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Abstract

Mass spectrometry is a common technique used to identify metabolites, small

molecules that are yielding important new insights into a number of important

biological and physiological processes, including organ function, nutrient

sensing, and gut physiology. However, identifying these metabolites is a difficult

task. Most methods for metabolite identification compare the spectrum of an

unknown compound against a database containing referential spectra of known

compounds. However, this approach fails if the true compound is not in the

reference database, motivating approaches to generate a larger standard library by

directly learning to simulate the forward fragmentation process. In this thesis, I

propose a machine learning framework that learns the fragmentation pathways

for each molecule to predict its mass spectrum, drawing upon both advances in

machine learning and domain insights from analytical chemistry.
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1
Introduction

Machine learning has transformed computer vision [26] and natural language
processing [10], and has also undergone a renaissance in chemistry, with a focus
on reaction prediction [3], property prediction [32], and synthesis
planning [20]. Analytical chemistry, the study of the composition and structure
of matter, is particularly poised to take advantage of advances in deep learning for
graphs, as many longstanding analytical chemistry techniques used to identify
unknownmolecules, such as nuclear magnetic resonance (NMR) [29] and mass
spectrometry [9], can be framed as convolutions on molecular graphs.

In this thesis, I focus on mass spectrometry, a standard high-throughput
technique for analyzing unknownmolecules, with diverse applications including
metabolomics [4], drug discovery [13], and forensic and clinical toxicology [15].
A significant bottleneck in mass spectrometry experiments is the interpretation
of the resulting spectra to determine the structure of the molecule in question.
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Drawing on insights from analytical chemistry, I propose a machine learning
framework that first learns howmolecules can fragment, then uses this
knowledge to predict the mass spectrometry spectrum of a given molecule.

The remaining chapters are structured as follows: Chapter 2 discusses
background information about metabolomics and mass spectrometry, and
related work; Chapter 3 formalizes the task; Chapter 4 discusses the data labeling
process; Chapter 5 discusses the fragmentation model and tree generation
process; Chapter 6 discusses the intensity model and resulting predicted spectra;
and Chapter 7 provides concluding remarks and directions for future work.
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2
Background Information

Metabolomics is a rapidly evolving field of life science that is yielding important
new insights into a number of important biological and physiological processes,
including organ function, nutrient sensing, and gut physiology [30]. The
metabolome is the complete collection of metabolites, or small molecule
chemicals, found in a given biological sample (e.g., organelle, cell, organ, biofluid,
or organism), and it is inherently large and complex. While the genome consists
of combinations of just four nucleotide bases and the proteome consists of
combinations of 20 proteogenic amino acids, the metabolome consists of
hundreds of thousands of small molecules belonging to thousands of different
chemical classes. The humanmetabolome likely consists of far more than a
million compounds, of which only 114,000 have been identified so far [30].

One common technique used to conduct metabolomics experiments and
identify newmetabolites is liquid chromatography with tandemmass
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Figure 2.0.1: The molecule 3,4,5-trimethoxybenzoic acid (a) and its MS/MS
spectrum (b).

spectrometry (LC-MS/MS). Liquid chromatography (LC) uses column
chromatography to separate different molecules in a complex solution, to then
analyze the unknown components individually. In tandemmass spectrometry
(MS/MS), the unknownmolecule is ionized and its mass is measured (MS1),
then introduced into a collision cell, where it fragments from collisions with
neutral gas atoms (MS2). Themass-to-charge ratios of the molecular fragments
are measured, resulting in a spectrum containing the measured mass to-charged
ratios with their corresponding intensities [30]. A molecule and its
corresponding mass spectrum are shown in Figure 2.0.1.

A significant bottleneck in mass spectrometry experiments is structural
elucidation: the interpretation of the resulting spectrum to determine the
chemical structure of the unknownmetabolite. Most methods for metabolite
identification compare the spectrum of an unknown compound against a
database containing referential spectra of known compounds. However, spectral
libraries only cover a small fraction of the known chemical space. PubChem, a
database of chemical molecules, currently contains information for 112 million
unique compounds, whereas all metabolomics spectral libraries combined
account for less than 1% of these molecules [2]. As spectral library searching can
only annotate knownmolecules with reference spectra, there are many cases
where the spectrum does not match any of the reference spectra in the spectral
library and the molecule can not be identified, motivating the development of
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new computational techniques. The computational techniques that have been
developed for this identification can be broadly categorized into three
approaches: clustering, spectrum to molecule, and molecule to spectrum.

Clustering approaches such as Spec2Vec [11] and feature-based molecular
networking [19] cluster similar spectra to find groups of closely-related
molecules. This results in significant speed-ups when querying the spectrum of
an unknownmolecule against the spectra in a large database, by only comparing
against the representative spectra of the clusters.

Spectrum to molecule approaches such as FingerID [24], CSI:FingerID [6],
andMIST [8] directly predict the molecular structure from the spectrum. For
example, CSI:FingerID first assigns a chemical formula to each peak in the
spectrum and arranges these formulas in a tree structure. This formula tree is
used to compute kernels, which are then used to train a support vector machine
to predict each molecular property individually, forming a molecular structure
fingerprint of the unknown compound. This fingerprint is then queried against a
molecular database to identify the specific molecular structure.

On the other hand, molecule to spectrum approaches attempt to predict the
mass spectrum from a given molecule. NEIMS [28] treats the spectrum as a fixed
length vector of binned intensities, where each intensity represents the sum of
observed intensities within a small range. However, such approaches are capable
of predicting peaks that don’t necessarily correspond to substructures of the true
molecule, violating invariants of the problem.

Instead of trying to directly predict a spectrum from a molecule, a more
interpretable approach is to instead predict how a molecule will break, and
determine which molecule has the closest breakage pattern to a query spectrum.
In this thesis, we present one such fragmentation-based approach, so
MetFrag [23, 31], MAGMa [21, 22], and CFM-ID [1] are the most relevant
existing works to contextualize our contribution. These approaches use in silico
fragmentation of molecules to predict their spectra, generating a larger library of
labeled metabolite standards. If these prediction tools are accurate, we can then
identify metabolites by searching these expanded libraries.
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In brief, MetFrag andMAGMa attempt to explain the peaks observed in mass
spectrometry spectra by combinatorially generating possible substructures, then
matching substructures to spectra peaks by their mass-to-charge ratio and a
penalty score. For example, MAGMa determines penalty scores based on the
bonds that are broken to form the fragment. However, the combinatorial
enumeration of fragmentation possibilities becomes computationally expensive
for large input molecules.

CFM-ID [1] proposes a probabilistic generative model, competitive
fragmentation modeling (CFM) for theMS/MS fragmentation process. MS/MS
fragmentation is modeled as a Markov process, involving state transitions
between fragments. CFM is a latent variable model in which the only observed
variables are the initial molecule and the output peak; the fragments themselves
are never directly observed. To predict a complete mass spectrum, the model is
run multiple times to compute the marginal distribution of the output peak. A
maximum likelihood approach is used to estimate parameters for CFM from
MS/MS data, based on the EM algorithm. However, CFM-ID is extremely
expensive to train (one iteration on 60,000 spectra takes 10 hours on a 64-core
machine) and is also not that accurate (failing to annotate 42% of monoisotopic
peaks in the NIST-20 dataset) [18].

In addition, current molecule to spectra approaches do not attempt to learn
the fragmentations themselves: MetFrag andMAGMa combinatorially generate
all possible fragments, while CFM-ID treats the fragmentations as latent
variables. Thus, a new hybrid approach is necessary that both leverages the
advantages of supervised machine learning and predicts full fragmentations, with
the goals of improved interpretability, more efficient model training and
inference, and higher accuracy.
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3
ProblemOverview

Formally, mass spectrometry can be represented as a generative process that takes
as input some moleculeM, and produces a corresponding spectrum S . The
peaks in the spectrum can be represented as a list of tuples of mass and intensity
[(m1, i1), (m2, i2) . . . , (mn, in)], where each observed massmj corresponds to a
substructureFj of the moleculeM, and each intensity ij corresponds to the
relative abundance of that substructure. Figure 3.0.1 shows an example annotated
spectrum.

In practice, because the inverse function is unknown, comparing an observed
spectrum Sobserved to a library of standard (M,S) pairs is done by finding
argmin(D(Sobserved,Sstandard)) over the standard library for some distance
functionD. However, this approach fails if the trueM is not in the standard
library, motivating approaches to generate a larger standard library by directly

7



Figure 3.0.1: An example annotated spectrum (a) for the input molecule
3,4,5-trimethoxybenzoic acid (b). The explained (annotated) peaks are in
red, and the unexplained peaks are in blue. The annotated peaks on the left,
middle, and right of the spectrum correspond to the structures (d), (c), and
(b), respectively.

learning to simulate the forward fragmentation process with a function
f : M !→ S . While previous works to date have attempted to solve this problem,
their accuracy remains low, motivating newmethods development.

At a high level, I pose the problem of predicting spectra as the task of
generating molecular fragments related to each other in a tree structure and
predicting the intensity value for each fragment. We build a dataset of
fragmentation trees and intensity values using data from a metabolite spectral
library [27]. We propose to reconstruct such trees using a two-step modeling
process: the first step learns the fragmentation pathways for each molecule, and
the second step learns to predict the intensities corresponding to each fragment.

3.1 Problem Formulation

We start fromM, the root molecule, and model the progressive bond breakages
inM to produce a tree of fragments (substructures) ofM. An example

8



Figure 3.1.1: Example fragmentation tree for 3,4,5-trimethoxybenzoic acid.
The atom that is removed is highlighted in yellow.
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fragmentation tree is shown in Figure 3.1.1.
We define the molecular graph of a candidate moleculeM as an undirected

graphM = (V, E), where V is the set ofN vertices representing theN atoms in
the molecule, and E ⊂ V× V is the set of edges, where (u, v) ∈ E if there is a
bond connecting the atoms corresponding to nodes u and v in the moleculeM.

To fragmentM, we remove each node sequentially to produce n fragment
subgraphsF1, . . . ,Fn, whereFi = (Vi, Ei) has nodes Vi = V \ {vi} and edges
Ei = E \ {(vi, u)|u ∈ V}. Figure 3.1.2 shows an example fragmentation step (a
single node removal) for a molecule and its corresponding molecular graph,
where the removal of a secondary atom (a carbon atom bonded to two other
carbon atoms) results in 2 fragment substructures.

In the mass spectrometer, when molecules are fragmented, the hydrogen
atoms in the fragments may undergo rearrangements for stability (e.g.,
McLafferty rearrangements [16]). For example, a hydrogen rearrangement can
lead to changes in bond order (e.g., a single bond becoming a double bond) or
ring closures, which increase the stability of the substructure, as shown in
Figure 3.1.3. These hydrogen rearrangements change the bonds in the molecule,
and will modify the edges of the molecular graph. It is difficult to directly include
these rearrangements because it is unclear where exactly in the molecule these
changes will occur. Instead, we implicitly account for these arrangements by
allowing for a deviation in mass corresponding to at most two hydrogen atoms
when matching substructures to peaks. Themass of a single hydrogen atom is
1.008 amu (atomic mass units), so a substructureFj with true massmj can be
matched to 5 masses (mj − 2.016,mj − 1.008,mj,mj + 1.008,mj + 2.016) and 5
intensity values, corresponding to the 5 hydrogen deviations
ΔH = −2,−1, 0, 1, 2. Themasses and intensities determine the locations and
heights of the peaks in the spectrum, respectively.
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Figure 3.1.2: Example fragmentation step (a) and the corresponding molec-
ular grpahs (b). A secondary atom (highlighted) is removed to produce two
substructures.

Figure 3.1.3: Example of a hydrogen rearrangement (McLafferty rearrange-
ment) resulting in a change in bond order. The expected substructure (left) is
not observed, but its rearrangement (right) is.
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4
Data Labeling

4.1 GNPSDataset

We empirically evaluate our model on a dataset of 3,863MS/MS spectra from
the public Global Natural Products Social Molecular Networking database
(GNPS) [27], as prepared by Duhrkop et al.[6]. The dataset contains natural
products (molecules made by living organisms) from the following GNPS
libraries, retrieved in December 2014: FDA Library Pt 1 and Pt 2,
PhytoChemical Library, NIH Clinical Collections 1 and 2, NIHNatural
Products Library, Pharmacologically Active Compounds in the NIH Small
Molecule Repository, and Faulkner Legacy Library provided by Sirenas MD.
Molecules with mass above 1,010 amu and spectra containing fewer than five
peaks with relative intensity above 2% were discarded.
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4.2 Data Labeling Process

A key component to training neural networks to generate the fragmentations and
the intensities is a labeled dataset for supervised learning. Metabolite spectral
libraries contain datasets of molecules and their corresponding spectra, which we
will use build a dataset of standardized fragmentation trees, as such
fragmentations are initially unobserved. Each node of the fragmentation tree
represents a molecular substructure (a subgraph of the root molecule, not only a
chemical formula), and corresponds to a set of peaks in the resulting spectrum.

First, we combinatorially generate the possible substructures of each candidate
molecule, by sequentially removing nodes of the molecular graphM.
Consecutive fragmentation steps are performed according to a breadth-first
algorithm. We then organize the substructures into a hierarchical fragmentation
tree, where each tree node is a substructure, and there is an edge from
substructureFi to substructureFj ifFj can be obtained by removing a single
atom fromFi.

We avoid the exponential time complexity of generating all possible
substructures by constraining the edges in the fragment graphs, and by restricting
the number of fragmentations. First, the edges in each fragment graph are
constrained by the edges in the parent molecule, implicitly assuming that the
atoms in the fragment molecule are bonded in the same way as in the parent
structure. Second, we restrict fragments to those formed by breaking at most two
bonds in the root moleculeM (i.e., each fragmentation tree has a maximum tree
depth of 3). Breaking more bonds results in a more complete set of fragments,
but also causes the generation of more unlikely fragments.

Now that we have generated the possible substructures, we must determine
which substructure corresponds to each peak in the mass spectrum. For each
peak (mj, ij) in the spectrum, substructures are identified for which the calculated
masses match the observed massmj within a tolerance of 2.016 amu
(corresponding to a deviation of 2 hydrogens), to account for hydrogen
rearrangements. We calculate the mass of a molecular graph or fragment graph by

13



summing the masses of all the atoms corresponding to the nodes in the graph.
After this assignment, each peak in the spectrum will have a set of potential

substructures from the fragmentation tree that can explain its presence. In order
to select a single substructure for each peak, we use a heuristic to assign a penalty
score to each substructure [22]. The substructure penalty score, SPS, is
calculated by summing the penalty values of all bonds that are disconnected to
form the substructure. The penalty value for a disconnected bond e depends on
the type of bond that is involved (pe), i.e., whether e is a single, double, triple or
aromatic bond, and whether or not e involves a non-carbon atom (he = 2 if e is a
carbon-carbon bond, and he = 1 otherwise):

SPS =
∑

e

hepe. (4.1)

The substructure with the lowest penalty score is selected as the one that explains
the observed peak.

We prune the fragmentation tree by removing sub-trees that do not contain
any substructures that explain peaks in the spectrum. To reduce the number of
duplicate substructure nodes, we restructure the tree as a directed acyclic graph.
Finally, for each substructure in the fragmentation tree, we compute 5 relative
intensities (normalized to be maximum 1 for each spectrum), one for each
possible hydrogen deviation. Figure 4.2.1 shows an example spectrum and the
corresponding fragmentation tree.

4.3 Data Labeling Results

First, we clean the spectra by filtering it to the top 60 peaks in each spectrum that
can be explained by chemical formulae, using the first part of the preexisting
SIRIUS processing pipeline [5]. To do so, it labels fragment peaks with
sub-formulas of the target molecule, inferred from their measuredmass-to-charge
ratios.

14



Figure 4.2.1: Example spectrum (a) and corresponding fragmentation tree
(b-d) for 3,4,5-trimethoxybenzoic acid (d). In the spectrum, the explained
(annotated) peaks are in red, and the unexplained peaks are in blue.
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Figure 4.3.1: Data labeling pipeline explains peaks in MS/MS spectra. a.
Distribution of the fraction of peaks explained in each spectrum. b. Average
fraction of the top k peaks (peaks with the k-highest intensities) that are ex-
plained, for k = 10, 20, 30, 40, 50.

With cleaned spectra in hand, we must establish which molecular substructure
corresponds to each subpeak. To do so, we apply our fragmentation tree building
algorithm on each molecule-spectrum pair to derive an annotated dataset for
supervised learning. On average, we annotate 48.9% of the peaks in each
spectrum with substructures, and are able to explain a higher fraction of the top
peaks, peaks with larger relative intensities (Figure 4.3.1, 4.3.2). The resulting
fragmentation trees are also reasonably sized, with most trees containing fewer
than 20 substructures (Figure 4.3.3). Such trees are within the limit of current
graph generation capabilities [14].

16



Figure 4.3.2: Example mass spectra as annotated our data processing
pipeline. Explained peaks are shown in red, with unexplained peaks shown in
blue. The data labeling scheme explains 3.5% (a), 46.5% (b), and 78.9% (c)
of the peaks for each spectrum, respectively. Each input molecule is shown to
the right of its corresponding spectrum.

Figure 4.3.3: Distribution of the size (number of nodes or fragments) of the
annotated fragmentation trees.
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5
Fragmentation TreeGeneration

The first task in the model pipeline is to predict the fragmentation tree of the
input molecule.

5.1 Problem Formulation

Because the fragment space is vast, we are unable to completely enumerate all
potential fragmentsF for a moleculeM. Instead, we will sample the set of states
conditional upon the root molecule by defining P(F|M), parameterized by a
learned neural network. For some set of fragmentsF1,F2, . . . ,Fn, we have

P(F|x) = P(F1|x)
n∏

i=1

P(Fi+1|Fi, x). (5.1)

18



Wewill use the neural network to predict P(Fi+1|Fi,M), the probability of
obtaining fragmentFi+1, given the preceding (parent) fragmentFi and the root
moleculeM.

5.2 Message-PassingNetworks

To build a fragmentation tree, a model must learn which atom to remove at every
fragmentation step, i.e., which node to remove from the molecular graph. A core
component of doing such is to build a representation at each node, using
information from nearby nodes. Themessage-passing network framework [7]
has been shown to be effective in learning features frommolecular graphs for
molecular property prediction, and is therefore selected in this work.

Themessage-passing network is comprised of a single graph convolution layer
that is reapplied for T iterations and is defined in terms of message functionMt

and vertex update functionUt. During each message passing step, hidden states
htv at each node in the graph are updated based on messagesmt+1

v according to

mt+1
v =

∑

w∈N(v)

Mt(htv, h
t
w, evw) (5.2)

ht+1
v = Ut(htv,m

t+1
v ), (5.3)

whereN(v) denotes the neighbors of v in the graph.
The initial node (atom) features a0v ∈ R74 are concatenations of one-hot

encodings of the atom type (element), atom degree, number of implicit
hydrogens, formal charge, number of radical electrons, atom hybridization,
whether the atom is aromatic, and total number of hydrogens on the atom. We
project the initial node features into the hidden node size dn using the linear
transformation h0v = W0a0v , whereW0 ∈ Rdn×74. The edge features evw ∈ R4 are
one-hot encodings of the bond type between atoms v and w: single, double,
triple, or aromatic.

Themessage function is definedM(hv, hw, evw) = A(evw)hw where A(evw) is a
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neural network which maps the edge vector evw to a dn × dn matrix, where dn is
the dimension of the internal hidden representation of each node in the graph.
Specifically, A consists of a linear layer to transform the input edge features from
size 4 to size de, then a non-linear activation function (rectified linear unit,
ReLU), then another linear layer to transform the de representations at each node
to dn × dn representations. Mathematically,

A(evw) = W1
e max[0,W0

e evw], (5.4)

where weightsW0
e ∈ Rde×4 andW1

e ∈ R(dn×dn)×de , and A(evw) ∈ Rdn×dn (after the
output is reshaped from dn × dn × 1).

After computing each message, the pooling functionUt aggregates
information from the messages:

Ut(htv,m
t+1
v ) = htv + mt+1

v . (5.5)

We selected the number of message-passing layers to be T = 3. Having more
message-passing layers increases the receptive field and allows the model to
incorporate higher-order information for each node, by including interactions
between nodes that are further apart in the graph. However, having too many
layers makes the model difficult to train. Empirically, we observed that using
more than 3 message-passing layers made the training process unstable.

The chosen dimensions of the internal hidden representation of each node and
each edge in the graph, dn = 64 and de = 16, respectively, were inspired by
Gilmer et al. [7]. Full hyperparameter sweeps are outside the scope of this work,
but because our model was able to overfit on a small subset of the data, these
hyperparameters do give our model the capacity to learn functions of this
complexity.
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5.3 FragmentationModel Definition

We now define a model that predicts P(Fi+1|Fi,M), the probability of obtaining
fragmentFi+1, given the preceding (parent) fragmentFi and the root molecule
M.

First, we use the message-passing neural network to build a representation at
each node of Fi. Since the same substructure produced by different parent
molecules may fragment differently, we concatenate an embedding of the root
moleculeM to the representation at each node inFi. To obtain this root
molecule embedding, we also apply a message passing network with the same
architecture to the root moleculeM, then an average pooling layer to combine
the representations at each node:

hx =
1
|x|

∑

v∈x
hv, (5.6)

where |x| is the number of atoms in x and hv ∈ Rdn is the hidden representation
for each atom v in x.

Then, we apply a linear layer to transform the representations at each node to a
single value. Finally, we apply a sigmoid layer to transform the output at each
node to between 0 and 1, to obtain the probability of observing a fragment
resulting from the removal of that atom, P(Fi+1|Fi,M). Mathematically,

ŷv = (1+ exp(−Wc(hv, hM)))−1, (5.7)

where c(hv, hM) is the concatenation of hv and hM andW ∈ R1×2dn .
The loss function is binary cross-entropy loss, where

L(Fi) = − 1
N
∑

v∈Fi

(yv log(ŷv) + (1− yv) log(1− ŷv)), (5.8)

whereN is the number of nodes inFi, yv is the true label (1 ifFi fragments at
node v, 0 otherwise), and ŷv is the predicted probability thatFi fragments at v.
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We train the model on a single RTX A5000 NVIDIA GPU (CUDAVersion
11.6), using the PyTorch Lightning library. Themodel is trained with a batch size
of 32 and the Adam optimizer [12].

5.4 Fragmentation Tree Results

We evaluate model performance using two metrics: binary cross-entropy loss
(Equation 5.8) and tree coverage. We define tree coverage as the fraction of
fragments in the true fragmentation tree that are present in the predicted
fragmentation tree:

Tree coverage =
|F̂ ∩ F|
|F| , (5.9)

whereF is the set of fragments in the true fragmentation tree, and F̂ is the set of
fragments in the predicted fragmentation tree.

We train a forward neural network to predict fragmentation trees from
molecules, using our labeled dataset. To build the fragmentation tree, our model
predicts the probability each atom in a molecule is removed. The loss curve in
Figure 5.4.1 shows that the model properly learns to remove atoms to generate
fragmentation trees, and generalizes beyond the training set. An example
comparing a predicted tree to a true tree is shown in Figure 5.4.2.

Furthermore, our model is able to generate predicted fragmentation trees that
correctly cover the fragments in the true fragmentation tree, a key desired
outcome from our first tree generation module. By default, a molecule is
fragmented at a specific atom if the predicted removal probability for that atom is
greater than 0.5. As shown in Figure 5.4.3 and Figure 5.4.4, as the removal
threshold decreases, the average coverage increases. However, as the removal
threshold decreases, we also see that the number of molecule fragments in the
fragmentation tree increases substantially. The default removal threshold of 0.5
appears to strike a good balance between coverage and tree size, and we will use
this value going forward.

When deploying such models, it is important to understand in which settings
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Figure 5.4.1: Training and validation loss curves, shown at 80 epochs with a
binary cross-entropy (BCE) loss.

we can trust them. To do so, we stratify results by molecular mass and find that
our model predicts fragmentation trees with better coverage for smaller
molecules (molecular mass less than 600 amu) than larger molecules, as seen in
Figure 5.4.5. For example, the predicted tree for the molecule C14H22N2O3, with
a molecular mass of 266.163 amu, has a coverage of 1, which means the predicted
tree includes all the subfragments in the true fragmentation tree. In contrast, for
the molecule C42H78N2O14, which has a molecule mass of 834.545 amu, the
predicted tree has a coverage of only 0.056.
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Figure 5.4.2: True fragmentation tree (a) and predicted tree (b) for 3,4,5-
trimethoxybenzoic acid. Corresponding structures that are found in both trees
are denoted with the same color. Atoms that are removed in fragmentation
steps are highlighted yellow.

Figure 5.4.3: As the atom removal threshold increases, the coverage and
number of fragments both decrease. a. Tree coverage vs. predicted likelihood
threshold for atom removal. b. Number of fragments across various removal
thresholds.
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Figure 5.4.4: Tree coverage increases as removal threshold decreases.
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Figure 5.4.5: Predicted fragmentation graphs have better coverage for
smaller molecules than larger molecules. a. Average coverage vs. binned
molecular masses. b. Chemical structure of C14H22N2O3, a smaller molecule
that resulted in a predicted tree with full coverage. c. Chemical structure of
C42H78N2O14, a larger molecule that resulted in a predicted tree with a cover-
age of only 0.056.
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6
Intensity Prediction

The second task in the prediction pipeline is to predict the intensities of each
fragment in the fragmentation tree from our first model.

6.1 Problem Formulation

We define a second neural network model to predict the intensities i of each
fragmentFj. Themodel takes as input a pair (Fj,M), whereFj is a substructure
in the fragmentation tree, andM is the root molecule in the fragmentation tree.
Themodel outputs a tuple with 5 relative intensities i = (i−2, i−1, i0, i1, i2), where
each corresponds to one of the hydrogen deviations from hydrogen
rearrangements ofFj.
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6.2 IntensityModel Definition

First, to obtain a numerical representation of a molecule, we compute its Morgan
fingerprint [17]. To do so, the circular neighborhood of each atom is hashed to
produce a 2048-bit vector representation for the entire molecule. TheMorgan
fingerprint of a molecular graph captures the presence or absence of subgraphs
centered around each node with varying radii, corresponding to the presence or
absence of various subgroups centered around each atom.

We concatenate theMorgan fingerprints ofFj andM, then apply a linear layer
to map the representation from size 4096 to size d, where d is the dimension of
the internal hidden representation. We apply 3 feed forward blocks, where each
block is constructed with a dense linear layer, non-linear activation (rectified
linear unit, ReLU), and dropout. Then, we apply a 3 successive Transformer
multi-head attention layers [25] to learn the relationships between multiple
substructures.

Finally, we apply a linear layer to map the representation from size d to size 5,
as each fragment can be observed at any of 5 different hydrogen deviations, and
apply a sigmoid layer to transform the output to between 0 and 1, corresponding
to the relative intensity at each hydrogen deviation.

The loss function uses cosine similarity, where

L(Fj) = 1−
ŷj · yj

‖ŷj‖2 · ‖yj‖2
, (6.1)

where ŷj is the predicted relative intensities and yj is the true relative intensities
for fragmentFj.

Like in the fragmentation model, we train the model on a single RTX A5000
NVIDIA GPU (CUDAVersion 11.6), using the PyTorch Lightning library. We
also use the Adam adaptive learning rate optimization and a minibatch of 32
samples.
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Figure 6.3.1: True spectrum (a) and predicted spectrum (b) for 3,4,5-
trimethoxybenzoic acid.

6.3 Intensity Prediction Results

We train the forward neural network to predict the intensity of each fragment,
using our dataset of labeled fragmentation trees. From the loss curve
(Figure 6.3.2), we can see that the model fails to generalize beyond the training
set. An example comparing a predicted spectrum to a true spectrum is shown in
Figure 6.3.1.

We compare the performance of our model to that of NEIMS [28], a
feed-forward network that takes theMorgan fingerprint of a molecule as input
and outputs a mass-binned spectrum. We use two evaluation metrics: cosine
similarity between the true spectra and predicted spectra, and spectrum
coverage. We define spectrum coverage as the fraction of peaks in the true
spectrum that are present in the predicted spectrum. We find that NEIMS
outperforms our fragmentation-based model in both metrics, with higher cosine
similarity and spectrum coverage (Table 6.3.1).

We believe that one reason for the poor performance is that the model is
trained on the ground-truth labeled fragmentation trees, but is evaluated on the
predicted fragmentation trees generated by our first model, a domain shift. The
fragments in the predicted trees are a superset of the fragments in the
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Cosine Similarity Spectrum Coverage
NEIMS 0.512 0.561

Fragmentation-basedModel 0.289 0.242

Table 6.3.1: NEIMS outperforms our model in both cosine similarity loss and
spectrum coverage.

Figure 6.3.2: Training and validation loss curves for intensity prediction
model, shown at 20 epochs with a cosine similarity loss.

ground-truth trees and will have more noise, but it is still tractable to train our
intensity model on the predicted trees, instead of the ground-truth trees, and this
may provide better results.
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7
Conclusion

7.1 Limitations and FutureWork

There are a number of avenues by which the accuracy of these methods may be
improved.

First, we can train the intensity prediction model on the predicted
fragmentation trees from the fragmentation model, rather than the ground-truth
fragmentation trees, to address the domain shift issue.

In addition, using a less restrictive atom-removal threshold (i.e., a removal
threshold lower than 0.5) in the fragmentation model may help the intensity
prediction model learn more of the graph. Currently, the predicted
fragmentation trees only cover around 50% of the fragments in the ground-truth
fragmentation tree, on average.
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7.2 Conclusion

With this thesis we present a framework for improving metabolite identification
frommass spectrometry spectra, by learning to fragment molecular graphs. In
particular, we found that our model is able to generate predicted fragmentation
trees that correctly cover the fragments in the true fragmentation tree. By
predicting full fragmentations, we formulate a more interpretable model
compared to current molecule to spectra approaches.

While the methods described are largely introduced and motivated in the
context of metabolomics, they are general to molecules analyzed with tandem
mass spectroscopy, so can also be applied to other categories of molecules.
Furthermore, this research expands the possibilities for deep learning applied to
analytical chemistry and serves as inspiration for future domain-inspired models.
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