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ABSTRACT OF THE THESIS

Metabolite Identification in 1H-13C HSQC Spectra is an Image Tagging Problem

by

Jerry Zhang

Master of Science in Computer Science

University of California San Diego, 2023

Professor Garrison Cottrell, Chair

Metabolomics, or the study of compounds essential for cellular function, is a field with

increasing application in the research of organisms and organic systems; one component of this

is the automatic identification of metabolites from the spectral analysis of samples. This can

be challenging, however, due to chemical shifts on account of laboratory conditions, as well as

noise arising from the experiment itself. In this work, we develop an approach to this task using

a convolutional neural network (CNN) on 1H-13C nuclear magnetic resonance (NMR) spectra.

With very limited experimental data, we synthesized our own set of metabolic mixture data and

trained the neural network to achieve good performance compared to other automatic metabolite

identification methods predicting from NMR data.
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Chapter 1

Introduction

Deep learning is rapidly becoming the most widely used method for automating tedious

tasks in other fields; metabolomics is not an exception [5]. Within metabolomics, several tasks are

ripe for deep learning applications, such as identifying molecular structure [22], classification of

compounds and samples [9], and medical diagnoses [23]. The numerous and varied downstream

applications of metabolomics research makes advancement in automated methods all the more

important, especially for tasks more basic and general such as the identification of compounds

from NMR spectra. This work therefore seeks to take one step in the improvement of this area.

The following introduction is laid out as follows: a brief explanation of the relevant parts

of NMR spectroscopy is given, then we discuss previous methods applied to similar tasks, and

finally we explain the mechanics of convolutional neural networks, which constitute the approach

of this work.

1.1 Nuclear magnetic resonance (NMR) spectroscopy and
metabolomics

“Metabolomics” refers to the study of small molecular compounds responsible for

essential cellular functions, including energy production and storage: these compounds are ap-

propriately named “metabolites” [11]. Metabolomics is a rapidly expanding field with increasing

applications. The extraction, processing, and analysis of the ”metabolome” of an organism or
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system can provide insight into its metabolic health, as well as for the development of therapies

including for cancer and neuro-degenerative diseases [6]. To this end several methods have been

developed for representing and analyzing these molecular compounds, and among these the most

commonly used are liquid chromatography with mass spectrometry (LC-MS), gas chromatogra-

phy with mass spectrometry (GC-MS), and nuclear magnetic resonance spectroscopy (NMR)

[7].

In NMR spectroscopy, experiments reveal how the nuclei of a specific element are

distributed in the molecules of a sample [3]. This is data is collected by exploiting magnetic

properties in the nuclei of these biological compounds using radio-frequency (RF) waves.

During the experiment a sample is irradiated with RF waves, which may be grouped into “pulse

sequences,” causing the nuclei to flip spin states. When the RF waves are disabled, the nuclei

emit electromagnetic waves in the time domain as they return to equilibrium. These emitted

signals are then processed via Fourier transformation and are ultimately what are represented in

the NMR spectra (this is why the axes are measured in terms of resonant frequency). The whole

process may be likened to moving the needle of a compass, and observing its returning to face

north [3]. This method of spectroscopy has seen an increasing interest over other experiments

due to its relatively easy preparation process, its quantification of metabolite levels, and its

nondestructive nature; however, among its disadvantages is its lower sensitivity when compared

to other experiments [7].

Within NMR spectroscopy exist several more types of experiments. For example, one-

dimensional 1H spectra are one of the more commonly analyzed for metabolomics [3]. However,

this method suffers from overlapping resonances that obscure peak identification. Another

method of NMR spectroscopy involves heteronuclear pulse sequences which detect bonds

between 1H nuclei and 13C nuclei: this makes the the process of identifying compounds faster

and easier. Experiments of this kind includes heteronuclear single quantum coherence (HSQC),

multiple quantum coherence (HMQC), and multiple bond coherence (HMBC) [1]. Examples of

these spectra are shown in figure 1.2. In this work we deal with exclusively HSQC spectra.
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Figure 1.1. An illustration of the NMR data collection process. (A) The emission of EM
waves. (B) The capturing of waves in the time domain as free induction decay (FIDs). (C) The
application of the Fourier transformation to obtain the NMR spectrum in the frequency domain.
Figure taken from [3].

3



Figure 1.2. An example of NMR spectra from yeast metabolite extract. (A) is a 1D 1H spectrum
and (B) is a 2D HSQC spectrum of the same sample. Each of the axes represent resonant
frequency, also referred to as chemical shift: 1H is given on the x axis and 13C on the y axis.
Figure taken from [3].
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1.2 Previous approaches

Many approaches to this problem use a comparative approach to databases which contain

spectral samples of several hundred individual metabolites under different experiments, for ex-

ample: the Human Metabolome Database (HMDB) [20] and the Biological Magnetic Resonance

Data Bank (BMRB) [15], which are both also used in our approach. MetaboMiner [21] is one

such approach which algorithmically assigns “uniqueness” values to peaks based on a library of

spectra to compare to spectra gathered for inference. These are used to query peaks to identify

them according to the reference library, conditioned under a set of authenticity checks—rules

which help reduce false positives. The algorithm first performs a reverse-search using these

values, where library peaks are matched against query peaks. Then, for unmatched peaks, a

forward search is performed against the reference. This approach was performed both for total

correlation spectroscopy (TOCSY) and HSQC spectra. COLMAR is a similar approach which

uses a matching ratio to compare experimental spectra to reference spectra, and they also define

a “uniqueness” parameter, though different from MetaboMiner and mostly used to reduce false

positives. In addition, they consider spectra under different isomeric states to further refine their

analysis [2]. SpinAssign is another approach which uses statistical indexing and a reference

chemical shift database [4].

Some approaches use learning algorithms, including deep neural networks, for similar

tasks in metabolomics. Decision trees, discriminants, support vector machines (SVM), and

k-nearest neighbors (kNN) have been used to classify spectral data gathered from food [9]. A

deep neural network has also been used by [19] on 1H spectra to predict microbes. MetFID is a

deep convolutional neural network (CNN) to predict molecular fingerprints and rank metabolite

identification, but on mass spectroscopy data [8].

SMART-Miner uses a CNN to identify metabolites from HSQC spectra [12]. Specifically,

they use a U-Net [17], adding a classification output in the middle of the model. The addition

of this classification output is necessary because by design U-Net is a semantic segmentation

5



Figure 1.3. AlexNet, a CNN which was trained on natural images from the ImageNet database.
The convolution operation is often depicted as a volume, since the images retain their 2-
dimensional shape and the feature maps from each kernel can conceptualized as stacked planes.
Figure from [13].

model. That is, the model predicts outputs over an array of values—effectively a map over the

input—rather than a single vector of labels. With this classification output, they treat the task as

a kind of image categorization problem: given a set of peaks and a query location, they classify

the image into one of several hundred potential compounds. Simultaneously, at the output of the

U-Net, they identify all the other peaks in the mixture that correspond to the predicted compound

(see figure 2.2). Our work takes this approach as a baseline and seeks to show how reformulating

the task as an image tagging problem can make the model simpler, while also avoiding the

problem of overlapping peaks which is present in SMART-Miner.

1.3 Convolutional neural networks

Convolutional neural networks are deep neural networks that make use of convolutions

to compute the same features across an image, reducing the number of parameters in the model

necessary to extract features from the image [13]. Specifically, instead of each input being

connected to every output by a weight in a given layer of the neural network, several kernels

(which are the parameters of the model) are cross-correlated across the input, and the output

can be considered a “feature map” of the kernels (see figure 1.3). This significantly reduces

the complexity of the model since the parameters consist only of these kernels, which each can

6



be tens or hundreds of parameters, instead of connections across every input and output. At

the same time, this operation exploits properties of images, e.g. the correlation of pixels in a

local region and the multiple-occurrence of features across and image. The sequencing of many

layers—as in the case of fully-connected neural networks—enables the model to learn more

complex features for the task.

ResNet [10] is a further specification of a family of CNNs which make use of residual

connections—connections across layers that cause the model to learn residual functions instead

of unreferenced functions. These are shown to be easier to optimize than standard convolutional

networks, and have an increased gain from depth. This family of models was trained and

evaluated on the ImageNet [18] dataset, and like many deep CNNs is built up by a repeating

set of similar blocks which terminate finally with a fully-connected linear layer to generate a

prediction over a distribution of classes (see figure 1.5). Because of its design as a classification

model, ResNet seems an appropriate choice to approach the task of tagging metabolites given

images of HSQC spectra.

U-Net [17], on the other hand, is a model primarily designed for semantic segmentation

and as a consequence has an entirely different structure (see figure 1.4). It consists of an encoding

portion, where the input trades in fine-grained detail for a deeper feature representation, as well

as a decoding portion, where the fine-grained information is reproduced from this feature space.

To make this reproduction easier, copy connections are allowed at each level of the U-Net. Most

importantly, the output of this model is the same shape as the input; thus in order to obtain

predictions over classes, an output prediction has to be obtained from somewhere else in the

model. Following SMART-Miner, it makes sense to collect this prediction at the “bottom” of the

U-Net, where the representation is the most highly encoded in latent space. The ordinary output

of the U-Net might then be used for some auxiliary task to improve the model’s performance on

the main task; such is the case with SMART-Miner’s prediction of all peaks corresponding to the

metabolite which it predicts.

In addition to the above applications of CNNs, CNNs have also been used for other

7



Figure 1.4. The SMART-Miner model, which is a U-Net model with a softmax prediction layer
in the middle of the model. Figure from [12].

tasks within NMR metabolomics, such as predicting molecular structure [16] and spectral peak

deconvolution [14]. These examples show the viability of CNNs as an avenue for processing

and analyzing these types of data. In our formulation of the task as a tagging problem, we use

ResNet models as well as demonstrate how SMART-Miner’s use of the U-Net model can be

adapted from classification.
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Figure 1.5. The ResNet34 model, which is the variant of ResNet with 34 layers. Skip connections,
which cause the model to learn residuals between layers, are shown to connect inputs and outputs
across convolutional layers. Figure from [10].
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Chapter 2

Methods

Our work for the task is constituted by three main efforts: first, we specify and collect the

data (or more specifically synthesize the data), then we develop and implement our models for

the problem, and finally we conduct experiments in order to achieve the best-performing model

for the data.

2.1 Dataset

One of the primary obstacles in automated metabolomics, particularly within the subset

of HSQC spectroscopy, is a lack of available training data for which a list of known metabolites

can be provided for an example spectrum. In fact, the few examples that have been studied were

the result of synthesizing pure compounds in a laboratory [21]. In automated methods, they are

most often reserved for use at evaluation time [12].

Therefore, following [12] an artificial dataset of HSQC spectra was collected; these

examples were constructed by combining the known spectra of individual metabolites from the

HMDB and BMRB databases, which in total represent 657 metabolites and 1006 HSQC spectra

(some metabolites have multiple spectra corresponding to various laboratory conditions). From

these data, which are provided as a list of peaks for each metabolite, a mixture can be simulated

by overlaying several spectra on top of each other. It should be noted that this process ignores

interactions between metabolites that might occur in an actual experiment. In addition, the data

10



Figure 2.1. An example of the dataset generation process. Top row: the process of combining
several metabolites into a mixture. Bottom row: Performing augmentation by removing actual
peaks and adding noisy ones.

is provided in bitmap format, which means that rather than displaying peaks as concentric rings,

a single bit is placed at location of highest intensity of each peak, and the rest of the intensity

information is discarded (see figure 2.1).

Since under experimental conditions some peaks might fall below the detection range

of the device, and spurious peaks may be present (due to water artifacts, for example) [21],

we created four datasets at various noise levels (table 2.1). To simulate the above conditions,

we apply random augmentation parameterized by deletion probability and additive proportion:

deletion probability specifies the probability for each peak to be randomly deleted from the

dataset, and additive proportion is multiplied with the number of peaks already in the mixture to

specify how many additional peaks to add, randomly distributed through the spectrum.

Each dataset is constructed by randomly selecting 10 to 40 metabolites from the database

and overlaying their spectra to synthesize a mixture. Then, in addition to the noise augmentation

procedure describe above, we also randomly shift the spectrum by 0.05 in the proton dimension

and 0.5 in the carbon dimension. This shift is also performed to increase the robustness of the

11



Table 2.1. The parameters used to generate each of the four datasets by noise level.

Noise level Deletion probability Additive proportion
0 0.00 0.00
1 0.04 0.04
2 0.08 0.08
3 0.16 0.16

model to experimental conditions. These datasets each contain 500,000 training examples and

50,000 held-out examples.

2.2 Models

Following [12], we used deep convolutional networks to approach this task; however,

while they use a query peak channel to obtain a probability distribution over metabolites for each

individual peak, we use an output layer of logistic units, thus obtaining a probability for each

metabolite over the whole spectrum.

One of the advantages of this approach is simplicity: the use of a query channel results in

inputs with an extra channel of inputs, which doubles the number of input data points. Moreover,

our approach is faster, since the metabolites for all peaks are predicted simultaneously in one

pass of the model, while in the previous method each peak would require its own pass through

the model (or a batch size which is equal to the number of peaks in the mixture, if batched input

is allowed).

The other advantage of this approach is the resolution of overlapping peaks. In HSQC

spectra, there is a possibility that peaks from multiple metabolites overlap and appear as one

peak [12]. In the previous peak-by-peak approach, each metabolite competes for weight in the

probability distribution predicted by the model, and it is therefore impossible to distinguish

when the model has an uncertain prediction versus when there are multiple metabolites present

under one peak. This is a result of formulating the problem as categorization so that a softmax is

computed over the output of the model, which calculates a probability distribution (equation 2.1).

12



Figure 2.2. An example of inputs and outputs to SMART-Miner. In our model, we remove
the need for the second channel from the input, and the label becomes a one-hot vector which
encodes all present metabolites. Figure from [12].

This issue is resolved in the current approach, since the case of overlapping peaks is handled

implicitly by the model. That is, in the formulation of the task as a tagging problem, at the

output of the model the predicted probability of each metabolite is independent from each other

metabolite (equation 2.2).

softmax(z)i =
ezi

∑
K
j=1 ez j

(2.1)

σ(z)i =
1

1+ ezi
(2.2)

The trade-off made with this approach is interpretability. Namely, by predicting metabo-

lites peak-by-peak, a “map” of the predictions can be obtained from the model, while with the

current approach the correspondence between peaks and metabolites is not so clear. This is, how-

ever, not a crippling trade-off, since by using the existing databases and basic pattern-matching it

is not too difficult to recover a metabolite-to-peaks correspondence map.

13



In this work we use ResNet models, which are deep convolutional networks with residual

connections [10]. In order to fit the models to our task, we add a final linear layer to the model

which changes the number of output units from 1000 (the number of classes in ImageNet) to 657

(the number of metabolites in our database), as well as an initial convolutional layer to increase

the number of input channels to 3, which is expected from the model since it was trained on RGB

images. We also experiment with a U-Net model in a similar fashion to SMART-Miner; however,

in order to adapt the model to an image tagging approach we continue to apply the logistic

activation at the output computed at the bottom of the U-Net. At the ordinary output of the U-Net,

we perform an auxiliary task of reproducing the input but without peak augmentation—that is, the

spectrum without any additional peaks, and the deleted peaks recovered (see figure 2.3. The loss

function for this model is then the sum of the classification loss and this auxiliary reproduction

loss. This was designed with the aim of encouraging the model to learn the correspondence of

peaks to metabolites, even in the presence of noise.

2.3 Training

A hyper-parameter grid-search was performed with the ResNet18 and U-Net models over

the following: a learning rate of 1×10−3 and 1×10−4 and a L2 penalty of 1×10−4, 1×10−6,

and 0. The ResNet18 model is trained for 80 epochs, and the U-Net model for 40 (the U-Net

model converges more quickly, but takes more time per iteration). Each model is trained with the

Adam optimizer on binary cross entropy loss. An initial test showed that training from pretrained

weights (e.g. from ImageNet) and from scratch did not affect the final result of the model on

the hold-out dataset. From these results, the best models were chosen by best F1 score on the

hold-out dataset.

The training of these models was performed on a GPU cluster with GPUs such as

NVIDIA GeForce GTX 1070, 1080, and 1080Ti, which range in video memory from 8GB to

12GB. With the above parameters, ResNet18 took about 14.5 hours to train, and U-Net about 36

14



Figure 2.3. An example of inputs and outputs to our U-Net approach. In the output image, delete
peaks have been recovered and added peaks removed. The label is a list of metabolites rather
than a single prediction.

15



hours. The models with all training and evaluation pipelines were implemented in Python with

the PyTorch framework.
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Chapter 3

Results and Discussion

After training the model, we evaluated its performance on both a generated test set as

well as a set of experimental data used by other methods for evaluation [12]. In the following

section, we show and explain our results on the training process, our generated dataset, and this

experimental dataset.

3.1 Training performance

Results for the hyper-parameter grid search are shown in figures 3.1 and 3.2. From these

data it is clear that a higher learning rate yields better performance on the ResNet model, but

the reverse is true for the U-Net model. For both models, we observed that precision increased

as the L2 weight penalty increased, but at the expense of recall. Optimizing for F1 score, we

selected the middle-ground on this parameter for both models.

The models’ performance (loss and F1 score) on the hold-out dataset over training

iterations is shown in figures 3.3 and 3.4. In all these plots it is universally the case that as

the noise level increases, the model converges to a lower F1 score and to a higher loss. This

suggests that as the noise level increases, the model is not able fully recover its ability to encode

the metabolites’ spectral data. However, the robustness that the noise augmentation lends the

model is still helpful in test cases, as discussed below. A direction for future work might include

developing more complex models capable of distinguishing signal and noise, or training a model
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Figure 3.1. Results of grid-search over hyper-parameters for the ResNet18 model (“lr”=learning
rate and “weight decay”=L2 penalty).
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Figure 3.2. Results of grid-search over hyper-parameters for the U-Net model.

using curriculum-based learning to gradually make the model more robust to noise.

Also apparent in the plots is U-Net’s degradation in performance as noise level increases,

especially when compared to ResNet18 (U-Net also has a higher loss overall, but this can be

attributed to the additional loss of the auxiliary task of regenerating the peaks at its output).

This finding agrees with the test results shown below, and indicates that the model might not be

complex enough for the more difficult noise-augmented task.

3.2 Test set performance

The model was evaluated on a test set of data generated by the same process outlined

above, but never seen by the model or used for tuning (table 3.1). The performance shows that

it is possible for a model to capture the relationship between HSQC spectra and metabolites,

without the need for hand-crafted rules or algorithms. From these test results we observe that the
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(a) ResNet18

(b) U-Net

Figure 3.3. Loss on the hold-out dataset of the ResNet18 and U-Net models during training at
each noise level. Each plot is the average over three runs.

20



(a) ResNet18

(b) U-Net

Figure 3.4. F1 performance of the ResNet18 and U-Net models during training at each noise
level. Each plot is the average over three runs.
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noise augmentation process improves the performance of the ResNet18 model across all datasets,

while on the U-Net model this is only the case for the noisier datasets; in fact, the U-Net model

actually suffers a performance decrease on less noisy data when trained on noiser data. This

seems to indicate that, at least for the ResNet model, increasing the difficulty of the task allows

the model to generalize HSQC data better under various conditions. This may not be observed

for the U-Net model due to its smaller number of parameters and thus reduced complexity when

compared to ResNet18. This is supported by the model’s generally lower scores as well as its

greater performance degradation as the noise level of the test data increases.

We also evaluated SMART-Miner on our test datasets. Each example was reformatted to

a peak-by-peak approach; that is, each example becomes several examples—equal to the number

of peaks in the spectrum—which are then evaluated batch-wise on the model. Despite SMART-

Miner being trained on a similar synthetic dataset, we observe that its performance across all

datasets is markedly worse than ours, which suggests that there is a difference between their

synthetic dataset and ours (beyond the changes which are a consequence of the reformulation of

the task). Interestingly, the model still performs well on data without any shifts, which indicates

that our data encodes the information necessary to predict metabolite outputs. However, this

performance drops steeply once shift is added, despite SMART-Miner being trained on the same

shifting augmentation. Performance continues to drop when noise augmentation is applied,

which is expected since they obscure metabolite information, and SMART-Miner was not trained

with such augmentations.

3.3 Experimental dataset performance

The model was also evaluated on spectra obtained from actual NMR experiments, though

these mixtures were obtained synthetically so that their composition is known [21]. These are

the N925, N987, and N988 mixtures, which contain 27, 21, and 24 compounds, respectively (see

figure 3.5). The data was processed as in [12], i.e. DeepPicker was applied for noise removal
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Table 3.1. Performance (F1 score) of each model on the testing datasets. “No shift” means
a dataset in which the peaks were not shifted. For our models, the number in the parentheses
indicates which noise level the model was trained on.

Dataset (noise level)
Model level 0 & no shift level 0 level 1 level 2 level 3

SMART-Miner 0.801 0.388 0.402 0.373 0.285
ResNet18 (0) 0.959 0.956 0.910 0.877 0.778
ResNet18 (1) 0.963 0.964 0.942 0.928 0.864
ResNet18 (2) 0.962 0.969 0.951 0.937 0.905
ResNet18 (3) 0.965 0.965 0.950 0.945 0.918

U-Net (0) 0.938 0.936 0.878 0.834 0.713
U-Net (1) 0.931 0.928 0.893 0.859 0.781
U-Net (2) 0.925 0.923 0.895 0.879 0.793
U-Net (3) 0.911 0.919 0.872 0.866 0.823

and peak picking.

Also shown in figure 3.5 is a synthetic reconstruction of the experimental spectra—that

is, artificial spectra generated by the same method as the training data using the ground truth

labels provided with the spectra. From these overlays it is clear that the data remains very noisy

even after being processed. In particular there are many extra peaks in the streaks found in N925

and N988 (the result of water being present in the mixture during the experiment), as well as the

missing and spurious peaks across the whole spectra.

The results of our models, as well as a comparison to other metabolite identification

methods, are shown in tables 3.2, 3.3, and 3.4. From these results, we see that this deep learning

approach outperforms database look-up methods (HMDB and BMRB) as well as the SpinAssign

algorithmic method. Further, the results varying over noise level show some indication that the

noise augmentation method was effective in increasing the robustness of the model to noise. In

general our models show high precision scores; this is especially the case for our U-Net model,

which outperforms SMART-Miner in terms of precision on all spectra. This means that out of

the model’s predictions, the metabolites were more likely to be actually present in the mixture.

However, our models’ recall performance is not as good, and this results in a lower overall F1

score; even still, this F1 score still comes close to SMART-Miner’s and is competitive with other
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Figure 3.5. The three experimental spectra gathered in [21] and processed using DeepPicker
[14]. The top row shows the experimental data by themselves, and the bottom row shows the
experimental data with a synthetic reconstruction overlaid in red.

methods. On the N925 spectra, the ResNet18 model outperforms Metabominer; and on N988,

the ResNet18 model outperforms COLMAR. Our model obtains the worst performance on the

N987 spectrum, and it seems like generally the other methods also suffer worse performance

on this example. From the overlay shown in figure 3.5, this is likely due to the high number of

deleted peaks in this particular example.
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Table 3.2. Performance of each method on the N925 experimental spectrum. Data from [12].

Method Precision Recall F1 Score
SMART-Miner 0.70 0.70 0.70

COLMAR-HQSC 0.86 0.67 0.75
SpinAssign 0.19 0.65 0.29

Metabominer 0.65 0.56 0.60
HMDB 0.30 0.30 0.30
BMRB 0.22 0.22 0.22

ResNet18 (0) 0.50 0.41 0.45
ResNet18 (1) 0.36 0.30 0.33
ResNet18 (2) 0.56 0.52 0.54
ResNet18 (3) 0.67 0.67 0.67

U-Net (0) 0.63 0.52 0.57
U-Net (1) 0.67 0.59 0.63
U-Net (2) 0.62 0.48 0.54
U-Net (3) 0.75 0.56 0.64

Table 3.3. Performance of each method on the N987 experimental spectrum. Data from [12].

Method Precision Recall F1 Score
SMART-Miner 0.74 0.67 0.70

COLMAR-HQSC 0.90 0.43 0.58
SpinAssign 0.19 0.65 0.29

Metabominer 1.00 0.43 0.60
HMDB 0.05 0.05 0.05
BMRB 0.05 0.05 0.05

ResNet18 (0) 0.73 0.38 0.50
ResNet18 (1) 0.67 0.48 0.56
ResNet18 (2) 0.5 0.38 0.43
ResNet18 (3) 0.62 0.38 0.47

U-Net (0) 0.38 0.24 0.29
U-Net (1) 0.64 0.33 0.44
U-Net (2) 0.72 0.38 0.50
U-Net (3) 0.75 0.29 0.41

25



Table 3.4. Performance of each method on the N988 experimental spectrum. Data from [12].

Method Precision Recall F1 Score
SMART-Miner 0.68 0.63 0.65

COLMAR-HQSC 1.00 0.42 0.59
SpinAssign 0.24 0.38 0.30

Metabominer 0.84 0.67 0.74
HMDB 0.38 0.38 0.38
BMRB 0.13 0.13 0.13

ResNet18 (0) 0.67 0.25 0.36
ResNet18 (1) 0.67 0.33 0.44
ResNet18 (2) 0.75 0.375 0.50
ResNet18 (3) 0.92 0.46 0.61

U-Net (0) 0.62 0.33 0.43
U-Net (1) 0.67 0.33 0.44
U-Net (2) 0.70 0.29 0.41
U-Net (3) 0.70 0.29 0.41
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Chapter 4

Conclusion and Future Work

We proposed an automated system for identifying metabolites from HSQC spectra of a

mixture of compounds. We found that using by a logistic “tagging” model, we could achieve

competitive results by F1 score, without needing to use hand-crafted rule sets or using a peak-by-

peak query method. This results in a simpler model, with the added advantage that overlapping

peaks do not result in conflicting predictions. We used synthesized HSQC mixtures to show

that the model could learn the correspondence between peaks and metabolites, and evaluated on

experimental spectra to show competitive performance when compared to other methods.

A direction for future work is to recover the mapping from the peaks in a spectrum to

its corresponding metabolite, a mapping which was originally generated automatically in the

peak-by-peak approach. This should be relatively simple, because it is easier to predict which

peaks correspond to a given metabolite than to identify a set of metabolites from several hundred

candidates.

In addition, more research should be done to refine the model architecture. CNNs are

powerful vision models; however, in this case one of the core assumptions of CNNs (i.e. the

multiple-occurrence of features across an image) seems to be violated. Thus it seems a more

efficient model could be designed to exploit the specific properties of HSQC spectra.

Finally, one of the most challenging aspects of the task was the very limited amount of

available experimental mixture data. Ideally, we would want to train the model not on artificially
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synthesized mixtures, but on data collected from actual NMR experimental mixtures. This would

enable the model to capture the actual interactions between metabolites in NMR experiments, as

well as other side-effects of experimental data such as the presence of noisy peaks. If not enough

data could be collected for training, even the use of more data as a held-out dataset would greatly

help to tune the model for the down-stream experimental task. Thus more work should be done

to collect more known samples of experimental HSQC data.
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