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Abstract

Cytochromes P450 (CYPs) oxidize alkylated amines commonly found in drugs and other 

biologically active molecules, cleaving them into an amine and an aldehyde. Metabolic studies 

usually neglect to report or investigate aldehydes, even though they can be toxic. It is assumed that 

they are efficiently detoxified into carboxylic acids and alcohols. Nevertheless, some aldehydes are 

reactive and escape detoxification pathways to cause adverse events by forming DNA and protein 

adducts. Herein, we modeled N-deal-kylations that produce both amine and aldehyde metabolites 

and then predicted the reactivity of the aldehyde. This model used a deep learning approach 

previously developed by our group to predict other types of drug metabolism. In this study, we 

trained the model to predict N-dealkylation by human liver microsomes (HLM), finding that 

including isozyme-specific metabolism data alongside HLM data significantly improved results. 

The final HLM model accurately predicted the site of N-dealkylation within metabolized 

substrates (97% top-two and 94% area under the ROC curve). Next, we combined the metabolism, 

metabolite structure prediction, and previously published reactivity models into a bioactivation 

model. This combined model predicted the structure of the most likely reactive metabolite of a 

small validation set of drug-like molecules known to be bioactivated by N-dealkylation. Applying 
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this model to approved and withdrawn medicines, we found that aldehyde metabolites produced 

from N-dealkylation may explain the hepatotoxicity of several drugs: indinavir, piperacillin, 

verapamil, and ziprasidone. Our results suggest that N-dealkylation may be an under-appreciated 

bioactivation pathway, especially in clinical contexts where aldehyde detoxification pathways are 

inhibited. Moreover, this is the first report of a bioactivation model constructed by combining a 

metabolism and reactivity model. These results raise hope that more comprehensive models of 

bioactivation are possible. The model developed in this study is available at http://

swami.wustl.edu/xenosite/.

Graphical abstract

INTRODUCTION

Alkylated amines are often important determinants of the bioactivity of organic molecules. 

The alkylated amine groups in biological molecules, like acetylcholine and epinephrine, 

often are required for their intended pharmacological functionality. As a result, alkylated 

amines are frequently used in medicinal chemistry.

When metabolized by cytochromes P450 (CYPs), alkylated amines usually undergo N–C 

bond cleavage (N-dealkylation) and give rise to an amine and an aldehyde. N-dealkylation 

impacts clearance as well as pharmacodynamic properties (Figure 1).1 Typically, N-

dealkylation inactivates drugs and facilitates their elimination. For example, morphine 

undergoes N-demethylation to form the more readily excretable normorphine.2 

Alternatively, N-dealkylations may activate pro-drugs, like the N-demethylation of 

fluoxetine (Prozac) to the more potent metabolite norfluoxetine.3,4

Frequently, metabolic studies focus on the amine metabolite, without reporting the aldehyde 

metabolite. Aldehydes are presumed to be detoxified to carboxylic acids or alcohols, which 

are suitable for conjugation and excretion. These detoxification pathways are very efficient 

for common aldehyde metabolites like formaldehyde, so researchers frequently ignore 

aldehydes and their effects on biological systems.

However, a subset of aldehydes can cause adverse events when they escape detoxification 

pathways. While most aldehydes form unstable adducts with protein, glutathione, or DNA, 

some can form stable adducts. We use the term “reactive” to refer to aldehydes that form 

stable adducts with biological molecules.5,6 Reactive metabolites are especially problematic 
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in patients where the detoxification pathways are inhibited by other drugs.7,8 For example, 

N-dealkylation of terbinafine yields a conjugated unsaturated aldehyde (TBF-A), a reactive 

metabolite that forms a transiently stable glutathione adduct that appears to cause liver 

toxicity in patients.9,10 Biochemical studies also suggest that several drugs, including 

clozapine and chlorpromazine, inhibit detoxification pathways enough to increase the 

toxicity of aldehyde metabolites.8,11 In addition, while animal models are frequently used to 

study competing bioactivation and detoxification pathways, species-specific differences in 

these detoxification pathways make these in vivo models less reliable in predicting 

metabolic outcome in human.12 In summary, aldehyde formation is understudied, and their 

toxicity may be contingent on several additional factors that are only now being elucidated.7 

As the result, aldehydes’ importance may be under-appreciated, and, at least in some cases, 

they might cause idiosyncratic toxicity in patients.

Data-driven models are already used in scientific and regulatory context. In lead 

optimization, very similar machine learning models are used to identify metabolic hotspots 

on molecules.13,14 Likewise, alert structures are commonly used to identify liabilities in 

molecule structure,15–17 and we previously demonstrated that metabolism models can 

improve the specificity of alerts.18 The hope is that modeling of metabolism and reactivity 

will improve substantially on purely statistical approaches to understanding toxicity, as are 

commonly relied upon within industry and regulatory agencies.19 Metabolism modeling 

with machine learning does not produce detailed enzyme mechanics, but they do provide 

finer grain information that is currently used, and for this reason are a significant step 

forward.

Our group has published extensively on deep learning models of metabolism and reactivity, 

with the ultimate goal of comprehensively predicting bioactivation pathways of drug-like 

molecules. These studies have included models for reaction types yielding specific 

metabolites such as epoxides20 and quinone species.21 We have also modeled the reactivity 

of metabolites toward adduction with glutathione, DNA, proteins, and cyanide, which often 

are biomarkers for toxicity as well as drivers of toxicological mechanisms.5,22 DNA 

conjugation can lead to cancer,23,24 and protein conjugation can lead to cellular dysfunction, 

cell death, and sometimes immune response cascades that extend the damage to organ and 

systemic levels.6 As insight into those possibilities, our models yield probabilities for 

individual sites on the molecule to undergo the specific reaction, enabling prediction of 

metabolite structures too. Taken together, metabolism modeling can predict if a bioactivation 

reaction is likely to take place, and this information can guide downstream analyses.

In this study, we aim to study a specific bioactivation pathway, the formation of reactive 

aldehydes by N-dealkylation. Though detailed enzyme mechanisms are not considered here, 

the question is mechanistic in that a specific metabolic pathway is being assessed for its 

mechanistic role in clinically observable toxicity. Our goal is to assess the impact of the N-

dealkylation pathway, specifically. In contrast, other studies have focused on fitting 

statistical models to toxicity data without regard to bioactivation pathways.19 We approach 

this question by developing a new model of N-dealkylation, combining it with a previously 

reported reactivity model, and assessing drug-like molecules in the literature for 

bioactivation by this pathway. To develop the metabolism model, we used a deep learning 
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algorithm, previously developed by our group to predict other types of drug metabolism.
20,25–29 In this study, we trained the model to predict N-dealkylations by human liver 

microsomes (HLM). We also assessed the value of including isozyme-specific metabolism 

data alongside the HLM data, in building metabolism models. Next, we combined the 

metabolism and reactivity models into a bioactivation model. This combined model 

predicted the structure of the most likely reactive metabolites formed by N-dealkylation of 

an input molecule. Molecules known to form reactive metabolites by N-dealkylation were 

used to assess the bioactivation model. Finally, we used this model to study the importance 

of N-dealkylation as a bioactivation pathway.

MATERIALS AND METHODS

Training Data

We collected a data set from the literature-derived Accelrys Metabolite Database (AMD) as 

a foundation for modeling efforts. A total of 1290 N-dealkylation reactions were extracted, 

each of which catalyzed by human liver microsome (HLM) or one of the nine most common 

human P450 isozymes: CYP1A2, 2A6, 2B6, 2C8, 2C9, 2C19, 2D6, 2E1, and 3A4 (Figure 

2). We implemented an automated labeling algorithm that used the structure of each N-

dealkylation product to identify the bond within the reactant that breaks, as the site of N-

dealkylation. Duplicate molecules were merged into a single representation, with all 

metabolized bonds labeled. After merging, our final data set contained 883 unique substrates 

with each nitrogen–carbon (N–C) bond assigned 10 binary values (including missing if not-

known), corresponding to metabolism by HLM and the individual P450 isozymes. There 

were 25,506 bond-level training labels in the data set. Under the AMD license agreement, 

we were not allowed to disclose the structures of molecules in the data set. Nevertheless, to 

enable reproduction of our results, we provided the AMD reaction and molecule registry 

numbers and the metabolism status of every compound in the final data set in the Supporting 

Information.

External Validation Data

An external data set was used to assess the generalizability of models built on the training 

data. This testing set contained 108 unique HLM-mediated N-dealkylation substrates 

recently added to AMD (Jan, 2017 version) that are not in our training data set. We provided 

the AMD reaction and molecule registry numbers and the metabolism status of every 

compound in the test data set in the Supporting Information.

Descriptors

To model N-dealkylation, we encoded chemical information in numerical descriptors. Each 

bond was represented by a vector of 381 descriptors that described its properties at the atom, 

bond, and molecule levels. All of these descriptors were calculated by in-house software 

from Open Babel 2D SDF files.31 Specifically, the 381 descriptors included two sets of 179 

atom descriptors, 7 bond descriptors (e.g., bond type, bond length), and 16 molecule 

descriptors (e.g., molecular weight, topological polar surface area, or molar refractivity). 

Atom-level descriptors (e.g., atom identity, charge, or hybridization), representing atoms on 

either side of each bond, were developed for our previous models of metabolism and 
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reactivity.20,25,26 The complete list of descriptors used in this study is provided in the 

Supporting Information.

Heuristic Model

We constructed a simple heuristic model using overall data set statistics to provide a baseline 

of performance against which to compare to more complex methods.27 In this heuristic 

model, we identified all N–C bonds as potential sites of N-dealkylation in a test molecule. 

Based on the carbon chain attached to the nitrogen, potential site of N-dealkylation could be 

classified into four groups: methyl, short alkyl chains, in nonaromatic ring, and the 

remaining N–C bonds. The probability of being labeled as metabolized in the combined data 

set across all members of each group was calculated. This strategy yielded probabilities of 

65.32%, 64.51%, 5.41%, and 16.98% for methyl, short alkyl chains, in nonaromatic ring, 

and the remaining N–C bonds, respectively (Table 1). Each potential site was initially 

assigned with the probability of its group. All other bonds were assigned initial scores of 

zero. Next, these scores were linearly scaled so that they summed to one in molecules that 

have at least one potential site. The bonds of a molecule with no potential sites all received a 

score of zero. A python implementation of this model and an excel file containing the 

detailed statistics are included in the Supporting Information to facilitate future studies.

Multitarget Modular Model

For each input molecule, atom-level, bond-level, and molecule-level descriptors were 

calculated for all bonds between pair of heavy atoms. These descriptors were inputs to a 

neural network with two hidden layers that generates vectors of 10 scores corresponding to 

one for HLM and one for each P450 isozyme. Each element in the vector represented the 

probability that a bond is metabolized, mediated by the corresponding isozyme or HLM. The 

weights of the model were calibrated during training by performing gradient descent on the 

cross-entropy error of the difference between the predicted and actual response values of 

each bond.

For assessment, predictions were computed using 10-fold cross-validation. Cross-validation 

is a jackknifing technique widely used in machine learning for providing an estimate of 

generalization accuracy. In our case, a model generated by nine-tenths of the data set was 

used to predict the remaining one-tenth of the training data. The process was then repeated 

until all data were used in a test set exactly one time. The aggregated accuracy was tracked 

and compiled to assess the cross-validated accuracy as a reasonable estimate of model 

accuracy toward new data.

The model predicted N-dealkylation at the bond level using a multitarget, modular 

network36–40 with one input layer, three hidden layers, and one output layer (Figure 3). This 

architecture had several advantages over a standard neural network. First, it mirrors the local 

structure of some of the input descriptors. The contribution of each descriptor to the final 

model depended on the distance from the atom or bond it described.20,25,26 Accordingly, the 

modular network combined descriptors by their distances to the atom of interest into 

neighborhood groups (Table S4). Second, the multitask architecture solves related problems 

simultaneously. In this case, P450 share the same catalytic mechanism while differing in 
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substrate specificity. This information from the isozyme specific data sets could then be used 

to improve the accuracy of HLM predictions in our model design. Finally, the multitask 

model architecture has nearly the same number of parameters as the single-task HLM 

model, but makes use of much more data.

Single Target Models

Multitargeted models were more effective than single target models for predicting molecule 

reactivity.5 We tested if this was true also for N-dealkylation by training 10 single-target 

neural network models, each on a P450 isozyme or HML data set to provide a baseline of 

performance against which to compare to the multitarget modular deep neural network. A 

matrix of descriptor encoded bonds between heavy atoms in a data set was presented to a 

neural network with 20 hidden nodes. During training, the model learned a mapping 

between the descriptor values of each bond and the binary experimental response of that 

bond, metabolized or not metabolized by HLM or each P450 isozyme. The weight 

calibration and cross-validation procedures were identical to those of the multitarget 

modular deep neural network.

Reactivity Model

Previously, we developed a model to predict reactivity to biological molecules.5 This model 

was a deep neural network that predicted, given a molecule’s structure, its probabilities of 

conjugating to protein, DNA, glutathione (GSH), and cyanide. The model was trained on 

1364 electrophilic and 1439 nonreactive molecules. On the original training data, the 

reactivity model predicted reactive atoms within reactive molecules with average site AUC 

of 96.6%, 89.8%, 92.8%, and 94.4% for cyanide, DNA, GSH, and protein, respectively. It is 

unreported how accurately the reactivity model predicts the reactivity of aldehydes in 

particular, and the cross-validated predictions were used to assess the performance on subset 

of molecules with aldehydes.

Metabolite Structures

The metabolite algorithm constructed a pair of amine and aldehyde/ketone products for 

every possible N–C bond cleavage. However, N-demethylations were excluded because the 

formaldehydes produced by these reactions are rapidly detoxified.42 A python 

implementation of this N-dealkylation metabolite structure generator is included in the 

Supporting Information to facilitate future studies.

When a molecule is N-dealkylated at a N–C bond, this reaction generates two metabolites, 

that is, a lower order amine from the nitrogen-side and aldehyde/ketone from the carbon-

side.1 Usually only the nitrogen side of the product is reported (Figure 4). Even when 

reported, carbon-side products are only described as aldehydes/ketones 48.5% of the time in 

the AMD. In some cases, the reported reactions instead included downstream metabolites of 

the aldehydes, that is, alcohols (26.1%) and acids (25.4%), generated by subsequent 

detoxification reactions by aldehyde reductases and aldehyde dehydrogenases.42–44 For this 

reason, the metabolite algorithm always inferred the formation of aldehydes (or ketones) and 

does not model subsequent transformations.
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N-Dealkylation Bioactivation Model

We built a bioactivation model that linked metabolism, metabolite structure prediction, and 

reactivity models. This combined model predicted the most likely reactive metabolites 

generated by N-dealkylation from precursor molecules. For each potential metabolite, the 

combined model defined its output as the product of two predictions, the probability of 

formation times the probability of being reactive. The first prediction was the probability of 

formation as computed by HLM N-dealkylation model. The second prediction was the 

maximum of the probabilities of reactivity toward protein and DNA as computed by the 

reactivity model. The metabolite with the highest score (the product of both predictions) was 

predicted to be the most likely reactive metabolite generated by N-dealkylation.

■ RESULTS AND DISCUSSION

The following sections study the performance of the models and then use them to assess N-

dealkylation as a bioactivation pathway. First, we evaluated the N-dealkylation model in its 

accuracy of identifying metabolized sites within a metabolized molecule. Second, we 

analyzed the model predictions at the global level by calculating classification performance 

on N–C bonds in the entire data set. Third, we evaluated the accuracy of the N-dealkylation 

model on an external testing data set. Fourth, we assessed the reactivity model predictions 

on aldehyde containing molecules. Fifth, we tested the bioactivation model’s prediction of 

reactive metabolites from molecules known to produce reactive aldehydes. Finally, we 

present three case studies of drugs known to produce reactive aldehydes by N-dealkylation.

Metabolism Model Performance

A key objective was to identify the specific bond within a substrate that undergoes N-

dealkylation: its site of N-dealkylation. For every bond in a test molecule, the N-dealkylation 

model generated 10 scores, each ranging from 0 to 1 and corresponding to the probability 

that the bond was metabolized by HLM or a certain P450 isozyme. The HLM model 

predicts most sites correctly (Figure 5).

An informative model should assign metabolized sites with higher scores than 

nonmetabolized sites within each molecule. We evaluated the model’s success at this 

objective using two metrics. First, we calculated “top-two” performance, where a substrate 

was considered to be correctly predicted if any of its experimentally observed sites of 

metabolism were predicted in the top two rank-positions out of all potential sites in the 

substrate. The top-two metric is commonly used to evaluate CYP site of metabolism models.
14,45 Second, we calculated “average N–C AUC. This metric is computed by measuring the 

area under the ROC curves (AUC),46 for all N–C bonds in the dataset.20,26

The model accurately predicted metabolized sites within metabolized molecules. HLM 

model had cross-validated top-two and average N–C AUC accuracies of 96.6% and 93.7%, 

respectively. Across all 10 targets, the model had cross-validated top-two and average N–C 

AUC accuracies of 97.2% and 95.3%, respectively (Tables 2 and 3). As an additional test for 

overfitting, we constructed a negative control where the metabolism targets were permuted 

randomly. The model was trained and tested, in cross-validation, on the permuted data. In 
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this negative control, performance was poor, with an average AUC across isozymes of 

49.4%, worse than a random classifier. The poor performance on this negative control 

further confirms the model is not overfitting and the high performances observed are not 

artifacts.

As another control designed to test the value of multitask training, we trained 10 single-

target models, each on a CYP isozyme or HML data set, for comparison. The multitask 

model performed slightly better than the single target models, but this improvement was not 

statistically significant (P = 0.351 and 0.425 for top-two and average N–C AUC, 

respectively). Both multitask and single target models significantly outperformed the 

heuristic model, which had top-two and average N–C AUC accuracies of 80.8% and 81.4%, 

respectively.

An effective model should distinguish metabolized sites globally in the data set across all N–

C bonds. To quantify this performance, we computed the area under the ROC curve globally 

across all metabolized and nonmetabolized N–C bonds (Table 3).27,47

The model accurately predicted sites of N-dealkylation by this metric. Across all 10 targets, 

the model had an average cross-validated global N–C AUC of 92.6% (Table 3). Notably, the 

multitask model predicted HLM-mediated sites with global N–C AUC of 95.6%, 

significantly outperforming the single target model (P = 0.021 by paired permutation test).46 

Both multitask and single target models significantly outperformed the heuristic model, 

which had an average global N–C AUC accuracy of 85.2%.

The output of the model is a well-scaled probability. When we binned N–C bonds by HLM 

prediction score, the proportion of sites of HLM-mediated N-dealkylation in each bin 

closely correlates with the bin’s score (Figure 6, R2 = 0.975). Thus, the model’s output is 

interpretable as a probability and can be combined with other probabilistic outputs.

External Validation of N-Dealkylation

The multitask N-dealkylation model performed well on the external testing data set of 108 

HLM-metabolized molecules. Prediction accuracies of our model on this external testing 

data set were 95.5%, 94.1%, and 94.8% for top-two, average N–C AUC, and global N–C 

AUC, respectively. Overall, performance on the testing data set was comparable to the cross-

validated performance on the training data set.

Reactivity Predictions on Aldehydes

The accuracy of the reactivity model on aldehydes, specifically, was not assessed. A 

effective reactivity model for aldehydes is important for this study and assessed here.

We find that the reactivity model accurately predicted aldehydes reactivity. We identified 

746 aldehyde containing molecules and 1128 aldehyde sites from the reactivity model’s 

training data set and used their cross-validated predictions to access the model performance 

on this subset of data. First, we assessed the ability of model to identify the correct atom in 

the molecule as reactive. The average site AUC is computed by averaging the AUC of sites 

computed within each molecule separately. The reactivity model predicted reactive atoms of 
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746 aldehyde containing molecules with average site AUC accuracies of 97.0%, 91.7%, 

95.7%, and 94.9% for cyanide, DNA, GSH, and protein, respectively. Next, we assessed the 

ability of the model to separate reactive and nonreactive aldehyde molecules. Across the full 

database 1128 aldehydes, the model can accurately separate reactive and nonreactive 

substructures with AUCs of 93.0%, 80.3%, 89.1%, and 71.0% for cyanide, DNA, GSH, and 

protein, respectively. The model’s performance was similarly strong on the 313 α–β 
unsaturated aldehyde in this same data set (Supporting Information). These assessments 

demonstrate that the reactivity model can accurately model the reactivity of aldehyde 

containing compounds.

A Census of Reactive Aldehyde Metabolites

The aldehyde products from the carbon-side of N-dealkylation reactions are frequently 

omitted in the literature. The training data set contained 1290 N-dealkylation producing 

aldehyde metabolites, yet only 26 of these reactions were reported with aldehyde 

metabolites. Of these 26 aldehydes, the literature reports 16 and 21 conjugate to GSH and 

DNA, respectively. Moreover, several of the aldehydes unreported from these reactions 

appear to be reactive (Figure 7). This omission underscores the large gaps in the literature 

and suggests the potential importance of aldehydes in toxicity pathways too.

Next, we studied the aldehyde metabolites of the reported N-dealkylation reactions of 

approved and withdrawn drugs. The complete list of these drugs, their aldehyde metabolites, 

and reactivity scores are provided in the Supporting Information. Several hepatotoxic drugs 

with unknown mechanisms of hepatotoxicity,48 such as indinavir, piperacillin, verapamil, 

and ziprasidone, are predicted by the reactivity model to have aldehyde metabolites more 

reactive than the parent drug and all the rest of their reported metabolites in the AMD 

(Figure 8). Although piperacillin toxicity has been recently associated with β-lactam ring 

opening and subsequent protein conjugation, metabolic studies on this antibiotic did not 

assess the reactivity of its acetyl aldehyde metabolite produced via N-demethylation, a major 

in vitro and in vivo metabolic pathway of piperacillin.49 This omission adds to the evidence 

that N-dealkylation may be an under-appreciated bioactivation pathway. Reactive aldehydes 

could contribute to hepatotoxicity of these drugs. In future work, we plan to study these 

pathways and confirm them in appropriate in vitro studies.

When a N-dealkylation reaction is reported in the literature without reporting the aldehyde 

metabolite, it is unclear if the aldehyde is unreported because (1) it was observed but not 

deemed important enough to report, (2) it was not observed because experiments were not 

tuned to detect them, or (3) it was not observed because it is a reactive metabolite that 

conjugates to protein. This final case is most concerning because these aldehydes could 

contribute to the toxicity of a large number of drugs. N-dealkylation appears to be a 

neglected bioactivation pathway that merits systematic study, especially in cases with 

evidence of idiosyncratic adverse events typically associated with reactive metabolites.

Modeling Bioactivation Into Reactive Aldehydes

We tested the bioactivation model on molecules that are known to produce reactive 

metabolites by N-dealkylation. The metabolism model’s training data set contains 112, 52, 
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and 3 molecules with N-dealkylation metabolites reported to be reactive with DNA, GSH, 

and protein, respectively. No training is done in this experiment, so the molecules here are 

just used for validation. In this task, the aldehyde metabolites that are not formed or are not 

reactive are intrinsic negative controls. For each molecule, the goal is to predict the known 

reactive first, above all possible N-dealkylation metabolites.

The bioactivation model can predict reactive metabolite generated through N-dealkylation 

with high accuracy (Figure 9). The bioactivation model can rank the metabolites observed to 

be reactive with DNA, GSH, and protein at the first position 79.4%, 75.0%, and 66.6% of 

the time. Averaging the AUC of the metabolites associated with each molecule, the 

bioactivation model ranking predicts observed reactive metabolites with accuracies of 

95.4%, 95.7%, and 86.6% for DNA, GSH, and protein, respectively. The Supporting 

Information includes the metabolite structures and their bioactivation model scores, with the 

reactive aldehyde labeled.

The three molecules known to have toxicity associated with reactive metabolites generated 

by N-dealkylation: a trifluor-oacetaldehyde (TFALD) precursor,41 isfosamide,50,51 and 

terbinafine (TBF)10 illustrate the model’s predictions (Figures 10 and 11). The bioactivation 

model correctly identifies the toxic metabolite in all three cases (Figures 10 and 11). In the 

first case, the TFALD precursor, TFALD is identified with high probability and is known to 

cause cytotoxicity52,53 The second case, ifosamide is an anticancer prodrug that is 

extensively metabolized by P450.50 Ifosamide’s hepato- and nephrotoxicity-profile has been 

attributed to chloroacetaldehyde, a metabolite formed through N-dealkylation of ifosamide.
51 For both cases of TFALD precursor41 and ifosfamide,50,51 the combined model correctly 

ranks known reactive metabolites (TFALD and chloroacetaldehyde) as the most likely 

reactive metabolites produced by N-dealkylation from the parent molecules (Figure 10). The 

antifungal TBF, the third case, is more complicated. The correct metabolite is identified 

(Figure 11), however it is assigned a low probability, just 6%. As we will see, this is because 

the reactive metabolite may be formed by double rather than single dealkylation(s) from 

TBF.

These results are encouraging. No training is need to sequentially apply the metabolism and 

reactivity models. So without fitting an parameters, it appears the bioactivation model can 

correctly identify reactive aldehydes in drug-like molecules. A better analysis might include 

more molecules, but aldehyde toxicity is not studied enough to be sure any aldehydes safe.

Bioactivation of Terbinafine

TBF is a widely used antifungal agent. The most common adverse side effects associated 

with oral terbinafine treatment are mild to severe gastrointestinal and cutaneous reactions.55 

However, TBF causes transient liver injury in at least 1% of patients, which may progress to 

death or fulminant liver failure.56,57 Consequently, oral TBF prescriptions require regular 

monitoring of liver enzymes.9,56 Hepatotoxicity is thought to be caused by 7,7-

dimethylhept-2-ene-4-ynal (TBF-A, Figure 11). This reactive metabolite was only 

demonstrated 15 years after marketing TBF worldwide and was not identified by standard 

reactive metabolite screens.10
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Although TBF-A was eventually identified as a reactive metabolite, the exact mechanism of 

its formation is unclear.10,40,54 TBF-A has been proposed as a metabolite of TBF,10 but there 

are several pathways possible, and the precise pathway was not identified. TBF possesses 

three N-alkyl groups that are susceptible to oxidative cleavage. These metabolic reactions 

may generate reactive TBF-A in a single dealkylation (path A, Figure 11) or multiple 

dealkylations (paths B–D, Figure 11). The model identifies the most probable pathway (path 

B, Figure 11). Though beyond the scope of this computational study, preliminary 

experimental data suggest the double-dealkylation pathway is more important.

A sequential dealkylation pathway to forming TBF-A might explain why it was not detected 

in the glutathione trapping experiments commonly used to screen for reactive metabolites. 

Likewise, TBF-A may be more reactive with proteins than with GSH, as many aldehydes 

are, and therefore not be reliably trapped by GSH. These are all reasons TBF-A’s role as a 

reactive metabolite might have been missed for so long and highlight the promise of using 

computational modeling alongside experimental screens. We envision a joint approach. 

Computational models might identify reactive metabolites missed in the experimental 

screens. Further study would then verify or rule out these metabolites, so the risk factors of a 

molecule can be more reliably understood.

At the same time, the TBF case study demonstrated the limitations of the current 

bioactivation model, which only considers single-transformation bioactivation even though 

multiple-transformation bioactivation is important too. Our immediate goals are to expand 

the range of metabolism that can be modeled and then use these models to predicting 

multiple generations of metabolites. Combining reactivity models with this comprehensive 

metabolism model might enable bioactivation modeling for most drugs.

■ LIMITATIONS AND FUTURE WORK

The most prominent limitation of the current approach is that it does not consider competing 

metabolic pathways and multiple metabolic transformations. For example, a molecule can 

undergo either hydroxylation and then dehydrogenation at one site or N- dealkylation and 

then reduction at another site. We are currently developing comprehensive models to predict 

competing Phase I and II metabolic pathways. Our next goal is being able to predict the 

complete metabolic network for a test molecule. Ultimately, we aim to build comprehensive 

metabolic and reactivity models. Perhaps a first step might extend this approach to O-

dealkylation, another reaction that produces aldehydes. Alternatively, we could include 

epoxidation or quinone formation, both of which often produce reactive molecules and are 

predicted by models previously published by our group.

Just as important, this model does not account for all important factors. Dosage, co-

administered medicines, and patient factors (age, co-morbidities, genetic variations) also 

play important roles in adverse drug reactions (ADR). For example, limiting daily dose to 

under 20 mg/day can significantly decrease ADR.58 Similarly, understanding the factors 

governing which specific proteins and amino acid are bound by reactive metabolites may be 

important to understanding toxicity.59 While taking all of these factors in to account will be 
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a daunting task, we believe that models solving smaller problem like ours are steady steps 

toward this goal.

Finally, as with any machine learning approaches, there is no guarantee that the models’ 

applicability domain will extend beyond their training domain of metabolically studied small 

molecules. Proprietary chemical domains such as natural products and peptide-based drugs 

that are actively explored by pharmaceutical companies may not be well suited to the current 

models trained on literature-derived data. However, this approach could be easily applied to 

new data to expand its domain of applicability.

■ CONCLUSION

This study demonstrated a deep network model for predicting N-dealkylation leading to the 

formation of reactive aldehydes. The model predicted sites of N-dealkylation for HLM 

substrates with top-two, average N–C AUC, and global N–C AUC accuracies of 96.6%, 

93.7%, and 95.6%, respectively. We also predicted reactive and potentially toxic metabolites 

by combining metabolism and reactivity models into a bioactivation model. One limitation 

to the current approach is that it does not automatically consider multiple metabolic steps. 

More comprehensive modeling of bioactivation pathways is on the horizon and actively 

being developed by our group. Even so, we identified multistep pathways for terbinafine. 

Likewise, we identified several drugs (indinavir, piperacillin, verapamil, and ziprasidone) 

that are hepatotoxic by unknown mechanisms of hepatotoxicity and produce reactive 

aldehyde metabolites by N-dealkylation. This suggests that N-dealkylation may be an under-

appreciated bioactivation pathway and that it should be more carefully reported and assessed 

in metabolic studies. These results also encourage continued work toward building 

comprehensive models of bioactivation, to consider the full range of metabolic 

transformations.
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Refer to Web version on PubMed Central for supplementary material.
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ABBREVIATIONS

ADR adverse drug reaction

AMD Accelrys Metabolite Database

AUC area under the receiver operating characteristic curve

CYP cytochromes P450

HLM human liver microsomes

N–C nitrogen–carbon

N-dealkylation nitrogen dealkylation

TBF terbinafine

TBF-A 7,7-dimethylhept-2-ene-4-ynal

TBF-D desmethyl terbinafine

TFALD trifluoroacetaldehyde
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Figure 1. 
N-dealkylation can alter the efficacy and safety profile of drugs. Three drugs (with site of 

metabolism circled) demonstrate different outcomes of N-dealkylation. Although N-

dealkylation produces two metabolites, only one observed metabolite for each reaction is 

shown. (Left) N-dealkylation of a morphine, an analgesic drug, produces normorphine, 

pharmacologically inactive and more soluble metabolite that can be easily excreted in 

comparison to the parent compound.30 (Middle) N-dealkylation of fluoxetine, an 

antidepressive drug, generates norfluoxetine, the active metabolite responsible for the 

majority of fluoxetine’s therapeutic effects.3,4 (Right) N-dealkylation of terbinafine gives 

rise to 7,7-dimethylhept-2-ene-4-ynal (TBF-A), a reactive metabolite that can conjugate to 

proteins and lead to toxicity.10
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Figure 2. 
Size of each data set. Each data set contains unique N-dealkylation substrates metabolized 

by the corresponding cytochromes P450 (CYP) isozyme or in human liver microsome 

(HLM). The size of each data set reflects the contribution of each enzymatic entity to N-

dealkylation metabolism. Many of the substrates are metabolized by multiple CYP isozymes 

and HLM. The combined data set contains 883 molecules.
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Figure 3. 
The structure of the N-dealkylation model. This diagram shows how information flows 

through the model, which is composed of one input layer, three hidden layers, and one 

output layer. This model computes predictions for each N–C bond in a test molecule. From 

the 2D structure of an input molecule, 16 molecule-level, 7 bond-level, and two sets of 179 

atom-level descriptors are calculated. All nodes in the second hidden layer feed to the output 

layer of 10 nodes (each corresponds to a cytochrome P450 isozyme or human liver 

microsome). In the diagram, bars represent vectors of numbers. Layers are colored red, 

purple, and blue corresponding to, respectively, molecules, bonds, and atoms. The model has 

6375 weights.
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Figure 4. 
Metabolites formed by N-dealkylation. C–N bond breakage during N-dealkylation creates 

two metabolites, one from each side of the bond. The nitrogen-side metabolite (R2NH) has a 

hydrogen in place of the leaving alkyl group. The carbon-side metabolite is an aldehyde/

ketone (RCOH/RCOR). Trifluoroacetaldehyde (TFALD) precursor’s site of N-dealkylation 

is circled.41
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Figure 5. 
The HLM accurately predicts metabolism of most molecules. Cross-validated human liver 

microsome (HLM) N-dealkylation scores on example drugs from our training data are 

shown. Experimentally observed HLM sites of N-dealkylation are circled. The model gives 

the highest score to the correct sites in all these cases.
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Figure 6. 
The model makes well-scaled predictions, corresponding to probabilities. The bar graphs 

plot the distributions of scores across 4071 dealkylated and nondealkylated N–C bonds. The 

solid lines plot the percentage of N–C bonds that are dealkylated by human liver microsome 

(HLM) (using non-normalized frequencies) in each bin. The diagonal dashed lines indicate a 

hypothetical perfectly scaled prediction. HLM N-dealkylation score has a strong correlation 

to a perfectly scaled prediction (R2 value of 0.975 and RMSE of 4.759%). This means that 

the score is interpretable as the probability that a N–C bond is metabolized in HLM. 

Reliability diagrams for all cytochrome P450 isozymes in the multitarget model are in the 

Supporting Information.
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Figure 7. 
Reactive aldehyde metabolites. We computed the structures of all aldehyde metabolites 

generated from observed N-dealkylation reactions. Next, we applied the reactivity model to 

these predicted metabolites to assess their reactivity.5 Examples of the aldehyde metabolites 

and their reactivity predictions are shown. The molecular reactivity scores (MRS) are 

bolded. The number of molecules known to produce this metabolite are shown in 

parentheses. Experimentally determined sites of reactivity are circled.
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Figure 8. 
Reactive aldehyde metabolites formed by N-dealkylation reactions. Of 1925 approved and 

withdrawn drugs, the literature reports N-dealkylation reactions for 380. The aldehydes 

formed by these N-dealkylation reactions were inferred, and their reactivity was assessed 

with a previously published reactivity model.5 (Left) The distribution of reactivity scores 

above 0.3 for glutathione (GSH), protein, and DNA molecule reactivity. For reference, the 

reactivity scores of N-acetyl-p-benzoquinone imine, a well-known electrophile responsible 

for acetaminophen’s toxicity, are 0.75, 0.54, and 0.38 for GSH, protein, and DNA, 

respectively. (Right) Several drugs that are (1) known to be hepatotoxic (2) by unknown 

mechanisms also (3) appear to form reactive aldehydes. These aldehyde metabolites were 

predicted to be more reactive than the parent drug as well as their other observed 

metabolites, so these aldehydes might be the mechanism of toxicity.
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Figure 9. 
The bioactivation model accurately identifies reactive metabolites produced by N-

dealkylation. The training data set contains 112, 52, and 3 molecules that produce through 

N-dealkylation metabolites reported to conjugate to DNA, GSH, and protein, respectively. 

(Top) Top-N are the percentages of molecules which have their observed reactive metabolite 

predicted in the first-, second-, or third-rank positions by the bioactivation model. (Bottom) 

AUC for predictions of all metabolites produced via N-dealkylation from each molecule is 

computed and then averaged across the whole data set, measuring the per-molecule 

performance.
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Figure 10. 
Combination of metabolism, metabolite structure prediction, and reactivity models to predict 

reactive metabolites. The combined model predicts the most likely reactive metabolites 

produced by N-dealkylation from precursor molecules. Example molecules are 

trifluoroacetaldehyde precursor41 and ifosfamide.50,51 Terbinafine is discussed in the next 

section and figure.
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Figure 11. 
Terbinafine is predicted to form its reactive metabolite by two sequential dealkylations. 

Multiple metabolites generated by N-dealkylation of terbinafine have been observed.10,54 

The reactive metabolite 7,7-dimethylhept-2-ene-4-ynal (TBF-A, depicted) was identified as 

a key mediator of hepatotoxicity.10 It is proposed that TBF-A is formed directly from 

terbinafine single dealkylation (dashed arrows, P = 0.06), but several alternate pathways are 

possible. The model computes the probability of each pathway, finding that TBF-A is most 

likely formed by two sequential dealkylations (path B, P = 0.27) through the intermediate 

desmethyl terbinafine (TBF-D). Supporting this prediction, TBF-D is reported as a 

metabolite of TBF by some studies.54 This suggests a revision of the single dealkylation 

pathway reported in the literature (path A, P = 0.06).
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Table 1

Classes of N–C Bonds in the Heuristic Model and the Probability of Being N-Dealkylated by HLM

Group Percent Metabolized Example Reaction

Methyl32 64.51%

Short alkyl33 64.51%

Non-aromatic ring34 5.41%

Other35 16.98%
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Table 2

Scores and Dataset Sizes for Reactive and Nonreactive Moleculesa

mean score number of compounds

reactive nonreactive reactive nonreactive

protein 0.23 0.06 20 222

GSH 0.32 0.03 48 1082

DNA 0.31 0.03 10 195

cyanide 0.16 0.02 1 128

a
For the HLM model, a reasonable cutoff might be a score of 0.1–0.15. However, our model uses the score itself as a probability in downstream 

analysis.
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