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Breast cancer histologic grade represents the morphological assessment of the tumor’s malig-
nancy and aggressiveness, which is vital in clinically planning treatment and estimating prog-
nosis for patients. Therefore, the prediction of breast cancer grade can markedly elevate the
detection of early breast cancer and efficiently guide its treatment. With the advent of high-
throughput profiling technology, a large number of data of different types are rapidly generated,
and each data provides its unique biological insight. Although many researches focused on
cancer grade prediction, hardly most of them attempted to integrate multiple data types, by
which we cannot only improve and boost results obtained from learning method, but also have a
good understanding or explanation of biological issues. In this paper, we take advantage of a
sophisticated supervised learning method called multiple kernel learning (MKL) to design a
breast cancer grading predictor fusing heterogeneous data for classification of breast cancer
histopathology. Furthermore, we modify our model by involving biological pathway informa-
tion. The new model can evaluate the significance of various pathways in which differential
expression genes fall between different breast cancer grades. The merits of the novel model are
lucubration in bridging between omics data and various phenotypes of breast cancer grades, and
providing an auxiliary method integrating omics data of cancer mechanism research.
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In experiments, the proposed method outperforms other state-of-the-art methods and has
abundant biological interpretation in explaining differences between breast cancer grades.

Keywords: Multiple kernel learning (MKL); feature selection; omics data integration;
breast cancer grade; biological interpretation.

1. Introduction

Breast cancer is the most common cancer in women and a leading cause of cancer
death worldwide. An estimated 1.67 million new cancer cases were diagnosed in 2012,
and nearly 12% of the whole world new breast cancer cases were diagnosed in China.’
Since the global burden of breast cancer exceeds all other cancers in women, and the
incidence and mortality rates of breast cancer are increasing, early diagnosis of
the cancer seems to be the most practical way to lower the harm. Current routine
management of breast cancer relies on the availability of robust clinical or patho-
logical prognostic, predictive factors to guide patient decision-making and the se-
lection of potentially suitable treatment options. In early-stage breast cancer, where
the use of systemic therapy has to be determined for every patient, the three main
prognostic determinants used in routine practice are lymph node status, tumor size,
and histological grade.? Within the last several decades, histologic grade has become
widely accepted as a powerful indicator of early diagnosis and prognosis in breast
cancer.

Histologic grade of cancer represents the morphological assessment of tumor bi-
ological characteristics and has been shown to be able to generate important infor-
mation related to the clinical behavior of cancer such as cancer’s malignancy and
aggressiveness. A popular cancer grading system uses four levels of malignancy
(G1-G4), reflecting the combined level of cell appearance abnormality, deviation in
growth rate from the normal cells and the degree of invasiveness and dissemination.
These pathological measures have been found to be in general concordance with the
level of cellular differentiation by American Joint Commission on Cancer (AJCC).?
More precisely, G1, G2, G3 and G4 are referred to as well-differentiated, moderately-
differentiated, poorly-differentiated and undifferentiated conditions. Until now,
there has not been a universal grading system for all cancers, however, different
grading systems have been proposed for different cancers. The Nottingham (Elston—
Ellis) modification of the Scarff-Bloom—Richardson grading system, also known as
the Nottingham Grading System (NGS),* is the most well-known grading system
recommended for breast cancer and based on assessments of nuclear grade, tubule
formation, and mitotic rate.

Due to the significance of cancer grading, many researchers proposed cancer grade
prediction methods based on diverse high-throughput omics data. Cui et al. identi-
fied a number of gene combinations whose expression patterns serve well as sig-
natures of different grades based on gastric cancer data aiming to design grading
score predictor.” Yao et al. presented several gene panels as signatures for distin-
guishing breast cancer grades and stages through studying on RNA-seq data.’
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Shivang et al. integrated multi-scale image information and domain-specific
information for breast and prostate grading score prediction.” Advances in different
type of sequencing have revolutionized and facilitated the field of bioinformatics
research, making it possible even for small research group to generate large amounts
of sequencing data very rapidly and at a substantially lower cost. Moreover, what is
the most important is that it is increasingly common to derive multiple types of
omics data from the same patient. However, hardly most of researches tackle cancer
grade prediction via integrating multiple omics data. Meanwhile, the emergence of a
large number of high quality and confidence omics databases also provides us more
possibility and convenience to collect these different types of data for the analysis
that is referred to as integration analysis of heterogeneous data in data science
terminology. Indeed, the emerging approaches for heterogeneous data integration
analysis in biological field mainly include two paradigms: multi-staged and meta-
dimensional analysis.® It is usually hard to fuse heterogeneous data, but the kernel
methods can be applied to merge the inherent distinction among heterogeneous data
and are hence suitable in this set-up.

Support vector machine (SVM) is known as a well-studied and classical machine
learning method for classification problem. However, many real data are linearly
inseparable, the kernel hence plays a prominent role in SVM. One of the fine prop-
erties of kernel methods is that we can map low-dimensional features to a high-
dimensional even infinite-dimensional space, where data are linear separable.
However, only using single kernel restricts the ability of SVM in integrating multiple
types of omics data simultaneously. On the contrary, multiple kernel learning (MKL)
that adopts the second strategy based on data level, encodes data of different types
into kernels respectively as input for its own model, is exactly right applied for
heterogeneous data. MKL aims to simultaneously learn a combined kernel and the
associated predictor in supervised learning settings. There are two common methods
to combine different kernels: linear method and nonlinear method. Among them,
the most state-of-the-art method is linear MKL using weighted sum of different
kernels as a combined kernel.”

In this paper, we proposed an improved supervised method based on linear MKL
framework fusing heterogeneous omics data of breast cancer from the Cancer
Genome Atlas (TCGA) (https://tcga-data.nci.nih.gov/tcga/) and biological path-
way information from Kyoto Encyclopedia of Genes and Genomes (KEGG)' to
predict grade scores of breast cancer and evaluate the significance of various path-
ways between different breast cancer grades. The workflow of the proposed method,
which contains two parts of pipeline, is illustrated in Fig. 1 as below. In the first part,
we focused on MKL fusing heterogeneous omics data aiming at predicting the grade
score of breast cancer. (1) We collected different omics data of breast cancer, in-
cluding both gene expression data and methylation data, which are derived from the
same patient and annotated with grade score. (2) We preprocessed these data by
purging, normalizing and gene mapping. Then, we performed gene feature selection

1650037-3



T. Song et al.

TCGA ‘ KEGG ‘

-y Ve
— | ]
v
Data Preprocessing and gene features
selection
v
Generate data kernels separately Group data by pathways and generate
pathway kernels separately
I ]
. 3 }
iR REL e - IRE
> > . h:\"‘ »
T 11— T
v
Train SMO-MKL model for breast cancer Train SMO-MKL pathway model for breast
grade classification cancer grade classification
! i
Validate and Analyze model Validate and Analyze model

[

Mean Mean

Ordered

classification
accuracy

classification

athway list
accuracy P v

Fig. 1. The workflow of working model.

method based on the intrinsic characteristics that determine their relevance or dis-
criminant powers with regard to the target grade to different omics data matrix
separately. (3) We generated kernels utilizing data matrices as input for subsequent
model, and then trained linear MKL model to obtain the classification result of the
predictor. Then, we used the mean accuracy of classification to indicate the efficiency
of model, and compared the results of proposed method with other traditional
methods. In the second part, we did the same process as (1) and (2) in the first part.
(3) Then we grouped data matrix mentioned in the previous step into sub-matrices,
each of these rows representing genes belong to the same biological pathway re-
spectively, and generated kernels utilizing these sub-matrices as input for subsequent
model. (4) We trained a linear MKL model to acquire the weights of various
pathways between different breast cancer grades. Furthermore, our method in-
volving biological pathway information is capable of providing us abundant bio-
logical interpretation of the differences among various grades, which merits deeper
exploration.
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2. Methods
2.1. Data preprocessing

In this paper, we tried to predict breast cancer grade scores using MKL with breast
cancer data from TCGA, which cover 1098 breast cancer patients with various
clinical descriptions and omics data. Indeed, we attempted to collect as many sam-
ples with both clinical descriptions we concerned and distinct omics data as possible,
which empower our method to improve the robustness and reliability in deciphering
the differences among breast cancer grades. In this study, we filtered 610 samples,
each of which measured expression data, methylation data and grade score simul-
taneously, can maximize our demand. In these 610 cancer samples, 75 samples are
well-differentiated (G1), 289 samples are moderately-differentiated (G2) and 246
samples are poorly differentiated (G3). The expression data were obtained from the
level 3 data of RNASeqV2, and the methylation data were extracted from the level 3
data of DNA Methylation 450k. Moreover, in order to unify the format of different
omics data and facilitate following gene feature selection. As to expression data, we
firstly converted the ID of probes to gene symbols, and then merged corresponding
values based on mapping between probes and genes. As to methylation data, we just
considered the relationship of regulation between the transcription of gene and the
hyper-methylation or hypo-methylation of corresponding promoter. Further, we
used this relationship to map probes of methylation data to gene symbols, mean-
while, aggregated associated Beta values of probes reflecting the activities of pro-
moters into a single value reflecting the regulation of corresponding gene. Eventually,
each omics data is represented as a two-dimensional matrix with each row repre-
senting one gene symbol, each column representing one sample with a grade score.

2.2. Feature selection

Since a majority of genes may contribute a little to classification results, we applied a
feature selection method to select genes. Generally, there are three types of feature
selection methods: filter methods, wrapper methods and embedded methods.!!
In this paper, an advanced filter method was employed to select informative genes by
relevant statistical score of each gene and presents an appointed threshold by which
informative genes are selected. The reason why we used the filter method is that we
can independently select as many informative genes as possible without concerning
about the existence of consistent patterns among different genes. Despite maybe
involving redundant genes, we can indeed obtain more abundant biological inter-
pretations in our following pathway analysis. In particularly, first, we performed
Wilcoxon rank-sum test on each omics data to obtain the p-values of genes, re-
spectively. Then, we adjusted these p-values through Benjamini-Hochberg False
Discovery Rate (BH-FDR) controlling procedure and attained corresponding
g-values for these genes. Moreover, we set a threshold of g-values, which is a fraction
of discoveries and is tolerated to be false, to filter relatively significant genes. In this
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study, we chose the genes with acceptable FDRs below 0.05 as informative genes.
Finally, to further eliminate biases yielded by noisy omics data, such as genes with
higher significances but smaller values in omics data. Thus, we measured genes
selected above through calculating their fold change (FC) levels between any two
grades, and obtained down- or up-regulated genes by whether their FCs are less than
threshold 0.5 or greater than threshold 2.

2.3. MKL kernels generating

For breast cancer grade prediction, we constructed kernels of MKL based on gene
expression data and methylation data, respectively. It seems that omics data of
different types have different intrinsic scales, so we need to normalize these kernels
utilizing the formula below:

K(x;, Xj)

VR XK (%)

7277

Knorm (Xi ) Xj)

where K represents kernel function, x; represents the ith data point and x; represents
the jth data point.

In this paper, three types of kernel functions including Linear kernel, Gaussian
kernel and Polynomial kernel were employed. Linear kernel is the most commonly
used in high dimensional space because the data with a large number of features tend
to be linearly separable, meanwhile, Gaussian kernel and Polynomial kernel are often
used in handling nonlinear separable problem.

To incorporate multiple omics data with the pathway information based on
our method for following pathway analysis on breast cancer grade, we split both
gene expression data matrix and methylation data matrix into more delicate
matrices based on gene sets derived from various pathways. It means that we can
construct pathway-based matrices, each rows of which represents a fraction of
significant genes falling into identified pathway, as well, each columns of which
represents all samples we collected just like expression data or methylation data.
Therefore, we can generate kernels for each pathway as input to the proposed
model, in which each kernel is assigned a coefficient indicating the contribution to
the breast cancer grade prediction. Eventually, we explored the connections be-
tween breast cancer grade and the most significant pathways retrieved from the
proposed model.

2.4. SMO-MKL model
2.4.1. The MKL formulation

In this paper, we focused on the mission where kernels encoding different omics data
are learnt to be an optimal linear combination of given base kernels with non-
negative weights to boost our final model. This mission actually aims to solve a
standard linear MKL problem, and the original dual problem of linear MKL is
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formulized as follows:

(8%

min max <1Ta - % (aoy)TK(d)(axo y)) .
K(d) = Zdim,e e[1,s). (1)

s.t.OSaiSC,Zaiyizo,ie[1,m] and d >0,

i=1

where K(d) is a function with respect to coeflicient vector d, which weigh the sig-
nificance of different kernels and indicate the relative importance of different kernels
to learning task. m is the number of data points, and y represents data labels. C'is the
cost for misclassification and « are Lagrange multipliers directly related to the model
that we need to optimize. Actually, the standard MKL formulation, which learns a
linear combination of base kernels subject to [; regularization, leads to a dual which is
not differentiable, and state of the art algorithms today overcome this limitation by
solving an intermediate saddle point problem rather than the dual itself.!>!?

However, Vishwanathan et al. demonstrated that linear MKL regularized with
the p-norm squared, or with certain Bregman divergences can indeed be trained using
more efficient process. The proposed algorithm retains both simplicity and efficiency
and is significantly faster than the specialized p-norm MKL solvers.'* Now, our new
dual objective, unlike the objective in formula (1), is differentiable with respect to a.
The p-norm MKL problem as formula (2) is described in the below.

, 1 AL\
min max <1Ta — §(a oy)TK(d)(aoy) —1—5 <;d§> )

m
st.0<a; <C and ay; =0,i€[1,m] and d>0.
=1

(2)

2.4.2. SMO optimizing

Sequential minimization optimization (SMO), which can be used for training SVM,
is a very efficient optimization process. The dual problem of SVM is a typical qua-
dratic programming (QP) optimization problem and can be formulized as follows:

m 1 m
a £ 2 £
i=1 i,j=1
m

st.0<q; <C and Zaiyi =0,i € [1,m].

i=1

(3)

where x; represents the ith data point, and y represents the ith data label. C' is the
cost for misclassification and ¢ is Lagrange multiplier directly related to the model
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to be optimized. And, k is the kernel function that projects the data into a
high dimension.

Instead of solving a large QP problem, which is both time and memory
consuming, the SMO decomposes the large problem into a series of smallest possible
QP problems each involving only two Lagrange multipliers, because all Lagrange
multipliers must obey a linear equality constraint. There are only two common
components in SMO: an analytic method for solving the two Lagrange multipliers,
and a heuristic for choosing which two multipliers to joint optimize. In a word, the
SMO algorithm can tolerate where two variables are selected and optimized using
gradient methods and iterative process until convergence.

The SMO is simple, easy to implement and adapt, and efficiently scales to large
problems, so it has gained widespread acceptance. Hence, training using SMO has
been a long-standing goal in MKL for the very same reasons.

2.4.3. Using SMO-MKL algorithm

The dual of standard p-norm MKL is differentiable, so it can be optimized using
SMO style co-ordinate ascent directly. The standard SMO-MKL problem as formula
(3) can be described in the below.

max <1Ta —% (Z((a oy)TK (a0 y))q> q>.

=1

2 |

dy = % <Z(a oy) 'Ki(ao y)> (aoy)TK (aoy))r. )

(=1

==

m
st. 0<q; <C, o;y; =0, € [1,m] and l4—3:1.

) p q

where p is the regularization norm and ¢ is a parameter simplifying the objective.
The SMO-MKL uses larger p-norm regularization leading to a dense solution on

kernel weight, which produces a better result than that from the MKL using 1-norm
regularization which leads to a sparse solution.'?'°~'® Dense solution also provides us
a better interpretation of coefficients corresponding to different kernels. This is
the most important reason why we chose the SMO-MKL. We implemented the
SMO-MKL algorithm based on LibSVM code. '’

3. Experimental Results
3.1. The performance of proposed model
3.1.1. Using omics data of different types

In this section, we integrated different omics data after preprocessing and feature
selecting, with which we implemented the SMO-MKL model to solve classification
problem of any two grades. We performed our model on all pairwise grades, including
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Table 1. The accuracies of all pairwise grades with different combination of
data and kernels.

Grade pairs G1 versus G2 G2 versus G3  G1 versus G3

SVM!-Expression Data 76.0 £ 2.7% 71.4+4.8% 87.2 +£4.4%
SVM!-Methylation Data, 76.3+1.9% 75.2+4.7% 87.0+5.0%
SVMP-Expression Data 76.0+2.7% 73.84+6.1% 87.2+4.6%
SVMP-Methylation Data 76.3 +3.0% 75.1+£6.7% 85.1+3.6%
SVMY-Expression Data 72.7+£5.1% 75.3+7.1% 82.2+7.2%
SVMY-Methylation Data 76.6 +£2.2% 70.5+6.1% 87.0+3.7%

MKL-Expression Data 76.3 +4.9% 78.6 £6.9% 88.2+5.7%
MKL-Methylation Data 76.6 +4.2% 75.5 4+ 6.2% 87.8+4.5%
MKL- Multiple Data 77.4+4.1% 79.7+6.7% 89.1+3.1%

G1 versus G2, G2 versus G3 and G1 versus G3. To validate the performance of the
proposed model, we calculated the average accuracies and the area under the curves
(AUCs) by 10-fold cross-validation both based on MKL models and SVM models
encoding different kernels with expression data alone, methylation data alone and
all data respectively. Table 1 shows our method achieved the best accuracies in all
pairwise grades, which suggests our method is connected with high precision in
predicating grades, as well, Table 2 shows our method achieved the best AUCs in all
pairwise grades, which indicates our method is endowed with strong robustness in
handling skewed data. Also, we measured the average sensitivities and specificities
using the same settings above, see Tables S1 and S2 respectively.

The experimental results of the average accuracies in classifying G1 versus G2, G2
versus G3 and G1 versus G3 using expression and methylation data are 77.4 + 4.1%,
79.7 £ 6.7% and 89.1 + 3.1%, respectively. The experimental results of the AUCs in
classifying G1 versus G2, G2 versus G3 and G1 versus G3 using expression and
methylation data are 0.685, 0.861 and 0.959, respectively. It can be found that the
results produced by multiple data with multiple kernels outperform those using
individual data with one specific kernel or individual data combining with multiple
kernels in all pairwise grades. However, the results of classifying both G1 versus G2
and G2 versus G3 are slightly unsatisfactory, which also imply that expression data

Table 2. The AUCs of all pairwise grades with different combination of data
and kernels.

Grade pairs G1 versus G2 G2 versus G3  G1 versus G3
SVM/-Expression Data 0.535 0.762 0.919
SVM!-Methylation Data 0.564 0.801 0.916
SVMP-Expression Data 0.660 0.814 0.891
SVMP-Methylation Data 0.572 0.828 0.896
SVM9-Expression Data 0.572 0.812 0.869
SVM9-Methylation Data 0.578 0.745 0.876
MKL-Expression Data 0.606 0.840 0.926
MKL-Methylation Data 0.554 0.826 0.908
MKL- Multiple Data 0.685 0.861 0.959
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and methylation data might be low-resolution to characterize the differences among
grades. The similar results yielded by proteomic data have been reported that the
boundaries between G1 versus G2 and G2 versus G3 are also somewhat obscure.?’

We also measured the performance of the proposed model on different selected
genes. We constructed kernels with combining the top 10 to top 65 genes sorted by
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Fig. 2. The accuracies (a) and the AUCs (b) of the proposed model based on MKL with different selected
genes using expression data, methylation data and both of them, respectively.
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g-values in ascending order from expression data and methylation data. The average
accuracies and the average AUCs of proposed model using different selected genes are
given in Fig. 2. Apparently, it can be observed that the number of selected genes has
a certain influence on accuracy in some extent. We achieved the best mean accuracy
91.6 + 3.8% by combining the top 20 genes from expression data and methylation
data. The overlap of genes selected by each iteration of 10-folds cross-validation as
well as their annotations are attached to supplement materials, see Table S3. Also we
calculated the sensitivities and specificities using the same setting mentioned above,
see Figs. 1 and 2.

3.1.2. Comparison with other approaches

To further demonstrate the performance of the proposed model, we compared it with
two state-of-the-art approaches, random forest and ensemble. The random forest
approach was implemented using the randomForest R-package,?! which had been
modified to handle multiple data sources. The ensemble approach was implemented
using the caretEnsemble R-package,?” which had been modified to work with mul-
tiple data sources via the greedy stepwise approach. In this study, we applied the
same feature selection procedures in the proposed method to these approaches, and
attained the average accuracies by 10-fold cross-validation of these two approaches
based on expression data and methylation data. The results of comparison among
various algorithms are shown in Fig. 3. The average accuracies of random forest
approach are 69.5 + 8.5%, 72.6 + 4.9% and 86.6 + 7.4% in classifying G1 versus G2,
G2 versus G3 and G1 versus G3, respectively. While the average accuracies of en-
semble method are 69.5 4+ 5.3%, 58.2 + 5.6% and 82.5 +5.9% in classifying G1 versus
G2, G2 versus G3 and G1 versus G3, respectively. Moreover, the consistent results
of AUCs are shown in Fig. 3. Obviously, we achieved the best results in all pairwise
grades by using the proposed MKL model. Also we calculated sensitivities
and specificities using the same settings above for all pairwise groups, see Figs. S3
and S4.

3.2. Biological pathways analysis

For purpose of enriching biological interpretation in depicting the distinctions re-
siding among grades, we divided both gene expression data matrix and methylation
data matrix into more delicate matrices by gene sets derived from various pathways,
and then used these matrices to generate corresponding pathway-based kernels.
Here, the value of each coefficient \ of kernel assigned by the proposed model implies
how important the influence of associated pathway is in distinguishing breast cancer
grades. We sorted 186 pathways from KEGG based on relevant kernel coefficients,
and captured the pathways with coefficients greater than 1. The selected pathways
are primary related to cell differentiation, cell development and several pathways,
which have been found to have a strong relationship with breast cancer, such as
sphingolipid metabolism, hedgehog signaling, ECM receptor interaction, etc.
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Fig. 3. The average accuracies (a) and the AUCs (b) of random forest, ensemble method and the proposed
method based on MKL in all pairwise grades.

The top 10 significant pathways are shown in Table 3, and the complete pathways
are listed in supplement materials as shown in Table S4.

3.2.1. Metabolism pathways

Obviously, most of the pathways with significant classification impact are related to
metabolism as shown in Tables 3 and S4. We can see that sphingolipid metabolism
pathway owns the highest scores. Sphingolipid metabolism pathway is activated
during normal cell growth and division not only to provide a basic supply of
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Table 3. The top 10 significant pathways retrieved from pathway-based MKL results.

WEIGHT PATHWAY

5.697 KEGG_SPHINGOLIPID_METABOLISM

5.137 KEGG_GLYCOSAMINOGLYCAN_BIOSYNTHESIS_. KERATAN_SULFATE
4.853 KEGG_HEDGEHOG_SIGNALING_PATHWAY

4.795 KEGG_GLUTATHIONE_-METABOLISM

4.715 KEGG_PEROXISOME

4.130 KEGG_PPAR_SIGNALING_PATHWAY

3.755 KEGG_FATTY_ACID_METABOLISM

3.684 KEGG_ECM_RECEPTOR_INTERACTION

3.412 KEGG_PYRUVATE_.METABOLISM

2.524 KEGG_TAURINE_AND_HYPOTAURINE_METABOLISM

structural and functional metabolites but also to serve as second messengers.?*?!
Sphingolipids contain a complex family of naturally occurring molecules that are
enriched in cellular membranes and serve as a reservoir for the production of bio-
active metabolites, including sphingosine, ceramide, sphingosine-1-phosphate and
ceramide-1-phosphate. Moreover, sphingolipids involved in the regulation of cancer
cell proliferation, survival and migration, specifically sphingosine-1-phosphate, have
been shown to mediate numerous pro-oncogenic processes including evasion of ap-
optosis cell transformation, uncontrolled proliferation, desensitization of anti-growth
agents, angiogenesis and metastasis.?’

Glycosaminoglycan biosynthesis keratan sulfate pathway is also worth noting.
The cell surface-associated glycan structure plays a key role in controlling cell be-
havior in extracellular matrix (ECM) environment during both physiological and
pathological processes by regulating cell to ECM and cell to cell interactions.
Further, proteoglycans consisting of linear glycosaminoglycan chains are a family of
glycans expressed on the cell surface, cytoplasm, and extracellular matrix. These
proteoglycans can regulate cell migration, invasion and growth of various cancer
cells. Moreover, keratan sulfate is any of several sulfated glycosaminoglycan, and it
has been reported having a strong relationship with breast cancer.?®?” The expres-
sion of several core proteins of keratan sulfate, including lumican and decorin, has
been found to differ in neoplastic tissue in comparison to adjacent tissue. Lumican
was found to be significantly up-regulated while decorin was lowly expressed in the
malignant tissue.”® On the other hand, both of these two core proteins of keratan
were demonstrated having lower expression.?’ However, the implication of role of
keratan sulfate is still under investigation.

Moreover, taurine and hypotaurine metabolism pathway needs to be considered.
Taurine, the most abundant free amino acid in humans, has numerous potential
health benefits through its antioxidant and ant-inflammatory properties, while
taurine is reported to be downregulated in cancer.’’ A large number of studies and
clinical applications showed that taurine as an effective antioxidant may hinder an
increase in reactive oxygen species in tumors, where elevated reactive oxygen species
may be a driver for initiation and early development of breast cancer,' thereby
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preventing the development of cancer. And taurine promoted apoptosis in breast
cancer and repressed the growth of tumor by regulating the expression of apoptosis-
related proteins of mitochondria.*?

Glutathione (GSH) metabolism pathway also should be stressed. In many normal
and malignant cells, increased GSH level is associated with a proliferative response
and is essential for cell cycle progression. A key mechanism for GSH’s role in DNA
synthesis associated with the maintenance of reduced glutaredoxin or thioredoxin
which is required for the activity of ribonucleotide reductase, the rate-limiting
enzyme in DNA synthesis. As well, a high percentage of tumor cells with high GSH
content were able to survive in the presence of the nitrosative and oxidative stress,
thereby representing the main task force in the metastatic invasion.*?

Furthermore, many common metabolic pathways in cancer are highlighted, such
as purine metabolism pathway, pyruvate metabolism pathway, fatty acid metabo-
lism pathway, starch and sucrose metabolism pathway have also been reported to be
strongly associated with breast cancer cell development and growth.

3.2.2. Signaling pathways

Another category of pathways with significant impact in cancer grading is signaling
pathway. Hedgehog signaling pathway, which transmits information such as time
and position dependent expression patterns to embryonic cells required for proper
development, plays a crucial role in vertebrate embryogenesis by controlling cell fate,
patterning, proliferation, survival and differentiation, and thus affects development
from embryonic stage.>* In the adult organism, Hedgehog signaling remains active
and is involved in the regulation of tissue homeostasis, regeneration and stem cell
maintenance.®® Aberrant activation of the Hedgehog signaling pathway has been
unambiguously tied to breast cancer development and progression.*®:37

Peroxisome proliferator-activated receptors (PPARs) to which PPAR signaling
pathway related are nuclear hormone receptors that are activated by fatty acids and
their derivatives, and play essential roles in the regulation of cellular differentiation,
development, immune response and tumorigenesis of higher organisms.***° Mitogen-
activated protein kinase (MAPK) cascade to which MAPK signaling pathway re-
lated is a highly conserved module, and is involved in various cellular functions
including cell proliferation, differentiation and migration.*”*! And calcium signaling
pathway plays a role in processes important in cancer, such as proliferation, apo-
ptosis, 1243 44,45
various differentiation stages of stem cells.*® Chemokine signaling pathway regulates

plethora of biological processes of hematopoietic cells to lead cellular activation,
1.47

invasion and migration, and is a key in cell signaling pathways in

differentiation and survival.”" Toll-like receptor signaling pathway, a quintessential
signaling mechanism of inflammation uses the Toll-like receptor (TLR) family, where
TLR family is a highly conserved family of transmembrane proteins, recognizes a
range of microbial agents as well as endogenous macromolecules released by injured

tissue. Notably, inflammation has emerged as a non-mutational driver of tumor
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development and progression, and has been associated with higher tumor grades
and a poor prognosis.’®

3.2.3. Regulatory pathways

The other significant pathways are those about regulatory. Extracellular matrix
(ECM) to which ECM receptor interaction pathway related, consists of a complex
network of macromolecules with distinctive physical, biochemical, and biomechanical
properties secreted by cells and serves an important role in tissue and organ mor-
phogenesis and in the maintenance of cell and tissue structure and function. Addi-
tionally, ECM indirectly affects cancer cells by promoting formation of a tumor
microenvironment. Deregulation of ECM dynamics can facilitate cellular dedifferen-
tiation and cancer stem cell expansion, and directly lead to cellular transformation and
metastasis.’” And most commonly, stromal cells, endothelial cells, immune cells, and
fibroblasts, are the main initial culprits that cause abnormal ECM production.”*2
And cytokines to which cytokine—cytokine receptor interaction related are soluble
extracellular proteins or glycoproteins, and they are crucial intercellular regulators and
mobilizers of cells engaged in cell growth and differentiation.’® As well cytokines are
intricately involved in all immune reactions, and malignant tumor utilizes these im-
mune reactions within its microenvironment to prevent activation of immunological
effector functions, thereby protecting the tumor from a potential immune attack.”*

4. Discussion

With the development of high-throughput technology, the researchers can acquire a
large number of omics data with different types from several public databases. His-
tologic grade of cancer is related to tumor biological and morphological character-
istics. In this paper, we proposed a method for cancer grade prediction and pathway
analysis on multiple omics data using MKL algorithm. The proposed method has
satisfactory performance through comparison with other state-of-the-art approaches
in analysis of breast cancer grade. The reason of satisfactory performance is that each
kernel has an adaptive weight for individual kernel and the method maximally uti-
lizes the information encoded in each kernel according to different problem. In ad-
dition, we can use MKL algorithm for biological pathway analysis by the weight of
each pathway, which indicates the relative significance. Using the method, we found
that several pathways have strong association with characteristics of breast cancer
grade, such as cell differentiation, growth, proliferation and dissemination.

We also predicted cancer grade by using MKL model based on biological pathway
information. We observed the involvement of biological pathway information leading to
a little decline somewhat in average accuracy: the disadvantage of 2- or p-norm MKL is
that 2- or p-norm MKL cannot eliminate weak kernels as 1-norm MKL does when there
indeed exists noisy in our raw data. In other words, 2- or p-norm MKL is less robust than
other approaches. Owing to this disadvantage, we can explain why average accuracy
will decline when more kernels involved in MKL,?>°% but it still can be tolerated.
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Owing to the cost of computation, in this paper, we just chose a set of empirical
parameters as optimal. Actually, we set gamma to 0.01, degree to 2 and intercept to 0
respectively when using polynomial kernel, set gamma to 0.01 when using Gaussian
kernel. It is reasonable to expect that we can promote average accuracy beyond 90%
through rationally tuning parameters. With heuristic search or grid search, optimal
parameter can be acquired for the proposed model. Meanwhile, more various types of
data such as copy number variation data, mutation data, micro-RNA data, prote-
omic data and even metabolic data also have potential to enhance the performance
of our model. And for the methodology, there indeed exists a large number of
MKL implementations®” that strive to promote the efficiency and performance, such

as nonlinear kernel combination %%

and sample adaptive parameter that can denoise
automatically.”® All these refinements will provide us more possibility to further
pave the way for improved breast histological grading and prognostication in
the future.

More than pathway information, several biological information, such as gene
ontology information, gene co-expression information and domain knowledge with
respect to specific gene sets, can be involved in further biological function analysis.
The generated kernel coefficient indicates the relative significance of each kernel
constructed by using a specific biological function individually. And then all these
coefficients can further be used to give a rational explanation to the contribution of
enriched biological functions to our grade classification problem. Therefore, we are
able to gain new insight into the differences between cancer grades in biological
function level, and explore the mechanism hided in phenotype of each cancer grade
through biological experiments under the guidance.

Finally, we simply summarized molecular subtypes and grades of samples, see
Tables S5 and S6. Interestingly, we found our misclassified samples mainly concen-
trate on two subtypes: LumA and LumB, with which samples mainly fall into G1 and
G2. While it seems that other subtypes such as Basal and Her2 may have distinct
boundaries and are seldom misclassified, samples with these subtypes mainly fall into
G3. We will further design more delicate classifiers focusing on grade classification of
breast cancer in different subtypes.
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