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News Counterfactual De-bias Method Integrating Causal Intervention

YI Jincheng, JIANG Shaohua, WEN Qipeng
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Abstract ; Given the profound impact of news bias on public perception,social trust,and fairness,building transparent and interpretable
debiasing frameworks with natural language processing ( NLP ) has become a research focus at the intersection of communication studies
and artificial intelligence. Existing work mainly targets lexical bias and framing bias. For lexical bias,mainstream approaches replace
explicit biased words but struggle with implicit stance tendencies in neutral words and poor contextual adaptability. For framing bias,
text reconstruction or multi-text fusion is often used, yet faces the unobservability of framing bias, difficulty in disentangling stance
conflicts,and vague generation objectives,limiting further improvement. To address these issues, we propose a multi-stage news bias
mitigation method combining causal intervention and counterfactual reasoning. A PMI-based multi-stance lexicon and a back-door in-
tervention mechanism perform semantic similarity-based word replacement to reduce explicit bias. Counterfactual reasoning with TIE =
TE-NDE models the influence of left-and right-leaning frames on neutral expressions,where TE is the total bias effect, NDE is the nat-
ural direct effect,and TIE captures indirect bias propagation. A pre-trained bias detector provides auxiliary supervision, enhancing the
model’s ability to generate neutral and professional text. Experiments show our approach significantly outperforms mainstream methods
across multiple debiasing and text quality metrics,confirming its effectiveness in multi-source news debiasing tasks.

Keywords :news bias;lexical bias;framing bias;causal inference ;counterfactual reasoning
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Table 1 Vocabulary bias and framework bias presentation table
xn BrH

The Trump administration’s efforts to strip protections from
more than half a million legal immigrants could devastate the
health sector, endangering care for the elderly and worsening
rates of both chronic and infectious diseases.
{WZ:H Hundreds of thousands of health care workers, including an
[ 3¢A~  estimated 30,000 legal immigrants from Cuba,Haiti, Nicara-
gua and Venezuela, are at risk of being deported — worrying
providers and patients who rely on them for everything from
nursing and physical therapy to maintenance , janitorial , food-
service and housekeeping work.
The immigration crackdown may already be starting to show
up in the job market.

.. Employment growth in industries that rely heavily on unau-
EPM“;% thorized workers has slowed. There has been a large decline
PR3O in the foreign-born labor force since March. And recent im-
migrants appear more reluctant to take part in the Labor De-
partment’s monthly survey of households.

President Trump signed so many executive orders on his first
two days in office that many Americans were naturally left
wondering how his policy changes would affect their every-
day lives. One such question looms particularly large . Tf we
deport illegal aliens, who will take their place in working
low-skilled jobs?

Many seem to think that the economy is completely depend-
ent on illegal aliens working low-skilled jobs. According to
the Brookings Institution, for example, deportations would
lead to job losses among illegal aliens and U. S. natives a-
like. The deportation of the former would---

President Donald Trump’s immigration crackdown has crea-
Jofm#%& ted questions for economists, employers, and workers as to
KA  how the decrease in migrant workers may impact the job

market and the economy.
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BRI B — e W BRI 7S, 5 ) 97 TR S . 7 Al A 40 el SO A
PR Y “illegal aliens” XA (i WL B9 TAICRTE i L. 42
1 el BB (5 B T VAR D0 R LA 3 3o 5 46k i D0 1] 3K ot
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Fig.2 Example of cause-and-effect diagram
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PR T $( Causal Intervention) #5 B 2T T S 50—
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FERUVE (NDE) S5 f R R A

DI 2(a) A fl i T 1 & X, It B ER AR F U,
W TFH5 1 2R AR P(Y1do(X) ) W ARAR A «

P(Y|X) = ZuP(YIX,u)P(u) (1)
Hrpu B7RBRET U WE. 8B R T8, 7] LU WE 2
B F XA X 5.

2.3 REXLHEBSERYE

JZ ZE S HETE ( Counterfactual Reasoning ) & — Rt B T #E
TEARFMBRE A& T S5 R G- HEW vk, xR Har e,
A SCAT ARG -4k 387 B Xk v o 2 e g ] SR

7=7, 7=7,.
=Y,

X=x Y=Y,.Z, X=x" Y=Y, Z.X=x" Y=Y,..Z.
(a) (b) (c)
B3 ARIFLTRRRE
Fig.3 Causal diagrams under different facts
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Fig.4 Causal diagram of the news bias mitigation task
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Table 2 Dictionary constructs a text description table

PMI(w,b) =log

MASCA Wsr3eR A SR it
XAHEE 271500 224913 239634 736047
F3 EBARR
Table 3 Dictionary description table
izl AYATES AL
R 9510 11791 5844
#® Polluters challenge wapo
colonial addition correctness
coerce test manipulates
Left
polluters
colonial
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Center
PMT sl
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Right
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BS i deAs s A

Fig.5 Schematic diagram of bias dictionary construction
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AN AEE R A2 3R L AL i I A A
A R AL BB R BB O TR L R, K S S 30R C
BABEIR R L S EARAE T s 2 AP LU A (I L
=C.R'=C), H CHixNSHHE C" IO TR ZH N 2E
5 T L', C, R =35 B[R 2 BU8 SRS WAL R
3.5 EEREXRBEEHBPIINEL
e FAT, WA Bt e i R i C R R W L—
Y . R—Y BB b IRIINER. SR, BT [ 6 Fraly & 8T 1) i
WE T 5 R B R 223X L P Sn 35 0 A AR AR
B . SRl — PR IR R B B , A ST AR S
PR, DU A 57 SO P B AR S 22
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Fig.6 Model schematic diagram
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NDE=Y, cp —Yi con (21)
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ARSCHER 4 YH T A SCHR T A9 BRUR T S A SR A1 45
SHERE, ZE VISR BeAS SCHRHE PoCa™™ BT 48 t 9 406 7 H
W, BN T — A R B AL, HAe Baly = B4R 48
Bets EFEATRZ S R A R SRR = o RAEAY. AR SO
FAEE RN AR R B, TN AR R 2R i BN

Loss = Loss pyp, + al0sS 1y, + BLOSS 1 (23)
HoHp Loss pyy Rn 575 A5 A2 BSCAS 2 18] B9 28 SURR 4 2K 2R
B, Loss 1, RARHIASCAS PR A2 A SCATRESAR K, Loss iy
Fn i LA e 4 SR 5 AR 4 22 18] Y 38 U K.

h T IPAG TR MY B 7 1, AR SCAE Lee™ B4R M B B3 56
T TSR SCIREE IR R BAE 5 M EER LA TR
Jrids. T T RI/INT AR SC LA T SRS B R EL
FEANTEARFSC IR L & , SR )5 SR /R7E NeuS Bi4E EAsER.
4.1 HiEE

14 i ) O 0. % gt LA T PR PRO R SR AH 249 />3 HL R
SHARR E Allside. com P 3%, HiB T N TIE , 4 OB HEUE
ok BT Lee'™ 75 2022 48 & A B4R , WOBRIREE Tk B
Allside. com ¥ 3066 £H 3= &5 18] , LA 440 = 4003 . B
KA FEZHR, B F LA R T8 8], o S bR 28-37 H
RAAE-Fi 5 NIoE , AR 22 %7 B AR AR A T -
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Table 4 Training set description table
PR UIgREGEE) O WEREE)  WEEEE)
T oHE B OFE  FE FH
NeuS 2452 7356 307 921 307 921

RVNGREE KriEgE GIRAR , 103R 4 .
4.2 BWEREH

AR R BOR T R R A R S0 S AR i 2 )
Hze 5, BTN X By Al 2 LR S, 31
S RBCA LT IUA R E A

TR PREITE ) BRI (TIE) A SGAT AR (22) # X
TREZRR LR, SR e BRI A TIE 5] SR HESR 25
TREFAE , DA B AR SE R O BBy B A& 5 S0

A R 5K AR SR FIAE BIOCA 5 578 SUA W 38 SUR L 5%,
RATFHEERMMAERXASSEZIANESR, FERIAE
IR & RS 1 RS,

R TR BIRUR A4S0 5 | AR I R4 R AR S Sl B B
S SEFL TN S5 O YR 1458 750 3 AR A N 1% g 0, U 5 SE
HARRE ST, 35 R R R SR AT BT S S B .

BART &, A AR (23) hESB TR A 3 MRk
PREY.
4.3 EpEERR
LRI A L 2% fif V08008 % 1 RMSEMAE. ROUGE1-
Lsum A 3EAN$a4R, o4 RMSE 5 MAE FiF&EEERIARS
S AR WA S (iR 25 ,ROUGEL-L T4 & 4E pl SCAR &
&, WA R bR HEAT TR R

RMSE( Root Mean Squared Error) ¥ 75 #8212 25 78 51 M
T2 SRR (9 R R AL SO Y (i AR RS 2 30k (&
FIA) ZIM B RIRZE , ZAR R B T B AEE , %R
e RIREAE IR, SR F R PR B B4 3 R AR
7, FFEH T E AT NAEZSE AT T XRZENES,
{EE T %7 B R & i Bt EAKX A K (24)
i

RMSE = (24)
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Horr 9, RARERSCE B IR WARSE ,y, RIRSH XA (LRI
) B AR ZE.

MAE(Mean Absolute Error) 334 4 %t 15 22 70 57 [ 1m WL 2%
A Y T 5 RMSE A [R], M UL T RMSE, R 5 2 B
HHE PR 2, SRS B S A L IR PR 22 b T T AT R
B AR M, REGHR AR (25) FiR

1 « .
MAE =— 21 19, —y,1 (25)

He 9 5y, W, 25 0 EBIA 525 304K i RARE.

ROUGE-1 H T A JR LA 5575 SUAFE B 51 |
M E SRR, RS R BAR AL R S B R R A O . B
I (26) B -

z Countmatch ( W)
ROUGE - ]'recall = weCnR
2 WdCount( w)
Count, . ,(w) 2%
ROUGE -1, = 2 weCNR tch (26)
Z WECCount( w)
ROUGE —1,, = 2 X precision X recall

precision + recall
HPp 2B AR RAERIAN C,w 2R C 5 R .

ROUGE-2 I T 4k i SCA 5575 SUAEAR AR P11
_EHIVCEE, AH% T ROUGE-1 T g e B35 5 1 BT 1 A 18 IR
&, BRI AR (27) ik

Count,,,.,(bigram
Z bigramw e CNR match ( g )

ROUGE _2recall =
z . RCount(bigram)
igram e

Count bigramw
2 bigramw e CNR maich ( g )

ROUGE - 2 precision = .
z — CCount( bigramw)

ROUGE -2,, = 2 xprejc.lswn X recall
precision + recall

(27)
HA AN C, 25 CA 4 R, DL bigram Sy 3LA AT, 41
BT AAR .
ROUGE-L % J§ T Wi 1~ 3C A4 2 6] ) & K 4 3t 1 7 3]
(LCS) , REAEPRAS L M1 TRIL S B IR R T IR R
B, Bk a2 0 (28) B

ROUGE = Ly = “ELCE

ROUGE L = “SL SR (28)

ROUGE Ly, = 2x precision x recall
precision X recall

HA, LCS(C,R) FRE R A HZH AN ERALTF
FIKEE.
4.4 XWiRE

A A PyTorch fEARSCBL T REED, BB i i A SCA Ay
Ze A 3 AN SOR AR 4R a5 1A ¢ TITLE = > 7 f1“ ARTI-
CLE = > " #7808 A SUR A MZ (A 3 FSCRINUY FE
PUATEL, B7 (LA T 22 B (= A B AR AE. I 2Rt YK /)s (Batch
Size) 4y 16, WAL K/ 4,2 R (In) BB Ny 3e - 5. 4
TR 3 MBIK (epoch) , X i B 1 Lee!™ B —#E.

T4 2045 0 1 5 R 92 NVIDIA A800 GPU, 47kl 25 f
Fi—3¥ GPU, B7%4 80GB, i/l Zx#E42 % PyTorchl. 11.0.
4.5 ZEWHER
4.5.1 K@ik

R T PSR A A A RS A TR, AR SCHEAT T T
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17, HEBEPEAL /6 ] MAE . RMSE. .ROUGEI-L.

eV RS, Y45 A NeuS A [R] /9 5048 15 B 757k 08
BTN R SR SR AT PPAl. A SR R 4R £
BART-large fE 3SR, AR ISR 5 PR,

*S5 HRAELER

Table 5 Ablation experiment table

| RMSE| MAE| ROUGE-l1{ ROUGE2! ROUGE-L 1
Baseline 0.2172  0.1666 39.09 18.93 29.73
+CI 0.1935 0.1468 42.35 19.75 32.65
+CI+CR 0.1825 0.1368 43.90 20.80 32.98
Ours 0.1718  0.1298 44.50 21.30 33.75

FRMEK 5 iR, SEEBA A RMSE . MAE ROUGE-1,
ROUGE-2 ,ROUGE-L 487t T RUR. FE3 intg e 5 , &
BUMERE VI TR AR B RS A, e A CLRm A LA 2
H B AT E R T A B T8 2% B 700 W7 X S0A
s, YE RMSE MAE |43 5I357 3 T 0. 0237..0. 0198 A
F&f1 ROUGE-1 .ROUGE-2 .ROUGE-L |43 5H 3k T 3.26.
0.82.2.92 f3EF, A CR 7R AT HE S0 I 0 17 AR % A
SCAHEZR Al 415 e FY W), 72 RMSE MAE | 5357 ok T
0.0110.0. 01 /¥ FP&#H ROUGE-1 ,ROUGE-2 . ROUGE-L |4}
Sk T 1.55.1.05.0. 33 {4 T, A AR AR D4 2k Rm7E
B B EER T WY %A BERT Kl A= 5 40w W27 5C
AP & 1 ., HAE RMSE.MAE |43 547 % T 0. 0107,
0. 007 F & #1 ROUGE-1 . ROUGE-2 . ROUGE-L | 43 31| #5 3¢
7 0.6.0.5.0.77 g4t MEBIRRE B AT LU AR SRR Y
T 0.

4.5.2 s

FH T PO L S A 5 g s AL X L, S S Y
] T I Ml LB A LR A 7 B, AR SO AR Lee AN
BORAL 3 5 i, AR SO T R & T 8O 5 AR —
Lupgi I 40 K§ OpenAl B4 ChatGPT (2022 ~ 2023 ). GPT4
(2023) , LA K 2024 HEfH BRI PoCa ZY I AT HEH

LexRank ) — i 3 T B8 Fty 6 W 8 ol R B A0, 22 AR 418
B O MR ) W AR, U f-idf AR,

Pegasus'®- 2 — MR R T Multi-News™ S iR 4
%I Pegasus KARAL

NeuS™ JF & T — Rl G SCA A i 8, 7 2% >3 A
PR S SCEE 1) 47 R IUF A B SCAS

ChatGPT & —F R BIEF LM, W@ 1 32 7 A2 B 42 30
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Table 6 Comparative experiment table
i  RMSE| MAE| ROUGE-11 ROUGE2!1 ROUGE-L?1

LexRank 0.2282 0.1838 38.68 15.94 25.66
Pegasus 0.2810 0.2344 37.33 16.02 25.54
NeuS 0.2172  0.1666 39.09 18.93 29.73
ChatGPT 0.2552  0.2076 42.01 16.24 26.12
GPT4 0.2626 0.2133 42.35 16.48 26.30
PoCa 0.1834 0.1389 43.68 20.70 31.98
Ours 0.1718 0.1298 44.50 21.30 33.75

LexRank 75 35 {330 12 M 5% S A 95 BT B0/ - IR
B SR L S AE 5 05 0 1 b B WL, D81 B 7E RMSE
MAE J; ROUGEI-L %4845 - £ B A4k, Pegasus B L4803
(R A ) AR A T TR TR S B L, A ST
SREGE I, $ 8 RMSE 5 MAE #5478 % R HE48. Ne-
uS ik BN R E AR RSB SUAR A TR A
R FIRTHT 5B 2R, (R B AL 5 W IR HE SR I , 4
BB ChatGPT A1 GPT-4 il K8 SR, K&
B TR R AR 5 SRRk TS AT S AR
1k, HAl W R L BE % A 2725 ). PoCa FILEERAE B XS
FAR 3 R NG sy A CE AR OB R
i 55 2 R B R, AEL AR A TR T FAE 00 R, 6 Ot
B RAME T AR T E. B R 6 70, A B e
WS B R B, A RO B I R L R BRI R
SHERE B A AR W, SR WA R W, 5 SRR 25 B O 25 R
AT SRHE— 25 AT T S R, FE A TS L 2 ISR AR
FH.
4.5.3 afBHGYR

W T AT B o F1 B LR B , A8 SOR LR b
ARIBEHAT S5 AR R AT B BUE 4 o 1 B E BT N
{0.1,0.3,0.5,0.7,0. 9} B H:3E4T VRS , FEUII Gt R i
A o MBEMFIHARN L TR INGEN, K a=0.7
H.B=0.3 i}, 7] ISR SE AR a4 AW R WK LS R4
B HLRANHR T R,

#£7 SPOTIRE
Table 7 Parameter discussion table
MAE | ROUGE-1  ROUGE21 ROUGE-L 1

@' RMSE]

0.1:0.9 0.1760  0.1344 44.20 20.98 33.48
0.3:0.7 0.1754 0.1366 43.73 20.86 33.43
0.5:0.5 0.1736  0.1317 44.15 21.02 33.18
0.7:0.3 0.1718  0.1298 44.50 21.30 33.75
0.9:0.1 0.1772  0.1451 43.22 20.42 32.88

] LA BB FEAE S A UL A AR L2 0.7 #01 0. 3 AT 7E
1B AL R L R TR B kB4, W5 1 L EE 3, 24348
0.7 BRI R B B A AR , 4 L B T ORISR T .

TEIX —HRIM RN AR SORE RIS 3R 18 3R 8 A SRR
TR, R A BR8N SR AR 2 AL
i B SCA 5575 30A U 2 J5 I SCA. Ferp i 22 i SCAS T
A F T Superized Court” , F: 48 IE SCH T politi-
cally explosive” i 7~ 3R ZUBOIA M 1] LA 7R Hofi L. T H 5732
AAR R B A RAR OB AIE SN AR, R B 3%

K8 PSR

Table 8 Generate a text table

TITLE => Supersized Court takes up Trump administration’

s plan to asks about citizenship in census ARTICLE => The
1w ZcH e supersized Court added a politically explosive case to its
SCAET A low-statement diversion Friday, agree to decide by the end

of June whether the Trump administration can add a ques-

tion.

TITLE =>Supreme Court Agrees to Decide Legality of Cen-
i3y H  sus Citizenship Question ARTICLE => The 10-year ques-
SCASH A tionnaire to U. S. residents is used to allocate government

funding and reshape the number of congressional seats.

TITLE => Supreme Court to decide whether citizenship ques-

e tion can be included in 2020 census ARTICLE => The Su-
Sk %I;F\ preme Court will decide whether the 2020 census can in-
! clude a question about citizenship, ensuring a quick review

of a rival court ruling that blocked the Trump administration.

TITLE => Supreme Court to Decide on Census Citizenship
Question ARTICLE => The Supreme Court announced they
will decide if the Trump administration can ask about citi-
zenship status on the 2020 census.

BHIXA

TITLE => Supreme Court to Decide Citizenship Question
ARTICLE => The Supreme Court will decide whether the

2 JR A 2020 census can include a question about citizenship, ensu-
ring a quick review of a lower court ruling that blocked the
Trump administration from adding the question.

UL B I Bl PR AL B L 2R A U HIE T LB
F,{HIE LA T “rival court ruling that blocked the Trump ad-
ministration” , 7 A T HAKBUA SN, B AR A2 SRR A
BOCRPRET £, HZEBAMR, SR IUARR Y
A, 8T FRRECA L. XU AR SCER ) it 2 A A el 2
REMERBUR TS AW EMNER. P WERADSEEHE
FEiEHRA.

5 B2 %

L[5

ASSCHR T — T AR T 1505 B 2 SRR A BT [ A D
SRR B ST P AR B RE R AR B B R AT 5 P R
At RE. AR T S O AL ) ML A4 T SR i A\ S D A
i) S N R TS R A AR AR SRR T
F R, IR BIRHLIRTIR AR N X A SCA Y B . BRILZ ST,
RREDE A R C R PSR B AR B AT 2 B Al
IS, RSN AT L AR HE SR A , HORs HLAR D 10 2% R B0 AL BL
HAENGRrp AR, O 1A W 2R IR 25 SO, SR AE AR P
ATE At LT B0 BN Gk A2 T 304 A

(R B[R R AETE SR B, TETA 2R BB BRAE S0 DL A
SESCAS A EAEHE L A WL FHIE AR XS, BRI 2 A1, B4R
1o [V R S B AR A — R, FEAR R TR A SO E 4 T
BRI TE , LATR B AR 52 BT 19 04 18 00 87 18 O AL AT
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