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Abstract As rumors continue to diffuse and spread on the network, their influence will become more and more serious.
In the earliest stage that rumors have not yet spread, it is of great significance to use the user information and text informa-
tion of the source account to identify and suppress them. The current detection methods are limited to natural language
processing technology and focus on extracting information from the text to identify rumors. The lack of in-depth mining
and an effective combination of user information leads to low detection performance of the model. In this paper, we pro-
pose a new approach for early rumor detection, RT-NIG, which can identify rumors by reconstructing two-tuples informa-
tion in the cross-distributed neighborhood information graphs. Firstly, in response to the situation where there is a lack of
dissemination information in the initial stage of rumor propagation and graph-structured data cannot be formed, a virtual
neighborhood graph is constructed using the potential correlation of objects to solve the problems of data uncertainty and
incompleteness. Then the potential object relationships in the neighborhood graph are captured by graph neural network.
The user information and semantic information are transferred in two neighborhood information graphs and reconstructed,
paying attention to the potential credibility relationship between users and the emotional polarity relationship between
texts. Finally, using weighted integration, the "User-Tweet" two-tuple information is reconstructed, effectively combining
the two kinds of information, and is used for the downstream rumor classification task. Experiments are conducted on two
real datasets, Chinese Weibo and English PHEME. The proposed method outperformed various advanced early detection
methods in accuracy, accuracy, recall, F1 value, and other indicators. The accuracy was improved by 5% and 8% compared
to the optimal comparison method on the two datasets. Ablation research and super parameter analysis further prove the
important role of user information in early detection and the effectiveness of two-tuple information reconstruction. RT-NIG
also provides new solutions for other early detection problems, such as fake news, online violence, misleading information,
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etc., in scenarios where no disseminated structural information is available.

Key words early rumor detection; RT-NIG; neighborhood information graphs; reconstruct two-tuples; GNN
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= a(Fc(h;W)) (20)

3 e R™C TP A7 FAR MR 7 /=, C hbs
ZEIINEL. BEAh, A RS SR R 458 5% R ORI A
MZH, RN A L, IEWAE.

AR SVE T 1 TR

M
/]

5 1. RT-NIG #35%
BN JRIGEE R WEER Y MEMNIIZZE
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B, ML, E; SEHERBIESEG, 7,
B MR E

(1B THUAL BRI ) 4G — o5 R

I DR,

2for i=1:n do

3 for h=1:k do

4 u! < | u! — min {ulh} /| max {uih}—
i=1,2,...n i=1,2,....n

min {ui”' }) €(0,1) Eq. (4);

i=1,2,..n
5 end

6 end

7for i=1:n do

8 ﬁi’”e’ «— {ul.l,u?,...,ulh,...,um} Eq. (5);

9 B« Bert(Di’m) Eq. (6);
10 B« FC(h*") Eq.(13);
11 fzisem <—(eil,e42,...,ef’,...,e-m) Eq. (14);

12 end

AP RIS R ERSYSR
13for i=1:n do
14 for j=1:n do

u 2
15 Sy “Z(Sf}) Eq. (8);
h=1
16 Ni<_{xj|xi>xj eX,S,-j 20}(1',]':1,2,...,11)
Eq. (1);
Oﬂifi:j;
17 U"" «1Lif x; e N;; Eq.(11);
0,otherwise,
" e.h )(e’?
18§« Zh:z( ) — Eq. (15);
V) <y Z(e)
19 Ny x| %0, € X.8; >y} (i) =1.2,..00m)
Eq. (1);
Oaifi=j;
0,otherwise,
21 end
22 end

IR A SRR

hl+1 =
o =
23 B R «— jeN; Cij

B = concat(hf“,hil)

3 th.Wl“
Eq.

(17) and Eq. (18);
/i vt R RSN AT &S
24 K"« concat(n . h,»“ser,(l - U)hisem) Eq. (19);

25for e=1,2,...F do
26 for /=1,2,...L do

27 je a(Fc(h;W)) Eq. (20);

28 end
29 end

5 KWAERDW

FEART, XFH T RT-NIG A1 H A 35k 2 i 70 £ AN ]
Hfa e EgrERg, JFEEAT T RT-NIG. RT-User 1y
RT-Sem [{7H BT 5T LL K 2 ) e A
51 HiE&

ASCAEA T Ma S5 NYHL R SC Weibo i
SELLJ Zubiaga %5 NS AL ()9 50 PHEME Hidfi 4.
Weibo £ 4 & 1 5 ar I 00l i DL e 4, SOk
[49-53] 55 AR AL M) T % i 45 . PHEME $df £ 2
Zubiaga 5 NREENT 5 N OB K GEARFAF P 8
VPS8, 45 Ferguson unrest(August 9, 2014).
Ottawa shooting(October 22, 2014) . Sydney siege
(December 15, 2014). Charlie Hebdo shooting(January
7, 2015). Germanwings plane crash(March 24, 2015)
S 5 ANMBARREAT . R RGeS B 2.

52 ZHRE

(1) FELT7ik

H T BAEA SR OTE A R, ¥ RT-NIG 5
AL R EE AR AT T 0SS, — S L LA
), AR I T, B [, i [a] ) PO,
AT, Yt GBDTP), BALARAKI 4
RS B AR ) U7 vk, B ONNDY
CNN-LSTMP?, CNN-GRUP?, CNN-SimpleRNNE,
BERTPY, BERT-LSTM™”, TextGCNI"2%: , 4§ 5, A<
SRR ST BIAIE T (08 B AR V% 5 7E M 2 L NN A
AR R TFAR AL RRIN, P A (0 S80S T s ik
JURI G BSOS B, B AR AR B T2
AT FRY 1 o 22 o 238 S 20 98 A8 0% 5 T U A% 8 Jm ) ) G
Fe Rk G5 M BEAT RN, T LAAE 55 1 Al Pl 4o 28 o) ¢ A2 234
RS b b 45 13 T AR S0 55 ) SCAR 73 BB
TextGCN.

FEXS LU S0 BB T, AR R T 17
PN AT N N K E S =R SN ER G|
JUE RE SRR SCARAE BPRE, RGFAR6HE R
fiE, BJEIENEIFIFHIE S 02K, XEREAAT:
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Fz2 BIRESHITER
Table 2 Dataset Statistics

H e RN wE RS R P RES Hi A JE R R
Weibo H#i4E 4664 2313 2351 12 6 6
Charlie Hebdo 2079 458 1621 8 6 2
Ferguson 1143 284 859 8 6 2
PHEME Germanwings Crash 469 238 231 8 6 2
LAGE S Ottawa Shooting 890 470 420 8 6 2
Sydney Siege 1221 522 699 8 6 2
Total 5802 1972 3830 8 6 2

1) MEUS): f KRS Mei 2 c a2 a,
TEREAN 8 P R AN IR 432 55 1] R ) AR A

2) LR: AR SRR PR 3 B
B, T 428

3) DT: HRSms s ) e B R AE, AR 1%
FEAE YN ZR B Hs B AT 238, A1) & A T HR A
—ANRAFIAY R

4) SVM: SCHF IR AL — 2R B 2y ) 07 0
BT — o0 R LMoy e ds.

5) RR: U [a] Yo —Ff FH T e itk s o0 Hr (1)
Al TR T

6) GBDT: #fi 8 £t Pl 5 W 4 — B A2 Bl [m] )= 4
(] Boosting $77% .

7) RF: BENUARAR Rl R SERIAL ) Bagging 5
o

8) CNN: —FPaiish & M 2%, s T 52
WAl JZ A, PTEHE SCARR 2 (PRFAE .

9) CNN-LSTM: —#fi&fi4 CNN FILSTM #1382
TRAIREE A B, W TR S 02K,

10) CNN-GRU: —#454 CNN F1 GRU [##r 8
TR A IR E 2 S B

11) CNN-SimpleRNN: — Fff 45 & CNN A
SimpleRNN 18 B TR Gy FE 2 S 1A

12) BERT: —Fi{ii ] BERT i)l 24 A1 $ B S0
ENE I ENIOE T Rl it

13) BERT-LSTM: — #1454 BERT A1 LSTM IR
R FE A7 )RR, G SR A B ) ) SR R Rk
AT SCAR I A i 5 00 2

14) TextGCN: —FhBEME A4 S L T~ SCASHIIA (1) 57
PR, FERH GON St SCAREEAT 43 FE IR

(2) KL

AR sklearn HL#R 2% 2] FESEIL LR, DT,
SVM. RR. GBDT. RF S&Zehlat2 > iy %
I NLTK H2RES A FE T HASZEL ME. £F TensorFlow
AEE P S2 Bl CNN. CNN-LSTM . CNN-GRU .

CNN-SimpleRNN . TextGCN 25 % JiF 2% > B Y 4
PyTorch #£35F 528, BERT. BERT-LSTM Ll Jz A
RT-NIG #%. P B ERIZAT/E 1 GeForce RTX
3090 GPU. 64 GB RAM. 16 coreslntel(R)Xeon(R)Gold
5218 CPU@2.30 GHz Linux k4% 1.

(3) B

BT SO A SCEE R 5 A8 XBRAIE,
HAZAT 10 RBCFIIME, HRH FIHNZE 1R A3
FLICIE THERZEE() 24 31%0.01) BRIk
(0.00005). ZK#(0.5) L FHH(50epoch) FILiL 2%
(Adam). YIZIERJHIELL 25 580, HEN LI -
FUWIN B, MBRAEIE LT = 10 58, IZRiF 1k,

(4) TEHrRPR

TEAS IS H 4R b, SR CL N4 bR g AT VR4
AR YE 1 FE (Accuracy), B AN R0 % B WK 6 FE
(Precision). 1 [F[#(Recall)LL & F1 1.
53 BRMEgE

(1) {E Weibo Al PHEME ##54 bffyx} Lb s

%3 ML 4 JE/R T RT-NIG 53285 :AE Weibo
FIPHEME PN P AR AR B PERe . HAR D Hr i

1) £ PHEME ##ls4E b, WRBES ) ik Al
TAEGNLER S 2 7k, UL T VR BERR IO E UE
S RO e B, HYR 2 ) T I )T R
i 5 T AR GRS 2% 2] T3, 3K SR PR A R 3 B ) 37
FEAE T IR FE 22 BB N 2535y . /. Weibo H¥i4E
I, BERT. BERT-LSTM 54528 (R 34 SR AR L T-AE ¢
MHLAS 2% 2 J7 ik, SR CNN, CNN-LSTM.
CNN-GRU LA F CNN-SimpleRNN 2545 7 (1 25 5 52 1y
LGRS 2 U Ak, X Weibo I P45 E7E P
KPR T MR 2 B AT T 404, Wil 4, 239
SETMEL H P e R A e, IAIE
A RATIRIE R HESCES BRI ] (A T F
ATHESC) WO IEA S . W] LAAG H X S A2 SRR 1E,
Y] Weibo G THREE NI &, & Bk AL
GRS 7 ) AL AT @A #r o A1, CNN LK CNN
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=3 Weibo HIFE LRIES REHRNLER(T: IHES; F: 1£8)
Table 3 Early detection results of rumors on Weibo dataset (T: non-rumor; F: rumor)

IS5 HeLTTIk PRI HERf iR EES AR F1 {4 T FEIS ) (min)
T 0.8868 0.8282 0.8564
ME(IIS) 0.8600 6.15
F 0.8364 0.8923 0.8634
T 0.8805 0.8605 0.8702
LR 0.8707 0.55
F 0.8617 0.8811 0.8711
T 0.8854 0.8856 0.8853
DT 0.8844 0.04
F 0.8839 0.8832 0.8834
) T 0.9630 0.8137 0.8819
[N SVM 0.8902 0.29
27k F 0.8365 0.9680 0.8974
T 0.9416 0.8346 0.8848
RR 0.8904 0.11
F 0.8493 0.9472 0.8956
T 0.9517 0.8877 0.9183
GBDT 0.9204 0.62
F 0.8935 0.9537 0.9224
T 0.9547 0.8843 0.9180
RF 0.9204 0.43
F 0.8908 0.9572 0.9227
T 0.8708 0.8548 0.8627
CNN-GRU 0.8574 1.24
F 0.8433 0.8604 0.8518
) T 0.8324 0.9141 0.8713
CNN-SimpleRNN 0.8585 0.68
F 0.8939 0.7973 0.8428
T 0.8951 0.8548 0.8745
CNN-LSTM 0.8714 1.20
F 0.8476 0.8896 0.8681
T 0.9085 0.8732 0.8905
. CNN 0.8875 131
YREES: 3] F 0.8661 0.9032 0.8843
VAR T 0.9329 0.9219 0.9260
BERT 0.9273 29.82
F 0.9241 0.9320 0.9268
T 0.9310 0.9325 0.9309
BERT-LSTM 0.9302 46.0
F 0.9302 0.9259 0.9271
T 0.9288 0.8562 0.8910
TextGCN 0.8944 3.99
F 0.8647 0.9333 0.8976
] T 0.9674 0.9937 0.9803 34.25
RT-NIG 0.9799
F 0.9934 0.9659 0.9794 +9.85

(V" RT-NIG 573 (R I 1) 4 R AT 4 A5 Bl (K0 80, 5 — A I ) A AR 2 AT I 7))

4 PHEME {75 FRIES RHMNEER(T: FEHES; F: )
Table 4 Early detection results of rumors on PHEME dataset (T: non-rumor; F: rumor)

IR 53] BB S WAREA bRk HERf K2 PENCI B F1 {8 JHFEI 8] (min)
T 0.7345 0.8650 0.7944
ME(IIS) 0.7044 28.15
F 0.6002 0.3925 0.4743
T 0.7303 0.6898 0.7094
LR 0.6272 1.01
F 0.4570 0.5056 0.4800
T 0.7498 0.7467 0.7482
DT 0.6682 0.10
F 0.5118 0.5157 0.5134
o T 0.7454 0.7316 0.7384
TEGNAR S X Tk SVM 0.6579 0.10
F 0.4969 0.5147 0.5055
T 0.7629 0.9026 0.8268
RR 0.7504 0.26
F 0.7065 0.4548 0.5530
T 0.7635 0.9065 0.8288
GBDT 0.7528 1.02
F 0.7142 0.4544 0.5552
T 0.7686 0.9157 0.8357
RF 0.7623 0.57
F 0.7397 0.4645 0.5705
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Ut R Tk FREEH iRk Lk EEJCIES F1 {i THAEI ] (min)
T 0.8606 0.9179 0.8883
CNN-GRU 0.8475 1.46
F 0.8163 0.7107 0.7598
T 0.8605 0.9087 0.8839
CNN-SimpleRNN 0.8424 0.87
F 0.8006 0.7132 0.7544
T 0.8591 0.9061 0.8820
CNN-LSTM 0.8398 1.48
F 0.7955 0.7107 0.7507
CNN T 0.843 0.8580 0.9140 0.8851 0.76
W F ' 0.8081 0.7056 0.7534 '
S EREDIWh)
. T 0.8820 0.9507 0.9148
BERT 0.8832 33.82
F 0.8892 0.7524 0.8140
T 0.8982 0.9556 0.9260
BERT-LSTM 0.8992 45.70
F 0.9017 0.7899 0.8421
T 0.8498 0.9042 0.8760
TextGCN 0.8289 4.32
F 0.7804 0.6771 0.7238
T 0.9771 0.9912 0.9841 5420
RT-NIG 0.9788
F 0.9831 0.9547 0.9684 +5.95
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Figure 4 Probability density distribution of user features (Red is rumor, blue is non-rumor)
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Figure 5 The performance comparison between RT-User and RT-Sem in using neighborhood information graph
and no graph
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Figure 6 Performance comparison of RT-NIG and its sub models on two datasets
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Figure 7 The changes of the loss and accuracy rate of RT-NIG and its sub models when training on two datasets
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WS 2 L RT-Sem S8R, HIZREL RT-User B4, A3, #8200 OB O ISE Y i, Bk 58 A

HERE T AT BRI GRI R KM M RIAESS, Bt AN AZ PRAE SRS X R AR BE T
54 BSEIRE J— 5 P& H

ARA R AR BIES O  y DR IIZREE (1) AB3EAR B 2400
e o XEPERERIEWIEAT T 20 8. i TREFE B {E AN T 6 4E0.7,1] X RT-Sem (1156

K, M AR AR B, VIR, A W, MRS AR 6 Bw, IR Ao R AR
SCAE0.7, N2 I RHE M S RO B e s . 5 RRITIRIDEL B NERE” Zorpri R kb
SEVE R, BOFR R, R GOE Y I, T “INTRS” R AR ISR A ZERI ).

#=5 SMEEZRHESE O 3 RT-Sem TEEERTENE(Weibo dataset)
Table 5 The impact of neighborhood radius threshold parameter 8 on the performance of RT-Sem (Weibo data-

set)
WA o ) o o »
WS O brag2s MRS ITUIES FEEIES F1 18 UBUE:E e/ NELHL B4 (s)

T 0.9117 0.9174 0.9144

0.99 0.9134 106386 1 0.08
F 0.9156 0.9093 0.9123
T 0.9080 0.9512 0.9288

0.95 0.9264 541258 1 0.17
F 0.9483 0.9013 0.9239
T 0.9219 0.9779 0.9489

0.90 0.9468 1084847 3 0.23
F 0.9763 0.9151 0.9445
T 0.9209 0.9892 0.9537

0.85 0.9514 1628436 13 0.30
F 0.9881 0.9130 0.9489
T 0.9301 0.9890 0.9584

0.80 0.9567 2172025 27 0.34
F 0.9883 0.9238 0.9547
T 0.9253 0.9866 0.9547

0.75 0.9528 2715614 60 0.39
F 0.9861 0.9184 0.9507
T 0.9247 0.9924 0.9571

0.70 0.9551 3259204 91 0.41
F 0.9920 0.9173 0.9529

K6 SPEHEFHESEO X RT-Sem T4 EERIEIH(PHEME dataset)
Table 6 The impact of neighborhood radius threshold parameter 8 on the performance of RT-Sem (PHEME

dataset)
WHCEE e e A o o \
B O bR RTIES R 2 AER F1 {8 SUBVIE ECUNSBUE a4 (s)

T 0.8952 0.9345 0.9143

0.99 0.8843 165415 1 0.06
F 0.8609 0.7871 0.8219
T 0.9468 0.9689 0.9576

0.95 0.9433 838679 1 0.19
F 0.9372 0.8934 0.9142
T 0.9627 0.9749 0.9685

0.90 0.9582 1680259 1 0.33
F 0.9514 0.9258 0.9377
T 0.9727 0.9841 0.9783

0.85 0.9711 2521839 1 0.39
F 0.9687 0.9461 0.9569
T 0.9704 0.9868 0.9784

0.80 0.9712 3363419 1 0.45
F 0.9740 0.9410 0.9568
T 0.9553 0.9809 0.9675

0.75 0.9668 4204999 1 0.51
F 0.9810 0.9525 0.9660
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Figure 8 The impact of neighborhood radius threshold parameter & on the model RT-Sem on two data sets
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Table 7 The impact of neighborhood radius threshold parameter ¥ on the performance of RT-User (Weibo data-

set)
WEZE y FRREk HER 2 S Al F1 14 SESUE IRANEL I TR/ (s)

T 0.9302 0.8465 0.8863

0.99 0.8905 382 0.02
F 0.8570 0.9352 0.8944
T 0.9378 0.8433 0.8880

0.95 0.8927 971 0.03
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0.70 0.9691 4716647 1 0.10
F 0.9959 0.9415 0.9679

x 8 SMIEZHEESE y X RI-User 14REAY S MH(PHEME dataset)
Table 8 The impact of neighborhood radius threshold parameter ¥ on the performance of RT-User (PHEME
dataset)
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MRy FR2EE HERG i tiEs FEIEES F1 {4 BEBUE Ir/NEILEL I TE)/AE (s)
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F 0.5467 0.1036 0.1738
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Figure 9 The impact of neighborhood radius threshold parameter y on the model RT-User on two data sets
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Figure 10 The impact of training set proportion £ on the model RT-NIG on two data sets
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