:FingerID and reached a 26% top-1 recovery (compared
to 38% for CSI:FingerID). For spectra correctly annotated by
CSI:FingerID a top-1 recovery of 64% was achieved. Although
the annotation rates were low, this model demonstrated for the
first time that de novo structure prediction is in fact feasible. Eval-
uation of de novo models is intrinsically difficult. While in data-
base search evaluation the search space is clearly delineated, it is
unclear what a desirable chemical space for de novo generation
should be. A model performing highly in evaluation, reproducing
known chemistry very well, might not be able to find truly new
molecules outside of the known chemical space. In the context
of MSNovelist, we used fingerprint similarities as surrogates to
show that the model systematically improved over the training
set; however, this evaluation is specific to MSNovelist’s use of
a fingerprint intermediate and is not applicable as an evaluation
method for every potential de novo approach.

Multipleefforts toapplydeep learning-drivengenerativechem-
istry to de novo structure prediction were undertaken in parallel to
or followingMSNovelist. MassGenie[51] is a transformer-based de
novomodel pre-trained on in silico barcode spectra and refined on
GNPS data. Interestingly, the model works purely on m/z values
and ignores intensities except as a cutoff criterion. Spec2Mol[52]
is a de novo method combining a SMILES autoencoder and a
convolutional neural network to predict the autoencoder embed-
ding. Mass2SMILES[53] combines a transformer encoder with a
temporal convolutional network to generate SMILES from spec-
tra input. Kutuzova et al. developed a bimodal spectrum-structure
embedding, enabling prediction of both spectra from structure and
structure from spectra.[54] MS2Mol is a transformer model pre-
dicting both molecular formula and structure de novo from MS2
spectra.[55] This surge of publications after a decade of inactivity
shows increased interest in the field. However, the models are
hard to compare because of the diverse evaluation methods used.
In summary, despite progress, the complexity of small molecule
chemistry continues to make de novo structure prediction chal-
lenging.

CSI:FingerID.[40]While these methods appear to slightly improve
fingerprint prediction accuracy, top-1 retrieval among the differ-
ent approaches remains roughly comparable. On a 3,868-com-
pound reference dataset from GNPS, CSI:FingerID reaches top-1
retrieval in 38% of cases. It must be taken into account that this is a
search against a database with tens of millions of compounds, de-
signed to be challenging for the purpose of characterizing method
performance.[41] In practice, the search space can be restricted to
plausible candidates, such as molecules from biological databases
(approximately 1 million structures[42]) or with some exposome-
related metadata (approximately 400,000 structures[43]), substan-
tially increasing the success of these methods in practice.

Interestingly, predicting molecular fingerprints from mass
spectra opens the door for further applications. Predicted fin-
gerprints can themselves be used as input for machine learning
methods to predict other chemical properties, allowing for a pre-
diction of spectrum-to-fingerprint-to-X (for example, toxicity,
ionization, chemical classes) without determining the specific
chemical structure. The downstream model can be trained with
(theoretically) any available dataset for which the fingerprints
can be computed. This method allows for concentration estima-
tion[44] or toxicity prediction[45,46] for LC-HRMS features with-
out identification. CANOPUS[42] was trained to predict chemical
classes from MS2 spectra, allowing a broader chemical picture
of a sample to be obtained without identification. Importantly, it
highlighted the fact that large fingerprint-to-X training sets can
be computed from chemical databases for deterministic proper-
ties.

3.3 MSNovelist: The Journey Towards De Novo Struc-
ture Prediction

In silico database search methods make it possible to search
for structures with unknown spectra. However, they fundamen-
tally cannot search for novel, truly unknown structures. This limits
the applicability in various applications, such as identifying en-
vironmental transformation products, drug metabolites or novel
natural products. To overcome this limitation, a method would be
required to generate completely new structures rather than look-
ing up structures in a database. Given the very large amount of
possible chemical structures and the limited information available
from MS2 spectra, this is a very challenging task. First attempts
were made with combinatorial approaches for GC-MS[32] and
LC-MS,[47] but struggled with combinatorial explosion due to the
vast chemical space accessible by such methods. However, a new
avenue towards de novo structure prediction emerged from re-
cent molecule generation methods based on deep learning. These
approaches conditionally (rather than randomly or exhaustively)
generate molecules and therefore directly access molecules with
desired properties rather than generating extremely large sets of
molecules and filtering post-hoc. The approaches range from gen-
eration of molecules as SMILES strings (a line notation of chemi-
cal structure), generation of graphs or simplified graph representa-
tions, to diffusion methods.

The core idea of MSNovelist is the combination of advances
in molecular fingerprint prediction with emerging molecule gen-

Fig. 3. High-level overview of MSNovelist. In the first step, SIRIUS / CSI:FingerID predict the molecular fingerprint and formula from an unknown spec-
trum. In the second step, a SMILES code encoding the molecular structure is generated by repeated (autoregressive) application of a long-short term
memory (LSTM) recurrent neural network.
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4. Perspectives and Outlook
Herein, I briefly reviewed important developments and chal-

lenges in CompMS and embedded our work in this context. It
should be noted that I only covered work directly related to clas-
sical compound identification; further, I considered molecular
formula determination a sufficiently solved problem,[56,57]which
may not be the case in practice.An additional prominent research
topic in the recent literature is the characterization of structural
similarity (rather than compound identification) based on MS2
spectra. This topic includes molecular networking, i.e. building
networks of related features based on spectral similarity or relat-
ed ions,[2,58] but also spectrum embeddings reflecting structural
similarity[59,60] and the use of partial spectral library matches to
propagate annotations.[61,62] Over the last decade, CompMS has
matured and expanded significantly. Academic proof-of-concept
work has developed into mainstream software, and more research
groups have started working on CompMS topics. Fingerprint
prediction is now an established method and has already under-
gone significant development, such that the improvement by new
approaches is of limited magnitude. In contrast, the topic of de
novo elucidation and a variety of deep learning applications are
showing new avenues. CompMS remains a medium-data regime,
where sufficient but not abundant labeled data is available for
training, so that mass spectrometry is still very incompletely de-
scribed by available data. Semi-supervised methods attempt to
incorporate the larger amount of unlabeled data available.[63] In
cheminformatics in general, recent chemical foundation models
incorporate chemical information across multiple modalities,[64]
e.g. for chemical property prediction. Future work may consider
CompMS tasks not in isolation, but as one of many outputs for
multimodal and/or foundation models. By combining chemical
information and diverse knowledge sources, it may be possible
to capture chemical relations and mechanisms not represented
in pure CompMS training data, enabling a further leap in model
quality.
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