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Abstract

At present, e-commerce websites, learning resource platforms websites and social networking
sites generally have the recommendation function for comment things, but not the function of us-
ers discovering and recommending users who are interested. In this paper, the FPSHK-means
group discovery algorithm was designed by blending a pre-clustering stage on the basis of the
K-means clustering algorithm. The pre-clustering stage includes sampling, dimensionality reduc-
tion and hierarchical clustering. The FPSHK-means group discovery algorithm is designed to rec-
ommend interested users for the users. Through the comparison experiment with the classical
K-means clustering algorithm, it is verified that the FPSHK-means group discovery algorithm can
find more groups than the classical K-means algorithm. And the result of clustering is closer to the
actual distribution of the data object.
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Figure 1. Process of K-means clus-

tering algorithm
[ 1. K-means BEE A RE

RS oyt S AR O SRR X R

K-means R EIE[4]-[12/FE DL R B s . H—, 280 K-means S FLE50 KA S 45 1 Ab 2%
R, H, FBEH k ELLFELHE, DRI REEP OB, XA K-means HVE R L
AR 2 W 2 B N 38 B AL T M AR B A Jey et . =, AR K-means J2& 56 T FE A [ AH AU 1) SR R T,
FTVE B RIIERTE A% . 1 6 ) FR 11522 St K-means 520922 1) 58 25 25 SRAR 22 I R B0 S PR BE2E 43 A 195 100
FZER K.

2.2. BASIME X SPHK-Means #6iAR

TEMRBIZ ER R R SC[13]H, $2H T — Rt i K-means 28575 ——SPHK-means R K5%. %
A LORANA S E—T TR 4 B K-means SR EERIE N H AR, 1EE4T K-means ZEEZ BT IR
TR, R BLR P R A G R (Sampling) . 2= %437 #T (Principal Component Analysis) R 2 1 JZ /&
7 (Agglomerative Hierarchical), H 2 #fiei&E B EEHE k A1k MIEEEREP O ARSI D KER T
— BB C[14], fHF Movie Lens $#42 11 SPHK-means 25507 54 i K-means 58 2 BV I B 52
5, e RN . TEZEWEES, msEhRE 19 NI, SPHK-means HyERERIL 12
215 MR, MA MK K-means Hik HAEAIL 2 & 3 4285, 1 H SPHK-means 5%/ F /- {E HL &
K-means 5321 F 2ME 52 5%, X 3t B SPHK-means 5% At tb 4 8t K-means 532 & 15 2 B4 H R
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IR FHMEN L . RS JESRE R lE 2 [15] PR, Precision A Recall 5 (#2501 M(2), F /Y
JE AN A R B)HTR .
true positives
Precision = | wep | — @
|true positives| + [false positives|
|true positives|
Recall = — . 2
|true positives| + |false negatives|
F_o Precision - Recall @)

Precision + Recall
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Figure 2. Describe precision and recall
& 2. i precision A recall
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Figure 3. Process of FPSHK-means clustering
& 3. FPSHK-means B2 E £ w72
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4. EMBERS R
4.1. KEBIEESETEE

LS5 R REAE H Movie Lens i Movie Lens Latest Datasets (Small) ¥t 42, H:d# movies.csv fl4
Movie Lens 3%} 9125 M3 FArB(E 8, 3L 19 M2, o ar =& idsk s 1 fios.

Table 1. The top five records of movies
= 1. Movies FIRTRIER

movield title genres
1 Toy Story (1995) Adventure/Animation/Children/Comedy/Fantasy
2 Jumanji (1995) Adventure/Children/Fantasy
3 Grumpier Old Men (1995) Comedy/Romance
4 Waiting to Exhale (1995) Comedy/Drama/Romance
5 Father of the Bride Part 11 (1995) Comedy

3, “movield” & Movie Lens £ 455 H AT A& B2 905, “title” ;2 A2 A FK, “genres”
SR ANIE ey i

1T Movie Lens #5573 % 671 2 FH 7 IO TUE 404, B DA FH P B Se i % i 4H 2 B A REH
FLEZ I TIUE 70 8 H Af it

FESEER RIFETE Ubuntu 16.04 #:/E &4+ fd FH Python 3.6 5E .
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FRETHSEIPM LR &SRS, LB EEFIREH P 2R nEsdE, Tk E—3sx
I RPN FE AR T S 2R 45 AT VR .
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Table 2. Experimental results comparison of FPSHK-means algorithm and K-means algorithm
Fz 2. FPSHK-means &£ 5 K-means AL 45 RxftE

S8 TER RFEEE &k ik SSE
FPSHK-means 13 1575163
' K-means 3 1811250
FPSHK-means 14 1576007
? K-means 3 1810974
FPSHK-means 12 1575784
’ K-means 2 1811042
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Figure 4. Multidimensional scaling results of
FPSHK-means clustering algorithm
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Figure 5. Multidimensional scaling results of
K-means clustering algorithm
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