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Abstract

Motivation: Breakthroughs in high-throughput technologies and machine learning methods have enabled the
shift towards multi-omics modeling as the preferred mean to understand the mechanisms underlying biological
processes, and to improve complex disease prognosis in clinical settings. However, most multi-omic studies only
use transcriptomics and epigenomics due to their over-representation in databases and their early technical
maturity compared to others omics. For complex phenotypes and mechanisms, not leveraging all the omics
despite their varying degree of availability can lead to a failure to understand the underlying biological
mechanisms.

Results: We proposed MOT (Multi-Omic Transformer), a deep learning based model using the transformer
architecture, that discriminates complex phenotypes (herein cancers types) based on five omics data type
regardless of their availability: transcriptomics (mRNA and miRNA), epigenomics (DNA methylation), copy
number variations (CNVs), and proteomics. At its core, MOT uses a data augmentation scheme that allows it
to handle missing omics views and its attention layers give a macro level of interpretability for each
phenotypes. Indeed, MOT identifies the required omic type for the best prediction for each phenotype and
therefore could guide clinical decision making when acquiring data to confirm a diagnostic. It achieves an
accuracy score of 96.04% after 5-fold cross-validation among 33 tumour types. The newly introduced model
can integrate and analyse five different omics data while handling the missing omics views and can also identify
the essential omics data for the tumour multiclass classification tasks.

Availability and implementation:: MOT source code is available at
https://github.com/dizam92/multiomic_predictions.

Keywords: deep learning; multiclass classification; cancer; multi-omics analysis; transformer model; precision
medicine

Background
The recent biotechnological innovations via an expo-
nential development of high-throughput techniques,
such as next-generation sequencing, have generated a
wide variety of omics datasets: genomics, transcrip-
tomics, proteomics, metabolomics, lipidomics, among
others. Thus, revealing different biological aspects of
the same clinical samples opens new perspectives in
personalized medicine. Although the majority of past
studies [1–4] use a single omic data type, with a sig-
nificant emphasis on genomics, transcriptomics and
proteomics, there is currently a switch towards multi-
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omics studies. The objective is to provide a deeper
understanding of patients’ internal states and enable
more accurate clinical decision-making [5,6]. The pos-
itive impact of these multi-omics studies using machine
learning techniques can already be seen in several in-
dication areas: Central Nervous Systems [7, 8], onco-
logy [9–12], cardiovascular [13] single-cell analysis in
humans [14–16].
A typical multi-omics study only uses the transcrip-

tomic data (mRNA and miRNA) and the epigenom-
ics data (DNA methylation also known as CpG sites).
However, there is a multitude of other omics data types
that must be taken into consideration for a complete
assessment of a patient internal state. Many reasons
are often invoked for not considering other omics: het-
erogeneity [5], missing values, outliers and data im-

https://github.com/dizam92/multiomic_predictions
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balances [17]. But the most important is the under-
representation of certain omics types in databases due
to limited effort to acquire this type of data, pro-
ductivity costs associated with their acquisition and
the technical decisions made by laboratory technicians.
Nowadays, in the wake of the increasing popularity
of precision medicine, more studies focus on demon-
strating the peculiarity or singularity of cancer dis-
eases [18–20]. This peculiarity implies that varying
sources are responsible for the cancer disease. This
discrepancy is also found intrinsically in patients with
the same cancer disease. This increases the probability
that the different omics views have a varied impact on
the same cancer patients and different cancer patients.
The rapid growth and success of machine learn-

ing and deep learning models have led to an expo-
nential increase application of models to multi-omics
data analysis and cancer classification. A traditional
auto-encoder [21] was used to embed some multi-omics
data (mRNA, miRNA and DNA methylation) into a
100-dimensional space to identify multi-omics features
linked to the differential survival of patients with liver
cancer [10]. [22] introduced HI-DFN Forest a frame-
work built for the cancer subtype classification task.
The framework includes a multi-omics data integra-
tion step. It is based on hierarchical stacked auto-
encoders [23] which are used to learn an embedded rep-
resentation from each omics data (mRNA, miRNA and
DNA methylation). The learned representations are
then used to classify patients into three different can-
cer subtypes: invasive breast carcinoma (BRCA), glio-
blastoma multiform (GBM) and ovarian cancer (OV).
Targeting a different perspective on the multi-omics
data usage, [24] addressed the task of predicting the
proteome from the transcriptome. To achieve this task,
they built three models: a generic model to learn the
innate correlation between mRNA and protein level, a
random-forest classifier to capture how the interaction
of the genes in a network control the protein level and
finally a trans-tissue model, which captures the shared
functional networks across BRCA and OV cancers. It
should be noted that these studies mainly focus on can-
cer identification or classification among certain types
of cancers with a well-defined subset of omics data.
As for pan-cancer with multi-omics data, [25] intro-

duced DeepProg, a semi-supervised hybrid machine-
learning framework made essentially of an auto-
encoder for each omics data type to create latent-space
features which are then combined later to predict pa-
tient survival subtypes using a support vector ma-
chine (SVM). DeepProg is applied on two omics views
(mRNA and DNA methylation) for 32 cancer types
from the TCGA portal (https://www.cancer.gov/
tcga). OmiVAE, [26] on the other hand, is a vari-
ational auto-encoder based model [27], used to encode

different omics datasets (mRNA and DNA methyl-
ation) into a low-dimensional embedding on top of
which a fully connected block is applied to the clas-
sification of the 33 tumours from UCSC Xena data
portal [28]. On the task of tumour type multiclass clas-
sification, OmiVAE achieves a performance of 97.49%
of accuracy. Despite this high accuracy score, OmiVAE
is not perfect. One major drawback is the limitation
in the number of omics views that it can process. It
cannot integrate more than three omics data types.
The second drawback is its inability to process miss-
ing omics views for samples.

Over the lack of existing model integrating and pro-
cessing many different omics views with missing views
for samples, we introduce MOT, a multi-omic trans-
former architecture. Initially introduced to solve Se-
quence to Sequence (Seq2Seq) translation problems,
the transformer model [29] is widely applied to various
domains and is increasingly becoming one of the most
frequently used deep learning models. This model in-
cludes two main parts: an encoder and a decoder com-
posed of modules (multi-heads attention mechanisms
and feed forward layers). The modules can be stacked
on top of each other multiple times. The popularity
of the transformer architecture lies in the attention
heads mechanism that offers a level of interpretabil-
ity of the model’s decision process. We perform a data
augmentation step in the learning phase to obtain a
robust MOT model handling missing omics data type.
Data augmentation encompasses techniques used to
increase the amount of data by adding altered cop-
ies of already existing data or newly created synthetic
data from existing data. The impact of this method is
well demonstrated in the literature [30–32]. Here, new
examples were created from the original samples by
randomly generating alternate subsets of omics data
type available for the recent examples. The integra-
tion of this data augmentation procedure in our learn-
ing process allows MOT to (i) handle very well miss-
ing omics data types for samples while (ii) correctly
classify the 33 tumour types from the UCSC Xena
data portal. The multiclass classification task was per-
formed in a broader set of omics data types: mRNA,
miRNA, DNA methylation, CNVs and proteins (iii).
These three points (i), (ii) and (iii) summarize well the
MOT contributions. We compared the MOT perform-
ance to some baselines algorithms. To our knowledge,
this is the first model that integrates and processes up
to five omics data types regardless of their availabil-
ity and offer a macro level of interpretability for each
phenotype for the pan-cancer multiclass classification
task.

https://www.cancer.gov/tcga
https://www.cancer.gov/tcga
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Material and Methods
Datasets and preprocessing
Datasets: The TCGA pan-cancer dataset is available
on the UCSC Xena data portal. There are 33 vari-
ous tumour types in the dataset. Five types of om-
ics data, mRNA (RNA-Seq gene expression), miRNA,
DNA methylation, copy number variation (CNVs) and
protein, were used in this study. Among them, three
(mRNA, DNA methylation, CNVs) are datasets of
high-dimensional space. The gene expression (mRNA)
profile of each sample comprises 20532 identifiers re-
ferring to corresponding genes. A log2 transforma-
tion (log2(norm value+1)) was applied on the ori-
ginal count resulting in an mRNA version (available
on the UCSC Xena data portal) called the batch ef-
fects normalized mRNA. The Illumina Infinium Hu-
man Methylation BeadChip (450K) arrays provide
DNA methylation profiles with 485,578 probes. The
Beta value of each probe represents the methylation
ratio of the corresponding CpG site. The CNVs pro-
file of each sample comprises of 24776 identifiers which
are estimated values from the ones measured experi-
mentally. The values are estimated to be -2, -1, 0, 1,
2, representing homozygous deletion, single copy dele-
tion, normal diploid copy, low-level copy number amp-
lification, or high-level copy number amplification. As
for the miRNA profile, it is comprised of 743 iden-
tifiers. The values of the miRNA dataset were also
log2-transformed and available directly on the portal.
Finally, the protein expression dataset is comprised of
210 identifiers. All the omics datasets were downloaded
from the UCSC Xena data portal on September 1st,
2021. Like most omics datasets, the dataset here is also
imbalanced: there is a discrepancy in the availability of
samples for each tumour type. It is a well-documented
problem [17] specific to this kind of dataset. For il-
lustration purposes, figure 1 presents the number of
samples available for each of the 33 tumours in the
dataset. The imbalance is easily observable as as we
have more than 1200 samples for breast cancer and
fewer than 50 samples for cholangiocarcinoma (bile
duct cancer).
Table S3 in supplementary data presents all the 33

cancer names with their abbreviations.
Preprocessing: A feature selection step was per-

formed on the omics datasets with a high-dimensional
space to comprehensively integrate all of the omic
dataset. The targeted omics datasets are the mRNA,
the DNA methylation and the CNVs. The dimen-
sion reduction step, a standard step in multi-omics
data processing, is well documented in many stud-
ies. For example, Wu and colleagues [33]presented
many feature selections and techniques adapted to
multi-omics problems. Here, we apply the median

absolute deviation (MAD = median(|Xi − X̃|) with
X̃ = median(X)) which is a robust measure of the
variability of a univariate sample of quantitative data.
The MAD was applied to the mRNA and the DNA
methylation datasets. Regarding the CNVs dataset, it
contains discrete values [(-2, -1, 0, 1, 2)]. Thus, an-
other feature selection method was applied here. It is
the mutual info classif, available on sickit-learn [34],
which estimates the mutual information for a discrete
target variable. Mutual information (MI) between two
random variables is a non-negative value, which meas-
ures the dependency between the variables. It is equal
to zero if and only if two random variables are inde-
pendent, and higher values mean higher dependency.
Since it can be used for univariate features selection,
we believed it was the most suitable for the CNVs
dataset. From each applied method on the targeted
omics dataset, we selected 2000 features per omics
type. It should be recalled that the miRNA and pro-
teomics datasets were used directly without a feature
selection step. After the dimension reduction step, the
omics dataset was integrated using the parallel integra-
tion method [33] which consists of putting together all
the omics available together to obtain a matrix with n

rows (the samples) andm column (the omics features).
There is no consensus on the integration method in the
studies but [33] presented an excellent resume of all the
main techniques used.
As for the data augmentation step, new samples were

built by randomly selecting a subset of the omics views
initially available for the sample. It means that for each
patient from the original dataset built earlier, a com-
bination between 1 and 4 views is randomly selected
and replaced per 0. Amongst the five omics datasets
targeted, a sample must have at least one of those om-
ics data available to be considered in the final dataset.
For a more comprehensively information about the

dataset distribution, see figures S1 and S2 in supple-
mentary data. Figure S1 shows the distribution of the
number of samples available with (1) omic view, (2)
omic view, (3) omic view, (4) omic view and (5) omic
view. Figure S2 shows the number of samples available
for each combination for all the 5 omics views.

MOT: a transformer model
The transformer model consisting of encoders and de-
coders is entirely built on the attention mechanism.
Each encoder includes two layers: a self-attention layer
and a feed-forward layer. Let’s denote Q, the matrix
containing all query vectors of all words in the se-
quence, K, the matrix of keys and V, the matrix of
all values. The self attention value is obtained with:

Attention(Q,K,V) = softmax

(

QKT

√
dk

)

×V (1)
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Figure 1: Number of samples available for the 33
cancers

with dk the dimension of the embedding layer. The
multi-head attention is essentially the integration of
the simple self-attention mechanism. The initial inputs
to the multi-head attention are split into h parts, each
having queries, keys, and values. Figure 2 illustrates
the original form of the transformer model introduced
by [29]. Since the topic is not the Seq-2-Seq task, the
embedding step is removed and replaced by a simple
linear transformation to transform the 11-dimensional
data into an n-dimensional space. The original soft-
max layer of the transformer’s output is also removed
because the MOT output nodes are not probabilities
but real values.

Table 1: Classification performance of the models on
the dataset. *: the dataset contains only three omics
(miRNA, mRNA and DNA methylation) and the res-
ults are reported from [26].

acc prec rec f1 score
DT 33.46 17.77 33.46 21.49
RF 72.95 78 72.95 71.56
SVM 94.78 94.80 94.78 94.66
DNN 93.19 93.81 93.19 93.37
OmiVAE* 97.49 - - 97.5
MOT 96.04 96.25 96.04 96.11

Results
Evaluation of models performances

To assess the performance of the models, the accur-
acy ( tp+tn

tp+fp+tn+fn
) metric is mainly used. However, we

also present the Recall ( tp
tp+fn

), the Precision ( tp
tp+fp

)

and the F1 score (2 · precision·recall
precision+recall

). The later met-
ric is used to assess the model’s performances on each
cancer individually. The MOT model is trained and
evaluated on three partitions: a training set (70% of

Figure 2: The MOT Model Architecture and Com-
ponents.

the dataset), a validation set (10% of the dataset) and
a testing set (20% of the dataset). The baseline models
are comprised of a decision tree (DT), random forest
(RF), support vector machine (SVM) and a deep neur-
onal network (DNN). They are also trained and evalu-
ated on the same partitions. Note that for the DT,
RF and SVM, there is no validation set. Therefore
the training set for these models comprises 80% of the
dataset. Table 1 presents the metric scores for all the
baseline models, OmiVAE and the MOT model. An
ablation study of the MOT model was also performed
and presented in the table 2 (see MOT**). This exper-
iment performs the same training and testing proced-
ure on the same set, excluding the data augmentation
step in the training phase. An assessment of the res-
ults indicates MOT benefits from the data augmenta-
tion step. Indeed, MOT obtains 96.04% accuracy with
the data augmentation step versus 91.60% without it.
This is roughly 5% better, which is a good improve-
ment. The same trend is also observed for the remain-
ing three metrics. In comparison with OmiVAE, MOT
is slightly less efficient. MOT has 96.04% of accuracy
while OmiVAE has 97.49%. Although minimal, this
difference (1.448%) can be explained by the dissimilar
subset of omics views used by the models. OmiVAE is
applied only on miRNA, mRNA, and DNA methyla-
tion samples. However, MOT uses a wider set of omics
data, including the 3 previously mentioned and the
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CNVs and the protein. This indeed adds another layer
of complexity. Despite it, MOT still achieves an excel-
lent overall performance on the task at hand.
Moreover, in evaluating the performance of the MOT

model depending on the availability of omics views,
a new experiment was designed. It consisted of test-
ing the MOT model on the same test set previously
used but only on samples with all the five omics views
available. From the initial testing set containing 2451
samples, the new test set with exclusively the samples
with all the five omics views available contains 1144
samples. Table 2 shows the results (see MOT***). In
this setting, MOT scored an accuracy of 97.99%. The
score is slightly better than the MOT (96.042%), but
the difference is not huge. Consequently, this suggests
that the MOT model can handle well missing omics
views since the performances discrepancy is not egre-
gious.

Table 2: MOT models performance evaluation on 2 dif-
ferent experiment **: the MOT is trained and tested
without the data augmentation step in the training
phase. ***: the best MOT model is tested on the sub-
set containing only the examples with all the 5 omics
views available for each samples.

acc prec rec f1 score
MOT 96.04 96.25 96.04 96.11
MOT** 91.60 92.07 91.60 91.71
MOT*** 97.99 97.97 97.99 97.96

Table S1, in supplementary data, presents the classi-
fication report obtained with scikit-learn. Other than
Rectum adenocarcinoma (READ) and Uterine Car-
cinosarcoma (UCS) cancer, MOT performs well on all
remaining cancer. In table S2, we also present the clas-
sification report for the experiment with all the views
available for each sample.

Macro interpretability

In the previous section, we demonstrate the robust-
ness of the model to the missing omics views and it’s
ability to predict accurately the various cancer types.
Here, we further investigate the model to provide a
level of interpretability. The aim of this analysis is to
find which are the most important omics views and
their individual impact on the model decision.
Firstly, we implement a new experiment comprising

the testing of the MOT model on a dataset subset
where alternatively, each omics view was removed. We
deliberately offset one of the five omics views and test
MOT on the new subset. The divergence of the ob-
tained accuracy is computed regarding the original ac-
curacy (i.e. 96.04%). Figure 3 illustrates the results of
the experiment. The y-axis represents the removed om-
ics views. The x-axis represents the score divergences

3.0 2.5 2.0 1.5 1.0 0.5 0.0 0.5 1.0
Difference in value from baseline model acc metric value
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Figure 3: Metric evaluation of the MOT model with
each of the five omics views removed from the test
set.

expressed in percentage. The main observation result-
ing from this analysis is that the removal of the miRNA
view and the mRNA view impact the overall perform-
ance of the model. Indeed, from figure 3, the worst per-
formances degradations are observed with these two
omics absent. Also, an interesting observation is the
slight amelioration (in fact, the only one observed here)
of the MOT model on data without CNVs omic view
(+ 0.09%).
On top of this experiment, an analysis of the multi-

heads attention layers of the transformer model was
performed. The goal here is to investigate for each
tumour the most impacting omics views on the de-
cision output of the MOT model for this tumour in
particular. To do so, all the weights of all the layers
are combined for each attention head. The weights are
summed, the average is calculated, and a reduction is
performed to obtain 5*5 arrays for each cancer. Then,
these arrays are used to obtain heat maps of the in-
teraction between all the omics views. We extract the
omics views from those heat maps with the highest
attention weights implying the most impact for each
cancer. Table 3 presents the finding. The most atten-
tion is the mRNA view consistent with the state-of-
the-art finding in cancer disease. The mRNA view is
often most observed in combination with the miRNA
and/or the CNVs. Over the 33 tumours, MOT focuses
more on two views for 15 of them. Meanwhile, for 13
of them, MOT emphasizes only one omic view, mostly
the mRNA view but in one case on the CNVs view (for
the GBM cancer). For the remaining 5, MOT needs at
least 3 omics views for prediction.
Always to analyse the impact of the views with the

highest attention scores, for each cancer, the views
identified in table 3 are removed from the test set,
and MOT is re-evaluated. In figure 4 we illustrate
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the variation of the f1 scores. There is a degradation
for most of the tumours when these omics are turned
off. This observation supports the importance of these
particular omics for those tumours. However, there
is no variation in the performances for these five tu-
mours BLCA, LGG, SARC, UCEC and UVM for these
five tumours. Furthermore, there is even a perform-
ance amelioration for these tumours: MESO, PAAD,
SKCM, THYM and UCS.

Table 3: Omics views with the highest attention
weights for each cancer.

Cancers CNVs DNA methylation miRNA mRNA protein
ACC X X

BLCA X

BRCA X

CESC X X

CHOL X

COAD X

DLBC X X

ESCA X

GBM X

HNSC X X

KICH X X

KIRC X X

KIRP X X

LAML X X

LGG X

LIHC X X X

LUAD X X X

LUSC X X X

MESO X X

OV X X X

PAAD X X

PCPG X X

PRAD X

READ X X

SARC X

SKCM X

STAD X

TGCT X X

THCA X

THYM X X

UCEC X

UCS X

UVM X X X

Discussion and Conclusions
This paper introduces MOT: a multi-omics trans-
former for multiclass classification tumour types pre-
dictions. The model is based on a deep learning ar-
chitecture, the transformer architecture with attention
heads mechanism [29]. The scarcity of certain omics
data makes multi-omic studies difficult and prevents
using the full range of omics. Nevertheless, from the
UCSC Xena data portal, five omics data type (CNVs,
DNA-methylation, miRNA, mRNA and proteins) was
extracted to build a multi-omics dataset. These om-
ics data each have various feature space sizes ranging
from a vast feature space (396066 original features for
DNA methylation) to a relatively small feature space
(259 original features for protein). This variation re-
quires a quasi-mandatory preprocessing step to integ-
rate the data correctly. These steps consist of a data-
set dimension reduction via a feature selection and
padding the missing values. After the preprocessing

steps, the MOT model was trained and evaluated on
the multi-omics dataset. The hyper-parameter optim-
ization, a crucial step in machine learning problems,
was done with Optuna [35], an open-source hyper-
parameter optimization framework to automate hyper-
parameter search. Through the training phase, a data
augmentation step was performed. This step allows
you to diversify the type and number of examples seen
during the training phase with the primary purpose of
increasing the model robustness. We obtained a MOT
model outperforming the baselines algorithm (96.04%
of accuracy see table 1). This model is also robust, as
demonstrated by the ablation study experimentation.
Indeed, MOT trained with data augmentation outper-
formed by ≃ 5% the MOT model trained without data
augmentation (see table 2 MOT vs MOT**). This em-
phasizes the importance of this step in the learning
process. In the same order of thoughts, i.e. to show-
case the model robustness, we tested the model on the
test set with uniquely samples with all the 5 omics
always available. This experiment results (see table 2
MOT***) shows a slight amelioration of the overall
performance (97.99% VS 96.042%). The fact that this
difference is not huge shows the ability of the model
to learn even properly despite the missing omics views
data. To our knowledge, we believe this is the first
model able to integrate up to five omics views and be
as efficient on the multiclass classification prediction
task. The parameters of the best model obtained are
presented in table S4 in supplementary data.
The internal structure of the model, i.e. the attention

mechanism heads, gives the model a unique edge worth
exploiting. The attention weights can help discover the
most impactful views in the model decision process in
general and for each cancer. Table 3 shows the res-
ults of the analysis of the heatmaps of the attention
weights. An important observation is the impact of the
mRNA view on almost all the tumour types (except
the GBM cancer). Another observation is the model’s
lack of use of the DNA methylation view (except for
the KIRC cancer). This observation is unusual because
most of the studies on multi-omics studies include the
DNA methylation suggesting some involvement in the
process. This finding implies that this omic view is less
impactful on the overall decision process in general.
The proteomic view is never considered in the decision
process. This can be explained by the fact that this is
the less developed view since not enough features are
available and produced for this omic view. The lack
of representation and probably the misrepresentation
could lead the proteomic view to be less considerate
in the decision-making process. To corroborate these
findings, we elected to test the MOT model on a sub-
set: the same test set at least samples wise but without
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Figure 4: Metric evaluation of the MOT model for each cancer with each of views with the highest attention
removed from the test set.

the most impactful views determined by the model for
each cancer and presented in table 3. The goal is to
demonstrate the impact of those views on perform-
ance degradation. Mixed results are obtained (see fig-
ure 4). As expected, most performance decreases when
the most impactful omics per cancer are removed from
the test set. But in rare cases, there is no variation and
even a positive variation. Since the MOT model sees
all cancers at once, it can be noted that some inform-
ation is shared in the hidden layers to increase the
overall accuracy of the entire model on the multiclass
classification task. This would justify such favourable
variations for these cancers, meaning that the model’s
internal structure probably learns how to perform well
on them regardless of the omics views.
The multi-omic transformer model introduced here

covers many important areas of multi-omics studies.
It is a modular model that integrates up to five omics
datasets and is robust to the missing omics views. A
possible follow-up is to train the model to combine
the cancer prediction task with the prediction of the
missing views. This could be possible by modifying the
loss function and is a task we are already tackling.
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Laviolette, F., Corbeil, J., Lambert, J.-P., Diorio, C., Durocher, F.:

Machine learning analysis identifies genes differentiating triple negative

breast cancers. Scientific reports 10(1), 1–15 (2020)

12. Osseni, M.A., Tossou, P., Corbeil, J., Laviolette, F.: Applying

pyscmgroup to breast cancer biomarkers discovery. In:

BIOINFORMATICS, pp. 72–82 (2021)

13. Weng, S.F., Reps, J., Kai, J., Garibaldi, J.M., Qureshi, N.: Can

machine-learning improve cardiovascular risk prediction using routine

clinical data? PloS one 12(4), 0174944 (2017)

14. Cao, K., Bai, X., Hong, Y., Wan, L.: Unsupervised topological

alignment for single-cell multi-omics integration. Bioinformatics

36(Supplement 1), 48–56 (2020)

15. Ma, A., McDermaid, A., Xu, J., Chang, Y., Ma, Q.: Integrative

methods and practical challenges for single-cell multi-omics. Trends in

Biotechnology (2020)

16. Zuo, C., Dai, H., Chen, L.: Deep cross-omics cycle attention model for

joint analysis of single-cell multi-omics data. Bioinformatics (2021)

17. Haas, R., Zelezniak, A., Iacovacci, J., Kamrad, S., Townsend, S.,

Ralser, M.: Designing and interpreting ‘multi-omic’experiments that

may change our understanding of biology. Current Opinion in Systems

Biology 6, 37–45 (2017)

18. Arnedos, M., Vicier, C., Loi, S., Lefebvre, C., Michiels, S., Bonnefoi,

H., Andre, F.: Precision medicine for metastatic breast

cancer—limitations and solutions. Nature reviews Clinical oncology

12(12), 693–704 (2015)

19. Lipinski, K.A., Barber, L.J., Davies, M.N., Ashenden, M., Sottoriva,

A., Gerlinger, M.: Cancer evolution and the limits of predictability in

precision cancer medicine. Trends in cancer 2(1), 49–63 (2016)

20. Yu, L., Li, K., Zhang, X.: Next-generation metabolomics in lung cancer

diagnosis, treatment and precision medicine: mini review. Oncotarget

8(70), 115774 (2017)

21. Bengio, Y.: Learning Deep Architectures for AI. Now Publishers Inc,

??? (2009)

22. Xu, J., Wu, P., Chen, Y., Meng, Q., Dawood, H., Dawood, H.: A

hierarchical integration deep flexible neural forest framework for cancer

subtype classification by integrating multi-omics data. BMC

bioinformatics 20(1), 1–11 (2019)
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