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Abstract

Motivation: Accurate estimation of transcript isoform abundance is critical for downstream transcriptome analyses
and can lead to precise molecular mechanisms for understanding complex human diseases, like cancer. Simplex
mRNA Sequencing (RNA-Seq) based isoform quantification approaches are facing the challenges of inherent sam-
pling bias and unidentifiable read origins. A large-scale experiment shows that the consistency between RNA-Seq
and other mRNA quantification platforms is relatively low at the isoform level compared to the gene level. In this
project, we developed a platform-integrated model for transcript quantification (IntMTQ) to improve the perform-
ance of RNA-Seq on isoform expression estimation. IntMTQ, which benefits from the mRNA expressions reported
by the other platforms, provides more precise RNA-Seq-based isoform quantification and leads to more accurate
molecular signatures for disease phenotype prediction.

Results: In the experiments to assess the quality of isoform expression estimated by IntMTQ, we designed three
tasks for clustering and classification of 46 cancer cell lines with four different mRNA quantification platforms,
including newly developed NanoString’s nCounter technology. The results demonstrate that the isoform expres-
sions learned by IntMTQ consistently provide more and better molecular features for downstream analyses com-
pared with five baseline algorithms which consider RNA-Seq data only. An independent RT-gPCR experiment on
seven genes in twelve cancer cell lines showed that the IntMTQ improved overall transcript quantification. The
platform-integrated algorithms could be applied to large-scale cancer studies, such as The Cancer Genome Atlas
(TCGA), with both RNA-Seq and array-based platforms available.

Availability and implementation: Source code is available at: https://github.com/CompbioLabUcf/IntMTQ.

Contact: wzhang.cs@ucf.edu

Supplementary information: Supplementary data are available at Bioinformatics online.

1 Introduction

Recent studies have shown that the majority of human genes pro-
duce multiple isoforms with diverse functions through alternative
transcription and splicing (Hu et al., 2013; Shen et al., 2014; Wang
et al., 2015). It provides cells with the opportunity to create protein
isoforms from the same gene to participate in different functional
pathways (David and Manley, 2010). Therefore, elucidation of gene
expressions at the isoform resolution enables the detection of better
molecular signatures for phenotype prediction, and the identified
biomarkers may provide insights into the functional sequences of
disease. High-throughput mRNA sequencing (RNA-Seq) is the most
commonly used platform for quantifying isoform expressions across
transcriptome and identification of novel isoforms (Conesa et al.,

2016). Accurate RNA-Seq-based transcript quantification plays an
important role in downstream transcriptome analyses, such as bio-
marker detection, isoform function prediction and differential tran-
script expression analysis (Zhang ef al., 2015). However, transcript
quantification remains a challenging problem due to sampling biases
in the library preparation process and read mapping uncertainty as a
result of alternative splicing events in most eukaryotic genes (Dapas
etal.,2016; Huang et al., 2012).

During the last decades, several technology platforms have been
developed besides RNA-Seq to quantify gene/isoform expressions,
including array-based technologies (e.g. Microarray, Exon-array),
reverse transcriptome-quantitative polymerase chain reaction (RT-
qPCR) and single-molecule imaging-based NanoString nCounter
technology. It is commonly admitted that RNA-Seq is particularly
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A, B s Table 1. Notations
5 Notation Description
o >, . . i
£ N T set of transcripts in a gene; T; denotes the ith transcript of the
g T gene
4- S . .
= 5 I lengths of transcripts; /; denotes the length of transcript T;
2 r set of reads aligned to a gene; 7; is the jth read aligned to the
: gene
v 0 P the probability of a read generated by the transcripts in the
5 3 3 ; I TN T S
RNA-Seq (eXpress) RNA-Seq (eXpress) gene,
c D : specifically, P=[p1.p2, ..., pr] B
I the effective lengths of the transcripts, where [; = [; — I, + 1,
s . I; and I, are the length of T; and the length of the read
2 5 respectively
Z =, qij read sampling probability, g;; = ll if read 7; is aligned to T;,
= S . i
g . £ otherwise g;; = 0
k4 & E the transcripts’ expressions in NanoString or Exon-array
2 ’ platform
a;; a soft assignment of read 7; to transcript T; in the EM
} , R=0.505 )
5 7 7 7 o algorithm
RNA-Seq (eXpress) RNA-Seq (eXpress) o a scaling factor between the transcript expressions in differ-

Fig. 1. Scatter plots of gene expression and isoform expression estimated by RNA-
Seq and other two platforms. (A and B) show the correlation of gene expressions
between RNA-Seq and NanoString/Exon-array. (C and D) show the correlation of
isoform expressions between RNA-Seq and NanoString/Exon-array. eXpress
(Roberts and Pachter, 2013) with sequence-specific bias correction was applied for
isoform/gene expression quantification with RNA-Seq data

useful for measuring mRNA expressions across transcriptome which
performs high sensitivity and accuracy, and broad dynamic range of
expression levels (Dapas et al., 2016; Wang et al., 2009; Zhao et al.,
2014). Compared to RNA-Seq technology, array-based platforms
encounter the limitations of cross-hybridization and the low dynam-
ic range of expression levels. Exon-array platform provides the abil-
ity of evaluating many samples for alternative splicing with time and
cost advantages which is attractive for large-scale post-transcrip-
tome analyses. NanoString nCounter technology employs target-
specific, color-coded probes to directly detect mRNA molecules and
measure mRNA expressions without enzymatic reactions or bias
(Geiss et al., 2008). RT-qPCR serves as a gold standard method that
determines the exact amount of amplified DNA in samples. It has
been used as a third platform to validate the findings and evaluate
the performance of RNA-Seq and array-based expression data most
of the time. Few studies assessed the strengths and weaknesses of
each platform and simulated the consistency among different plat-
forms so as to deliver better strategy for transcriptome expression
profiling (Dapas et al., 2016). Gene expression analyses are widely
applied for biomarker identification in cancer studies (Zhang et al.,
2013, 2017), while expressions on isoform level are strongly related
to protein functionality and thus provide molecular signatures at
higher resolution for cancer outcome prediction. Accurate quantifi-
cation of expression at the isoform level is limited with current tech-
nology although it is a common practice in cancer research
(Safikhani ez al., 2017; Vitting-Seerup and Sandelin, 2017), and the
abundances estimated from RNA-Seq, NanoString and Exon-array
platforms are wildly inconsistent on isoform level expression
compared to gene level expression as shown in Figure 1 and
Supplementary Figure S1-S10. In this article, we propose a novel in-
tegrative method IntMTQ to combine isoform abundances from
other platforms to improve the resolution of RNA-Seq-based iso-
form quantification. The article is organized as follows. In Section 2,
we describe the probabilistic model for transcript quantification
with RNA-Seq data, the proposed IntMTQ model and the evalu-
ation methods to assess the quantification methods. In Section 3, we
first describe the data preparation of RNA-Seq, NanoString, Exon-
Array and RT-qPCR on the same cancer cell lines. We then com-
pared the predictive power of isoform expressions estimated by

ent platforms
2 hyper-parameter

IntMTQ and the methods using RNA-Seq data only. The isoform
expression was applied to stratify and classify cell lines into different
cancer domains. An RT-qPCR experiment was performed to evalu-
ate the quantification accuracy of IntMTQ.

2 Materials and methods

In this section, we first review a generative probabilistic model,
BaseEM (Base Expectation-Maximization), for transcript quantifi-
cation on RNA-Seq data to handle read mapping uncertainty. We
then introduce the platform-integrated isoform quantification model
(IntMTQ) to improve the quantification performance of RNA-Seq
data by integrating the mRNA expression generated from the other
platforms. The notations used in the equations are summarized in
Table 1. At last, several methods to evaluate the quality of the esti-
mated isoform expressions are described.

2.1 Base model for transcript quantification

We first consider the method proposed in Li et al., (2010), Pachter
(2011), Xing et al. (2006) and Zhang et al. (2015) as the base model
(BaseEM) for estimation of the isoforms in a single gene. In this
model, T is denoted as the set of transcripts in a gene and T; be the
ith transcript in T, and |T| be the total number of transcripts in the
gene. The set of RNA-Seq reads aligned to the gene is represented as
r. The probability of a read originated from the ith transcript is
modeled by a categorical distribution with parameter p,, where 0 <

pi < land Zﬂ pi = 1. For simplicity, P = [p1,p2,. ., p|1|]-

The goal is to estimate the parameter P such that the likelihood
of the observation r is maximized. Assuming that each read is
sampled independently from one transcript, the likelihood function
from the observed RNA-Seq read alignments is shown in Equation
(1), where Pr(r,-\T,») is denoted as g;;, and the second equality in
Equation (1) follows the assumption that the reads are sampled
independently.

[7| [r| |T]|

L(P;r) = Pr(r|P) = [[Pr(|P) = [ _pias (1)
=1

j=1i=1

Specifically, for read 7; aligned to transcript T, the probability of
generating 7; from T;, denoted as Pr(r|T;) is qij = ;51> Where ;
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and /, are the length of transcript T; and the length of the read re-
spectively. If the read #; was not aligned to transcript Tj, then g;; = 0.
Note that in transcript T}, the number of positions in which a read
can start is [; = I; — I, + 1. The adjusted length I; is called the effect-
ive length of T; (Pachter, 2011).

The log-likelihood function of Equation (1), log(L(P;r)) =
ZM log (Zg‘l piqi,-), is concave with respect to P, and EM algo-
rithm is adopted to learn the optimal P. The EM algorithm estimates
the expectation of read assignments to transcripts in the E-step and
maximizes the likelihood function given the expected assignments in
the M-step as follows:

E-step: A soft assignment of read 7; to transcript T}, namely a;;, is
estimated in the expectation step:

p1 CIx/
Zlnl P, qz/

where ¢ is the #th iteration in the EM algorithm.

M-step: Given g;; and the distribution of read assignments esti-
mated in E-step, the probability of originating # from T is maxi-
mized when

ajj =

(t+1) Z, 1 %ij
S
j=1%ij
After p; is estimated, the abundance of transcript T; can be

derived as p’w

2.2 Integrative model for transcript quantification

In our proposed platform integrative model IntMTQ, transcript
expressions of NanoString/Exon-array data are introduced as penal-
ization term(s) to encourage the consistency between transcript
expressions learned from RNA-Seq platform and NanoString/Exon-
array platforms. The model assumes that the transcript expression
learned from different platforms for the same sample should be simi-
lar to each other. Based on the assumption, IntMTQ appends a con-
straint to the log-likelihood function of the BaseEM model as
follows:

2
—oE
k

Plr]|

Lyen(P;E,v) = log(L(P;7)) — A (2)

The penalized log-likelihood function consists of two terms. The
first term represents the estimated log-likelihood of the observed
read alignments from RNA-Seq data. The second term learns the
consistency between transcript expressions of two platforms, i.e.

RNA-Seq and NanoString or RNA-Seq and Exon-array, where PM =

pibl pald el
Lo L I\T\
RNA-Seq, E denotes the transcript expressions provided by
PO ||

represent the transcript expression values from

NanoString/Exon-array data, and o = is a scaling factor be-

tween transcript expressions learned from RNA-Seq data and
NanoString/Exon-array data. The k-norm (k > 1) is applied to min-
imize the differences between two platforms in the second term. The
hyper-parameter A modulates the consistency between RNA-Seq
data and NanoString/Exon-array data. A larger 2 shows more confi-
dence on NanoString/Exon-array data. Therefore, a reasonable
choice of 2 is important, and it can be learned based on the log-
llkehhood function log(L(P;;r)) described in Section 2.1, where

P(; is the optimal P learned by IntMTQ in Equation (2) with par-
ameter A. The penalized log-likelihood function is concave as well,
thus EM algorithm is applied to estimate the optimal P for
each gene by maximizing L., with cvxpy package (Diamond and
Boyd, 2016). The detailed IntMTQ algorithm is outlined in the
Algorithm 1.

Algorithm 1 IntMTQ

: Input: T, 7, Z, E, J.

1
2: Output: P

. Initiali () 1
3: Initialize P = T - T
4:Fort=0,1,2,...do
S: = % /*update the scaling factor*/
6: E-step:
7 a; = P ‘7:/

N S

8:  M-step:

|T| |r
9: Pt —argm}gxi‘Za,, log p; —/IHPM —oE|?
15
10: If [P — PO, < 1e— 6 then
11:  Break
12: End If
13: End For
14: Return P

In the algorithm, P is initialized as b—.}‘ |i \T\} The For loop

between line 4-13 updates P for all the transcripts in one gene by
applying EM algorithm. In the M-step (line 9), two constraints are
applied to maximizing the equation: (1) p; > 0 and (2) > ;p; = 1.
The scaling factor o is updated with current P in each iteration in
the EM algorithm. The expression of transcript T; is then obtained

with 247 ‘l'l

The IntMTQ framework can be generalized to multiple plat-
forms. For example, one more constraint can be added to Equation
(2) when data of the three platforms (RNA-Seq, NanoString and
Exon-array) are all available for the genes in the samples of our
interest. Then, the objective function is as follows, which combining
both expression values from NanoString and Exon-array with the
read density information from RNA-Seq.

2

Loen(P;7) = log(L(P;7)) — 44 %- wEfl| = T—oczEz

k
(3)
2.3 Evaluation methods
To evaluate the quality of transcript quantification proposed by
IntMTQ, we designed cancer cell line clustering and classification
tasks with the assumption that better isoform quantification will
lead to molecular signatures with higher resolution for cancer out-
come prediction and patient stratification.

Hierarchical clustering was applied to distinguish groups of can-
cer cell lines with different cancer types by constructing a hierarchy
of clusters step-by-step. A bottom-up approach which is also known
as hierarchical agglomerative clustering merges pairs of clusters with
the least dissimilarity and finally creates a dendrogram. The
Euclidean distance served as the measure of dissimilarity between
two cell lines, and the linkage method which minimizes the variance
was applied to determine the distance between clusters being
merged. Adjusted Rand Index (ARI) (Hubert and Arabie, 1985) and
Normalized Mutual Information (NMI) (Studholme et al., 1999)
were considered as performance evaluation strategies for hierarchic-
al clustering tasks. NMI or ARI = 1 means the clustering result is
the same as the ground truth, and NMI or ARI = 0 means the sam-
ples are randomly grouped.

SVM and Random Forest were applied for binary cancer type
classification. Canonical machine learning techniques Support Vector
Machine (SVM) and Random Forest were considered as classifiers for
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Table 2. Summary of cell lines in each platform

Number of Number of
cell lines  genes/isoforms

Resource Platform

NanoString 46 99/304 nCounter

RNA-Seq 46 19278/50470 CCLE  Illumina HiSeq 2000
Exon-array 28 3317/9400 GEO Affy HuEx.1.0.st.v2
RT-gPCR 12 7/14

evaluation of isoform quantification quality reported by IntMTQ and
baseline methods. Hierarchical clustering, Random Forest and SVM
were implemented via scikit-learn (Pedregosa et al., 2011).

3 Results

In this section, we first describe the data preparation of the same
cancer cell lines generated from RNA-Seq, NanoString and Exon-
array platforms which were applied in this study, and the RT-qPCR
experiment which was employed to evaluate the performance of
IntMTQ. In the experiment section, IntMTQ was compared with
BaseEM (Equation 1), Kallisto (Bray et al., 2016), Salmon (Patro
et al., 2017), eXpress (Roberts and Pachter, 2013) and RSEM (Li
and Dewey, 2011) to further investigate the quality and predictive
power of the transcript expressions derived by different models. The
results of cancer outcome prediction and cancer stratification on 46
cancer cell lines in more than four cancer types are illustrated in this
section. In addition, the RT-qPCR experiment was applied to evalu-
ate the quantification accuracy of IntMTQ. Running time of
IntMTQ is reported at the end of this section.

3.1 Data preparation

This study was dedicated to improving the RNA-Seq-based isoform
quantification by taking advantage of estimated expressions across
platforms. 46 cancer cell lines were applied to evaluate the perform-
ance of IntMTQ, including 12 ovarian cancer cell lines, 7 colon can-
cer cell lines, 8 breast cancer cell lines, 9 lung cancer cell lines, 4
pancreas cancer cell lines, 2 prostate cancer cell lines and 4 other
cell lines. Both RNA-Seq and NanoString platforms of all the 46
cancer cell lines were involved in this study. 28 out of the 46 cell
lines were identical to the Exon-array data in Gene Expression
Omnibus (GEO). We also designed RT-qPCR experiments on 12 of
them to evaluate the performance of IntMTQ. The complete lists of
the cancer cell lines for each platform in this project is available in
Table 2 and Supplementary Table S1.

3.1.1 RNA-Seq data preprocessing

The raw Bam files of the 46 CCLE (Cancer Cell Line Encyclopedia)
cancer cell lines (Barretina et al., 2012) were downloaded from NCI
GDC Legacy Archive (Grossman et al., 2016). The Bam file of each
cell line was first converted back to paired-end fastq files by
SAMTools (Li et al., 2009). Then the paired-end short reads were
aligned to the hg19 RefSeq reference to match to the annotations to
the other platforms by TopHat2 (Kim et al., 2013). According to the
aligned bam file, reads aligned to each individual gene were
extracted and utilized to build up g;;, the read sampling probability,
introduced in Equation (1). With the hg19 RefSeq annotation down-
loaded from UCSC Genome Browser, there were 19 278 genes and
50 470 transcripts in total after filtering out uncertain and duplicate
isoforms.

3.1.2 NanoString probe design and transcript abundance estimation
We designed a NanoString experiment with 404 probes to estimate
the 304 isoform expressions of 99 multi-isoform genes for the same
46 cancer cell lines based on hg19 RefSeq annotation. The 99 genes
were all cancer genes from the literature (Futreal et al., 2004) for
better reliability in annotations and better signatures for cancer
studies. The NanoString signal in each cell line was normalized by

the geometric mean of the ten house keeping genes. The expression

of isoforms was estimated by minimizing the differences between

the predicted and observed intensities for probes as min||y — Ax|[2,
X

s.t. x; > 0, where A is a m-by-n indicator matrix with values 0 and
1. m and n denote the total number of designed probes and total
number of isoforms in the gene. If the probe j covers the coding re-
gion of isoform i in the gene, A; = 1, otherwise A;; = 0. Vector y
represents the probe intensities from the NanoString experiment,
and vector x represents the isoform expressions we want to learn.
Then the learned isoform expressions were normalized by
log(x + 1) in all the experiments in this study. The NanoString data
is deposited in GEO database (Series GSE133226).

3.1.3 Exon-array data and transcript abundance estimation

The raw Exon-array data (.CEL file) of the 28 cancer cell lines were
downloaded from GEO based upon availability. The isoform
expressions were quantified using Multi-Mapping Bayesian Gene
eXpression (MMBGX) method (Turro et al., 2010) with hgl9
Ensembl annotation. This method disaggregates the signal of the
probes matched to multiple isoforms in the same gene to estimate
the expression of each individual isoform. To match the annotations
between RefSeq and Ensembl for the data integration in our
IntMTQ model, we only considered the multi-isoform genes in the
two annotations containing the exact same isoforms for further ana-
lysis. In the end, 9400 isoforms in 3317 genes from Exon-array data
were applied in this study.

3.1.4 RT-qPCR experiment design

In most cancer studies, RT-qPCR experiments were considered as
gold standard to evaluate the identified biomarker from high-
throughput sequencing or array-based data. Therefore, an independ-
ent RT-qPCR experiments was designed to measure the isoform pro-
portions of seven multi-isoform genes (LRIG3, CD79A, ARID1A,
TPM4, BCL2, BCR, NOTCH?2) in twelve cell lines (Supplementary
Table S1) to evaluate the accuracy of isoform expressions quantified
by IntMTQ compared to other baseline methods. The seven genes
were selected based on the availability of the primers to distinguish
the isoforms in the genes. The twelve human cell lines were selected
based on the availability of cell culture in our labs. The cancer cell
lines were obtained from the American Type Culture Collection
(ATCC) and cultured according to standard mammalian tissue cul-
ture protocols and sterile technique.

In the experiments, the total RNAs from cells were isolated by
Trizol method, and reverse transcription reaction using Oligo-d(T)
priming and superscript III (Invitrogen) was carried out according to
the manufacturer’s protocol. SYBR Green was used to detect and
quantify the PCR products in real-time reactions. When compara-
tive Ct method was used, we normalized the Ct values to total
RNAs. Primer sequences to measure the expression for each tran-
script are available in the Supplementary Material. The RT-qPCR
data is also deposited in GEO database (Series GSE133226).

3.2 Experiments

To verify that the isoform expression estimated by IntMTQ produ-
ces more highly discriminative molecular signatures which are
strongly related to disease phenotype and can be applied for accur-
ate cancer outcome prediction, we developed three transcript abun-
dance estimation experiments (E1, E2 and E3) on RNA-Seq,
NanoString, Exon-array and RT-gPCR platforms as illustrated in
Table 3. In all three experiments, IntMTQ was compared with five
baseline methods, Kallisto, Salmon, eXpress, RSEM and BaseEM.
Kallisto, Salmon, eXpress and RSEM (with and without sequence-
specific bias correction) are involved in comparison. The command
lines of running baseline methods are reported in the Supplementary
Material. As mentioned in data preparation section, we expected
sufficient utilization of data across different platforms to simulate
the remarkable variety in transcriptome study. In experiment one
(E1), IntMTQ integrated RNA-Seq and NanoString platforms on 46
cancer cell lines based on Equation (2) to quantify the expression of
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304 transcripts in 99 multi-isoform genes overlapped between the
two platforms. Similarly, in experiment two (E2), IntMTQ inte-
grated RNA-Seq and Exon-array platforms on 28 cancer cell lines to
quantify the expression of 9400 transcripts in 3317 multi-isoform
genes overlapped between the two platforms. The 28 cancer cell
lines in E2 is a subset of the 46 cell lines in E1. In the last experiment
(E3), IntMTQ considered transcript expressions from both
NanoString and Exon-array platforms in the constrained RNA-Seq-
based log-likelihood function in Equation (3). The same 28 cancer
cell lines and 215 isoforms in 75 genes involved in experiment E3
were the overlapped ones in all three platforms (RNA-Seq,
NanoString and Exon-array). The raw Kallisto/Salmon/eXpress/
RSEM abundance that reported as Transcripts Per Million (TPM)
was normalized by log (expression + 1). BaseEM and IntMTQ iso-
form expression values were normalized by total number of pair-end
reads of each cancer cell line and then being transferred to log scale
expression values.

We evaluated the proposed integrative model IntMTQ based on
the estimated transcript expressions collected from the three experi-
ments. IntMTQ was compared with the five baseline methods on
cancer cell line clustering and cancer type predictions to investigate
the potential of using transcript expressions as predictive biomarkers
in disease diagnosis and treatment. Statistical assessment was also
performed directly on the data to demonstrate the informative sig-
nificance of the isoform expression results. In addition, an independ-
ent RT-qPCR experiment on seven genes in twelve cancer cell lines
was performed to directly evaluate the quantification accuracy of

IntMTQ.

3.3 Parameter tuning
In all the experiments, the optimal parameter Zs in the IntMTQ was
estimated based on the log-likelihood function log(L(P(;:r)),
where P(;) is the optimal P learned by IntMTQ in Equation (2) with
parameter /. In particular, A was chosen from {le-3, 1le-2, le-1, 1,
10, 100, 1000, 10 000, 100 000, 1 000 000}. Then the A with the
estimated P that maximizes the log-likelihood function (the first
term in Equation 2) was chosen as the optimal parameter. The plot
of the log-likelihood function log(L(P(;);7)) with different 4 values
on experiment one (E1) is shown in Supplementary Figure S12.
Similarly, the Zs in Equation (3) were selected in a same strategy. 4
in both experiments E1 and E2 were 10 000, and Z; and 4, in experi-
ment E3 were 1000.

The Equation (2) with Iy, /, and infinity norms (k= 1, 2 and o00)
were tested on experiment one (E1) with a fixed 1. The estimated

Table 3. Summary of experiments

Experiments Number of Number of Platform integrated
cell lines genes/isoforms

E1l 46 99/304 NanoString

E2 28 3317/9400 Exon-array

E3 28 751215 NanoString and

Exon-array

Table 4. Results of hierarchical clustering on four cancer types

isoform proportion correlation are shown in Supplementary Figure
S$13. From the result we can see that the correlation coefficients be-
tween different norms are close to one and the l,-norm (k=2) was
applied to all the experiments in this study.

3.4 IntMTQ improved cancer cell line clustering
In this section, we evaluated the quality of transcript expression esti-
mated by each method based on correctly clustering the cancer cell
lines from the same cancer type into the same group. We applied
hierarchical clustering to measure the performance of the isoform
expressions quantified by IntMTQ compared with five baselines,
Kallisto, Salmon, eXpress, RSEM and BaseEM. For each experiment
setting, the same cancer cell lines and isoforms were used based
upon the availability in Table 3. The clusters being grouped were
cell lines in ovarian cancer, colon cancer, lung cancer and breast
cancer. The clustering performance of all three methods were eval-
uated with ARI and NMI to illustrate how the clustering outcomes
from each method agree with the ground truth which represented by
cancer types. In comparisons corresponding to the three experi-
ments, the transcript expressions estimated by IntMTQ achieved
best clustering results in three out of six cases as shown in Table 4.
In addition, IntMTQ consistently performs better compared to
Kallisto without bias correction, eXpress with and without bias cor-
rection, RSEM with and without bias correction and BaseEM in all
the experiments. The incorporating information from NanoString/
Exon-array platforms could carry out isoform expressions with
more discriminative power which lead to better performance on can-
cer cell line clustering by comparing with RNA-Seq platform alone.
Complex diseases such as cancer are highly heterogeneous with
different types or subtypes that lead to varying clinical outcomes
including prognosis, response to treatment and changes of recur-
rence and metastasis. By selecting appropriate number of molecular
signatures with non-redundant predictive signals, we could best cap-
ture the dissimilarity information that truly stratify the cancer
patients into correct sub-groups. To confirm that the isoform ex-
pression estimated by IntMTQ is able to provide better signals for
cancer patient stratification, we applied one-way ANOVA with a
P-value cut-off 0.05 on the isoform expression data estimated by dif-
ferent methods in each experiment. The numbers of selected iso-
forms are shown in Table 5. Based on the results, IntMTQ is proved
to be capable of identifying more marker isoforms relevant to cancer
patient stratification. In addition, we selected the top 100 isoforms
in E2 with the expression quantified by IntMTQ and run hierarchic-
al clustering on both isoform and cell line dimensions of the data.
The clustering result with a heat map of the isoform expression is
displayed in Figure 2. Based on the expression of the top 100 iso-
forms quantified by IntMTQ, we can perfectly cluster the cell lines
into correct groups. The four clusters from top to bottom are colon,
breast, ovarian and lung cancer cell lines. Since breast and ovarian
cancers are two related cancer types, they shared some similar bi-
cluster patterns in the heat map.

3.5 IntMTQ improved cancer type classification

To provide an additional evaluation of the quality of transcript
quantification, we designed two cancer outcome prediction tasks by
the assumption that higher quality of transcript quantification can

Experiment Kallisto  Kallisto (bias) Salmon Salmon (bias) eXpress eXpress (bias) RSEM RSEM (bias) BaseEM IntMTQ
E1 ARI  0.032 0.135 0.209 0.150 0.142 0.171 0.092  0.067 0.152 0.251
NMI 0.187 0.295 0.417 0.351 0.329 0.355 0.293  0.273 0.342 0.390
E2 ARI  0.267 0.267 0.267 0.267 0.267 0.267 0.267  0.267 0.267 0.310
NMI 0.543 0.543 0.543 0.543 0.543 0.543 0.543  0.543 0.543 0.569
E3 ARI  0.094 0.272 0.252 0.171 0.137 0.035 0.137  0.095 0.137 0.158
NMI 0.300 0.464 0.482 0.406 0.369 0.261 0.369  0.296 0.369 0.419

Note: (bias) means the baseline methods were performed with sequence-specific bias correction. The best results across the ten methods are bold.
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Table 5. Number of significant molecular features identified by ANOVA
Experiment  Kallisto ~ Kallisto (bias) ~ Salmon  Salmon (bias)  eXpress  eXpress (bias) RSEM  RSEM (bias) BaseEM  IntMTQ
E1l 54 51 52 53 56 51 49 51 58 67
E2 895 893 869 885 903 910 857 881 1029 1190
E3 24 22 24 28 25 24 26 26 27 33
Note: A P-value cutoff 0.05 is applied for the molecular feature selection. The best results across the ten methods are bold.
AT ] ﬁmﬁfﬁ” = l |
gn 3 [ | | | l_n | . I B
=
. ____I__:_-.H
i
Breast
Ovary
Lung JEEES L LISl 2~ E———

Fig. 2. Cancer cell line clustering by 100 marker isoforms estimated by IntMTQ. The black dashed horizontal lines separate the clusters of cancer cell lines. The four clusters
from top to bottom are colon, breast, ovarian and lung cancer cell lines. The solid vertical blue lines indicate the isoform clusters derived by hierarchical clustering. The official
gene symbols with the RefSeq isoform names in the parentheses are listed at the bottom

recommend better molecular signatures for cancer outcome predic-
tion. IntMTQ was compared with BaseEM, Kallisto, Salmon,
eXpress, and RSEM by classification with the quantification of iso-
forms in two different tasks. The first task was to classify ovarian
cancer cell lines versus all the other cell lines in the three experi-
ments since ovarian cancer has the largest cohort of cell lines com-
pared to all the other cancer types in this study. The second task was
to classify ovarian cancer and breast cancer cell lines versus all the
other ones since ovarian and breast cancers are two related cancer
types, and the bi-cluster patterns of the two cancer types in Figure 2
are close to each other. The dataset was randomly split into 70% as
training set, and 30% as independent test set. The classification per-
formance was measured on the test set. SVM with linear kernel and
random forest were chosen as the classifiers to evaluate the classifi-
cation performance. Due to the limited sample size (46 samples for
E1 experiment, 28 samples for E2 and E3 experiments), no sepa-
rated validation set was used to tune the parameters in the classifica-
tion model. Instead, the default parameters of each classifier was
applied to train the model. We repeated the random splitting 1000
times for each classifier in each experiment. To make the classifica-
tion results comparable among different quantification methods, the
same setup of training and test sets were used for all the methods in
each splitting. For SVM, only the isoforms with t-test P-value < 0.1
were selected on training data to build up the classifier with default
parameter (i.e. C=1). Since the random forest classifier consists of
an ensemble of decision trees with the advantages of dealing with
the datasets with high-dimensional feature space but low sample
size, the feature selection step was skipped and all the isoforms were
used to build up the classifier on the training data with a minimum
number of samples per leaf node equal to two.

The average area under the curve (AUC) of receiver operating
characteristic of the 1000 repeats for SVM and random forest are
reported in Table 6. The standard derivation of AUC scores are
shown in the parentheses. The results show that the isoform expres-
sion estimated by IntMTQ performs significantly better than those
by baseline methods. Specifically, in all the twelve classification

tasks, the isoform expression quantified by IntMTQ outperforms all
the baseline methods in eight tasks and IntMTQ is reported to be se-
cond best in two tasks. Overall the isoform expression estimated by
IntMTQ has very competitive performance compared to the expres-
sions quantified by baseline methods. The classification results sug-
gest that this integrative strategy produce better RNA-Seq-based
quantification on isoform level for disease phenotype prediction and
human cancer studies.

3.6 RT-gPCR confirmed improved isoform

quantification

To evaluate the quality of the isoform expression estimated by
IntMTQ, an independent RT-qPCR experiment on seven genes in
twelve cancer cell lines was performed to compare with the isoform
proportion estimated by IntMTQ and baseline methods. Root Mean
Square Errors (RMSE) were calculated between the isoform propor-
tions estimated by each RNA-Seq quantification method and RT-
qPCR experiment. The results are reported in Table 7 for each cell
line. The smaller the RMSE, the closer the isoform proportion to the
RT-qPCR data. From the results, we can see that IntMTQ achieved
the lowest RMSE in six out of twelve cell lines. Both of the baseline
methods Salmon and eXpress perform better than all the other
methods in two cell lines. In summary, IntMTQ is much closer to
the RT-qPCR results and improve the overall isoform quantification
significantly.

3.7 Running time

To measure the scalability of IntMTQ, we tested the algorithm on
the cancer cell lines in three experiments. In the experiments with
small gene lists, IntMTQ took 338 CPU seconds and 270 CPU sec-
onds to run one sample in experiments E1 and E3 respectively. In
the experiment with large gene list, IntMTQ took 9798 CPU sec-
onds to run one sample in experiment E2. The CPU time was meas-
ured on Intel Core i7-7700 CPU with 3.60 GHz.
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4 Discussion and conclusion

In this article, we explore the possibility of improving RNA-Seq-
based transcript quantification by integrating isoform expression
from the other mRNA quantification and identification platforms.
RNA-Seq has been the most used platform for the whole transcrip-
tome study compared to all the other platforms. The estimated iso-
form expressions are demonstrated to be inconsistent across
platforms and in the absence of a gold standard evaluation method.
The proposed model IntMTQ formulates one unified machine learn-
ing framework to integrate the quantification information from
RNA-Seq and NanoString/Exon-array platforms to estimate the iso-
form expressions based on a global optimization strategy.

The idea of integrating two existing datasets from different plat-
forms will shift the paradigm in transcriptome analysis. RNA-Seq
and Microarray gene expression data have been integrated together
to improve cancer outcome profiling (Castillo et al., 2017) and bio-
marker identification (Ma et al., 2017). PolyA-Seq has been incorpo-
rated with RNA-Seq to improve alternative polyadenylation
detection (Chang et al., 2018). These studies provide evidence that
multiple datasets produced by different profiling platforms can be
combined to provide a higher resolution in data analysis, though the
challenges still remain: (i) high cost by requiring the same sample
source for the profiling; (ii) more difficult optimization problem
compared to single platform data analysis; (iii) low scalability due to
the different platforms may generate different number of transcrip-
tome features (e.g. RNA-Seq and NanoString platforms). Therefore,
a solution for a low cost, highly comprehensive transcriptome ana-
lysis tool with a flexible application to existing data generated from
different platforms can be our future research direction.

The experimental results in this study consistently demonstrate
the better performance of isoform expression learned by IntMTQ
compared with the ones estimated by baseline methods in quantifi-
cation accuracy, cancer cell line clustering and cancer type classifica-
tion. Statistical assessment also shows that IntMTQ can
provide more isoform features as molecular signatures for disease
phenotype predictions. An independent experiment described in
the Supplementary Material shows that IntMTQ is more robust to
the factors in isoform quantification (e.g. number of isoforms in the
gene, abundance of gene expression level and sequencing depth).
The experimental results suggested a great potential of integrating
high-throughput multi-omics data to overcome the limitations of
using the data in a single platform and improve the quality of the
genomic features for better phenotype prediction. Overall, the work
in this article simulates the possibility of integrating different plat-
forms for transcriptome studies to effectively enhance the contribu-
tion of isoform expression analysis in downstream applications.
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