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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.

leasis 3 MZia) e olgiiay I¥] Vﬁhls..am
i g [F] N wge Slalas] sanaids 0] elozs]
diged glacas SVl 5l g e j0 0,5 o Lal [V] ‘).’9@

doddo—)
LTl o Cod (b ) T e o538l w3 ) sannai o

g &lp Joe u.,l..w’b_a > g Caogs |y ools punlio

o, s gl (elp el 84T o X pxio b B
RO Bdige Sl PP @Bz 9 X pxio b WS o] (sl i oz oS ool Birbs ez

Jo lp ol g Canloads ool Ll y ki b g

Lo g0 4 |y gunaab A [V]ogd go oolaiwl ol
o Glegemey; Wb gz pas gonaib dlis

Loz piz aiaib T p S gandil (IS
S 4 diged ) oAkl )0 0 e (s
Bged (Mg glis o a5 Jloyo 098 0 fad e iz
3 gl bgrpe lejed jsbdr canzy diz 4l (See

[V ]cwlods! D5 gdy o pdiz (gonddb Cuz> oyl

Joo sl oy ol 0y90 diged @ |y locinz
L Sygoin) w506 Ll lad o digei b aS 1) oz
Mgt ggae 27 glas jo wb a5 (was Liles yao
e p olaw 45 Sloj g ol los aliws ol [V+ A
Guade> 4 (JSde ool Jo 6l oWl 5l o)k

L [YP-YO] ojom 3l sy il oo iz (goiailo

@ Sl San 3 b cpe 2 a5 K e gadied Wiile

Aoz 51 [V]ogi oo Jolis caly anils glay atns G 3 e
> o3 l>as |5 0ed o dlins (clad
9 By (P9 (o) ST ) P90 [ s & Q‘93g5° 6@@ £s Qﬁ‘ Ji.{b 6&’0)?)‘5

D5 s0 sy B Goadgs Sy o Jloz>l Ayl

! Classification

2 Model
7 product categorization 3 Class
8 hashtag suggestion 4 Single label classification
% music emotion classification 5 Multi-label classification
19 image annotation 6 Text categorization

P 2l ¥V oLl VFeF Jlo



HOE SDAh (Glise 33 A p3 33 S 3isdiab Sl 3333 ) &)l

A 50 (ob dsgezmans cnl 51 S0 e sln g (o)
S5 4 Sl e sl S g e 4385
ke 2,5 o Lol (LalSS w2681 bl laasad o
Slpiing (o0g, sibge a5 Jb o (il axgi ool LSl
a9 Bz o dlaly e ooly LSl 4 a5 w20 o
2 dle cpl o [YA]o )l o )Ll ez a0 o Jolbs
ooy Iy bowz 3l Glsgormen; ol anainl
Sl sl sla il 5l eolawl b oy ,oI by o)l
Sdes Gz See Sl b aile LSS
ol a8 6,50 by, ol il ) c8s g e Y abolie
RrSeapk gy sl esliiul o KuSs b lbcds g leaigas
Om bl 4 dlie pl o imes wwl Salien
by Bl b glecwzy o5 (25 Gl b bows
0509 il dxg WS o Wy lie (29>
MLDE .Sy by, wdd e Siba a5 5,50
Wlio sleol gl Wgd oo Sl wijlo 1) 8 oy
bl o 5 0as oolaiul Hg090 gbranail 5l Lo
Wl L s @S 4 Ol S ekl
2 Glacaan g alidl ol (San SN
PNl Vo ez ool b oz pair gl
38 8ol Jeereyebas [Sie ol Jo (6l el
e jo e o plal (B3l s ¢ ol o )61 sl 2!
Jlie 5 S gy AL o)Ll 0 S0, am @ (o0 IS
Wil Sz 0 gl Gigel snlp e
s ooz ol Jlas 3 1) iz o] Jlozo
355 0m gmmo s i 1 285 S 3 b, ol S oo
as L9"9‘5‘° B ngL: )L»...«.: w.i.:ﬁﬂ‘ 6‘)—?‘ OLA} O Ll
sl fSan a0 ,s3! cpl 31 eolainl il sgaze ailio
L.\.».:‘ o \\C,\})é 5 G».».».A L;Lbu“’ﬁ) @9 0)115)
Vb e oty Glgion b8 (nl sblie 5l oams oo ol
oLl 1>l oy )0 oz p (o 5 Wools b3gel o
0ol g cspe o jlasl Kee o) colee 5l 08
S by, pow 950, Sl dlis oz i
» (S’Yb CA‘-JM: 6‘0)L)o‘ [ ).u l'bu"’ﬁ) 6;5.)[) » w

Sl gel

Tdod

5 Fitness function

¢ Mutation operator
7 Crossover operator
8 k-nearest neighbor
? tail labels

10 one vs rest

11 tree based method

PFP 2l ¥ oL VFeF JLlo

Olie g 00l uleol bz ol o 50 dlae cpl (o
Ok sl Ned oo gonaliss bz G bLS)
"gogaze b (5 Sils K gaialen il ooz bl
ool Calels o o 5 S00Ss b bz IS5 bl
IR s ples S o (sl S0y G tslons
Sl 3 Cep g CB dp ln Grimes 055 (e
oaLé.:wlYo..x:SI)i &= bl an els syl lews
2 il o plol alie ) 10 45 (65 g0 Canlodds
i anlodds 00)51

®,

ol il p lacdo g bewsrp uuadys %

soas A (689,9 Y am yhalS
9 oA«S‘JJ oace )l oolaiwl kS‘J" osls ué;wl.....o <&

e Al (o Y am el ol
odplel gl )lS o s 4y allae )l g0 i sl o
B S bk 990 008 pges 23w 53 35l p o0
ol 4 Splnl slaialejl 5 Sluglie gls 9 o
oxd Gl Jealias p)lez 5w ;0 by, plo 5 eoleiny

@olerin § GpSam 4 5 ey (i 0 5 Ll 0 s
Celoas azzls yy allio ooy ,oSl dewsgs (gl

) Jyere (o iz ganail slaets ;oS 5 ladg,
Aol po b g gaiaine Sglaie 8y paiz 5l e o
oy ez o blal as cwl ol dBass S o8
P LBl S plaei ol dez 5|23 b 050 Sl
ol DYIcwl Tg9g Bl oo ysfl i pS oo Sl
Syt oS 10 oS b slaasailo 5log )5 S 5l g,
bl 5l caloass JSas wilo |y 095 oz RN
pgd alws Lol ol Ol 09890 g ool o s3] oy
el e 5l S seila o ) sy o bLS)
i 0,559y Gl ) el (glo iy aakil dap 5l
5 097 el Jleds g e b bz (6553
A e ) Tael brb (o x5)8 iy Glp o Sen
Ol 5l el b cenz @95 52 G b [VW]a S
S e e & i ol 38 Sl 1) (g T Jloz
BURPTFS O VOV
WS oo a0 ) oz G B3 a5 et 65Ul
OlF s i )s8 (ol dhox jltaiinn (295 lovisail
OLlSes 5 Sils 0,5 0)Lal Jled ez dsgozme ) K
8 b s S o il DVF g s
2ol slgrig )50y caz p kKl St olddc goore
So Djgoty k=Y Jle ) ez koo gy cnl o

5“‘0

Showle ooy

! k-means constraint
2 scatter_add

3 Binary Relevance

4 Conditional entropy



Gowaib o Jig; Gaaiws :(1-Jau2)

(Table-1): classification methods in 2017 to 2023

Ulse 5,539) Ju 295!
e o ol | 2 A e b Sy ez sl | Br
. 0o . .
0% GO% 9 5,05 4z g Wby b3l & Binary relevance[12]
Jizl ogl Sl eoliiwl b ez 7o) 2 O Cc
g SRS e bl ) ARRE . .
0S50 B 5o ) bz e bLS, NS o ol |y gyl Classifier chain[13]
olasi b acgazme (sl p (Glowlome (Sauzmn 5 5l | —eols o suze Jlasl g g @k yoSl ulel Yoy Hierarchical

JA.C\-J? ..xj)lo u’_ofw).v L).«i)LMASM\)
S g0

ol 3T 5 0018 oz 1 0L Soyeel sl Neural networks[16]
el Ip g, &8logar | g 0o oolatuwl Siglite slavail 510, Sus, cpl o
il ol ladigad § boanz p oass &8 Sloj = | 1) bz 5l shegama ) Culyios andi ja [ Y-Y- :Cfgil[sfj]
el cslio o) sage
O oz n om pomdolie & 65l
ol 13 ool saled jo Jlael cplply | g Wigd oo gaiabg> labls )| ulul 5 bcws
Ol 39 4 Vb oz b ools (sladegame ;o | Colehyd 5 dpdioe aiblo puadl CS50 e | YoV Bonsai[8]

D5dse 0935 oz il (ogllas degaa s

g S0 hdm i ) eS LSS L sleesls
Q)»fso.v chQL'v

&b asile LlSS slapi sl slayll 51 a6l
oslital gblite e 5 Gz Sdee 5L | VoV

Evolutionary algorithm
Ensemble generation[15]

.Q.w‘oo;

LbLs)l 28,5 550 5 lacie Ol 4 a2 L

5 ladigos bL3 )| 5l eslinal b ols slocio Clsc

b caws

i vevy CLML[17]
el GYL e g,y ple 4y Cos C80 ooz 5 Glaod op 1SG0 35k 5l eoliinl g locuis
— o ol VIR IR o aSl Ldoas B
o T 2Ry S Al e Lol ot woS 5 5 el wuaib G e Gl
St s 4 ol g lbanail a5 L oy Yevy MLDE[18]

S ez Gaelawsds gl

o319 3 gy —1-Y-Y
SRSy b lecias &l LU, 8L Jelss al> e )l
s> Cwlap)] sanadss 5 oS b o
call juple wlol p Cosgame b Sl -k
oslsacgazme cunlin Lo rred a5 5 Wyl o oy
A eple Sl & oz G bLS) &S ol

Cwlodds 42105 0 lge ol Slorsgs s dalol jo .ol

sl Gaivaibgs 9 s » o bl -)-1-)-Y
g}""Lo-J S£9°9° (G g0 L)M.:J.:Ln ) |) wa,:-)) U‘?"u‘"
dges ;o Glacwzp oS Hly b e e ol

1 10
Y=11 1 0]
01 1

baS Gl cass e YU e ple o Jle ol
ot el Sy ol pgd g S g 5 S gl
L (2) p30 conzpp g (V1) st iz diged (0l
oz 2 D8 gad (pl e 1l Hio g g g 3l
o le pgw g ped slaylan rizen (il (¥3) pgw
s P9 g 90 Wiged (Sloanz p SaiS Ly

SOy T b Y

BAd oz piiz a0 Wl by a5 )sbles

0,559y 5 g 030 Cd diged Ay oz 60k Sl
3 Glp e (gades s ol eolpiin
W35 5 50 (oras h Sy ez p laades SIS
odbdmin Sz p oS5 b Suleds webioe
Sty old Gz p (oras el Aoy
SlaSes an GRalS lp @)l prizmer o
o c\.d)f).b;)\.\ o..\..5|)4 g )‘ oolawl b smas

Cwloads w‘d).: 0)‘9.4 )| g_i: » Cu..@y LY PSRN o

o dguzo b (Siluork (guiyadigs —V-Y
V-V-F a8 o il g b laml gasnales ol jo
Ot fdg.lsn Sty (beds) bawz p oo bl
4’)-56" P abes SO jo pi bLSIL Sl
Sl Gl 5o Jlie (eSiloak b ganadgs Gl oglis
P50 8 ) ez ol TS g Nty g oe oS

2355 et S S (o0 )18 Al

! maximum
2 minimum

P 2l ¥V okl VFeF Jlo



HOE SDAh (Glise 33 A p3 33 S 3isdiab Sl 3333 ) &)l

I ol sl S o0 B S5 Sho ojl e 50 5 00
Cawloduds sslaiuwl (V) :\.]aa\)
; _ xi—-min(x) (\)

X = max(x)—min(x)

s iSls oY usy hals-Y-Y

WD Ganabe> lblis g bews p (JS Ao o
Sely g Sl 05 Gy Al ab bl lp
adg> o S GRS st o) )ls d92g
3 4l b oS, onl il ddgs ol Banles Glsiea
oyl 1, S5 cds bl el powle Gl (Sawzn
Ll 09 cos Jloel oS o laciio plas LU 15;
Coond 0 a5 Cewl ouSTy max 9,505, pos Ll
Cwlodls ools asgr Y-V -)

oS |y (40,5 2o 8,55 9,-V-V-Y

LY o olal rals gl dlae cpl o aSepl @ oaxg b
Sy Sl ras AL (e AY 9 s
Ui ol o Sl i c0als ooliiul "ConiSTyy o S aem»
(il slapl b c\ilj EWIR PR e PN ST e
S B 5 (1) S8 gilhas 1) Jol> g lade

.« 0[/1]2/3/3/0/4|1/4|0
= [1)2|2/1/5/0]1]2]3|4

.....

01 2 3 4
0S|y 2o (gl Sl (V- JSC)
(figure-1): example of scatter_add
329 o ke b 4l dw (uail BT o ke sl
o0 (5338 ez o2 b lade 1)1 o blie slaalys o)l
Ore 0,5 oo B Jol> &Ll pjao &l o Jol>
Jlae U"‘ L)‘“"j) 9 o.\.aS‘).' fonace Jol.u)‘ L dalsl o

FNSIRY

A5 (53939 &Y s Gl Y-Y-Y
0,lads aSls (69,9 el aidS Y-V Ceowd 0 a5 b len
el e (acis s @) cudacas sl
ojlods g 05,5 il o gaax ged b o oS 05l Sk
S ety asls 18 ol e digel slacis oS pleades

leyd azgi (V) IS0 4 0w 8 cuae 30

@

!scatter_add

PFP 2l ¥ oL VFeF JLlo

bl Gl Yo pmile 30 Y mple a3l oo
O Srz byl eSS by o5 09l e S5z a1, Z

7Z=Y'Y
x 2 0
Z=(2 x 1
0 1 x

Lz 52 L) ol B8 Z et o ile o
Syg0 40 0,1 6)....1‘ Golddy> [0 dS Cawl hoes
O hJ ez g gl oz bLS) Zij el plo
aS Ceol 90 plp Zyp YU e o Jlie gl wasS o0
A0 90 90 5§ U rcwnsp a5 cul ol oS ol
9 oyl e laiils jpas lejes Dglate digad g0 o
S pgas oz &y S 55698 bl iz
WESPLY Sl Gl basS oyl &S Z31 = Z33 =0 1,5
5 g Slesls 7y lojee Slaised gy Aw 3§ S
)5 wilgs 8 Sglite claasss

Jlol sadss ol 4 (53959 Olgre s Z o ila S
Ol paie ;o a5 WS ep All SO Soleye el
1 s gl sl gy o] Ags oylads 50
8 98 pln 1k g ail @b 60955 Glaiea Yo il
sl 25 LTS g0m O (755 e

[T 1 0]ss

o leds Sixy Ol g s G pgd g st slaaslyo
3 e 9058 g Cel G P90 g LS oz p Ay
& o pow Ll Grizes s ISy Al
5lods Adgm 10 pow conz A5 el ol ool
Sl 18 s
oyl goinddigs 9 Loy bl y-Y-1-1-F
Ol boway wibe 55 ) (b She) bose
o Ple sl 52 0l aled an 93 e ile Ojgons
ol Jle sl ol diged o slacis oS ole
shaw j2) cwl dged aw lcws tauS ol o)
(D3 0 Hlis |y diges S oo

05 0 1 10]

X=11 62 31 0

0 0 4 6

olo 1y wged cpael 15 o el § e Xij &0

aS WS o oo Xop YU e by e gl taiS 0
S Goyeyd Wdg (S b j20) (29990 O)pots oo
cpo 3l B e en 4 sl Jgliie polas bbows
&S Z o yle 0 jglcamon g o Bolpils 0 Cho il
Gilwdley bools wiS oo o 1y o2 b locio s bLS )|



Bags 5 a5 gy90,8 ko du Cwsy Al
O b id AdgS (59 pln A oSy Abg> Aol (59
VY- Caond o a8 oSl 50 S e 5l Coond

Cewloods solawl wls QL"’

Lo dges sl () S0 0 a5 ysbples
S ddgr jo aS glbchs 0gd 0 0)ly 05 soiis
WS oo Jd 1, SG 0,8 ceac ASLS (o il I8
S o ) 5 6)S Wyl 3 Al Aigs 0 a5 Llacus

iles S Jlad

e

4&».»4 69939 Q|5.~:4\J Lﬁdwa? S)Lo.& (T—J&w)

(figure-2): Number of clusters as network input
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(Algorithm-1): Proposed Algorithm

Algoritm1

Input: samples with their features

Output: set of possible labels

1.5, ...,S8 <« 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.V4, ...,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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