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Abstract On the crowdsourcing platform,different types of users have diversity and differences in participation intention, work
motivation, business ability and other aspects,and the value they generated on the platform is also different. The segmentation of
users based on user value measurement is the key to better insight into user value and needs for personalized and refined manage-
ment of users. At the same time.the choice of crowdsourcing user value measurement dimension is also a problem to be solved.
Therefore,based on the REM model, combined with the characteristics of crowdsourcing platform and crowdsourcing users, this
paper firstly incorporates user credit into the user value model, proposes and constructes a crowdsourcing user value measurement
model—RFMC. Secondly,combined with the required data obtained on the platform of “Yipinweike”,using GBDT algorithm to
complete the crowdsourcing user classification. Finally, the classification performance of Nave Bayes, Multinomial Logistic Re-
gression and GBDT are compared. Also, the classification performance of REMC model is compared with that of traditional model
without considering user credit. Evaluation indicators show that the proposed model is suitable for crowdsourcing users and has
good experimental results.
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Fig. 2 GBDT training process
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Table 5 Classification results (test set)

HAP&E

ik S (5t 569) AP RA
1 2 BmWEA P
2 2 — M P
3 0 ERARERFP
4 16 — KR P
5 47 RGP
6 31 — R REFR P
7 290 ERHREER
8 181 —MHEE R

MRS TTLAE e AR 6 1 v L 450 BT i —
Je A5 8 o 22 0 BT 6 T T RO I BRI O L 2 0T
PZERRER. S5 88 NS EE/N, X TELAHE
FH P — e 4 B P o 22 B D AL B N R R T O
M R BOXE R . — 05 X 2R TR L
HEAARAD L DX ) 52 % AR A b 55 R AR AN 0 R B8O
Z 5B 53— J5 T X 28T AT B R iy LA 2R BT P %
T » PRSP 65 Fp A7 A 19 ) R AR T S 5 9 3 R BE . X T
BB E BRI 5T 5 RN A R
TR 5 B0 5 A L R I 4R 5 S 5 R X TS 5
EEBARK P G R B AT R R /AT
it FURR R L X A R RS B B AT R A . BT
b AN ) 28 0 P P SR BOAH N7 A5 B 4 it 2 2 i AR AT 55 400 e AL
AL HET B R A A OB
3.2 REHRXLL

SR T UE ST i A AR R ) R AR SOXT LT B A R AN
RUHERERAE GBDT 5835 T B 23 JE ol R A0 47 [/ A, 326
TRy 240 2 B0 I T A B R AS A M R AR B B LA 20 2R

TR S 0 (1 R, 36 IH 23 SR ) 43 s R R A 5 43 25 8 Tl 3R
S E A 2B T P RS A A 2 B LA oy 2B A T R
PR B R, 26 B 4 2R B T (19 23 U R B 4F . RFM T 5
RFMC #8153 2 A 2 A3 Wl S5k 6 fr ),
# 6 RFM B RFMC 88 A9 X
Table 6 Comparison between RFM and REMC models
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Table 7 Comparison between GBDT and other algorithms
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