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Abstract Online rumors may disrupt people’s thoughts, psychology and behavior, cause social shocks and endanger
public safety. The widespread use of social platforms such as Weibo makes the impact and harm caused by rumors even
greater. Therefore, rumor detection is of great significance to the orderly and healthy development of cyberspace. The
current automatic detection techniques for rumors focus more on the construction of detection models and the represen-
tation of input data, while there is little research on improving the quality of data to improve the effect of rumor detec-
tion. Based on this idea, this paper applies the rough set theory to the incomplete rumor information system for knowl-
edge acquisition and decision-making. In essence, to obtain high-quality data and improve rumor detection, the rough
set theory is used to solve the uncertainty measurement, redundancy, and incompleteness of the incomplete rumor in-
formation system. Firstly, it systematically summarizes the methods of uncertainty measurement in rough set theory,
including four uncertainty measurement methods such as Shannon entropy, rough entropy, Liang entropy, and informa-
tion granularity, and organizes and derives the consistent expansion of the four uncertainty measurement methods from
complete information system to incomplete information system. Based on the four uncertainty measurement methods
summarized above, a knowledge reduction algorithm based on Maximum Correlation Minimum Redundancy (MCMR)
is proposed. The method is based on entropy measurement, which can comprehensively consider decision information
and redundant noise. Experiments on 8 data sets such as UCI and Weibo show that the algorithm in this paper is supe-
rior to several baseline algorithms and can effectively solve the redundancy of the information system. In addition, this
paper proposes an incomplete decision tree algorithm based on maximal consistent blocks. Experiments on data with
different degrees of missingness show that the algorithm in this paper can effectively solve the incompleteness of the
information system.
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N AESRESHEERLE(U,CUD).
fnh: —ANEMELE T4 B

I WSHEAEE MH (C,D);

2 BHIHEMATTEB=0 .

3: WHILE|MH (C; D) - MH (B;D)|> 6 Do
4: a = aflléli‘BSig("f’B’D)

5: B=BuU{a}

6: END WHILE

W) 1, ARBOX LR 1 T T MH R
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4: IFD(a)<e DO
5: Cooer (@) ={ X1, X5, X, }

> MORAH AR
6: FOR X ; € o (a) DO

(U.CuD,f)=(X,.cuD,f)

7: Cotoet (D) ={Dy, D;,....D;..,D, |
8: IF |Cyjoe (D)|=I THEN
Label, < f(U,D)
9: ELSE IF C =@ THEN
Label, < arg max|D |
f(u.p))
10: ELSE
RETURN Step3
END IF
END FOR
END IF
END FOR
11: RETURN T
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Tabel 3 Description of the dataset

FVeiTE S JE T MIE 213 I
Car 6 1728 2
Abalone 8 4177 2
Adult 14 3256 2
Bank 16 4521 2
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Tabel 5 Post dataset

o JE AL THE ) (s) e FECIES F1 {8
Hr Ji Hr J& i J& T Ji Hr Ja
Rk (11s) 8 3 14.70 8.07 07832 08132  0.8088 0.8400 07872 0.8170
K (GIS) 8 3 11.89 7.90 0.7755  0.8049  0.8127 0.8426 0.7821  0.8108
D3 8 7 0.16 0.12 0.8700 08713  0.8638 0.8651 0.8683  0.8696
Cart 8 6 0.13 0.08 0.8636  0.8681  0.8560 0.8629 0.8615  0.8664
AdaBoost + ID3 8 2 3.73 2.88 0.8996 09039  0.9438 0.9542 0.9031  0.9078
AdaBoost + Cart 8 2 3.48 2.58 0.8986 09035  0.9425 0.9529 09021 09073
Ra?ii?i‘;;e“ 8 6 2.43 227 0.9080  0.9093  0.9446 0.9434 09105 09116
Ran‘ig;‘m“ 8 7 1.88 1.69 0.9095 09108  0.9459 0.9459 09120 09131
& 6 Structure FIEE
Tabel 6 Structure dataset
- JE S TSN (s) e % FRCIES F1 {8
Hr Ja Hr Ja El] Ja Hr & i &
RN (11S) 5 3 11.47 7.87 0.7159 0.7433 07526 07794 07242 0.7507
KN (GIS) 5 2 11.18 7.67 0.7056 0.7412 0.7357 07816 07124  0.7497
D3 5 4 0.10 0.08 0.7572 0.7521 0.7565 07474 07556 0.7492
Cart 5 4 0.07 0.06 0.7450 0.7473 0.7366 07448 07412 0.7449
AdaBoost + ID3 5 4 324 2.83 0.7988 0.7991 07837 07842 0.7944  0.7946
AdaBoost + Cart 5 4 3.12 2.80 0.8012 0.8012 07898  0.7898  0.7976  0.7976
Ra?:;?i‘y’;e“ 5 4 2.89 252 0.8042 0.8029 0.8179 0.8175  0.8056  0.8045
Ran‘z‘;‘;f)or“t 5 4 1.91 1.74 0.8049 0.8024 0.8166 08162  0.8059  0.8039
&7 User 8iF&E
Tabel 7 User dataset
_— JaE % TR (s) HERf R FEACIE: F1 1§
Hir Ja Hir Ja H J& Hir J& Hir J&i
EINCTID) 12 10 24.82 20.46 0.8619 08610  0.8914  0.8906  0.8648  0.8640
e KN (GIS) 12 10 14.47 12.96 0.8730  0.8681  0.8923  0.8914  0.8745  0.8702
ID3 12 9 0.19 0.12 0.8934  0.8906  0.8893  0.8910  0.8921  0.8898
Cart 12 6 0.17 0.09 0.8900  0.8900  0.8884  0.8867  0.8890  0.8887
AdaBoost + ID3 12 4 537 3.83 09116 09136 09403 09442 09135 09155
AdaBoost + Cart 12 8 432 3.70 09110 09116 09373 09429 09126 09137
l;atr(‘i‘l’fw"yr) 12 7 272 2.04 09219  0.9200 0.9581 09550 09241  0.9221
RandomForest(gini) 12 10 2.05 1.90 09202 09196 09555 09524 09223  0.9216




Fhr & BB ARG &KIE S H B RRM AR vesk 31
% 8 Union #IE&E
Tabel 8 Union dataset
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KN (GIS) 25 12 23.91 14.53 0.8878 0.8703 0.9100 0.9005 0.8895 0.8732
D3 25 13 0.24 0.12 0.9119 0.9016 0.9157 0.8992 0.9115 0.9006
Cart 25 9 0.31 0.09 0.9106 0.9003 0.9061 0.8945 0.9095 0.8990
AdaBoost + ID3 25 11 8.43 432 0.9301 0.9282 0.9468 0.9520 0.9307 0.9293
AdaBoost + Cart 25 9 7.69 3.60 0.9318 0.9256 0.9477 0.9468 0.9324 0.9266
RandomFor-
andomror 25 10 3.84 257 09402 09301 09680  0.9598 0.9414 09317
est(entropy)
RandomForest(gini) 25 9 3.02 1.73 0.9406 0.9312 0.9676 0.9619 0.9418 0.9328
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Figure 6 Incomplete rumor detection
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