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Abstract

The research is on the primary potential high-quality user division of short video official unau-
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thenticated accounts identified by shallow security level classification of short video account in-
formation content. Since there are relatively few eigenvalues for the classification and identifica-
tion of shallow security levels of account information, and the requirement of this paper is to en-
sure the accuracy of its identification, the KNN algorithm is improved, and the GM-KNN model is
proposed to be used for classification and identification. The optimal parameter of the K value
was determined by the grid search algorithm, and the different distances were compared, and
the optimal distance of the model was selected, the Manhattan distance, and the preliminary divi-
sion of potential high-quality accounts was realized. After experimental comparison, the accuracy
of GM-KNN model is better than other comparative algorithms in the preliminary division of po-
tential high-quality accounts of short videos.

Keywords

Account Security Type Identification, KNN Algorithm, Grid Search Algorithm, Manhattan Distance

Copyright © 2023 by author(s) and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY 4.0).
http://creativecommons.org/licenses/by/4.0/

1. 5l

TSR T —Fh B N AL 487 2 K 515 B B 3R FE 22 e S R 2 K 515 B e 4
(O JEA S X AT, X HIK S [ 2R BT 0 1, HRE R AN RIZR AL, i AT & W
AR ENE T RERIK SRR RG AN E T HNERIK SRRk SR, P8 ras gk
YAIE (K5 R AR B, B2 e s . AR SRS P & 10 B 7 AR IK- S AR X RS i, (ER AR 3R
136 B T EAE RS KBS WA T4 —FE, A RIERREIE RIS 2 A AR T HA R D E K 5
AR, B D I ENT, AR LUOE A AT E 5 T 2 SR oK 5 R UK
GRS RN ST, FETH R AR E L S 2 SR B R R, ZERRL S BT A
RIS 1 AR SRAG T & 1B T OMERIK S B, B HVAEABAERIK S . FOUK 515 8 A 5 RE <4
S oy FRIE ISR AR VA IK 5 T IK 52 o R B K 5 3T 0205, 2 N SEbrAR N IE g e
DHNRFARINEK S, SERRARVAE HIGTE S IR PONER S, SEhr S UEIR K 5 =28k 52881,

T4y R EH KNN Bk, AR EAEE . BN E . AR IR, SVM L, ELM
AR SRR KNN B A A FRRIE I 72 SR 25 A S F P, AN 52 B VAL
Guangxia Xu ZE[2]$2H 7 — R R 4 R M A 304 SOM BLR 32K 512 (D-SOMFCM-OMA) I T # 51 il /
5325 Ming Yan Z5[3[#EHH T — R TR 2 P 20 250 B S JR BT RTINS AL o S Ik AL 88 27 S SR B Ay
FA P HEAT 43 SRR 45 P2 28000 B0 A, AR A A S 2R AT SR TR0 A2 (20 K BRI R B, ) &
FURREH TR s TN . Dingding Hu [418 7 X LSRR F kAT 0 48 7 — R4 &0 i RFM B
PRI B S5 v R B2 (I 46 725, Prasad N. Achyutha [S14F SVM BLyERHERE 73 Bt 7 36T T 90
%,

AW TR TS Rk 2280, R, Do stk JEIAR 4. VIR, A oA
JE R K Ry A KA R K S VB R AR R VG B RFAE o ARFE AN RRAEA T GM-KNN 4527 (Grid
Search CV and Manhattan Distance, K-Nearest Neighbor), LA KNN 53% Ay JEadt, {3 FH 8% 38 % S0k [6]) 34T
SRR, W e K E. R4 2 8 A R [TIHAT I FaR T b, e 7 A SO B BE 55 A 2008 2 i

ik

DOI: 10.12677/hjdm.2023.132016 166 EAGIEEraE


https://doi.org/10.12677/hjdm.2023.132016
http://creativecommons.org/licenses/by/4.0/

48

PRE A MR SR AR VA ALK 5 2547 70 6700, 7T BURE R VAR RALUK 5 70 A%, BITTHA
UEPEBRK S RN AT DRI 5 o PPAN 48 b 2 2 A R A R IS £ DL S K 5 (K020 &l 23 D i LA e e
BOR

2. HRBIARERL

2.1. KNN B3%

KNN 73 50355 TR 248 70 R BoR . K R AR R K AR AR, B MEAHTRT LU & B
FIL M K DML EARAR. TARRBER: fFE - MEASIRES, WARONIIZE, FEARE RN ERE
TAOERRRE e SN B SE I EAE G, R8T 00 e RN I 5 R A B P i B R IR REAT LA, 2R
JE FRBUREAS e AR ARL R (A ) 1R 70 SRR o — M U A A KRS AT k A BRI, @ k A
KT 20 B8 . KNN BB A D BT

1) i A AT AR A Z 1A 1

2) g R FREA TN SRR 2 R PR BE 25 42086 1 5C A HE T

3) EFREREHRN K ARG

4) BE kA RIISBIIER

5) iR i 2 BT E A AR FIFEA ) -

2.2. MigRRE %

PSR R TS TS, oA E R, X PTA RS AT N, SRR 2 2R R
o B br e B, W e BGEE R I A, HOTR R T IR R .
23 BEELN

231 RILERIES
N 275 18] 25 @ (X Xyg oo X ) D (Xog, X+, X ) BREEE BT A RO AR (D) FTR 6

n

d12 = kZ;(Xik — Xk )2 1)
23.2. BRAES
N2 15 (X X Y ) DXy X X ) TR B 5020 209 2 SO .
dy, = ;|X1k - X2k| )
233 YILEXRES
N 25 15 (X X+ Y ) DXy X1 X ) HIBE T SRB B T A SO A ST
d;, =max (|X1| - X2i|) ©))
3. BIEFFER S
3.1. BUEE

K FHNE A SRR B AT & s, i fig e R v R ATIC L, M 778 2022 4 5 H
28 H % 2022 4 6 /] 12 HIRELH) 2008 DMK S(E R . HAER FBINE 1 fon. FAEB T T 2 /5
RS TR R Lk 2 S5 i, B ERM TS R 228 fEaEG PSR Y]

DOI: 10.12677/hjdm.2023.132016 167 EAGIEEraE


https://doi.org/10.12677/hjdm.2023.132016

il 4

HO

RV VRS RL RO, IR R R 22 I Oy R, P A IR R 2 AT

I o

Table 1. Dataset user information data display
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Table 2. Video information display of dataset users
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Figure 1. Data category
B 1 BiEXA

DOI: 10.12677/hjdm.2023.132016 168

HEtzdm


https://doi.org/10.12677/hjdm.2023.132016

HP 1 AT, SRR S ABAI AR 5 NECR AT, B DA TG 200 S gt 17T A Ak
.,

3.3. BARFHEME XS

P i p Yl o
By 0.0026-0.0016 0.015 -0.005 -0.004-32.6¢-050.026 0.034
BAER -0.0026 21 027 032 024 012 08

3K -0.0016 0.24 ; 4 0.81 [0.56 0.74 (U3

#réz -0.015 0.14 {08 ! 0.54 (3 0.12 0.6

JEEDSE M IMAN 0.92 (062 | 1 094 07 0.87 [Ny

R SN E M oYM 0.81 10541 094 1 0.82 0.88 KK - 0.4

PR ~2.6e-050.32 [liles 0.7

-0.2
JGEETE K RM 2 0.74 1 0.6 0.87
MESE -0.034 0.12 0.081 0.12 0.071
l | | | | | l ) -0.0
3 g & oy H]Ooox K #® m
#®wOOL KO8 R 4 = il
¥ o o RO R R R B

Figure 2. Data feature correlation analysis

Bl 2. BRFHER XS

HIAH RS T AT R 2 Wl s, RS S By 22 8. AR B, 0 SR, ISR . A o
W FIIORE. R R Ry L BRI BURHAE R S A E S B IEAE R

4. BT MBS REZENSMIREEN KNN BXE REASMTRKS 9 2R 51E R
——GM-KNN =&

4.1 RBHEZR

BB T ANERLARAIK S RFAEVEAS Rl B, A AR A 5 8 22 e AL AR AR LD, B
R A — 58 144 B B 2 S AU G SO BT NIEIK 5, 53 M 1 AR 5 BB AR G0 A 4% 7 T AR 5K
CLRGE R 1B JNIERR L, (HA2 2K S th T80 Eah g B AL, AR # v ARE 7 Gk
To BRI L EARAIAS 5 R B SR REA LI BOR, X DLORIERE DU 7 0 R MER L RO LN, AR Y
LI T AL R A AN S T B 1K) KNN S 7 — R 5 70 40 GM-KNN 5539, 3T EE
PNTRIW SR eSS AV (SRR

4.2. BETFMEEREEZNRMESY K EN#HE

S I X A 4 2R B AR eh R 228 n_neighbors B Kl SR AL Sl — K K E A KT 20 19
¥, WETSHIEEIEERN 1~20, Bk BA PR K {EN 18,

43 BETZBEREAABERMESLN
e AR P R SN [ P 2 SO S AN SR AR HEAT XS b AT SE PR R, R B A R i

DOI: 10.12677/hjdm.2023.132016 169 EAGIEEraE


https://doi.org/10.12677/hjdm.2023.132016

rxfbe SR T MBS A, ADNRKIRER S 2SR AL DS REEHEAT IR, B E AL
R IE R B 0 2 M U

A SSAEREEE SRR ERE it

BOKNNAE ALY

T B RER

tEbE

Figure 3. GM-KNN algorithm model diagram
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Figure 4. KNN algorithm comparison
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Figure 5. Algorithm comparison
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