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ABSTRACT

This article introduces a cascade of neural networks for classification of multi-label data. Two types of
networks, namely, stacked autoencoder (SAE) and extreme learning machine (ELM) have been incorpo-
rated in the proposed system. ELM is a compact and efficient single-label classifier which seems to lose
its efficiency while dealing with multi-label data. This happens due to the complex nature of the multi-
label data, which makes it difficult for the smaller networks to interpret it accurately. In our proposed
work, we attempt to deal with few of the bottlenecks faced while handling multi-label data. Thus, we
aim to enhance the performance of a stand-alone multi-label extreme learning machine (MLELM) by
collaborating it with other networks. There are three basic phases in the proposed method: feature en-
coding, soft classification and class score approximation. In the first step, an SAE network is employed
to generate a discriminating and reduced input representation of the multi-label data. This makes the
data compact and more manageable for the successive stages. This data in turn is used by an MLELM in
the next phase for the prediction of soft labels. In the final step, to improve the prediction capability of
the previous network, a novel approach of approximating the class score is proposed using an additional
MLELM. Comprehensive experimental evaluation of the proposed approach has been performed on seven

datasets against eleven relevant algorithms, and overall it displays a promising performance.

© 2019 Elsevier B.V. All rights reserved.

1. Introduction

Traditional supervised machine learning algorithms [1,2] mostly
deal with data which have a single corresponding label, i.e., each
sample belongs to only one class. For example, while categoriz-
ing the sentiment of a person from a text snippet he/she has
written, it might be labeled as either “happy”, “sad” or “neu-
tral”. However, frequently we come across data that cannot be
represented with a single label. This means that the documents
we are analyzing may have multiple emotions involved; hence, it
can belong to classes like “angry” and “sad” at the same time.
This kind of data which can belong to multiple classes at once
is known as multi-label data. In the past decade, researchers have
developed various algorithms [3,4] to deal with multi-label data,
mostly focusing on multi-label classification techniques. Among
the different approaches to multi-label classification, the branch
of problem adaptation techniques [4-6] have been significantly ex-
plored. This approach mainly focusses on modifying existing al-
gorithms for binary/single-label classification in a way that can
handle multi-label classification efficiently without changing the
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multi-label property of the data itself. Few well-known classifica-
tion tools like neural networks [4,7-9], support vector machines
[5], decision trees [6], etc. have been appropriately adapted by re-
searchers to perform efficient multi-label classification.

Since multi-label data belongs to more than one classes at a
time, the corresponding class boundaries invariably overlap thus
making the decision space quite complex. To handle this problem
efficiently, many researchers prefer using artificial neural networks
(ANNs) [2,10-12] to learn the complex multi-label class bound-
aries. In literature, adaptations of multi-layer perceptron (MLP) [4],
radial basis functions (RBF) [7], extreme learning machine (ELM)
[8], deep neural networks (DNN) [13], etc. have been done by re-
searchers to classify multi-label data efficiently. From these works,
it is seen that more complex architectures become computation-
ally bulky, whereas extremely simple networks may not be able
to work as desired. Thus, while developing a classifier, efficiency
and simplicity both need to be handled simultaneously. Keeping
the above aspects in mind, our focus is directed towards one such
simple yet effective model known as an extreme learning ma-
chine (ELM) [14]. ELMs are quite compact and perform efficiently
when dealing with single-label data. Hence, adaptation of this sin-
gle layer model has been made by various researchers to per-
form multi-label classification [15-17]. However, it is seen that the
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performance of a stand-alone multi-label ELM (MLELM) relatively
deteriorates when it comes to multi-label data classification. It is
not able to approximate the weights for data with multiple outputs
as efficiently as it can do for single-label data. The complex multi-
label data proves to be bulky for the simple one-pass ELM net-
work. This motivated us to build a model that utilizes the strengths
of ELMs and handles its drawbacks to improve the overall perfor-
mance in the field of multi-label classification.

While dealing with multi-label data, researchers are faced with
certain challenges which need to be handled effectively. In this
article, a cascade of neural networks has been proposed which
attempts to handle a few of the setbacks in the field of multi-
label data classification. As mentioned previously, the focus of this
model is directed towards ELMs. To strengthen the performance of
ELMs, two specific issues faced due to the complexity of multi-
label data has been handled using a couple of complementing net-
works. One challenge is to handle the dimensionality and rep-
resentation of the input space for multi-label data. Simple ELMs
have the requirement of a huge number of nodes in the hidden
layer as compared to the input layer for efficient approximation of
weights. This proves to be a bottleneck while using ELM for multi-
label classification. Since, the input dimension is often quite large,
it drastically increases the number of weights to be learnt by the
network in one-pass, thus reducing the approximation capability
of the network. To battle this problem, another simple yet effi-
cient neural network, namely autoencoder (AE) [10], is used in the
proposed model. Autoencoders are unsupervised networks which
are capable of learning effective encoding of data. They produce a
good representation of the actual data which makes the consec-
utive learning steps more functional. The other challenge faced is
the effective mapping of the input to the complex output space.
Due to this complexity, the one-pass learning scheme of ELMs fal-
ter while learning all the overlapping relations among classes. To
give this mechanism an additional scope of learning we introduce
a novel and slightly modified MLELM in coalition with the origi-
nal MLELM to effectively approximate the class scores. Utilizing the
simplistic nature of ELMs and effectiveness of AEs, we introduce a
classifier system based on stacked AEs and ELMs to perform multi-
label classification efficiently.

The proposed model is a cascade of stacked autoencoders and
multi-label ELMs. It has three phases: feature extraction [18], soft
classification [19], class score approximation. The first phase of
the proposed model is feature extraction: this is performed using
a stacked autoencoder. The large input dimension is thus trans-
formed to a smaller, appropriate space which is used in the subse-
quent classification phase. In the classification phase of the model,
a multi-label ELM is employed to predict the soft class labels for
the data. The outputs generated in this phase is then fed to an-
other MLELM in the final step. The last step is for class score ap-
proximation in which the second MLELM learns to map the soft
class labels to its corresponding hard class labels. After the final
class mapping is learned, a global threshold is calibrated to assign
the hard class labels to the data. The three-step cascade of classi-
fiers proposed in this article is a novel approach of handling couple
of the challenges faced by multi-label classifiers. This approach of
stacking networks has been used in accordance with the concept
of stacked generalization [20]. However, the main contribution lies
in the technique of using an extreme learning machine to learn
the mapping of the class scores obtained from the previous classi-
fier to the hard labels. As per the knowledge of the authors, this
approach has not been attempted by researchers previously. The
proposed model has been validated with seven multi-label datasets
along with comparative analysis against eleven relevant algorithms.

In the next section, two preliminary topics namely stacked
autoencoders and ELMs have been discussed. Few existing ELM-
based multi-label classification techniques have been mentioned as
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Fig. 1. Architecture of an autoencoder.

related works in Section 3. In Section 4 the proposed method has
been discussed in detail. Section 5 has a comparative analysis of
the results obtained; and Section 6 is the concluding section of the
article.

2. Preliminaries

Among the problem adaptation techniques which exist in the
literature, few of the multi-label classifier models have used ELMs
and autoencoders. Since the proposed method is based on MLELM
and stacked autoencoder (SAE), a brief description of the related
models like SAE, ELM, MLELM and other ELM-based techniques are
given in the following sub-sections.

2.1. Stacked autoencoders

In this era of deep learning, the use of autoencoders (AEs)
[21,22] have increased in various domains. Among the different
types of autoencoders in the field of machine learning like denois-
ing AE [23], deep AE [10], we focus on stacked autoencoders (SAEs)
[24,25]. A simple AE is a variation of a feedforward neural network
which has three layers: input, hidden and output. For N samples,
each with feature vector X;, for i=1,...,N and X; €R%, both the
input and the output layer of the autoencoder has d nodes. The au-
toencoder works in an unsupervised fashion, unlike a regular feed
forward network.

An example of a simple autoencoder is shown in Fig. 1. The
autoencoder takes X = {x1, X3, X3, ..., X4} as both input and output.
The task of an autoencoder is to encode the d-dimensional data to
d’ dimension in the first part (i.e., encode) and then decode the
features from d’ to d dimension in the decoder part. When d’ is
smaller than d, the autoencoder compresses the data to a smaller
dimension and then uncompresses it in the next layer. If the input
to the autoencoder is X, the encoder maps it to a set of hidden
nodes A = {aj, ay, ..., ay} where output at a node ¢; is computed
as

d
aj=¢<ZWiji+bj>, (1)
i=1
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where, ¢ is the transfer function for the encoder, wy; is the connec-
tion weight between the x; and a;, and b; is the bias. The function
of the decoder is to map the encoded representation A back to an
estimate X’ of the original input X. Thus, the value at the kth out-

put node x;< is computed as follows.

&
X;{ = Iﬁ<Zijaj+b;<>, (2)
j=1

where, ¥ is the transfer function for the decoder, wy is the con-
nection weight between g; and x;, and bj is the bias for the kth
node of the decoder. The autoencoder is trained iteratively and the
weights are updated through backpropagation like a multi-layer
perceptron.

In the scenario of a stacked autoencoder, multiple autoencoders
are sequentially placed one after the other. The encoded data from
one AE is passed on as input to the next AE and so on, to further
extract prominent features from the data. Autoencoders are used
for various purposes, such as encoding of features, weight initial-
ization of other networks, etc. In the proposed model we have used
SAE in the form of a feature extractor before performing classifica-
tion using ELMs.

2.2. Extreme learning machine

Extreme learning machine is a compact and efficient single
layer feed-forward neural network which has been quite popular in
the past decade. This unique network performs classification task
efficiently and fast. It has been found that the learning speed of
ELM can be a lot more than traditional feed-forward network while
obtaining better generalization performance [26].

The architecture of the ELM has 3 layers: input, hidden and out-
put. For a single-label sample X, the class is denoted as Y, where
XeR? and Y eRC. The input layer of an ELM has d nodes, hidden
layer has h nodes and the output layer has C nodes. The network
has input to hidden layer connection weights «, biases b and hid-
den to output layer weights B. An illustration of the ELM network
is given in Fig. 2.

The uniqueness of this network is that the input layer weights
and biases are randomly initialized and unlike most other ANNS,

they are not updated any further. Learning from the data occurs in
the hidden layer weights alone. An activation function ¢ is used at
the hidden nodes. The output at any hidden node z; is computed
as

d
Zj=¢ Za,-jxierj s (3)
i=1

where, j=1,...,h, a; is the connection weight between x; and
hidden node z;, and b; is the bias. Similarly at any output node yj
the final outcome is

h
Y= ZiBje (4)
=1

where, Bj is the weight from hidden node z; to output node y;.
The above model is compactly represented as

where, Y ={y1,¥2,....¥c}, Z={21,25,...,2,} and B is the hxC
weight matrix between the hidden layer and the output layer. The
outputs from the hidden layer Z and the output layer Y are al-
ready known. Thus, the hidden to output layer weight matrix g is
approximated as:

B =1, (6)

where, Zj is the Moore-Penrose inverse of Z [27,28]. Once the
weight matrix S is obtained, the ELM model has completed its
training phase and is ready for testing. Class prediction for un-
known samples are then performed like in any other feed-forward
network.

Among the many applications of ELM, one is being used as
an auto-encoder (ELM-AE) [29,30]. In general, ELM-AE is a sparse
autoencoder and the input data is expanded in the hidden layer
due to the presence of large number of hidden nodes in ELM. In
the proposed method we require feature reduction, hence have
opted for a stacked autoencoder instead of an ELM-AE. Kasun et al.
[29] built an ELM-AE as a part of a deep model called multi-layer
ELM specifically for image classification. In the stacked ELM model
developed by Zhou et al. [30], the authors have divided a single
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large ELM network into multiple stacked serially connected smaller
ELMs. They have utilized ELM-AE in each iteration of the stacked-
ELM algorithm to improve performance.

3. Related literature

Researchers have used the ELM network in different ways to
classify multi-label data. The most simple form is referred to as
multi-label ELM (MLELM) [15,31], which is an adaptation of the
simple ELM network. These models do not require any architec-
tural change; but the output provided at the last layer is multi-
label in nature. Venkatesan and Er [15] used the MLELM with a
bipolar representation of labels to improve the learning of the sim-
ple ELM; and Sun et al. [31] described a sample-wise threshold
function using ELM called ELM-ML.

Few other works exist in literature, where the ELM has been
used in various forms for multi-label classification. Ly;-norm Mini-
mization ELM [16] is an ELM based algorithm which combines the
smallest training error of ELM with Ly;-norm minimization of the
hidden to output layer weight matrix. Canonical Correlation Anal-
ysis based ELM (CCA-ELM) was introduced by Kongsorot and Ho-
rata [8]. Correlations among the input features and the set of la-
bels are computed using CCA, then the input space and label space
are mapped to the new space. An ELM is used to classify and fi-
nally map the original input space. Zhang et al. [17] proposed a
multi layer ELM-RBF for multi-label learning (ML-ELM-RBF). It is
built from radial basis function for multi-label learning (ML-RBF)
and weight uncertainty ELM-AE (WuELM-AE). This model stacks
WUELM-AE to form a deep network, and then it performs cluster-
ing analysis on sample features of each possible class to compose
the last hidden layer.

Along with the ELM-based techniques specifically tailored for
multi-label classification, other ELM-based single-label models can
also be employed as multi-label classifiers. Since, ELMs and neural
networks in general do not require much architectural modifica-
tion to switch from single-label to multi-label classification, they
can be adapted to solve the multi-label classification problem.
In [32], a fast pruned ELM was proposed that can automatically
generate the number of hidden nodes. The relevance of the initial
large number of hidden nodes is measured and the irrelevant ones
are pruned. Rong et al. [33] developed an online sequential fuzzy
ELM (0S-Fuzzy-ELM) which trains the ELM in an online batch-wise
mode. The initial training is done with a chunk of data and the
later chunks are used to update the parameters. In [34], an aircraft
recognition system had been built which extracts three moment
invariant features from the input aircraft images and feeds them
as inputs to three separate modules of neural networks. These
modules consist of ELMs which in turn perform classification,
and the final outcome from the modules are combined. Niu et al.
[35] proposed a self-adjusting ELM (SA-ELM) which learns the
input to hidden layer weights using an ameliorated teaching
learning based optimization instead of using the random weights.
Apart from these, many other methods also exist in literature
which can be adapted for multi-label classification.

However, unlike the above mentioned ELM-based techniques,
the proposed method aims to improve the performance of ELMs
while handling multi-label data specifically. In general, multi-label
data tends to have a large number of features, which in turn re-
quires the MLELM to use a larger number of hidden nodes. Not
only does this increase the cost, it also degrades the performance
of the network. Hence, it is not able to approximate the weights
for data with multiple outputs as efficiently as it can do for single-
label data. Also, the decision space of multi-label data is inherently
quite complex. A simple MLELM is unable to map the input to the
output space efficiently and learn the separating decision bound-
aries. The complex multi-label data proves to be bulky for the

simple one-pass ELM network. Thus, the proposed method aims to
handle these shortcomings with the use of a cascade of networks,
where an individual network is employed to handle separate is-
sues.

Apart from ELM based techniques for multi-label classification,
there are numerous other methods that exist in literature [36-38].
One of the most popular approaches is binary relevance (BR) [36].
This method incorporates multiple binary classifiers, one for each
label, and their outputs are combined to generate the predicted
label-set. Classifier chains (CC) [37] also trains multiple classifiers,
one for each label, choosing the order of training randomly. The
first classifier is trained using only the original input attributes.
The first output label is then added as new input attribute, and
the new input space is used to train the second classifier, and so
on. This forms a chain of classifiers which is quite popular, and has
been extended to ensemble of classifier chains (ECC) [37], quick
classifier chains (CCq) etc. Among ensemble techniques, Tsoumakas
and Vlahavas [38] developed random k label-sets (RAKEL) method
that generates random subsets of labels, training a multiclass clas-
sifier for each subset. Various efficient methods are being devel-
oped by researchers and the literature is continuously expanding
in the field of multi-label classification.

4. Proposed method

In this article, a cascade of stacked autoencoders and extreme
learning machines has been used for the classification of multi-
label data (MLSAEELM). In the first phase, a stacked autoencoder
network is used to reduce the dimension of the data. Stacked au-
toencoders (SAEs) are widely used for deep neural networks since
they are capable of efficiently extracting underlying features from
any given data. Although the proposed classifier is not too deep in
nature, a reduced set of well encoded features obtained from the
SAE are beneficial to retain the underlying property of the data.
Once the relevant features have been extracted, these are passed
on to a multi-label ELM for soft label prediction. This MLELM han-
dles the multi-label data in a way similar to the simple ELM.
To improve the classification performance of the MLELM, another
MLELM is concatenated in the final phase of the model. The task of
this network is to learn the mapping of the soft labels to hard la-
bels. The final class scores predicted by the approximation MLELM
are then used to assign hard class labels to the data.

4.1. Representation of multi-label data

By definition, each ith multi-label data instance X;=
{xi1, xi2, ..., x4}, i=1,..., N is associated with a vector of multiple
outputs Y; = {¥i1, Yiz»---» Yic}, where C is the number of classes.
Among these C classes, the multi-label data instance can belong
to more than one class at a time. Each element of the vector Y;
is a binary value, indicating if the corresponding label is relevant
to the sample or not. Several labels can be active at once, unlike
in the case of single-label data where only one label is active at a
time. Each distinct combination of labels is known as a label-set.
This representation of multi-label data is used while discussing
the architecture of the proposed model.

4.2. Architecture of the network

The architecture of the proposed model includes a stacked au-
toencoder followed by a multi-label extreme learning machine for
classification. Fig. 3 shows the overview of the model.

4.2.1. Stacked autoencoder
The stacked autoencoder part of the network contains individ-
ual autoencoders stacked sequentially. The first autoencoder AE;
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takes the original input X; = {x1, X3, ..., Xy}, trains itself iteratively compactly represented as
and encodes the data to a smaller number of features (say, a; =
{ai,ay,....ay}). These encoded features are then passed on to Y =128, (7)

train the next autoencoder AE, and the features are further en-
coded to ¢ which has d” number of features and so on. The final
set of encoded features from the autoencoder AE, is used as input
in the next phase. In Fig. 3, only two layers have been shown in
the stacked autoencoder.

4.2.2. Multi-label ELM for soft classification (MLELM-C)

In this phase, a simple MLELM network (referred here as
MLELM-C) is used, which is basically an ELM network performing
multi-label classification. The encoded features obtained from the
previous stacked autoencoder phase is taken as input and the class
labels for the multi-label data are provided as output. Thus, the
MLELM-C maps d”’ number of input nodes to C output nodes with
h hidden nodes. The hidden layer output vector Z = {zq, z,, .., z;}
is computed using Eq. (3). The MLELM-C model can thus be

where, Y = {y1,y2,...,yc} is the actual output vector and g is the
h x C weight matrix between the hidden layer to the output layer.
B is then determined using Eq. (6).

A large number of hidden nodes are required in comparison to
the number of input nodes for the MLELM-C to be able to learn
efficiently from the data. Since we have reduced the number of
features of the input data, the input layer is not as large as a
stand-alone MLELM. Thus, the hidden layer does not need to be
extremely large and the weight matrix can be approximated com-
fortably. Once the weight matrix 8 has been approximated, the
soft label scores at the kth output node can be computed as

h
Y=Y _ziBjk (8)
=1
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where, Bj; is the weight from hidden node z; to output node y;.
Each node in the output layer now contains the soft classification
score for that particular class. These scores are usually converted to
hard labels in a regular MLELM using a threshold. In our proposed
method, we use these soft classification scores in the next phase.

4.2.3. Multi-label ELM for score mapping (MLELM-D)

The output generated from the MLELM-C is a set of scores, one
for each class. For single-label data, the class label corresponding
to the highest value is assigned to the sample. While labeling

multi-label data, several class labels may be assigned to one
sample depending on the obtained score. The general method of
determining the hard multi-labels is by setting a threshold. If the
predicted value is higher than the threshold, the class is relevant,
hence label is 1, else label is O for the irrelevant class. This thresh-
old selection is very crucial for multi-label data. A very low thresh-
old can assign more labels than required and a very high threshold
might end up under assigning labels to the data instances, both
eventually leading to misclassification. Therefore, it is important
that the model can predict correct hard labels from the scores
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Table 1
Comparative results for Emotions dataset.
HLoss| RLoss| OneErr| HScoret SAcct AvgPret  MacroF1 4  Micro F1 4  Acc p
MLELM 0.4138 0.4039 0.5678 0.5862 0.3960 0.6037 1.3014 1.3009 0.3024
B-MLELM 0.4034 0.3943 0.5882 0.5966 0.4272 0.5996 1.3306 1.3230 0.3335
ELM-ML 0.4774 0.4683 0.6186 0.5226 0.3757 0.5475 1.2518 1.2500 0.2822
MLELM+ 0.3655 0.3601 0.5042 0.6345 0.4541 0.6385 1.3265 1.3188 0.3545
S-MLELM 0.2792 0.2608 0.3833 0.7208 0.5267 0.7225 1.3972 1.3952 0.4360
BR 0.2640 0.3270 0.4470 0.7360 0.1720 0.6190 0.5570 0.5650 0.4220
BRq 0.2830 0.3040 0.4820 0.7170 0.1550 0.5400 0.5770 0.5830 0.4460
cc 0.2610 0.2940 0.4200 0.7390 0.2210 0.5790 0.5730 0.5850 0.4670
CCq 0.2780 0.2970 0.4470 0.7220 0.2140 0.5680 0.5670 0.5740 0.4590
Rakel 0.3450 0.2230 0.3170 0.6550 0.0930 0.7100 0.6100 0.6120 0.4710
Rakel-d 0.2610 0.3060 0.4590 0.7390 0.1650 0.5560 0.5660 0.5710 0.4330
MLSAEELM  0.1852 0.1580 0.2735 0.8148 0.5695 0.8065 1.4489 1.4463 0.4957

obtained from the classifier. To improve the prediction ability
of the model, we propose to use a modified MLELM in the third
phase that learns the mapping of the scores predicted by MLELM-C
to the final class labels. This MLELM-D takes the predicted output
values Y’ from the MLELM-C as input and the original target
labels Y as output. The input weights and biases are randomly
initialized and the output at the hidden layer V is computed using
Eq. (3). The hidden weights « are similarly learned from V and
the original output labels Y as

a =Vy. (9)

This MLELM-D helps to map the soft scores predicted by the
previous network to the hard labels instead of using a specific
threshold like in traditional ELMs. The final predictions made by
this MLELM-D network is then converted to hard class labels using
a calibrated threshold.

4.3. Training phase

In this phase, the training data is passed through three net-
works sequentially. Each of these networks have a specific task and
is trained iteratively.

4.3.1. Feature extraction

At the beginning of the training phase, the input data is fed
to the stacked autoencoder to perform feature extraction. The re-
duced number of features and the number of layers in the autoen-
coder is predetermined. The SAE trains iteratively till it learns the
input thoroughly. Once the SAE has learnt from the training data,
the encoded features are obtained from the network. The extracted
features of the training data are then passed on to the second net-
work.

4.3.2. Soft class prediction

The multi-label ELM allocated for soft class prediction (MLELM-
C) uses the reduced features from the previous network as input,
and the original multi-label output in the output layer. The num-
ber of nodes in the hidden layer is determined depending on
the number of input nodes. This network works in batch mode,
where it takes all the input instances together and trains itself in
one pass. Once the MLELM-C has learned the hidden layer weights,
the outputs need to be predicted. The MLELM-C is again fed with
the features encoded training data c, only to generate class scores.
The predicted score vector Y’ at the output layer are calculated as

Y = Bp(yc+B), (10)

where, p is the input-hidden weight matrix, B is the bias vector,
¢ is the activation function and B is the hidden-output weight
matrix computed by the MLELM-C. The predicted outputs Y’ that
is obtained from the MLELM-C are used to train the third network
MLELM-D.

4.3.3. Class score approximation

Another MLELM (named MLELM-D) is used to improve the pre-
dictions of MLELM-C by mapping the class scores to actual class
labels. The predicted values computed from MLELM-C are provided
as input to the MLELM-D and the original class labels are used
as output. This MLELM-D network also learns the hidden layer
weights in one pass.

4.4. Testing phase

Once the complete multi-label stacked encoder and ELM model
(MLSAEELM) are trained, it is ready for testing. In this phase, the
test data is fed individually to the first SAE network. The SAE
generates a set of encoded features for the test data in an un-
supervised manner. The reduced input features are then passed
on to the second phase. In the soft classification step, the trained
MLELM-C computes the individual class scores for each of the test
patterns. These intermediate predicted values are then given as in-
put to the final network MLELM-D which then maps the soft class
scores to actual class labels. This third network outputs the final
predicted values which are then used to determine the hard class
labels for the test samples.

5. Results and discussion

To evaluate the effectiveness of the proposed MLSAEELM tech-
nique, it has been tested on seven multi-label datasets using ten
performance metrics. These outcomes have been compared with
eleven other relevant techniques to judge the overall performance
of the proposed model.

5.1. Experimental setup

Seven well-known multi-label datasets have been used to eval-
uate the performance of the proposed model. These datasets are
emotions (music) [39], scene (image) [40], flags (image) [41], slash-
dot (text), yeast (biology) [5], delicious (web text) [42] and EUR-
Lex (text) [43]. The datasets are openly available at http://mulan.
sourceforge.net/datasets-mlc.html and http://waikato.github.io/
meka/datasets/. Experiments have been done using MATLAB 2017a
on a Windows OS with Intel Core i7 processor and 16 GB RAM.

Ten performance measuring indices [3] have been computed
with k-fold cross-validation on the above datasets. These metrics
are namely, Hamming loss (H loss), ranking loss (R Loss), one error
(One Err), Hamming score (H Score), subset accuracy (S Acc), aver-
age precision (Avg Pre), macro-F1, micro-F1, overall accuracy (Acc)
and average recall. Among these H loss, H score, S Acc, Acc and av-
erage recall are example-based metrics, R Loss, One Err and Avg Pre
are ranking-based metrics, and macro F1, micro F1 are label-based
metrics.
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Table 2
Comparative results for Scene dataset.
HLoss| RLoss| OneErr| HScore? SAcct AvgPret  MacroF1 1  MicroF1 1  Acc?t
MLELM 0.1819 0.4699 0.7713 0.8181 0.0014 0.4430 1.6362 1.6362 0.0010
B-MLELM 0.1778 0.4676 0.7672 0.8222 0.0010 0.4471 1.6450 1.6451 0.0007
ELM-ML 0.2763 0.4722 0.7905 0.7237 0.1916 0.4339 1.5441 1.6020 0.1815
MLELM+ 0.1753 0.3895 0.7469 0.8247 0.0145 0.4966 1.6517 1.6517 0.0135
S-MLELM 0.1459 0.1340 0.3410 0.8541 0.5773 0.7892 1.6518 1.6533 0.5442
BR 0.1350 0.2320 0.3890 0.8650 0.4230 0.6870 0.6350 0.6240 0.5340
BRq 0.1440 0.2070 0.3930 0.8560 0.4020 0.6010 0.6230 0.6370 0.5410
cC 0.1440 0.2200 0.3810 0.8560 0.5310 0.6540 0.6160 0.6020 0.5840
CCq 0.1430 0.2110 0.3650 0.8570 0.5290 0.6590 0.6230 0.6120 0.5930
Rakel 0.2210 0.1510 0.3160 0.7790 0.2290 0.7450 0.6050 0.5860 0.5140
Rakel-d 0.1440 0.2260 0.4080 0.8560 0.4470 0.6050 0.6050 0.5960 0.5320
MLSAEELM  0.0918 0.0760 0.2225 0.9082 0.6126 0.8677 1.6704 1.6710 0.6019
Table 3
Comparative results for Flags dataset.
HLoss| RLoss| OneErr| HScoret SAcct AvgPret  Macro F1 4  Micro F1 4  Acc t
MLELM 0.4029 0.4162 0.4615 0.5971 0.5242 0.6598 1.1704 11203 0.4045
B-MLELM 0.3985 0.3754 0.3158 0.6015 0.5889 0.7227 11314 1.0959 0.4504
ELM-ML 0.5201 0.5256 0.6410 0.4799 0.4476 0.5877 1.0459 0.9813 0.3226
MLELM+ 0.3666 0.3537 0.3493 0.6334 0.5846 0.7250 11732 11338 0.4734
S-MLELM 0.3679 0.3013 0.2051 0.6321 0.5807 0.7671 1.1502 1.1274 0.4474
BR 0.2530 0.2690 0.3090 0.7470 0.1750 0.7720 0.6690 0.7470 0.6060
BRq 0.2540 0.2720 0.2110 0.7460 0.1650 0.6710 0.7080 0.7660 0.6270
cc 0.2720 0.2940 0.2320 0.7280 0.2580 0.6800 0.6570 0.7220 0.5860
CCq 0.2650 0.2960 0.2110 0.7350 0.1600 0.6680 0.6800 0.7500 0.6120
Rakel 0.2830 0.2670 0.2680 0.7170 0.1490 0.7490 0.6960 0.7490 0.6070
Rakel-d 0.2750 0.3140 0.2320 0.7250 0.2110 0.6780 0.6480 0.7210 0.5860
MLSAEELM  0.2612 0.1895 0.1429 0.7388 0.6758 0.8420 1.2442 1.2027 0.5503
Table 4
Comparative results for Slashdot dataset.
HLoss| RLoss| OneErr| HScoret SAcct AvgPret MacroFl1 4+  Micro F1  Acc b
MLELM 0.1803 0.2995 0.7530 0.8197 0.2222 0.3855 1.6882 1.8771 0.1571
B-MLELM 0.1750 0.3233 0.7701 0.8250 0.2235 0.3713 1.7361 1.8783 0.1605
ELM-ML 0.1347 0.2308 0.6640 0.8653 0.2837 0.4770 1.7442 1.8833 0.2182
MLELM+ 0.2092 0.3269 0.7734 0.7908 0.1994 0.3658 1.7315 1.8729 0.1410
S-MLELM 0.0738 0.2165 0.5854 0.9262 0.3143 0.5302 1.7992 1.8905 0.2876
BR 0.0430 0.1440 0.5080 0.9570 0.2990 0.5950 0.2350 0.4600 0.3460
BRq 0.0450 0.3000 0.6170 0.9550 0.2880 0.3820 0.2490 0.4590 0.3480
cC 0.0560 0.3010 0.5390 0.9440 0.3630 0.4540 0.2490 0.4430 0.4230
CCq 0.0590 0.2970 0.5660 0.9410 0.3450 0.4290 0.2530 0.4170 0.3970
Rakel 0.0490 0.3980 0.8070 0.9510 0.1290 0.2000 0.1490 0.2540 0.1540
Rakel-d 0.0420 0.3030 0.6000 0.9580 0.3110 0.3920 0.2500 0.4730 0.3570
MLSAEELM  0.0412 0.1078 0.4276 0.9588 0.3748 0.6768 1.8048 1.8940 0.3593
Table 5
Comparative results for Yeast dataset.
HLoss| RLoss| OneErr| HScoret? SAcct AvgPret  MacroF1 1  MicroF1 1+  Acc
MLELM 0.2177 0.1938 0.2541 0.7823 0.5855 0.7419 1.4664 1.4317 0.4751
B-MLELM 0.2178 0.1885 0.2464 0.7822 0.5709 0.7412 1.4743 1.4427 0.4595
ELM-ML 0.2228 0.1782 0.2583 0.7772 0.6442 0.7424 1.4790 1.4427 0.5292
MLELM+ 0.2091 0.1875 0.2611 0.7909 0.5942 0.7429 1.4817 1.4465 0.4891
S-MLELM 0.2129 0.1838 0.2333 0.7871 0.5900 0.7480 1.4804 1.4459 0.4789
BR 0.2510 0.3150 0.4380 0.7490 0.0620 0.5820 0.3900 0.5680 0.4200
BRq 0.2610 0.2660 0.4940 0.7390 0.0620 0.5310 0.4190 0.6120 0.4690
cC 0.2660 0.3000 0.4820 0.7340 0.1440 0.5330 0.3970 0.5530 0.4250
CCq 0.2740 0.2830 0.5330 0.7260 0.1250 0.5320 0.4100 0.5890 0.4600
Rakel 0.3200 0.2860 0.4140 0.6800 0.0480 0.5510 0.4240 0.5690 0.4250
Rakel-d 0.2740 0.3120 0.4820 0.7260 0.0640 0.4950 0.3880 0.5450 0.3980
MLSAEELM  0.1943 0.1648 0.2222 0.8057 0.6104 0.7649 1.4888 14533 0.5021

The proposed model has been compared with eleven related
models. The first method of comparison is a multi-label adaptation
of the original ELM (MLELM) with a global threshold of 0.5. A bipo-
lar MLELM [15] (B-MLELM) and ELM-ML [31] have been included
for comparison. Among non-ELM methods, binary relevance (BR)
[36], classifier chains (CC) [37] and random k label-sets (RAKEL)
[38] along with one of their modifications (BRq, CCq and RAKEL-d)

have been used for comparison. Apart from these existing tech-
niques, partial structures of the proposed method have also been
included for evaluation. The method referred to as S-MLELM in-
cludes only the first and second phase of the proposed model, i.e.,
an SAE followed by MLELM-C. Comparison with this model shows
the utility of the MLELM-D network of the proposed work. Another
model MLELM+ which contains the second and the third phase
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Table 6
Comparative results for Delicious dataset.
HLoss| RLoss] OneErr| HScore? SAcct AvgPret  MacroF1 1  MicroF1 1  Acc?t
MLELM 0.0207 0.2073 0.4915 0.9793 0.1552 0.2663 1.9609 1.9610 0.0998
B-MLELM  0.0204 0.2074 0.4845 0.9796 0.1532 0.2628 1.9613 1.9615 0.0985
ELM-ML 0.0234 0.1588 0.4519 0.9766 0.2629 0.2812 1.9597 1.9611 0.1840
MLELM+ 0.1117 0.2765 0.5652 0.8883 0.1276 0.2210 1.9572 1.9573 0.1451
S-MLELM 0.0183 0.1392 0.3607 0.9817 0.1747 0.3476 1.9618 1.9614 0.1672
BR 0.0182 0.8824 0.3414 0.9818 0.0118 0.2681 0.0470 0.1933 0.1089
BRq 0.0215 0.8654 0.3541 0.9785 0.0109 0.2542 0.0460 0.1857 0.1310
cC 0.0187 0.1780 0.3059 0.9813 0.0255 0.1641 0.1233 0.2570 0.1467
CCq 0.0209 0.1654 0.3373 0.9791 0.0256 0.1746 0.1145 0.2511 0.1358
Rakel 0.0182 0.2002 0.3426 0.9818 0.0261 0.1881 0.1013 0.2482 0.1429
Rakel-d 0.0199 0.1823 0.3456 0.9801 0.0271 0.1785 0.1162 0.2261 0.1265
MLSAELM  0.0147 0.1499 0.3075 0.9853 0.1855 0.3580 1.9691 1.9617 0.1881
Table 7
Comparative results for EUR-Lex dataset.
HLoss| RLoss| OneErr| HScoret SAcct AvgPret  MacroF1 1  MicroF1 1  Acct
MLELM 0.0232 0.0886 0.4007 0.9768 0.4267 0.6072 1.8431 1.9778 0.4135
B-MLELM  0.0186 0.0450 0.2027 0.9814 0.5340 0.7763 1.8688 1.9779 0.4703
ELM-ML 0.0109 0.0397 0.2412 0.9891 0.2108 0.7530 1.8588 1.9782 0.4582
MLELM+ 0.0215 0.1112 0.4390 0.9785 0.4009 0.5617 1.8729 1.9777 0.3439
S-MLELM 0.0110 0.1319 0.1778 0.9890 0.3862 0.2211 1.8686 1.9780 0.5162
BR 0.0153 0.9478 0.2200 0.9847 0.2701 0.7631 0.1953 0.4417 0.4515
BRq 0.0202 0.8751 0.2118 0.9798 0.2618 0.7281 0.1879 0.4355 0.4987
cc 0.0050 0.7735 0.1937 0.9950 0.4796 0.7254 0.4908 0.7637 0.5986
CCq 0.0166 0.7543 0.2032 0.9834 0.4511 0.7203 0.5362 0.6982 0.5672
Rakel 0.0046 0.8107 0.1854 0.9954 0.4982 0.7747 0.5114 0.7810 0.5118
Rakel-d 0.0199 0.7968 0.1955 0.9801 0.5012 0.7683 0.5051 0.7554 0.5098
MLSAELM  0.0031 0.0295 0.1677 0.9969 0.4865 0.7773 1.8785 1.9780 0.5208
Table 8
Average recall for all datasets.
Scene Flags Slashdot  Yeast Emotions  Delicious  EUR-Lex
MLELM 0.0211 0.5406  0.4714 0.5568  0.4774 0.1246 0.5995
B-MLELM  0.0251 0.5921 0.4590 0.5462  0.5322 0.1253 0.5868
ELM-ML 01826  0.4547  0.5007 0.7203  0.4972 0.2388 0.0000
MLELM+ 0.0166  0.5444 04357 0.5588  0.4552 0.2204 0.5086
S-MLELM 0.6112 0.5682  0.3603 0.5760  0.5625 0.1211 0.6154
BR 0.5426  0.1862 0.2891 0.0632  0.1654 0.1218 0.3562
BRq 03981  0.1655 0.2677 0.0671  0.1435 0.1209 0.3721
cc 0.5571 0.2351 0.3491 0.1231 0.2091 0.0925 0.4567
CCq 0.4872  0.1462 0.3167 01253 01879 0.0875 0.4435
Rakel 0.2765 01311 0.1472 0.0433  0.0879 0.0926 0.4873
Rakel-d 04367  0.1892 0.3418 0.0598 01376 0.1013 0.4967
MLSAELM  0.6351  0.6248  0.3767 0.5707  0.5598 0.2242 0.6252
Table 9

of the proposed model (MLELM-C + MLELM-D) has been used for
comparison to show the importance of using an SAE. The detailed
analysis of the results are given in the following section.

5.2. Analysis of results

The proposed classification model (represented as MLSAEELM)
has been compared with eleven other relevant multi-label classi-
fication methods (including some ELM based techniques) from lit-
erature. The 5-fold cross-validation results corresponding to these
algorithms for seven datasets and ten performance measures are
shown below. Tables 1-7 show the results for emotions, scene,
flags, slashdot, yeast, delicious and EUR-lex datasets respectively
for nine measures and Table 8 represents the average recall mea-
sure for all datasets.

Analysing the performance measures for all the methods in
the above tables, it is seen that they vary in a similar man-
ner for all the datasets across all the metrics. The algorithms
MLELM and B-MLELM, both solo networks, are seen to perform
quite close to each other for all the datasets, whereas their

T-test statistics for all the algorithms against the
proposed one.

Proposed v/s existing method  T-test value
MLELM 41996
B-MLELM 3.0272
ELM-ML 3.5019
MLELM+ 47244
S-MLELM 1.6514
BR 4.6123
BRq 5.7343
CcC 4.3426
CCq 4.7881
Rakel 2.4001
Rakel-d 4.5857

performance is quite low compared to other algorithms. Thus, it
can be seen that using a stand-alone MLELM and its variations is
unable to predict multi-label classes well. The single network is
not sufficient for learning the intricacies that are present in the
data.
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Fig. 8. Average Precision of all algorithms over k-fold cross-validation for Yeast dataset.

ELM-ML and MLELM+ both use two consecutive networks in-
stead of one MLELM, and their performance is better than that
of the single MLELMs in most of the cases. ELM-ML uses the sec-
ond network for threshold approximation, whereas MLELM+ uses
the second MLELM to map class score (MLELM-D). Among these
two, MLELM+ seems to perform better than ELM-ML, which indi-
cates the benefit of using the proposed MLELM-D network. Among
MLELM, MLELM+, S-MLELM and MLSAEELM it is seen that the pro-
posed model has significant improvement in performance by us-
ing SAE for feature encoding and MLELM-D for class score approx-

imation. The proposed method is also seen to perform better than
the other existing methods BR, BRq, CC, CCq, RAKEL and RAKEL-d.
These results have been further confirmed by testing MLSAEELM
against these methods by varying the amount of training data as
shown in Figs. 4-10. These box plots show the average precision of
the methods for all the datasets over k-fold cross-validation, rang-
ing k from 2 to 10.

Among all the methods used for comparison, the proposed ap-
proach is seen to perform significantly better over the existing
ones for all the seven datasets and all the performance metrics.
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T-test statistics on the proposed approach against all the compared
methods for average precision metric is shown in Table 9. For
to.g0 = 1.440 with degrees of freedom = 6, the proposed method
MLSAEELM outperforms all the other models.

Computational complexity of the proposed algorithm has been
computed experimentally and compared with the other existing
methods and shown in Table 10. Both the training times and test-
ing times have been recorded separately. It is seen that the training
time for the proposed algorithm is higher compared to the other

algorithms, especially for the larger datasets. This is mainly due to
the stacked autoencoder network which is iteratively trained in the
proposed algorithm, thus adding on some extra amount of train-
ing time. Due to this reason, S-MLELM also has a large training
time. Since, the training phase is performed offline, a larger train-
ing time does not quite affect the actual testing speed of the al-
gorithm. From the recorded testing times, it can be seen that the
proposed method is quite fast and its speed is comparable to the
rest of the methods. Moreover, its testing time for some datasets
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Table 10
Run-time (in seconds) of all the algorithms for all datasets.
Emotions  Scene Flags Slashdot Yeast EUR-Lex Delicious
MLELM Train 0.1749 1.1105 0.0124 21116 15371 161.9306 215.9715
Test 0.0011 0.0088 0.0018 0.0629 0.0221 3.8547 0.1599
B-MLELM Train 0.1778 1.1031 0.0194 2.1183 14245 181.0913 234.7683
Test 0.0013 0.0079 0.0011 0.0672 0.0034 3.7205 0.1713
ELM-ML Train 0.1328 4.2526 0.0183 66.7521 1.6929 936.4543 755.9038
Test 0.0035 0.0416 0.0028  0.6456 0.0179  0.4021 0.3654
MLELM+ Train 0.0632 2.0992 0.0163 444069 0.7496 167.9387 405.1314
Test 0.0037 0.0242 0.0027 0.2026 0.0131 0.2066 0.1894
S-MLELM Train 2.3339 249166 1.2771 338.0252 7.4861 12856.6601 528.0802
Test 0.0852 0.0637 0.0596 0.0763 0.0609 0.5123 0.0833
BR Train 0.3346 0.6719 0.3063 0.6518 0.3785 475633 40.1136
Test 0.0151 0.0417 0.0405 0.1096 0.1362 3.7268 30.9803
BRq Train 0.3202 0.6551 0.2917 0.6265 0.3905 49.1082 40.1021
Test 0.0145 0.0322 0.0336 0.1077 0.1159 3.0465 29.5411
CcC Train 0.3622 0.9818 0.3211 1.4761 0.7788 973.2005 40.2038
Test 0.0180 0.0348 0.0154  0.1085 0.0752  4.1138 331692
CCq Train 0.3396 0.9481 0.3202 1.4655 0.7791 864.5708 39.2140
Test 0.0154 0.0301 0.0132 0.0998 0.0663 4.0213 32.9651
Rakel Train 0.6254 4.4748 0.3752 13193 4.0614 6467.4840 3471959
Test 0.0211 0.1389 0.0185 0.1424 0.0872 3.9647 31.6542
Rakel-d Train 0.5889 4.4734 0.3776 1.3330 4.0544 6542.3890 3479101
Test 0.0204 0.1134 0.0166 0.1326 0.0803 3.7465 30.2645
MLSAEELM Train 2.5726 25.7914 1.2392 334.4661 8.2951 18353.8901 677.5598
Test 0.0801 0.0592 0.0575 0.0876 0.0741 0.8718 0.1609
especially the larger ones are faster than most of the other com- References

pared algorithms.

Thus, from all the results obtained, it can be said that the ap-
plication of a stacked encoder for feature extraction and addition-
ally learning the soft class scores to hard labels mapping in the
proposed method significantly improves the performance of the
MLELM compared to other algorithms.

6. Conclusion

This article proposes a novel stacked autoencoder and ex-
treme learning machine network for multi-label classification (ML-
SAEELM). ELM is a compact neural network which learns from the
training data in one-pass. Applications of this network has been
made in various domains, but its use is limited in the field of
multi-label classification. The network is innovative and unique but
it is not able to handle multi-label data efficiently on its own. To
explore the possibilities in the area of multi-label classification,
by utilizing the strengths and coping with the challenges faced
by ELM, an MLSAEELM model has been proposed here. It uses
stacked autoencoders for feature encoding, MLELM for soft classi-
fication and in a novel class score approximation method, which
finally results in multi-label classification. Comparative analysis of
the proposed algorithm on seven datasets with ten performance
metrics against eleven other algorithms has shown encouraging
performance improvement. In future, this cascade of networks can
be adapted to a deeper framework to facilitate working with larger
and more complex datasets.
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