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hyperparameter tuning, and their predictive performance needs
further improvement. In addition, these methods have
difficulty in handling high-dimensional data, are sensitive to
biased samples, and have expensive model training costs.13−15

Furthermore, it is challenging for machine-learning-based
functions to comprehensively extract the intricate intercorre-
lated relationships hidden within clinical metabolomics data.

Recently, deep neural network methods have been widely
applied across various fields, including computer vision,16,17

natural language processing,18,19 and speech recognition.20

Compared with traditional approaches, these methods have
demonstrated remarkable improvements in speed, accuracy,
and robustness. Since the launch of AlexNet,21 convolutional
neural networks (CNN) have been the dominant solution for
computer vision tasks, such as image classification,16,17,22

object detection,23,24 and semantic segmentation.25 Recent
studies26−29 have attempted to incorporate multilayer
perceptions (MLP) or recurrent neural networks (RNN)
into omics data analysis, primarily on RNA sequencing data.

For instance, Guo et al.26 proposed a combined framework
with an MLP and RF to understand the human microbiome for
identifying the T2D-related microbial markers. It trained an
MLP model with biomarkers selected by RF and achieved
better performance than other machine learning methods.
However, the MLP-based approaches are usually ineffective in
feature extraction and discovering intercorrelated relationships
compared with CNN or RNN models.30 Additionally, although
RNN can process one-dimensional sequence data, they are
difficult to use directly in clinical metabolomics data sets due
to the high dimensionality nature and small sample sizes.

CNN models have strong capabilities for extracting
discriminative features and learning latent knowledge from
2D or 3D data but cannot directly handle metabolomics data
in a 1D format. Some recent studies have attempted to convert
the 1D genomic and transcriptomic data to 2D images. For
example, Ma et al.31 introduced OmicsMapNet, utilizing
TreeMap to rank the transcriptomic data and map them into
2D structures. Sharma et al.32 proposed DeepInsight based on

Figure 1. Overview of MetDIT modules. (A) Schematic diagram of the proposed MetDIT system, which contains two modules: TransOmics and
NetOmics. (B). Pipeline of TransOmics. TransOmics encodes the normalized data with a polar coordinate system instead of the typical Cartesian
coordinates. The data were then transferred to RGB images with the Gramian summation angular matrix. (C). Block diagram of the feature
augmentation module (FAM) in NetOmics.
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the t-SNE, converting 1D data to 2D by minimizing the
Kullback−Leibler divergence between the feature distributions
in the 2D projection space and the original full-dimensional
space. Zhu et al.33 designed a transfer tool called IGDT that
locates correlated pixels in the converted results using feature
importance ranking. However, these image conversion
methods often produce higher resolutions, which can adversely
impact the model efficiency during training and inference.
Moreover, they do not adequately address challenges in
metabolomics data analysis, such as small sample sizes and
unbalanced groups, leading to overfitting. Additionally, the
model performance still has much room for improvement
when processing complex metabolomics data. To the best of
our knowledge, no previous studies have jointly leveraged data
transformation and CNN for clinical metabolomics data
analysis.

In order to address the aforementioned challenges, in this
study, we developed a novel deep learning system called
MetDIT for comprehensive and systematic clinical metab-
olomics data analysis. MetDIT comprises two components:
TransOmics and NetOmics. To overcome the limitations of
CNN models in effectively handling 1D metabolomic data, we
designed TransOmics, a transfer tool that converts the
metabolomics data to 2D images while maintaining one-to-
one input−output relationships. Subsequently, NetOmics
performs representation learning and classification of these
transferred samples. The proposed MetDIT introduces a novel
feature augmentation module and loss function to mitigate
overfitting risks due to the small sample sizes and unbalanced
case-control groups commonly present in clinical metabolo-
mics data sets. We compared the performance of our proposed
model in distinguishing diseases from the controls with the
classical machine learning and deep learning methods using
three clinical metabolomics data sets.

■ MATERIALS AND METHODS
Metabolomics Data Collection. We used three different

metabolomics data sets with varying analytical methods,
metabolome coverage, and biological questions (details in
Supporting Information Table S1). Briefly, the cachexia data
set (CA),34 an open benchmark data set from MetaboAnalyst
(https://www.metaboanalyst.ca), comprises 77 samples, in-
cluding 30 controls and 47 disease samples with 63 metabolites
measured by NMR. The restenosis data set (ISR) involved
untargeted metabolomics analysis to predict restenosis after
percutaneous coronary intervention (PCI).35 There were 48
patients with ISR and 59 control subjects, and 452 metabolites
were identified and recorded. The sepsis data set (fungal) was
obtained from Wang et al.36 and used broad-spectrum targeted
metabolomics to differentiate fungal infections with and
without resistance (n = 75 for patients infected with multi-
drug-resistant fungal species and n = 295 for patients infected
with susceptible fungal species; a total of 611 metabolites were
detected).

MetDIT Model Development. Overview of MetDIT. As
shown in Figure 1A, the proposed MetDIT contains two
components: TransOmics and NetOmics. TransOmics is
responsible for transferring metabolomic data into 2D images,
while NetOmics is applied for representation learning and
classification.

TransOmics. TransOmics is a specialized feature selection
and conversion tool designed for complex metabolomics data.
It incorporates several classical feature selection methods,

including random forest, decision tree, XGBoost,9
LightGBM,10 and CatBoost.37 Therefore, it can efficiently
complete the feature ranking from complex clinical metab-
olomics samples. Simultaneously, TransOmics also integrated a
variety of functions for data normalization. For the task of data
transfer, the proposed TransOmics can explore positional
information and maintain the one-to-one input−output
correspondence. Additionally, TransOmics can explore the
structural relationships in the original data. The converted
image samples comprise coherent pixels potentially containing
substantial structural information and latent knowledge. The
TransOmics includes three segments: feature selection,
normalization, and transformation. The pipeline of TransO-
mics is shown in Figure 1B. It is worth noting that TransOmics
can also be considered to be a high-performance tool for
feature selection and data normalization.

To maintain the structural relations, we encoded the
normalized data using a polar coordinate system instead of
typical Cartesian coordinates. Therefore, the sequence is
represented by the angular cosine and radius according to
the following equation

xarccos( )s
i= (1)

where the x̂s
i∈Xs denotes the ith normalized data point of the

selected biomarkers. After transforming the normalized clinical
metabolomics data with the polar coordinate system, we
obtained the angular perspective by considering the trigono-
metric sum of each element to identify the relationships
between different orders of selected biomarkers. Inspired by
the previous work,38 the correlation coefficients between ith
and jth data vectors were calculated using the cosine operation.
After encoding the selected data into a polar coordinate
system, we extracted the correlation coefficients between
different biomarkers and then represented them by the
gramian summation angular matrix (G), defined as follows

G X X I X I Xs s s s
2 2

= · · (2)

where I denotes a row vector of [1, 1,..., 1]. With the help of
the gramian summation angular matrix, we can encode the 1D
sequence data into a 2D image.

NetOmics. CNN-based methods are effective at learning
robust representations from 2D input samples. The trans-
formed image represents the original 1D metabolomic data.
Moreover, each pixel in the converted image has a specific
meaning. Therefore, commonly used data augmentation
techniques (e.g., flipping, rotation, scaling) are challenging to
be used directly during model training. However, the lack of
data augmentation coupled with an unbalanced distribution in
clinical metabolomics data may lead to overfitting and
instability of the deep learning model. To address these issues,
we introduced a channel-wise feature augmentation module
named the feature augmentation module (FAM) and a loss
function to improve the model performance, especially in
unbalanced clinical metabolomics data.

As illustrated in Figure 1C, given an input image I h w 3× ×

, we used the CNN module to obtain the feature map
F h w n× × . h and w denote the height and width of the
input sample, respectively, and n represents the number of
feature channels. First, we generated a mask matrix J of ones
with the same size as the feature map F. Second, the proposed
FAM randomly selected a subset of channels S = {s1,s2,..., sc×r}
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from J at ratio r, setting elements in these selected channels to
0 while keeping the others unchanged. This can be defined as

J
i S0,

1, otheri =
l
m
oo

n
oo (3)

Finally, the masked feature map F′ is formed by taking the
element-wise product between the original feature map F and
the mask matrix J, which can be expressed as F′ = F·J. The
hyperparameter r controls the number of channels that are
randomly discarded. In the training stage, the proposed FAM
forces the CNN model to explore relationships between
feature channels, which enables the model to extract more
discriminative representations from the augmented feature
map. Notably, FAM is excluded during the inference stage.
This allows the model to leverage all feature channels in the
feature map, enhancing the robustness and generalization of
the algorithm without damaging the inference speed.

The unbalanced distribution of clinical metabolomics data
can severely impact the performance of the classification
models. To address this issue, we optimize our CNN model
using the focal loss39 during the training stage

a p p(1 ) log( )t t
r

t
= (4)

where p∈ [0, 1] represents the probability of the input sample
by the model. The introduced focal loss adds a modulating
factor to the cross-entropy loss. It focuses the deep learning

model on hard or misclassified examples by reducing the loss
contribution from the well-classified examples.

Implementation Details. We implemented the proposed
MetDIT in PyTorch, using Adam optimization with a weight
decay of 10−6 and a momentum of 0.9. The total number of
training epochs was 100, with an initial learning rate of 0.0003
that decayed by 10× at the 50th and 80th epochs. The batch
size was set to 16. Notably, no image enhancement was applied
during the model training. The input samples were resized to
32 pixels × 32 pixels before being fed into the model. The
ResNet-1816 architecture was used as the backbone for
NetOmics. The implementation of our proposed method
was trained and tested on a Nvidia RTX 3080.

The model performance was evaluated using the area under
the receiver operating characteristic curve (AUC), precision,
recall, and accuracy. During the training stage, the converted
data was split 80/20 for training/testing. We adopted 5-fold
cross-validation to verify the prediction performance of the
proposed model, which reduces the impact of partition
randomness on the results. To demonstrate the effectiveness
of MetDIT, we compared it to a random forest (RF) model
trained on original metabolomic data, while MetDIT used
converted 2D images. We also presented results from other
commonly used machine-learning algorithms for analyzing
clinical metabolomics data including SVM, XGBoost,
LightGBM, and MLP.

Figure 2. Comparison results of MetDIT with classical machine learning on CA and the instent restenosis (ISR) data set. (A). Comparison results
of MetDIT with traditional machine learning and deep learning approaches on the cachexia data set (CA). The upper left corner shows
representative transformed images processed by TransOmics. (B). Comparison results of MetDIT with traditional machine learning and deep
learning approaches on the restenosis data set (ISR). The upper left corner shows the representative transformed images processed by TransOmics.
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Figure 3. Comparison results of MetDIT with different settings, including a backbone, an augmentation technique, input resolution, and a
converted method. (A, B) Comparison results of MetDIT with different backbones, including VGG-16 and AlexNet. The MetDIT employs the
ResNet-18 for feature extraction. (C, D) Relationship between model performance and parameters. (E, F) Comparison results of MetDIT with
different augmentation techniques in terms of accuracy, precision, recall, and F1 score. Among them, panel E displays the outcome of our proposed
feature augmentation module (FAM) with dropout, while panel F illustrates the result of FAM with commonly used image augmentation methods.
(G, H) Impact of input resolution on model performance and computations.
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■ RESULTS AND DISCUSSION
Characterization of TransOmics and NetOmics Mod-

ules. To fully utilize the power of CNN for analyzing
metabolomics data, we introduced TransOmics into feature
ranking and then converted the original numerical metab-
olomic data into 2D images. The transformed samples clearly
revealed the relationships and trends between different features
compared with the raw sequential data. In order to further
explore the details of the transformed images, we visualized the
results for both the disease and control groups in each
experimental data set. For example, Figure 2A shows the
converted images for the disease and control groups in the CA
data set. Clear differences can be observed between the two
groups regarding the color, shape, and texture patterns in the
images. This supports the idea that TransOmics effectively
converts the metabolomic data into image representations that
capture discriminative visual features between disease states.
Furthermore, TransOmics can also be used as a high-
performance feature selection tool that integrates various
classic feature ranking methods.

NetOmics is used for representation learning and classi-
fication of transferred samples. To tackle the challenges in
clinical metabolomics data analysis, we designed various
modules to optimize model performance. For instance, the
small sample size and imbalanced distribution of clinical
metabolomics data may lead to serious overfitting of deep-
learning-based approaches, so we introduced FAM and a loss
function to alleviate this problem.

MetDIT Performance Evaluation. Results on the CA
Data Set. We first evaluated MetDIT using the CA data set, a
common benchmark used to validate metabolomics analysis
models. We compared the performance between MetDIT and
the RF algorithm for classifying cancer versus control subjects
in the CA data set and presented the detailed results in Figure
2A. The proposed MetDIT achieved a dramatically higher
AUROC than the RF (0.92 for MetDIT vs 0.83 for RF).
Similarly, MetDIT also performed better than the existing
algorithms in terms of accuracy, precision, recall, and F1 score.

Results on the ISR Data Set. Similarly, we also evaluated
the model performance on an ISR data set, in which the data
was from untargeted metabolomics analysis. The comparison
results between MetDIT and existing methods on the ISR data
set is demonstrated in Figure 2B. The transformed images (left
upper corner of Figure 2B) exhibit clear differences between
the ISR and control groups. RF achieved an AUC of 0.80,
while MetDIT reached 0.94, a 17.4% relative improvement.
Furthermore, MetDIT demonstrated particular advantages
over the classical metabolomic data analysis method in terms
of precision and recall. The higher recall indicates that MetDIT
reduces the number of false negatives, an essential advantage
for clinical diagnosis. Therefore, MetDIT is better suited for
medical scenarios and could improve the diagnostic efficiency.

Results on the Fungal Data Set. In addition, we tested on
an imbalanced metabolomics data set of sepsis with a
significant disease/control difference. MetDIT still maintained
advantages over the existing approaches on this data set
(Supporting Information Figure S1).

Ablation Studies. Influence of Different Backbones. We
evaluated the robustness and generality of MetDIT across
different backbones, including ResNet-18,16 ResNet-34,16

VGG-16,22 and AlexNet21 on the ISR data set. In fact, high-
performance models typically utilize resource-intensive net-

works with highly redundant structures, which may lead to
various undesirable consequences such as inefficient model
inference, increased training costs, and enlarged model
parameters. In contrast, lightweight models enable faster
inference speeds but suffer weaker performance. Therefore,
backbone selection depends on the specific application
scenario. In our study, MetDIT with ResNet-18 achieved the
highest AUC of 0.94, compared to 0.91 with VGG-16 and 0.85
with AlexNet (Figure 3A and 3B). Furthermore, we explored
the relationship between model performance and the number
of parameters, as shown in Figure 3C and Figure 3D. With
fewer parameters, ResNet-18 provided a balance between
predictive performance and efficiency.

Influence of Augmentation Methods. Since pixels in the
converted images have semantic meaning, standard augmenta-
tion techniques such as random scaling, rotating, and
horizontal flipping cannot be applied during MetDIT training.
However, training without any augmentation methods can lead
to severe overfitting and other issues. Therefore, we proposed
the FAM to improve the model performance and prevent
overfitting by enabling interchannel relationship learning and
feature discrimination. We evaluated the effectiveness of FAM
on the ISR data set compared to other augmentation methods.
We first compared the feature augmentation method
Dropout,40 which randomly drops units from the neural
network during training. We also compared commonly used
image augmentation techniques. MetDIT with FAM achieved
the highest AUC of 0.94, significantly outperforming MetDIT
with Dropout (AUC = 0.82) and image augmentations (AUC
0.83). Details are reported in Figure 3E and Figure 3F. The
similar performance of Dropout and standard augmentations
indicates that they may be insufficient for this problem. FAM
provided relative gains of 14.6% over Dropout and 13.2% over
image augmentations. By promoting interchannel relationships,
FAM boosted performance and prevented overfitting.

Influence of Image Resolution. Resolution impacts the
properties of digital images as it is measured in pixels. Higher
resolution preserves more information, thereby improving the
model performance. However, as the resolution increases, the
computational cost also increases. In metabolomics data
analysis, we need to balance accuracy and efficiency by
selecting an appropriate image resolution. We conducted the
comparison of image resolutions using the ISR data set.
TransOmics generated five sample groups with image
resolutions of 8 × 8, 16 × 16, 32 × 32, 64 × 64, and 128 ×
128 (example images in Supporting Information Figure S2).
We evaluated the model performance using AUC and
computational costs shown in Figure 3G and Figure 3H,
respectively. The performance with 8 × 8 resolution was the
worst, with an AUC of 0.69. As the resolution increased, the
performance of MetDIT improved significantly. This illustrates
that input image size limits the capacity of the converted 2D
RGB images. If the image resolution is too small, then essential
information may be lost, severely impacting the model’s
performance. However, when the image resolution was set as
64 × 64, the model performance slightly decreased compared
to that of the resolution of 32 × 32. This might be due to the
overcalculating of relationships by TransOmics between
different features when filling the larger images, reducing the
proportion of the original information and misleading the
model during the training stage. While 16 × 16 had a much
lower computational cost than 32 × 32, its performance was
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also significantly worse than the later. Therefore, we chose an
image resolution of 32 × 32 for our model.

Influence of the Converted Method. We compared
MetDIT to IGDT,33 a state-of-the-art method that converts
sequence data to 2D images based on ranking distances
between different features. Apart from the conversion function,
all other settings were identical, including the backbone,
augmentations, and training pipeline. Figure 4 show that
MeDIT achieved an AUC of 0.94, significantly outperforming
IGDT, which had an AUC of 0.55. This indicates that IGDT is
suitable only for simple sequence data conversion, while our
proposed TransOmics excels at complex data conversion.

Processing Speed. We evaluated the processing speed of
different algorithms on both CPU and GPU devices, where the
CPU was an Intel Xeon Platinum 8255C @ 2.50 GHz and the
GPU was a Nvidia GTX 3080 with 12 GB of memory. We
hoped that the proposed MetDIT could be used in most
practical scenarios, so we selected an entry-level GPU device
for model training and testing instead of employing expensive
and professional devices, such as Nvidia A100 or H100. Since
some methods do not provide GPU implementation, we
evaluated their performance only on the CPU. We tested the
algorithms 10,000 times and calculated the average time for the
final result. First, we used the single sample as an input to
evaluate the model processing speed. Specifically, MetDIT
leverages the converted 2D image as input, while the other
methods were fed sequence data. As shown in Table S2, we
found that MetDIT achieved a significantly faster processing
speed than RF. With the assistance of GPU, MetDIT takes
only 1.971 ms to complete the prediction, which is only 35.4%
of the running time of RF. In the task of omics data analysis,
we usually need to process massive amounts of data.
Fortunately, modern computing devices can handle more
complex parallel computing tasks. As a result, we also
conducted extensive experiments to verify the parallel
computing efficiency of the proposed method. All algorithms
were required to complete the prediction of 1,000 samples
simultaneously, and the detailed results are demonstrated in
Table S2. As we can see, the execution times of all methods
increased compared to the previous experiments. For instance,
our method takes almost 60 times longer when running on the
CPU. This is mainly due to the CPU’s inability to handle vast
matrix operations involved in deep learning. However, when
our method uses GPU acceleration, the running time increases
by only 3.5 times compared to previous results. To finish
parallel operations on 1,000 samples, the running time of our

proposed MetDIT was only 68.8 of the RF. Although our
method uses a more complex deep learning algorithm, its
operating efficiency is still better than that of some classic
machine learning methods. The advantages of the algorithm
will be more obvious when it is deployed on more powerful
GPUs.

Compared with the existing methods, the proposed
TransOmics has several advantages for metabolomics data
analysis and model training. First, the introduced method
preserves the structural dependency and correlation informa-
tion between different elements. Second, the transformed
image pixels include directionality, which is essential for
leveraging deep learning models. Additionally, the GSAM
retains the original values in normalized features, which
benefits the model to obtain more robust and discriminative
representations.

While CNN excels at learning robust representations, it
requires 2D/3D inputs. Our proposed TransOmics enables
CNN utilization for 1D omics data by converting sequences to
images. The transformed images represent the original 1D
sequence data, and each pixel in the converted images has
specific meanings. Therefore, we cannot use common data
augmentation techniques on these images. However, limited
data augmentation can lead to overfitting and instability of the
deep learning model. Our proposed FAM addresses this by
randomly dropping feature channels to improve model
performance.

We leverage focal loss to handle the common class
imbalance in clinical metabolomics data sets, enabling our
CNN model to achieve better performance in the minority
class. The modulating effect of the focal loss prevents easy
negative samples from dominating the gradient during training.

■ CONCLUSIONS
We proposed MetDIT, a deep-learning-based method for
clinical metabolomics data analysis. Unlike the existing
approaches, MetDIT leverages CNN capabilities by trans-
forming 1D metabolomic data to 2D images via TransOmics.
The NetOmics module then performs representation learning
and data analysis on the transformed images. MetDIT
effectively addresses some of the major challenges in clinical
metabolomics data analysis including high dimensionality,
small sample size, and class imbalance. Overall, our work
establishes deep learning as a promising paradigm for
metabolomics analysis through innovative data representation

Figure 4. Comparison of different image conversion methods of our proposed MetDIT and IGDT. The upper left corner shows the representative
transformed images processed by TransOmics and IGDT.
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and CNN-based analysis. MetDIT outperforms classical
machine learning approaches for classification on three
different metabolomic data sets. In the future, we aim to
further optimize MetDIT to expand its applicability to
multiomics data integration and analysis.
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