55035 % 4 2 30 L2 BEH/EFEFRFR Vol. 35. No. 2
2019 4£ 6 A JOURNAL OF JINLING INSTITUTE OF TECHNOLOGY June,2019

DOI:10.16515/j.cnki.32-1722/n.2019.02.010

JeTYE R B R DL R RS

(ERBHABE B TR B 098 MRt 211169

 E.RE 201845, 2ERMER BAC 23k 36 12, Ml 2B DAY 5096 . H 1 {8 3R I 4 4 1 ) B, =
A BRI RE ) O S Im i IRATAL IR ER W RE ) . T AELIBE I AR B 2 (9 1 1, A 28 T Bk T 4 A
DN €1 5 N o7 1 D5 (L 52 N e R A (=0 S 75 2 N 1 5 0 NI A = AT O

KR B 4 R A S e B

hE 422 .TP18; TP311 XEKFRIZED : A XEHES:1672 - 755X(2019)02 — 0044 — 05

Research on Application Scenarios of Dimensional Modeling on Post Portraits

DOU Ru-lin, YU Li-kai, ZHANG Kai
(Jinling Institute of Technology, Nanjing 211169, China)

Abstract: As of 2018, the total number of Internet users has reached 3. 6 billion, more than
50% of the global population. While Internet usage continues to grow, the ability to generate
data has far exceeded our ability to process data. In order to obtain more commercial value from
the Internet, this paper introduces big data analysis technology based on dimensional modeling,
and uses crawler technology to obtain online post information, and then use big data analysis
technology to form post portraits.
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