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metabolites that may adversely react with protein and DNA and
prompt drug candidate attrition or market withdrawal. Previously

developed models help understand how these enzymes modify xenoNet [| Ste of Metabolism

molecule structure by predicting sites of metabolism or character- Structure Inference

izing formation of metabolite-biomolecule adducts. However, the T )

majority of reactive metabolites are formed by multiple metabolic -2 e S DO O
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steps, .and unde.rstandmg. the progenitor molecule’s network lgvel Bidirectional Graph CJ o

behavior necessitates an integrative approach that blends multiple Neural Network . O Not Recorded

site of metabolism and structure inference models. Our previously Metabolite Ranking i;:) ersacid ciss

developed tool, XenoNet 1.0, generates metabolic networks, where Subnetwork Extraction Tt 8 Not Important

nodes are molecules and weighted edges are metabolic trans-

formations. We extend XenoNet with a bidirectional message passing neural network that integrates edge feature information and
local network structure using edge-conditioned graph convolutions and jumping knowledge to predict the authenticity of inferred
Phase I metabolite structures. Our model significantly outperformed prior work and algorithmic baselines on a data set of 311
networks and 6606 intermediates annotated using a chemically diverse set of 20 736 individual in vitro and in vivo reaction records
accounting for 92.3% of all human Phase I metabolism in the Accelrys Metabolite Database. Cross-validated predictions resulted in
area under the receiver operating characteristic curves of 88.5% and 87.6% for separating experimentally observed and unobserved
metabolites at global and network levels, respectively. Further analysis verified robustness to networks of varying depth and breadth,
accurate detection of metabolites, such as p,.-methamphetamine, that are experimentally observed or unobserved in different
network contexts, extraction of important metabolic subnetworks, and identification of known bioactivation pathways, such as for
nimesulide and terbinafine. By exploiting network structures, our approach accurately suggests unreported metabolites for
experimental study and may rationalize modifications for avoiding deleterious pathways antecedent to reactive metabolite formation.

H INTRODUCTION studies,®® are time-, labor-, and cost-intensive. In addition to
In silico prediction of reactive metabolites is an important prohibitive expenses of manual examination, in vivo study is
cheminformatics problem. Reactive metabolite formation is an difficult because reactive metabolites generally are transitory
unfortunate consequence of drug-clearing defense mechanisms, and do not circulate. In contrast, in silico approaches can
i.e., metabolism." Metabolism is generally beneficial, making confidently supply a fast, inexpensive method to triage studies
drugs more hydrophilic and easier to excrete. However, and understand step-by-step formation of reactive metabolites,
metabolism can transform drugs into pernicious reactive which helps design safer drugs and overcome experimental
metabolites that may conjugate to DNA or off-target proteins bottlenecks. Ideally, the model can classify computationally
and result in adverse events.”’ In particular, P450s are highly inferred intermediate metabolites as likely to be present or not
relevant to bioactivation processes surrounding drugs, as they given a small dataset of manually labeled metabolic networks.

collectively have more substrates than any other enzymes and
several of their reaction products have strong electrophilic
properties. Reactive metabolites are significant drivers of drug
candidate attrition and market withdrawal.*”® Detection of
reactive metabolite formation during metabolism of a drug to
known structural end points could be leveraged to engineer
rational modifications that bypass formation of the reactive
metabolite in favor of benign metabolic pathways.

Current in vitro and in vivo methods for reactive metabolite
detection, such as metabolite trapping’ and covalent binding

We previously developed XenoNet, which receives an input
substrate molecule and optional target metabolite(s) and
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Figure 1. (A) Modified XenoNet workflow to incorporate metabolite predictions. Predicting the authenticity of inferred metabolites requires a
“metabolite scoring model”, such as the XenoNet algorithm, that processes a generated network. Important metabolites or their local subnetworks
can be extracted for further study or to highlight processes pertinent to toxicity. (B) Neither path S — I, > I, - P nor path S—> I, - [, > P
individually contain a cycle. Addition of both paths to the network does result in a cycle between nodes I; and I,. Cycles are problematic for the
XenoNet metabolite scoring algorithm and provoke deadlock conditions. (C) Choice of normalization strategy results in loss of information for
comparing metabolites and their formation scores across different networks. (D) Our proposed model is able to designate intermediate metabolites
of greatest authenticity, as well as extract important connected subnetworks for focused review.

generates a metabolic network.'’ In the metabolic network,
molecules are nodes and directional edges convey metabolic
transformations. The metabolic network is generated by
enumerating pathways, or sequences of intermediate metabo-
lites, between the substrate and targets and predicting the
probability of each metabolic transformation. XenoNet is not
the only tool for predicting and inferring metabolites from a
substrate molecule.'”'” However, it remains the only tool for
enumerating scored paths between a substrate and target
metabolite(s) to form a network, allowing for identification of
elusive intermediate metabolites that may be easily missed in
experimental studies.

A metabolite’s presence in the generated network may
correspond to an authentic experimental observation or

spurious model inference (Figure 1A). We previously proposed
the XenoNet algorithm'® to output a “metabolite formation
score” for each metabolite as a proxy for its authenticity. The
XenoNet algorithm propagates information from the substrate
down each branch of the metabolic network to score every
child node by a combination of the edge weights leading to the
child node and the metabolite scores of the child’s parent
nodes.

The XenoNet algorithm has several deficiencies. It requires
multiple passes across the network equivalent to the length of
its longest path. Furthermore, the algorithm assumes a
directed, acyclic graph. To score a node, that node’s parents
must have already been scored. In a cycle, each node is waiting
on other nodes in the cycle to be scored and a deadlock occurs.

1676 https://doi.org/10.1021/acs.jcim.2c01383
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Figure 2. Example process of beam search using a beam width of 2 and depth limit of 3. S, I, and P signify the substrate (or start) molecule, the
intermediate metabolites, and the product (or target) metabolite, respectively. At the first step, suppose that the transformations leading to I, ; and
I, ; have the highest prediction. Then the second search step commences across all possible paths branching out from I, ; and I, 3, where we suppose
that the two-step pathways with highest probabilities that pass through either I, , or I, yare S — I, | = I,5and S = I, ; = I, ,. Even if the two-step
pathway S — I,; — P is less probable than the aforementioned two-step pathways and does not satisfy the beam width criteria, we retain that
pathway in the network because we know it terminates at P. The process continues until the depth limit of 3 is reached. The output metabolite
sequences are S— I, - I,; > P, S—= I,y - L,, > P,and S = I, — P.

XenoNet does not add individual cycle-containing paths, but
this does not prohibit the formation of cycles in the network
(Figure 1B), and so computing metabolite scores must be
compatible with cyclic structures.

Moreover, XenoNet’s metabolite scores are not well-
scaled—the confidence of the model does not reflect its
accuracy—and they do not generalize well when comparing
metabolites across different networks (Figure 1C). Currently,
normalization is applied across edges that share a common 1-
hop predecessor node within the same network. A caveat of
this strategy is loss of information necessary for relating nodes
with membership in different networks. Thus, a metabolite’s
score only has meaning relative to other metabolites in the
same network and is not comparable to metabolites outside of
its network. Lastly, the XenoNet algorithm is inflexible to
descriptors beyond the raw edge scores predicted by our Phase
I site of metabolism (SoM) model."> For instance, XenoNet
supports 20 metabolic transformations, but predictions from
different transformations scale differently and are not directly
comparable without considering the transformation’s reaction
type.

We propose a method that addresses the aforementioned
deficiencies and increases performance across several metrics.
Instead of manually developing an algorithmic approach, we
train a graph neural network to learn an encoding function that
maps nodes into a low-dimensional space, where their position
in the embedding space corresponds to a measure of their
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authenticity within the context of Phase I metabolism. Rather
than score a node based only on its features, a graph neural
network is able to capture the node’s local network structure
and enrich its feature representation by borrowing information
from neighboring nodes.

This modeling approach requires only a single pass across all
nodes in the network, manages networks with cycles, results in
increased accuracy and calibration, and accounts for numerical
and categorical features, such as reaction type, beyond just
edge weights. As the embedding space represents a learned
representation of metabolites across all networks, the learned
embeddings represent an optimal normalization strategy and
allow comparison of metabolites within an individual and
across multiple networks. Finally, the learned model is robust
to network inputs of varying sizes, accurately adjusts
predictions of the same metabolite structure in different
network contexts, and highlights important subnetworks for
focused study (Figure 1D).

B DATA AND METHODS

XenoNet. XenoNet integrates multiple machine-learning
approaches to modeling P450 metabolism and reactivity with a
rule-based structure inference model.'” XenoNet iteratively
chains P450 SoM models with a structure inference model,
enumerating acyclic sequences of metabolic transformations
(edges) and metabolites (nodes) that are then stored in a
directed, multiedge graph-based data structure. Specifically, we

https://doi.org/10.1021/acs.jcim.2c01383
J. Chem. Inf. Model. 2023, 63, 1675—1694
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Figure 3. (Top) Example network structures for all three cases: no target metabolite, one target metabolite, and multiple target metabolites. S
denotes a substrate, or start, molecule. I denotes an intermediate metabolite. L and P denote leaf metabolites and product, or target metabolites,
respectively. (Bottom) Example of a network generated by XenoNet for diclofenac metabolism at a depth limit of 1, a beam width of 4 child
metabolites, and with reactivity to GSH. Dilofenac is an anti-inflammatory drug that has been implicated in incidences of drug-induced liver injury.
At a limited depth of 1, the generated network infers the presence of several experimentally reported intermediate metabolites, formed via

epoxidation or hydroxylation, that are known precursors to reactive metabolites or known to readily form adducts with GSH.'

use our rule-based structure inference model, the Metabolic
Forest, to infer possible SoMs on the parent molecule at which
a metabolic transformation will initiate at and the resultant
child metabolite structure(s) .'* Multiple edges may occur
between substrate and metabolite when the same reaction type
initiates at different sites but forms the same metabolite. For
example, epoxide formation might assign either of the two
carbons as the site of metabolism. In tandem, our deep
learning Phase I SoM model, Rainbow XenoSite, provides a
probabilistic prediction of the corresponding metabolic
transformation.'”> We then reapply this procedure on the
inferred child metabolites to build out a widening tree of
potential pathways across multiple metabolic transformations.

Additional network construction parameters further con-
strain the network’s search space. Namely, the depth limit
specifies the maximum number of edges a path can be
constructed with and the beam width specifies the maximum
number of candidate paths under consideration at any search
step. Upon surpassing the maximum allotted time parameter,
XenoNet terminates network generation and outputs the
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partially generated network. The user may also impose
constraints on the reaction rule sets used and the valid sites
to conduct a search across via substructure matching, resulting
in a more focused and efficient search (see Figures S1—-S3 in
the Supporting Informatin).

Extensions to XenoNet. Beam Search. XenoNet now
finds paths leading from a start molecule to target metabolites
using beam search (Figure 2). At each search step, XenoNet
may consider thousands of possible child metabolites and
prioritizes finding the most likely paths. A greedy approach
selects the most probable metabolites at each search step, but
is problematic because it is impossible to know a priori which
chosen metabolite will lead to the more promising future. The
effect of choosing a metabolite may not be obvious until
several search steps later and early choice of the wrong
metabolite may cumulatively lead to a poorer overall path
probability over time.

We perform an exhaustive search, retain all choices, and fork
the network with every possible molecule under consideration
at a given step. Since this approach rapidly blows up, we

https://doi.org/10.1021/acs.jcim.2c01383
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instead retain only the top N scoring forks at each search step.
We choose the top N based on the product of probabilities of
all metabolites along the path constructed so far. For a given
path, termination occurs when the number of metabolic
transformations is equal to the depth limit parameter. As we
conduct the search, we retain any paths that terminate at any
user-defined target metabolites, regardless of the probability of
those paths. The number of retained paths may exceed the
beam width, as paths that terminate at a target no longer
contribute to the beam width threshold once stored in the
constructed network. At the penultimate search step, we
enumerate all possible candidate child metabolites for each
candidate path and retain all paths whose candidate child
metabolite is a target metabolite.

Multitarget Network Construction. Initially, XenoNet only
created networks where a starting substrate molecule and
either 1 or O target metabolites are defined. We extended
XenoNet to accommodate multiple target metabolites,
allowing for quicker generation of overlapping networks
(Figure 3). For example, our metabolic network dataset used
to validate XenoNet had ~17000 substrate molecule and
target metabolite pairs.'” Merging networks that share the
same substrate into a single network with one substrate and
multiple targets decreased the number of networks to 9686 and
reduced redundant computation.

Reactivity Model Integration. Originally, XenoNet was
capable of inferring metabolite structures and assigning
probabilistic predictions to the metabolic transformations
that precede their formation. XenoNet did not provide
reactivity predictions and so could not capture the full
bioactivation process. Previously, we developed a site of
reactivity model, with respect to DNA, protein, GSH, and
cyanide.”” We integrated this model into XenoNet, allowing
for computation of atom-level and molecule-level reactivity
predictions for each molecule in the generated network (Figure
3). Later, we demonstrate how this modification allows for
screening of missing or unknown intermediate metabolites and
assessing reactivity of inferred intermediates.

Single Start-Multitarget Metabolism Dataset. We
extracted 17 054 annotated networks from the metabolic
network dataset described in prior work.'” The annotated
networks are derived from 20736 individual in vitro and in
vivo human Phase I reaction records filtered from the
literature-derived Accelrys Metabolite Database (AMD,
2019). Each annotated network is defined by a substrate
molecule, a target metabolite, and zero or more experimentally
observed intermediate metabolites. Multiple entries share the
same substrate molecule but have different target metabolites.
To prevent networks with the same substrate molecule
contributing unequally to performance metrics, we merged
annotated networks with the same substrate molecule,
resulting in 9686 annotated networks.

Next, we retained annotated networks with at least one
intermediate and used XenoNet to generate metabolic
networks with a single substrate molecule, multiple target
metabolites, a depth limit of 3, and no beam width constraint.
We only retained generated networks that inferred the
presence of at least one intermediate metabolite recorded in
the corresponding annotated network. The final XenoNet
start-multitarget network dataset consisted of 311 pairs of
generated networks and their annotated counterparts.

Across all 311 annotated networks, there are 676 known
intermediate metabolites, of which 467 are unique. Across all
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311 generated networks, XenoNet inferred 516 of the 676
known intermediate metabolites. This discrepancy results
because each generated network may not have inferred all its
corresponding annotated network’s known intermediate
metabolites—it only needed to infer at least one known
intermediate to be retained. The 96 intermediates in the
annotated networks but not the generated networks were not
inferred by XenoNet because they require a depth limit greater
than 3 to discover (see Figure S4 in the Supporting
Information). With respect to the 311 generated networks,
the 516 known intermediates were labeled as observed (or 1),
and the 6090 remaining intermediates were labeled as
unobserved (or 0). Note that not all intermediates (both
observed and unobserved) are unique, since the same
metabolite can be present across multiple metabolic networks
and we want the model to be identify different contexts under
which the same inferred metabolite may be authentic or
spurious. We provide the start-multitarget networks in the
“Start_Multitarget Training Dataset;json” file.

DrugBank Dataset. We used the 5.1.6 release version of
DrugBank, which contains records for 242 withdrawn, small-
molecule drugs, as a source of external data for analysis of case
studies. We extracted annotated networks with no reported
intermediate metabolite, whose substrate molecule is one of
the 242 withdrawn drugs, and who have at least one target
metabolite defined in the metabolic network dataset. We
removed withdrawn drugs that were present as substrate
molecules in the training dataset. The final DrugBank dataset
consisted of 70 annotated networks for each remaining
withdrawn drug and 70 generated networks containing 2832
intermediate metabolites. We generated the DrugBank net-
works at a depth limit of 3 and a beam width of 15. We provide
the start-multitarget networks used for each network in the
DrugBank withdrawn drug dataset in the “Start Multitarget -
DrugBank Withdrawn_Dataset.json” file.

XenoNet Start-Multitarget Network Structures and
Features. We propose neural network models designed
around the message passing neural network (MPNN)
framework'” and predicated on the structural properties of
the start-multitarget networks. Each start-multitarget network
is a directed, weighted network where every path originates
from the start molecule and terminates at a target metabolite.
Multiple metabolic transformations, of differing reaction types
and sites of metabolism, can link a parent molecule to a child
metabolite and so the network is a multidigraph. However,
some methods used in later comparisons do not support
multidigraphs. As a post-processing step, parent and child
metabolites connected by multiple edges of same directionality
are simplified by only considering the edge with maximum
score.

Network edge scores were computed by the Phase I SoM
model and can propagate information on which downstream
metabolites are likely to be encountered. Intuitively, a higher
edge score denotes a higher chance of a metabolic trans-
formation occurring. Flow of information on incoming
reactions into a child metabolite may indicate the likelihood
of the metabolite occurring and being genuine, as opposed to
being unlikely to form or spurious. Nevertheless, the predicted
edge scores correspond to one of five reaction types—stable
oxygenation, unstable oxygenation, dehydrogenation, reduc-
tion, and hydrolysis—and these reaction-type-specific predic-
tions do not scale the same, differ in calibration (Figure SS in
the Supporting Information), and support different optimal

https://doi.org/10.1021/acs.jcim.2c01383
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binarization thresholds (Figure S6 in the Supporting
Information). We do not have an SoM model for epoxide
opening and treat it as a separate, sixth class. To increase
model capacity to compare predictions across reaction types,
we represent each edge by a feature vector containing the
Phase I model prediction and a one-hot encoding of its
reaction type.

In the absence of node features to inform the metabolite
scoring task, node in-degree and node out-degree are easily
exploited with minimal computational overhead. Furthermore,
we noticed that nodes with high in-degree and low out-degree
(stable metabolites) values have a tendency to be exper-
imentally observed and nodes with low in-degree and high out-
degree (transient metabolites) have a tendency to be
experimentally unobserved (Figure S7 in the Supporting
Information). The in-degrees and out-degrees are calculated
using the weighted paths entering and exiting each node.

We later use reactivity scores in conjunction with learned
metabolite scores to assess the likelihood of reactive
intermediate metabolite formation. Formally, each node is
represented by a vector containing its predicted metabolite
score and its molecule-level and site-level reactivity scores to
cyanide, DNA, GSH, and protein. Site-level and molecule-level
reactivity scores are not used as node feature information for
learning metabolite scores.

Algorithmic Approaches. During model comparison, we
assessed several baselines that depart from the MPNN
paradigm. We describe baseline algorithmic approaches
designed specifically for metabolite scoring (e.g., the XenoNet
algorithm), in addition to approaches commonly used to
compute node importance (e.g., PageRank and random walk
with restarts).

XenoNet Metabolite Scoring Algorithm. The XenoNet
metabolite scoring algorithm uses network edge predictions to
score nodes (Figure 4). Each edge represents a metabolic
transformation and is weighted by a raw score predicted by the
Phase I SoM model. Formally, a metabolic transformation
between metabolite M; and one of its children, M,, is weighted
by a raw score Wi, We normalize each raw score, WAL My

by the sum of raw scores over all metabolic transformations

from M; to its children. The normalization step is computed

using eq 1 and results in a normalized score, WM/—’ My between

a metabolite, M, and one of its children, M,.

Wn,— M,

Wy, = 5 -
childre:

M em;e M= M, (1)

After edge normalization, we iteratively score each

metabolite. First, the substrate is assigned a score of 1.0.
Second, a downstream metabolite, M, is scored using eq 2.

Z FM, X WM,—»M]
MKEM}PAK‘“!S (2)

Fy =

]
The resultant metabolite score, Fy;, is a weighted sum of the
7
normalized scores, Wy, _, ,;, where each M, is one of the parents
i j

of M; and the weight of the normalized score, Fyy, is the score

previously computed for M,.

Scoring a node requires all of its parents to have been
scored, so computing metabolite scores is carried out over
multiple iterations. Each iteration commits a traversal over the
network and checks whether a node can be scored and, if so,
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Figure 4. XenoNet algorithm calculates metabolite scores using a
three step process. (A) First, edge predictions are computed by the
Phase I SoM model. (B) Second, the predictions are normalized using
eq 1. (C) Third, the substrate is assigned a score of 1.0 and
downstream metabolites are scored using eq 2. A metabolite can be
scored only if all its parents are scored. Once I, is scored on the first
iteration, I, can be scored. Once I, is scored on the second iteration,
I; can be scored. The final metabolite score is displayed adjacent to
each metabolite. Dashed arrows indicate additional downstream
structures in a larger network.

scores the node. Assuming a directed, acyclic network, the
number of iterations required to score all metabolites is no
more than the network’s maximum length path.

However, 73 (12%) of the start-multitarget XenoNets
violate the acyclic assumption. To enable the XenoNet
algorithm to handle cyclic networks, a preprocessing step is
applied to identify and eliminate cycles by removing the
minimum number of edges necessary, in order of edges with
the smallest prediction values. This preprocessing step is only
applied to the XenoNet algorithm and its random variant. The
random model takes each network, randomly permutes the
predicted edge weights, and then applies the XenoNet
algorithm to score metabolites. Performance metrics for the
random model are averaged over 10 trials.

Graph Analysis Algorithms. For comparison, we utilized
PageRank, a common centrality measure used to compute the
importance of web pages (nodes) in web graphs.'® PageRank

https://doi.org/10.1021/acs.jcim.2c01383
J. Chem. Inf. Model. 2023, 63, 1675—1694
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Figure S. Bidirectional MPNN takes advantage of information flow in both directions, from parent to child and from child to parent nodes, to
extend each node’s receptive field and improve learning. (A) Example information flow for the 2-layer unidirectional MPNN. At each graph
convolution layer, node u is influenced by messages from its parents node(s), Np, and influences its child node(s), N¢. Messages are conditioned by
edge information. For each message passing iterations, the edge features remain constant but are parametrized by distinct MLPs. Output
embeddings from each layer are concatenated and fed through another MLP to produce class predictions. Node u is only exposed to, at most,
information from the dark gray nodes and is disconnected from half of the network, specifically a competing pathway. (B) Example information
flow for the 2-layer bidirectional MPNN. The only modification is to the second graph convolution layer, which reverses flow of message passing
such that node u is influenced by messages from its child node(s), N¢, and influences its parent node(s), Np. Node u is partially exposed to
information in both its own pathway and the competing pathway. (C) Example information flow for the 4-layer bidirectional MPNN. The first two
and last two layers transmit information flow from parent to child and from child to parent, respectively. Node u gathers information from all nodes
in the network.

interprets incoming edges as votes toward a node’s importance, random walk with restarts as a personalized PageRank where
where votes are further weighted by the importance of the the personalization vector has a value of 1 for the substrate
parent node that is casting the vote and of the score of the molecule and a value of 0 everywhere else.”””" Betweenness
edge itself. This process, whereby a node’s state is transmitted centrality considers the extent to which a node contributes to
as a signal through its connections to update its neighboring paths between all other nodes and we used the shortest-path

node’s states, continues for multiple iterations until con- variant,”**?
vergence or a stopping criterion is reached. A node’s final score Message Passing Neural Network Architectures. We
reflects the probability that the sequence of metabolic formalize relevant aspects of the neural message passing
transformations will produce the metabolite. Because of the framework, which incorporates both structural features of the
recursive nature of scoring node importance based on the graph and node-, edge-, or graph-level feature information to
importance of other nodes in the network, the PageRank learn node representations, or embeddings. Each node, u, in
implementation is nontrivial and we refer to primary literature the graph is represented by an initial hidden embedding vector,
for comprehensive description."” h(*, which is just the node’s input features. At each iteration k
We also compared model performance to random walk with of message passing, we transmit hidden embeddings between
restarts and betweenness centrality. For the former, we each node’s 1-hop neighborhood based on the directionality of
commence multiple random walks of variable path length the message. The message node u receives, mI(\’,‘ZM), is defined by
starting from the substrate molecule. A node receives higher aggregating the hidden embeddings received from its
importance the more times we pass over it. We implemented neighborhood, N(u). The node’s hidden embedding for the
1681 https://doi.org/10.1021/acs.jcim.2c01383
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current iteration is updated based on its hidden embedding at
iteration k — 1, h,E"‘l , and the aggregated message, m%?u). After
K iterations of message passing, we define each node u’s output
embedding as h(®,

Intuitively, each message passing iteration exposes a node to
information from further away in the graph. After k iterations,
the updated node embedding has been influenced by structural
information, such as node degrees, or feature information, such
as edge scores or reaction types, within its k-hop neighbor-
hood. Ideally, learned embeddings represent a projection of the
nodes to a latent space where the distance between points
corresponds to similarity in the structural and feature
information that is relevant to predicting node importance.

The aggregation and update operators used for each message
passing update, formalized in eqs 3 and 4, are derived from
prior work, namely, the edge-conditioned convolutional
layer."”** Each multilayer perceptron (MLP) is parametrized
by learnable network weights © that are not shared and are
specific to each layer k. This enables the edge weight
interpretations, as learned by the MLP, to be different for
each graph convolution layer, regardless of the edge features
remaining fixed throughout the learning process. For each
graph convolution layer, the MLP is defined by 1 input layer, 1
hidden layer of variable size with ReLU activation, and 1
output layer. The input layer is a vector of length 7 that
embodies edge feature information (i.e., the Phase I model
prediction and one-hot encodings of six reaction types) and
the output layer is a vector equivalent in length to the node
hidden embedding size. The output layer represents a vector of
learned edge-specific weights for the edge connecting node u
and neighboring node v that are multiplied by the hidden
embedding of node v. The following formalization defines the
messages across the neighborhood as being summed, but we
also employ alternate permutation invariant functions such as
the max or mean.

k k— k
m, = 2, hUMLPG(e, )
vEN(u) (3)

The hidden embedding of node u is updated by summing its
hidden embedding from the previous iteration, parametrized
by 0%, with the aggregated messages, m%?u), and learnable
bias terms b*”.

b = @A) 4 mi), + b "

We combined multiple-edge-conditioned convolutional
layers to form a deeper architecture for node prediction (see
Figure S10 in the Supporting Information). The first
convolutional layer receives the start-multitarget network
containing each node’s initial hidden embedding. The output
of the convolutional layer is followed by layer normalization,
ReLU activation, and dropout. Regardless of the initial hidden
embedding size, the first convolutional layer updates the node
hidden embedding to a different size that is maintained for the
input and output of all remaining convolutional layers. The
output of each graph convolutional layer is aggregated utilizing
jumping knowledge, which allows for learning on adaptive
network depths.”® The layer aggregation output is fed into a 2
hidden layer MLP with ReLU activation. The resultant hidden
embedding of size 2 is passed through a softmax layer to give
predictions for each node.

There is additional nuance in how directionality is perceived
when defining a node’s neighborhood for the aggregation
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operator (Figure S). The unidirectional variant constrains a
node to only aggregate messages transmitted from incoming
edges, ie., parent nodes, for each of K convolutional layers.
The bidirectional variant imposes the same constraint for the
first K/2 convolutional layers. For the remaining K/2
convolutional layers, the flow of message passing is reversed
and the aggregation is over messages transmitted from
outgoing edges, i.e., child nodes.

The bidirectional variant allows a node to account for
information propagated from both parent and child nodes,
including more complex flow from other parents of the same
child node. It is common for multiple, isolated paths to exist
that link the starting molecule to the target metabolite(s)
(Figure S8 in the Supporting Information). When using the
unidirectional variant, information only flows into a node from
its parents and the node’s receptive field is limited to
information preceding it and within its isolated metabolic
pathway. The bidirectional variant allows information to flow
back up through a node’s child metabolites. If a node’s child is
connected to another pathway, forming a v-shaped structure,
then the node is exposed to and able to account for competing
metabolic pathways. In addition, the increase in the node’s
potential receptive field may enable deeper architectures that
can learn higher abstractions of structural features.

MPNN Training. We applied the architecture in a fully
supervised manner with no transductive test nodes. For a given
split, there are training nodes, which are included in the
message passing operations and are used to compute the loss,
and inductive test nodes, which are not used to compute the
loss and, along with all their edges, are not included in the
message passing operations. Thus, inductive test nodes remain
unobserved in terms of their ground truth label and their local
structure. We trained the model end-to-end using the binary
cross entropy loss.

We used two variants of a standard technique (cross-
validation), to estimate performance of the metabolite scoring
models on external test data for model selection and
assessment. The cross-validation strategies involve splits of
one or more groups as withheld data for testing. Any start-
multitarget XenoNet instances that overlap in terms of their
intermediate metabolites are withheld together. Grouping
networks in this manner ensures that the learning task is not
overly easy and that an intermediate metabolite and its local
network structure is not available in both the training set and
held-out set. In total, there were 254 groups of related start-
multitarget networks.

For the neural network approaches, optimal model perform-
ance is dependent on hyperparameter configuration. We
employed a group 5-fold nested cross-validation protocol to
minimize optimistic bias,”® where hyperparameter sweeps are
applied on tunable model parameters (Table S1 in the
Supporting Information). An outer S-fold cross validation
splits the network dataset into one held-out fold for model
assessment and four training folds for model selection. Model
selection over the training folds is achieved by an inner 5-fold
cross validation. The model was then trained using the best
performing hyperparameters on the entirety of the networks in
the training folds and evaluated on the held-out test fold of the
outer loop. This process was repeated for each outer loop
iteration and we evaluated performance of multiple neural
network approaches by comparing the means of their outer
generalization scores for each performance metric.

https://doi.org/10.1021/acs.jcim.2c01383
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Figure 6. Bidirectional MPNN significantly outperformed the compared methods on ROC AUC (top left) and PR AUC (top right). The dotted
crimson line on the ROC curve and PR curve is the no skill curve, the latter at a skew of 1 positive for every 14 negative examples. Bottom left,
across the set of 311 networks, the average ROC AUC was measured by calculating how frequently experimentally observed metabolites received
higher scores relative to all other metabolites in the network. Bottom right, the top-two accuracy was computed across the same set of networks.
For all metrics, we report the performance of the algorithmic approaches as well as the cross-validated scores produced by the MPNN approaches.
Asterisks denote performances that were significantly worse than the highest-scoring method, as determined by a paired t-test (p-value <0.05). The
paired instances are the networks and the computed values of the average ROC AUC or top-two accuracy when the network is processed by either
the highest-scoring model or one of the other models, whose performance is being compared against the highest-scoring model. Error bars
represent 95% two-sided confidence intervals.

For inference on training set networks, we utilized a leave- Hl RESULTS AND DISCUSSION
one-group-out cross-validation (LOGOCV) protocol. Net-
works within the same group are withheld and the rest of the
training set networks are used to train a model and make
predictions on the withheld networks and all their intermediate

We compared the MPNN model against prior work and
several algorithmic baselines. First, we quantified how well
each model predicted experimentally observed intermediate
metabolites. Second, we conducted analysis of sensitivity to

metabolites. We repeated this process one-by-one for each input features, robustness to networks constructed with
group of networks, such that the number of cross-validation different depth limit and beam width parameters, ability to
folds equaled the number of groups. As a result, the LOGOCV discern contexts in which the same structure is experimentally
procedure entailed 254 individual, trained models. All models observed or not observed, and ability to extract important
presented here were trained on a CPU (Intel Xeon Processor subnetworks. Third, we used the final model to infer reactive
E5—2630 @ 2.40 GHz and Intel Core i7-8650U CPU @ 1.90 intermediate metabolites as possible facilitators of withdrawn
GHz) on a Linux operating system using PyTorch Geometric. drug toxicity.

Extraction of Important Connected Subnetworks. Method Comparison. We compared performance of the
XenoNet can produce large, branching networks from which MPNN and algorithmic approaches on several metrics. All
important metabolites may be drawn for closer study. methods acted on the same set of input networks and, if
Individual metabolites with high importance that exceeds a applicable, identical cross validation folds using group S-fold
classification threshold are straightforward to extract. In some nested CV.
cases, we want to also retain the extracted node’s local network Intermediate Metabolite Prediction Accuracy. The bidir-
structure. To extract important connected subnetworks, we ectional model best separated experimentally observed and
filtered out intermediate-containing paths whose fraction of unobserved metabolites (Table 1). We quantified this
important intermediates to total intermediates does not exceed separation by individually computing the area under the
an adjustable cutoff. The cutoff ranges from 0 to 1 and receiver operating characteristic curve (ROC AUC) for the
becomes more restrictive as it increases. A cutoff of 0 retains all intermediate metabolites in each generated network. A ROC
pathways while a cutoff of 1 retains a pathway only when all curve was produced for each of the 311 networks using each
intermediates are important. We defined a failure case as a intermediate metabolite’s score and respective label, 1 or 0,
network with at least one important intermediate that, upon indicating whether or not that metabolite has been
pruning, results in a disconnected network with no connection experimentally observed or unobserved with respect to the
between the start and any targets. annotated network. Their ROC AUCs are averaged to

1683 https://doi.org/10.1021/acs.jcim.2c01383
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Figure 7. Bidirectional MPNN produced the best-scaled metabolite predictions. The bar graphs plot the distributions for each method across 6606
intermediate metabolites within 311 networks. The solid lines plot the percentage of experimentally observed intermediate metabolites among all
intermediates that were assigned the corresponding bin score, marked on the x-axis. The diagonal dashed lines indicate the ideal, perfectly scaled
prediction.

compute the “average intermediate metabolite ROC AUC” well relative rankings of intermediate metabolites within an
metric. The average ROC AUC compares methods on how individual network separate experimentally observed and
1684 https://doi.org/10.1021/acs.jcim.2c01383
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Table 1. Bidirectional MPNN Architecture Outperformed All Other Methods on Multiple Accuracy and Calibration Metrics®

global ROC AUC

Bidirectional MPNN Variant 88.5 87.4
Unidirectional MPNN Variant 80.1 78.4
XenoNet 1.0 Algorithm'” 75.0 80.0
XenoNet Random Model'’ 69.1 71.2
PageRank'’ 72.9 74.4
Random Walk with Restarts”®*! 58.5 56.5
Betweenness Centrality”>** 742 68.4

average ROC AUC

global PR AUC  top-two accuracy  reliability, RMSE reliability, R*

53.8 73.3 0.10 0.92
36.2 59.2 0.11 0.87
29.0 63.0 0.25 0.68
21.0 50.0 0.31 0.80
27.3 33.4 0.38 0.94
11.2 20.3 0.19 0.04
28.5 46.6 0.32 0.83

“Although PageRank had a higher R* value of 0.94, its reliability diagram displays a degenerate case where the model’s confidence is unstable. For
each metric, the best performing method is shown in bolface font and the second-best method is shown italicized. Method groupings designate new

methods (top) and prior methods (bottom).

Table 2. Bidirectional MPNN Architecture That Incorporates Edge Features but Not Node Degree Features Achieves Best

Performance
global ROC AUC average ROC AUC
(%) (%)
all features 88.2 86.7
without degree node features 88.5 87.6
without reaction type edge feature 83.8 84.2
without weight edge feature 744 73.8

global PR AUC top two accuracy reliability, reliability,
(%) (%) RMSE R?
53.5 72.4 0.11 0.88
54.6 73.9 0.08 0.92
41.9 64.6 0.07 0.89
34.1 60.9 0.09 0.92

unobserved intermediates. In addition, we computed the
“global intermediate metabolite ROC AUC”, which provides
the AUC of a single ROC curve across all generated network’s
intermediate metabolites and their scores. The global ROC
AUC compares methods on their ability to separate
intermediate metabolites into experimentally observed and
unobserved groups when those intermediate metabolites do
not necessarily belong to the same generated network.
Similarly, we computed a single precision-recall (PR) curve
across all intermediate metabolites and their scores to measure
the “global intermediate metabolite PR AUC”.

We further assessed separation within individual networks
by computing top-two intermediate metabolite performance.
For a network, the top two metric assigns a value of 1 if any of
its experimentally observed intermediate metabolites received
the highest or second-highest score out of all its intermediate
metabolites. Otherwise, a value of 0 is assigned to the network.
We averaged the top-two metric values across all networks to
yield each method’s “top-two accuracy”.

The bidirectional message passing architecture achieved the
best global ROC AUC and PR AUC performances, as well as
the best average ROC AUC and top two accuracy (Figure 6).
The gap between the bidirectional variant and the XenoNet
algorithm is higher for the global-level metrics than the
network-level metrics. We theorize that this is due to the
XenoNet algorithm’s normalization strategy, which does not
involve a loss of information at the level of the nodes in an
individual network. In contrast, the bidirectional variant
exceeds at both global-level and network-level metrics. The
bidirectional variant is best able to learn a mapping between a
metabolite’s local structure and feature information to its
metabolic relevance.

Intermediate Metabolite Prediction Calibration. We
verified that the bidirectional model’s predictions best reflected
its confidence. We computed reliability diagrams across all
intermediate metabolites (Figure 7). For each method, the
predictions of each intermediate metabolite are distributed into
10 equal-width bins between 0 and 1. We computed the
percentage of experimentally observed intermediate metabo-
lites in each bin and calculated the root-mean-square error
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(RMSE) between each bin’s midpoint value and its calculated
percentage. We also calculated the R of the best fit line, where
a method is well-calibrated if its accuracy matches its
confidence for each bin. A perfectly scaled prediction will
have an RMSE of 0 and a method that produces bins that fit on
a perfectly straight line will have an R* of 1.

The bidirectional neural network achieved the lowest RMSE
of 0.10 and the second highest R* of 0.92. Although PageRank
had a higher R* of 0.94, its reliability diagram displays a
degenerate case where the model’s confidence is unstable.
Hence, the bidirectional neural network was best calibrated,
assigning high scores to experimentally observed intermediates
and low scores to unobserved intermediates.

LOGOCV Performance of Bidirectional MPNN. We selected
the bidirectional MPNN for the final model structure due to its
superior performance across all accuracy and calibration
metrics. The final model is trained on the full start-multitarget
dataset and its LOGOCV predictions are used for inference
tasks on training set networks. The optimal hyperparameters
used during training are shown in boldface font in Table S1 in
the Supporting Information. The optimal aggregation operator
summed neighborhood messages, which is unsurprising, since
max and mean pooling do not enable networks that are as
discriminative as the one-dimensional (1D) Weisfeiler—Leman
test and are theoretically less powerful.”” The optimal layer
aggregation operator concatenated each graph convolution
layer’s output into a vector of size 64.

For the final bidirectional model, we retained the reaction
type and weight edge features but not the in-degree and out-
degree node features. Moreover, we verified that the
bidirectional model is robust when validated with the
LOGOCV protocol, as performance for each metric was
equivalent or superior to its nested CV performance. We
simulated the absence of three feature sets—the pair of in- and
out-degree node features, the reaction type edge feature, and
the reaction weight edge feature. In each case, the feature is
replaced with an uninformative feature value of 1 for all nodes
or edges, as applicable. Simulating the absence of in-degree and
out-degree node features improved LOGOCV performance
(Table 2). One explanation is that useful information

https://doi.org/10.1021/acs.jcim.2c01383
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contained within the in-degree and out-degree node features is
sufficiently learned from the edge weights. The inverse
relationship did not hold, as simulating absence of edge
weights resulted in decreased LOGOCV performance.
Empirically, edge reaction type was also a useful feature.

Generalization of Bidirectional MPNN. We evaluated
the model to ensure robustness to input parameter adjust-
ments that influence network construction, correct detection of
the presence or absence of metabolites that are annotated as
experimentally observed or not observed in different network
contexts, and extraction of important intermediates while
conserving their local network structure.

Robustness to Network Construction Parameters. The
bidirectional MPNN’s performance was not strongly influ-
enced by the choice of network construction parameters. This
is important because a model that is tightly sensitive to
network construction parameters would not generalize. To
assess robustness, we applied the bidirectional MPNN, which
was trained on networks constructed with a depth limit of 3
and no beam width constraint, on three sets of start-multitarget
networks constructed with different depth limits and beam
widths (Table S2 in the Supporting Information).

The bidirectional MPNN’s LOGOCV global and average
ROC AUC performance was robust to substantial decreases in
the beam width and depth limit parameters (see Table 3). For
global ROC AUC performance, average ROC AUC perform-
ance, and reliability R*, performance was maintained regardless
of beam width but did decrease slightly with decreasing depth
limit. While RMSE significantly increased with a decrease in

Table 3. Incorporating Jumping Knowledge, The
Bidirectional Model Performance Is Invariant to Changes in
the Beam Width and Depth Limit Parameters during
Network Construction®

global ROC  average ROC  reliability,  reliability,
AUC (%) AUC (%) RMSE R?
With Layer Aggregation
depth limit 3 88.5 87.6 0.08 0.92
depth limit 3 86.5 87.4 0.08 0.95
beam width 5
depth limit 2 84.1 85.6 0.15 0.84
depth limit 2 83.2 84.5 0.16 0.84
beam width §
Without Layer Aggregation
depth limit 3 88.3 86.6 0.10 0.88
depth limit 3 84.3 86.1 0.18 0.78
beam width 3
depth limit 2 71.1 68.8 0.22 0.81
depth limit 2 72.1 70.5 0.24 0.75

beam width §

“Without jumping knowledge, model performance is not maintained
when applied to networks whose depth limit parameter differs from
the depth limit used to construct the training set networks. Networks
constructed with a depth limit of 2 and without layer aggregation
resulted in a statistically significant drop in performance based on an
unpaired t-test (p-value <0.05). Results remain unchanged for PR
AUC and top two accuracy, but we do not report them as the data
sets have different class skew relative to the original start-multitarget
network data set. Unlike PR curves, ROC curves are insensitive to
changes in class distribution and so the measure will not change if the
fundamental classifier performance does not.*" Furthermore, top two
accuracy adopts an optimiztic bias due to the global decrease in class
imbalance and the local decrease in the average number of nodes per
network.
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depth limit, the maintained correlation is suitable for
applications where binarizing the predictions is applicable.
Avenues for future improvement divert focus from a deep
architecture that chains 1-hop convolutional layers to an
alternative strategy that aggregates outputs from multiple
shallow networks whose convolutions encode richer, multihop
diffusion operators.”**’

To sustain performance for different depth limits, jumping
knowledge concatenation was necessary. For model variants
that do not incorporate layer aggregation, decreased perform-
ance for depth limit two networks that may result from
oversmoothing, whereby node hidden states converge to an
almost uniform distribution and local neighborhood informa-
tion is lost.”” The depth limit 2 network has a smaller diameter
than the depth limit 3 network, so naively applying a rigid
architecture that cannot adjust for network size hurts
performance. Oversmoothing is also more likely for approaches
that integrate a self-loop update. Notably, we do not witness
symptoms of the bottleneck phenomenon: an exponentially
growing amount of information from too many neighbors in a
widening network must be oversquashed into a fixed length
vect<3)0r, whereby important long-range information may be
lost.

Accurate Performance on Subset of Contextual Inter-
mediate Metabolites. The bidirectional MPNN accurately
designated authenticity of the same metabolite in different
networks. Importantly, the model does not blindly assign
authenticity to the same metabolite regardless of its network
context. We denote a contextual intermediate metabolite as a
metabolite that is annotated as experimentally observed and
experimentally unobserved in at least one network each. We
evaluated global ROC AUC and PR AUC on a subset of 83
unique, contextual intermediate metabolites. Global perform-
ance metrics, e.g., global ROC AUC and PR AUC, are useful
for assessing the model’s ability to assign good relative
predictions for metabolites across multiple networks (as
opposed to within a single network). In total, the intermediate
metabolites are annotated as experimentally observed in 179
instances and experimentally unobserved in 119 instances.

The bidirectional neural network detected nuanced differ-
ences in network contexts that lead the same intermediate
metabolite to have been present in one setting and absent in
another (Figure 8). The bidirectional model achieved a global
ROC AUC of 86.0% and a global PR AUC of 90.0% on the
subset of contextual intermediate metabolites. Furthermore,
the mean of the experimentally observed intermediate
metabolite predictions (0.34) differs significantly from the
mean of the experimentally unobserved intermediate metab-
olite predictions (0.039) based on an unpaired t-test (p-value
<0.05) and are separated by the optimal binarization threshold
of 0.066.

Extraction of Important Connected Subnetworks. The
bidirectional MPNN extracted important connected subnet-
works while retaining global ROC AUC performance across
multiple cutoffs (Figure S9 in the Supporting Information).
Thus, the model can be flexibly used with sustained
performance at several different subnetwork extraction cutoffs,
depending on application context, sensitivity to possible false
positive intermediates, and desire to maximize or minimize
retained important or unimportant intermediates, respectively.

Across 311 networks with an average network size of 24 +
16 nodes, 1143 of 6606 intermediates had scores that
surpassed the metabolite authenticity binarization threshold.

https://doi.org/10.1021/acs.jcim.2c01383
J. Chem. Inf. Model. 2023, 63, 1675—1694
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Figure 8. Bidirectional MPNN correctly adjusts predictions for metabolites that are present or absent in different networks. (Left) The
intermediate metabolite D,L.-methamphetamine is experimentally observed in the right predicted network and is not experimentally observed in the
left predicted network.” Gray bubbles designate intermediate metabolites whose predictions exceed the optimal binarization threshold. The model
assigns scores of 0.91 and 5.2 X 1072 to p,L-methamphetamine in the contexts in which it is and is not experimentally observed, respectively. D,L-
Methamphetamine occurs as an intermediate metabolite in three other networks, not shown. In two of the networks, it is experimentally observed
and assigned scores of 0.87 and 0.95. In the remaining network, it is not experimentally observed and assigned a score of 6.1 X 107 (Right) The
bidirectional model achieved a global ROC AUC of 86.0% and a global PR AUC of 90.0% on the subset of contextual intermediate metabolites.

A cutoff of 1 resulted in 722 and 0 important and unimportant
intermediates, respectively, and reduced the average network
size to 4 + 2 nodes. However, this excluded 421 important
intermediates and resulted in 71 failure cases. Alternatively, a
cutoff of 0.5 was the maximum cutoff that kept all 1143
important intermediates and did not cause a single failure case.
Though a 0.5 cutoff results in O failure cases, the average
network size was reduced to 15 + 11 nodes and 2,664
unimportant intermediates are retained. For later case studies,
we used a cutoff of 1. If the cutoff failed to extract a
subnetwork, we decreased it by increments of 0.05 until
success was achieved.

Generalization on External Data. We further assessed the
bidirectional MPNN on the GLORY test set of 29 substrates
and 81 products™ that have been unseen by the model. We
generated 29 networks in a manner that was consistent with
the method used in XenoNet.'” To evaluate the bidirectional
MPNN’s ability to generalize, we filtered out spurious
metabolites with the binarization threshold previously
computed on our metabolic network data set. We did not
use the GLORY reference set to recalibrate the optimal
binarization threshold.

The bidirectional MPNN outperformed the GLORY and
SyGMa,'" which are the closest comparable works in the
literature (see Table 4). The bidirectional MPNN improves
upon the XenoNet algorithm, which maximizes recall at the
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Table 4. Bidirectional MPNN Outperforms the XenoNet
Algorithm, GLORY, and SyGMa on the GLORY Test Set
(In Contrast, the Unidirectional MPNN Performs Worse
than the XenoNet Algorithm and GLORY)“

ROC AUC (%)  precision recall
bidirectional MPNN variant 82.6 0.34 0.86
unidirectional MPNN variant 66.8 0.10 0.80
XenoNet 1.0 Algorithm” 733 0.06 0.89
GLORY* 67.6 0.08 0.83
SyGMa“ 50.1 0.15 0.74

“For each metric, the best performing method is shown in boldface
font. “Data taken from ref 10. “Data taken from ref 33. “Data taken
from ref 11.

expense of precision, via identifying and filtering out false
positives. The ROC AUCs of the bidirectional MPNN, the
unidirectional MPNN, XenoNet, GLORY, and SyGMa were
82.6%, 66.8%, 73.3%, 67.6%, and S50.1%, respectively. The
unidirectional MPNN performed worse than the XenoNet
algorithm and GLORY, demonstrating that unidirectional flow
is not sufficient for generalization to an external test set.
Inferring Unknown Reactive Metabolites of With-
drawn Drugs. Previously, we validated the bidirectional
model’s ability to score intermediate metabolites as authentic
or spurious. A practical application is to identify unreported
intermediate metabolites produced during metabolism of

https://doi.org/10.1021/acs.jcim.2c01383
J. Chem. Inf. Model. 2023, 63, 1675—1694
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Figure 9. Model identified formation of intermediate(s) that are likely to precede known metabolite end points. The metabolic network for
tolcapone posits four unrecorded intermediates with high metabolite scores. The structures of the 4 intermediates, M1—M4, is provided along with
an overlay of DNA reactivity predictions. The metabolic network for triclofos identifies a probable intermediate with high protein reactivity, MS

(chloral), which is a known irritant.*”

withdrawn drugs. Ideally, the model can be confidently used as
a fast, inexpensive method for experimentalists to understand
step-by-step formation of reactive metabolites, which will help
in designing safer drugs. The withdrawn drugs could undergo
modification to prevent formation of problematic intermediate
metabolites while retaining the intended therapeutic effect.
Identifying Important, Unrecorded Intermediate Metab-
olites. We applied the fully trained bidirectional model on 70
networks of withdrawn drugs, consisting of 2832 intermediate
metabolites. In some cases, the model provides new
speculations for mechanisms of a drug’s toxicity (Figure 9,
left). For instance, the metabolic network for tolcapone, which
was introduced for the treatment of Parkinson’s disease but
later withdrawn due to idiosyncratic hepatotoxicity, posits four
unrecorded intermediates with high metabolite scores and high
DNA and protein reactivity scores during metabolism to a
known reactive metabolite end point.**™*° In other cases,
predicted reactive intermediates are consistent with previous
reports (Figure 9, right). The network for metabolism of the
withdrawn sedative triclofos to its active metabolite trichlor-
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oethanol identifies a probable intermediate with high protein
reactivity, chloral, which is a known irritant.”’

Among the withdrawn drug networks, the bidirectional
MPNN classified 550 important intermediate metabolites
using an optimal threshold. We computed the optimal
threshold using Youden’s index and the global ROC curve
derived from the bidirectional model's LOGOCV predic-
tions.”® The optimal threshold for binarizing metabolite scores
was 0.066. Moreover, 90 and 105 of the intermediates had
reactivity scores greater than 0.5 for protein and DNA,
respectively. We provide the full set of predictions in the
“DrugBank withdrawn_drug_intermediate_metabolite-
s all.csv” file and the subset of 550 intermediate metabolites
and associated substrate molecule, target metabolites, metab-
olite score, and reactivity scores in the “DrugBank with-
drawn_drug_intermediate_metabolites_of interest.csv” file.

Case Study of Nimesulide Bioactivation. Model predic-
tions were consistent with results reported in the literature and
exposed new insights into potential mechanisms of toxicity.
For example, nimesulide is a nonsteroidal anti-inflammatory
drug used in the treatment of acute pain. Nimesulide is not

https://doi.org/10.1021/acs.jcim.2c01383
J. Chem. Inf. Model. 2023, 63, 1675—1694
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Figure 10. Combination of XenoNet and the bidirectional MPNN pinpointed the dominant bioactivation pathway nimesulide = M6 — M7 —
target.’® (A) XenoNet inferred the presence of 59 intermediate metabolites linking nimesulide and three target metabolites. Gray bubbles designate
intermediate metabolites whose predictions exceed the optimal binarization threshold. The bidirectional MPNN extracted three local subnetworks,
each one for a different target, using the strictest threshold setting for subnetwork extraction. The left subnetwork contains likely intermediates that
are highly predicted to react with protein. The three reactive intermediates are M6, M7, and M8 and there is a fourth, nonreactive and transient
intermediate, M9. The remaining two subnetworks do not have intermediates with high site of reactivity predictions. (b) Presence of M6, M7, and
MI14 is corroborated by th literature. Compared to the unidirectional MPNN and XenoNet algorithm, the bidirectional model assigns higher
authenticity to M6, M7, and M14. The bidirectional model’s predictions for the remaining important intermediates suggests their presence in a
more focused subnetwork context relative to the initial network containing 59 intermediates. The ROC and PR curves were calculated across the 59
intermediate metabolites, 3 of which are reported in the literature.

availabile in the United States and has been established as a production of an intermediate that enables an idiosyncratic
cause of acute liver injury.””*’ Nimesulide’s precise mechanism reaction during metabolism in the liver."' During metabolism
of injury is unknown, although it is thought to be related to of nimesulide to three targets, the model infers the presence of
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Figure 11. Combination of XenoNet and the bidirectional MPNN inferred M17, M18, and M19 (TBE-D) as bioactivation components of TBF to
TBE-A, which aligns with prior experimental validation.**** (Top) XenoNet inferred the presence of 62 intermediate metabolites linking TBF and
TBF-A. Gray bubbles designate intermediate metabolites whose predictions exceed the optimal binarization threshold. (Bottom) The model
extracted a subnetwork of four intermediates containing TBF-D, M16, M17, and MI18 and correctly ranked the pathways traversing these
intermediates. Compared to the unidirectional MPNN and XenoNet algorithm, the bidirectional MPNN best assigns authenticity to M17, M18,
and TBF-D while minimizing the amount of potential false positive intermediates (bottom right). The ROC and PR curves were calculated across
the 62 intermediate metabolites, of which 3 are reported in the literature.

59 intermediate metabolites, of which 10 surpass the optimal corroborated by experimental evidence and, importantly, the
metabolite score threshold and 3 (M6, M7, and MS8) are target is thought to be a latent reactive metabolite associated
predicted to be highly reactive (see Figure 10). Figure 10, with highly reactive metabolites, specifically M7.%* The
middle left, shows the subnetwork containing the three reactive model also prioritizes authenticity of nitrogen reduction of
intermediates and M9, another intermediate above the optimal nimesulide into M6, which has a basis in bioactivation
threshold. The presence of M6, M7, and the target is mechanisms of nitroaromatics. Specifically, intermediates M6

1690 https://doi.org/10.1021/acs.jcim.2c01383

J. Chem. Inf. Model. 2023, 63, 1675—1694



Downloaded via WASHINGTON UNIV on October 08, 2024 at 17:00:41 (UTC). See https://pubs.acs.org/sharingguidelines for options on how to legitimately share published articles.

Journal of Chemical Information and Modeling

pubs.acs.org/jcim

and M7 in the metabolism of nimesulide - M6 — M7 —
target are both hypothesized to covalently bind to proteins.*
This bioactivation pathway is also detected by XenoNet. While
we did not find literature evidence for M8 or M9, the model
views their presence as a possible intermediate state leading to
M7.

Case Study of Terbinafine Bioactivation. While not a
withdrawn drug, the model similarly extracts a local subnet-
work of importance and recapitulates experimental observa-
tions regarding bioactivation of terbinafine (TBF) into E-6,6-
dimethyl-2-hepten-4-ynal (TBF-A) .**** Out of 62 intermedi-
ates (Figure 11A), the model scored 4 as relevant to TBF’s
bioactivation into TBF-A and the local network structure of
TBF, TBF-A, and the 4 intermediates is shown in Figure 11B.
Desmethyl terbinafine (TBF-D), N-methyl-6,6-dimethyl-2-
hepten-4-yn-1-amine (M17), and 6,6-dimethylhept-2-EN-4-
YN-1-amine (M18) have literature evidence supporting
mediation of TBF to TBF-A bioactivation. The presence of
6,6-dimethylhept-2-en-4-ynoic acid (M16) is not recorded in
the literature, possibly because of the improbability of M16
undergoing metabolism to TBF-A. In the context of the
network structure, the model correctly identifies the most
likely pathway as being the direct pathway from TBF to TBF-
A, which is an improvement from our prior computational
work.** The model also correctly ranks the unreported
pathway TBF — M16 — TBF-A as last and the pathway
TBF — M17 — M18 — TBF-A as second to last. However, the
model equates the likelihood of pathways TBF — TBF-D —
TBF-A and TBF — M17 — TBF-A, for which experimental
evidence favors the former pathway. Nevertheless, the model is
capable of constructing a large network of possible metabolites
linking TBF to TBF-A, use the metabolite scores to filter out
irrelevant metabolites and retain all three intermediates
associated with TBF’s hypothesized bioactivation into TBF-
A, and adequately rank the remaining pathways.

Estimating Important Metabolites Missed by Screening
Assays. Our computational approach identified problematic,
reactive metabolites that have high metabolic relevance and yet
are liable to evade standard screening assays. Trapping studies
are designed to address the difficulty in detecting reactive
metabolites due to their ephemeral nature. Typically, a
trapping agent, e.g., GSH or cyanide, that has a high likelihood
of conjugating to reactive metabolites is selected.” Formation
of a GSH conjugate can be detected via mass spectrometry and
indicates the presence of a reactive metabolite. Cyanide and
GSH can be applied as trapping agents for hard and soft
electrophilic reactive molecules, respectively.””*® Due to the
possession of only a single type of nucleophilic site, cyanide
and GSH may not reflect all possible reactions observed within
biologically relevant macromolecules, which often contain both
hard and soft nucleophiles oriented across a variety of chemical
structures. Hence, nucleophilic trapping assays may overlook
the presence of potentially harmful electrophiles.

Across the set of 550 experimentally relevant intermediate
metabolites, the estimate produced totals of 51 (9.3%) and 48
(8.7%) metabolites predicted to be exclusively reactive toward
DNA and protein, respectively, but not reactive with
traditional nucleophilic traps. For each metabolite, we
estimated its probability of forming either DNA or protein
adducts, but neither cyanide nor GSH adducts, by multiplying
the reactivity score for DNA or protein by 1 minus the cyanide
reactivity score times 1 minus the GSH reactivity score. The
resulting probability is termed the adjusted DNA molecule-
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level reactivity score (MRS) and the adjusted protein MRS. To
estimate the amount of metabolites that selectively react with
either DNA or protein, we summed the adjusted DNA MRS
and adjusted protein MRS, respectively, for all metabolites.
Further experimental validation is necessary to confirm the
presence and reactivity of specific missed metabolites.

Limitations and Future Directions. Network construc-
tion assumes that only pathways that lead to the target
metabolite(s) are meaningful. There could be alternative
competing pathways that are not recorded in the network
because the pathway does not lead to one of the target
metabolites. Since the model only accounts for pathways
reported in the XenoNet network, it cannot adjust its
predictions on potentially important, but unrecorded, compet-
ing pathways. As a solution, network construction could be
modified to track and record all predicted reactions and
inferred structures in the background to keep two different
network states—one with only pathways that terminate at the
target metabolite(s) and a second with all pathways. To
minimize memory requirements, the second network state
could be restrained to only retain pathways that meet certain
likelihood criteria. The second network state could then be
utilized by the metabolite scoring model.

Although our bidirectional MPNN achieved state-of-the-art
performance, it was unable to excise all false positives in the
nimesulide (6 false positives) and terbinafine (1 false positive)
case studies. While absence of evidence regarding existence of
metabolites is not evidence of absence, we acknowledge that
the withdrawn drug networks may still contain spurious
intermediate metabolites. Future work may improve the model
by recognizing the limitations intrinsic to the MPNN
paradigm. There are potential issues of bottlenecks or
oversmoothing that were referenced earlier, but also issues
regarding representational capacity. Without modifications that
can lead to less practical architectures,*”* MPNNs remain, at
most, as powerful as the 1-Wiesfeilr—Lehman test and are
unable to discriminate certain graph structures, including
simple, yet important, triangles.”">*

There are cases where reactive metabolites may be missed
simply because they are not intermediates in the metabolism of
the starting molecule to one of its targets. In such cases, it is
useful to only define the starting molecule and not constrain
termination of paths to any target metabolites. We did not
directly validate the model on substrate-only networks (Figure
3, top), but based on robustness of the model to variations in
beam width and depth limit, we expect maintained perform-
ance for inference on substrate-only networks.

Lastly, there is a lack of publicly accessible datasets
concerning the task of predicting metabolite authenticity
with respect to withdrawn drugs, which may be valuable in
retrospective validation for benchmarking future methods.
Future work may extend the literature review that we applied
in the evaluation of Tolcapone, Triclofos, Nimesulide, and
Terbinafine case studies to the rest of our withdrawn drug
networks.

B CONCLUSIONS

This study established and validated a novel metabolite
formation model based on a bidirectional MPNN incorporat-
ing edge conditioned convolutions and jumping knowledge.
The bidirectional MPNN overcomes degenerate cases
exhibited by prior work and can aggregate a greater diversity
of features, including categorical edge features and local

https://doi.org/10.1021/acs.jcim.2c01383
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network structure. Incorporating metabolite reactivity further
informs specific, testable hypotheses for use by experimen-
talists in understanding reactive metabolite formation. The
bidirectional MPNN can accurately predict experimentally
observed and unobserved metabolites, outperforming all
compared methods on multiple accuracy and calibration
metrics on a dataset of 311 networks and 6606 intermediate
metabolites. Moreover, it is robust to networks of varying
depth and breadth, detects when a metabolite may be formed
or not, depending on different network contexts, and allows for
extract of metabolic subnetworks. Metabolite predictions can
be used to determine sequential metabolic transformations or
relevant metabolic subnetworks that are mediated by
previously unknown, potentially reactive, intermediate metab-
olites that are worth further experimental study of their role in
driving toxicity. To demonstrate, we used the metabolite
formation model to produce hypotheses for bioactivation
mechanisms of drugs associated with idiosyncratic reactions
but inconclusive etiology. On a set of networks generated for
70 withdrawn drugs, the model also provided valuable insight
on the 9.3% and 8.7% of metabolites with high formation
scores that selectively react with DNA or protein, respectively,
but are liable to eluding standard screening assays. We
anticipate that analysis of formation and reactivity of
intermediate metabolites and their local metabolic subnet-
works will become central to future experimental investiga-
tions.
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