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Weighted Fine-tuned BERT-based Sparse RNN for Fake News Detection

WenBo He
School of Economics, Qingdao University, Qingdao 266071, Shandong, China

Abstract: Fake news refers to misinformation or false reports shared in the form of images, articles, or videos that
are disguised as real news to try to manipulate people's opinions. However, detection systems fail to capture diverse
features of fake news due to variability in linguistic styles, contexts, and sources, which lead to inaccurate identification.
For this purpose, a weighted fine-tuned-bidirectional encoder representation for transformer-based sparse recurrent
neural network (WFT-BERT-SRNN) is proposed for fake news detection using deep learning (DL). Initially, data is
acquired from Buzzfeed, PolitiFact, Fakeddit, and Weibo datasets to evaluate WFT-BERT-SRNN. Pre-processing is
established using stopword removal, tokenization, and stemming to eliminate unwanted phrases or words. Then,
WEFT-BERT is employed to extract features. Finally, SRNN is employed to detect and classify fake news as real or fake.
Existing techniques like deep neural networks for fake news detection (DeepFake), BERT with joint learning,
multi-EDU structure for fake news detection (EDU4FD), image caption-based technique, and fine-grained multimodal

fusion network (FMFN) are compared with WFT-BERT-SRNN. The WFT-BERT-SRNN achieves a better accuracy of
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0.9847, 0.9724, 0.9624, and 0.9725 for Buzzfeed, PolitiFact, Fakeddit, and Weibo datasets compared to existing
techniques like DeepFake, BERT-joint framework, EDU4FD, image caption-based technique, and FMFN.
Keywords: Deep learning; Fake news; Natural language processing; Sparse recurrent neural network; Weighted

fine-tuned-bidirectional representation for transformers
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Figure 1 Block Diagram for the Proposed Approach
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Table 3 Classification Performance Utilizing Buzzfeed Dataset
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72 5 PolitiFact Z#E 5 170 MR

ER:ER =g DNN CNN LSTM RNN SRNN
e 2 0.9412 0.9456 0.9548 0.9625 0.9724
FE e 0.9354 0.9375 0.9456 0.9520 0.9612
Fhtfh % 0.9432 0.9357 0.9435 0.9468 0.9547
F1 7%k 0.9135 0.9257 0.9215 0.9265 0.9309
(=) XFEesr#r

# 6 23K 8 4AHH1E Buzzfeed. PolitiFact. Fakeddit 55 Weibo #4542 &, LA HA 5 Fr#E th 5 ik 2 [ 0] L
I3HT. 7E Buzzfeed #dE4E E, FISCHR[17]. [22]5 WFT-BERT-SRNN LL#; fF PolitiFact b, FSCHR[17]. [20].
[22]5 WFT-BERT-SRNN Lt4:; 7E Fakeddit 5 Weibo £0#ii4E I, HISCHR[23]. [24] 5 ATt ik bbi . Hix s
HHEAAME, Frig i) WFT-BERT-SRNN {5 BERT (1) b N SR ARG 5 AR IR, IHE B SRNN 75
AR LT [ S E P R, 7F Buzzfeed. PolitiFact. Fakeddit 5 Weibo $i#4E 143 HIHX4S 0.9847.0.9724. 0.9624
+50.9725 WEALHER A . X —H G0 BOC B AR S 25 S RHE, S T X AR S SR A A

Table 6 Comparative Analysis with Existing Techniques Utilizing Buzzfeed
7% 6 Buzzfeed (#fa & F 5 IAH AN E /4T

HReTaAn DeepFake[17] EDU4FD[22] A3 WFT-BERT-SRNN
MR 0.8649 0.7488 0.9847
EE e 0.8696 0.7486 0.9704
FhHfh 0.8333 0.7519 0.9712

F1 %k 0.8511 0.7475 0.9674

Table 7 Comparative Analysis with Existing Techniques Utilizing PolitiFact
72 7 PolitiFact 25 4E - 5HLA H A 1% He o b

r: '
N EE =1 AN DeepFake[17] BERT BAHEZE[20] EDU4FD[22]  WFT-BERT-SR
NN
TR 0.8864 0.84 0.7162 0.9724
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i

A [A] % 0.8460 N/A 0.7111 0.9612
FER 0.8210 N/A 0.7155 0.9547
Fl1 23 0.8404 0.87 0.7110 0.9309

Table 8 Comparative Analysis with Existing Techniques Using Fakeddit and Weibo Datasets
7 8 Fakeddit 55 Weibo i# 4 b5 LA AKX H 2 Hr

. Fakeddit: =T EH  Fakeddit: 43¢  Weibo: 2T EEIHR  Weibo: Weibo: 23
BT [23] WFT-BERT-SRNN FIJ7¥%123] FMFN[24] WFT-BERT-SRNN
T2 0.9251 0.9624 0.8886 0.885 0.9725
FEImES 0.9374 0.9515 0.9201 N/A 0.9615
K= 0.9383 0.9520 0.8692 N/A 0.9536
F1 /3% 0.9379 0.9588 0.8939 N/A 0.9621
(=) #wig

AWtseEsR T H WFT-BERT-SRNN BEAT REBCHT R KL . 53 TVEMLEL, %7715 4E Buzzfeed. PolitiFact.
Fakeddit 5 Weibo %4555 I HUA I s 35 B35 42 TH 25 0.9847. 0.9724. 0.9624 5 0.9725, IX VAR F-iZ A5 AL % F
F 30 5 1 bR SCHRON 5 M B A PR AL BESE L A R R R R I R i A B R . R R R BT IR R Y
WEFT-BERT-SRNN HJfLH SELA HARN AR . A HORK AR 4% : DeepFake P H g a4k, 7R AR AR 2
S BT B0 A& T A AE R ;. SGCP+SVM 7E K A A BRI A4 B T ;. BERT BEAHESEAE X 43 AN [+
5 BRIy MAATER A, 5m75538; EDUAFD Wl Rediik bR SCESIHE, SBORM: HE T EUGHIA 177 R i
5T S, A DAAERA A B A . BT i e IR T R B BRI R .

7E WFT-BERT A, ¥R FE XU 2 1A B FAERR e AT 45 RIS 546 SR AR S B S Ar 45 58 SRNN Ml it
M R SRR THZ AR Ty, IFTEHERL SNSRI 5 T IRAF RCR 5 RCR I3 T . AT 2 H 128
SRS 5 AR R R BRI A R G v M S Ra e . B ITEOM BERT i 5 SRNN 454, BT ik
WhBE T B HEN S ME BRI ROE SRR S LR UE R MRy, JHEE B AR S IRAN T IUE 7
IAN AR o AT FE R SCAE T B T R BT I G 2R 4 ] S 5 v PR PRV 7

T, Gk

BT8R E B ARG 5 et e RAT 2, B AECH FAT I — AN SO U . AT SR
WEFT-BERT-SRNN UAAERAS I K2 (B8 8] . WEFT-BERT #8458 1 A5 A8 I 2 b A0 50 D30 5 e Uk BT 45 1 g, A8
Heg g Ao LaEE, Wi miafet: SHER=; SRNN FILAAE T s B 5iER, M
I e A AL B 5 27 ST R B SOARHE, R THZ A B 70 IS 2 B ki AT 0T (3] 20 SN B BUR Af . 5 DeepFake.
BERT B AHESL . EDU4FD. # T EUE A K 715 FMFN 28145 /77 M k., WFT-BERT-SRNN 7F Buzzfeed.
PolitiFact. Fakeddit 5 Weibo $(#%4E 14 HIEUTF 0.9847. 0.9724. 0.9624 55 0.9725 [ R AER 2 . X L4 Rpx
G R AT ARG D AU 1 S PR M R AERA R R W] WET-BERT-SRNN a1 /E Ay [l HUFA R 5 38 AR 15 A%
PIEE LR B TARMERHER, 12T 75 BB AR TS R . RSR 25 S8R PR & TR FBE 2 ST R U 75V
Phitt— DR THE R e
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