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Abstract. Alternative splicing enables a gene spliced into different iso-
forms, which are closely related with diverse developmental abnormal-
ities. Identifying the isoform-disease associations helps to uncover the
underlying pathology of various complex diseases, and to develop precise
treatments and drugs for these diseases. Although many approaches have
been proposed for predicting gene-disease associations and isoform func-
tions, few efforts have been made toward predicting isoform-disease as-
sociations in large-scale, the main bottleneck is the lack of ground-truth
isoform-disease associations. To bridge this gap, we propose a multi-
instance learning inspired computational approach called IDAPred to
fuse genomics and transcriptomics data for isoform-disease association
prediction. Given the bag-instance relationship between gene and its
spliced isoforms, IDAPred introduces a dispatch and aggregation term to
dispatch gene-disease associations to individual isoforms, and reversely
aggregate these dispatched associations to affiliated genes. Next, it fuses
different genomics and transcriptomics data to replenish gene-disease as-
sociations and to induce a linear classifier for predicting isoform-disease
associations in a coherent way. In addition, to alleviate the bias to-
ward observed gene-disease associations, it adds a regularization term
to differentiate the currently observed associations from the unobserved
(potential) ones. Experimental results show that IDAPred significantly
outperforms the related state-of-the-art methods.

Keywords: Isoform-disease association, Alternative splicing, Data fu-
sion, Multi-instance learning

1 Introduction

Deciphering human diseases and the pathology is one of key fundamental tasks
in life science [4]. Thousands of genes have been identified as associated with a
variety of diseases. Identifying gene-disease associations (GDA) contributes to
decipher the pathology, which helps us to find new strategies and drugs to treat
diverse complex diseases. Many computational solutions have been developed
to predict GDAs in large-scale, such as network propagation [32, 35], literature
mining [23], clustering analysis [31], data fusion [23], matrix completion [18],
deep learning-based methods [16] and so on.



A single gene can produce multiple isoforms by alternative splicing, which
greatly increases the transcriptome and proteome complexity [29]. More than
95% multi-exon genes in human genome undergo alternative splicing [20, 33].
In practice, a gene can be associated with diverse diseases mainly owing to
its abnormally spliced isoforms [29]. Increasing studies confirm that alternative
splicing is associated with diverse complex diseases, such as autism spectrum
disorders [28], ischemic human heart disease [19], and Alzheimer disease [10].
Neagoe et al. [19] observed that a titin isoform switch in chronically ischemic
human hearts with 47:53 average N2BA-to-N2B ratio in severely diseased coro-
nary artery disease transplanted hearts, and 32:68 in nonischemic transplants.
Long-term titin modifications can damage the ability of the heart. Apolipopro-
tein E (apoE) is localized in the senile plaques, congophilic angiopathy, and
neurofibrillary tangles of Alzheimer disease. Strittmatter et al. [30] compared
the difference of binding of synthetic amyloid beta (beta/A4) peptide to apoE4
and apoE3, which are two commom isoforms of apoE, and observed that apoE4
is associated with the increased susceptibility to disease. The results show that
the pathogenesis of Alzheimer disease may be related to different bindings in
apoE. Sanan et al. [24] observed the apoE4 isoform binds to a beta peptide
more rapidly than apoE3. Holtzman et al. [10] found the expression of apoE3
and apoE4 in APPV717F transgenic (TG), no apoE mice resulted in fibrillar
amyloid-β deposits and neuritic plaques by 15 months of age and substantially
(>10-fold) more fibrillar deposits were observed in apoE4-expressing APPV717F
TG mice. Lundberg et al. [15] demonstrated that FOXP3 in CD4+ T cells is
associated with coronary artery disease and alternative splicing of FOXP3 is
decreased in coronary artery disease.

Existing isoform-disease associations (IDAs) are mainly detected by wet-lab
experiments (i.e., gel electrophoresis and immunoblotting). To the best of au-
thors knowledge, there is no computational solution for predicting IDAs at a
large-scale. The main bottleneck is that there is no public database that stores
sufficient IDAs, which are required for typical machine learning methods to in-
duce a reliable classifier for predicting IDAs. In fact, such lack also exists in
functional analysis of isoforms [13]. To bypass this issue, some researchers take
a gene as a bag and its spliced isoforms as instances of that bag, and adapt mul-
tiple instance learning (MIL) [2,17] to distribute the readily available functional
annotations of a gene to its isoforms [3, 6, 14,26,34,40].

Based on the accumulated GDAs in public databases (i.e., DisGeNET [22],
OMIM (www.omim.org)) and inspired by the MIL-based isoform function pre-
diction solutions, we kickoff a novel task of predicting IDAs, which is more
challenging than traditional GDAs prediction, due to the lack of IDAs and the
complex relationship between isoforms and genes. This task can provide a deeper
understanding of the pathology of complex diseases. To combat this task, we in-
troduce a computational solution (IDAPred) to predict IDAs in large scale by
fusing genomic and transcriptome data and by distributing gene-disease associ-
ations to individual isoforms. IDAPred firstly introduces a dispatch and aggre-
gation term to dispatch GDAs to individual isoforms and reversely aggregate
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these dispatched IDAs to affiliated genes based on the gene-isoform relations.
To remedy incomplete GDAs, it fuses nucleic acid sequences and interactome of
genes to further fulfil the to-be-dispatched GDAs. As well as that, it leverages
multiple RNA-seq datasets to construct tissue-specific isoform co-expression net-
works and to induce a linear classifier to predict IDAs. In addition, it introduces
an indicator matrix to differentiate the observed GDAs from the further ful-
filled ones and thus to alleviate the bias toward observed ones. Finally, IDAPred
merges these objectives into a unified objective function and predicts IDAs in a
coherent way. Experimental results show that IDAPred achieves better results
across various evaluation metrics than other competitive approaches that are
introduced for predicting GDAs [32] or isoform functions [14,34,40].

2 Method

2.1 Materials and Pre-processing

Suppose there are n genes, the i-th gene produces ni ≥ 1 isoforms, and the total
number of isoforms is m =

∑n
i=1 ni. We adopt the widely-used Fragments Per

Kilobase of exon per Million fragments mapped fragments (FPKM) values to
quantify the expression of isoforms. Particularly, we downloaded 596 RNA-seq
runs (of total 298 samples from different tissues and conditions) of Human from
the ENCODE project [5] (access date: 2019-11-10). These datasets are hetero-
geneous in terms of library preparation procedures and sequencing platform.
Following the pre-process done in [14, 34], for each tissue, we control the qual-
ity of these RNA-seq datasets and quantify the expression value of isoforms as
follows:

(i) 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) [12], and A
GTF annotation file of the same build with an option of no-novel-junction.

(ii) Then, we use Stringtie(v.1.3.3b) [21] to calculate the relative abundance of
the transcript as Fragments Per Kilobase of exon per Million fragments mapped
fragments (FPKM). We separately compute the FPKM values of a total of 57,964
genes with 219,288 isoforms for each sample.

(iii) The FPKM values of very short isoforms are exceptionally higher. There-
fore, we discard the isoforms with less than 100 nucleotides.

(iv) To further control the quality of isoforms, we use known protein coding
gene names to map those genes obtained in step (iii). Due to the prohibitive
runtime on such a large number of isoforms and sufficient nonzero values in
the expression vector are required to induce a predictor, we refilter the data.
Particularly, we set all FPKM values lower than 0.3 as 0, and then remove
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
spliced isoforms are removed also. Finally, we obtain 7,549 genes with 39,559
isoforms, whose values are stored in the corresponding data matrix X ∈ Rm×d.
We further normalize X by Xnor = X./max(X). We use the normalized X for
subsequent experiments.

3



We downloaded the gene-disease associations file and the mappings file UMLS
CUI to Disease Ontology (DO) [25] vocabularies from DisGeNET [22]. Next, we
directly use the available gene-disease associations and DO hierarchy to specify
the gene-term association matrix Y ∈ Rn×c between n genes and c DO terms.
Specifically, if a DO term s, or s’s descendant terms are positively associated
with gene i, then Y(i, s) = 1. Otherwise, Y(i, s) = 0.

We collected the gene interaction data from BioGrid (https://thebiogrid.org),
which is a curated biological database of genetic interactions, chemical interac-

tions, and post-translational modifications of gene products. Let S
(v)
11 ∈ Rn×n

encode the gene-level interaction, S
(1)
11 (i, j) > 0 if the gene i has a physical in-

teraction with gene j, S
(1)
11 (i, j) = 0 otherwise, and the weight of S

(1)
11 (i, j) is de-

termined by the interaction strength. We collected the gene sequence data from
NCBI (https://www.ncbi.nlm.nih.gov/). We adopted conjoint triad method [27]
to represent nucleic acid sequences by numeric features and then adopted cosine

similarity to construct another gene similarity network S
(2)
11 ∈ Rn×n.

2.2 Isoform-Disease Associations Prediction

Owing to the lack of DO annotations of isoforms, traditional supervised learning
cannot be directly applied to predict IDAs. A bypass solution is to distribute the
collected gene-level GDAs (stored in Y) to individual isoforms spliced from the
genes using the readily available gene-isoform relations (stored in R12 ∈ Rn×m,
R12(i, j) = 1 if isoform j is spliced from gene i, R12(i, j) = 0 otherwise). Suppose
Z ∈ Rm×c stores the latent associations between m isoforms and c distinct DO
terms. Following the MIL principle that the labels of a bag is responsible by at
least one instance of this bag [2, 17], a GDA should also be responsible by at
least one isoform spliced from this gene. To concrete this principle, we define a
dispatch and aggregation objective to push the gene-level associations to isoform-
level and reversely aggregate the associations to gene-level in a compatible way
as follows:

Y = 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. Given the known Y, Λ and R12,
we can optimize Z by minimizing ‖Y − ΛR12Z‖2F , and thus to predict the
associations between m isoforms and c DO terms. Next, we can induce a linear
predictor based on Z as follows:

minΩ(W,Z) = ‖Z−XW‖2F + ‖Y −ΛR12Z‖2F + α ‖W‖2F (2)

where W ∈ Rd×c is the coefficient matrix for the linear predictor, which maps
the numeric expression features X of isoforms onto c distinct DO terms. The
Frobenius norm and scale parameter α are added to control the complexity of
linear predictor.

The above equation can simultaneously distribute GDAs to individual iso-
forms and induce a classifier to predict IDAs. However, it ignores the important
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genomics data, which carry important information to boost the performance
of isoform function prediction and to identify the genetic determinants of dis-
ease [3, 37]. Similarly, the incorporation of genomic data can also improve the
performance of predicting IDAs. Furthermore, the collected GDAs are still in-
complete. As a consequence, the distributed IDAs are also not sufficient to induce
a reliable predictor and the predictor may be mislead by the collected GDAs,
which are imbalanced and biased by the research interests of the community [8,9].
To alleviate these issues, we replenish GDAs by fusing gene-gene interactions and
nucleic acid sequence data, and update the above equation as follows:

minΩ(W,Z,F) = ‖Z−XW‖2F + α ‖W‖2F + ‖F−ΛR12Z‖2F + ‖H� (F−Y)‖2F

+
1

2Vn

Vn∑
v=1

∑n

i,j=1
‖F(i, ·)− F(j, ·)‖2FS(v)

n (i, j)

= ‖Z−XW‖2F + α ‖W‖2F + ‖F−ΛR12Z‖2F + ‖H� (F−Y)‖2F

+
1

Vn

Vn∑
v=1

tr(FTL(v)
n F))

(3)

where F ∈ Rn×c stores the latent IDAs between n genes and c DO terms. H = Y,
� means the element-wise multiplication. ‖H� (F−Y)‖2F is introduced to en-
force latent IDAs being consistent with the collected ones and also to differen-
tiate the observed ones from latent ones, and thus to reduce the bias toward

observed ones. 1
Vn

∑Vn

v=1 tr(F
TL

(v)
n F)) is introduced to replenish IDAs by fusing

diverse gene-level data, and Vn is the number of genomic data sources. Here, we

specify the elements of S
(v)
n using the gene interaction network and nucleic acid

sequences (as stated in the data preprocess subsection). L
(v)
n = D

(v)
n −S

(v)
n , D

(v)
n

is a diagonal matrix with D
(v)
n (i, i) =

∑n
j=1S

(v)
n (i, j).

The co-expression pattern of isoforms also carry important information about
the functions of isoforms [3,40], whose usage also boosts the prediction of IDAs.
In addition, the expression of isoforms has tissue specificity [7, 38]. To make
use of tissue-specific co-expression patterns, we update the objective function of
IDAPred as follows:

minΩ(W,Z,F) = ‖Z−XW‖2F +
1

Vm

Vm∑
v=1

tr(ZTL(v)
m Z) + α ‖W‖2F

+β(‖F−ΛR12Z‖2F +
1

Vn

Vn∑
v=1

tr(FTL(v)
n F) + ‖H� (F−Y)‖2F )

(4)

where Vm counts the number of tissues that are used to construct the expression

profile feature vectors of m isoforms in X, L
(v)
m = D

(v)
m −S

(v)
m , and S

(v)
m ∈ Rm×m

encodes the co-expression patterns of m isoforms from the v-th tissue. D
(v)
m is a

diagonal matrix with D
(v)
m (i, i) =

∑m
j=1S

(v)
m (i, j). β is introduced to balance the

information sources from the gene-level and isoform-level.
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The optimization problem in Eq. (4) is non-convex with respect to W, Z
and F altogether. It is difficult to seek the global optimal solutions for them at
the same time. We follow the idea of alternating direction method of multipliers
(ADMM) [1] to alternatively optimize one variable by fixing the other two vari-
ables in an iterative way. IDAPred often converges in 60 iterations on our used
datasets. The optimization detail is omitted here for page limit.

3 Experiment results and analysis

3.1 Experimental setup

To assess the performance of IDAPred for predicting IDAs, we collect multiple
RNA-Seq datasets from ENCODE project, gene-disease associations data from
DisGeNET, gene interaction data from BioGrid, sequence data of genes from
NCBI. We only consider the genes within all the four types of data for exper-
iments. The pre-processed GDAs and isoforms of the genes are listed in Table
1.

Table 1. Statistics of isoforms and collected GDAs. ‘associations’ is the number of
GDAs for experiment.

genes(n) isoforms(m) terms(c) associations

2,482 14,484 2,949 73,515

To comparatively study the performance of IDAPred, we take the state-
of-the-art isoform function prediction methods (iMILP [14], IsoFun [40], Dis-
ofun [34]) and gene-disease association prediction method (PRINCE [32]) as
comparing methods. The input parameters of these comparing methods are
fixed/optimized as the original papers or shared codes. For IDAPred, we choose
α and β in

{
10−4, 10−3, . . . , 103, 104

}
. Due to the lack of IDAs, we surrogate

the evaluation by aggregating the predicted IDAs to affiliated genes, this ap-
proximate evaluation was also adopted in isoform function prediction [14, 40].
In addition, we further compare IDAPred against its degenerated variants to
further study the contribution components of IDAPred.

The task of predicting IDAs can be evaluated alike gene function prediction
[11, 39], and multi-instance multi-label learning by taking each gene as bag,
the spliced isoforms as instances and associated diseases (DO terms) as distinct
labels [36,41]. Given that, we adopt five evaluation metrics MicroF1, MacroF1,
1 − RankLoss, Fmax and AUPRC, which are widely-used in gene function
prediction and multi-label learning. MicroF1 computes the F1-score on the
predictions of different DO terms as a whole; MacroF1 calculates the F1-score
of each term, and then takes the average value across all DO terms; RankLoss
computes the average fraction of incorrectly predicted associations ranking ahead
of the ground-truth associations. Fmax is the global maximum harmonic mean
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of recall and precision across all possible thresholds. 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. The higher the value of MicroF1,
MacroF1, 1 − RankLoss, Fmax and AUPRC, the better the performance is.
We want to remark that these five metrics quantify the prediction results from
different aspects, and it is difficult for one method to always outperform another
one across all these metrics.

3.2 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 Y in Eq. (4). We initialize the
isoform-term association matrix Z by the gene-term association matrix F, say all
the diseases associated with a gene are also initialized as temporarily associated
with its spliced isoforms. The GDAs in the validation set are considered as
unknown during training and prediction, and only used for validation. Table 2
reports the results of IDAPred and of compared methods.

Table 2. Experimental results of five-fold cross-validation. •/◦ indicates IDAPred per-
forming significantly better/worse than the other comparing method, with significance
assessed by pairwise t-test at 95% level.

PRINCE iMILP IsoFun Disofun IDAPred
MicroF1 0.3122±0.0274• 0.2349±0.0273• 0.2829±0.0195• 0.3306±0.0092• 0.8248±0.0118
MacroF1 0.2863±0.0341• 0.0645±0.0269• 0.1232±0.0254• 0.0398±0.0046• 0.4250±0.0241

1-RankLoss 0.8591±0.0434• 0.0836±0.0473• 0.6877±0.0536• 0.8699±0.0016• 0.9966±0.0003
Fmax 0.3281±0.0097• 0.1559±0.0750• 0.2140±0.0143• 0.2250±0.0109• 0.6795±0.0068

AUPRC 0.3596±0.0025• 0.0092±0.0051• 0.0413±0.0031• 0.0430±0.0049• 0.4782±0.0067

IDAPred gives significantly better results than the compared methods across
all the five evaluation metrics. MicroF1, MacroF1 and AUPRC are disease
term-centric metrics, while 1 − Rankloss and Fmax are gene-centric metrics.
The significant improvement shows that IDAPred can more reliably predict the
GDAs (IDAs) from both the gene (isoforms) and DO term perspectives. Three
factors contribute to this improvement. (i) IDAPred fuses the gene sequence and
interaction data to complete GDAs, along with the isoform expression data, while
these compared methods either use only the interaction data and/or the expres-
sion data. (ii) IDAPred accounts for tissue specificity and fuses co-expression
networks of different tissues, while IsoFun and Disofun concatenate the expres-
sion profiles of different tissues into a single feature vector and then construct
a single co-expression network; as a result, they do not make use of the impor-
tant tissue specificity patterns of alternative splicing. (iii) IDAPred models the
incompleteness of the gene-term associations and introduces the indicator ma-
trix H to enforce latent IDAs being consistent with the collected ones, and to
differentiate the observed ones from latent ones.

PRINCE directly predicts GDAs based on the topology of gene interaction
networks, and it outperforms most comparing methods (except our proposed
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IDAPred). One explanation is that the evaluation is approximately made at the
gene-level, not the targeted isoform-level, and these compared methods more
focus on using the transcriptomics expression data. Last but not least, we want
to remark that IDAPred is an inductive approach that can directly predict the
associations between diseases and a new isoform, whereas these compared meth-
ods can only work in transductive setting, they have to include this isoform for
retraining the model and then to make the prediction.

Overall, these comparisons indirectly prove the effectiveness of IDAPred in
predicting the associations between isoforms and diseases.

3.3 Further analysis

Ablation study To further study the contribution components, we introduce
five variants of IDAPred, which are IDAPred(L), IDAPred(P), IDAPred(S),

IDAPred(A) and IDAPred(H). IDAPred(L) removes the 1
Vn

∑Vn

v=1 tr(F
TL

(v)
n F)

in Eq. (4), namely both the gene sequence and interaction data are excluded;
IDAPred(P) only uses the gene interaction data; IDAPred(S) only utilizes the
gene sequence data; IDAPred(A) concatenates the isoform expression profile fea-
ture vectors of different tissues into a single one, and then directly constructs
a single isoform co-expression network using cosine similarity also. IDAPred(H)

removes the indicator H in ‖H� (F−Y)‖2F ) in Eq. (4), say it does not consider
the bias toward the observed GDAs. Figure 1 reports the performance results
of IDAPred and of its variants. The experimental settings are the same as the
evaluation at the gene-level.

Fig. 1. Performance results of IDAPred and its variants, which fuse fewer data or do
not alleviate the bias toward observed GDAs.

It is easy to observe that IDAPred manifests the highest performance among
its variants. IDAPred(L) has much lower performance values than IDAPred.
This fact corroborates our assumption that the observed GDAs are incomplete,
and also the contribution of fusing gene interaction and sequence data to com-
plete the GDAs, which then improve the prediction of IDAs. IDAPred(P) and
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IDAPred(S) manifest better results than IDAPred(L), but they both are outper-
formed by IDAPred. This comparison not only shows that gene interaction net-
work data and gene sequence data can help to replenish GDAs, but also expresses
the joint benefit of fusing gene interaction and sequence data. IDAPred(P) has
a lower performance than IDAPred(S), this facts the gene sequence data is more
positively related with the isoform/gene-disease associations than the incom-
plete gene interaction data. IDAPred(A) also loses to IDAPred, which proves
the necessity of combining isoform co-expression patterns from tissue-wise, in-
stead from sample-wise. There is a big performance margin between IDAPred
and IDAPred(H), which expresses the importance to explicitly account for the
incompleteness of observed GDAs and to alleviate the bias toward observed
GDAs, which is overlooked by most compared methods.

In summary, the ablation study also confirms the effectiveness of our unified
objective function in fusing genomics and trascriptomics data, and in handling
the difficulty of predicting IDAs.

Parameter sensitivity analysis There are two input parameters (α and β)
involved with IDAPred. α controls the complexity of linear predictor, and β
balances the information sources from the gene-level and isoform-level. We vary
α and β in the grid of

{
10−4, 10−3, · · · , 103, 104

}
, and visualize the results of

IDAPred under different combinations of α and β in Figure 2.

Fig. 2. Performance results vs. α and β.

We observe that IDAPred firstly has a clearly increased performance as α
growing from 10−4 to 10−2, and then holds a relatively stable performance as α
further growing. As β growing from 10−4 to 10−1, IDAPred also shows a sharply
increased performance trend, and a slowly increased trend as β further growing
from 10−1 to 104. This trend again confirms that the gene-level data should be
leveraged for predicting IDAs. We also find β playing more important role than α.
That is because α only controls the complexity of predictor, while the complexity
is also inherently controlled by the simple linear classifier. When both α and
β are fixed with too small values, IDAPred has the lowest performance. This
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observation again expresses the effectiveness of the unified objective function
for handling the difficulty of predicting IDAs. Based on these results, we adopt
α = 10−2 and β = 104 for experiments.

4 Conclusion

In this paper, we proposed an approach called IDAPred to computationally pre-
dict isoform-disease associations by data fusion. IDAPred makes use of multi-
instance learning to bypass the lack of the ground-truth isoform-disease associ-
ations and to push gene-disease associations onto individual isoforms. It fuses
nucleic acid sequences and interactome of genes to further fulfil the incomplete
GDAs. In addition, it leverages multiple RNA-seq datasets to construct tissue-
specific isoform co-expression networks and to induce a linear classifier to predict
IDAs. Experimental results show that IDAPred significantly outperforms related
comparing methods, which target to identify gene-disease associations or isoform
functions.
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