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Abstract

Background: The expression levels of mRNAs and miRNAs in cancer tumors
contain valuable information for cancer classification. The availability of The
Cancer Genome Atlas (TCGA) data provides a unique opportunity for extracting
such information. An integrative method that incorporates information from both
mRNA and microRNA and relates them to clinical features is desirable.

Results: We propose a flexible LASSO method for identifying mRNA and miRNA
signatures for important clinical features in endometrial tumors. These features
are pathological stage, histological type, and grade.

Conclusions: The proposed method has identified mRNAs and miRNAs that are
known to be risk factors in endometrial cancer. It also identified some novel ones
which warrant further investigation. This approach is applicable to studies that
involve more types of features than two.

Keywords: LASSO; endometrial cancer; stage; grade; type; microRNA; mRNA;
cancer classification

Background
Endometrial cancer is the most common gynecological malignancy in US. There are

49,560 new cases and 8,190 deaths in 2013 alone [1]. While the prognosis for the

early diseases is largely favorable, the outcome for the advanced and recurrent cases

are poor. Development of effective biomarkers for stratification of patients for the

best treatment regimens is thus critical to reduce mortality. However, current clin-

ical classification and risk stratification are largely based on the histopathological

features. There are no molecular markers in clinical use that can effectively predict

patient outcomes or guide clinical management.

One promising molecular feature is tumor gene expression analysis. Differential

gene expression has been reported in many types of cancer [2–6] including endome-

trial cancer [7]. However, most gene expression analyses were performed on arrays

containing a limited set of genes. A promising emerging high throughput technique

is the next generation RNA-sequencing.

Another important molecular feature is microRNA (miRNA) expression. MiRNA

are short RNA molecules that do not encode any protein but regulate gene ex-

pression at the post-transcriptional level. MiRNAs regulate the expression of their

target mRNAs through direct base-pairing [8]. More than 1000 miRNAs have been

identified in humans. It has been predicted that more than 60% of mRNAs may be
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regulated by miRNAs and that a single miRNA may target as many as 200 mRNAs

[9–11]. MiRNAs are involved in the control of major cellular processes, such as cell

proliferation, metabolism, developmental timing, stem cell division, differentiation,

apoptosis and oncogenesis [12–17].

MiRNA expression profiling has been used for classification of different types of

cancer and for predicting clinical outcomes. Some important works have been done

in endometrial cancer as well [18–22]. A signature of 20 miRNAs is found to be

uniquely expressed in endometrial cancer when compared with benign disease [23].

A signature of 17 miRNAs has been found to distinguish between endometrioid

and serous adenocarcinoma, two most common types of endometrial cancer [23].

Differential expression patterns have been identified in endometrial and ovarian

cancers, as well as in endometrioid and serous types of carcinoma, representing

their organ of origin [24]. While gene expression and miRNA expression are well-

studied separately as the molecular features of oncogenic processes, their integrated

role has not been well-elucidated. Integration of these two molecular profiling as

one signature could be used to develop novel biomarkers and could have important

clinical implication.

The Cancer Genome Atlas (TCGA) project is a large-scale collaborative ef-

fort aimed at understanding the cancer genome in a comprehensive manner

(http://cancergenome.nih.gov). Using the latest genome analysis technologies

including next-generation sequencing, it has generated tremendous amount of ge-

nomic data on a number of cancer tissues collected with the most stringent criteria.

Findings from this valuable resource has contributed significantly to our knowledge

of various types of human cancer [25], including endometrial cancer [26–29]. We

take advantage of this wealth of data for an integrated analysis of miRNAs and

mRNAs in relation to endometrial tumor classifications including stage, grade, and

type.

The LASSO [30] is a promising statistical method designed to disentangle “large

data” like the one we are facing. A naive approach to integrated analysis with both

mRNA and miRNA expression might be to use them simultaneously as predictors.

However, since miRNA and mRNA expression are from different “domains” and

differ in number by folds, the effect of one type of predictors can be dominated

by the other type of predictors (see Discussion). To avoid this problem, we intro-

duce an extra parameter such that mRNA and miRNA expressions are regulated

separately. This modification to the regular LASSO allows us to study the associa-

tion of mRNA and miRNA to a clinical feature simultaneously. The co-expression

of certain mRNAs and miRNAs can serve as a signature for endometrial cancer

classification. These molecular-level biomarkers should be complementary to the

traditional histopathological features.

This report is organized as follows. In the next section, we describe our proposed

method in detail where the foci are on on how the clinical outcomes, which are

distributed either binomial or multinomial, are modeled and the cross-validation

procedure for selecting the values for the two tuning parameters. After that, the

data used for the analysis is described. The result section reports our findings. In

the discussion section we provide a summary of our work and provide directions of

future generalizations.
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Methods
Modelling mRNAs and miRNAs in Lasso regression by two penalty parameters

Suppose that there are p mRNA expressions and q miRNA expressions. Let n be the

number of patient samples. The three clinical phenotypes we consider include stage,

histological type, and neoplasm histologic grade. All these outcomes are categorical:

there are four levels (I, II, III and IV) for clinical stage, two levels (endometrioid

endometrial adenocarcinoma and serous endometrial adenocarcinoma) for histolog-

ical type, and three levels (1, 2 and 3) for neoplasm histologic grade. Therefore we

apply generalized linear models when constructing the loss function.

For histological type, the systematic component is

β0 +

p+q∑
j=1

βjxj ,

where xj is the expression level of a mRNA (j ≤ p) or a miRNA (j > p) and βj is

its regression coefficient. Let i be the index of subjects. We consider the following

penalized logistic regression:

min
β

− 1

n

n∑
i=1

logL(β; {yi}, {xij}) + λ1

p∑
j=1

|βj |+ λ2

p+q∑
j=p+1

|βj |

 . (1)

Here L(β; {yi}, {xi}) denotes the usual logistic regression likelihood with β =

(β0, β1, . . . , βp+q)
t, a column vector of regression coefficients. The penalty consists

of two parts, one on mRNAs and the other on miRNAs, with separate tuning pa-

rameters λ1 and λ2, respectively. This makes it different from standard LASSO

penalty which involves only one tuning parameter by requiring λ1 = λ2. We are

considering jointly the effect of mRNA and miRNA on clinical phenotypes. Having

two tuning parameters allow their effects to be regularized separately.

To fit model (1), we make use of R package glmnet [31] by taking advantage of

its option penalty.factor in combination with the lambda option for the glmnet

function. We have written an R code that invokes the glmnet function with specified

values for λ1 and λ2. More importantly, this R code implements a cross-validation

procedure for selecting values for λ1 and λ2 (see next subsection).

For clinical stage and neoplasm histologic grade that are multinomial, we use the

multi-logit model implemented in glmnet. Specifically, this implementation specifies

Pr(y = l|x) =
exp{β0l + xtβl}∑K
k=1 exp{β0k + xtβk}

where x is the vector of predictors and K is the number of categories for response y.

Unlike the traditional multi-logit model such as baseline-category logit model, this

glmnet implementation is over-parameterized. However it constitutes no difficulty

for regularized regression [31].

Let L(β1, . . . ,βK ; {yi}, {xi}) denotes the multi-logit regression likelihood with

βk = (β1k, . . . , βp+q,k. We consider the following multi-logit LASSO regression
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problem:

min
β

− 1

n

n∑
i=1

logL(β; {yi}, {xij}) + λ1

p∑
j=1

K∑
k=1

|βjk|+ λ2

p+q∑
j=p+1

K∑
k=1

|βjk|

 . (2)

Similar to problem (1), the minimization in (2) is solved by making use of the R

package glmnet.

Cross-validation

The values for the tuning parameters λ1 and λ2 are determined by 5-fold cross-

validation as follows. Data are randomly partitioned into 5 subsets. Because the

response variables are categorical, this partitioning is carried out within each cate-

gory of a response so that the sample sizes of each response category in each subset

are (roughly) proportional to their values in the whole data [32]. For example, there

are three groups for neoplasm histological grade: 1, 2 and 3. Random partitioning

was carried in each subgroup so that all training and validation sets would have

sample size ratio as close as possible to the whole sample.

Specifically, the procedure of cross-validation goes as follows:

1. Randomly partition the data in the way just described.

2. Each subset is then used in turn as the testing data while the remaining 4

subsets as the training data.

3. For each combination (λ1, λ2) where λ1 ranges from 0.01 to 0.99 with step 0.01

and λ2/λ1 ranges from 0.1 to 0.9 with step 0.1, a set of mRNAs and miRNAs

are obtained from the training data. These selected predictors are applied to

the testing data by using the predict function with option type="class" in

the glmnet R package. This option classifies each observation into the most

likely response category. We then calculated the misclassification error rate

(MER), which is defined as

MER =
number of misclassification

number of validation sample size
.

The λ1 and λ2 pair that gives the lowest MER is used for the final analysis.

The search range for λ1 and that for λ2/λ1 are determined based based on our

preliminary analyses with wider range but cruder step. The range of λ2/λ1 is also

hinted by results from regular LASSO (i.e. λ2/λ1 = 1) where selected features are

predominantly mRNAs. For λ2/λ1 > 1, the situation is exacerbated.

Data
Permission was obtained to access The Cancer Genome Atlas (TCGA) database

(http://cancergenome.nih.gov/cancersselected/endometrial). The mRNA

and miRNA expression data were downloaded from Uterine Corpus Endome-

trial Carcinoma (UCEC) of TCGA database. There are 433 patients who have

both mRNA and miRNA expression data. Two histologic types (endometrioid and

serous), four stages (i, II, III, and IV), and three grades (1, 2, and 3) were used in

the analysis of expression level of mRNAs and miRNAs. Sample size of each clinical
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data is summarized in table 1. As a quality control measure, mRNAs and miRNAs

whose non-detection (i.e., 0 expression level) rate not less than 90% are removed.

Finally, there are 19604 mRNAs and 677 miRNAs for this study. Their expression

level are expressed as the number of reads per kilobase per million (RPKM) defined

by:

RPKM =
number of reads on a gene

(length of gene in kb)× (total number of reads in millions)
.

Results and Discussion
The complete list of the selected mRNAs and miRNAs by the two-λ LASSO is

reported in the additional file. Table 2 provides a summary. Venn diagrams of these

identified mRNAs and miRNAs are presented in figures 1, 2, and 3. These Venn

diagrams are prepared by using the program VennPlex [33].

Some of the identified miRNAs has been reported before. Hsa-let-7g increases the

odds for grade 2 tumor, but decreases the odds for grade 3 tumor. Let-7i increase

the odds for grade 3 tumor. Interestingly, increased expression of let-7b and 7g

both decreases the odds for endometrioid type and increase the odds for serous

type of endometrial cancer, suggesting that let-7 family member could be poten-

tially a quantitative marker to distinguish tumor grade and histological types in

endometrial cancer. Let-7 family has been shown to be involved in lung cancers and

is associated with poor prognosis [34]. Let-7 genes are located at regions deleted in

many human cancers. Let-7 is reported to inhibit the Ras family of oncogenes and c-

Myc gene function [35, 36]. MiR-221 has been implicated in many cancers including

stomach, colon, pancreas, liver, bladder, thyroid cancer, glioblastoma [37], and our

own study of endometrioid endometrial cancer (data not published). MiR-9-1 and

9-2 have been among the signature for serous tumor. MiR-9 is often downregulated

in colorectal cancer and medulloblastoma [38]. Epigenetic change of miR-9-1 is asso-

ciated with poor prognosis in colorectal cancer with increased lymph node metasta-

sis. Additionally, miR-29c and miR-22 is among the signature for high grade tumor

(grade 3). MiR-29c is shown to be over-expressed in many cancer [39] and miR-22

is associated with chemoresistance in ovarian cancer [40]. MiR132 also increases

the odds for high grade tumor and is reported to be associated with gemcitabline

resistance [41]. In addition, 4 miRNAs (hsa-mir-185 and has-mir-429 for grade 3,

hsa-mir-205 and has-mir-221 for type) are among 18 miRNAs reported previously

[42].

Overlaps between the identified mRNAs and Molecular Signatures Database

(MSigDB, v4.0) [43] were computed. Several mRNA sets are involved in come

oncogene pathways that may contribute to cancer pathology. For stage I, XPO5,

STK38, RTN3, CIRBP, TCF25, and SORC53 have similar promoter site contain-

ing a motif of nuclear respirator factor 1, which is believed to regulate endogenous

estrogen receptor β, a well-studied receptor in human breast cancer [44]. For grade

2, HSPG2 and KRT13 genes were found to be up-regulated upon active Stat3, a

signal transducer and activator of transcription 3 frequently detected in wide range

of human cancer, including endometrial cancer [45]. For grade 3, RAE1, TRAF5,

CD1C, ADAM28, PDLIM1 and CHST2 genes were up-regulated in B cells, which

may indicate enhancement of cancer cell immunization activity [42]. For histological
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type, CDR2L and EPHB2 were classified as cancer gene neighborhood of PRKACA,

a protein kinase, whose aberrant function could cause various human cancer [46].

None of the identified mRNAs were found to be targets of the identified miRNAs.

Conclusions
We have proposed a two-parameter LASSO method for an integrated analysis that

relates miRNA and mRNA expression levels to important clinical outcomes of en-

dometrial cancer. The flexibility of this method allows us to select miRNAs and

mRNAs simultaneously in a way the effect of miRNAs is not dominated by mRNAs

as the latter is far more numerous. Indeed, if no distinction between mRNA and

miRNA is made and a regular LASSO that has single λ is used, the majority of the

selected features are mRNA (table 3).

For the endometrial cancer data we used, this two-λ LASSO method has identified

some interesting results. Some of them have been implicated in previous studies.

Some are related to known genes by gene set enrichment analysis. These results

warrant further investigation.

In summary, the proposed two-λ LASSO method provides a flexible way for identi-

fying mRNAs and miRNAs signatures for endometrial cancer. We are generalizing

this approach to include more types of genetic features such as SNP genotypes,

copy number variations, and methylation. We are also applying this method to

other types of cancer.
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Figures

Figure 1 Selected mRNAs and miRNAs for stage by the two-λ LASSO method. Effect
direction of a feature is based on the sign of its coefficient. Common elements in ”Stage I” and
”Stage III”: L1CAM, MURC.

Figure 2 Selected mRNAs and miRNAs for grade by the two-λ LASSO method. Effect
direction of a feature is based on the sign of its coefficient. Common elements in ”Grade 1” and
”Grade 2”: hsa-mir-1303, hsa-mir-603, hsa-mir-3138. Common elements in ”Grade 1” and ”Grade
3”: hsa-mir-628. Common elements in ”Grade 2” and ”Grade 3”: hsa-mir-874, hsa-let-7g,
hsa-mir-184.

Figure 3 A summary of mRNAs and miRNAs for the three clinical outcomes selected by the
two-λ LASSO method. Effect direction of a feature is based on the sign of its coefficient.
Common elements in ”Stage” and ”Grade”: hsa-mir-3199-1. Common elements in ”Grade” and
”Type”: hsa-let-7g, hsa-mir-34a, hsa-mir-660, hsa-mir-598. Common elements in ”Stage” and
”Type”: L1CAM, SMPD4, PKIA.
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Tables

Table 1 Sample size for each clinical feature for the 433 subjects

Stage I 279
II 34
III 97
IV 23

Grade 1 85
2 101
3 247

Histological Type Endometrioid 337
Serous 96

Table 2 A summary of the selected miRNAs and mRNAs by the two-λ LASSO method.

Clinical
Feature Effect miRNA mRNA Total
Stage I − 1 23 24

+ 2 6 8
II + 1 3 4
III + 1 11 12
IV + 1 3 4

Grade 1 − 9 0 9
+ 7 16 23

2 − 12 1 13
+ 19 6 25

3 − 11 26 37
+ 20 13 33

Histological − 20 3 23
Type + 19 22 41

Table 3 A summary of the selected miRNAs and mRNAs by the one-λ LASSO method.

Clinical
Feature Effect miRNA mRNA Total
Stage I − 0 14 14

+ 0 5 5
III + 1 7 8

Grade 1 + 0 16 16
2 − 0 1 1

+ 1 4 5
3 − 2 38 40

+ 3 17 20
Histological − 0 5 5
Type + 1 46 47
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Additional Files
Additional file — Complete list of the identified mRNAs and miRNAs by the two-λ LASSO method

The file name is Additional file.xlsx. It is in Microsoft Excel format.
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