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95 end for
10. end for
11.  end for

1.4 ML-kNN &%
SCHR[12,13] 7E k 4 (k-nearest neighbor, kNN )
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g(x;) =
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{LB(xi) = max(Q1(%,) - 3IQR(x;), min(x,))
UB(x;) = min(Q3(x,) +3IQR(%,), max(x;))
(8)
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HITEOL , 1 I8 D REAS AN 0 T 4 B F) 2 v, 4
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(1) HFAE P B0 R ARAEANAL KQT T i) 4 g
A0

TSR] R AL e B 45 R KQT il 4
RERIRZIR o 7o O B AR EA EE B R YR 1,47 .10,
13 MHIES 5 KQI Fl , 1T SR8 R i 5y R & 43
BIHS 10 15 Ff AR B B R B & = 15,58 1 J952ie

BOEN S AR A R EA A

0.25

A — LA AR

2 ML-ReliefF $F{EIE K Hita

G5 UL, ANTRI AR BE A PR B R AR RO Pk RE A B
AR AR RO 7 510 I PERE i, K2
BORAMFIES 5 B PR RE R A EE

(2) FFAEANA KQI T r 4

P4, R R R PS5 R AT AL KQIT il
DS, G5R N 2 PR, Hop 2R 25 il
PR PR RE ST , PR T 2 BH 0000 45 2R 9 il iR A R 7 22
BT R, SR ERRE

&1 KOQI Fiilll sk 45 R (FF{EE R, A4, k =15)

LEFNRQ Hamming Loss Macro-F1 Micro-F1 Instance-F1
1 0.316 £0.011 0.785 £0.011 0.802 +0.008 0.778 £0.010
4 0.197 £0.009 0.863 +0.009 0.866 +0.007 0.849 +0.009
a 0.193 +£0.007 0.862 +0.005 0.868 +0.005 0.853 £0.006
10 0.192 £0.012 0.863 £0.007 0.868 +0.009 0.852 +0.009
13 0.202 +0.009 0.859 +£0.006 0.864 +0.006 0. 847 +0.005

R2 FFEM KQI FillF LI 45 R (k =15)

LENRY Hamming Loss Macro-F1 Micro-F1 Instance-F1
1 0.309 £0.017 0.809 £0.013 0.816 £0.012 0.792 £0.013
4 0.194 £0.010 0.862 +0.006 0.867 +0.006 0.852 +0.009
7 0.190 £0.004 0.865 £0.004 0.870 £0.003 0.855 £0.004
10 0.187 £0.011 0.866 +0.009 0.871 +£0.007 0.856 +0.008
13 0.186 +0.005 0.871 £0.005 0.874 +£0.004 0.859 +0.004

P 3 APRIRRHE SO T AS AR KQI
L 25 S 10 48 95 4T T X% B ((URF H Hamming
Loss, FABIE AR AT o 1 3 31, A4 AT

KQI Ftil] iy T2 A Fl T AR AR T, 25 47 AL AT

A CHBES S T B8 AR LA STHK,

1 2 55 B0 64 R AE IR 22 M RE R, TS AU B0
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Hamming Loss
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s % 3 s 2 Ty AN SR TR EP S G D R R 118
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o TP I E R,
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KQI prediction for web browsing based on feature weighted ML-KNN

Xie Su, Liu Ziwei, Li Ke
(College of Smart City, Beijing Union University, Beijing 100101 )
Abstract

Traditional network-centric mobile network operation often takes corresponding remedial measures when receiv-
ing user complaints about service quality. With the rapid development of over-the-top (OTT) services, this prob-
lem has become increasingly prominent. How to predict and warn the user’ s service quality and timely intervene
based on the service perception monitoring is an important means to improve the intelligence of network operation.
In this paper, the service perception data crowdsensed from massive user terminals are utilized, focusing on the web
browsing service, and the ML-ReliefF algorithm in the dimension reduction of service perception data is applied.
On this basis, combined with the feature selection results with the multi-label k-nearest neighbor ( ML-kNN) algo-
rithm, a feature weighted key quality indicator ( ML-kNN for KQI) prediction is proposed. Experimental results
show that this method can effectively improve the quality of key quality indicator (KQI) prediction.

Key words: feature selection, Al for IT operations ( AlOps) , key quality indicator (KQI) , k-nearest neigh-
bor (kNN) , over-the-top ( OTT) , mobile crowdsensing ( MCS)
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