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Abstract—Alternative splicing modulates protein-protein and
other ligand interactions, it results in proteoforms, translated
from isoforms that are alternatively spliced from the same gene,
to interact with different partners and have distinct or even
opposing functions. Therefore, systematically identifying proteinprotein interaction at the isoform-level is crucial to explore the
function of proteoforms. Constructing the isoform-level interaction network currently is prohibited by the lack of a large golden
set of experimentally validated interacting isoforms, which enable
computationally predicting isoform-isoform interactions. In this
paper, a deep convolution neural network based multi-instance
learning approach called DMIL-III is proposed to predict isoform
interactions. DMIL-III takes a gene pair as ‘bag’ and two
isoforms of the pairwise genes as the ‘instance’ of the bag.
DMIL-III follows the principle of multi-instance learning that
at least one isoform-isoform interaction exists for a positive gene
pair and none interacting isoforms occurs for a negative gene
pair. DMIL-III integrates RNA-seq, nucleotide sequence, domaindomain interaction and exon array data. Experimental results
indicate that DMIL-III achieves a superior performance with
Accuracy of 93% on single-instance gene bags and of 94% on
multi-instance gene bags, which are at least 14% and 29% higher
than those of state-of-the-art methods. In addition, we further test
DMIL-III on a set of experimentally confirmed isoform-isoform
interactions and obtain an Accuracy of 65%, which is at least
10% higher than those of comparing methods at the isoformlevel. All these results show the effectiveness of DMIL-III for
predicting isoform-isoform interactions.
Keywords-Isoform-Isoform interaction, Deep multi-instance
learning, Data fusion, Alternative splicing

I. I NTRODUCTION
Protein-protein interactions (PPIs) play key roles in executing and regulating fundamental cellular processes. Constructing and analyzing large-scale protein interaction networks
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can strengthen the understanding of the interaction between
proteins and the functions of proteins. Although significant
advances have been made, the current studies on PPI still focus
on the gene-level [1], [2], there are few studies on isoformlevel PPIs in small scale [3], [4]. In actual fact, gene-level
PPIs are typically referred to the canonical (or the longest)
protein translated from a gene, most existing studies neglect
the effect of alternative splicing events [5].
Alternative splicing is a very common mechanism of gene
expression regulation. It is realized that alternative splicing can
modulate protein-protein and other ligand interactions, cause
the molecular interaction associated with certain key links
of pathway being lost or increased [6]. As a consequence,
proteoforms translated from different alternatively spliced isoforms of the same gene may interact with different partners
and have distinct or even opposing functions [7]. Therefore,
systematically identifying isoform-isoform interactions (IIIs)
is crucial to explore the function of proteoforms and dissect
the mechanism of molecular interactions.
Compared with the heavy study on predicting proteinprotein interaction or gene-gene interaction [2], [8], [9], computationally predicting isoform-isoform interactions is much
less studied. An isoform-isoform interaction database (IIIDB)
[10] was developed to study PPIs at the isoform resolution,
which uses a logistic regression model and integrates RNAseq, domain-domain interaction data to predict IIIs. IIIDB
does not account for multi-exon genes, each of which often
produces more than one isoform. Li et al. proposed a Bayesian
network-based multi-instance learning (SIB-MIL) algorithm to
predict isoform-level interaction through integrating genomic
and proteomic data, and extends the prediction of IIIs from
single-isoform genes to multi-isoform genes. However, existing solutions on predicting IIIs in large scale still faces the
following challenges:
i) Lack a large set of experimentally validated interacting

isoform pairs as a gold standard. At present, interacting
isoform pairs validated by traditional biological methods are
relatively rare. There are < 5% of the human genome being
successfully tested for IIIs [11], and detecting IIIs by wet-lab
experiments is very time consuming and labor intensive. That
is the main bottleneck for predicting IIIs.
ii) Lack genome-wide research at the isoform level. Tseng
et al. [10] only considered the case where a gene produces
a single isoform. However, genes with only one isoform are
very few. As we known, most genes in mammal species can
produce a variety of different isoforms by alternative splicing.
It has been validated on the Corominas data [3] that for
an interacting gene pair, there must be at least one isoform
pair is interacting [5]. Given that, we can formulate the task
as multi-instance learning (MIL) [12] to explore the genomewide isoform-isoform interactions using the abundance genelevel interactions in the public databases [13]. Particularly,
a gene pair is considered as a ‘bag’, two isoforms spliced
from respective genes in the bag form a pair and denote as
an ‘instance’. As illustrated in Figure 1, for a positive gene
pair bag, there must be at least one interacting isoform pair;
otherwise, none of its isoform pairs has an interaction. Diverse
biological data can capture the information of isoforms and
genes from different aspects, given the multiplicity of these
data and inspired by the success of deep learning in complex
data mining [14], [15], we proposed a deep multi-instance
leaning approach (called DMIL-III) to predict isoform-isoform
interactions. DMIL-III fuses RNA-seq, nucleotide sequence,
domain-domain interaction and exon array. Experiments show
that DMIL-III achieves an accuracy of 93% on single-isoform
gene bags and 94% on multi-isoform gene bags at the genelevel, which is at least 14% and 29% higher than those of the
start-of-the-art methods [5], [10]. In addition, we apply it on
a set of experimentally confirmed IIIs and obtain an Accuracy
of 65%, which is at least 10% higher than other methods.
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Fig. 1. A. An interacting gene pair is called positive bag, gene I with
3 isoforms and gene II with 2 isofroms. There are four isoform pairs with
interactions (solid blue line) and are called positive instances (or witnesses),
and two isoform pairs have no interactions (dashed blue line) and called as
negative instances. B. A negative gene bag with no interaction between genes,
each gene (gene III and IV) has two isoforms, and all isoform pairs have no
interaction (dashed blue line), they are called negative instances.

This paper is organized as follows. In Section II, we introduce the preprocess of diverse data and deep multi-instance
learning framework for predicting IIIs. Section III presents
and discusses the results of DMIL-III and different comparing
methods. Section IV gives the conclusion and future work.
II. M ATERIALS AND M ETHOD
A. Gold Standard Construction
Due to the lack of ground-truth interacting isoform pairs to
serve as the gold standard, our golden set is constructed at the

gene level. We obtained PPI dataset from Pan’s dataset [13],
which contains 36, 630 positive pairs and 36, 480 negative
pairs. The positive PPI dataset was downloaded from human
protein reference database (HPRD) by removing duplicated
interactions. The golden standard negative dataset was generated by pairing proteins with different cellular compartments.
We first matched the RefSeq IDs in Pan’s dataset with IDs of
Ensembl database [16], genes whose RefSeq IDs can not find
in Ensembl are removed. Each gene has at least one isoform.
Gene pairs in the golden standard set are regarded as a bag,
isoform pairs which are randomly paired by isoforms of two
genes are regarded as the instances of the gene bag. Finally,
we obtained 31,343 positive pairs and 25,775 negative pairs
in our golden set with 18,809 isoforms of 7,651 genes, which
includes 4,824 positive single-instance bags, 4,280 negative
single-instance bags, 26,519 positive multi-instance bags and
20,955 negative multi-instance bags.
B. Feature Extraction
In this section, we describe the integrated data in our paper,
our model takes a 233-dimensional isoform-level feature as
input, which includes RNA-seq (43-dimensional), nucleotide
sequence (128-dimensional), DDI (1-dimensional) and exon
array (61-dimensional). Details for these data are shown below.
1) RNA-seq Datasets: High-throughput mRNA sequencing (RNA-seq) technology is a widely-used technique for
transcript quantification of gene isoforms. RNA-Seq has the
advantage of providing unprecedented amounts of transcriptlevel expression data in a deep level. We downloaded 51 tissuespecific data with 298 RNA-seq datasets of human from the
ENCODE project [17]. Firstly, we used HISAT2 [18] to align
the short-reads of each RNA-seq dataset against the human
genome build GRCh38.90 from Ensembl database [16]. Then,
StringTie [19] was employed to calculate the relative abundance of the transcript as FPKM (Fragments Per Kiolobase
of exon per Million fragments mapped). Tissue-specific data
which has at least 4 RNA-seq datasets is chosen to measure the
correlation, thus we get a total of 43 tissue-specific data with
282 RNA-seq datasets. We calculated the FPKM value for all
isoforms in these dataset. Finally, we calculated the Pearson
correlation coefficients between all possible isoform pairs for
each tissue-specific data. As a result, a 43-dimensional feature
vector for each isoform pair was created.
2) Nucleotide Sequences: Amino acid sequences has been
proved to be sufficient enough to detect protein interactions
[8]. Therefore, it is necessary to use sequences information
for predicting isoform-isoform interactions. Here, nucleotide
sequences of isoforms were used to predict IIIs. Conjoint triad
(CT) [20] was employed to extract the numeric feature of
nucleotide sequence, which considers three continuous bases
as a unit and calculates the frequency of each triad type.
The nucleotide sequences of isoform were downloaded from
NCBI Nucleotide databse. For nucleotide sequence composed
by Adenine (A), Guanine (G), Cytosine (C), Thymine (T),
three continuous bases were considered as a unit, thus 4×4×4
frequencies were calculated. After computing the number of

each triad type and normalizing it, a 64-dimensional feature
vector was generated to represent the sequence information
of each isoform. As for isoform pair, it was represented by
a 128-dimensional feature vector by concatenating features of
two isoforms.
3) Domain-Domain Interaction Data: Domain plays a vital
role in the molecular interaction process. It is domain-domain
interaction that results in protein-protein interaction. Therefore, it is essential to study domain-domain interactions for
predicting isoform-isoform interactions. The domain-domain
interaction (DDI) data was downloaded from DIMA (Domain
Interaction MAp) database [21], where each domain pair is
assigned with a score between 1 and 5 as the interaction
score. Due to lack of domain annotation on isoforms, isoform
from single-instance bag is assumed to have all domains of its
gene. As for isoforms from multi-instance gene bag, domain
information for each isoform was obtained from [11]. By this
way, we got domain annotation on all isoforms in our dataset.
Then, domains of an isoform pair were respectively randomly
paired as domain pairs. If a domain pair has domain-domain
interaction score in the DIMA database, we take the score as
the feature of this domain pair; otherwise, this domain pair
is assigned a score of 0. DDI feature of an isoform pair was
quantified by its domain pair score. For an isoform pair with
several DDI scores, the highest score was taken. Finally, we
took the score as the feature of isoform pairs.
4) Exon Array: The Gene Chip Exon Array provides a
great deal of expression data for all transcripts of a gene, which
is necessary for us to utilize exon array data for predicting
IIIs. Firstly, we downloaded 61 exon array datasets of human
from the NCBI GEO (Gene Expression Omnibus) database.
Then, the R package MEAP (version 2.0.1) was employed
to calculate the expression of transcripts. All isoforms in our
dataset were calculated the expression value for each exon
array dataset. Next, we calculated the Pearson correlation between isoform pairs for each dataset. Finally, a 61-dimensional
vector was used to encode the features of each isoform pair.
C. Deep Multi-Instance Learning
In this subsection, we present DMIL-III for learning deep
representation of isoforms. Based on the multi-instance learning methodology, we unify the deep learning with MIL framework to predict IIIs in a weakly-supervised manner.
1) Problem Formulation: Different from classical supervised learning methods, in multi-instance learning, data are
organized as bags Xi ∈ Rni ×d , each of which contains
a number of instances xij ∈ Rd [12]. Only the label of
bag Yi is available, labels of instances are unknown, that
is in accordance with our benchmark dataset. Considering
a gene pair G1 and G2 as a ‘bag’, isoform pairs generated
by Cartesian product from isoforms of G1 and from G2
are called as ‘instance’. Each bag has at least one instance.
In general, a gene bag of n isoform pairs is denoted by
Xi = {xi1 , xi2 , ..., xini } and xij ∈ Rd is a feature vector
corresponding to the j-th isoform pair of the i-th gene pair.
The class label of the i-th gene pair is denoted as Yi , which

is associated with the entire gene bag. Based on the typical
principle of MIL: if a gene pair with gene-gene interaction,
then at least one isoform pair is interacting; if a gene pair
with no interaction, then none of its isoform pair is interacting.
The aim of our model is to identify the true (or responsible)
interacting isoform pairs of the interacting gene pairs (positive
bags).
2) Deep Multi-instance Neural Network: Given the multiplicity of isoform-isoform interactions and the success of
deep learning for protein-protein interaction prediction [2], we
proposed a deep neural network (shown in Figure 2) to predict
IIIs.
Bag construction: Inspired by natural language processing
[22], we take the instances of a gene bag as words, a gene
pair as a document. Each instance of a gene bag maps a kdimensional vector xij , a gene bag with ni instances can be
presented by a matrix
Xi = [xi1 , xi2 , . . . , xin ]
(1)
n×k
where Xi ∈ R
. Since the number of isoform pairs in
each gene bag is not equal, we fix the maximum number of
isoform pairs in each gene bag to n. Gene bags whose number
of isoform pairs larger than n are excluded. If a gene bag has
the isoform pairs fewer than n, this bag is padded with n − ni
zero vectors.
Convolution layer: The DMIL-III model takes matrices
of gene bags Xi as input. Each convolution layer performs
convolution operation with a kernel w ∈ R1×h and stride
s = 1 on xij to extract a high-level abstraction for each
instance of a gene bag. The convolution operation is defined
as:
cijg = f (w ∗ xijg:g+h ), g ∈ (1, k − h)
(2)
where ∗ is a convolution operation, f is a non-linear function.
The new feature vector of cij is defined as:
cij = [cij1 , cij2 , . . . , cijp ]
(3)
where p = k − h + 1.
After the convolution operation on all instances of a gene
bag, we can obtain a new feature map of gene bag
Ci = [ci1 ; ci2 , . . . , cin ]
(4)
n×p
with Ci ∈ R
. In this way, one feature is extracted from
one filter. To get multiple features, the model uses multiple
different filters with the same size.
Our model is consisted with four convolution layers, the
first three layers adopt the rectified linear unit (ReLU) as
activation function with a recommended kernel size of 1 × 7,
numbers of filters respectively fixed to 32, 32, 16 to extract
features of each instance in a gene bag. The last layer uses
the sigmoid activation function with one filter, which quantifies
the probability that an isoform pair is interacting or not.
Batch Normalization layer: In our model, each of the first
two convolution layers is followed by a batch normalization
layer to normalize the feature map generated by convolution
layer to obey the normal distribution, which can not only speed
up the convergence, but also avoid the disappeared gradient.
Pooling layer: A max pooling layer follows by the batch
normalization layer. Similarity to convolution operation, the
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Fig. 2. The network architecture of DMIL-III. Our model takes a N × 50 × 233 × 1 matrix as input, where N refers the number of bags in a batch. Isoform
pairs of each bag are fixed as 50, which is represented by a 233-dimensional feature vector.
0

pooling operation is performed with a sliding window 1 × h ,
0
h is the width of the pooling windows, which is set to 5 as the
recommended parameter. The max pooling is used to remain
the most significant feature of a sliding window as follows:
0

fijg = max(cijg , . . . , cijg+h0 ), g ∈ (1, k − h )

(5)

In addition, a global max pooling layer is used as the MIL
layer in the last layer of our model:
Pi = F (pi1 , pi2 , ..., pin )

(6)

where pij corresponds to the output of the last convolution
layer for each instances xij , Pi is the probability that a gene
bag Xi is positive, F is the aggregation function. Typically,
both the mean pooling and max pooling function can be
utilized in MIL, while the latter is mostly used [23], [24]. Our
model adopts the maximum pooling. In this way, the instance
of positive bag, which is the most likely to be positive, is
labeled as ‘positive’. Meanwhile, instances of negative bags,
which have the maximum probabilities, are labeled as negative
samples for training. Therefore, we can get an instance-level
prediction.
It is important to exclude the prediction on the padded
zero vectors before pooling operation. Otherwise, it may get
the maximal probability instance in a negative gene bag.
Therefore, a masking layer is added before the global max
pooling layer to exclude the probability generated by padded
instances as shown in Figure 3. Through the last Conv2D layer,
we can compute the probability score for all isoform pairs
of a gene bag. Then, a masking layer is used to mask the
probability score of padded instances. However, the pooling
layer can not support the mask operation in Keras [25],
so we modify the global max pooling layer of Keras by
setting “supports masking =True”. In this way, we obtain the
probability scores of all real instances filtered by masking
layer. Finally, we get the maximum probability of all real
instances in a bag through the global max pooling operation.
The loss in our model is defined by binary cross-entropy.
To minimize the loss, the stochastic gradient descent was
employed for optimization through back propagation.
III. R ESULTS AND A NALYSIS
We compare DMIL-III against IIIDB [10], SIB-MIL [5],
SVM [26] and mi-SVM [27]. All the input parameters are
kept the same as the author reported or optimized in the
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Fig. 3. The details of masking the global max pooling. The blue squares
are the features of real instances in the bags, and gray squares are padded
instances. The blue circles represent the probability scores of real instances,
and the gray circles refer to the probability scores of padded instances.

suggested ranges. The best hyper-parameter configuration of
deep learning model is dependent by its data and application. The increase in hyper-parameter results in an exponential growth of configuration, which makes it impossible
to try all of configurations in practice. It is recommended
to optimize important hyper-parameters. In our paper, these
hyper-parameters are set as follows: learning rate=0.00005,
epoch=1000, L1 regularization=0.001. To verify that the integrated data and proposed method, input of the comparing
methods [5], [10] adopts the integrated feature in its paper,
SVM and mi-svm take the same input as DMIL-III.
A. Results of Predicting IIIs on Single-isoform Gene Pairs
There are a small proportion of genes produce only singleisoforms in the benchmark dataset. Following the evaluation
principle in [10], we first use single-instance gene bags to
evaluate the performance of our model through 5-fold cross
validation and report the results of DMIL-III and other comparing methods in Table I. From Table I, we can see that
the results of DMIL-III on single-isoform gene pairs are
highly accurate with an Accuracy of 93%. Compared with the
Accuracy of IIIDB and SIB-MIL, DMIL-III is 33% and 35%
higher than IIIDB and SIB-MIL, respectively. This comparison
suggests that DMIL-IIIs can utilize deep multi-instance neural
networks to better fuse diverse and essential biological data
than IIIDB and SIB-MIL, and it can more credibly find the
triggering isoform-isoform interactions of the positive bag
(protein-protein interaction).
To further validate our analysis, we apply IIIDB and SIBMIL on the integrated data used by DMIL-III and also report
their results (IIIDB2 and SIB-MIL2) in Table I. We find that
the performance of IIIDB2 is better, with accuracy as 72%,
AUC as 80% and AUPRC as 83%, which are 12%, 15% and

TABLE I
R ESULTS OF FIVE - FOLD CROSS VALIDATION ON PREDICTING III S OF SINGLE - ISOFORM GENE BAGS .
DMIL-III
IIIDB
SIB-MIL
SVM
IIIDB2
SIB-MIL2

Accuracy
0.93±0.01
0.60±0.01
0.58±0.01
0.79±0.01
0.72±0.01
0.60±0.01

Precision
0.96±0.01
0.64±0.01
0.63±0.02
0.80±0.01
0.74±0.01
0.82±0.02

Recall
0.91±0.01
0.59±0.01
0.50±0.00
0.80±0.01
0.74±0.01
0.31±0.01

12% higher than those of IIIDB with RNA-seq and DDI data
only. SIB-MIL2 also manifests an increased performance than
SIB-MIL, which are 2%, 8% and 10% higher in terms of
Accuracy, AUC and AUPRC. This study suggests that our
integrated data contributes to a better performance in predicting IIIs, which are 21%, 17% and 15% higher than those of
IIIDB2, and 33%, 26% and 22% higher than those of SIBMIL2 on metrics of Accuracy, AUC and AUPRC. Therefore,
we can safely say that our DMIL-III has a better performance
on extracting more useful information for predicting IIIs.
In addition, we compare the performance of SVM on our
integrated data. From Table I, we can find that the Accuracy of
DMIL-III is 14% higher than that of SVM. The performance
margin between DMIL-III and SVM confirms the necessity
of adapting deep multi-instance learning to model the complexity of isoform-isoform interaction and to achieve a better
performance.
B. Results of Predicting IIIs on Multi-isoform Gene Pairs
There is a large proportion of genes generating more than
one isoform. Therefore, we further apply DMIL-III to predict
IIIs of multi-isoform gene pairs. Through analyzing the distribution of the number of isoform pairs of gene bags, we find
that the number of isoform pairs in most gene bags is between
1 and 50, gene bags with two isoform pairs have the largest
portion. Only a few gene bags have more than 50 isoform
pairs. Therefore, we set the maximal number of isoform pairs
in a gene bag to n = 50. Gene pairs (or bags) with more than n
isoform pairs in our golden standard sets are discarded. After
this process, we get a total of 26, 344 positive gene bags and
20, 910 negative gene bags, corresponding to 177,456 positive
and 130,138 negative isoform pairs, respectively.
Since the isoform-level information is not available, we train
and evaluate our DMIL-III using the gene level interaction.
Each gene pair is assigned with a score as the maximum
probability of all its isoform pairs under the hypotheses that
there is at least one isoform pair interacting if its originating
gene pair has an interaction. Gene-level prediction results are
provided in Table II. In addition, two multi-instance learning
based methods, SIB-MIL and mi-SVM [27] are taken as the
comparing methods. IIIDB cannot apply on multi-isoform
genes, so its results are not reported.
From Table II, we can see that DMIL-III achieves the
Accuracy of 94%, AUC of 98%, and AUPRC of 99%, which
are 40%, 40%, 36% higher than those of SIB-MIL, and 30%,
25% and 27% higher than those of mi-SVM, although they
all follow the principle of multi-instance learning. The performance superiority is because our integrated data provides
more important information, and because DMIL-III adapts the

MCC
0.87±0.02
0.21±0.01
0.18±0.03
0.57±0.02
0.44±0.01
0.29±0.01

F1
0.94±0.01
0.61±0.01
0.56±0.01
0.80±0.01
0.74±0.01
0.45±0.01

AUC
0.97±0.01
0.65±0.00
0.63±0.01
0.87±0.01
0.80±0.01
0.71±0.01

AUPRC
0.98±0.00
0.71±0.01
0.66±0.01
0.88±0.00
0.83±0.01
0.76±0.01

convolution operation and pooling layer, the former can extract
more useful information for isoform-isoform interactions, and
the later extracts the most significant features by remaining
the maximum value of a pooling window.
C. Results of Predicting Experimentally Validated IIIs
To evaluate the isoform-level prediction performance of
DMIL-III, a set of experimentally verified isoform-isoform
interaction data were collected. Firstly, we downloaded four
isoform interacotme datasets [4], [28]–[30] from HuRI project
(http://interactome.baderlab.org/). After removing redundant
isoform pairs, we get a total of 7,605 interacting isoform pairs
corresponding to 4,891 isoforms and 2,640 genes. For each
interacting isoform pair, genes of each isoform pair are paired
as a positive gene bag, and the remaining isoforms respectively
from the gene pair are randomly paired as instances of this
positive gene bag. Negative gene bags are constructed by the
subcellular localizations based on the setting that genes with
different subcellular localizations are not interacting. By this
way, we get a number of 519, 071 non-interacting gene pairs.
Then, we randomly select non-interacting gene pairs with the
same number of positive bags as negative samples. Similar to
positive instances, two isoforms from two different genes of a
negative pair are paired as a negative instance. Finally, we get
a dataset with 7, 605 positive gene bags and 29, 014 instances,
and 7, 605 negative gene bags and 20, 503 negative instances.
In the positive gene bags, isoform pairs existed in the raw
dataset are labeled as positive. There are still some isoform
pairs can not find in the raw dataset, since isoform pairs of a
gene bag are not all identified through experiments or some
isoform pairs are non-interacting, which result in label missing
in these isoform pairs. In our experiment, we consider the
label-missing isoform pairs as negative. Experiment is carried
out on data with isoform-level interactions through 5-fold cross
validation and results are revealed in Table III. We can see
that our model achieves a good performance with Accuracy as
65%, AUC as 73% and AUPRC as 32%, which are 20%, 15%
and 7% higher than those of SIB-MIL, and 10%, 5% and 1%
higher than those of mi-svm. From Table III, we can also find
that the recall of mi-svm is higher than DMIL-III. It is because
that features of different isoforms from the same gene usually
have strong similarities, which make it difficult to differentiate
isoform pairs from the same gene bags. Thus, mi-svm tends
to classify negative samples in positive gene bags as positive
samples, which results in a higher recall. Compared with other
methods, DMIL-III can extract more critical features through
convolution and max pooling operation. As a result, it can
more credibly distinguish different isoform pairs from the
same gene bag and thus obtain a higher performance.

TABLE II
R ESULTS OF FIVE - FOLD CROSS VALIDATION ON III S OF MULTI - INSTANCE GENE BAGS .
DMIL-III
SIB-MIL
mi-SVM

Accuracy
0.94±0.01
0.54±0.00
0.64±0.01

Precision
0.96±0.03
0.63±0.00
0.61±0.02

Recall
0.93±0.02
0.41±0.01
0.83±0.03

MCC
0.87±0.02
0.11±0.01
0.31±0.03

F1
0.94±0.01
0.50±0.00
0.70±0.02

AUC
0.98±0.00
0.58±0.00
0.73±0.02

AUPRC
0.99±0.00
0.63±0.00
0.72±0.02

TABLE III
R ESULTS OF PREDICTING III S ON EXPERIMENTALLY VALIDATED III S .
Method
SIB-MIL
mi-SVM
DMIL-III

Accuracy
0.45±0.00
0.55±0.00
0.65±0.00

Precision
0.21±0.00
0.27±0.00
0.28±0.00

Recall
0.68±0.00
0.80±0.01
0.74±0.00

IV. C ONCLUSIONS
Isoform-isoform interaction prediction can provide a deeper
granularity of interactions between proteins, but compared
with the traditional and widely-studied gene-level protein
interaction prediction, it is less studied for the lack of
isoform-level interactions. In this study, we proposed a deep
multi-instance learning solution called DMIL-III to predict
isoform-level interactions by integrating RNA-seq, nucleotide
sequence, domain-domain interaction and exon array data.
Extensive results confirm that DMIL-III outperforms other related solutions with remarkable performance on the benchmark
dataset.
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