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Self-omics: A Self-supervised Learning Framework for Multi-omics Cancer Data

Sayed Hashim†, Karthik Nandakumar and Mohammad Yaqub

Mohamed Bin Zayed University of Artificial Intelligence
Abu Dhabi, UAE

†E-mail: sayed.hashim@mbzuai.ac.ae

We have gained access to vast amounts of multi-omics data thanks to Next Generation
Sequencing. However, it is challenging to analyse this data due to its high dimensionality
and much of it not being annotated. Lack of annotated data is a significant problem in
machine learning, and Self-Supervised Learning (SSL) methods are typically used to deal
with limited labelled data. However, there is a lack of studies that use SSL methods to
exploit inter-omics relationships on unlabelled multi-omics data. In this work, we develop a
novel and efficient pre-training paradigm that consists of various SSL components, including
but not limited to contrastive alignment, data recovery from corrupted samples, and using
one type of omics data to recover other omic types. Our pre-training paradigm improves
performance on downstream tasks with limited labelled data. We show that our approach
outperforms the state-of-the-art method in cancer type classification on the TCGA pan-
cancer dataset in semi-supervised setting. Moreover, we show that the encoders that are
pre-trained using our approach can be used as powerful feature extractors even without
fine-tuning. Our ablation study shows that the method is not overly dependent on any
pretext task component. The network architectures in our approach are designed to handle
missing omic types and multiple datasets for pre-training and downstream training. Our
pre-training paradigm can be extended to perform zero-shot classification of rare cancers.

Keywords: Self-supervised Learning; Contrastive Learning; Multi-omics; Cancer Type Clas-
sification

1. Introduction

According to WHO, cancer accounted for around 10 million deaths in 2020 or about one in
six deaths.1 Many cancers can be cured with early diagnosis, and effective treatment.2 Various
factors are responsible for late diagnoses, such as symptoms being detected late, lack of access
to oncologists, as well as the time & cost involved. It could also be because of vague and unclear
symptoms and indistinguishable signs on scans and mammograms.3 Nevertheless, performing
cancer diagnosis in its early stages or even before it starts developing could remarkably improve
survival and provide opportunities for more effective treatment. Studies in the areas of biology
that end with omics, such as genomics, proteomics, transcriptomics or metabolomics, are called
omics sciences. With the advent of Next Generation Sequencing, we have gained access to
multiple types of omics data. Each type of omics data reveals different characteristics within
the tumour. However, due to the high dimensionality and the numerous different types of

© 2022 The Authors. Open Access chapter published by World Scientific Publishing Company and
distributed under the terms of the Creative Commons Attribution Non-Commercial (CC BY-NC)
4.0 License.
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omics data, it is nearly impossible for clinicians to analyse multi-omics data. Due to this
reason, they tend to focus on analysing the values of specific biomarkers. However, to get a
complete picture of a tumour, which is heterogeneous and complex, multi-omics data analysis
is vital.

Modern machine learning algorithms, especially deep neural networks, have shown to be
able to work well with high-dimensional data. Deep learning has made massive progress in
tasks like object recognition, object detection and semantic segmentation in the visual domain.
It has also made strides in speech and natural language processing on tasks such as machine
translation, speech recognition and question answering. The algorithms developed for the tasks
mentioned above require processing high-dimensional inputs. In this work, we developed Self-
Supervised Learning (SSL) methods for multi-omics data to provide supervision to the model
from unlabelled data. We explored various SSL pretext tasks on top of the usual reconstruction
task with autoencoders. Some of the SSL techniques we implemented include contrastive
learning, recovering data from its corrupted versions and aligning representations from multi-
omics data.

The low-dimensional representations that our model produces from high-dimensional
multi-omics data can be considered ”computational biomarkers”. The model that learns from
large datasets gets good at producing such biomarkers and can be used to produce good rep-
resentations for smaller datasets. Furthermore, as the model learns from tumours diagnosed
early, it produces better representations for such tumours. Therefore, even if the dataset at
hand does not have samples of tumours that are sequenced early, the fact that it was pre-
trained on a large dataset that contains many samples of such tumours makes the model
better at early diagnosis.

2. Literature Review

Self-supervised learning (SSL) has been extensively applied in representation learning of data
in various domains such as natural language processing4–6 audio and image.7–9 These methods
mainly use spatial, semantic and temporal structural relationships in the data. This is done
through developing novel pretext tasks, data augmentation methods and model architectures.
Due to the absence of the relationships mentioned above in tabular data, such methods could
be less effective. For instance, augmentation methods used on images, such as scaling and
rotation, cannot be directly used on tabular data. SSL techniques have not been explored
enough on tabular data due to these reasons.10

An autoencoder is a deep network that consists of an encoder and decoder.11 While the
encoder is trained to map the input to a latent representation, the decoder is trained to re-
construct the input from this latent representation. A popular work in images is denoising
autoencoders (DAE).12 It is built on the hypothesis that partially destroyed inputs should
result in a similar latent representation as the original inputs. In this work, the authors inves-
tigated an autoencoder’s robustness to partial demolition of inputs. The input is corrupted
and fed to the autoencoder, whose job is to recover the original ”clean” input. A group of re-
searchers developed VIME,10 a novel SSL framework for tabular data. They developed a couple
of pretext tasks called feature vector estimation and mask vector estimation. The former aims
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to reconstruct an input sample from its masked version, while the latter involves predicting
the mask vector applied to the sample. In other words, the pretext task is to estimate which
features are masked and predict the values of the corrupted features. A work called SubTab
focuses on converting the representation learning problem from single-view to multi-view.13

Here, the features are divided into subsets to produce the various views. The authors claim
that this is analogous to cropping images and bagging features in ensemble learning. They
demonstrate that the encoder learns more useful representations from a subset of the data
than a corrupted version of it. They pre-trained the network on this pretext task and tested
its performance on some downstream tasks.

Self-supervised representation learning of multi-omics data is an under-studied area of
research. Many methods used for representation learning mainly focus on the integration of
multi-omics data. Many integration strategies have been proposed. We will review the inte-
gration methods here due to the lack of self-supervised methods. A group developed a group
lasso regularised deep learning method for cancer prognosis by integrating multi-omics data
using early fusion.14 They perform various data preprocessing techniques, and the model con-
sists of a few fully connected layers. Another work integrates multi-omics data using standard
and disjointed deep autoencoders.15 Various omics data such as DNA methylation, microRNA
expression, mRNA expression and reverse phase protein array data are concatenated before
being fed into the autoencoder. A work called OmiEmbed16 does intermediate multi-omics
data integration. It is a multi-task framework that is built on a variational autoencoder. The
pretext task here is the reconstruction of three types of omics data: gene expression, mi-
croRNA expression and DNA methylation. They show the effectiveness of their method by
testing on various downstream tasks. They also developed a multi-task strategy that concur-
rently trains multiple downstream modules such as survival analysis, cancer type classification
and phenotype prediction. Training it this way has shown to perform better than training the
downstream modules separately. Late integration of multi-omics data was done in a work that
predicts breast cancer prognosis.17 They perform feature selection and use a deep neural net-
work for the task. Gene expression, copy number alterations and clinical information are fed
into three separate networks. Their predictions are combined at the end with a score-fusing
technique called weighted linear aggregation.

There exists a lack of studies on self-supervised representation learning of multi-omics data.
Studies focusing on adding more pretext tasks on top of the reconstruction task are rare. The
usual focus is on integrating the data and less on exploiting inter-omics relationships through
constraints and other SSL losses. Moreover, lack of annotated data can be tackled with SSL
approaches.

3. Method

3.1. Dataset

For our experiments, we used The Cancer Genome Atlas (TCGA) pan-cancer multi-omics
dataset.18 Table 1 gives an overview of the dataset. It is one of the most popular multi-omics
datasets. It consists of omics data as well as phenotypic information of patients. We used three
types of omics data from the TCGA dataset: DNA methylation, miRNA stem-loop expression,
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and gene expression. They are 485,577, 1881 and 60,483 dimensional respectively. The dataset
contains samples of 33 different tumour types and of normal tissues.

Table 1. An overview of TCGA pan-cancer dataset.

Dataset TCGA

Domain Pan-cancer
Tumour types 33 + 1(normal) = 34
Omics data type Gene exp DNA methylation miRNA exp
No of features 60,483 485,577 1881
No of samples 11,538 9736 11,020

3.2. Data Preprocessing

We downloaded harmonised data of 3 types of omics data from UCSC Xena data portal.19

RNA-Seq gene expression dataset comprises 60,483 features, each denoting the expression of
a gene. Gene expression level is obtained as the log2 transformation of fragments per kilobase
of transcript per million mapped reads (FPKM) value. miRNA stem-loop expression levels
were given as the log2 transformation of reads per million mapped reads (RPM) value. DNA
methylation dataset comprises beta values for each CpG site. Beta values are the ratio of
methylated to total array intensity for the corresponding CpG site.20 Lower beta values mean
lower levels of methylation and vice-versa. The beta values missing in the DNA methylation
dataset were mean imputed. We removed the means of the three datasets and scaled them to
unit variance.

3.3. Pretext problem formulation

The architecture we designed for pre-training comprises three autoencoders, one for each type
of omics data, and is shown in Fig 1. Our codebase also supports the usage of a common
encoder and decoder for all three omic types, but since the inputs of the three omic types
are different in size, we used some fully connected layers to downsample them to the same
size and the rest of the encoder is shared. The pretext loss minimised during pre-training is
a weighted sum of the losses described below. The codebase supports more SSL losses not
described here, such as Maximum Mean Discrepancy (MMD) loss and latent reconstruction
loss.

3.3.1. Reconstruction loss

Let’s denote the input data x of ith omic type as xi and the reconstructed data as x′i. Let
there be N number of omic types. In our case, the value of N is three. As given below,
the reconstruction loss can be formulated as the mean squared error loss between input and
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Fig. 1. Pre-training architecture: We partially masked the inputs and fed them to the encoders one
by one, producing three latent representations, h1, h2 and h3. These are then passed onto the decoders
to reconstruct the entire feature set, including the other two omic types. The latent representations
are also fed into a projection layer to compute contrastive alignment objective between each pair
of projections, namely (z1, z2), (z1, z3) and (z2, z3). Distance objectives between each pair of latent
representations are also minimised. Pre-training also minimises contrastive noise loss, illustrated in
Fig 2.

reconstructed omics data.

Lreconstruction =
1

N

N∑
i=1

MSE
(
xi, x

′
i

)
(1)

To make the network robust to noise, we performed partial corruption of one omic type
and made the network recover the entire feature set, including the other omic types. For
this purpose, we divided the almost 60,000-dimensional gene expression data into 23 subsets,
each corresponding to the chromosome on which the gene is located. The same is done for
around 400,000 dimensional DNA methylation data. The model is then trained to reconstruct
the input data when some or all subsets of a specific omic type are masked. The masking
methods used are zeroing out and adding Gaussian or swap noise. A random masking method
is chosen during each epoch. For instance, 6, 12, 18 random subsets or all 23 subsets of gene
expression data can be corrupted. The model can then be asked to reconstruct all the input
features, including the corrupted gene expression features and DNA methylation and miRNA
expression values. Here, a higher weightage is given in the loss function for recovering the
corrupted omic type. Let x1, x2 and x3 be gene expression, DNA methylation and miRNA
expression features respectively. If we mask gene expression features, the reconstruction loss
can be modified as

Lreconstruction =
1

N

(
0.5 ∗MSE

(
x1, x

′
1

)
+ 0.25 ∗MSE

(
x2, x

′
2

)
+ 0.25 ∗MSE

(
x3, x

′
3

))
(2)
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Another novel pretext task that we designed is masked subset or chromosome prediction. As
described above, gene expression and DNA methylation data were divided into subsets, and
random subsets were masked in each epoch. We made the network predict which subsets were
masked by feeding the representations from the encoder to a masked chromosome prediction
module.

3.3.2. Contrastive alignment loss

The latent representations h1, h2 and h3 were passed through a projection network to obtain
projections z1, z2 and z3. The alignment loss introduced in CLIP (Contrastive Language-Image
Pre-Training)21 was used to compute alignment between the pairs (z1, z2), (z1, z3) and (z2, z3).
The idea is that like text and image provide different types of information about a concept,
various omic types contain different information about a patient’s tumour. These multiple
views are aligned using a contrastive loss.

3.3.3. Contrastive noise loss

Let the latent representation from ith omic type xi be denoted as hi. By feeding noisy sample
x

′

i to the same encoder, we can produce h
′

i. By passing hi and h
′

i through the projection layer,
we obtain zi and z

′

i respectively. Contrastive noise loss is computed between each pair (zi, z
′

i).
This is illustrated in Fig 2. The contrastive noise loss we implemented is the one introduced
in the work Barlow Twins.22 Our codebase also supports the usage of NT-Xent loss23 and
SimSiam loss24 as both contrastive alignment and noise losses.

Fig. 2. Illustration of contrastive noise objective: Original and noisy samples are fed to the encoder
one after the other to obtain their corresponding representations and projections between which the
contrastive noise objective is calculated. This process is repeated for each omic type.

3.3.4. Distance loss

Using this loss, the distances between pairs of latent representations (h1, h2), (h2, h3) and
(h1, h3) are minimised. This ensures that representations from multiple omic types are con-
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sistent with each other. The distance loss can also be computed between the projections.
Computing it between latent representations gave better results.

Ldistance = MSE(h1, h2) +MSE(h2, h3) +MSE(h1, h3) (3)

3.4. Downstream task: Cancer type classification

Once the encoders and decoders are trained to minimise the pretext loss, the layers of encoders
are frozen and attached to the downstream network to perform cancer type classification, as
shown in Fig 3. The dataset consists of 33 cancer types. Each patient’s sample is a tissue that
could be either normal or cancerous, belonging to one of these classes. The loss function for
the downstream classification task is formulated as follows

Lclassification = CE(y, y′) (4)

Here, y is the label, y′ the prediction and CE the cross entropy loss.

Fig. 3. Downstream module: The encoders are frozen after pre-training and representations from
the encoders are aggregated by concatenating them, taking their mean or summing them up. This
aggregated representation is then passed through the downstream network to predict the patient’s
tumour type.

3.4.1. Handling missing omic types

Our framework is suitable for handling missing omic types. For pre-training with missing omic
types, encoders for only the available omic types can be trained. This is possible since we have
separate encoders for each omic type. We can also train the downstream network using new
samples that contain missing omic types. For instance, if gene expression is the missing omic
type for a new sample from lung tumour, the pre-trained gene expression encoder can be used
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to generate gene expression representation for this new sample. This representation could be
the average gene expression representation of all lung cancer samples. This way, information
about the missing omic types can be generated in their absence. Alternatively, we could decide
not to use the pre-trained encoder for missing omic types and aggregate representations (mean
or sum aggregation) from available omic types. This flexibility allows the usage of datasets
which contain different types of omics data for pre-training and downstream training. This is
important as datasets usually differ in the type of omics data they contain.

4. Experiments and results

4.1. Implementation

Code and links to download the datasets are available at
https://github.com/hashimsayed0/self-omics. We used Pytorch Lightning25 to build the mod-
els.

4.2. Semi-supervised learning

To evaluate the effect of pre-training, we trained the model in semi-supervised fashion. The
model was first pre-trained on the entire training set and was then trained for the downstream
task using only part of the training set. The encoders were also kept frozen and not allowed
to be optimised for the downstream task. Fig 4 shows the leap in performance provided by
our pre-training approach over training the downstream network with random initialisation
and OmiEmbed16 which is the state-of-the-art approach in cancer type classification using
multi-omics data. A performance comparison between the methods based on metrics is given
in Table 2.

Table 2. Performance metrics of cancer type classification using 1% training data during
downstream training.

Method Omic type(s)
1% training data

Accuracy F1 AUC Precision Recall

OmiEmbed multi-omics (A,B,C) 21.37 7.82 73.58 6.77 14.74

w.o. pretraining multi-omics (A,B,C) 30.69 19.1 73.03 32.2 22.85

w. pretraining

gene exp. (A) 13.9 4.21 57.99 3.71 9.67
DNA meth. (B) 32.98 20.47 70.59 21.45 23.66
miRNA exp. (C) 42.75 27.21 82.51 28.92 32.2

multi-omics (A,B,C) 64.45 43.33 82.95 43.99 49.83

4.3. Ablation study

We ran experiments to analyse the effects of removing various components of the pretext loss
one at a time. This usually helps identify the essential components of the pretext loss and
evaluate the method’s robustness. Fig 5 shows the effect on downstream performance due to
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Fig. 4. Semi-supervised cancer type classification performance on multi-omics data: x-axis shows
the percentage of training data used during downstream training and the y-axis denotes the accuracy.
The encoders were kept frozen during downstream training.

the removal of various components of pre-training loss. The performance is robust to such
removals and is not overly dependent on any component.

4.4. Latent aggregation method

As we have separate encoders for each omic type, representations from the encoders have
to be aggregated to be passed to the downstream network. We experimented with various
aggregation methods, including mean, concatenation and sum. Fig 5 shows that concatenation
performs slightly better than other methods.

4.5. t-SNE Visualisation

To visualise the model’s discriminative ability, we fed the latent representations produced by
a trained model to t-SNE.26 Fig 6 shows how the model clusters test samples from the same
cancer type together. It is interesting to note how well the model is able to cluster cancer
types even using 1% training data for the downstream task.

5. Discussion

By analysing the results of the experiments, it is clear that our approach works well with
less training data, thanks to efficient pre-training. Although OmiEmbed performs well with
an unfrozen encoder when the whole training set is provided during downstream training, it
fails to achieve decent performance when encoder layers are frozen and a limited amount of
training data is used. The performance of our approach with frozen encoders is comparable to
the performance of OmiEmbed with unfrozen encoder, as reported in their paper.16 With ab-
lation studies, we show how the model is not entirely dependent on any particular component
of the pretext task. The contrastive noise objective helps the encoders become robust to noise
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Fig. 5. The plot on the left shows the effect of removing various components of pretext loss, and
the one on the right shows the performance variation with different downstream latent aggregation
methods. The x-axis shows the percentage of training data used during downstream training, and
the y-axis denotes accuracy.

Fig. 6. t-SNE Visualisation: The plot on the left is produced using a model trained on one per cent
of training data for downstream training, and the one on the right refers to the model that used the
entire training set for downstream training. The legend shows the TCGA codes for the cancer types
that the colours represent.

and be able to identify samples from their distorted versions. The contrastive alignment ob-
jective makes the encoders learn similar and discriminative information from representations
of different omic types of the same patient. Reconstructing the full feature set from the rep-
resentation of one omic type forces an encoder to learn information about the two other omic
types from this omic type. By asking the network to recover masked gene expression data,
we make it rely on DNA methylation and miRNA expression data. From our experiments, we
found out that masking the latter two omic types did not improve performance. This is also
in line with our understanding that gene expression is influenced by DNA methylation and
miRNA expression. While there is a significant difference in performance between different
experiment settings when less than 10% of training data is used, the performance converges
as a higher amount of data is used.
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6. Conclusion

We began by discussing various SSL approaches used in tabular domain and methods that in-
tegrate multi-omics data. After describing the dataset, we formulated the various components
of our pretext task. The main idea behind using these components was to make the encoders
learn what is common and specific about different omic types based on patients’ profiles. This
would help the encoders produce relevant features for the downstream tasks. To evaluate our
approach, we designed a semi-supervised framework and ran experiments. We showed that in
this framework, our approach outperforms the state-of-the-art method. We performed abla-
tion studies to analyse our approach and its robustness. We then discussed key insights from
the results and explained our findings. This work has shown that pre-training with a huge
dataset like TCGA with efficient components improves downstream performance in various
settings. Our approach also offers the flexibility to use different datasets for pre-training and
downstream training and is suitable for handling missing omic types. A limitation of this
approach is that the features present in the pre-training dataset need to be available in the
downstream dataset to perform pre-training and downstream training on different datasets.
Another limitation is that the models trained in this framework contain many parameters and
require a good amount of CPU and GPU memory to load the dataset and train the model.
This work can be further extended to perform zero-shot classification of rare cancer types.
To do this, we need to develop a model that learns about rare cancers from common cancers.
This might require representing cancer types like words in latent spaces.4,5 It could be useful
to investigate models like gene2vec27 for this purpose.
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Pires, Z. D. Guo, M. G. Azar, B. Piot, K. Kavukcuoglu, R. Munos and M. Valko, Bootstrap your
own latent: A new approach to self-supervised learning, CoRR abs/2006.07733 (2020).

9. X. Chen, H. Fan, R. B. Girshick and K. He, Improved baselines with momentum contrastive
learning, CoRR abs/2003.04297 (2020).

10. J. Yoon, Y. Zhang, J. Jordon and M. van der Schaar, Vime: Extending the success of self-

Pacific Symposium on Biocomputing 2023

273

 B
io

co
m

pu
tin

g 
20

23
 D

ow
nl

oa
de

d 
fr

om
 w

w
w

.w
or

ld
sc

ie
nt

if
ic

.c
om

by
 5

.1
95

.0
.1

45
 o

n 
01

/0
9/

23
. R

e-
us

e 
an

d 
di

st
ri

bu
tio

n 
is

 s
tr

ic
tly

 n
ot

 p
er

m
itt

ed
, e

xc
ep

t f
or

 O
pe

n 
A

cc
es

s 
ar

tic
le

s.



and semi-supervised learning to tabular domain, in Advances in Neural Information Processing
Systems, eds. H. Larochelle, M. Ranzato, R. Hadsell, M. Balcan and H. Lin (Curran Associates,
Inc., 2020).

11. Y. Bengio, P. Lamblin, D. Popovici and H. Larochelle, Greedy layer-wise training of deep net-
works Advances in Neural Information Processing Systems 19 (MIT Press, 2006).

12. P. Vincent, H. Larochelle, Y. Bengio and P.-A. Manzagol, Extracting and composing robust fea-
tures with denoising autoencoders Proceedings of the 25th international conference on Machine
learning - ICML ’08 (ACM Press, 2008).

13. T. Ucar, E. Hajiramezanali and L. Edwards, Subtab: Subsetting features of tabular data for
self-supervised representation learning, CoRR abs/2110.04361 (2021).

14. G. Xie, C. Dong, Y. Kong, J. F. Zhong, M. Li and K. Wang, Group lasso regularized deep
learning for cancer prognosis from multi-omics and clinical features, Genes 10 (2019).
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