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Abstract : Obtaining information about the molecular structure from the mass spectra is one of the most pursued challenges in
non-targeted analysis. The complete solution to the problem has not been found yet, therefore only partial information about the
structure can be obtained from mass spectra, often in the form of various molecular fingerprints. One of the latest approaches for
prediction of molecular fingerprints from electron ionization mass spectra is DeepEI, which suggested a suboptimal procedure
based on using a separate neural network for each molecular fingerprint (more than 100 models in our work and 636 using the
DeepEIl method). More than that, after repeating the procedure described in the original article, we assumed that at least some of
their models were most likely overfitted. We streamlined the original approach by predicting multiple types of molecular finger-
prints with a single multi-output neural network. We developed a lightweight and performant architecture (called Lite model for
brevity) with improved accuracy (0.91 vs 0.89), precision (0.86 vs 0.77), and recall (0.71 vs 0.70) compared to the DeepEI
approach. Additionally, the Lite version of the model was more than 100 times faster than the DeepEI approach in training and

inference.
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Introduction

The objective of obtaining molecular structure from mass
spectra is one of the most sought in chemoinformatics and
non-targeted analysis. However, there is still no full solu-
tion to this problem i.e. getting a complete structural formula
from just an electron ionization (EI) or tandem (MS/MS) mass
spectrum. Mass spectra of unknown compounds can be
searched against a library of known compounds, but often
the correct answer can be absent in the returned list because
the number of existing chemical compounds is orders of
magnitude more than the number of records in largest
libraries.' There are also some approaches that allow gener-
ating in-silico mass spectra,” but the simulations of com-
plex processes occurring during fragmentation are far from
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perfect. Therefore, the ability to estimate at least some parts
of molecular structure (either functional groups, or some
combinations of atoms) from mass spectra is quite benefi-
cial. Molecular fingerprints (MFs) are computer-readable
representations of some parts or functional groups of the
molecule and are widely used for this task.

MFs can be calculated from molecular structure using a
wide number of libraries®” and standalone programs.®'°
MFs can be used to compare chemical structures between
each other and search for similar structures in databases.

MFs are also widely used as inputs for machine and deep
learning models to predict physico-chemical properties of
substances, for example, Kovats retention indices,'" EI
mass spectra,'” retention times in reversed-phase liquid
chromatography, etc.

Some of the most common fingerprint types are: CDK.® Pub-
Chem,"* Klekota-Roth,'> MACCS keys,'® circular extended
connectivity fingerprints (ECFP, also called Morgan finger-
prints)'”"'® and functional-class fingerprints (FCFP),"” path-
based Daylight fingerprints.'* PubChem and Klekota-Roth
fingerprints, as well as MACCS keys have a defined length
of 4860, 881, and 166, respectively. More than that, each of
these fingerprints describes a pre-defined structure or a
group of atoms. At the same time hash-based fingerprints
like ECFP, CDK, and FCFP can have arbitrary length,
therefore they do not have a pre-defined meaning. In most
cases 1024-bit hash-based fingerprints are used. A quick



EI2FP: Efficient Prediction of Molecular Fingerprints from Electron lonization Mass Spectra

Google Scholar search seems to suggest that ECFP finger-
prints are used significantly more than any other, with Pub-
Chem fingerprints taking the second place, and MACCS
keys coming in third place by popularity.

There are several approaches for predicting fingerprints
from mass spectra. CSI FingerID*’ uses a fragmentation
tree to explain the experimental MS/MS spectrum of an
unknown molecule and predict its molecular structure fin-
gerprint. MetExpert®' uses partial least-squares discrimi-
nant analysis for predicting 86 molecular substructures
from an EI mass spectrum.

DeepEI** has a unique approach: each MF is predicted
from an EI mass spectrum by a separate fully-connected
neural network. Firstly, the authors of the DeepEI approach
generated 8034 fingerprint bits (including CDK-standard,
PubChem, Klekota-Roth, MACCS keys, Estate, and circu-
lar fingerprints) and selected 636 that showed a balanced
representation (occurring between 10% and 90%). Sec-
ondly, to predict the whole set of MFs 636 separate neural
networks were constructed; about 6.5 million weights were
trained per model and stored for future use, resulting in a
total of over 4 billion weights. Finally, MFs predicted with
these models were used to improve the library search
results for compounds absent in the library.

While the idea of predicting fingerprints from mass spectra
suggested in the original DeepEI article is very popular, ™~
most authors did not use it in their experiments directly. Some
of them were inspired by DeepEI and built their own tools
and neural networks?” which could be more specialized® or
use other types of spectra.””* Other researchers noted that
they are considering using DeepEI in their future works.”'
We can speculate that the practitioners that would benefit
the most from using DeepEI were discouraged by the cum-
bersome process of training a multitude of networks to
incorporate DeepEl into their existing pipelines.

More modern approaches are focused mainly on using
MS/MS spectra as input data and high-resolution mass-
spectrometry databases as training datasets. MSNovelist*>
predicts both MFs and structural information from MS/MS
spectra. Mass2SMILES? also predicts structures from MS/
MS spectra. IDSL_MINT>* uses state-of-the-art trans-
former architecture to predict molecular fingerprints from
MS/MS spectra.

The task of predicting fingerprints or structural informa-
tion from EI mass spectra seems to be a bit forgotten as recent
articles mainly focus on MS/MS (both high and low resolu-
tion) spectra3 > which contain more information. However, the
task is far from being fully solved as the quality of predic-
tion is nowhere close to ideal. As it was already mentioned,
DeepEI approach® is suboptimal because each of the MFs
is predicted by a separate neural network. Both training and
inference speed are therefore severely limited and managing
hundreds of models is tedious (see Results and Discussion).

We aimed to streamline the approach suggested by Ji et
al. with DeepEI*? by improving both accuracy, precision,
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recall as well as performance of the model. To keep up with
modern trends in untargeted gas chromatography mass-
spectrometry (GC/MS) analysis, the model needed to be
lightweight to predict MFs for a large number of potential
candidates almost in real-time (online). In this study we
present a lightweight and performant Lite multi-output
model that can predict ECFP fingerprints and MACCS
keys from EI mass spectra more accurately and precisely
than the DeepEl approach. The Lite model is more than 100
times faster than the DeepEI approach both in GPU training
and CPU inference.

Experimental

Hardware

The following computer hardware was used in this work:
CPU - Intel Xeon E5-2667 V2; RAM - 64 Gb DDR3 ECC
REG @1600 MHz; GPU - Nvidia RTX 3060 12 Gb.

Software and libraries

Python 3.12 with PyTorch,36 RDKit,’ NumPy,37 pamdas,3 8
matplotlib® and seaborn*® were used to carry out this inves-
tigation. Binary Cross Entropy (BCE, nn.BCELoss) loss
function was used for training all the neural networks.
Jupyter Notebooks with code and supplementary materials
are available on GitHub."'

“Mainlib” sub-library of the NIST 17 mass spectral data-
base was used for training and testing all the neural net-
works. It was randomly split in a 9:1 ratio for training-
validation and test datasets. The training-validation set was
then randomly split in 85:15 for training and validation pur-
poses. The validation dataset was used to optimize the
architecture and hyperparameters of the networks and the
test set was used only once - to compare the final metrics
between our neural network and the DeepEI ones.

Morgan fingerprints (or extended circular fingerprints -
ECFP) in the boolean variant with radius = 3, which equals
ECFP6, were limited to 1024 bit length and calculated
using rdkit.Chem.AllChem.GetHashedMorganFingerprint.
These fingerprints were calculated for the whole dataset. In
accordance with the DeepEI paper, 62 fingerprints with True
value appearing in 10 to 90% cases were chosen as a subset
to compare our suggested models against the DeepEI ones.

All 167 MACCS keys (available in RDKit) were calcu-
lated for the whole dataset. The same selection procedure
resulted in 95 MACCS keys.

Models

DeepEI models

The DeepEI models were recreated with 4 layers (Figure
1): 2000 neuron input, 1000 and 500 neurons hidden layers
and a sigmoid function as output layer (2000->1000->500-
>1). The activation function for the output layer - SoftMax
from the original work® was unnecessary for the one-bit
(True/False) classification task, therefore it was replaced
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Figure 1. The architectures of the neural networks: DeepE
architectures suggested in this work.
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with sigmoid activation function (nn.Sigmoid). The hyper-
parameters for the neural networks were the same as in the
original publication: 10~ learning rate, 32 batch, 8 epochs.
As it was described in the original work, a separate DeepEIl
neural network was trained to predict each of the selected
ECFP6 fingerprints and MACCS entries (65 and 92 respec-
tively, see results and discussion).

Full model

The Full version of our architecture (Figure 1) had 4 lin-
ear/fully connected layers in the main body and 1 linear
layer per each group of output layers: 1024 and 167 output
neurons for ECFP6 and MACCS, respectively. The groups
of output layers can be modified to predict other MFs. Our
suggested models used SiLU activation function because it
enabled smoother validation loss curves with better final
results compared to the ReLU and Leaky ReLU. Dropout
and BatchNorm layers were used in the main body to pre-
vent early overfitting. The activation function in the output
layer was sigmoid (nn.Sigmoid).
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with nn.Sigmoid activation function in the output layer, Full and Lite

Lite model

The Lite version of the model had 3 linear layers in the
main body and 1 linear layer per each group of output lay-
ers, SiLU activation functions, Dropout, and BatchNorm
layers (see Fig. 1). There were two output layers: one with
1024 output neurons for fingerprints and the other with 167
neurons - for MACCS, both had a sigmoid (nn.Sigmoid)
activation function.

AdamW optimizer with learning rate of 10~ and 512
batch size was used for both Lite and Full versions of the
architecture. Learning rates in range from 10 to 107 were
tested with m multiplier increment.

Results and Discussion

Selecting fingerprints and inconsistencies in the DeepEI
article, code and supplementary data

We chose ECFP6 fingerprints and MACCS keys for
comparison of performance of our models against the Dee-
pEI ones for several reasons: (1) these two types of finger-
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prints were used in the original publication;** (2) they are
widely used in the literature; (3) they represent two dis-
tinctly different types (hashed and pre-defined finger-
prints); (4) they are accessible for calculation using RDKit.
We found some inconsistencies in the DeepEI paper when
we were trying to replicate their approach for selection of
the fingerprints (10 to 90% of positives in NIST). The num-
ber of selected MACCS keys mentioned in the main text
(44) significantly differed from the information presented
in the supplementary materials (93). We selected 95
MACCS keys (10 to 90% of positives in NIST); this num-
ber was reasonably close to the number from the supple-
mentary materials. We encountered the same problem with
circular fingerprints (ECFP6): 67 mentioned in the article
and only 61 in the supplementary files. We chose 62 ECFP6
fingerprints (10 to 90% of positives in NIST).

Dealing with overfitting

We carefully implemented and tested the original DeepEI
approach according to the description provided.”” Compar-
ing the loss for validation and training datasets we can con-
clude that all the DeepEI neural networks (both for ECFP6
and MACCS) were severely overfitted. Each of the models
achieved optimal validation loss after approximately 4
epochs and then it began to increase.

The variants of the fully-connected architecture without
any regularization that were also tried in this work (Dropout
or BatchNorm) displayed this overfitting behavior as well.
The overfitting could be corrected without penalty in vali-
dation loss only by using some form of regularization. Both
using several Dropout layers and combining them with
BatchNorm allowed the neural networks to be much deeper
and achieve better validation loss.

Advantages of SiLU activation function

Initial models in this work used ReLU* activation func-
tion as it is de facto a default one for fully connected and
convolutional neural networks. However, while tuning the
architecture of the models several other activation functions
were tested: Leaky ReLU,* GELU* and SiLU."** Each of
these activation functions was thought to improve the train-
ing qualities of the models. Leaky ReLU was introduced by
its creators to solve problems with dying gradients during
backpropagation; it added a negative Y part to the ReLU
for X values less than 0. We did not encounter any difficul-
ties with gradients, therefore we saw no measurable
improvement either in validation loss or in training speed
(number of epochs to fully train the model). GELU added
stochastic behavior and dropout properties to the ReLU
activation function via multiplication of input values by the
cumulative Gaussian distribution.

GELU(x) = x®(x) = xx 0.5(1 +erf(x/~2))
Where erf'is the Gauss error function:
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_ 27
erf(z) = A/—;tf)e dt

The authors of the original publication** attribute enhanced
performance of models with GELU activation function to
its increased curvature and non-monotonicity compared to
ReLU that allows better approximation of more complex
functions. GELU was used in several intermediate variants
of the architecture for the Full version, but was replaced by
Sigmoid Linear Unit (SiLU).

SiLU (also known as Swish) was introduced in the same
article as GELU* and was described as a simpler and
faster, even if a bit worse, alternative. SiLU multiplies input
values (x) by the sigmoid function applied to x:

SiLU(x) =xxo(x)=x/(1+e )

As it was shown by Ramahadran et al.,** simply replacing
ReLU activation function with SiLU significantly
improved results of deeper models. It was suggested that
the advantages of SiLU stem from its properties. Being
unbounded above (x>>1) allowed SiLU to avoid saturation
and slowness due to near-zero gradients; being bounded
below (x<<0) applied strong regularization effects on the
neural network. Non-monotonicity of SiLU improved gra-
dient flow compared to ReLU, and its smoothness was ben-
eficial for optimization and generalization of the neural
network.*’ Even for the comparatively shallow Lite version
of the network we saw the advantages of SiLU. The valida-
tion loss was lower than with ReLU and the values of the
training and validation losses were closer to each other,
which indicates better generalization properties of the
model. Both the training and validation loss curves were
smoother with SiLU compared to ReLU.

Choosing architecture of the neural networks

As it was mentioned in the Introduction, in the DeepEI
approach® each of the MFs is predicted by a separate neu-
ral network. The performance is therefore limited and the
management is unnecessarily complex. Our end goal was to
get better classification metrics than DeepEI but streamline
the approach by constructing only one neural network to
predict all ECFP6 and MACCS keys simultaneously. The
resulting model should preferably be as light and fast as
possible to be included into a more complex GC/MS suite
that can run on an average laboratory PC using only CPU
without GPU acceleration. The model would be used to
predict MFs from experimental EI mass spectra of
unknown compounds in untargeted GC/MS analysis. These
MFs would then be compared against the MFs calculated
for the known molecules and used in the ranking algorithm.
This approach would help eliminate some of the candidates
and, potentially, help to elucidate molecular structure.

There were two directions that were explored using fully
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connected architectures. Firstly, the architecture was tuned
to achieve the lowest validation losses and highest valida-
tion metrics. The result of this stage was developing the so-
called Full model. Secondly, there was a search for a
slimmed down architecture that can achieve comparably
low validation loss with a significantly smaller number of
neurons. This search resulted in the Lite model, which rep-
resents the most lightweight architecture of the neural net-
work and, as will be shown later, it is (almost) as good as
the Full one.

Using convolutional layers is an effective way to lower
the number of weights without sacrificing the performance.
This approach seemed to be especially handy for obtaining
a Lite model considering that mass spectra generally have
clusters of peaks that do not need to be combined with all
other m/z values (as when using dense layers), just m/z val-
ues inside the cluster and clusters between each other (as
with deep convolutional neural networks - CNNs). How-
ever, preliminary testing showed that CNNs with lower
number of weights produced higher validation loss than
their fully connected counterparts, and CNNs with about
the same number of weights were not faster than fully-con-
nected models. Therefore from this point we focused on
fully connected neural networks.

The search for a fully-connected lightweight architecture
was conducted in two ways: firstly, starting from the full
version of the model, the number of hidden layers was
grown with simultaneous reduction in the number of neu-
rons in each of the layers. Secondly, the number of layers
was reduced with adding weights to each of the remaining
layers. Then the number of neurons in the layers of the
model chosen during the previous step was also lessened
until the performance tradeoff was noticeable. This way,
both the more shallow (which sometimes produce unex-
pectedly great results’’) and the deeper architectures were
investigated. In the end, the Lite model trades 9% higher
BCELoss on validation dataset compared to the Full model
for being approximately 3.5 times faster than the Full
model.

Comparison of DeepEI approach against the suggested
models

While the DeepEI approach shows decent performance in
terms of metrics, there is a major drawback in methodology
when each MF/MACCS is predicted by a separate model.
Firstly, managing more than 100 models (65 ECFP6 and 92
MACCS values) is quite problematic. In the original
approach, weights were loaded for each of the models one

by one, which was unnecessarily complicated. Despite the
relatively small size of all DeepEI models (3.8 GiB total), it
is extremely inefficient compared to using concatenated
input one time as in all our suggested architectures.

Secondly, dividing the MFs between the models may
give each of them more neurons, but it disables the possibil-
ity of “cross-communication” where some of the base neu-
rons close to the input layer are transforming the mass
spectrum into information about a molecule. These neurons
can be reused by several MFs and the information that
comes to these neurons through backpropagation can boost
the accuracy of prediction of other MFs, too.

Finally, all of the above along with using batch size of 32
made the training process very slow even with GPU accel-
eration: about 10 hours for 65 ECFP6 + 92 MACCS (only 8
epochs per model). In comparison, our Lite and Full models
were trained on GPU for 6 and 20 minutes respectively
(100 epochs). Inference of DeepEl models on CPU was
also slow. Processing test part of the dataset (about 27,000
molecules) using DeepEl approach required about 3 and 5
minutes for calculating 62 ECFP6 and 95 MACCS respec-
tively. Our Lite and Full models were 130 and 34 times
faster (Table 1).

Comparison of accuracy, precision, and recall

Our suggested models surpass, even if subtly, DeepEI in
accuracy, precision, and recall both separately for ECFP6
(Figure S1) and MACCS keys (Figure S2) and combined
(Figure 2 and Table 2). Accuracy values were the highest of
the four classification metrics because accuracy is most
aligned with the BCE loss function that was used for train-
ing. Mathematical rule was used for rounding predicted fin-
gerprint values from float to integer/boolean.

The metrics for the Lite model were reproducible among

Table 2. Classification metrics for the predictive models.

Metric DeepEI Full Lite
Accuracy 0.89 0.92 0.91
Precision 0.77 0.87 0.86
Mean

Recall 0.70 0.73 0.71
F1 0.73 0.79 0.77
Accuracy 0.88 0.91 0.91
. Precision 0.79 0.88 0.87

Median
Recall 0.73 0.77 0.75
F1 0.75 0.82 0.80

Table 1. Comparison of inference and training performance (times) of the models.

Model CPU Inference, s (= 26,000 molecules)  GPU Training, s (= 200,000 molecules) Average speed increase vs DeepEl
DeepEl 480 36 000 / 8 epochs Ix

Full 13 1200 / 100 epochs 34x

Lite 3 360/ 100 epochs 130x
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Classification metrics for 95 MACCS + 62 ECFP6

Accuracy Precision
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Figure 2. Classification metrics for predictive models. The
boxes show the quartiles of the distribution (the line inside is
median), the whiskers extend to points that lie within the 1.5
interquartile ranges of the lower and upper quartile. The violin
plots show distribution of values approximated by kernel density
estimation.

the repeated runs with 6 different seeds used for obtaining
training, validation and test datasets (see Figure S3 and
Table S1).

Example of usage

MFs are most useful when an unknown compound is
absent in available databases. The first step of the MF-
based identification approach is obtaining a list of SMILES
for potential candidates which can be taken from general
purpose chemical databases (e.g., PubChem or ChemSpi-
der) and additionally expanded algorithmically (e.g. by
replacing active hydrogens with trimethylsilyl groups).
Then MFs can be calculated for all potential candidates
using available tools (e.g., RdKit) to form a fully generated
database of MFs. MFs for the unknown compound are pre-
dicted from its mass spectrum using the Lite version of the
model. Then these MFs are searched against the generated
database using Tanimoto similarity (or Jaccard index) to
give the researcher more information about the unknown
compound.

Experimental EI mass spectra of 3,3-diethoxypropiophe-
none and bis(2,4-dinitrophenyl)ether (Table 3) from Mass-
Bank (that are not present in the NIST mainlib) were
selected to illustrate an MF-based identification approach.
These mass spectra were searched against the NIST mainlib
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Table 3. Results of searching for compounds from MassBank
not present in NIST mainlib using mass spectra (Similarity
search in MS Search) and MFs (Tanimoto similarity).

.. Top Compound Top Compound
Original Compound by Similarity Search by MFs search
3,3-diethoxypropio- B-Benzil 3,3-dimethoxy

monoxime

phenone propiophenone

N0 ol o 0O
/

[ ° 4 —0 4

2,4-dinitro-1-

(O-nitrophe-
noxy)benzene

1,2-dimethoxy-
4-nitroso
benzene

OO OO o
0. \ N \
O N N Q
ey, O d
i v Mo
I I (e} o
o © \ O{Nj\\o

bis(2,4-dinitro
phenyl)ether

using the Similarity algorithm (recommended by its devel-
opers for cases when the unknown compound is absent
from the database). In both cases the top candidates signifi-
cantly differed from the original structures. An alternative
approach involved predicting MFs by the Lite model, fol-
lowed by searching against the MFs database calculated by
RdKit for all compounds from NIST mainlib. The top can-
didates returned using this approach had structures quite
similar to the correct ones.

Conclusions

In this work we suggested two models (Lite and Full)
with fully-connected architecture that were capable of pre-
dicting several types of molecular fingerprints (ECFP6 and
MACCS keys) from EI mass spectra using a single multi-
output neural network. The lightweight and performant Lite
version has better accuracy (0.91 vs 0.89), precision (0.86
vs 0.77), and recall (0.71 vs 0.70) than the DeepEI
approach. It is also more than 100 times faster in training
and inference. Moreover, it is more easily managed than
157 separate DeepEI models. The Full architecture can be
used as a base to develop fine-tuned solutions for predicting
other types of fingerprints, much like it can be transformed
into the respective Lite version using the approach sug-
gested in the article. More than that, the ideas behind the
architectures: choosing the number of layers, use of Drop-
out and BatchNorm layers were discussed, different activa-
tion functions (ReLU, Leaky ReLU, SiLU) were tested and
the possibility of using convolutional layers was investi-
gated. It was demonstrated that the Lite version of the neu-
ral network was stable during repeated runs with different
seeds for train-validation-test splits. Taking into account its
accuracy, precision, recall, inference and training speed, we
believe that the Lite version can be used as a part of a GC/
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MS data processing suite for prediction of molecular fin-
gerprints from the EI mass spectra. These molecular finger-
prints predicted by the Lite model from experimental EI
mass spectra of unknown compounds can be compared
against MFs calculated for known molecules and used in
ranking algorithms to shorten the list of possible candidates
and find molecules with similar structures.
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