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Abstract

Motivation: Predicting phenotypes from gene expression data is a crucial task in biomedical research, enabling insights into disease mecha-
nisms, drug responses, and personalized medicine. Traditional machine learning and deep learning rely on supervised learning, which requires
large quantities of labeled data that are costly and time-consuming to obtain in the case of gene expression data. Self-supervised learning has re-
cently emerged as a promising approach to overcome these limitations by extracting information directly from the structure of unlabeled data.

Results: In this study, we investigate the application of state-of-the-art self-supervised learning methods to bulk gene expression data for phe-
notype prediction. We selected three self-supervised methods, based on different approaches, to assess their ability to exploit the inherent
structure of the data and to generate qualitative representations which can be used for downstream predictive tasks. By using several publicly
available gene expression datasets, we demonstrate how the selected methods can effectively capture complex information and improve phe-
notype prediction accuracy. The results obtained show that self-supervised learning methods can outperform traditional supervised models be-
sides offering significant advantage by reducing the dependency on annotated data. We provide a comprehensive analysis of the performance
of each method by highlighting their strengths and limitations. We also provide recommendations for using these methods depending on the
case under study. Finally, we outline future research directions to enhance the application of self-supervised learning in the field of gene expres-
sion data analysis. This study is the first work that deals with bulk RNA-Seq data and self-supervised learning.

Availability and implementation: The code and results are available at https://github.com/kdradjat/ssrl-rnaseq.
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1 Introduction

High-throughput sequencing technologies have made it pos-
sible to generate large amounts of transcriptomic data,
offering a wide range of materials for scientific research
(Qin 2019). However, the preprocessing and analysis of
these complex data present significant challenges, particu-
larly when it comes to building accurate and generalizable
predictive models. In this article, we focus on predicting
phenotypes from gene expression data. Phenotype prediction
is key in biomedical research, aiding in understanding
diseases, finding biomarkers, and developing personal-
ized therapies.

Classical supervised machine learning methods achieve the
best performance in this domain (Alharbi and Vakanski
2023) and recent advances have shown that deep learning
methods have great potential to outperform classical machine
learning methods (Tran et al. 2021, Hanczar et al. 2022), as
deep neural networks can capture non-linear relationships
between variables, in exchange of a large training dataset.
These methods rely heavily on annotated data, which is costly
to obtain. Besides, the available gene expression datasets do
not contain as many examples as in other domains, like
images or natural language processing where datasets are
composed of millions of examples. This leads to a higher risk
of overfitting for deep learning models and a limited generali-
zation of the trained models on new datasets.

To overcome these challenges, transfer learning and semi-
supervised learning approaches are used to deal with small
labeled dataset and their reliability has already been studied
for gene expression data (Hanczar et al. 2022, Hsu and Lin
2023). More recently, self-supervised learning approaches
have emerged as a promising approach (Ericsson et al.
2022, Gui et al. 2024) and has already been shown to be ef-
ficient for related biological data such as single-cell data
(Richter et al. 2024) or medical images (Azizi et al. 2023).
Indeed, in contrast to supervised learning methods,
self-supervised learning does not rely on annotated data
and extracts information directly from the structure of the
data to establish meaningful representations that can be
applied to the resolution of various downstream tasks.
Self-supervised learning enables the utilization of non-
annotated datasets unrelated to phenotype prediction,
addressing the scarcity of annotated data and improving
model performance.

In this study, we propose investigating the performance of
state-of-the-art self-supervised learning methods for pheno-
type prediction from gene expression data. We selected three
self-supervised methods from different self-supervised learn-
ing categories that were initially created and applied to tabu-
lar data and evaluated their ability to generate effective
representations for predictive models. Through large scale
and systematic experiments using public transcriptomic data-
sets, we demonstrate the effectiveness of these approaches in
terms of predictive accuracy and highlight their limitations.
We also provide recommendations for using these methods
depending on the case under study.

By providing a comparative analysis of the performance of
each selected method, this article aims to highlight the poten-
tial of self-supervised learning to improve phenotype predic-
tion while reducing the dependence on annotated data,
offering new perspectives for biomedical research and per-
sonalized medicine.
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2 Methods
2.1 Self-supervised learning

Recent breakthroughs in supervised learning have enabled
the development of high-performance models to solve various
machine learning tasks. However, supervised learning
requires access to a large amount of annotated data, which
can be costly and time-consuming in some cases. The avail-
ability of large amounts of unlabeled data has led to major
advances in different fields, such as natural language process-
ing or the vision domain. These advances are largely due to
recent self-supervised methods, which construct a new data
representation space with a pre-training step, making predic-
tion tasks easier (Ericsson et al. 2022).

Formally, we consider a set of labeled data D, = {x,-,yl-}lzlll
of |D;| examples, where x; € X € RN denotes an example and
y; € Y its associated label. In the context of supervised learn-
ing, we aim to learn a function f : ¥ — ) by minimizing a su-
pervised loss function (e.g. MSE or cross-entropy). With the
self-supervised approach, we leverage an unlabeled dataset
D, = {xi}l-Z“l‘ to learn an encoder function e: X — Z, where
Z is the latent space defined by a pretext task. This first step
is called pre-training. Generally, |D,| > |D)| since unlabeled
data is easier to collect than labeled data. Then, the learned
representation space is used to solve various downstream
tasks by using a small labeled dataset and attaching a classifi-
cation head to the pre-trained encoder. This second step is
called fine-tuning. The self-supervised training process is de-
scribed in Fig. 1. This approach allows a generalization,
allowing the creation of robust and polyvalent models, called
foundation models, which can be adapted to various down-
stream tasks with small annotated datasets. Self-supervised
learning is mainly characterized by the strategy adopted to
define the features to be predicted during the pre-training, the
so-called pretext tasks. The choice of the pretext task is essen-
tial, as it impacts the representations computed by the en-
coder. The definition of these pretext tasks mainly relies on
the exploitation of underlying domain-specific structure of
the data, e.g. spatial relations for images or semantic relations
for the language. Therefore, the pretext task is tightly linked
to the nature of the considered data.

In this study, we focus on self-supervised methods for tabu-
lar data, as gene expression data are arranged in the form of
high-dimension tabular data, where rows correspond to
patients and columns correspond to genes. Besides, the inter-
nal structure of tabular data is the most challenging to dis-
cover as there are no explicit relationships between variables.
The specificity of gene expression data is the high dimension-
ality (> 50k features) and low sample size. In addition to
their tabular format, some genes are highly similar and there-
fore are expressed similarly, which can introduce redundancy
in the data.

In the literature on self-supervised learning, few works has
been done for tabular data (Wang et al. 2024) and no meth-
ods were designed or applied on bulk RNA-Seq data. Various
approaches have been proposed to advance the exploitation
of implicit tabular structures without labels. We distinguish
three main types of approach:

* Predictive/Generative Learning: This approach uses a pre-
dictive or generative task as a pretext task. The challenge
lies on designing predictive tasks that are effective consid-
ering the downstream task on which the model will be
applied. There is no consensus on the choice of the
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predictive task and several methods have been proposed,
e.g. reconstructing examples from masked features
(Huang et al. 2020), by applying perturbations in latent
space (Nam et al. 2023) or by adopting natural language
processing methods (Dinh et al. 2022).

Contrastive Learning: This approach aims to extract in-
formation from inter-sample similarities and differences,
ensuring that two similar examples also have similar rep-
resentations in latent space and inversely (Bahri et al.
2022, Hajiramezanali et al. 2022, Wang and Sun 2022).
The difficulty lies in identifying how the examples are be-
ing put together or separated, i.e. choosing the adapted
loss function. The current popular approach is to use the
InfoNCE loss introduced by van den Oord ez al. (2019).
Hybrid Learning: This approach consists in using parts of
predictive and/or contrastive learning or combines both.
It tends to integrate the advantages of both strategies
(Somepalli et al. 2021).

2.2 Evaluated approaches methods

We chose three widely used and effective self-supervised
learning methods tailored for tabular data, each representing
one of the main categories of self-supervised learning: con-
trastive, generative, and hybrid approaches. The first one is
SCARF (Bahri et al. 2022), an adaptation for tabular data of
SimCLR (Chen et al. 2020), which is a well-known self-su-
pervised learning method used in computer vision. The sec-
ond method is VIME (Yoon et al. 2020), a modified version
of a denoising auto-encoder (Vincent ef al. 2008) designed
for tabular data. The last is BYOL (Grill et al. 2020), which

is a method initially designed for computer vision based on
the principle of teacher—student network.

2.2.1 SCARF

SCARF (Bahri et al. 2022) is a contrastive self-supervised
learning method for tabular data, described in Fig. 2a. First,
considering a batch of examples of the unlabeled training
data, a corrupted version ") is generated for each example
x) by randomly selecting a fraction of its features. Each se-
lected feature is replaced by a random draw from the continu-
ous uniform distribution whose support is defined by the
minimum and maximum values of that feature in the training
set. Then, the pre-training process’ objective is to train an en-
coder e that will define the representation space. The original
example x() and the corrupted version ) pass through the
encoder network e to produce representations z) and z")
that will pass through a projector g to obtain projections g¥)
and 3, respectively. Finally, the InfoNCE contrastive loss
(van den Oord et al. 2019) is applied to ensure that projec-
tions g and 3" are close, for all i, and projections g and
G are far apart, for i #:

exp(s,;i/r) ) (1)

1 N
L=— - log —_—
N 2 (Ziﬂ exp (six/7)

where s;; = ' 39 /(11 11" |1), for i.j € [N] and = is the
temperature hyper-parameter. After the pre-training, the en-
coder network e is kept and attached to a classification head
b that takes the outputs of e as its inputs.

Pre-training

Unlabeled S Pre-trained
Dataset Encoder
(a) Pretext Pre-training
w i e v task Method e
Fine-tunin: Classification .
9 Labeled Dataset Head Fine-tuned Model

® (z,y)

€+ h

Fine-tuning h

Figure 1. Self-supervised pipeline. Considering an encoder e, the first step consists in pre-training the encoder with unlabeled data (a). Once the pre-
training is done, a classification head is attached to the encoder to train the network on a specific downstream task with labeled data (b). This second

step is called fine-tuning.

Input

InfoNCE

(a) SCARF

(b) VIME

Figure 2. Architectures of the considered SSL pre-training approaches: (a) SCARF, (b) VIME, (c) BYOL.



2.2.2 VIME

VIME (Yoon et al. 2020) is a self-supervised generative auto-
encoder-based learning method for tabular data that relies on
two pretext tasks: feature reconstruction and mask recon-
struction. First, the pre-training process consists of generating
a binary mask vector m = [my,-,my]" € {0, 1}d where
mj ~ B(p.), to generate a corrupted version X for each exam-
ple x with the following transformation: ¥ =m©®x+
(1-m) ® x, where the features of X are sampled from the em-
pirical marginal distribution of each features.

The corrupted sample x passes through an encoder e that
produces a representation z, from which a decoder dy pre-
dicts the values of the features that have been corrupted and
a decoder d,,, predicts which features have been masked. The
total loss is a combination of a feature reconstruction loss £;
and a mask reconstruction loss L,,: £ = L,, +aLy, where L¢
is the mean squared error loss, £, is the sum of the binary
cross-entropy losses for each dimension of the mask vector
and «a is a hyper-parameter that adjusts the tradeoff between
the two losses. The pre-training process is described in
Fig. 2b. After the pre-training process, the encoder part e is
conserved and can be fine-tuned.

2.2.3 BYOL

BYOL (Grill et al. 2020) (Bootstrap Your Own Latent) is a
self-supervised learning method for visual data. We have
made some modifications to this method to adapt it to tabu-
lar data. BYOL is a pre-training method composed of two
neural networks branches: online and target. The online
branch is defined by a set of weight 8 and composed of three
parts: an encoder ey, a projector gy, and a predictor gy. The
target branch is defined by a set of weight & and is composed
of an encoder e; and a projector g;.

For the pre-training process, we choose to generate a cor-
rupted version X of an example x in the same way as VIME.
Then, the online branch takes as input the original example x
to produce the prediction gy(go(es(x))) = qo(z¢). Similarly,
the target branch takes as input the corrupted examples X to
produce the projection gg(es(%)) =Z;. The [2 —distance be-
tween the outputs is then minimized with the following
Lo loss:

(90(0),2¢) 2)

Loc=||go(ze) —2:|]F =2 -2 0002
o¢ = [ld0(zo) = Zell; 2ol - 1zells

We use an overline to denote normalized quantities. BYOL
is considered as a hybrid approach because it learns from
positive pairs only. During pre-training, at each training step,
the loss Ly is minimized with respect to 6 only, as the targer
branch is on stop-gradient mode. On the other hand, the
weights £ are updated by doing an exponential moving aver-
age of the online parameters 6. More precisely, at each train-
ing step and given a target decay rate 1 € [0, 1], the following
update is applied: £ — A6+ (1 —-24)0. The pre-training process
is described in Fig. 2c. After the pre-training, only the en-
coder ey is conserved for the fine-tuning process.

2.2.4 Effects of data augmentation

The objective of applying transformations to the examples
before the training process is to diversify the training features.
Although these transformations do not have biological mean-
ing, they simulate biological diversity well while preserving
the label. Indeed, one risk here is that the transformations
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alter the examples so much that their corresponding labels
change. To support this statement, we conducted an experi-
ment which can be found in Supplementary Material (Fig. S5,
available as supplementary data at Bioinformatics online).
We assume that they do not fundamentally change the under-
lying information for two main reasons. First, since we con-
sider thousands of features and we perturb only a fraction of
them (30%), the transformations’ effect is limited. Then, be-
cause of redundancy, mentioned in Section 2.1, the applied
transformations have less effect on the examples, since the in-
formation contained in a given feature can be contained in
another feature.

3 Experiments and results
3.1 Datasets

We selected two RNA-Seq datasets, described in detail
in Supplementary, available as supplementary data at
Bioinformatics online, with the preprocessing method
(Section A), to conduct our experiments:

* The Cancer Genome Atlas (TCGA): this is a pan-cancer
RNA-Seq dataset that contains 9349 samples and 56 902
input genes from 19 different types of cancer, with the
majority class representing 12.9% of the dataset and the
smallest class representing 2.8 %.

¢ All RNA-Seq and ChIP-Seq Sample and Signature
Search (ARCHS4) (Lachmann et al. 2018): this is a
pan-tissue samples originating from experiences from
SRA (Sequence Read Archive) and GEO (Gene
Expression Omnibus). It is a dataset that has not yet been
widely used in the field of deep learning. It is composed of
diverse samples originating from experiences that do not
only focus on cancer. It therefore represents a good candi-
date for use as pre-training dataset. It contains 53282
samples and 67 128 input genes from 19 different tissue
types, with the majority class representing 14.1% of the
dataset and the smallest class representing 0.6 %.

3.2 Experimental setup

3.2.1 Evaluation settings

The goal is to evaluate the effectiveness of the three selected
self-supervised methods with the TCGA and ARCHS4 RNA-
Seq datasets. Although self-supervised methods use unlabeled
data for the pre-training process, both datasets are labeled.
Thus, we divided each dataset into an unlabeled pre-training
and a labeled fine-tuning set while conserving initial class
proportions to simulate using unlabeled examples during the
pre-training. We define three evaluation settings depending
on the dataset considered. In each case, we pre-train the
model with the unlabeled pre-training set and fine-tune
with it with the labeled fine-tuning set on the downstream
task, consisting in cancer type identification (multi-class
classification):

* TCGA: We divided the dataset into a pre-training set
composed of 7291 examples and a fine-tuning set and test
set both composed of 1029 examples.

* ARCHS4: We divided the dataset into a pre-training set
containing 50 998 examples and a fine-tuning set and test
set both containing 1142 examples.

* ARCHS4 to TCGA: We pre-train the model with the
pre-training ARCHS4 dataset and fine-tune it with the
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fine-tuning TCGA dataset. The goal is to see if the repre-
sentation learned from the ARCHS4 samples can be
transferred to the TCGA downstream task. As the TCGA
and ARCHS4 datasets do not feature the same set of
genes, we only consider the common genes between the
two datasets, representing 55 747 genes.

In each case, we take 15% of both the pre-training and
fine-tuning set as validation sets. According to 3.1, a majority
class classifier would achieve 12.9% of accuracy on the
TCGA and ARCHS4-to-TCGA case, and 14.1% on the
ARCHS4 case.

3.2.1.1 Model architecture and training

We tested many encoder architectures e by varying the num-
ber and size of hidden layers. We selected the best architec-
ture by training on the fine-tuning training set and taking the
one with the best accuracy on the fine-tuning validation set.
The hyper-parameters tested are listed in Supplementary
Table S4, available as supplementary data at Bioinformatics
online. The best encoder architecture is composed of four
dense layers of dimension 256 and with ReLU activation
function and batch normalization.

For SCARF, the pre-training head g is a two layers ReLU
network with hidden dimension 256. For VIME, we use the
same architecture as the encoder e for both the feature de-
coder dy and mask decoder d,,, with an output dimensionality
of the same size of the input dimensionality. The mean square
error reconstruction loss is applied for the feature decoder d;
and the binary cross-entropy loss is applied for the mask de-
coder d,,. For BYOL, inspired by Grill et al. (2020), we
choose a linear layer with output size 4096 followed by batch
normalization, ReLU and a final linear layer with output di-
mension 256 as projectors gy and g and predictor gg. The
pre-training hyper-parameters are listed in Supplementary
Table S3, available as supplementary data at Bioinformatics

online. We use the pre-training validation set for loss tracking
during the pre-training step.

For the fine-tuning part, we associate the pre-trained en-
coder with a classification head composed of one linear layer
with embedding size as input dimension and the number of
classes as output dimension. We consider two cases: the
unfrozen fine-tuning where the layers of the encoder and the
classification are trained, and the frozen fine-tuning where
we freeze the layers of the pre-trained encoder and only the
parameters of the classification head are trained. Supervised
fine-tuning uses early stopping with patience 30, using the
loss on fine-tuning validation set, with a max number of
epochs of 100 and a batch size of 8.

3.2.1.2 Benchmarking

We apply each pre-training method on the defined encoder
and compare their performances, after fine-tuning, to the per-
formances of its non-pre-trained version. We call the non-
pre-trained model the baseline model. For the fine-tuning
part, the training set comprises approximately 1000 exam-
ples. We perform fine-tuning with different proportions p of
examples used during training, from 0.02 to 1 with a step of
0.01, to highlight the effect of fine-tuning with very few
examples. To estimate the variability of the approaches, we
train five models for each proportion and each method by
randomly initializing the weights of the fine-tuning head in
the pre-trained case and by randomly initializing the weights
of the whole network for the baseline model.

3.2.1.3 Results of evaluation
The results are presented in Fig. 3. For the two first cases in
which pre-training and fine-tuning examples originate from
the same dataset (3-first row). We notice a clear difference in
performance of the pre-trained models between the frozen
and the unfrozen fine-tuning.

Indeed, in the unfrozen case, pre-trained models achieve
better performance than the baseline model, especially at low
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Figure 3. Performance of pre-trained models compared to non-pre-trained model (baseline) for the three different cases: (left column) TCGA, (center
column) ARCHS4, and (right column) ARCHS4-to-TCGA.
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fine-tuning proportion p for the three experiments. This
clearly shows the benefits of self-supervised approaches to
improve prediction performances. Besides, all models seem
to reach the same accuracy as the proportion increases.
However, they seem to reach this common point faster when
considering the ARCHS4 dataset. This may be due to the fact
that in the case of ARCHS4, the models were pre-trained
with more examples than in the TCGA case. In the first two
experiments, the three self-supervised methods return the
same performance. The third experiment, where pre-training
and fine-tuning data come from different datasets, is the most
challenging task. We note that BYOL strongly outperforms
the other methods.

In the frozen case, the performances are variable. BYOL al-
ways produces lower performances. VIME is generally worse
than the baseline, but may reach the same performances with
a high proportion p. These two approaches seem not to draw
benefits from frozen pre-training. SCARF may be worse than
the baseline or outperform the baseline, especially for low
proportion p (see Fig. 3a and c). These results show that fro-
zen self-supervised learning is possible but is clearly more
complex than unfrozen self-supervised learning and requires
methods specific to gene expression data.

The selected pre-training methods improve model perfor-
mance when fine-tuning is done with unfrozen layers and
both pre-training and fine-tuning use the same dataset.
However, transferring representations from ARCHS4-to-
TCGA does not yield better results than training from
scratch. In all cases, frozen fine-tuning leads to poor perfor-
mance, highlighting that the learned representations require
adaptation to the downstream task.

By performing the fine-tuning on unfrozen mode, we saw
that pre-trained models can outperform the baseline. When
this is the case, pre-trained models need less examples to
reach the maximum baseline accuracy. For the TCGA case
(Fig. 3a) and the ARCHS4-to-TCGA case (Fig. 3¢), the maxi-
mum baseline accuracy is first achieved by the model pre-
trained with BYOL, saving, respectively, 49% and 34% of
the TCGA training dataset. For the ARCHS4 case (Fig. 3b),
the maximum baseline accuracy is achieved by the model pre-
trained with VIME and permits to save approximately 63%
of the ARCHS4 training set. Thus, these self-supervised
methods permit to produce models that can be effective and
can outperform the non-pre-trained model with less exam-
ples, which is a great advantage when we consider that anno-
tated RNA-Seq data is time-consuming and expensive to
obtain and existing RNA-Seq datasets contain few examples.

The benefits of self-supervised learning can also be demon-
strated when we look at the convergence speed (evolution of
accuracy as a function of training epochs) of pre-trained
models during fine-tuning. Indeed, fine-tuning a pre-trained
model takes less training epochs than starting from random
weights. Self-supervised methods permit to build models that
converges faster to a local minimum by providing a better
initialization.

This observation makes us consider the pre-training step as
an efficient model initialization, leading to a faster conver-
gence and lesser data consumption in supervised training.

3.2.2 Variation of architecture’s size

We want to highlight the architecture-dependent factor of the
representation induced by pre-training methods mentioned in
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Gross et al. (2024). We adopt the same evaluation process as
mentioned in Section 3.2.1 except that we vary the number of
layers and the embedding size of the considered model. The
number of layers varies from 2 to 10 and the embedding
size varies in the range [256, 1024]. We then pre-train and
fine-tune, in unfrozen mode, several architectures with each
pre-training methods and compare each one with its corre-
sponding not pre-trained version. To estimate the global
performance gap between a pre-trained model and a its non-
pre-trained version, we adopt a metric that compares the area
under the performance curves (AUPC).

More precisely, we only consider the AUPC for P varying
from 0.02 to 0.3, representing 20 to 300 examples, corre-
sponding to the size of a large majority of the real datasets.
The corresponding metric is:

g(my,my) = AUPC(ml)[o.oz,oa] _AUPC(’”Z)[O.027043] (3)

where m; and m, represent the accuracy curves of the two
models considered. We then obtain a metric so that the model
my performs better on average than m, if g(m1,m,) >0 and
inversely if g(m,m,)<0. This metric estimates the perfor-
mance of a pre-trained model and allows the comparison of
different methods on a range of training set size.

3.2.2.1 Results of variation of architecture’s size

The results are presented in Fig. 4. When we fix the embed-
ding size at 256, we can see that the three types of pre-
training are beneficial regardless of the depth of the encoder.
The metric value ranges from 0.00, for VIME with two
layers, to 0.07, for SCARF with 10 layers. When we increase
the embedding size to 1024, as the model is deeper, the
VIME pre-training becomes less effective until reaching a
negative value, showing counterproductive pre-training. We
can then suppose that the VIME pre-training method can be
ineffective in improving models with large embedding size
and can produce highly architecture-dependent representa-
tions. Concerning SCARF and BYOL, the pre-training is
still beneficial with embedding size of 1024, showing that
the representations induced by this method are not architec-
ture-dependent.

For a more in-depth analysis, we analysed dimensional
collapse-where the model underutilizes parts of the latent
space, indicating porr representation learning and potential
downstream performance issues (Jing et al. 2021). We exam-
ined this phenomenon across our pre-trained models for each
architecture. We analyse learned representations by collecting
the embedding vectors on the validation set. Following (Jing
et al. 2021), we evaluate the dimensionality by first collecting
the embedding vectors on the validation set. We then compute
the covariance matrix C € My 4(R) of the embedding vectors:
C=13N (2-2)(zi-2)", where 2=1L3"N 2 is the mean
and N is the total number of samples. We then apply the singu-
lar value decomposition on this matrix (C= USVT, where
S = diag(c*)) and dispose them in sorted order and logarithmic
scale, as shown in Fig. 4. When several singular values collapse
to zero, it is a sign of dimensional collapse. Figure 4 shows the
singular value spectrum for each architecture.

We can see that models pre-trained with VIME show signs
of dimensional collapse, especially with deeper architectures.
We can suppose that this collapse is the cause of bad perfor-
mance on downstream tasks as VIME’s gains are unstable
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with deeper architectures. For example, with the model com-
posed of nine layers with an embedding size of 1024, approx-
imately only 100 singular values do not collapse to zero and
it is associated to a negative performance model in down-
stream task. In contrast, SCARF and BYOL are more prone
to dimensional collapse due to the design of the pre-training
process based on the use of positive and/or negative pairs.
However, we can see that models pre-trained with SCARF
present a less pronounced dimensional collapse: for an em-
bedding size of 1024 up to 50% of singular values collapse to
zero and up to 20% collapse to zero for an embedding size of
256. Those pre-trained with BYOL do not present this effect
regardless of the number of layer and the embedding size.
This confirms the fact that the design of BYOL pre-training is
robust to dimensional collapse which is a key point of good
performances in our case. Interestingly, SCARF shows a rela-
tive effect of dimensional collapse but presents good perform-
ances on downstream task.

To conclude, this analysis shows that BYOL permits to
build representations that use all the available dimensions, re-
gardless of the architecture, whereas it is not the case for
VIME and SCARF. However, dimensional collapse is not a
sign of bad representation learning in our case, as even col-
lapsed models can outperform baselines on downstream task.

3.2.3 Variation of number of samples in pre-training set

We also aim to observe the effect of the pre-training set size.
For that, we use the ARCHS4 datasets with the initial archi-
tecture considered in Section 3.2.1. We vary the number of
examples used during pre-training by increasing the propor-
tion g of the pre-training set used from 0.01 to 0.05 with a
step of 0.01, then from 0.05 to 1 with a step of 0.05. We train
the model for each pre-training proportion ¢ used and for
each pre-training method and compare its performance to the
non-pre-trained version. For the comparison between two
methods, we choose to consider the performance of each
model with proportion P = 0.1 used in fine-tuning. For this
experiment, we set the fine-tuning part on unfrozen mode.
The results are presented in Fig. 5.

3.2.3.1 Results on the pre-training set size

The results presented in Fig. 5 show the effect of the size of
the pre-training set on the accuracy of the models with a fine-
tuning proportion p fixed to 0.1. We observe that the pre-
training is more effective as the pre-training proportion
increases and can be already effective with a few examples in
the pre-training set. More precisely, the SCARF and BYOL
pre-training methods provide increasing gains from g = 0.05
compared to the baseline, representing approximately 2500
examples. The same goes for VIME which provides increas-
ing gains from g = 0.2. We can also see that pre-trained mod-
els achieve lower performances than the baseline when the
pre-training proportion is small, showing that pre-training
can be counterproductive when using an insufficient amount
of example during this phase. Note that for BYOL and
SCAREF, this counterproductive effect occurs at very low pre-
training proportion, representing approximately 2000 exam-
ples. In contrast, for VIME the effect occurs when there are
fewer than 10000 examples in the pre-training set.

4 Discussion

Results show that self-supervised methods can enhance neu-
ral network performance on gene expression data, but only
under certain conditions. Indeed, first the fine-tuning
process has to be done with unfrozen layers, otherwise
the performance of the pre-trained models does not outper-
form the baseline model performance. It shows that the



representations induced by the three selected pre-training
methods cannot be used as they are and must be slightly mod-
ified through an unfrozen fine-tuning. Pre-training is most
effective when datasets are homogeneous. If this case, the
pre-trained models outperform the baseline model, especially
at low fine-tuning proportion p. This is a promising result
concerning pre-training applied to gene expression data be-
cause a low fine-tuning proportion corresponds to a clinical
application case for which only a few data are available
(<1000 examples). If pre-training and fine-tuning data differ
(e.g. due to batch effects), only the BYOL method is effective.
SCAREF and VIME fail to outperform the baseline in case of
dataset heterogeneity even if we ensure that the two datasets
are processed in the same way and include the same classes.
BYOL is the only method that provides better performances
when the pre-training and the fine-tuning set originates from
different datasets, showing that the pre-training added quali-
tative value to the representations. The lack of improvements
in this case could be due to the misalignment of the data clas-
ses. Indeed, even if the two different datasets follow the same
distribution by applying the batch effect correction, those of
the TCGA classes are not aligned with the distributions of the
ARCHS4 classes.

In addition, the representations induced by the pre-training
methods can be highly architecture-dependent. Thus, choos-
ing the right architecture is key to avoid counterproductive
pre-training, as seen for VIME with high-layered models.
However, SCARF and BYOL appear less architecture-
dependent as they only improve the baseline model by im-
proving the performance with a few examples in fine-tuning
and no counterproductive cases were encountered.

Finally, the dataset used for the pre-training does not need
to contain many examples for this step to be effective.
Indeed, we observed improvements for models pre-trained
with only a few examples (~9000). However, for these
experiments, we considered the case where the pre-training
and fine-tuning examples come from the ARCHS4 dataset,
which can be considered as the most straightforward case be-
cause the ARCHS4 dataset contains only 10 classes for the
downstream task. Since it can be considered as an easy down-
stream task, a short pre-training with a few examples can eas-
ily improve the model.

5 Conclusion

This study explores the use of self-supervised learning
methods on gene expression data for phenotype prediction.
We showed self-supervised learning creates high-quality rep-
resentations from unlabeled data. Self-supervised learning is
a cornerstone for the construction of foundation models for
gene expression that may significantly improve the perfor-
mance of classical supervised learning models. The three se-
lected methods succeeded in this task, particularly when the
fine-tuning is made with very few data, which is close to a
real application case. Thus, these methods reduce reliance on
expensive, time-consuming labeled data in the domain of
gene expression data.

Besides, to address variability in SSL effectiveness, we pro-
vide recommendations for using these methods to observe
gains compared to the baseline. Indeed, the fine-tuning
should be performed on unfrozen mode. Then, if the pre-
training and fine-tuning sets are homogeneous, we recom-
mend using the SCARF method because its pre-training phase

Dradjat et al.

lasts less time than that of BYOL. If the sets are not homoge-
neous, we recommend using BYOL because it is the only
method that outperforms the baseline in this case. Practitioners
should be cautious with VIME, as its pre-training is longer and
the results in fine-tuning are very unstable compared to the two
other methods.

Although the results are promising, some research chal-
lenges and prospects remain, e.g. the batch effect correction
(heterogeneity of pre-training and fine-tuning data) or the de-
sign of efficient pretext tasks. We focus our study on bulk
gene expression data, but as omics data share similarities,
this work should be applied to related data (genomics,
proteomics, etc). We therefore hope that this work will en-
courage future research in the development of self-supervised
approaches specific to omics data.
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