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Presenting a new method for multi label classification
based on neural network
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Abstract

The problem of classification can be divided into two categories: single-label and multi-label. Single-
label classification consists of binary and multi-class classification. In binary classification, the task is to
predict one in two possible classes, such as distinguishing between spam and non-spam emails. In multi-
class classification, the goal is to classify instances into more than two classes, such as identifying
different species of flowers based on petal measurements. In contrast to single-label classification, multi-
label classification is more complex because each instance could belong to multiple categories
simultaneously. In multi-label learning, instead of assigning a single label to each instance, a set of labels
is assigned. This means that each sample may have zero, one, or more than one associated label. For
example, in a text classification task, a news article about technology and business might be labeled as
both "Technology" and "Business". To handle multi-label classification, several approaches have been
developed. One of the simplest methods is Binary Relevance (BR), which transforms the multi-label
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problem into multiple independent binary classification tasks—one for each label. Although this
approach is easy to implement, it treats each label independently and ignores possible relationships
among them. However, in real-world applications, labels are often correlated; for instance, in medical
diagnosis, certain diseases frequently appear together. In another approach, Label Powerset (LP),
considers label dependencies by treating each unique combination of labels as a separate class. While
this method captures relationships between labels, it suffers from scalability issues while dealing with a
large number of labels, as the number of possible label combinations increases exponentially. To address
these challenges, the proposed method incorporates k-means constraint clustering to group both labels
and features prior to applying classification. In the first step, clustering is performed to group similar
labels together, ensuring that label correlations are preserved. This also helps to mitigate the issue of
imbalanced classification, where certain labels may be underrepresented in the dataset. Once the labels
are being clustered, a separate multi-layer neural network would be assigned to each cluster. Instead of
using a single large neural network for all labels, multiple smaller networks would be trained for
different label clusters. This approach enhances learning efficiency and improves accuracy by focusing
on relevant label groups. However, using multiple classifiers increases computational costs and training
time. To mitigate this issue, a scatter-add dimension reduction technique is applied. Using scatter-add,
attributes are efficiently assigned to the input of each neural network, ensuring that each classifier
receives only the relevant feature subset. Each neural network then predicts labels within its designated
cluster. Eventually, the predictions from all classifiers are combined to generate the final multi-label
output for each instance. To evaluate the effectiveness of the proposed method, experiments were
conducted on various text datasets. The results were compared with traditional multi-label classification
methods, including Binary Relevance and Label Powerset. The evaluation has been based on several
performance metrics, such as accuracy, precision, and hamming-loss. The results demonstrated that the
proposed approach achieved superior performance across multiple datasets, ranking first in several
evaluation criteria. Notably, it outperformed existing methods by a margin of approximately 1% in
accuracy. These findings suggest that clustering-based multi-label classification using k-means
constraint clustering and multi-layer neural networks is a promising approach. By leveraging label
correlations and reducing dimensionality, the proposed method effectively improves classification
performance while addressing issues such as label imbalance and computational inefficiency. Future
research may further explore optimization techniques to reduce training time while maintaining high
accuracy.

Keywords: Classification, Multi-Label Classification, Clustering, Neural Networks.
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(Table-1): classification methods in 2017 to 2023
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(Algorithm-1): Proposed Algorithm

Algoritm1

Input: samples with their features

Output: set of possible labels

1.5, ...,S;, < K-means-constraint(K ,max, min)
2.new-features <« scatter-add(features, clusters)
3.8, ..., 8, <« K-means-constraint(K' ,max
min)

4.new-labels <« scatter-add(labels, clusters)

5. Vi, ...,V <—separating(clusters)

6. new-out «—multiplication(new-labels , labels)
7.training K' neural networks

8. concatenate possible of each neural networks
9.return final set of labels.
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(Table-2): Multi-label datasets used in the experiment
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(Table-6): Description of neural network used for
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(Table-3): Experimental Results of All Comparing
Algorithms on delicious Data Set in Terms of Four
Evaluation Metrics
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(Table-4): Description of neural network used for
delicious dataset
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Data Set in Terms of Four Algorithms on stackex cooking
Evaluation Metrics

stackex_cs 53134< gosxo F1 LI:;S Ace Prec e 95!
(Table-8): Description of neural network used for . YAQ LD . v.q C¥A- LLSF
stackex_cs dataset ) : ) :
Learnin QY olax Slaxs S ¢ RE EERCR PR A & 7S R LLSF-DL
Time(h) 8 epoch
rate b A SYEY | eeef | oenay | oexs LIFT
Y.f e Vo \ ¥ SXVY | el | S YAY | 2 ¥l MLCIB

<

Pf 2l ¥ okl 1FF Jlo



http://dx.doi.org/10.61882/jsdp.22.2.127
https://jsdp.rcisp.ac.ir/article-1-1433-en.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-12-23 ]

[ DOI: 10.61882/jsdp.22.2.127 ]

Ol L as el o] BaiS ol laged ST W,
soloitg o580l 5 00 i (eSilee 5 BV ovir
D) (5 e 0, les

-0
ilby 28> Sy Baa b ) saax by, allie ()l
Sy 3,50, WS (o8 (B oz piiz ol
Gaudlg> sladie) 0 ohoh | oS psly 9o
o) S o pléol o oae 350s &Y olad Ll 5 canr s
gl 0 @l sbole &, sl besly
g 0,Sbes iuli8l 4y e oS Whals b s pois
el 558 s 05500 Glolome (S 2ol
e Copie 6lp Py ganades Bgjle S Ak
Js> £5° Sasly (hnS slocz ) Ao locz
G axg bl guac A5 slaayY o olul ialS jeore
S o e leesiS sonail  Jhjeel | Souzn
Silwaige lp baY ol als « puz pois Slondas
&y scatter_add 51 g, cpl ol ppe Jlows (5390l o)
1y U ol Slass i3 yobo 4y 45 S co ool jlit oyl
Sy |y (g0l gy 5 am e (palS 2B el (g0
ol 5o easddl)l e oly ool pogdle Wy o o BB
S bS5 50 oz 3,55, Sy lgiea Wil oo allie
(P yebds WS oo wal 8 iy (il ln | L2S &S
oS guiail S aalllas cpl o 08 il iy b
Jo o bl il ad 3 IS (MLP) Vo g by
g Woslsacgems gl )3 iyt o)sfl ozl ol
aS aes oo s cpl elos ST Jee g 0 Slas slojlxs
Wlgi oo soleidioy g ¢4y (slooNS Guiaibo L
a5 b Cans hjeel ploj po yis pals g YL Cés @
2 ol lagiags sl oaisS sl ez 5l o
gy 90 3 Wlie (pl a8 (o0 b (o paiz el
L 33 o o (Jocpll S o oolaiul ganaies
Q) ganader g9 o 5l eolainl loy urd (glp sode
K & Gleicas Wi oo s> £9090 (| Caloais
oyl cnlpogdle gl w35 a5 wax clagh
g odiS ganaib g9 g aadys ol wile 5,50
Olyet a5 Swl gedge nl alis
Rz slacesyd plsar w5 dlie ul lacgsgame

g a8 Sl 50 S g ple lp

G0 —F
Gouddex la izu o was 6)5195 aw dlae ol o
Lol @l prae &G GlaaY an talS g lacws
Bz p i $lp waib pais Sl 4 g

cir

(s A ahpalib Olasive-)-F
ool g Bz (gras &G0 5l allie cal o
Olsisdy omas A0 £o5 ol Bolaiwl LYo 5l celoads
s ooy Dygoty &5 el ol anail
Bl s 4 5l g WS o0 Sty |y ez paix
g9 opl 3loolaiul b (gonmie SYs (yioren tCand
Sepwog 280 Ll 9 b @l 4 WS
A 5l oS Cewd gy YA nac AL Wleagw,
eslond S23 (he) ' Gle 5 (5795 159955 &Y
Silge w0 ol ol e o 1) gl slaasy
ol dlopys ) mls oy Sle LAY o d9xs
A Sglite sleosbacsaze glp Tilu b alys
sy jorelu jloJld ol b gl g g 485
b s Jols SLL &Y o sigmoid jlu b o e
ez g ol a0 Cugae Jlxl sigmoid
5 e o Jlil Jlade al Gsr 9 WS (0 St
) ol S b o b o led ke sl sl S

Ol it pis e 5 cezn Sohn S Ole
Sl > 4 e (55 e ol |y e sty oz
wasliwwsd s L owi gl asboles
WS oo Jolo |y (65 gl o Y S.JLLMT»WJA

ooz e gamalgs 5l eslasl b oalas cpl o
sl oYL (SaSly cod & gbbcws p s
2 Foobar wes g Gl @l b @) gog0> b
Sl i gl g S Luibly a5 slacslsac geze
2,5 sawlice I Cand oy Q‘}E‘sa (V) Hogad 4o

20
18
16
14
12

1a

0.8
-
06 \
0.4
25 50 75 100 125 150 175 200 225
Accuracy difference from average
evir g <do bl (Y- JsLi)

(figure-3): relation between accuracy and cvir

ooyl 8o S| BaiiS Ly Sloged jo 28l jeore
s g Selapi oSl ple 285 (Sl I golerin
odlsacgazmo 10 1) Sgzge (slrdils uillg CVIr (G040
S5 (CVIR) Joles pas Cound oot gy S o0 Ol

oy Jolss pae e i (sl a5 Sl (6l jlne
Dy o ooliinl sanass boldac goore

! Hidden layer
2 Activation function

¥ 2l ¥V o,lbVFeF Jlo


http://dx.doi.org/10.61882/jsdp.22.2.127
https://jsdp.rcisp.ac.ir/article-1-1433-en.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-12-23 ]

[ DOI: 10.61882/jsdp.22.2.127 ]

HOE SLDASb (Sliso 33 AR 333D S Jisdiinb Slps 3330 i) &SI

&

[12]Zhang, Min-Ling, et al. “Binary relevance for
multi-label learning: an overview”, Frontiers
of Computer Science, 12(2), 191-202, (2018).
[13]Jun, Xie, et al. “Conditional entropy based

classifier chains for multi-label
classification”, Neurocomputing, 335, 185-
194, 2019.

[14]Wang, Ran, et al. “Active k-labelsets
ensemble for multi-label classification”,
Pattern Recognition, 109, 107583, (2021).

[15]Moyano, Jose M., et al. “Combining multi-label
classifiers based on projections of the output
space  using  Evolutionary  algorithms”,
Knowledge-Based Systems, 196, 105770, 2020.

[16]Cerri, Ricardo, Rodrigo C. Barros, and André
CPLF De Carvalho, “Hierarchical multi-label
classification using local neural
networks”, Journal of Computer and System
Sciences, 80.1, 39-56, 2014.

[17]Li, Junlong, et al. “Learning common and
label-specific ~ features for multi-Label
classification with correlation
information”, Pattern  Recognition , 121,
108259, 2022.

[18]Zhu, Xiaoyan, et al. “Dynamic ensemble
learning for multi-label classification”,
Information Sciences, 623, 94-111, 2023.

[19]J. Huang, G. Li, Q. Huang, X. Wu, “Learning
label specific features for multi-label
classification”, /EEE ICDM 2015, pp. 181—
190, 2015.

[20]J. Huang, G. Li, Q. Huang, X. Wu, “Learning
label-specific features and class dependent
labels for multi-label classification”, /EEE
Trans. Knowl. Data Eng, 28 (12), 3309-

3323, 2016.
[21]A. Braytee, W. Liu, A. Anaissi, P.J.
Kennedy, “Correlated multi-label

classification with incomplete label space and
class imbalance”, ACM Trans. Intell. Syst.
Technol. 10 (5), 56:1-56:26, 2019.

[22]Y. Wang, W. Zheng, Y. Cheng, D. Zhao,
“Joint label completion and label-specific
features for multi-label learning algorithm”,
Soft Comput, 24 (11), 6553-6569, 2020.

[23]H. Han, M. Huang, Y. Zhang, X. Yang, W.
Feng, “Multi-label learning with label specific
features using correlation information”, /EEE
Access 7, 11474— 11484, 2017.

[241X. Jia, S. Zhu, W. Li, “Joint label-specific
features and correlation information for
multi-label learning”, J. Comput. Sci.
Technol. 35 (2) (2020) 247-258

pade wese bl o qelae (Slee Culo [vo]

loazl a0 anls jasidy Wlha (oS,
dolilad & )5 g Cong S Sy 5l oolaiwl b yines
N0 Lo F blads VY b9 loools g pMe 50,
AFY YA
[25] Moslem Samet Omrani, Mohammad Saniee
Abadeh, Nasrollah Moghaddam Charkari,
“Rumor Detection on Twitter using tweet

and wuser features”, Signal and Data
Processing, 21(2), 15-28. 2024.

Pf 2l ¥ okl 1FF Jlo

<

Gy 0aiSTy e S 4 day LialS elonds colii
l dlie cpl jS0l, i a8 )3 a0 yeel oley il
9 & i b g <85 Ll 0 e 080, S Ul¥ee
Ol o aSTlyz edl cons sy bl 4 asasls ooy
3 el oo oolaw! mlp ool andids 3l allas
e ol el sl g ban o alize slrosloac gazo

Canlod S Joe oy 9290 (glapis oSl

7-References &= oV

[1]Han, Jiawei, Jian Pei, and Micheline Kamber,
Data mining: concepts and techniques,
Elsevier, 2011.

[2]Zhang, Min-Ling, and Zhi-Hua Zhou. “A
review on multi-label learning
algorithms”, IEEFE transactions on knowledge
and data engineering, 26.8, 1819-1837, 2013.

[3]Chalkidis, Ilias, et al. “Large-scale multi-
label text classification on EU
legislation”, arXiv preprint arXiv,
1906.02192, 2019.

[4]Spyromitros-Xioufis, Eleftherios, et al.
“Multi-target regression via input space
expansion: treating targets as
inputs”, Machine Learning, 104, 55-98, 2016.

[5]Yang, Qi, et al. “Amnn: Attention-based
multimodal neural network model for hashtag
recommendation”, IEEE  Transactions on
Computational Social Systems, 7.3, 768-779,
2020.

[6]Lee, Jacsung, et al. “Compact feature subset-
based multi-label music categorization for
mobile devices”, Multimedia Tools and
Applications, 78, 4869-4883, 2019.

[7]Wang, Jiang, et al. “Cnn-rnn: A unified
framework for multi-label image
classification”, Proceedings of the IEEE
conference on computer vision and pattern
recognition, 2016.

[8]Khandagale, Sujay, Han Xiao, and Rohit Babbar,
“Bonsai: diverse and shallow trees for extreme
multi-label classification”, Machine Learning
109 (11),2099-2119, 2020.

[9]Tanaka, Erica Akemi, et al. “A multi-label
approach using binary relevance and decision
trees applied to functional
genomics”, Journal of biomedical
informatics, 54, 85-95, 2015.

[10]Prajapati, Purvi, Thakkar, Amit,
"Performance improvement of extreme multi-
label classification using K-way tree
construction  with  parallel  clustering
algorithm”, Journal of King Saud University-
Computer and Information Sciences, 34(8),
6354-6364, 2021.

[11]Prabhu, Yashoteja, et al. “Parabel: Partitioned
label trees for extreme classification with
application to dynamic search
advertising”, Proceedings of the 2018 World
Wide Web Conference, 2018, 993-1002.


http://dx.doi.org/10.61882/jsdp.22.2.127
https://jsdp.rcisp.ac.ir/article-1-1433-en.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-12-23 ]

[ DOI: 10.61882/jsdp.22.2.127 ]

[26]

Lo e dow (obs ome (syio el LS (ngn  [VF
ol bl o yuile Jloy e s ausis»
pidle Sl delilad « Sblis la el )l o 55lS

NEY XAYY oo o) 5)lad Y 3,90 soools 5
Elham Parvinnia, Mohammad Safari, Seyed
Alireza Khayami, “Exploring on rotating
machines abnormal state with data mining in

protective parameters”, Signal and Data
Processing, 21(1), 27-38, 2024.

&

255 ol Sye yglils (S
S olBzils SEYYY L o |,
g Al gl dxye g Sige
e &L, 3 1) 09 (6l S
xio ol 5 lEla s = igeels
WAL 5 YA ladls 50 eyl

g BaSisls Luzils Lol b s oS cdl
Sl .l ol duged oo Con i olBiSls FenlS
5 sySeols il wlo le liol Adle 5,50 Liogh
5 el ol oL deosls Cupae (318 s

Sl el ©)ke lal &b, Sles

ndaneshpour@sru.ac.ir

21y e85 Gmal
i ALD; )0 ol s ol
ol b ol oail a8 l53la 5
Al ab)l oWl )l alade (ggomiils
@l S olasls lile 5 wiigs

Sl 03l olial: 9 65[50&‘& UL‘”'" ‘S)L&IUG.A :L».».A) S|

Sl Oyle Gl &b, Sl

Program.nasiri97@gmail.com

¥ 2l ¥V o,lbVFeF Jlo


http://dx.doi.org/10.61882/jsdp.22.2.127
https://jsdp.rcisp.ac.ir/article-1-1433-en.html
http://www.tcpdf.org

