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a b s t r a c t 

Using computational techniques especially deep learning methods to facilitate and enhance cancer detec- 

tion and diagnosis is a promising and important area. Nowadays, gene expression data has been widely 

used to train an effective deep neural network for precise cancer diagnosis. However, if a particular tumor 

has insufficient gene expressions, the trained deep neural networks may lead to a bad cancer diagnosis 

performance. In this paper, we propose a novel multi-task deep learning (MTDL) method to solve the 

data insufficiency problem. Since MTDL leverages the knowledge among the expression data of multiple 

cancers to learn a more stable representation for rare cancers, it can boost cancer diagnosis performance 

even if their expression data are inadequate. The experimental results show that MTDL significantly im- 

proves the performance of diagnosing every type of cancer when it learns from the aggregation of the 

expression data of twelve types of cancers. 

© 2018 Elsevier B.V. All rights reserved. 
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1. Introduction 

Research on the correlation between gene expression profiles

and cancer/diseases states plays an important role in biological and

clinical tasks [1] . For instance, comparing genes expressed in dis-

eased tissue and normal counterpart will advance our understand-

ing in disease pathology, and also help to identify different type of

tissues (cancerous and normal), because the gene expression data

provides cues about the phenotype, function and physiological

process of tissues. However, considering the amount and complex-

ity of the gene expression data, traditional biological experiments

cannot handle such data. Fig. 1 demonstrates an example of gene

expression data. The gene expression data are usually organized

in a matrix of n rows and m columns, where the rows represent

features (genes) and the columns represent samples (for exam-

ple, tissues, developmental stages and treatments). Since usually

n > > m , it is impossible for a biological expert to compute and

compare the n × m gene expression matrix manually. Towards this

end, a number of machine learning methods have been applied to

analyze gene expression data and automatically classify tumors. 

In the past decades, several machine learning methods have

been applied to classify tissue into cancerous and normal by us-

ing microarray gene expression data. The earliest one is decision
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ree (DT) [2,3] which conducted distinctive sequence features of

nown diseases proteins compared to all human proteins. The K-

earest neighbor (k-NN) classifier [4,5] and naive Bayesian clas-

ifier (NB) [6] were also applied to identify human diseases by

lassifying multiple types of genomic data. Along this direction,

harathi [7] applied Analysis of Variance (ANOVA) rank scheme on

mportant genes and tested the classification capability by using

upport Vector Machine (SVM). Hu et al. [8] proposed a Maximally

iversified Multiple Trees (MDMT) algorithm which ensembles a

et of unique trees in the decision committee. Halder et al. [5] pro-

osed a fuzzy k-nearest neighbor based active learning (ALFKNN)

ethod which first applies unlabeled samples to get the labels

rom experts, then the labeled informative sample can be iteratively

dded to the training samples to improve the prediction accuracy.

egum et al. [9] incorporated AdaBoost and linear SVM (ADASVM)

s a component classifier, and showd that it has higher perfor-

ance than the state-of-the-art classifiers. 

However, existing methods face two challenges which makes

t difficult to be directly applied to cancer diagnosis. The first

hallenge is curse of dimensionality [10] of the feature space in

he gene expression data. For example, gene expression of thyroid

ancer in [11] consists of 367 samples, each having about O ( n 4 )

eatures (genes). Hence, the high dimensionality of the feature

pace will increase the risk of overfitting because the number of

enes are much larger than the number of samples. The second

hallenge is the insufficiency problem of tissue samples which

akes all existing methods difficult to learn good representations

f cancers, because the training data of cancers are offten rare.
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Condition 1 Condition 2 …… Condition m

Gene 1 100.1 59.67 …… 90.7

Gene 2 99.12 40.24 …… 153

…… …… …… ……

Gene n 965.45 1246.1 …… 897.2

Gene ID

Condition ID

n genes

m samples

Fig. 1. An example of gene expression data. 
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he insufficiency problem is caused by two reasons: (1) the data

amples of rare cancers (some only occurring for few people in

ach year) are much difficult to obtain than common cancers,

nd such insufficiency of cancer samples means that classifiers

annot be trained from stable representations of cancer patterns;

2) the data samples from different gene expression platforms are

ifficult to be integrate together, and such difficulty of integration

ggravates the insufficiency problem. For example, Leukemia is

ne of the most common type of cancer in the world which

as caused 353,500 deaths in 2015 [12] . Many research groups

tudy Leukemia for the health of human beings. However, the

ata sources from different research groups cannot be integrated

ogether, because of different experimental settings, and choose

ifferent gene features and even tag with different cancer labels.

n our tested cancer datasets, there are two types of Leukemia

ata from two data sources. One Leukemia dataset [13] classifies

eukemia samples into two types (NPMI1+ and NPMI1 −). Another

eukemia dataset [14] classifies samples into four types (MP,

DMTX, HDMTX+MP and LDMTX+MP). The first Leukemia dataset

s classified based on gene point and second dataset is classified

ased on drug responses in human being’s leukemia cells. More-

ver, the first Leukemia dataset [13] has 54,675 gene features

nd the second Leukemia dataset [14] has 12,600 gene features

ecause of different collection of gene features to investigate an

dentical cancer according to different background knowledges. 

In this paper, we propose a novel Multitask Deep Learning

MTDL) method which can solve the insufficiency problem of tis-

ue samples and reduce the bad influence of the high dimension-

lity problem of the feature space. MTDL is inspired by multi-task

earning and deep learning. Specifically, MTDL can not only classify

he small-scale datasets from different cancers simultaneously but

lso employ closely related datasets to help learning a better rep-

esentation and boosting the classification performance. Our con-

ributions are summarized as follows: 

1. We propose a novel MTDL method which can directly solve the

insufficiency problem of tissue samples and reduce the bad in-

fluence of the high dimensionality problem of the feature space.

2. MTDL can integrate various cancer datasets from different

sources to enhance the classification performance, even if the

types of tumors, features and labels are different. 

3. MTDL can simultaneously utilize multiple cancer datasets so

that hidden representations can provide more information to
small-scale cancer datasets and enhance the classification per-

formance. 

The remainder of this paper is organized as follows:

ection 2 briefly reviews prior research works and related

echniques. Section 3 illustrates the details of multi-task deep

earning (MTDL) method. Section 4 evaluates the classification

erformance of MTDL and the representative algorithms using

welves real-world cancer datasets. Finally, the conclusions are

iven in Section 5 . 

. Related work 

.1. Dimensionality problem of feature spaces 

Reducing high dimensionality of feature space in gene expres-

ion is important for accurate classification of phenotype of sam-

les, because tens of thousands of gene with only a small num-

er of samples will increase the risk of overfitting. There are two

pproaches to solve the curse of dimensionality problem, feature

xtract (FE) and feature selection (FE). The former methods re-

uce the dimensionality by building new gene features form com-

inations (linear or nonlinear) of the original features and the

ater methods try to find a small subset of original features which

an maintain the information content of the gene expression data.

or example, Fakoor et al. [15] and Liu et al. [16] firstly utilized

CA to project gene expression data onto a low-dimensional sub-

pace to relieve the imbalance influence between gene features

nd samples, and then utilized deep learning methods to enhance

ancer diagnosis and classification performance. Guan and Tao

17,18] built several nonnegative matrix factorization (NMF) models

o efficiently reduce the dimensionality of the matrix feature and

19] proposed Gauses-seidel NMF (GSNMF) to relieve the impact

f high dimensionality of gene feature space in the gene expres-

ion data. Moreover, Isabelle et al. [20] applied the support vector

achine (SVM) to select gene features to improve cancer classifica-

ion. Alexander et al. [21] applied mutual information (MI) method

o select the top 10 genes and Chris Ding [22] proposed a mini-

um redundancy maximum relevance (MRMR) method which can

se a smaller feature set to effectively cover the same space that

 larger conventional feature set does. In a summary, above meth-

ds try to reduce the dimensionality of the feature space to avoid

he overfitting problem of the classifier model. Different with di-

ensionality reduction methods, our method utilizes related gene
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One or More Source 
Datasets Target Dataset

Target 
Model 

Knowledge

Target Task

Output

Input All Data Source

Task 1 Task 2 Task 3 Task 4

Joint Model

Task 3 Task 4

Task 1 Task 2

Output Output

OutputOutput

Input Input

Input Input

Model 2

Model 4

Model 1

Model 3

a

b c

Fig. 2. (a) Single-Task learning, (b) Multi-Task learning and (c) Transfer learning. 
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expression datasets to increase the number of tissue samples to

solve the overfitting problem. 

2.2. Insufficiency problem of tissue samples 

Collecting adequate samples of cancer is expensive and time

consuming, which leads to an insufficiency problem of tissue sam-

ple. Comparing with single-task learning, multi-task learning and

transfer learning can use related cancer datasets to improve the

classification performance of cancer tasks when the number of

train samples is rather insufficient. Recently, transfer learning and

multi-task learning techniques are proposed which can solve the

problem in computer vision [23–29] , bioinformatics [30–32] , and

climate analytics [33] . 

Fig. 2 shows the differences between the learning processes of

single-task, multi-task and transfer learning techniques. In the

single-task learning ( Fig. 2 (a)), all four datasets have no connec-

tion and each task will be trained separately, because single-task
earning assumes that the training samples are drawn indepen-

ently from a particular distribution. Hence the single-task learn-

ng totally ignores the relationship among related tasks. In the

ulti-task learning ( Fig. 2 (b)), it assumes that tasks may be cor-

elated which implies that the information learned from one task

an be leveraged to another. Hence the multi-task learning learns

 joint model of all tasks simultaneously. In the transfer learning

 Fig. 2 (c)), it transfers the knowledge (parameters or representa-

ions) from source datasets to the target dataset to enhance the

erformance. Multi-task learning and transfer learning [34] have

een thoroughly proven to improve the generalization performance

ignificantly when there is not enough number of samples to train

ndividual task [35] . 

As mentioned before, transfer learning extracts the knowledge

rom source tasks and transfer the knowledge to a target task [36] ,

ven if the training data and testing data have different domains,

asks and distributions. And the goal of transfer learning is it only

equires good performance on the target task, because it more
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Task 
Source 1

Result 1 Result 2 Result 3 Result n

…...

First Hidden 
Layer

Second Hidden 
Layer

Task 
Source 2

Task 
Source 3

Task 
Source n

Input Layer

Output Layer

... ... ... ...

... ... ... …... ... ...

... ... ... …... ... ...

…...... ... ... ...

Fig. 3. The proposed multi-task deep neural network structure. In the two hidden 

layers, the red units denote the shared hidden units and the units of the rest color 

denote the local hidden units. 
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ares about the target dataset rather than source datasets. Recently,

everal transfer learning works have achieved successes in bioin-

ormatics, especially for biological image analysis [37–39] . For ex-

mple, Ravi K Samala et al. [37] developed a computer-aided de-

ection (CAD) system which can use deep convolution neural net-

ork (DCNN) to transfer knowledge from mammograms digital im-

ges to digital breast tomosynthesis (DBT). Hariharan et al. [39] in-

estigated the process of transferring a CNN, which uses ImageNet

ataset as a trainset and medical images as a testset. 

On the other hand, multi-task learning is close to transfer lean-

ng, which it tries to learn multiple datasets (tasks) simultane-

usly even all the datasets are different. But the goal of multi-

ask learning is it requires all the tasks have good experimental

erformance rather than only requires good performance on the

arget task, because all the datasets are important to the multi-

ask learning model. Multi-task learning is more suitable for our

tudy because we try to achieve satisfactory classification perfor-

ance on each cancer dataset. With the big success of deep learn-

ng technique in image processing [40–44] and pattern recogni-

ion [45–48] , more and more researchers incorporate multi-task

earning and deep learning techniques together in computer vi-

ion [23–25,31,49,50] and bioinformatics [30,38,39,51] since these

hree years. In the computer vision field, Zhang et al. [30] proposed

 tasks-constrained deep convolution network (TCDCN) model to

ointly optimal facial landmark detection with multiple related

asks, e.g., head pose estimation task and facial attribute inference

ask. Similarity, Rejeev et al. [24] proposed a HyperFace architec-

ure based on CNN which can simultaneously conduct face detec-

ion task, facial landmark localization task, head pose estimation

ask and gender recognition task from a given image. Abrar et al.

25] proposed a multi-task CNN model to better predict attributes

n images, for example, whether wearing necktie or wearing a blue

ress, by using deep CNN. In the bioinformatics field, Zhang et al.

30] proposed a deep model based on transfer learning and multi-

ask learning for biological image analysis on the domain-specific

iological images. Samala et al. [51] proposed a multi-task transfer

earning DCNN which translates the knowledge from non-medical

mages to medical diagnostic tasks and simultaneously learning

uxiliary tasks. Although above deep learning models based on

ulti-task learning show their successes in computer vision and

iomedical image analysis in the past five years, all the existing

ethods learn representations and do multiple tasks separately.

pecifically, these methods learn parameters via transfer learning

ethod and learn representation via convolution neural networks

CNN) in the first stage. And then to use multi-task learning tech-

ique to produce each result of task via learning a joint model

rom multiple datasets simultaneously. Different from all the ex-

sting multi-task deep learning works, we propose a novel multi-

ask deep learning (MTDL) algorithm which incorporates multi-

ask learning during deep learning. The advantages of MTDL lie in

he following aspects: 1) it can learn more shared representations

n each layers; and 2) it preserves the local representations of each

ataset (task). 

. Multi-task deep learning 

In this paper, we propose a novel multi-task deep learning

MTDL) algorithm for cancer classification. The structure of the

etwork is shown in Fig. 3 . The proposed MTDL shares informa-

ion across different tasks by setting a shared hidden units . In Fig. 3 ,

he red shapes signify shared hidden units of all the task sources

n each layer, and the triangle, square and pentagon of rest colors

ignify local hidden units of each task source in different layers. In

his work, we design two hidden layers and one soft-max output

ayer. We choose ReLU and sigmoid as activation functions in the

idden layers and the output layer, respectively. In machine learn-
ng, the non-saturating nonlinearity ReLU [52] is much faster than

he saturating nonlinearities like tanh and sigmoid in computing

he gradient. Therefore, the convolutional neural networks (CNN)

ith ReLU unit can be trained several times faster than their alter-

atives such as that with tanh unit. We chose ReLU as activation

unction for fast training. The Sigmoid function is usually utilized

o get labels in the output layer because it only outputs 0 or 1 and

cts as a classifier. Hence, we chose the sigmoid function to repre-

ent the classification results of multiple tasks. 

The model receives n groups of input units and each group cor-

esponds to one task. In the first hidden layer, there are n groups of

ocal hidden units correspond to n task source and a single group

f shared units, which receives from all n groups of input units.

imilar to the first hidden layer, the second hidden layer contains

 groups of local hidden units and one group of shared units. In

ontrast to the first hidden layer, each group of local hidden units

n the second hidden layer receives not only the activations of cor-

esponding local hidden units in the first hidden layer, but also the

ctivations of the shared units in the first hidden layer. The shared

idden units in the second hidden layer receive activations of the

hole units in the first hidden layer, including local hidden units

nd shared hidden units. 

Let x 1 , x 2 , . . . , x n denote the inputs of n tasks. For the first hid-

en layer, the activations of each group of local hidden units a 1 
i 

are

alculated by 

 

1 
i = σ

(
W 

1 
li x i + b 1 i 

)
, i = 1 , . . . n (1) 

here the upscript of a 1 
i 

denotes the index of layer and the sub-

cript of a 1 
i 

denotes the index of task source. Activation function

s the rectified linear unit (ReLU), i.e., σ (x ) = max (0 , x ) , and W 

1 
li 

is

he local weight of edge between the #1 task source and the local

idden units a 1 
i 
. Moreover b 1 

i 
is the bias for the i th group of local

idden units. The activations of the first shared hidden units s 1 are

alculated by 

 

1 = σ

( 

n ∑ 

i =1 

W 

1 
si x i + b 1 s 

) 

, (2) 

here W 

1 
si 

is the shared weight of edge between a 1 
i 

and s 1 . The b 1 s 

s the bias of the shared hidden units s 1 , and the activation func-

ion is ReLU. For the second hidden layer, the activations of each

roup of local hidden units a 2 
i 

are calculated by 

 

2 
i = σ

(
W 

2 
li a 

1 
i + W 

2 
si s 

1 + b 2 i 

)
, i = 1 , . . . n (3) 
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Table 1 

Summary of the gene expression datasets. 

Cancer Description #Features #Samples Labels 

Task 1 Acute Myeloid Leukemia [53] 54613 2341 1 = AML, 2 = MDS 

Task 2 Adenocarinoma [54] 34749 193 1 = adenocarcinoma, 2 = squamous cell carcinoma 

Task 3 Breast Cancer [55] 30 0 06 1047 1 = non-IBC, 2 = IBC 

Task 4 Leukemia [13] 54675 2284 1 = NPM1 + , 2 = NPM1- 

Task 5 Leukemia [14] 12600 658 1 = MP, 2 = HDMTX, 3 = HDMTX + MP, 4 = LDMTX+MP 

Task 6 Acute Myeloid Leukemia [56] 12625 625 1 = Complete Remission, 2 = Relapse 

Task 7 Seminoma [57] 12625 618 1 = state I, 2 = state II and III 

Task 8 Ovarian Cancer [58] 15154 153 1 = cancer, 2 = normal 

Task 9 Colon Cancer [59] 20 0 0 32 1 = cancer, 2 = non-cancer 

Task 10 Medulloblastoma [60] 7129 30 1 = class 0, 2 = class 1 

Task 11 Prostate Cancer [61] 12600 102 1 = tumor, 2 = normal 

Task 12 Leukemia [62] 54613 2389 1 = NPM1 + , 2 = NPM1- 

Table 2 

The accuracies of classifying 12 cancers by using DNN on each task without the shared hidden layers. 

Cancer k = 1 k = 2 k = 3 k = 4 k = 5 k = 6 k = 7 k = 8 k = 9 k = 10 Mean Std. Dev. Median 

Task 1 0.6996 0.6996 0.747 0.6996 0.6552 0.7552 0.697 0.6496 0.7552 0.6947 0.70527 0.03743 0.6996 

Task 2 1 1 1 1 1 1 1 1 1 1 1 0 1 

Task 3 1 1 1 1 1 1 1 1 1 1 1 0 1 

Task 4 0.5817 0.5817 0.5817 0.5817 0.6234 0.5817 0.5817 0.5817 0.6298 0.5836 0.59087 0.0189 0.5817 

Task 5 0.2335 0.2502 0.2335 0.2169 0.2501 0.2335 0.2501 0.2335 0.2169 0.2169 0.23351 0.01357 0.2335 

Task 6 0.9 0.9 0.9 0.9 0.8 0.9 0.9 0.9 0.9 0.8 0.88 0.04216 0.9 

Task 7 0.7335 0.7668 0.8001 0.8001 0.7001 0.6335 0.6001 0.7001 0.6001 0.7668 0.71012 0.07706 0.7168 

Task 8 0.68 0.68 0.68 0.68 0.68 0.68 0.68 0.68 0.68 0.68 0.68 0 0.68 

Task 9 0.9667 1 1 1 1 0.9667 0.9667 1 1 1 0.99001 0.01609 1 

Task 10 0.9 0.9 0.8667 0.8667 0.8001 0.9333 0.9333 0.9333 0.9 0.9333 0.89667 0.04285 0.9 

Task 11 1 1 1 1 1 1 1 1 1 1 1 0 1 

Task 12 0.6871 0.6871 0.6871 0.6871 0.6871 0.6871 0.6871 0.6871 0.7176 0.6828 0.68972 0.00989 0.6871 

Table 3 

The accuracies of classifying 12 cancers by using sparse auto-encoder on each task without the shared hidden layers. 

Cancer k = 1 k = 2 k = 3 k = 4 k = 5 k = 6 k = 7 k = 8 k = 9 k = 10 Mean Std. Dev. Median 

Task 1 0.6996 0.6996 0.747 0.6996 0.6552 0.7552 0.697 0.6496 0.7552 0.6947 0.70527 0.03743 0.6996 

Task 2 1 1 1 1 1 1 1 1 1 1 1 0 1 

Task 3 1 1 1 1 1 1 1 1 1 1 1 0 1 

Task 4 0.5817 0.5817 0.5817 0.5817 0.6234 0.5817 0.5817 0.5817 0.6298 0.5836 0.59087 0.0189 0.5817 

Task 5 0.2335 0.2502 0.2335 0.2169 0.2501 0.2335 0.2501 0.2335 0.2169 0.2169 0.23351 0.01357 0.2335 

Task 6 0.9 0.9 0.9 0.9 0.8 0.9 0.9 0.9 0.9 0.8 0.88 0.04216 0.9 

Task 7 0.7335 0.7668 0.8001 0.8001 0.7001 0.6335 0.6001 0.7001 0.6001 0.7668 0.71012 0.07706 0.7168 

Task 8 0.68 0.68 0.68 0.68 0.68 0.68 0.68 0.68 0.68 0.68 0.68 0 0.68 

Task 9 0.9667 1 1 1 1 0.9667 0.9667 1 1 1 0.99001 0.01609 1 

Task 10 0.9 0.9 0.8667 0.8667 0.8001 0.9333 0.9333 0.9333 0.9 0.9333 0.89667 0.04285 0.9 

Task 11 1 1 1 1 1 1 1 1 1 1 1 0 1 

Task 12 0.6871 0.6871 0.6871 0.6871 0.6871 0.6871 0.6871 0.6871 0.7176 0.6828 0.68972 0.00989 0.6871 
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1 All the data are available in http://liaoqing.me . 
where W 

2 
li 

is local weight of edge between a 1 
i 

and a 2 
i 
. The W 

2 
si 

is

the share weight of edge between all the first local unit and the

s 2 . The b 2 
i 

is the bias for the i th group of local hidden units in

the second layer. The activations of the shared hidden units s 2 are

calculated by 

s 2 = σ

( 

n ∑ 

i =1 

W 

2 
si a i + W 

2 
s s 

1 + b 2 s 

) 

, (4)

where W 

2 
s is the weight of edge between s 1 and s 2 . For the output

layer, the output a o 
i 

of each task is calculated by 

a o i = sigmoid 
(
W 

o 
li a 

2 
i + W 

o 
si s 

2 + b o i 

)
, i = 1 , . . . n, (5)

where W 

o 
li 

is the local weight of edge between a 2 
i 

and a o 
i 
. W 

o
si 

is the weight of edge between s 2 and a o 
i 
. Moverover, b o 

i 
is the

bias for the output units of the i th task, and the activation func-

tion is defined as sigmoid(x ) = 1 / (1 + e (−x ) ) . The advantages of set-

ting local units and the shared units are that each task can learn

private representation from its local units perform classification.

Different task learns separate private representation, because the

local units preserve the feature of each separate task. On the other
and, the shared units learn shared representation from the whole

atasets to leverage the information obtained from the microarray

ystem. It is the shared units that boost the performance of each

ask because they leverage information through all tasks. In sum-

ary, MTDL can not only to preserve each tasks local features but

lso utilize the shared knowledge to provide stable features for all

asks. The following experiments confirm this point. 

. Experiments 

.1. Datasets 

To demonstrate the feasibility and practicability of the proposed

ethod, we have collected 12 different datasets from various pa-

ers/sources as summarized in Table 1 . 1 

In Table 1 , there are two Acute Myeloid Leukemia datasets (task

 and 6) collected from different sources, but it is not possibile

o integrate task 1 and 6 to enlarge the Acute Myeloid Leukemia

http://liaoqing.me
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Table 4 

The accuracies of classifying 12 cancers at the same time by using MTDL with the shared hidden layers. 

Cancer k = 1 k = 2 k = 3 k = 4 k = 5 k = 6 k = 7 k = 8 k = 9 k = 10 Mean Std. Dev. Median 

Task 1 1 1 0.9526 1 1 1 1 1 0.95 1 0.99026 0.02054 1 

Task 2 1 1 1 1 1 1 1 1 1 1 1 0 1 

Task 3 1 1 1 0.9 1 0.95 1 1 1 1 0.985 0.03375 1 

Task 4 1 0.9462 0.923 1 0.9462 1 1 1 0.95 1 0.97654 0.03112 1 

Task 5 1 0.9333 0.9333 0.8666 1 0.8666 0.95 1 1 0.9333 0.94831 0.05241 0.94165 

Task 6 1 1 1 1 1 1 1 1 1 1 1 0 1 

Task 7 1 1 1 1 0.95 1 1 1 1 1 0.995 0.01581 1 

Task 8 1 1 0.88 0.94 1 0.96 0.96 1 0.99 1 0.973 0.03945 0.995 

Task 9 1 0.9667 1 1 1 1 1 1 1 1 0.99667 0.01053 1 

Task 10 1 0.9667 1 0.9333 1 1 1 1 1 1 0.99 0.02250 1 

Task 11 1 1 1 1 1 1 1 0.9667 0.9333 1 0.99 0.02250 1 

Task 12 1 1 0.9696 0.9652 0.9392 1 0.9696 0.9696 1 0.9652 0.97784 0.02103 0.9696 
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Fig. 4. The accuracies of classifying 12 cancers by using MTDL, DNN, and sparse auto-encoder. 
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atasets and solve the insufficiency problem in cancer diagnosis. It

s because 1) task 1 and 6 contain different labels based on differ-

nt domain knowledges, where labels AML and MDS in task 1 rep-

esent different stages of the Acute Myeloid Leukemia disease, but

abels Complete Remission and Relapse in task 6 represent different

ymptoms after initial treatment, which are different from task 1;

nd 2) Task 1 and 6 contain different types of gene features from

ifferent data sources, where there are 54,613 gene features col-

ected in task 1 [53] , but there are 12,625 gene features collected

n task 6 [56] . Hence, the insufficiency problem still exists in com-

on cancer diseases, because different research groups choose dif-

erent labels and gene features to investigate samples even for a

ame cancer. 

As elaborated in Section 2.2 it is difficult for traditional meth-

ds to solve the insufficiency problem in high-performance cancer

iagnosis. In this paper, the multi-task deep learning method uti-

izes all the datasets simultaneously, which can preserve the lo-

al representation of each dataset, and learn a shared representa-

ion from all datasets to enhance the classification accuracies of all

asks. 

.2. Classification performance 

We evaluate the effectiveness of MTDL by comparing it with

wo traditional deep learning methods, i.e., deep neural network

DNN) and sparse auto-encoder. We utilize 10-fold leave-one-out

ross-validation to evaluate DNN, i.e., we firstly divide each dataset

nto ten folds, wherein nine folds for training and one fold for
esting. To eliminate the influence of random partition, we repeat

uch trial ten times and output the averaged accuracy as the final

esult. The biggest difference between the proposed method and

wo representative methods is that the proposed method utilizes

he shared knowledge from multiple datasets to learn more useful

epresentations but the representative methods learn local repre-

entation from each individual dataset. In our experiment, the pro-

osed method can learn on the 12 datasets simultaneously, but the

epresentative methods learn on each dataset separately. 

Table 2 gives the classification accuracies of 12 cancers by a

raditional DNN on the gene expression data of each cancer tissue.

s mentioned before, the DNN model receives 12 cancer datasets

eparately and output classification results one by one. Since

raditional DNN model ignores the similarity information between

elated cancer datasets and the classification performance will be

ather poor if the cancer samples are insufficient. We can find

he DNN has very high accuracy results in Task 2, 3, 9, 10 and

1, because there are only two labels in these cancer datasets and

hese samples are very easy to assign to each labels. By contrary,

eukemia datasets (Task 4, 5 and 12) do not achieve good classifi-

ation performances comparing with other cancer datasets. There

re two reasons: 1) it difficult to accurately diagnose Leukemia

ecause the pattern of each Leukemia label are ambiguous; and 2)

ask 5 has more labels, i.e., four labels, than other tasks so that

ts’ accuracy is much lower than other tasks. 

The accuracy results of 12 cancers by sparse auto-encoder of

ach cancer dataset in Table 3 are similar because the sparse

uto-encoder cannot yet to use shared knowledge to improve the
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classification performance. Table 4 gives the classification accu-

racies of twelve cancers by MTDL. Unlike DNN and sparse auto-

encoder, MTDL processes multiple cancer datasets (tasks) simulta-

neously so that MTDL can fully take advantages of similar hidden

information between all the datasets (cancers) to improve each

tasks performance. Table 4 shows that the accuracies of Leukemia

datasets (Task 4, 5 and 12) have great improvements (more than

20%) compared with DNN and sparse auto-encoder, because MTDL

can utilize these datasets simultaneously to reduce the bad influ-

ence of insufficiency problem in the Leukemia dataset. Moreover,

MTDL can also achieve more than 20% improvement in both Task

7 and Task 8, because other cancer datasets provide more repre-

sentative information via shared layer to help Task 7 and Task 8

to learn a better representation and enhance the classification re-

sult. At last, MTDL has satisfactory performance on the rest cancer

datasets, some datasets have clean pattern to classify so that the

classification result of all the three methods are good. However,

MTDL still has the highest performance in most datasets because

MTDL simultaneously utilizes all the cancer datasets and learning

shared representations through the shared layers can enhance the

classification performance of most tasks. 

In Fig. 4 , we demonstrate accuracy results of all the compar-

ing methods on 12 datasets and the red line in each subfigure

shows the standard deviation value of accuracy in each task. We

can find that our method not only has the best performance in

most datasets but also has more stable performance, because the

standard deviation values of our method are much smaller than

the compared methods. 

5. Conclusion 

Gene expression data plays an important role in precision

medicine for cancer treatment, which simultaneously measures the

expression levels of thousands of genes. However, for cancer clas-

sification, the gene expression data of a particular cancer might

be limited. We propose a novel multi-task deep learning method

(MTDL) to classify multiple cancers simultaneously and enhance

the classification performance of each cancer by leveraging the

knowledge through shared layers. MTDL method can process mul-

tiple datasets without pre-integrate at the same time even if each

dataset has different class labels, features and samples. With the

help of knowledge transfer, the classification accuracies of twelve

cancers with few samples per cancer are significantly improved.

In the future, MTDL method will be further extended to different

types of datasets, including gene expression profiles, medical im-

ages, etc. 
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