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Tissue Specificity based Isoform Function
Prediction

Guoxian Yu, Qiuyue Huang, Xiangliang Zhang, Maozu Guo and Jun Wang

F

Abstract—Alternative splicing enables a gene spliced into different
isoforms and hence protein variants. Identifying individual functions of
these isoforms help deciphering the functional diversity of proteins.
Although much efforts have been made for automatic gene function
prediction, few efforts have been moved toward computational isoform
function prediction, mainly due to the unavailable (or scanty) functional
annotations of isoforms. Existing efforts directly combine multiple RNA-
seq datasets without account of the important tissue specificity of
alternative splicing. To bridge this gap, we introduce a novel approach
called TS-Isofun to predict the functions of isoforms by integrating
multiple functional association networks with respect to tissue specificity.
TS-Isofun firstly constructs tissue-specific isoform functional association
networks using multiple RNA-seq datasets from tissue-wise. Next, TS-
Isofun assigns weights to these networks and models the tissue speci-
ficity by selectively integrating them with adaptive weights. It then intro-
duces a joint matrix factorization-based data fusion model to leverage
the integrated network, gene-level data and functional annotations of
genes to infer the functions of isoforms. To achieve coherent weight
assignment and isoform function prediction, TS-Isofun jointly optimizes
the weights of individual networks and the isoform function prediction
in a unified objective function. Experimental results show that TS-Isofun
significantly outperforms state-of-the-art methods and the account of tis-
sue specificity contributes to more accurate isoform function prediction.

Keywords—Isoform function prediction, Tissue specificity, Joint matrix
factorization, Data fusion, Alternative splicing

1 INTRODUCTION

FUnctional annotations of human genes are crucial im-
portance for understanding biological mechanisms

of living body and various genetic diseases [1], [2].
Predicting the functions of genes has been studied for
decades and diverse machine learning methods have
been developed [3], [4], such as Support Vector Machine
(SVM) [5], network-based label propagation [6], [7], deep
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neural networks [8], [9], data fusion models [10]–[14],
and so on. Existing computational function prediction
solutions still focus on the gene-level and collective-
ly assign all functions of gene products to the same
gene. In practice, a gene can execute diverse function-
s mainly caused by the isoforms alternatively spliced
from the same gene, these isoforms and their translated
proteoforms are actual executors for diverse biological
functions [15]. It is recognized that > 90% human
multi-exon genes undergo alternative splicing, which
significantly increases the transcriptome and proteome
complexity [16]. The proteoforms (or protein variants)
translated from different isoforms of the same gene have
different amino acid sequences and structures, and thus
may have different (even opposite) functions [17]. For
example, ErbB4 can be alternatively spliced into two
juxtamembranes (JM-a and JM-b), JM-a demonstrates
enhanced autophosphorylation, growth, and survival.
In contrast, over-expressed JM-b undergoes starvation-
induced death [18]. Increasing studies show that alter-
native splicing plays key roles in developmental abnor-
mality and is closely related with many human diseases
[19], [20]. Therefore, identifying functional annotations
of isoforms contributes to a deeper understanding of
both the molecular basis of diverse genetic diseases and
the evolution of phenotype complexity [21].

Compared with the widely-studied gene/protein
function prediction, how to predict the functions of
isoforms is still a not well studied topic. The main bot-
tleneck is the lack of functional annotation at the isoform-
level. Existing functional databases (i.e., Gene Ontology
[22] and KEGG [23]) collectively record the functional
information of gene products at the gene-level. In oth-
er words, isoform-level functional annotations are not
available in these databases. Due to the lack of ground-
truth annotations of isoforms, typical gene function pre-
diction methods can not be directly adopted for isoform
function prediction. Given the principle that Gene On-
tology (GO) follows the convention to collectively record
the functions of gene products to the same gene, and
each functional annotation of a gene should be trigerred
by at least one gene product, some efforts tailor multi-
instance learning (MIL) [24], [25] to identify the functions
of isoforms [26]–[32]. MIL models the scenario where
each bag (gene) is composed with a set of instances
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(isoforms) and the labels of a bag are derived from the
labels of its instances. This scenario coincides with the
convention of functional annotations of genes. Another
bottleneck is the lack of interactom maps of isoforms
[33], [34], and existing molecule-interaction databases
(e.g., BioGRID [35]) still record the interaction between
proteins at the gene-level. Thanks to the advent of RNA-
seq techniques, we can obtain a unprecedented amount
isoform-level data and detect the alternative splicing
events at a much deeper and larger level.

However, these MIL-based isoform function predic-
tion methods typically concatenate the quantified ex-
pression profile features derived from multiple RNA-seq
datasets of different tissues into a single feature vector
[26], [28]–[32] or simply add up the isoform function-
al association networks of different RNA-seq datasets
[27]. They do not well account for the important tissue
specificity of alternative splicing [36]. It is recognized
that tissue-specific alternative splicing remodels protein-
protein interaction networks and hence diversifies the
functions of proteoforms [37], [38]. As a result, such
concatenation or add-up may override the important
tissue specific pattern of the isoform functional associ-
ation networks of different tissues and compromise the
performance of isoform function prediction.

In this paper, we investigate whether it is possible
to integrate multiple isoform functional association net-
works with tissue specificity to avoid such override and
to boost the prediction performance. For this purpose,
we introduce an approach called TS-Isofun, which pre-
dicts isoform function with account of tissue specifici-
ty by selectively integrating multiple networks derived
from different tissues. The main idea of TS-Isofun and
its schema are illustrated in Figure 1. Particularly, TS-
Isofun firstly constructs five isoform-level functional
association networks from five human tissues (brain,
heart, liver, lung, stomach) based on the expression
profile features of isoforms extracted from 298 RNA-
seq datasets, and then initially combines these networks
with equal weights into a composite network. Next, it
introduces a joint matrix factorization based objective
function to integrate the gene-interaction network with
the composite network, and to replenish the functional
annotations of genes, dispatch the annotations of genes
to isoforms, and reversely aggregate the inferred annota-
tions of isoforms to the hosting genes in a coherent way.
To avoid the trivial weight assignment, it simultaneously
optimizes the weights and function prediction in the
unified objective. The empirical study shows that TS-
Isofun achieves better results across various evaluation
metrics than state-of-the-art isoform function prediction
methods [26], [27], [30]–[32]. The ablation study confirms
that the account of tissue specificity can further boost the
performance of isoform function prediction.

2 RELATED WORK
The key for predicting isoform function is how to
leverage gene-level functional annotations, gene-isoform

associations and isoform-level data to identify the func-
tions of individual isoforms of the hosting gene. Recent-
ly, several multiple instance learning (MIL) [25] based
approaches have been adapted for isoform function pre-
diction [26]–[29]. In MIL, a bag is positive for a label if at
least one of its instances is positively annotated with that
label; on the other hand, the bag is negative for a label if
all its instances are not annotated with that label. Given
that, we can model a gene as a bag and isoforms spliced
from the gene as instances. Eksi et al. [26] used multiple
instance support vector machine (miSVM) [39] to differ-
entiate functions of isoforms on the Mouse RNA-seq da-
ta. miSVM leverages the functional annotations of genes,
isoform expression data and gene-isoform associations
to derive an isoform-level maximum margin classifier.
However, the optimal solution of miSVM is sensitive
to the initial annotations of isoforms inherited from
positive genes and a threshold that represents a degree
of strictness for assigning labels. Given that, Luo et al.
[28] proposed a novel approach (WLRM) to differentiate
the functions of isoforms by integrating sparse simplex
projection as a nonconvex sparsity-induced regularizer
within the MIL framework. WLRM specifically takes the
genes annotated with the function under consideration
as positive bags and the genes without the function as
negative bags, and then learns a mapping that embeds
the original bag space to a discriminative feature space
by sparse projections onto simplex, and further develops
an efficient block coordinate descent algorithm to solve
the resulting highly nontrivial non-convex and non-
smooth optimization problem. Li et al. [27] proposed
the instance-oriented multi-instance label propagation
(iMILP) to predict functions of isoforms. iMILP firstly
constructs 29 isoform functional association networks
from 29 human RNA-seq datasets, each of which has at
least six experiments. Next, it adopts a greedy sequential
forward strategy to find the best subset of networks
and combines them into a single network with equal
weight. After that, it applies the instance-oriented label
propagation on the combined network to update the
annotations of isoforms and to find the best subset of
networks in a wrapper network selection way. These
MIL based methods might not be the best due to the
lack of sufficient labeled training data. To alleviate this
issue, Shaw et al. [29] proposed a deep learning based
method (DeepIsoFun) that combines MIL with domain
adaption to provide additional labeled training genes
and to transfer the knowledge of gene functions to the
prediction of isoform functions.

These aforementioned methods implicitly assume that
the functional annotations of genes are complete, and
only focus on multiple RNA-seq datasets. Yu et al. [30]
recently introduced an approach (IsoFun) to predict
isoform functions using a tailored label propagation
on a heterogeneous network. IsoFun firstly construct-
s an isoform functional association network based on
the expression profile values of isoforms collected from
multiple RNAseq datasets, Next, it uses the available
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Fig. 1. A schema of TS-Isofun. The predicted gene function annotations data matrix F are factorized into three
matrices (Λ, R12 and Z). Λ is a diagonal matrix, Λ(i, i) = 1/ni, ni represents the number of distinct isoforms
spliced from the i-th gene, R12 is the gene-isoform associations matrix, Z represents the predicted isoform function
annotations matrix. TS-Isofun forces the predicted annotations of genes F being consistent with the known annotations
of genes Y, and further introduces the protein interaction network and multiple tissue-based isoform functional
associations networks to further coordinate the optimization of F and Z, and thus to predict isoform functions Z.

GO annotations of genes, gene-level interactions, gene-
isoform associations and GO hierarchy to construct a
heterogeneous network. It then introduces a bi-random
walk with clamp on the heterogeneous network to pre-
dict isoform functions. Chen et al. [32] presented Deep
learning-based prediction of IsoForm Functions from
Sequences and Expression (DIFFUSE) to predict isoform
functions. DIFFUSE adopts a hybrid framework that first
uses a deep neural network to predict the functions of
isoforms from their genomic sequences and then refines
the prediction by a conditional random field (CRF) based
on co-expression relationship of isoforms. DIFFUSE fur-
ther proposes an iterative semi-supervised learning al-
gorithm to train both the DNN and CRF together to
tackle the lack of annotations at the isoform-level. Wang
et al. recently [31] proposed DisoFun to differentiate
isoform functions with collaborative matrix factorization.
DisoFun assumes the functional annotations of genes are
aggregated from key isoforms. It collaboratively factor-
izes the isoform expression data matrix and gene-term
association matrix (storing GO annotations) into low-
rank matrices to simultaneously explore the latent key
isoforms, and to identify the functions of isoforms.

However, none of the existing methods take into ac-
count the tissue specificity of alternative splicing. Each
tissue has specific characteristics during alternative s-
plicing that distinguish it from other tissues and some
isoforms are abundant in one tissue, but not so (even

disappeared) in other tissue [40]. For example, among
the large diversity of the AC isoforms, AC1 in neural
origin, while AC5 in heart and striatum [41]. For anoth-
er example, 5’ AMP-activated protein kinase (AMPK),
which performs different roles in human cells and has 3
subunits. (1) α, catalytic domain, has two isoforms: α1
and α2 which are encoded from PRKAA1 and PRKAA2;
(2) β, regulatory domain, has two isoforms: β1 and
β2 which are encoded from PRKAB1 and PRKAB2;
(3) γ, regulatory domain, has three isoforms: γ1, γ2,
and γ3 which are encoded from PRKAG1, PRKAG2,
and PRKAG3. In human skeletal muscle, the preferred
form is α2β2γ1. But in human liver, the most abundant
form is α1β2γ1 [42]. In other words, two isoforms α1
and α2 express selectively among tissues. Therefore, the
tissue specific pattern of isoform functional association
networks of different tissues should be accounted for
isoform function prediction.

To employ the tissue specificity for accurate isoform
function prediction, TS-Isofun integrates isoform func-
tional association networks (each is derived from RNA-
seq datasets of the same tissue) with adaptive weights,
along with the PPI network, to complete the functional
annotations of genes and to identify the functions of
individual isoforms. The experimental results show that
TS-Isofun not only achieves a better performance than
these related methods, but also prove the benefit to
account for tissue specificity.
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3 METHODOLOGY

3.1 Materials and data preprocessing

Suppose there are n genes, each gene has ni ≥ 1 iso-
forms, and the total number of isoforms is m =

∑n
i=1 ni.

R12 ∈ Rn×m is the relational data matrix between n
genes and m isoforms, R12(i, j) = 1 if the the i-th gene
hosts the j-th isoform, R12(i, j) = 0 otherwise.

We adopt the widely-used Fragments Per Kilobase of
exon per Million fragments mapped fragments (FPKM)
values to quantify the expression of isoforms [27], [30],
[31]. Particularly, we downloaded 596 RNA-seq runs (of
total 298 samples from different tissues and conditions)
of Human from the ENCODE project [43] (access date:
2018-11-10). These datasets are heterogeneous in terms of
library preparation procedures and sequencing platform-
s. Following the pre-process done in [27], [31], for each
tissue, we control the quality of these RNA-seq datasets
and quantify the expression value of isoforms as follows.

(1) We firstly align the short-reads of each RNA-
seq dataset of the Human genome (build GRCh38.90)
from Ensemble using HISAT2(v.2-2.1.0) [44], and A GTF
annotation file of the same build with an option of no-
novel-junction.

(2) Then, we use Stringtie(v.1.3.3b) [45] to calculate the
relative abundance of the transcript as FPKM values. We
separately compute the FPKM values of a total of 57,964
genes with 219,288 isoforms for each sample.

(3) The FPKM values of very short isoforms are excep-
tionally higher. Therefore, we discard the isoforms with
less than 100 nucleotides.

(4) To further control the quality of isoforms, we use
known protein coding gene names to map those genes
obtained in step (3). Due to the prohibitive runtimes on
such a large number of isoforms and sufficient nonzero
values in the expression vector are required to construct
the functional association network, we re-filtered the
data. Particularly, we set all FPKM values lower than
0.3 as 0, and then filtered out isoform with all FPKM
values of 0. To ensure data filtered at the gene level, we
do a further filtering: if an isoform of a gene is filtered,
this gene and its all hosted isoforms are removed also.
Finally, we obtain 7,549 genes with 39,559 isoforms.

To construct the tissue-specific isoform functional as-
sociation network R

(t)
22 ∈ Rm×m (from the t-th tissue),

we firstly select five representative tissues (brain, heart,
liver, lung, stomach), and then separately extract tissue
specific expression profile features of each tissue from
the total 298 samples. After that, we construct a tissue-
specific isoform-isoform functional association network
based on the extracted expression profile features with
cosine similarity. In this way, five tissue-specific isoform
functional association networks are constructed.

We also download the ontology file and the contem-
porary GO annotation file of human (access date: 2019-
06-02), and we directly use the available GO annotations
and GO hierarchy to initialize the gene-term association
matrix Y ∈ Rn×c between n genes and c GO terms

(functional labels). Specifically, if GO term s, or s’s
descendant terms, provide(s) a positive annotation for
gene i, then Y(i, s) = 1. Otherwise, Y(i, s) = 0.

We further collect the PPI data from BioGrid
(https://thebiogrid.org), which is a curated biological
database of protein-protein interactions, genetic interac-
tions, chemical interactions, and post-translational mod-
ifications. Let R11 ∈ Rn×n encode the gene-level interac-
tion, R11(i, j) > 0 if the gene i has a physical interaction
with gene j, and the weight of R11(i, j) is determined
by the interaction strength; R11(i, j) = 0 otherwise.

3.2 Isoform Function Prediction by Joint Matrix Fac-
torization
The lack of functional annotations at the isoform-level
prohibits the direct application of traditional gene func-
tion prediction methods to predict the functions of iso-
forms. Most efforts leverage the obtained gene-isoform
associations R12 and functional annotations of genes Y
within the MIL framework to identify the distinct func-
tions of individual isoforms. Suppose Z ∈ Rm×c record
the latent functions of m isoforms, given the known
association between genes and isoforms, and motivated
by the principle that the functional annotations of a gene
are aggregated from the annotations of its individual
isoforms, we can obtain the aggregated functions of a
gene from its isoforms as follows:

F = ΛR12Z (1)

where Λ ∈ Rn×n is a diagonal matrix, Λ(i, i) = 1/ni, ni
represents the number of distinct isoforms spliced from
the i-th gene. F ∈ Rn×c is the aggregated (approximated)
the gene-term association matrix.

By substituting F with Y and taking Z as the to-be-
predicted variable, we can reversely push the functional
annotations of n genes to m isoforms and make the func-
tion prediction of isoforms. However, it is reported that
functional annotations of genes are rather incomplete
and biased [46]–[49], which may shroud the missing an-
notations of genes and lead to biased function prediction
of genes and isoforms. Interacting genes (or proteins) are
more likely to share the same functions [6]. Given that,
we want to replenish the annotations of genes using the
interactome of genes and extend Eq. (1) as follows:

minH(F,Z) = ‖F−ΛR12Z‖2F +

n∑
i=1

‖Fi −Yi‖2F

+
1

2

n∑
i,j=1

‖Fi − Fj‖2F R11(i, j)

= ‖F−ΛR12Z‖2F + tr((F−Y)T (F−Y))

+ tr(FTL11F)
(2)

where ‖·‖2F is the Frobenius norm, tr(·) is the matrix
trace operator, L11 = D11 − R11 is the graph Lapla-
cian matrix, D11 is a diagonal matrix with D11(i, i) =

https://thebiogrid.org
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∑n
j=1 R11(i, j). The second term in Eq. (2) is to force

the predicted annotations of genes being consistent with
the known annotations of genes, and the third term
is to force two genes with interaction having similar
annotations.

By optimizing the above objective, we can not only
complete the missing annotations of genes by gene-
level interaction data, but also push the replenished and
known annotations of genes to isoforms. We want to
remark that the above equation still pushes the annota-
tions to isoforms by matrix tri-factorization only, without
using the readily available and important isoform-level
expression data. In addition, a gene generates one or
more isoforms by alternative splicing, and these iso-
forms have diverse expression patterns across tissues
[40], [41]. Bossi et al. [50] also stated that if two genes
are co-expressed in a tissue, then their products are
quite probably to physically interact in that tissue. These
observations suggest that the functional association net-
works of isoforms should be constructed from the tissue-
level and more appropriate fusion of these networks
can help to accurately identify the functions of individ-
ual isoforms. Unfortunately, existing isoform function
prediction methods simply concatenate the expression
profile features of isoforms derived from different tissues
into a single feature vector and then construct a single
functional association (or co-expression) network of iso-
forms [26], [28]–[32], or apply a tedious wrapper-based
feature selection alike method to greedily find the best
subset of networks and combine these networks with
equal weight [27]. As such, these methods do not make
full use of the tissue-specific patterns of multiple RNA-
seq datasets to boost the performance of isoform function
prediction.

Based on the above analysis, we advocate to integrate
multiple functional association networks of isoforms
from the tissue-wise with weights, and further extend
Eq. (2) as follows:

minH(F,Z,α) = ‖F−ΛR12Z‖2F + tr((F−Y)T (F−Y))

+ tr(FTL11F)

+
1

2
λ

v∑
t=1

m∑
i,j

αp
t ‖Zi − Zj‖2F R

(t)
22 (i, j)

= ‖F−ΛR12Z‖2F + tr((F−Y)T (F−Y))

+ tr(FTL11F) + λ

v∑
t=1

αp
t tr(Z

TL
(t)
22 Z)

s.t. αt ≥ 0,αT1 = 1
(3)

where λ > 0 is used to balance the scale difference
between the first three terms (scale n×n) and the fourth
term (scale m×m). L

(t)
22 = D

(t)
22 −R

(t)
22 , D

(t)
22 is a diagonal

matrix with D
(t)
22 (i, i) =

∑n
j=1 R

(t)
22 (i, j). The fourth term

on the right of Eq. (3) is motivated by the observation
that two isoforms with the similar expression profiles
(co-expressed or function associated) are more likely to

have similar biological functions, and hence minimizing
this term can enforce functional associated isoforms to
be predicted with similar functional annotations. To this
end, Eq. (3) leverages both the gene-level and isoform-
level biological data, along with the gene-isoform associ-
ations and gene-level annotations to make isoform func-
tion prediction in a coherent manner. α = [α1, α2, . . . , αv]
are the weights assigned to v functional association
networks, each of which is derived from multiple RNA-
seq datasets from the same tissue. As such, TS-Isofun can
respect the specific alternative splicing pattern of each
tissue and fuse these networks from tissue perspective
to further boost the performance of isoform function
prediction.

3.3 Optimization

Eq. (3) has three variables F, Z and α, the solution
of a single variable depends on those of other two.
Following the principle of alternating direction method
of multipliers [51], we alternatively optimize one of F,
Z and α, while fixing the other two as constants in an
iterative manner. The detailed procedure is presented as
follows.

The partial derivatives of H(F,Z,α) with respect to F
and Z are:

∂H(F,Z,α)

∂F
= 4F− 2ΛR12Z + 2(D11 −R11)F

− 2Y
(4)

∂H(F,Z,α)

∂Z
= −2RT

12Λ
TF + 2RT

12Λ
TΛR12Z

+ 2λ

v∑
t=1

αp
t (D

(t)
22 −R

(t)
22 )Z

(5)

We can then use the Karush-Kuhn-Tucker(KKT) con-
ditions [52] for the nonnegativity of F, Z:

(2F−ΛR12Z + D11F−R11F−Y)ij [F]ij = 0 (6)

(−RT
12Λ

TF + RT
12Λ

TΛR12Z

+ λ

v∑
t=1

αp
t (D

t
22 −Rt

22))ij [Z]ij = 0
(7)

These nonnegative constraints give the fixed point
relationship that the solution must satisfy. As such, we
can update F, Z using the following update rules:

[F]ij = [F]ij
ΛR12Z + R11F + Y

2F + D11F
(8)

[Z]ij = [Z]ij
RT

12Λ
TF + λ(

∑v
t=1 α

p
tR

(t)
22 )Z

RT
12Λ

TΛR12Z + λ(
∑v

t=1 α
p
tD

(t)
22 )Z

(9)
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When F and Z are fixed, Eq. (3) is equivalent as:

argmin
α
λ

v∑
t=1

αp
t tr(Z

TL
(t)
22 Z)

s.t.

v∑
t=1

αt = 1

(10)

Here, we adopt the Lagrange multiplier method to op-
timizing α:

H(Z,α, η) = λ

v∑
t=1

αp
t tr(Z

TL
(t)
22 Z)− η(

v∑
t=1

αt − 1) (11)

where η is the Lagrange multiplier. We can take the
partial derivative of H(Z,α, η) respect to αr and set it
as 0:

∂H (Z,α, η)

∂αt
= λpαp−1

t tr(ZTL
(t)
22 Z)− η = 0 (12)

αt =

 η

λptr
(
ZTL

(t)
22 Z

)
 1

p−1

(13)

Since
∑v

t=1 αt = 1 we can obtain:

αt =

(
1

tr
(
ZTL

(t)
22 Z

)) 1
p−1

∑v
t=1

(
1

tr
(
ZTL

(t)
22 Z

)) 1
p−1

(14)

By iteratively updating F, Z, α via Eq. (8), Eq. (9)
and Eq. (14), we can obtain the local optimal of F, Z, α.
Algorithm 1 lists the above optimization procedure.

Algorithm 1 TS-Isofun: Tissue Specificity based Isoform
Function Prediction
Input: R11, R12,

{
Rt

22

}v

t=1
, Y, p, λ, maxIter, tol.

Output: Z, α.
1: Initialize αr = 1/v, iter = 1, tol = 10−2, maxIter = 20
2: F = Y
3: Z = RT

12F
4: lossiter = H(F,Z,α)
5: While iter < maxIter and |δ| > tol
6: Update F using Eq. (8)
7: Update Z using Eq. (9)
8: Update α using Eq. (14)
9: lossiter+1 = H(F,Z,α)

10: δ ← lossiter+1 − lossiter
11: iter = iter + 1
12: End While

3.4 Isoform/gene function prediction
Suppose F∗, Z∗ are optimized variables. F∗ is the pre-
dicted gene-term association likelihood matrix and Z∗ is
the predicted isoform-term association likelihood matrix.
However, the functional annotations of isoforms are
generally unknown. To enable a surrogate evaluation,
we need to aggregate the isoform-level predictions to

the gene-level. For this surrogate evaluation, we recall
Eq. (1) to approximate the gene-term association matrix
as follows:

Y∗ = ΛR12Z
∗ (15)

4 EXPERIMENT RESULTS AND ANALYSIS

4.1 Experimental setup

To investigate the performance of TS-Isofun for function
prediction, we collected the GO file and GO annotation
(GOA) file of Human archived on 2019-06-02 from the
GO website http://geneontology.org/. The GO file in-
cludes the hierarchical relationship between GO terms,
and is organized in three branches: Biological Process
Ontology (BPO), Molecular Function Ontology (MFO)
and Cellular Component Ontology (CCO). The GOA
file records associations between GO terms and genes,
which indicate the relevant genes that carry out the
biological functions described by the corresponding GO
terms. To avoid circular prediction, direct annotation-
s with evidence code ‘IEA’ (inferred from electronic
annotations) were excluded. In addition, following the
screening criteria of compared methods [26], [30]–[32],
we excluded the too sparse terms annotated to fewer
than 30 genes, and the too general terms annotated to
more than 300 genes.

After that, the numbers of GO terms used for the
experiments are 260 (CCO), 258 (MFO) and 1548 (BPO).
The processed GO annotations of genes and isoforms of
the genes are listed in Table 1.

TABLE 1
Statistics of GO annotations of Human. ‘annotations’ is

the number of used annotations of genes for experiment.

genes(n) 7,549
isoforms(m) 39,559

BPO CCO MFO
terms(c) 1,548 260 258

annotations 132,156 23,275 22,112

Many evaluation metrics were used to quantify the
performance of gene function prediction. Here, we adopt
four widely-used metrics, AUROC, AUPRC, Fmax, and
Smin, these metrics were also used in Critical Assess-
ment of protein Function Annotation algorithms [3].
AUROC computes the area under receiver operating
curve of each GO term at first, and then takes the average
value of these areas to quantify the overall performance.
AUPRC calculates the area under the precision-recall
curve of each term, and then computes the average value
of these areas as the overall performance. Fmax is the
global maximum harmonic mean of recall and precision
across all possible thresholds on F. Smin computes the
information theoretic analogs of precision and recall by
referring to the GO hierarchy and takes the minimum
semantic distance between the predictions and ground-
truths across all possible thresholds on F. In addition,

http://geneontology.org/
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since gene function prediction can be solved as a multi-
label learning problem [53]–[55], we additionally adopt
the RankingLoss, a widely-used multi-label evaluation
metric that computes the average fraction of incorrectly
predicted annotations ranking ahead of the ground-truth
annotations, to measure the prediction results. Except
Smin and RankingLoss, the higher the value of these
metrics, the better the performance is. The opposite trend
holds for Smin and RankingLoss. The formal definition
of these metrics can be found in [3], [53]. These metrics
quantify the prediction results from different perspec-
tives, and it is difficult for one method to consistently
perform better than another one across all these metrics.

To comparatively study the performance of TS-Isofun,
we take six state-of-the-art isoform function prediction
methods, miSVM [26], MISVM [26], iMILP [27], IsoFun
[30], DisoFun [31] and DIFFUSE [32], as comparing
methods. These methods were detailed in Related Work
Section. Particularly, miSVM identifies the top 25% iso-
forms as the ‘responsible’ isoforms of a gene with respect
to a positive annotation, while MISVM only takes the
isoform with the maximum score as the ‘responsible’
one.

For TS-Isofun, we choose λ in{
10−7, 10−6, . . . , 10−2, 10−1

}
and p in {2, 3, . . . , 6}.

We then select p = 3 and λ = 10−3 for the following
experiments, and fix the number of iterations to
optimize F and Z as 20. The input parameters of
these comparing methods are fixed or optimized as
the authors suggested in the paper or shared codes. In
addition, we also approximately evaluate TS-Isofun at
the isoform-level using its predictions on single-isoform
genes (as done in [27], [30], [31]), whose functional
annotations directly inherit from the hosting genes.

4.2 Results evaluation at gene-level

We adopt five-fold cross-validation at the gene-level for
experiment. For each test fold, we randomly initialize the
test part of F, and set the test part of Y to 0 in Eq. (3).
We initialize the isoform-term association matrix Z by
the gene-term association matrix F. In other words, if a
term is annotated to the gene, the term is also annotated
to all isoforms of the hosting gene. Table 2 reports the
results of TS-Isofun and of the comparing methods in
five-fold cross validation. The functional annotations of
genes in the validation set are considered as unknown
during training and prediction. Moreover, to speed up
the training of miSVM and MISVM, we select negative
genes twice as positive ones for each term to train the
model.

TS-Isofun gives significantly better results than the
comparing methods across most evaluation metrics.
More specifically, the performance margin between TS-
Isofun and other comparing methods is very prominent
on AUROC, AUPRC, Fmax and 1-RankingLoss. AUROC
and AUPRC are GO term-centric metrics, Fmax and 1-
RankingLoss are gene-centric metrics. This prominent

improvement shows that TS-Isofun can more reliably
predict the functions of genes (isoforms) from both
the gene and GO term perspectives. There are two
causes for this improvement. TS-Isofun utilizes the PPI
network to complete the gene-term associations, and
other comparing methods (except IsoFun and Disofun)
exclude the important PPI data, and they generally
assume the gene-term associations are complete. TS-
Isofun accounts for tissue specificity and selectively fuse
functional association networks of different tissues. In
contrast, miSVM, MISVM, IsoFun, DIFFUSE and Disofun
concatenate the isoform expression profile features of
different tissues into a single feature vector, and iM-
ILP combines the greedily selected isoform functional
networks with equal weight. iMILP sometimes obtains
a smaller (better) Smin than other comparing methods,
but it always loses to TS-Isofun on the other evaluation
metrics. That is possible due to different preferences of
these evaluation metrics. DIFFUSE manifests a higher
AUROC than TS-Isofun, since it uses an iterative semi-
supervised learning algorithm to train both the DNN
(deep neural networks) and CRF (conditional random
field) together to tackle the lack of annotations at the
isoform-level, and it separately optimizes the DNN and
CRF for each term, while AUROC is a term-centric met-
ric. For the same reason, comparing with other methods,
miSVM and MISVM also have much lower performance
with respect to gene (or isoform) centric metrics (Fmax,
Smin and 1-RankingLoss) than with respect to term-
centric metrics (AUROC and AUPRC). Besides the RNA-
seq data, IsoFun and Disofun additionally uses the PPI
network data, DIFFUSE utilizes the sequence data by
complex DNN. Even though, they all lose to TS-Isofun,
which also additionally uses the PPI data but accounts
for the tissue specificity. This comparison indicates the
contribution of tissue specificity for isoform function
prediction.

We also find that MISVM often works better in the
BPO than miSVM, but not so in the other two subontol-
ogy. That is because Biological Process Ontology (BPO)
has more processed terms and the ontology structure is
more complex, compared with Molecular Function On-
tology (MFO) and Cellular Component Ontology (CCO).
In practice, miSVM identifies the top 25% isoforms as the
‘responsible’ isoforms of a gene with respect to a positive
annotation, while MISVM only takes the isoform with
the maximum score as the responsible one. In addition,
these evaluation metrics quantify the performance of
function prediction from different perspectives. For these
reasons, MISVM does not consistently work better than
miSVM across all the three subontology.

To further investigate the contribution of tissue speci-
ficity, we introduced two variants of TS-Isofun: (i) TS-
Isofun(E) assigns equal weight (αt =1/5) to each indi-
vidual isoform functional association network; (ii) TS-
Isofun(A) concatenates the isoform expression profile
feature vectors of five different tissues into a single one,
and then directly constructs a single isoform functional
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TABLE 2
Experimental results of five-fold cross-validation at the gene-level. ↓ means the lower the value, the better the

performance is. •/◦ indicates TS-Isofun performing significantly better/worse than the other comparing method,
where significance is measured by a pairwise t-test at 95% level.

miSVM MISVM iMILP IsoFun DIFFUSE Disofun TS-Isofun

AUROC
CCO 0.5556±0.0147• 0.5487±0.0196• 0.5372±0.0249• 0.7116±0.0125• 0.7392±0.0000• 0.7207±0.0067• 0.7461±0.0096
MFO 0.5324±0.0119• 0.5159±0.0108• 0.5385±0.0267• 0.6407±0.0076• 0.7476±0.0000◦ 0.6494±0.0205• 0.6768±0.0157
BPO 0.5395±0.0129• 0.5560±0.0321• 0.5358±0.0337• 0.6887±0.0033 0.7060±0.0000◦ 0.6659±0.0092• 0.6910±0.0107

AUPRC
CCO 0.0191±0.0030• 0.0195±0.0044• 0.0196±0.0065• 0.0514±0.0044• 0.0415±0.0000• 0.0562±0.0053• 0.0671±0.0042
MFO 0.0134±0.0014• 0.0122±0.0010• 0.0134±0.0019• 0.0320±0.0028• 0.0337±0.0000 0.0333±0.0054 0.0380±0.0033
BPO 0.0239±0.0043• 0.0272±0.0013• 0.0361±0.0039• 0.0473±0.0032 0.0421±0.0000• 0.0393±0.0040• 0.0472±0.0066

Fmax
CCO 0.0555±0.0038• 0.0627±0.0200• 0.1631±0.0709• 0.2148±0.0124• 0.1114±0.0000• 0.2236±0.0087• 0.3155±0.0098
MFO 0.0416±0.0023• 0.0378±0.0015• 0.1733±0.0790• 0.1573±0.0064• 0.1090±0.0000• 0.1433±0.0164• 0.2114±0.0145
BPO 0.0318±0.0135• 0.0389±0.0087• 0.1848±0.0880• 0.1746±0.0037• 0.0748±0.0000• 0.1580±0.0049• 0.2273±0.0075

Smin↓
CCO 0.9264±0.0284• 0.9285±0.0381• 0.8553±0.0359• 0.8618±0.0371• 0.8695±0.0000• 0.8910±0.0380• 0.8305±0.0241
MFO 1.0716±0.0387• 1.0871±0.0458• 0.9796±0.0580◦ 1.0523±0.0393• 2.3354±0.0000• 1.0568±0.0684• 1.0263±0.0583
BPO 4.4214±0.0201• 4.3750±0.0371• 3.9950±0.3692◦ 4.2813±0.1589• 10.0548±0.0000• 4.3350±0.1539• 4.1794±0.2199

1-RankingLoss
CCO 0.5610±0.0268• 0.5540±0.0585• 0.0864±0.0495• 0.7544±0.0066• 0.6867±0.0000• 0.7649±0.0065• 0.8161±0.0085
MFO 0.5395±0.0302• 0.5223±0.0186• 0.0941±0.0535• 0.7207±0.0025• 0.6750±0.0000• 0.7129±0.0200• 0.7673±0.0056
BPO 0.5280±0.0215• 0.5582±0.0393• 0.1014±0.0574• 0.7475±0.0026• 0.6808±0.0000• 0.7143±0.0086• 0.7760±0.0041

association network using cosine similarity. Fig. 2 reports
the AUROC, AUPRC and Fmax values of TS-Isofun and
of its variants.
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Fig. 2. Results of TS-Isofun, TS-Isofun(E) and TS-
Isofun(A). TS-Isofun(E) combines the functional associ-
ation networks with equal weight, and TS-Isofun(A) work-
s on the concatenated expression profiles of isoforms
across all tissues.

TS-Isofun gives improved AUROC, AUPRC and F-
max values than TS-Isofun(E) and TS-Isofun(A). This
improvement justifies our motivation to fuse functional
association networks of different tissues with different
weights. TS-Isofun(A) has much lower AUPRC values
than TS-Isofun and TS-Isofun(E). This fact proves that
the isoform expression profile features of different tissues
should be differently used for function prediction. By
referring to the results in Table 2, TS-Isofun(E) and TS-
Isofun(A) also give a better performance than other
comparing methods on most evaluation metrics. This
superiority confirms the advantage of our joint matrix
factorization on leveraging gene-level and isoform-level
data for isoform function prediction.

We further visualize the weights (αt (t ∈ {1, 2, · · · , 5}))
of individual functional association networks (R(t)

22 ) of
five different tissues under different input values of λ
(p fixed as 3 in CCO) in Fig. 3. From this figure, we
observe that when λ = 10−1, the functional association
network of Brain has a weight close to 1, while that of
other tissues are close to zero. For the configuration of
λ = 10−1 and p = 3, the AUROC of TS-Isofun is 0.6852.
When λ = 10−5 (or λ = 10−7) and p = 3, TS-Isofun

assigns slightly different weights to these five networks,
and obtains an AUROC as 0.7295 (or 0.7212). When λ =
10−3 and p = 3, TS-Isofun assigns quite different weights
to these networks and obtains a much higher AUROC
as 0.7360 than other cases. This fact confirms that it is
necessary to assign different weights to tissue-specific
isoform functional association networks, and the account
of tissue specificity boosts the performance of isoform
function prediction.
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Fig. 3. The weights of five tissues under different λ.

4.3 Results evaluation at isoform-level
In this subsection, we further assess the performance of
TS-Isofun at isoform-level. Since isoforms lack ground-
truth annotations, we take 1338 single-isoform genes that
produce one isoform only, in our collected data as the
test set, and the rest as the training set. The obtained
Fmax, Smin values of miSVM, MISVM, iMILP, IsoFun,
Disofun, and TS-Isofun are given in Fig. 4.

TS-Isofun again manifests a better performance than
other comparing methods at the isoform-level function
prediction. iMILP only propagates annotations of iso-
forms on the isoform functional association network,
and it does not consider the tissue specificity and the
PPI data. For similar reasons, miSVM and MISVM loses
to TS-Isofun. Alike TS-Isofun, IsoFun and Disofun also
use the PPI data, but they do not account for the tissue
specificity of multiple RNA-seq data. As a result, they
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obtain better results than other comparing methods but
still lose to TS-Isofun. The performance margin between
IsoFun and TS-Isofun is more obvious with respect to
Fmax than to Smin. That is because Isofun additionally
uses the GO hierarchy for isoform function prediction
and Smin is defined with respect to the GO hierarchy.
Even though, TS-Isofun still holds a comparable Smin
with Isofun.
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Fig. 4. Results of miSVM, MISVM, iMILP, IsoFun, Diso-
fun, and TS-Isofun at the isoform-level.

4.4 Parameter sensitivity analysis
There are two input parameters (p and λ) involved
with TS-Isofun. λ balances the importance of isoform
functional association networks, PPI data and GO an-
notations of genes, p controls the weight decay rate of
individual networks. To investigate the sensitivity of p
and λ, following the experimental setup in Section 4.2,
we test the performance of TS-Isofun by varying λ in{
10−7, 10−6, · · · , 10−2, 10−1

}
, and p in {2, 3, · · · , 6}, and

report the AUROC, AUPRC, Fmax values of TS-Isofun
in CCO in Fig. 5.

TS-Isofun firstly gives a sharply increased perfor-
mance as λ decreased from 10−1 to 10−3, and then
shows a gradually decreased performance as λ further
decrease. This pattern is explainable. A too large λ over-
weights the functional association networks of isoforms
and overrides the complementary PPI network data, but
a too small λ under-weights the important functional
association networks of isoforms. This trend shows that
both the gene-level and isoform-level data should be
leveraged for isoform function prediction. On the other
hand, TS-Isofun is not so sensitive to p and it has a
slightly better results when a small p value is used. As
to the evaluation metric Fmax, TS-Isofun gives a relative
stable performance across a wide range of combinations
of λ and p. The possible cause is that Fmax is the max-
imum harmonic mean of precision and recall across all
thresholds of the predicted gene-term association matrix.
From above analysis, we adopt p = 3 and λ = 10−3 for
experiments.

In the data preprocessing Section 3.1, we took a thresh-
old value that set FPKM values lower than 0.3 as 0,
and then filtered out isoform with all FPKM values of
0. To ensure data filtered at the gene level, we do a
further filtering: if an isoform of a gene is filtered, this
gene and its all isoforms are removed also. To study
the sensitivity of this threshold value, we separately

set the value as 0.1, 0.2, 0.5, 0.6 and 0.7 for five-fold
cross-validation experiments, and report the prediction
results in TABLE 3. We can observe that TS-Isofun with
threshold fixed as 0.3 generally gives better results than
other threshold values, and a threshold ≥0.5 presents
gradually decreased results, while threshold <0.3 some-
times gives slightly better results. That is because a larger
threshold discards too many isoforms and genes, which
distort the underlying relationships between human iso-
forms/genes, while a lower threshold can keep more
genes and isoforms, but also bring in more noisy features
in the isoform expression data . For these reasons, we
adopt the threshold value as 0.3 for experiments.

4.5 Complexity and convergence analysis
We also empirically study the convergency trend of TS-
Isofun on the three branches (BPO, MFO, CCO). From
Fig. 6, we can find the objective function loss of TS-
Isofun decreases dramatically in the first five iterations
and decreases slowly in the next iterations, and it reaches
to the convergency within twenty iterations. This obser-
vation shows our alternative optimization procedure for
solving the objective function of TS-Isofun can quickly
converge.
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Fig. 6. The convergence trend of TS-Isofun as the
number of iterations increasing.

The time complexity of TS-Isofun is mainly dominated
by matrix multiplication. In each iterative optimization,
the update of F, Z and α separately costs O(n2m+nmc),
O(n2m+m2(n+ c)) and O(cm2+ c2m). Suppose τ is the
number of iterations for the convergence of TS-IsoFun,
the overall complexity of TS-Isofun is O(τ ∗(n2m+nmc+
m2n+m2c+ c2m)). Here n, m and c are the number of
genes, isoforms and distinct GO terms.

We also record the runtime of TS-Isofun and other
comparing methods in Table 4 (Platform: Intel E5-2678,
Tesla K40c GPU with 256GB RAM). From Table 4, we can
find that iMILP and IsoFun have less runtime than other
methods. This is because iMILP and IsoFun are based
on efficient label propagation. miSVM and MISVM use
multiple instance support vector machine for each GO
term, and they select twice negative genes as positive
ones for each term to speedup the model training, so
miSVM and MISVM have less runtime than DIFFUSE,
which also makes binary classification but with the time
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Fig. 5. AUROC, AUPRC and Fmax of TS-Isofun under different input values of p and λ.

TABLE 3
Experimental results of TS-Isofun under different threshold values for filtering isoforms and genes. ↓ means the lower

the value, the better the performance is. •/◦ indicates TS-Isofun with threshold value 0.3 performing significantly
better/worse than the other threshold value, where significance is measured by a pairwise t-test at 95% level.

Threshold Values 0.1 0.2 0.5 0.6 0.7 0.3 (TS-Isofun)

AUROC
CCO 0.7522±0.0154◦ 0.7409±0.0175• 0.7263±0.0159• 0.7209±0.0132• 0.6919±0.0211• 0.7461±0.0096
MFO 0.6899±0.0215◦ 0.6801±0.0129 0.6513±0.0208• 0.6545±0.0085• 0.6552±0.0145• 0.6768±0.0157
BPO 0.6904±0.0131 0.6881±0.0239 0.6784±0.0227• 0.6640±0.0025• 0.6533±0.0138• 0.6910±0.0107

AUPRC
CCO 0.0505±0.0028• 0.0665±0.0034 0.0652±0.0053 0.0592±0.0067• 0.0516±0.0048• 0.0671±0.0042
MFO 0.0307±0.0036• 0.0381±0.0024 0.0339±0.0012 0.0360±0.0026 0.0355±0.0017 0.0380±0.0033
BPO 0.0309±0.0087• 0.0471±0.0026 0.0419±0.0042• 0.0427±0.0014 0.0448±0.0053 0.0472±0.0066

Fmax
CCO 0.3005±0.0126• 0.3169±0.0233 0.3107±0.0280 0.3019±0.0118• 0.3023±0.0059• 0.3155±0.0098
MFO 0.1941±0.0018• 0.2039±0.0042• 0.2109±0.0139 0.2161±0.0043 0.2091±0.0073 0.2114±0.0145
BPO 0.2305±0.0103 0.2307±0.0136 0.2237±0.0106 0.2182±0.0059• 0.2148±0.0039• 0.2273±0.0075

Smin↓
CCO 0.8144±0.0153◦ 0.8414±0.0285• 1.1398±0.0364• 1.1652±0.0273• 1.2989±0.1024• 0.8305±0.0241
MFO 0.9519±0.0304◦ 0.9915±0.0356◦ 1.1172±0.0352• 1.3953±0.0593• 1.2593±0.0668• 1.0263±0.0583
BPO 4.0066±0.1832◦ 4.4080±0.1713• 4.4742±0.2016• 4.4302±0.1893• 4.8354±0.1981• 4.1794±0.2199

1-RankingLoss
CCO 0.8217±0.0181◦ 0.8137±0.0280 0.8037±0.0302• 0.7996±0.0120• 0.7980±0.0086• 0.8161±0.0085
MFO 0.7610±0.0295• 0.7640±0.0205 0.7555±0.0218• 0.7460±0.0129• 0.7346±0.0045• 0.7673±0.0056
BPO 0.7727±0.0169 0.7705±0.0031• 0.7625±0.0269• 0.7554±0.0102• 0.7432±0.0058• 0.7760±0.0041

consuming deep learning. Both Disofun and TS-Isofun
are matrix factorization based methods, but TS-Isofun
takes less runtime than Disofun. This is because TS-
Isofun utilizes tissue specificity and converges faster
than Disofun, which concatenates all expression pro-
file features of isoforms across tissues for joint matrix
factorization. In summary, TS-Isofun holds a moderate
runtime but achieves the best performance among these
state-of-the-art solutions.

TABLE 4
The runtime of TS-Isofun and other comparing methods.

miSVM MISVM iMILP IsoFun DIFFUSE Disofun TS-Isofun
BPO 6407.5 6155.0 1690.5 827.5 1928160.0 8875.8 4369.5
MFO 1203.8 1178.4 243.2 167.0 338564.0 8353.4 2377.1
CCO 1290.8 1556.5 227.4 139.0 329664.0 8414.3 2326.5

4.6 Case study
To further study the capability of TS-Isofun in identify-
ing the functions of isoforms spliced from the same gene,
we take four exemplar multiple-isoform genes (LMNA,
ADAM15, CFLAR and BCL2L1), whose isoform-level
isoforms were studied by wet-lab experiments, and re-
port the prediction results of TS-Isofun and of four com-
pared methods (DisoFun, IsoFun, iMILP and miSVM) in

Table 5. DIFFUSE is too time consuming and excluded
for experiments.

Lopez-Mejia et al. [56] reported the Lamin C ex-
pression is mutually exclusive with the splicing of
lamin A and progerin isoforms, and occurs by al-
ternative polyadenylation. LMNA encodes functionally
distinct isoforms that have opposing effects on ener-
gy metabolism and lifespan in mammals. Particularly,
lamin C expressing mice live longer, show decreased
energy metabolism, increased weight gain, and reduced
respiration. In contrast, progerin-expressing mice show
increased energy metabolism and are lipodystrophic.
Based on this, we used three GO terms (GO:0006612:
‘Protein targeting to membrane’, GO:0034446: ‘Substrate
adhesion-dependent cell spreading’, and GO:2001257:
‘Regulation of cation channel activity’) related to the
three isoforms to check the reliability of TS-Isofun. In
Table 5(a), we can see that TS-Isofun can identify the
functions of isoforms almost perfectly, and the overall
accuracy on the three isoforms is 88.89% (8/9).

Zhong et al. [57] showed that the expression of
ADAM15A and ADAM15B isoforms in MDA-MB-435
cells had differential effects on cell morphology, with ad-
hesion, migration, and invasion enhanced by expression
of ADAM15A, whereas ADAM15B led to reduced adhe-
sion. Therefore, we used two GO terms (GO: 0010810:
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‘regulation of cell-substrate adhesion’, and GO: 0045785:
‘positive regulation of cell adhesion’) related to cell
adhesion to test TS-Isofun. In Table 5(b), we can see
that TS-Isofun can precisely differentiate the functions
of these two isoforms, and the overall accuracy on the
two isoforms is 100% (4/4).

BCL2L1 has two isoforms, Bcl-x(S) and Bcl-x(L), which
‘positively/negatively regulate the apoptotic process’
(GO:0043065/GO:0043066), respectively [58]. CFLAR has
two well-annotated isoforms, cFLIP-L and cFLIP-S.
Krueger et al. [59] reported that the experimental func-
tional validation of both cFLIP-L and cFLIP-S are the
inhibitors of apoptotic proteins. Moreover, cFLIP-L is al-
so a promoter of apoptosis [60]. In Table 5(c), for the two
genes, the overall accuracy of TS-Isofun is 87.50% (7/8),
much higher than those of other compared methods.

In summary, TS-Isofun can more accurately
(90.48%=19/21) identify the functions of isoforms
than Disofun (85.71%=18/21), IsoFun (71.43%=15/21),
iMILP (52.38%=11/21) and miSVM (61.90%=13/21).
These case studies again support the superiority of
TS-Isofun to Disofun, IsoFun, iMILP and miSVM.

TABLE 5
The annotated (predicted) GO annotations of isoforms of

LMNA, ADAM15, BCL2L1 and CFLAR. The results
(Prediction and Accuracy) are order by TS-Isofun,

DisoFun, IsoFun, iMILP and miSVM.
√

indicates that the
GO term is annotated (predicted) to the isoform, and ×
means the opposite. When the predicted association

probability between a GO term and an isoform is in the
top 20% of total isoforms of the gene, the isoform is

annotated with this term.

(a) Gene: LMNA
Isoform GO:0006612 GO:0034446 GO:2001257

lamin C Annotation × ×
√

Prediction ×/×/×/×/× ×/×/×/×/×
√

/
√

/
√

/
√

/
√

lamin A Annotation
√

× ×
Prediction

√
/
√

/
√

/×/
√
×/
√

/×/
√

/
√
×/×/×/×/×

progerin Annotation ×
√

×
Prediction ×/×/×/×/× ×/

√
/×/×/× ×/×/

√
/
√

/
√

Accuracy 88.89% / 88.89% / 77.78% / 55.56% / 66.67%

(b) Gene: ADAM15
GO:0010810 GO:0045785

ADAM15A Annotation
√ √

Prediction
√

/
√

/
√

/×/×
√

/
√

/
√

/
√

/
√

ADAM15B Annotation × ×
Prediction ×/×/×/×/× ×/×/

√
/
√

/
√

Accuracy 100.00% / 100.00% / 75.00% / 50.00% / 50.00%

(c) Gene: BCL2L1 and CFLAR
GO:0043065 GO:0043066

BCL2L1
Bcl-x(L) Annotation ×

√

Prediction ×/×/×/×/×
√

/×/×/×/×

Bcl-x(S) Annotation
√

×
Prediction ×/×/×/×/× ×/×/×/

√
/
√

CFLAR
cFLIP-L Annotation

√ √

Prediction
√

/
√

/
√

/
√

/
√ √

/
√

/
√

/
√

/
√

cFLIP-S Annotation ×
√

Prediction ×/×/×/×/×
√

/
√

/×/×/
√

Accuracy 87.50% / 75.00% / 62.50% / 50.00% / 62.50%

5 CONCLUSION
Most multi-exon genes can generate multiple alterna-
tively spliced isoforms, which significantly increase the
transcriptome and proteome complexity. However, com-
putational isoform function prediction faces with the
challenge of unavailable functional annotations at the
isoform-level. Multiple-instance learning based solutions
have been proposed to bypass the issue and to trans-
fer the gene-level functional annotations to individual
isoforms. These solutions still overlook the important
tissue specificity of alternative splicing and fuse multiple
isoform-level data at a coarse manner. In this paper, we
introduce an isoform function prediction approach based
on tissue-specificity, which can fuse multiple isoform
functional association networks derived from different
tissues at a meticulous manner. Experimental result-
s on multiple RNA-seq datasets of Human from five
tissues show that TS-Isofun outperforms other related
and representative solutions. These results also confirm
the significance of tissue specificity for improving the
performance of isoform function prediction.
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[19] H. Climente-González, E. Porta-Pardo, A. Godzik, and E. Eyras,
“The functional impact of alternative splicing in cancer,” Cell
Reports, vol. 20, no. 9, pp. 2215–2226, 2017.

[20] Q. Huang, J. Wang, X. Zhang, and G. Yu, “Isoform-disease asso-
ciation prediction by data fusion,” in International Symposium on
Bioinformatics Research and Applications, 2020, pp. 44–55.

[21] H.-D. Li, R. Menon, G. S. Omenn, and Y. Guan, “The emerging
era of genomic data integration for analyzing splice isoform
function,” Trends in Genetics, vol. 30, no. 8, pp. 340–347, 2014.

[22] M. Ashburner, C. A. Ball, J. A. Blake, D. Botstein, H. Butler,
J. M. Cherry, A. P. Davis, K. Dolinski, S. S. Dwight, J. T. Eppig
et al., “Gene ontology: tool for the unification of biology,” Nature
Genetics, vol. 25, no. 1, p. 25, 2000.

[23] M. Kanehisa, M. Furumichi, M. Tanabe, Y. Sato, and K. Morishi-
ma, “Kegg: new perspectives on genomes, pathways, diseases and
drugs,” Nucleic Acids Research, vol. 45, no. D1, pp. D353–D361,
2016.

[24] T. G. Dietterich, R. H. Lathrop, and T. Lozano-Pérez, “Solving the
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[58] L. H. Boise, M. González-Garcı́a, C. E. Postema, L. Ding, T. Lind-
sten, L. A. Turka, X. Mao, G. Nuñez, and C. B. Thompson, “bcl-
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