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Abstract—Cancer staging, grading and subtyping all repre-
sent important problems for precision diagnosis, treatment and
mechanistic studies of cancer. The majority of the existing
computational methods solve this problem via multi-classification
of differential gene-expressions of cancer samples of specific
classes (Stages, Grades and subtypes) vs. controls. However, the
performance of such classification techniques is generally not
satisfactory since the discerning power of differential expression
patterns in such classifications is limited. We present here a
multi-classification technique, based on co-expression patterns
specific to individual subclasses in provided training data as co-
expression patterns tend to be more conserved than differential
expressions within each subclass. A challenge in implementing
this strategy lies in how to effectively derive co-expression pat-
terns in individual samples, which is solved through comparing
co-expression patterns within a subclass and those in the subclass
plus a new sample. Compared with the state-of-the-art gene
expression-based classification methods, our method outperforms
them in cancer staging, grading and subtyping of cancer samples
from TCGA in almost all the measures used. In addition, the co-
expressed genes computationally selected for classifications are
biologically meaningful, which will prove important for diag-
nostic biomarker design, treatment plan selection and possibly
mechanistic studies of cancer.

Index Terms—cancer staging, grading and subtyping, tran-
scriptomic data analyses, classification technique, specific co-
expression

I. INTRODUCTION

Cancer is a dynamic and complex disease. Different patients
of the same cancer type may require distinct treatment strate-
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gies depending on the levels of the development, malignancy
and other molecular characteristics of the disease [1], [2].
Cancer Stage has been used to measure the level of the disease
development. For most of the cancer types, cancer tumors are
classified into four Stages with Stage I being the earliest and
Stage IV the most advanced [3].Cancer Grade is a parameter
used to reflect the level of malignancy of a tumor, which
is intended to capture how similar cancer cells of a tumor
resemble stem cells, or their level of stem-ness. Cancer Grades
range from well, moderately, poorly and un-differentiated,
denoted as Grades I - IV with well differentiated cancers
representing the least malignant and un-differentiated as the
most malignant [4]. In addition, it has been well noted that
cancers originated from the same cell type of the same organ
may have substantially distinct phenotypes such as different
growth rates, metastasis potential as well as unique exogenous
signals to drive their cell division such as ER+, PR+ or triple
negative breast cancers. Cancer subtypes have hence been
introduced to capture commonalities within such a subset of
the same cancer as well as differences between such subset
and the other subsets [5]. It is noteworthy that in clinical
practice, cancer staging, grading and subtyping have been
predominantly done based on morphological information of
a tumor possibly coupled with a limited number of markers
[6]-[8].

With the rapid availability and economical affordability of
considerably more informative data such as transcriptomic
data, it is only natural to consider cancer classification based
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on such data, which could lead to biologically more meaning-
ful and scientifically more objective classification of cancer
samples, to improve cancer diagnosis and treatment. There
have been published studies aiming to use gene-expression
data to classify cancer samples, based on differential gene-
expression patterns specific to certain groups of cancer sam-
ples [9]. However, the success has been very limited knowing
that none of such gene-expression based approaches has been
widely used clinically. A key issue, as we noted, is that
differential expression patterns tend to be either not highly
conserved among or not highly specific to cancer samples of
the same Stage, Grade or subtype. In contrast, co-expression
patterns tend to be considerably more conserved among and
could be highly specific to cancer samples at the same devel-
opmental Stage or of a similar malignancy level. The reason
is that such cancer samples tend to face the same or similar
stress types and levels, and may have the same or related
stress response programs available to them [10], hence giving
rise to common sets of co-expressed genes to conduct the
same/similar functional activities.

Based on such consideration, we have developed a co-
expression based general classification framework for cancer
staging, grading and subtyping. A technical challenge in
accomplishing this comes from how to derive co-expression
information from individual samples. Here we have adapted
a recent algorithm by Chen et. al [11] to overcome this
challenge. The key idea of the algorithm is: it infers two
genes are co-expressed in a cancer sample with respect to
a given reference dataset if the two genes are co-expressed in
the reference data and adding the new sample to the reference
set does not statistically weaken the level of co-expression
between the two genes. In our multi-classification problem,
we use multiple reference datasets for each Stage, Grade or
subtype, and assign a new sample to a reference set whose
co-expression patterns are most consistent with those of the
reference data above some threshold.

To evaluate our method, we have compared it with HSIC-
LASSO+K-means [12] and HSIC-LASSO+SVM, which are
well known efficient multi-classification methods based on
non-linear feature selection methods. The results show that
our method considerably better in several evaluation metrics:
accuracy, macro-precision and weighted F1.

II. METHODS

We describe here a multi-class classification method for
cancer samples based on the effect (or perturbation) due
to inclusion of a new sample to the co-expression patterns
among genes in each reference dataset among the given set
of references. We use gene expression data of three cancer
types from the TCGA database to demonstrate the same
classification method can be used for staging, grading and
subtyping. Specifically, lung adenocarcinoma (LUAD), with
59, 278, 124, 84 and 27 samples as normal and Stage I
through IV caner tissues, respectively, is used for staging;
kidney renal clear cell carcinoma (KIRC), having 72, 14,
229, 206 and 76 samples as normal and Grade I through
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IV samples, respectively, is for grading; and breast cancer
(BRCA) is used for subtyping, which consists of 113, 437, 37
and 115 samples as normal breast tissues, ER+, HER2+ and
triple negative breast cancer tissues, respectively. Normalized
FPKM values are used in our analysis. Only the expressed
genes are considered here [13].

A. Calculation of co-expressions between two genes and iden-
tification of specific co-expression

Consider a collection of K non-overlapping subsets of the
TCGA samples of a cancer type, each representing a subset
of samples in a particular Stage (or Grade, subtype), referred
to as a group. K = 5 or 3, depending on if the problem is to
Stage, Grade or subtype cancer samples based on the above
information. For each pair of genes ¢ and j in the k—th group,
we use the Spearman correlation between the expressions data
of genes ¢ and jacross all samples in the group:

- 6 Zlgrgnk dz

=1
nk(ni — 1)

i (D
where nj is the number of samples in the group, dr is the
rank distance between the r — th elements of genes ¢ and
7. Published studies have shown that Spearman correlation
is the best for measuring co-expressions between two genes
[14]. Through analyzing the co-expression network of each
group, we found that the nodes degree distributions of various
groups are totally different, which suggest that there should
exist specific co-expression for each group.

For a new sample and the K co-expression values
(cij, ¢35, cly) for each gene pair (i, j) in K groups,
by sorting their absolute value decreasingly to generate
(cgj/, c?j/, ey cfj/), we use the difference between the max-
imum and the second largest as an index to select the specific
co-expression feature. That is to say, for a genes pair ¢ and j,
if group p has the maximal co-expression value and group ¢
ranked the second, and when their difference is big enough,
pair ¢ and j will be treated as the candidate specific co-
expression feature for group p.

Ay = ey = ¢l )
117' is the maximal co-expression coefficient of gene
i and gene j, cf]/ ranked the second. A;; is their absolute
difference. For each group, we select most relevantly specific
co-expression features accordingly by ordering the difference.
Besides, in order to detect their biological function, we per-
form pathway enrichment analysis for specific co-expression

genes by utilizing hypergeometric distribution.

here ¢

B. Perturbation of co-expression patterns by including a new
sample

It is noteworthy that if two genes are co-expressed across a
set S of samples, their level of co-expression will not go down
in an expanded set of S by including a new sample, in which
the expression levels of two genes are highly consistent with
those in S, otherwise the number will go down. This is the
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Fig. 1. The overall workflow. Take five-group classification as an example. Each group is represented as a n * m gene expression matrix for n genes and
m samples, with rows for genes and columns for samples. sy, ; is the 4 — th sample in group k. Each network represents a co-expression network, where a
link in bold represents a pair of genes whose expressions are highly consistent between a group and a new sample. For a new sample s;, we select the top
P groups whose overall expression patterns are most consistent with the sample.

basis of the work by Chen et. al [15], and will also serve as
a basis for our classification method.

For a new sample and the K co-expression values
(it ci?s... cif) for each gene pair (4, j) in K groups, define
?j’““ as the new expression level of (¢, j) in the expanded
k—th group by including the new sample. Hence (CZ-’“Jrl —cif
should be a very small value, close to zero, if the new sample
has (7, 7) expressions highly consistent with those in the kth
group, or a negative value otherwise. Generally, if a sample
intrinsically belongs a specific group, (CZ’“Jrl — C:»ij) values
should be small for the majority of the (¢, j) pairs, and
should be large negative values for other groups. Based on
this intuition, we formulate our classification problem as to
identify a group among the given ones so the following is

minimized as:

C

o Nk 3 2
min vl 2n
1<k<K i k

1
>l -

=1

arg

3)

where {/n? is a normalization factor aimed to minimize biases
caused due to sample sizes of different groups, which is
determined empirically. Figure 1 summarizes the overall idea
of our method.

We have performed 10-fold cross-validation to validate the
performance of the method. Each time, we randomly select
90% of the samples of each group as one of the reference
dataset and test classification result on the remaining 10%
samples to derive the average performance. The computer
program for the whole algorithm is available on Github:
https://github.com/JhyOnya/SCP

199

C. Evaluation

We have assessed our method by comparing it with two
existing methods using three measures on three TCGA cancer
datasets:

k k
Accuracy = Z TP, / Z #i 4
i=1 i=1
1<~ TP
Macro — Precision = Z ; WJFPJ 5)
weighted — F1 = — Z F1—score; x #;  (6)

Do Fii=1
i=1

where #; is the sample number of ¢ — th group; and TP is for
true positives, FP for false positives, FN for false negatives,
and TN for true negatives.

D. Methods we have compared with

To the best of our knowledge, there is not published
method for using co-expression based cancer classification
method. Hence, we have compared two state-of-the-art meth-
ods: Hilbert-Schmidt independence criterion (HSIC)-Lasso is
a kernel-based non-linear feature selection approach for multi-
classification; and K-means is widely used for classification.
SVM is a kernel-based two-class classification method and
could be extended for multi-classification.
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Fig. 2. Cancer staging, grading and subtyping performance by three methods: our method SCP, HSICLASSO+K-Means and HSICLASSO+SVM in (A)
LUAD staging;(b) KIRC grading;(c) BRCA subtyping with selecting @ 20,50,100,200,300,400 500 specific co-expression. The dotted lines mean no updated

results.

TABLE 1
EVALUATION OF USING @ 100 SPECIFIC CO-EXPRESSION GENES IN EACH CATEGORY FOR LUAD STAGING AND KIRC GRADING.

‘ SCP @100 ‘ HSIC-LASSO + K-Means @100 ‘ HSIC-LASSO + SVM @100
DataSets | precision recall  fl-score | precision  recall fl-score | precision recall  fl-score
Normal 1.000 0.967 0.983 0.868 1.000 0.929 0.903 0.949 0.926
Stage [ 0.706 0.979 0.820 0.554 0.971 0.706 0.613 0.626 0.619
LUAD Stage 11 0.894 0.492 0.634 1.000 0.008 0.016 0.262 0.266 0.264
Stage III 0.974 0.475 0.639 0.400 0.071 0.121 0.250 0.250 0.250
Stage IV 1.000 0.633 0.776 1.000 0.037 0.071 0.000 0.000 0.000
Normal 1.000 1.000 1.000 0.973 0.986 0.979 0.986 0.972 0.979
Grade 1 1.000 0.700 0.824 0.000 0.000 0.000 0.100 0.071 0.083
KIRC Grade II 0.754 0.613 0.676 0.436 0.987 0.605 0.654 0.603 0.627
Grade III 0.619 0.757 0.681 0.750 0.015 0.029 0.566 0.583 0.574
Grade 1V 0.722 0.713 0.717 1.000 0.013 0.026 0.430 0.526 0.473

III. RESULTS

We have applied our method on three cancer multi-
classification problems: cancer staging, grading and subtyping.
Figure 2 summarizes the performance by our method and the
two other methods.

A. A case study on human lung cancer staging

A total of 13,980 genes are used for co-expression analyses.
We have performed seven experiments by selecting top N,
with N= 20, 50, 100, 200, 300, 400, 500, co-expression
values, respectively. Compared with HSIC Lasso + K-Means
and HSIC Lasso + SVM, our method shows considerably
better performance across all three metrics. Figure 2 show
the performance when top 100 co-expression values are used.
Further performance details are given in Table I. We can see
that our method performs well in distinguishing between Stage
IT and Stage III samples, which are well known difficult to
separate.

We have analyzed the biological pathways enriched by
genes achieving the top 100 co-expression values. We not:
in Stage I, protein metabolic process (p-value = 1.34E-03)
and purine metabolism (p-value = 5.14E-03) are significantly
enriched. In Stage II, positive regulation of cell proliferation
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(p-value = 4.01E-04) and axon guidance (p-value = 2.87E-04)
are significantly enriched. In Stage III, cytoskeleton organi-
zation and biogenesis (p-value = 1.88E-03) and MYC active
pathway (p-value = 8.05E-04) are considerably enriched. In
Stage IV, establishment of cellular localization (p-value =
4.72E-03) and epithelial to mesenchymal transition (EMT) (p-
value = 5.95E-04) are significantly enriched, which is well
known associated with cancer metastasis. Clearly all these
enriched pathways at each Stage are highly consistent with our
knowledge about cancer biology. Specifically, in the beginning,
cancer cells prepare and accumulate enough nutrients and start
cell proliferation; as a cancer develops, cancer cells adjust their
cell shape by organizing cytoskeleton preparing for invasion;
and finally activate the EMT for metastasis.

B. A case study on human kidney cancer grading

A total of 13,789 genes are used for co-expression analyses.
Like in the previous case, top N, N= 20, 50,100, 200, 300,
400, 500) co-expression values from each group are used for
cancer grading. Figure 2 shows the performance by our method
and two other methods for the case of N = 100. Clearly,
our method outperforms considerably the other methods, with
more detailed information shown in Table I.
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Pathway enrichment analyses are also conducted over the
above selected genes for each Grade. We note: for the case
when N=100, Grade I samples significantly enrich metabolic
processes (p-value = 5.95E-04). Grade II samples enrich DNA
modification (p-value = 8.17E-04). Transcription (p-value =
8.42E-04) and cell proliferation (p-value = 1.08E-14) are
significantly enriched by samples of Grade III and Grade IV,
respectively. These Grade specific co-expressed genes reflect
the cancer cell dedifferentiation level and characteristics as
cell dedifferentiation generally has a compatible rate of cell
division. In the opposite, the higher the degree of dedifferen-
tiation, the higher chance for cells to divide. Our enrichment
results capture these characteristics.

C. A case study on human breast cancer subtyping

Breast cancer is known to fall into distinct subtypes, in-
cluding ER+, HER2+ and triple-negative breast cancers. Un-
derstanding molecular level differences among these subtypes
could contribute to mechanistic studies of cancer. A similar
set of performance is done using the three programs using N
= 100.

Pathway enrichment analyses are also conducted among
the genes whose pair exhibit high level of co-expressions
among samples of each subtype. We noted: (1) ER+ breast
cancer samples tend to enrich glycosaminoglycan metabolic
processes, such as keratin sulfate (p-value = 1.14E-08), epi-
dermis development (p-value = 4.74E-06) and ECM receptor
interaction (p-value = 2.76E-08). HER2+ breast cancers gen-
erally enrich immune system processes (p-value = 2.75E-04),
lipoprotein metabolism (p-value = 5.14E-04) and signaling by
FGFR1 fusion pathways (p-value = 3.15E-04). Triple negative
breast cancers are found to enrich cation homostasis related
pathways (p-value = 9.95E-06), MYC active pathway (p-value
= 5.37E-05), gap junction (p-value = 1.31E-04), TGF-beta
signaling pathway(p-value = 4.75E-04) and cell proliferation
(p-value = 3.92E-04), all of which indicate that this group of
breast cancers is more stressed associated with pH balance,
and faster cell proliferation and cell migration. Further studies
will be conducted to gain detailed understanding about the
differences among these three subtypes of breast cancers.

IV. CONCLUSION

We presented here a multi-classification method for cancer
staging, grading and subtyping based on co-expression patterns
unique to each groups of cancers, including Stages, Grades and
subtypes. Our preliminary results strongly indicate the power
of co-expression based cancer classification, which warrants
further development and application of the approach. The
initial analyses associated with each group, particularly breast
cancer subtypes, have revealed exciting information about the
unique biology of each subtype, particularly triple negative
breast cancer. All these point to future directions of further
analyses of such co-expression based cancer classification.
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