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Abstract

In the contemporary digital era, the landscape of information consumption has
undergone a radical transformation, enabling individuals to access an unprece-
dented volume of different information with remarkably low temporal costs every
day. However, this accessibility is inextricably linked to the pervasive risk of media
bias, a phenomenon where information is disseminated in a non-objective manner
specifically designed to steer the recipient’s perceptions, interpretations, and judg-
ments toward a particular direction. Within this context, political bias poses a
particularly severe risk, as it has the capacity to obstruct healthy democratic dis-
course, distort the fundamental processes of public opinion formation, and exert
profound, long-term deleterious effects on electoral behavior and civic engagement.
To address these concerns, research on automated media bias detection methods
utilizing Natural Language Processing (NLP) technology has flourished. Never-
theless, a significant obstacle to the practical application of these technologies re-
mains: the “inconsistency of granularity of text.” This phenomenon occurs during
the machine learning phase of bias detection models when the granularity of text
in the training data significantly differs from that in the test data. In such cases,
the discrepancy in volume of information resulting from the inconsistent granu-
larity leads to a marked degradation in the model’s discriminatory performance.
This study aims to resolve the inconsistency of granularity of text and enhance
the overall performance of automated media bias detection. In this research, the
detection of media bias is defined as a binary classification problem, where the
system must determine whether a given input text constitutes a “Biased” instance
containing bias or a “Neutral” instance characterized by objective reporting.

To achieve effective granularity alignment, this research proposes two distinct
modules: the “Text Expansion Module” and the “Text Reduction Module.” The
Text Expansion Module is specifically engineered for scenarios where the primary
unit of the granularity of text is a “sentence.” The module identifies the original
source article to which the target sentence belongs and expands the textual context
by concatenating the sentences that immediately precede and follow the target
sentence. To ensure that the expansion process only incorporates contextually
relevant information and avoids the introduction of irrelevant information, the
module calculates the semantic similarity between the original sentence and its
neighboring sentences. Textual expansion is only executed if the similarity score
exceeds a pre-defined threshold, which is rigorously optimized using validation
data. The Text Reduction Module is applied when the granularity of text is at the
“document” level. In this process, the system leverages a Large Language Model
(LLM) provided with sophisticated instructions to identify and remove sentences
deemed irrelevant to the assessment of media bias or its underlying characteristics.



The module generates a condensed summary or “reduced” version that distills
the text down to its most critical informational elements. By employing precise
prompt engineering, the module transforms lengthy, redundant documents into
concise documents that retain high-density information directly related to bias
judgment.

In situations where there is an inconsistency of granularity of text between the
training and test datasets, these two modules are utilized to achieve precise gran-
ularity alignment through two distinct strategies: the “Single-Approach” and the
“Double-Approach.” The Single-Approach adjusts the length of the test data only.
Specifically, when the training data is document-level and the test data is sentence-
level, the text expansion module is employed to expand the test data. Conversely,
if the training data is sentence-level and the test data is document-level, the text
reduction module is used to condense the test data. The Double-Approach, on the
other hand, involves the simultaneous adjustment of both the training and test
data. By applying the text reduction module to document-level texts and the text
expansion module to sentence-level texts across both datasets, the approach seeks
to bring both textual sets toward a standardized, median length.

After the adjustment of the text length through these proposed modules, the re-
fined text is fed into an LLM to be converted into an “intermediate representation”
that describes the bias with respect to multiple dimensions. These dimensions in-
clude tone and language, sources and citations, coverage and balance, agenda and
framing, and examples and analogies. Rather than attempting to predict a binary
label directly from raw text, this methodology utilizes the intermediate represen-
tation to ensure a high degree of explainability regarding the final judgment. The
core innovation of this research lies in the dynamic adjustment of the input text’s
granularity prior to the generation of the intermediate representation. Further-
more, another improvement in this study is the adoption of a configuration where
the intermediate representation is input into BERT, acting as a classifier, rather
than relying on the simple majority voting method utilized in the baseline model,
where samples similar to the test data are retrieved from the training set and the
final label is determined by a majority vote.

To evaluate the effectiveness of the proposed methods, four public datasets are
used: BABE and BASIL as the sentence-level datasets, while FlipBias and MFC
as the document-level datasets. The performance of the models is evaluated using
four evaluation metrics: Precision, Recall, and the F1-score, as well as the Macro
F1-score.

The experimental results demonstrated the effectiveness of the proposed Text
Expansion and Text Reduction modules in resolving the inconsistency of granular-
ity of text. Specifically, in cases where the training data was at the document-level



and the test data was at the sentence-level, it was confirmed that the Double-
Approach that adjusted the granularity in both the test and training data signif-
icantly improved bias detection performance. Additionally, for cases where the
training data was at sentence-level and the test data was at document-level, the
results revealed that the Single-Approach that utilized text reduction on the test
data worked well for bias detection. These findings underscore the critical impor-
tance of granularity alignment of texts in the training and test data.

Furthermore, an ablation study was conducted to verify the individual contribu-
tions of each component within the proposed method. Regarding the refinement
of the judgment model, it was confirmed that replacing the simple majority voting
method used in the baseline with BERT as a classifier significantly contributed to
the improvement of detection performance. In addition, the effectiveness of the
Text Expansion and Text Reduction modules themselves was validated through
the ablation study. Quantitatively, it was shown that excluding these modules
prevented the resolution of the inconsistency of granularity of text, subsequently
leading to a decline in media bias detection performance.

Finally, a detailed case study and error analysis were performed to clarify the
limitations and advantages of the proposed method. While the Text Expansion
Module succeeded in supplementing context and background information, it was
found to trigger a “dilution effect” in some biased samples, where the additional
information tends to lower the relative density of the biased text. Conversely,
while the Text Reduction Module effectively stripped away unnecessary informa-
tion from long documents, it suggested a “neutrality vulnerability” wherein the
loss of neutral context increased the likelihood of neutral instances being misclassi-
fied as biased. These insights provide valuable guidance for model design in future
research.

The major contribution of this thesis is to introduce a new perspective, granu-
larity alignment of text, to the field of media bias detection and to demonstrate
its effectiveness from both quantitative and qualitative analysis.
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TEITHT B AL 7 AR OMHREDS R VW2 WS AR L, HEEL LR
R IEHRIZFICHE 2 O TIE R L, BHELRICBI 2 TN 7 X3RD5M) 1ITE
HUZFEZERE L [12). A, BERT ZHWTXHMDNNA 7 2 %
ML, ZoWMBEE, V&, BIXUEFFEREZ T Y RAEGETLVTET VUL .
D7 7R—FIZLD, FEOHIEIKFE S, iLHFLARTHEEMCRIINS
NATZABPZ B Z I3 L, BERT BXXARMEMES 1T TR, TD XS s
AL 7 ZOBMHIZHDEMTH S Z e ZRm L.

Maab 51X, BERT % HW/=X L NILOBGRIINA 7 ZHICBWT, 2—F v
k& EGR U7 SOIRIEIR D FIE IR R U7z [13]. XRAEER & 1R X ORiZICHEL S
X ERE UTER LA 7 AT VO AINTBINS 2 FEED, 1EROF
EDEEESR (AR N X) & \WWo Bl FETYREERTSH LT/ A XL
2B IEMPXARE L THISENZ ZeRH 2 L WHMBICEHL, N 7205
REZR L TEEICXREZHRER - LRI 27103 Y) XL ZFE L. BASIL 7 —
Xty b EHWEEBROMGR, ZoFiEr BERT 2AEbE 52T, Rk
FEHEDE WAL 7 ZAERBUTH LT State-of-the-Art (SOTA) DFEFEZER L T
B, XROFEYIZEUFD AL 7 ZEHOMERER LICE#NS 2 2 & Z5ZEEL 7-.



2.2.2 KREEHFEFIZHAVET77O-F

AT4E, Transformer N— 2D 7 —F 7 7 F vy DHELIZEWV, GPT >V — X%
Llama, Gemini & W52 KFIEZFEET /L (LLM) ZHWEANL 7 ABHB LS
BHOMERZHICERLTWS. ZASDETFMZ, TEROEMEETETIX
TR ENRD TP =27 VAL EE R SENRREFE T 288 12EB LT
W3,

BRI LT, Wen & Younes X, X7 4 734 7 ZiBHIN>F~—2 (MBIB)
[14] ZHW, ¥u¥ 3y +® GPT-3.5 £, BART % ConvBERT ¥ D7 7 £ ~
Fa—= U TINETNVOREN ZHER L 72 [15]. ZOFER, GPT-3513FH L
NIVDYRNA 7 ZADBHIZBNWT, 774 Y Fa—=r 7 INETILEHEFE
OHRERFRET A 2R L. LoL, 724 7=a2—R, A\HE, Jzr&X—,
BHIANAL 722 Wo Tz X DAL 7 ZOBEICIIRR e L TIREEDRES Z &
HHHLIC L. T2, XEFFEFEVLWTF A MINT L 7 2BHNICIEFRE
PEEN TR LTV,

—7 T, LLMOHIE vt AR ANEDOFEM e D L5 IXEET 20D I
DOWVTIE, FEHIEMINTWS. Banik 51, £ A7 T)L - XL AF FRFICH
T3 a—RAHEENRIE, ANBEICK27/7—>are LLM 2&0EMOS5E
E£5 1 (BERT, RoBERTa, GPT-5, FLAN-T5 72 ¥) O¥EHEE % Lo L=
[16] . HODEBICEDZ Y, 774 v Fa—=r 27 &N/ RoBERTa £ 7 /LA A M
DTNV ERDEWEEEERLIE—HT, GPT ¥ DAERE 7M1 Zero-shot
RETHOEWHEREEHM L. L L, BNRSH» 51X, AL ET7ILVOHGm
Tut R RN TN D 5 Z e ZHS T L. BRI, ARDSCAREY
IV — IV IRHEEDRBICHEDINTAL 72T 201 L, EFMZ
Ty 2+ R NEE] 2o 7RISR 72 BEE IR ITRTT 3 2 A R Sz,

ZOLELIM®D 75y 7Ky 7 21 = TEIGHE) OFEICH L, Lin 51,
IndiVec EFHIN D LW T L— 27— 27 2R L7 [4]. IndiVec T, LLM ZH
WTTFRX LWL ODLDBEEPHNL 7 ZAOEEEFHIAT 2 7F X b (R
B) ZMH L, 202 KBERRY FLF—ZR— 2N 5. #HERRICIE,
ANTHFRXIDOERINHERILE 77— 2 X—ANOHRRHELZBE L, &
REANZFEBINAT G I N T _RVDZEIE (Voting) IZXK > TN, 7 RDH
WERETS. ZOFEEZ, HEDT—XLy MNIKEFET S 774V Fa—=V
THRATODIRNI®, BIzd RX AL U7 =&ty MWL THEmWINEIEREZ
D, 7, PFEIRBEEZSRT 28T, EOHEIICESWTIAN, 720 %HE L
TR E NS 720, EVEiHATEEZHE L Tw 23 JICKEYE D 5.



2.3 ZAIAFTDHFH

AWFEE, BHFFEMEZ 2 [T F X MREOREAME) offtzHigEL, X
TO=20MEDO Y 7 —F2HERT 3.

B2, T —X e T AT —RIZBIF3 (7% 2 bOHA (BE) OAR—
B BEMETZ7 T —FTH3. 1ERDAT 4 74 7 ZABHEFTLDZEZ LI,
AT =R T AT —ZDTFRAFORER—HLTWVWS Z L ZHiIEE LTV
5. LhrL, EMHFUICIBI 24 7ZABHONRE 227 F A M, B 5
BWXEZTZEICHORED, T -2 T AT =R TTF A MRENRRR
22D S 5. RIFETIE, ZONEREEPHIEREZKT X2 ERA
DUEDTHB AL, AR #HGRERICBI 273X A MONEZHIZ S Z L
*H¥ET.

B, AROFEELRRT 2720, TFAMERBLIUOTF A MiREY 2 —
NERE LTI RDTXF A MRET 74 X2 P FERIERT 5. Maab 505ER
L7z & =%y MEROXXIRIEIRTIE [13] KB EHD D, ARIFFE T 0=k
RIS E D W CREE N O B iR 2 I HiTE 3 2 IRINRFEZIRE T 5.
Zhuchnz, BEOXEIIH L TELLM 2 W TN 7 2@ ICER 2 (R
L5 5XEZPMBRIEIFELZRRETS. MEFEMHASDERY I —FI1T &
D, XHMADOEWTF 2 MO XERMOEWKLEZT, NEDENKEWT —
2ty MIRHLTD, BWEETAL 72 2HHT2 2 HIET.

FH=IZ, HIENROT XA 2 ERESERICANT2DTIIRL, LLMIZL-
TAEREIN-HRIFEIZ BERT I X 208D AT T 5. Wen &£ Younes Ofiff
EHRT IO, AOTFAMDAEHAWEZYOY av O LLM BHICIZRRE D
Y, FRZT7 247 =2 —ZARBHINA 7 R\ o 2lhie N4 7 ZDRFEICIE
REEDPES [15]. ABFZETIE, IndiVee D7 L—a V=2 %2BHAL, 7¥ R 2%
AN - BEL LR %2 BERT D ANICHWS., ZHick ), BERT
DATEHIFR 2 WS HiiEREZ TR LoD, LLM I X o TR XN AL 7 &
DEEDHFER%Z BERT IC5 2% Z £ TS 7 2t oMEER E21H 5.



E3IE REEF

AFETIE, KHEDT XA POREDENEERB LA T 1 734 7 ARETF
BEOFICOVWTIEING., T TOXT 4 74 72, HAohT X
ML, ZRDAL 7 REEGOHIEIEHET 2 MEOEMEL ERT 5. F
72, NATABHH DI RL%E Biased, A 7 AL DT N)L% Netural it 7.

AROMBIILTOED TH 2. 31HITE, AHFRDON—R L5 Tk IndiVec
WCOWTHENT 5. 3.2 HiTlE, RIFRDOKTHZHEEREDDDEY 2 —IZ
DWTHNT 5. 3.3 HiTI, ERIPMEFREIIHNT S EARDES 2 —LDJSHD
FMCOWTHIAT 5. 3.4 HiTlX, BERT ICED L N4 7 RHEEFALITOWT
BB

3.1 EXHAEDR—X 3B FE : IndiVec

AWFFETIE, Lin 512 K o TIRE SN IndiVec[4] ZIREFEOEME L 72 5 34
FAMH L=V —27 e LT T 5. IndiVecid, KEMESEEETL (LLM)
PIEAL, 7F A MAICEBET 2l X 7 4 784 7 21EH % Indicator & FEX
NBRXT 4 7NA 7268 LTHHRMET 2 FETH 5.

PERD X T 4 74 7 ZHFEDZ X, FHEDT -2ty b2l —% &
LTCEFNANZEET 28D 0 EEIHESVTED, FX4 D F—%ty b
WP BB & ILHEDMR VW WO BRE R S LT wn . ZAUTH L IndiVec
X, PHEASRETERFETLDTIIRL, N4 7 XAEHEE KT Indicator 2> H AKX
NBET—ZR=ZAERERL, ZHUIEDSWTANS 7 REHET % & W5 SUSHH
BB, TDXSHEEEIZED, IndiVec IZFEROMETIEI D BWEGES L O
WHMEZER S % L FARHC, THREROBIL Y 72 2 152 IHRIVICIRR T & % 55
T, XDEWERABENEZEB L TV 5.

AEITIE, IndiVec DEAMEZ L RERICOWTHRHT 5.



3.1.1 IndiVec DHIE

Lm
g7 —% @ Indicator /M:I'\

Indicator
T—gR=Z

*{lindicatorié

Voting

X 3.1: IndiVec DULFE 7 1o —

IndiVec DEEIZME 7 0 —%K 3.11RT. K7L —LaV =21, K&EL
Indicator 7 — X X — ZEEREFE & N4 7 ZHEBRFED Z DO DERE» LR SN 5.

%73, Indicator 7— X N—XWEEFETIE, v 7 M z2&EtL, T —£&
KRBT ELELAL T ADT7LE LLMICE X, HEXEDPANL 7 A2 EDHIE
D, FECERREDIIBBEATAN, 7RAZRHELTWS D, 2HAT X
& (Indicator) Z4ET 5. M X7z Indicator ZHDIAARBTIUCEHL, 7 —
ANR— A MERT 5.

RIZ, N4 7 RHEBERETIX, 7A N T —=RIZBIT 2 XFI L THEED 1 >~
7t LLMICG Z, N4 7 2ADOFEEPRHEZ S % & (Descriptor) Z2ERCS
. 72712, ZOEXIEMBINVLDERIETa >y 7 e LTEH X7V, Descriptor
G FRRICHEDIAARINCERL L, 7 — X X— XA D Indicator & DFELIEZ 344
VHELETEH T 5. &7 A M XD Descriptor I3 L T B LTV 3 Indicator %
5O0HERL, FRHIMGXNZITALDZEMR (Voting) &), TARXDS
NVERET 5.

3.1.2 Indicator & descriptor D4ERE

IndiVec iIZBWT, X7 4 74 7 A 2 EEN7Z 0 EREE e LTikS DT
72K, TEFRAMIIRXT 4 74 7 ZAPRM L 5 2EEOHIHEZ FFEMIZEEIA L
7R E N L TN, 7 RHEERITS. C’.O)EPF'Eﬁ?@ﬁCi, AR T — & 2> 5 AR
N B5E12E Indicator, 7 A b T — &5 HAEM S 15551213 Descriptor & FE
N3,



LLMIZiX, X T4 7L 7ADBRE L 5 2EBOMESEERT 5 X 5%
T r 5z o0s. BRI, XKL EER, HRIEOER, #iE
DT VA, TL—3IV7, BIXOHIROFWH Wl RS, N4 7 ADH
N NZFORMEEDHAT 2 X 5f8RENns. LTI, ZOHRSDOOME&EEZ S
3.

NAT7RAEAITB3HEDODHHEBER

1. Tone and Language : #&di< BB R D A #E

Sources and Citations : 5| &1 2 EHIEDERDME D
Coverage and Balance : s OMEHEEB X OHADNT > X
Agenda and Framing : f§&€ DRz iFE 5 2 Ml A D F
Examples and Analogies : F/RCLbIC & 21/ D

A ol ol o

1. Indicator MR Indicator WFFIFRT — & % W7z few-shot & ED T T, LLM
WEbhAEREhE, Tar 7 M, NR7FFAMIMZ, LEOHDDHHE
RIZHDNWTLEDANA 7 2OEMZ HH S % Indicator DF, B X THRT F 2
FDIERT NABEENTVWS., T LD, X5 Indicator IZIX EFEL DA
DD R RINICKILE N, XEFEDOANL 7 ZXROFRE ZOMEZHAT %
CENAREE B, ZDHE, Indicator X, N4 7 RADOMWEEZERZEIICKRIET 5
A ZzER A e UCHERES 5.

2. Descriptor D&ERE  Descriptor DAERIZEWT S, Indicator DERFHIZIZIE
FtkD 7 a > 7 b2V, few-shot &ED FT, LLMIZ XK DAEREINS. /2L,
7y M, XEDOIEMR T NNVTE Z 5705 Indicator DA & 132
A, ZAUTED, EE NS Descriptor t&, Indicator & [Rl—DRHEEZH T 5 H
IR 12 5.

DIz, Indicator & Descriptor DAEKKFHIHH T 2 0> 7 N 2/RT.
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Prompt Format for Indicator and Descriptor Generation

### Examplel:
Input:|[Biased][content]

Output:[Biased]This article exhibits bias in several ways:
Tone and Language:|[content]

Sources and Citations:[content]

Coverage and Balance:|content|

Agenda and Framing:[content)]

AN

. Examples and Analogies:[content]
### Example2:(With the same format with but different label[Neutral])

### Task:Determine why the article is Biased or Neutral.
Give your output in the same format as the examples above:
- Start with Output: [Labell where Label is either [Biased] or
[Neutrall.
- Follow with a multi-point explanation, analyzing the article based on:
1. Tone and Language

2. Sources and Citations
3. Coverage and Balance
4. Agenda and Framing

5. Examples and Analogies
- Finish with a summary sentence beginning with "Overall, ..."
**Input:** [ Jtext_input

3.1.3 Voting ICL B X T 1 7NAT7 XFH

IndiVec D N4 7 ZDHFEDHIEL, AKX 117 Indicator B & O Descriptor %
HDIAARINCER L, FLEFHE L Voting ZHHASDOE S Z e TEEHINS.

Z 2T, IndiVec IZEF 2 BHLUEFHEE X & Voting ITHWOLN LS ERT
5. £73, o0 UDMEINT Indicator BEZE T = {i1,i,...,97} €T 5.
#% Indicator D i; € 7 1%, HDAAMBTFE (Bl : OpenAl Embeddings) % HW
T N RITONRZ FVRBL v; € RY IZZE# S, Indicator X7 R LT — X RN—X
Vr = {v1,v9,..., 07} ZHKT 5.

K2, AILE ¢ TN U THERE N2 Descriptor DFGEGZE D° = {d5, ds, . .., dipe }
CEFRT %. F Descriptor D d§ € D¢ b, Indicator & [F—DHE DAL TEZ

11



VTR PLREL of € RV IZBE NS,
Descriptor X2 ]*/I/ v & Indicator X2 bL v, (k€ {1,2,...,|Z]}) £ DHED
KU, mﬁ’f‘ﬁ%éﬂ% a4 EPEICKEREINS.

C
Yy

[[v$[[{[vl

Z OFELIE R a 712D =, Descriptor & i d FEEEDTV, 37205 BEHRNICEK
BN _ENALD 58D Indicator ZHRR L, BIFT 5. BIKHILX T4 T ANA T AN
W, s BAL5 EO Indicator 1RGN TWS TV EZHWAEZHIRITED
WREXINDG. ZOBMPEHE - R L Voting 1IZHDOL 7 7m—FI12 & D, IndiVec
BARHOTF =2ty ML TD, LN, 7 RMEA %2 H $ 5 Indicator 5
MezrzreT, BEOEWHEZEBRLTWS

ARIFFETIE, 2D IndiVec DR Y 72 2 FRIRIAER 71+ 2 (Indicator/ De-
scriptor 2Ef) ZHEAE L DD, REILFETHENS THERGES 22—, TKNE7
A X MLF ), TBERT 7#ds) 2EAT 28T, N4 7 2B oMEER L
ZHig7d.

-/l)k

Distance(v], vg) = (3.1)

3.2 NEESDOLOHDEDa-I

IndiVec ik, FXA4 YHDF =%ty ML THEWVEIGEZRL, RO
flidp 8 e R L TERTZIAMZZR L TWEXT 4 7N, 7 A 7 L —
LYY= TH5. —HT, AICFAAL VDT AT —=RIIHLTIE, o477
AR FE GHCHETD D ZEOFIE) LHARTHREDS 2 Z e e hTun
% [4].

ZDOMREAED—K & LT, IndiVec %’ Indicator & Descriptor & \ 5 HIfE R %
NLUTAA ZRATFHZTOE, ZAoZ2EMT HTT7 F A DT F R MREH—
BLTOWRWANEZONS. Thhbb, REZNEZHETLTHFAMINLT
Fl—o7m >y 2#EHT 258, LLMIC X 2B ERRERICIES D E24EL,
Indicator & Descriptor D £ X O—FME, F7=EKRIVTICBERDI A T3 & 72 5 0] HE
Wb 2. 2D, AL TEIEDENEZ R L I NA 7 AT LT
95.

IR®D IndiVee DR & 72 5 HRIRIAK 7 12 X (Indicator/Descriptor %)
ZHA LD 2T, BHANCHIT — X T AN T —RDONUEDEEZNELTET
Ta—F, TROLETA N T —XBLFIIRT — 2 ORMLEE LT, 7% ME

%‘/\’Efﬁﬁ’]t LEY 2—A%2EAT 5. BENIE, TOTFAIRXDL

WKIHMERTET 27 FAMEUREY 2 -1k, TOTFAIHLED L X1TIT
ﬁfi’lﬁﬁ%ﬁﬂﬁfﬁﬁ'é‘?f\'x MEEEY 2 —VZ2&E L, T —2 T X b7 —
RN ET A2 XERBICEKRRFOAEZRZENT 52 Z e 2 Hf5 .

12



T, 7FAMUREY 2= VB IO TF R MEREY 2 —LOFHHIZOWT
AT 5.

3.2.1 TFAMBEEDa2-I

ARFZETIX, H 2 XDORERICHIT 23X, Y& —EDQERNBEHEMEEH
LTED, O U THBINRIEREZIRMEL S 2 2 IRET 5. 2D X5 &
BEH CIRIGHR) 1, LLM 23NA4 7 2 D R A HIN T 2 B2 o BB AR
LRBEZIOLNS.

TXAMEREY 2 =03, XEADT—Xty b2XfRE L, HLxOLDOER
WIFET 2 XRIER e T2 2 e 2HWE 35, TI2TlE, 7F X MEDIK
THBH7—XEy MZOWVWT, ZRZFADOXEIXE» LI TS Z 2K
ET S, TFAMBEEY 2—LE, 7—Xty FADUIOWT, ZADHET
ZIEDNF B ZHIROXEEGEL, BROTFRA MEEKRTA2UEEZITS. Zh
WED, TR EINEXESIILE L DXEDENH/NEINS L[FIFHIZ, Indicator
Descriptor ERIFFHICET 5 2 1HR A EDOMEZEML, XD+ hBszHE
T AHERBFEOERDPHARGF XN S.

AKEY 2 — VOB 7 10— 2K 3.2 ITRT.
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{ (328}
URL/ID THtEG
TEXE h 4
% AR KR
I=Zi

A 4

FAFT—=% XEANEX %
EELNEL 1BahiAdGRIERI
A iR

pigoxEDn
YA R LE
EEE

X 3.2: TF X MEEEY 2 — VO 70—
A7t 2%, UFTD3IDODRAT v S THRINS.

1. TXEDREIEDRAHEHR 5, TAMT R LTHEALNALXS)IT
ML, =&ty MIMBET 2 X &7 —% (URLREHEID) ZHWT, ZOXH
FENLTOE GlHE) A; ZREL, US55, 22T, j BANXDA Ty
7 A%, n L ENICBIT 24X OMNEL KT,

W, MEREZTOHEE LT, AN S BIUXE A, Nicagshs e
TOX%Z, HMOAHKET NVZ HWTHDIAARIICZEN T 5.

2B, TXEERETERWERICE, 7% MORITOT, TOX ) 2%
DEFH T 3.

2. XERICBITBNUBEHE KT, XF A MBI 2 S} DIEEZHBINE (4

VTFv A n) BRETAS.
THXFAFDRELONRL /) 4 X%ERL, B XTH—HTIERL, X7 bR

14



DAy 4 EMEREE RV 5. CHNORT L AT ORI RFEL, B
PR RAMADE S, ZOXEIIET 2008 n ¥ LTHETS 2.

3. HMEDOREL TF¥ X MOREE AL n HWRESNGE, 20RO (57
BEO S 2R 5. 22T, MBRAURPEAT S Z e 2Hi 7%
D, BRWESHEORELZITS. BEINIE, JTTOX 57 eiEfiixe dad 4 Y
WEZFEL, ZOENEMNCHELHEr ZHZ 258 12DAT X Ok
BEITS.

TEERIRD T ¥ A b S cvpanded AT D XD ITER SN 5.

LA 7770

Syt Srs SEHY it Sim(SY, 7)) > 7
Sj,ea:panded = {[ ! ] ( ) (32)

S;L otherwise

ZIT, [ B 7TFR P OEREBEEERT. RIEIIC, 1§50 S cpandea D3
BRBEOLER ot 2 DA L 5.

3.2.2 FTFXFAMBERED a2

K SFEET ML, —RICEXATICH L THERUHEEHEZE TS5 D
D, BN ET B TIX, AL 7 2HE X R 7 1IZBE Lz
TBWNZ L G EN 250, BEELHWNRIAOEESTEL, £ X5 Indicator
X0 Descriptor DFHEIMME TS 2 R]REEDLRDH Z e EZ NS, ZDD, T—Xtv
MZBIEZTFRIMDBXEDE X, ZOFrLEHELRBEHROAZHHL TXER
W TANERITS. REY 2a—NLONE e —%K 3.3 12577

15



TAMTF—%
(3XEA _short))

X 3.3: TF X MEEEY 2 — L OUHE 71—

TX A MEREY 2 —E, —BRINBRENCIZERD, FihRERERT 3
RS, ANIEDLOLRAT 4 734 7 ZHEICHE ST 5 HHEIERBFEAE K
WA T, K OEERT, N4 7 XHEICEHET 2 HMOEBENEH VT F A 2
HI2ZeZHMELTWAS. FEY 2—E, RIfiOTFF X MEREY 22—
LI, EREZEHIRT 2 55 53T — &2 & 7R b F— X O E =
DEMEZXZEY 2—ILTH 5.

$ﬁnf@,:@%L@@%memiézmmmm&ﬁ®$ﬁ&xﬁzbfﬁ
AT 5. BRIciE, A LTEZLNEE A iIcL, FHiliciidt L7
Y7 hMEHAWT, LLM XL TXF 4 784 7 ZOHE FESLRHE O HI M I (R
CEZLNLZXEREL, EEREROAERIELZBNEERT 21 LHER
35, 7ur 7 bORFEKIILITOED TH 5.

o WRAFRE: LLM ISR L TXF 4 74 7 ZBHOHEMFR) &5 &KEZM5
L, SMNZERTOThzes.

o BIRDFER): = 2 —XFLHZHMIKLT D, X7 1 74 7 RO THHITHETE
FNCBE S 2 DA ZRRET 2 X511 T 5.

o BEME—EM: Biased N4 7 AH D) » [Neutral (L) | D2DHIE
KBRS Z W R HIBRN R LTHRT 52— AT, B% e L TomEN
—EBHE RO XS,

BRI, UTWERT 7 ey 7 Py, AW
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THF R MBEDDD T Y Tt (Pom)

You are a media bias detection expert.

Your task is to simplify the following news paragraph by keeping
only the sentences that are potentially relevant to media bias
classification.

Remove any sentence that does not affect whether the paragraph
is [Biased] or [Neutral], while keeping the paragraph logically
coherent.

News paragraph:
"{text_input}"

Simplified paragraph:

ZD7u >y 7 MIE, zero-shot JERTHIRENTED, LLM BET 3 —ikiV7%i
SHMREEICH DO WT, N 7 RHEICHF G T B ERIIcHt T s 2
ZPHIE LTW3.

ANXER Aj, LIMIZX2ERTvER% LLM() &35k, ERIN 556
BT ¥ X b Ashort j IR TREND.

A_short; = LLM(A;, Psum) (3.3)

ZORERE L TR OB HHESE Ashort; 1%, TLOXE A; LB L TXER
UHEX N E—T7, A 7 RAICE#ET 2 FELNELZRFFLTED, BitoHHER
HOERIZBWT, IO BELEREREEICTEEEZIOLNS.

3.3 TEXAMNETZAAE

AREITE, 328 TN T7F A MEREY 22—V KU 7% 2 MEBE
Ja—] BIEHAL, T2 T AN T —RDTF R MVEDEE/NZIL TS
FIERIZOWTHAT 2. I, ZOUEE 73X A MIET7 T4 A2 b RS,

1ETHRE@D, EEFROX T4 734 7 2BHICBWTE, AT —2e 7
2N F—ROBTTF A D TN R | BD—BLEBRWIREIEHESNS. =
D XD BAEEIE, IndiVec iIZBTF 2 HEFRIE (Indicator B & T Descriptor) D
BERINIGERZ D, N4 7 AOEEOTFHMHREZIKTIE 32— kb &
26N,

ZTCAHITIE, 328 TCEALEZTF A MEBEBLIUSTF A MEEREY 22—
ZiHAGDE ST, ZONMEDOA—HZHEMNT 5700 BRI 70t
ZIZDOWTIRR S, KREFFETIE, T—&ty FOEBRICISELCT, T —&207
XA MENICE, TAINT—XOTFZAMIERXTHEr—21 8, T —
ZDTXFAMNNENRL, TAMNT—ZDTFAMIENLETHE 77— D2
DDy —AEMETS. 2L T, ZNZFIhDTr—RAIBVWTT AN T —XRDA%
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W% Toy7n - 7Fa—F Single)) ¥, IRF—XBLOTFR 57—
DRI Z IS B (X7 - 7 Fa—F (Double) | ZHRET 5.

3.3.1 T—=R1:IlET7—2H IX&E1, TAT—2H I3y D
B

Ky —2TE, XORIGFFEHLZERFERERF> 1365 22 64 7 Indicator
WL, BRI < TEERDIIREN 72 132 2 A E L7z Descriptor Z# &3¢
2ZrREHNEL, MEOAR—BBAL 7 RHEICEZ 288 RMNT 5. Bk
X, 7 AT =2 DA LU TXEINRIWE 2T Y0 - 7 7 a—F (7
Ju—F11) &, TRAN T =X T —XOMITITOWTUEZITS X7 -
77 —F (7R —F12) D207 Fu—FEHiT 5.

BT — 2 . Ay - .
Indicator HE FAHAH
% /7

________

Descriptor

GEEES] expanden)

X 3.4: 770 —F1-1 . T AT —XDIWLERIC X R EEE

T7O-F 1. TAMT—20MR N 341RT X5, A7 0 —FTid7T
A b T =R DA UHTLE 21T 5.

ARSI SCEBAL DFIR T — 2 2> & Indicator 24K T 5. —7, 7R MRIC
&, XBADT AT =R THLHEL SPITHL, 7FZXMUREY 2 — L 2i#H
HL, FASXHRZATE L7 R CURS ST panded) ] ZEKT 5. 2 DHEHR
a2 &D, 7RAMTFT=XBIOFERNEZMTEL, Descriptor ERKKFRHIZ, X
DEDP O TR RIMBIRZHE T2 Z e A[REL 2 5.
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Indicator HE S RIVHA
)

Descriptor

X 3.5: 7 7u—F1-2: JlHF—XDOHHR Y 7 A b F— X DIEEDOHH

77O-F 1.2 T -2 DMERET AT —2DER X 3.5 TR T &1,
A7 7 —FTRIIBT—E2BLOT A M T —XOMIFITH LRI Z#EH T 5.

BARIIZE, 77 e —F -1 OBz, dlT—2TdH 3 [XF ITHL
TTFFAMBREY 2a— A 2EHATE. Uk, JIECE»SHEICHFSL
BRWILRZIER - /4 XZ2RE LR THBXE) #4EKL, ZIZ25 5 Indicator %
BT 5. ZOHEIIZ X D, Indicator (& & D HIWNCEIE L - 1EHmE &t Z & 23
FEIhs.

Zhuc kb, JT—&lIcidEREZHIEL, 7 X M7 —Z{ATIHEREZ
e 3528 T, WHDTFAMNEZHRENEREZIGED Y, 7F X MED
NEEZMHT 5.

3.3.2 7—XIL:JET—20 Xy, TAT—4H IXE] D
ma

ARy —Z2TlX, HBIVE L RFNZERZ ST 13X 2264 E 1172 Indicator
¢, KO RELAZBHREREED 1XXFE) » AR I N7z Descriptor ZBE X5
CrEHMNE L, MEDAR—ENNAL 7 ZHEICE X 2HEREMNT 5.

AR TIE, Ar—2 WL Tdr—R IR, 207 Fu—F 2kl
T35, TAFT—=ZOAIH L TXXEMMRUHE 275> -7 Ta—5 (77
0—F11-1) &, 7A M TF=X T —Z DM FIZOWTUHRZITHI X TN - 7
Tue—F (7 e —F11-2) TH5.
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By -2 i - _
Indicator HE SRILHA
“la" ‘!'V7£:;;7 Zi::;

________

Descriptor

(XEA_short;)

X 3.6: 770 —F1I-1: T A+ TF—ZOFHRIC &k 2R EES

P7O—FI-1: TRATF—20O#ER K 3.6I1TRT LD, K7 Fu—F T3,
T A b F—ZDAIH LT ZT 5.

BRI IC1E, SCEALDFIBET — & 52 & Indicator 4T 3. —F, 7 A MRRIC
X, XEHRMDT AT —XTHE2EXE A ITHNL, TFAMBREY 2—1%
AL, N4 7 ZHECHFE LRWAEL X ZHIBR L 7 TiiiRE (Ashort;) | %
ART 5. ZofmB7aeRIckD, 7A M T =2 HIOEREE % ED, Descriptor
ARIRFIZ, XD IEMEROTBR 252 Z e A fReL 72 5.

________

1
g — % . " _
” Indicator HFE 5 RILHA
e )

________

Descriptor

(LB A _shorty)

X 3.7 77u—F11-2 . JIi7—XDIIRE 7 & + 57— &Z OFfEE DO

77O—F II-2 : T — X DILRET A P TF—2DHE X 3.71RT X512,
A7 70 —FTRIFHT—2BIETF A N F—ZDORFTITH U2 5 5.
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BAEIZIE, 77— -1 oMz, 7T —2TH2 130 2L T
TXAMBREY 2 —AZEHTS. ZHUTXD, WAL SOIEISURZ N5
L7 I3GE) 2L, 22206 XD ERER DG Indicator ZAMT 2. Th
W&ED, JfT =2 cBWTd, XHAT F X bR RATHIRIEHR DR Z
AL, & D3CGELXIUSEWERREEZ 7D Indicator ZH5ES 5 Z L 23A[AE
2%,

AU &b, dlT —2fciEREEZMTEL, 7 T —ZAITREREE
HI S 5 2 & T, BTD7F X MEZPEZRSIZEOY, 7F X MAED
NEEEMRHT 5.

3.4 BERTZRAWIENAIT7XHEETIL

IndiVec Tl&, A 17z Indicator 3 X U Descriptor 1D 4 A > B 12 5L
DL EZEP (Voting) 1I2& D, XA 7 RADEEEHEL TV, —/HT, ZOFE
AR O L S ITHRIFET 5720, X D EMLZEKRNBEGRZ ok
52N WAEESEDL D 5.

AU LARBFE T, ROCGEMES KX ORI EN 72 BERT €7 V%2 0%
e LTEATS. ZAUT LD, Indicator ¥ Descriptor D DRI RZ X D
WUNTHE R, X T4 74 7 AR OERED T\ E T 2 02 HREET 5.

AHIClE, BERT E7VOMEZME L, SO TARMEIZEIT 2 ANERB NS
FEEMIZOWTHAT 5.

3.4.1 BERT QO{}E

AIFFETIX, X T4 74 7 A ORESFEIE L LT, Devlin 512X DR
X7z BERT[3] 2 5.

BERT 3N A O HOHFEMEZHZ TBD, AEhi2r—27 oA
REELA YTl T 2. N4 7 2RHERZAZIZBWTIE, Ay —
Y ADSHIRIR N —2 o TH B [CLS] RELE T A. Zd [CLS] b—2 Tt
6T 2 EEEDOHITINT ML C e RE (H IZBOEOXITTE) &, AJIT7F A b
EHROBEKREZRI N PALEHE LTkbh 3.

BRRIRE T L y ik, TORZ ML C ZEEHER LR 2RSS & O softmax
BEIC AT 2z e TclEsN5.

P(y|C) = softmax(W - C +b) (3.4)
T, WEBIFLIIFERIXA-KXTDHAS.
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3.4.2 ANTRRFH/ROBEREK

BERT 1ZXf5 2 AJE, NA 7 AOEWZHET 2HRTF A ZDH DT
7% <, Indicator £7z1% Descriptor £ 5. BERT #7 7 A4 ¥ F 2 —=V 75 5%
W, AT — R 2 4 X 7z Indicator Z A& L, [IEED AL 72D T X)L
(Biased ¥ 7213 Neutral) ZHi /12 L T5 X %. BERT ZH#amIiCHW AR, 7
AN T =20 B4R LTz Descriptor Z A1 L TEHZ 5. #HD BERT I X%
A7 ABHEZRZD, TOTF A FORDDIZ, LLM IZ Ko TERLTNA 7
ADEEE 5 DO R O L7 E, 37255 Indicator % 7213 Descriptor %
AN T H3RICREBEFEORED D 5. £72, IndiVec EIZFERD, 33 HITIEN
72FiE Uo7 Fue—Fonihdr) THNEZHAE L7 F X bH 5 Indicator
F 721X Descriptor 243 5.

FHADT -ty MCBOTE I RNUGHERITEETH 2 Z e B2V,
77 A4y Fa—=r IR, B LTIZrR Y br b —#8REE (Cross-
Entropy Loss) ZHW, BERT O£ 87 X =X %X T 4 TXA 7 AR A 712
RiELS 5.
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F4F  FHM

4.1 HERFETE
411 FT—42tvhk

ARFFETIE, BRE2TFAMIEBIUAN, TREREAT 2E8HONHT—
Xty FERHOWTREZFEOBMMELZMAET 2. HHLET -2ty NoilEr
£ 4.1 1R7.

BABE [17] 3 X BASIL [18] 1%, XHLTAT 4 TNNATANRT /) T —a
YENST—AEty b THB. BABE IZE XK LT Biased F721% Non-biased
DMEZ XU TWE. —75, BASIL IEXHAIT Lerical Bias B X O*
Informational Bias ¥\ o 7B ZEEDANA 7 22 RXHILTWD. REBRTIX
ZNHDTI)L%E Biased ¥ Neutral D 2 DIWXZEHAL THEH T %. BABE & BASIL
DT FRAFNEOEHEIZZNFIN32.6 & 24.1 b—27 U THEBEWNEWT ¥ 2 M THE
BENATW5.

ZAUTX L, FlipBias [19] 8 & MFC [20] 1%, XEFHA TS EEhi
T =&ty FTH3. FlipBias T, [Fl—=2—X A X>¥ ML TBIENALIGD
BRDIZAT4 7L BEEDNEEINTE D, £EFEIZ Left, Center, Right D=
B U EXNTWS. MFC X, kO K2 CERNT -2ty N THD,
FEHIIN LT Pro, Neutral, Anti DAR Y ZAZRABMFEIATVS., Zab
“fE ED XV EFO T =&ty MZTDOWTIX, (Center/Neutral) % Neutral,
ZFNLIANE Biased 55 _MHDHR A7 DT —Zty b UTHMENKL TERZ
175. FlipBias & MFC O 7 ¥ X b ROFEEHEIZZNZI909 & 260 N —27 > TH

% 41 FRCHAT 27— 2Ly b

Dataset Bias Level Bias Label #Inst. Avg Len % Biased

BABE Sentence  Biased, Non-biased 3,674 32.6 49.3%

BASIL Sentence Lexical Bias, Informa- 7,984 24.1 19.6%
tional Bias , Non-biased

FlipBias  Article  Left, Center, Right 6,447 909 76.5%

MFC Article Pro, Neutral, Anti 37,623 260 84.5%
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D, XHANDTF—Zty b HRTTFZMPEL, R REE2 DB
B RBFRETH 5.

INHEDT—REy ME, XHAE XEHRME WO B INEREEEZATE
D, AT =R T AT —ZDOHEMP—H LRV ZBRICHETES. L
T2 o T, AHEDIXNRE T 2R EREE ORERE IS T 2B FEOE M
ZAHMECTE 5.

F72, £41IWRT LT, BABE 1281} % Biased 7NV DEIEIZ 49.3% &
FFHE LTV B, 20D 3 2OF -ty MIVWITH 7LD
PDRONIZ A GE T — 2y v THE. 2D, 342HTIHENED, FHK
WKidZu xRy ba b —BREEEHWSE Z 2T, IO EZE L
J-ERE(L R To T3,

412 RN—=ZASAVFE

ABIFETIE, RRFEOAMEZRELT 270, UTD 4 DDXR—-R 574 »F
R R ETTS.

IndiVec [4]
Lin 512X bR XNz IndiVec 7L — L7 — 22 ZDFEHAWEFIETH
5. T — &2 64X N7z Indicator ZHDIAARBFICEELL, 7 X b
T — X AR I Nz Descriptor & D aH A4 VEMEIZEDWT Ak
O Indicator ZHER L, ZHIR (Voting) 1T &k WK ANL 7R TNV %
PET 5. RFRIE, FHEREEZHWIANL 7 2HORKNFiEL LT
B h 3.

IndiVec (CL)
IndiVec ®H[EZRIL (Indicator/Descriptor) ZF|H L-2D, Voting 12 & %)
EXRZBFIELFERRD BERT BHEBICEZIZ-FIETHS. 2L, K
MR TIRET 5 7 F X MRS T F X MR & Vo 725U E O 2 —LId#E
HALZw., Zhuckh, nERBRoRE Yy R T2NERESEY 12—
DY) 7 CEHii s 2 2 HIVE L TWa. CL & Classification DIEFR
TH5.

FT_BERT
HERBEEZN X T, =2 —X7F X MOFEERE BERT 1A LTAA
TAEBETAFETHS. COFELDOHKEZBEUT, ABOXS42ZH
72 B RIS D WP RIRRZ /N T2 2 L OBERZMIET 5. 28,
FT X Fine-tuning # 3% 3.

Zero-shot LLM
K SEEE T /L% W7z zero-shot BXEIC X DB NA 7 RAHEFIETH 5.
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TANT—=Z%ZDFEE LLM IZANL, HANIHKEI L2707 2 Hn
T, %7 F A D Biased 7 Neutral »%HET 5. AFETIE, AT —
RRRZRVEBDT 74 ¥ F a—=r 7% —Y{7b7F, LLM 27 % —%
17 S EEFEfERE 11 B D { HIEMERE R Bl 5 5 .

4.1.3 FHEIEIE

KWFFETlE, BEFEOANMNEZ ERBNIL OZANIHIE T 272D, X747
NA T ZABH R ZZICBWTIAL AWSNZ LT O 4 DO % iR 5.

e Precision (f§E): €7D [Biased) & FHILT =& D55, EFEIZ
Biased] TH - 7HE.

e Recall (BIREK): FHIFIC Biased) THET7T—XD55, ETIAHNIELL
MBiased) & THITEES.

{1

e Fl-score: Precision & Recall DFFIESITH DY, MEFD ML — KA T7%2E
J& L 7o A i 7 FEAE.

BB I TO@EY TH 5.

TP
Precision = TP FP (4.1)
TP
Recall = ————— 4.2
T TPTFN (4.2)

2 - Precision - Recall
F, = 4.3
! Precision + Recall (4.3)

ZZT, TP, FP, FN ZZzhzhBEGME, BEE, mEiEzRT.

e Macro-F1 X 512, AWFFIZEWVTIE, Macro-F1 ZFHEHERE L L TCEAT
5. 411 HTHRRIZED, X T4 74 7 2BHEICHWsnE T —& 1y b
&, 7L (Biased / Neutral) PG TH 2550% V. Bk
fRE# (Accuracy) TlX, ZEIRD 27 2 X (f : Neutral HH) % FICTHIT
LZETANPELFHEX NS, Macro-F1 1%, &7 7 & (KX ATl Biased
BEU Neutral) @ Fy, 2a7z{EiicEHL, #Ao08EMEE%2 L 545
BHTHh5.

C
1
Macro-Fy = — ; Fiy (4.4)
ZIZT, CEZIRE, F; 37720 F, 2a7%2KT KRBV TIX
C=2). Zhkh, 3y IV BOPIRNT 5 ZOHERES) 2 FEIFHGiS 2 2
EHIR[REL T2 5.
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4.1.4 REFM
BEFEB X ORHTFIED BRI EELU 2L T ISR 2,

£ 4.2: ETNVFEEBICHERICBY 2 NA 8= RI X XFE

WRET I N7 X —XIEH REE
Base Model bert-base-uncased
Learning Rate 2 x107°

BERT Batch Size 8
Epochs 3
Loss Function Weighted Cross-Entropy
Max New Tokens 300
Temperature 1.0

L1 -3.1-8B-Instruct

— Hste Top-p / Top-k 0.9 / 50

Number of Returns 1
Embeddi Model 11-MinilLM-L6-v2

Embedding & DB rbedding ode i v
Vector Database Chroma DB

BERT 7888 DRE AMEKORRZFTES K SHEBFETH WS BERT €70k
L, Hugging Face @ bert-base-uncased' Z#HL7z. ETLDT7 74 >V F a2 —
SV BIFBENAR=RT A —=RF, £ A2 1TRTED, FERE 2 x 1077,
Ny FHA X% 8, TRy ZE%E 3 LBE L. MEFE (Weight Decay) & 0.01
2L, w7 L3) XA2iE AdamW ZHWe2. £/, 411 HTHEREZIX
DD RIEN T 2 72, HERBABICEFEANZ /e XY bu¥—{E%
(WCE) ZEAL, PO I RADGERETZR LI-¥E21ToTW5.

2B, MFC ZFR &7 =Xty MIFE T — XD NN TS % 729,
WEEDV R XD b T aRFEE BT 270, BIKT (Early Stopping) #k
BEIEEHAE S, IR TOEBRECBVWTEELR Y 7B THEEE(T- 7.

LLM DOFE HMHZFEH (Indicator/Descriptor) O, BX U7 F X b DHLIE -
MREY2a—LTHWBLLM LT, A—7 VY —2ADKHHESEETLTH
% Llama-3.1-8B-Instruct #{HH L7z, 7F A PEMRKFED T X —% 2 LT,
max_new_tokens % 300, temperature % 1.0, top.p % 0.9, top.k % 50 IZF%/E
L.

AR TIXER NS FHERBEIEFNCER L -ENER 2T 2EM
L7, LLMIZX24EMTIE, MICHNIEXoRNmyRET 2580355, Thz

https://huggingface.co/bert-base-uncased
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FEEL, AMEERRZE 2720, FATCH L TRARSEETOY 74 4L
HeEL, EDIRN Nzt LRk DE N ZHRA L.

Indicator /Descriptor DE#EFEKE Indicator & Descriptor Z M ®IAHIZZEHLS
LZEUCHWE T X X POEDIAAET L E LT, GBI LBEDOANT V2 I2E
N7z all-MinilM-L6-v22 ZHHA L=, F72, A&7z Indicator ZA&HN - MR
T572DDXRT F)LFT =KX —RZ¥ LT Chroma Vector Database ZHEER L 7=.
ZAUZ & D, Descriptor & Indicator D EE 2D EkE 72 BRIV SRR % 5
BLTWwa.

FEIRIE SRTOETLVOFEEEB LUK, NVIDIA # Quadro RTX 5000 %
B U ERECHEM L, Python ZFHWTSEEL .

4.2 TlwXEx : HME r DRE

3% 4.3: BABE 7 — &t v MIBT A HELUSEEr RS > IO %

HUERGE | 8> 7ILE | —oridXZ —D#0DOX%Z LRIt
Y 5E Y 5E CTIVE

0.2 2,429 3,072 3,496
0.3 1,855 2,438 2,929
0.4 1,230 1,634 2,239
0.5 5,374 651 907 1,266
0.6 261 410 611

0.7 68 109 171

£ 4.4: BASIL 57— &t v MBI 2 HLUERE r L JLiRY > o B iR

HOUERE « | 8> 7L | —oriOX%E —D%DOX%Z RSN Y
YiaR L5k VTILER

0.2 6,275 6,275 7,504
0.3 4,531 4,531 6,214
0.4 2,720 2,720 4,248
0.5 7,984 1,314 1,314 2,259
0.6 444 444 829

0.7 104 104 204

’https://huggingface.co/sentence-transformers/all-MinilM-L6-v2
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3.21THTIRNRNZZ X512, BBETELCBI 27X A MEREY 2 —/LTlX, H
NMDTF =&ty FEMRE L, SRIOEIRICHITT 2 &2 ITTD BT % B
OYIREEE L LT, BHOUERME r ZEA L. BRI, AR fR1ee o
BEIRIELED 1 2B HEICDA, TFANDOEEEITS.

AWFETIX, BEYRMEEZRE ST 2-00F O LT, £%2 r OEIIHL
T, Bt XHEFERTRE ¥ HIE SNz 3 > B2 HlE L7-. BABE B X (X BASIL
TRty MIBITIMRERAIERILAWZZENZIVURT. 7 DEPIKREL RS
WONT, PREATREL HIE XN B Y~ NI T2 Z L R TZ 3.
X, OB LUWERNEMESRGEZHT 2T, AN @BEET 2D
BPILEEMRE U GEREINE /12D TH 5.

FFEEITAREH Y LT, BASIL 77— &ty MiZBWTIE T—oRiOXZHEER] L
T2y I =% RIER] Uiz v A EICER o TWa, &
AU BASIL 28 =2 — AL HEEMK T 28kt L7z e > e LTHRDZDTH
5. BARINCIX, XS I Sipy @ THTOBEESC | & UTHIE XN 5 5&M1E, X
Sig1 WX S; @ EOR#E ) & LTHEEINZFEMeR—TH 5. —F, XM
SNLTH Y 7Y 7 ERTWDS BABE TRETOX LIRS %7 — A DX 24k
RS 57 —RDENIF LU TIERWV.,

7=06 BLXKFT=07 DFETIX, ILRZDY ¥ INVEHBKIEZHDI L, 7F
A MERIE DB % FEERINCHEES 3 Z e R EETH -7z, 2D, Zh
5 DEWEIEREICT LT, BUTICBRZ N4 7 2ZHEEBRISIFEM L T,

iz, EBEDOANA 7 ZHEREICE D W TRGEZ BIEETE T 2 728, MRET—
RERWHERETo72. ZOERKRTIX, XEHRMNDT—XEy b TH 3 FlipBias
& MFC ZFll#f7—42 e L, XHDT -ty FThHS BABE & BASIL =7
AMTF=RELT, TAN T —=XDILRUHEZITOI V7N - 7 7u—FIT ko
TANAL 7 2% T 5. BABE BXU BASIL 27 R b7 —& & L7236 OWGEE
EREZRZRFR AL BIUORA6ITRT. 1= 0DRETIEHEIHIEL, 7= 00
DERETIEFIHRLZWZ 2R T

3 4.5: BABE HRGE 7 — X & HW 72 BliE r D fidE1t
Training set | Metric 7T=0 0.2 0.3 0.4 0.5 00
Precision 54.0 55.0 58.2 58.0 54.5 54.6
Recall 70.4 75.4 77.4 75.5 72.2 69.1

FlipBi

tpDIas F1 611 636 66.4 656 621 610
Macro F1 | 552 563  60.0 587 553  56.2
Precision | 56.2  56.7 532  59.6  57.3  56.7

VEC Recall | 661 71.1 709 710 685  65.1

F1 60.8 63.1 64.0 64.8 62.4 60.7
Macro F1 | 57.9 58.5 29.7 60.5 58.7 28.6
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3% 4.6: BASIL #REET — & & FlW 7= RRfE 7 D HRosEt
Training set Metric T=0 0.2 0.3 0.4 0.5 00

Precision 20.5 22.2 23.3 23.5 22.5 22.1
Recall 60.1 65.2 66.9 64.3 64.7 63.7

FlipBias F1 30.6 332 345 344 334  32.8
Macro F1 | 43.0 432 454  47.1 458 4438
Precision | 205  23.1 230  23.7 233  23.1
I | 534 624 586 548 582  56.1
MEC Reca

F1 29.6 33.7 33.7 33.1 33.3 32.7
Macro F1 | 45.1 46.3 48.3 49.5 48.8 48.6

TN DORGEET — X ICHBIF B MM, 5512 Macro F1 Of8fEICEO %, AT
AT — 2 23 FlipBias, 7 A 7T —&X B BABE D& =03 2L, %
NEHND TR TOREREICBVWTIE r1=042 LT, AEEBEZITS.

4.3 HFET—420 IXEI, TAMT—4H Xy D5
& O
4.3.1 EERER

=21 GIT — 22 SCEHAL, TR b7 — X 03CHAL) 1281 2 R % #
T 5. RATBIUOKR A8, Zhzeh TR 7T —%& & LT BABE XU BASIL
W58 OFHiifE R Z R L TW5. Proposed(Single) & Proposed(Double) i,
rheh, V7N - 77a—F (TR T —XDAHTF A MERILHEZITS) &
RIN 7 Fa—F (7R T —=XIF7F A MERILE, FIF7T— 2137 % X M
B 21T D) W K2 IBEFEZLT.

K AT ERER (=D 3T —208E, TAMT—=XBNDEE (7T A
I 7—%: BABE)

.. . BABE

Training set Metric IndiVee Proposed Proposed
IndiVec FT_BERT  (CL) (Single)  (Double)

Precision 56.3 48.9 55.9 57.7 61.7

FlipBias Recall 63.2 100 67.2 78.3 75.3

F1 59.5 65.6 61.0 66.4 67.8

Macro F1 58.0 32.8 57.9 59.4 64.0

Precision 57.3 47.6 56.6 54.5 53.4

MFC Recall 66.4 88.6 61.1 69.3 69.3

F1 61.5 61.9 58.8 61.0 60.3

Macro F1 59.4 36.7 58.1 55.0 53.5
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¥9, 7AMF—&¥2 LT BABE ZHWEERIZOWTHRR S, FEHT— X0
FlipBias %%, Proposed (Double) & F1 2% 67.8, Macro F1 2% 64.0 &, I
TOFEOHRTRD EWHREZ /R L 72. Proposed (Single) 3 F1=66.4 ¥ &\ MH
ZRLTWAD, TN - 770 —F EhoRL 5.

—7, FT_BERT (X Recall 25 100 2D TEWVMEZRT DD, Precision 23
48912 ¥ED, ZOEE L LT Macro F1 1% 328 ¥ KEIETLTWS. Zh
X, THID—HDZ SRR > TWABABE A RE L TW3.

AT — &% MFC ICEE L7155 TH, FEOEAIHEETE 5. IndiVee 1
Macro F1=59.4 & HEEHVZRE L7 EREZ R LTV 5 DIzt L, FT_BERT % Recall
7 88.6 L E\W—J7T, Macro F1 1 36.71C ¥ EoTW5. R TFHE, Precision
€ Recall DT Y REMEFFL DD, P/ BIUIXITNDEFIET IndiVee 7
L— A7 — 2 BEOMITFEREERED F1 23Z L TW5a. =72 L, Macro F1 1
IndiVec & HERTRRE 5.

£ 4.8 EBHER (=D T —208FE, 7TAMT=XBNOEHE (7R
k7 —%: BASIL)

.. . BASIL

Training set Metric IndiVec Proposed Proposed
IndiVec FT_BERT  (CL) (Single)  (Double)

Precision 23.7 20.3 22.6 22.9 25.1

FlipBias Recall 51.0 100 57.6 63.8 61.8

F1 32.4 33.8 324 33.7 35.7

Macro F1 47.2 16.9 47.2 46.6 50.7

Precision 22.9 21.2 24.0 25.2 24.7

MFC Recall 51.0 87.0 51.6 61.2 61.8

F1 31.6 34.1 32.7 35.7 35.3

Macro F1 49.2 31.7 50.5 51.0 50.1

R, TAITF =22 LT BASIL Z WA RICOWTHRNS. FIfT— 22
FlipBias D351, Proposed (Double) & F1=35.7, Macro F1=50.7 Z&l#% L, In-
diVec B X UOMhFE%Z LB 2 HEE%# R L7z, Proposed (Single) % F1=33.7, Macro
F1=46.6 &, BHFFRL FAFULEORRZERL TV 5.

—/7 T, FT_BERT (% BABE D¥%;& & FIFRIC Recall 3 100 & IEH ICEWEZ
NI D3, Precision 1% 20.3 £{K<, Macro F1 11X 169 I ¥Fo>TW3. ZOfHE
fd, AT — %% MFC ICEZELHETH—HLTHAlENS.

MFC %Fllf 7T —& ¥ L7255 121&, Proposed (Single) 7% F1=35.7, Macro
F1=51.0 b EWEZRLTED, Proposed(Double) I& Z UL WHEREZ TR
LTW53. IndiVec (CL) & IndiVec L T—H L/ 2WEIHERTE 3.
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# 4.9 EBLER (=21 ¥uday b LLM & OSSR

Test set
Method BABE BASIL
Zero-shot LLM 73.2 42.7
. Proposed (Single) 66.4 33.7
Training FlipBias Proposed (Double) | 67.8 35.7
set MEC Proposed (Single) 61.0 35.7
Proposed (Double) | 60.3 35.3

£ 4.91%, BEFEr Yy ay FVRED LLM & OMRELREZRLTWS., ¥
0¥ ay b LLM T, 87— 2—UHWT, 7TAMNXZZDEEANL, N
A 7 ADOEEEEHZHEZETVS.

BABE ¥—%&+t v MZBWTIE, Yusay b LLM 2 F1 227 73.2 ZEK
LTHED, FlipBias BXUIMFC Zillfi7T— &% & 5 2L FiEr LR 28R ko
7. £7, BASIL 7—&t v MZBWTH, ¥uay b LLM QB F1 X377 42.7
ZEitsk L, IRRFEC B L TEWEREEZERL TW5.

ZOfERIX, BABE B XU BASIL 28WFhd XHNTHER AT —&XE Y
FTHD, HEEWT 2 FAICBHR AL 7 2ARB 2 S LEAENZ 2
WHEERT 3 EZ o5, Llama IKBELRERIEE ZHE T T, SENANL TR
RFHARYRIFICEE T2 AR EEE L TBD, ¥y ay FREKBWTY, rv
T h e DEEMICE WG L XL OHIM R EREEICITO Z L ARETH 5.

— 1T, KMFDORBEFIEZ, BN 7 2A0EEE T 27513 TR<, H
Wr DR & 72 2 Descriptor ZBIRHNICAER T X 3 UKD H 5. 2D X5 7%
FIRINCHE D S BEHE, ETAOHMMRILZH S IC L, X7 4 784 7 A
BT B EBHATREE & S B 1 E BT

4.3.2 F7IL— 3 HE

ARIETIE, EFEREHKT 28 EROFLGEHLPICT S0, 77— 3
VRN RATS . BAKENIZ, HIEETILE Voting 7> 5 BERT HISAZEH L1 2
LICKBERY, ARORLTH 27— XU 7a—F (FF 2 MERE X
OHHREY 2 —1) OBAMMEICOWTHREES 5.

4.3.2.1 BERT 7382380 ERIEIREE

73, HIEETAZIERD IndiVee R LTV 2 28k (Voting) 2056, %
T nlEE7: BERT DHHBANBE R /22 2 ISk 3682 T 5. £47 BXU
R 48 IZBWVWT, AV I F D IndiVec & IndiVec (CL) % HHHKT 5.

IHORER, FHOEREICBWT F1 2a 7o LRIz, #ilZiE, Flip-
Bias Z{ll#i7—& & LT BABE Z#Ffi L7258, F1 22371 59.5 225 61.0 ~
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LFE L. RecalliTEHT 2L, dlffT —% 23 MFC 2227 X b7 —4& 7% BABE
TH27r—RA%zfRE, TXRXTOREIRBWT IndiVec (CL) D Recall 2% IndiVec
% b3 Z e R XNz, —J57T, Precision CEHT 3 &, dlT— &5 MFC
MOT AT —&XHN BASIL TH 27— A%FRE, Precision 73 IndiVec & D £
IZHBEABBIE SN, IS OKIED S, BERT 774853 Descriptor IZNTE
T ENA 7 ARBE T Z 52— T, Voting ICHAN TR HEDY > T’
X DIEMRIICANA 7 2B D HET 2RO TH I EZIHNS.

4.3.2.2 F—RUBT77O—FOBEERE

AR DOFERIBLRTH 57 % A MERE XUMHREY 2 — VOB Z MEE
T 57, MEEEZ{THDT Voting Z BERT 77 HEs & Z#: 2 7z IndiVec(CL),
T AN T —=&RDA%YRIR L7 Proposed (Single), B XAl T —% « 7 X+ 7F—
X7 % LR U 7z Proposed (Double) % HE#RS 5.

%73, IndiVec (CL) & Proposed (Single) Z iR 2 &, TNTOFREICBNT
Proposed (Single) @ Recall BLX U F1 Ra7»K&EL ML 2k, SCHEN
DT A M T =2 L, BERMICBEEDRVELA 2G5 25Z 8T, XM 7R
PIBICHER Y TXF A MDFTEEIN, ET DKL D IEHICANA 7 XADFEZ
AN Lol EZ NS,

iz, AT — 2127 % X MEREY 2 — V%2 L7z Proposed (Double) O
FERICEHT 3. £47 BIU 4812BWT, FlipBias 2T — & & L7254,
Proposed(Double) 1% Proposed (Single) & D Precision, F1, Macro F1 Z—E LT
M EXH7. —5T, MFC JlIRICIZ 2D & 5 REELZLSHERTE ko 1.

CORIFIET Xty POFEYXRICGERT 2 EZ 65, 4.1.1 HTHARE
WD, FlipBias DYFHEIZ 909 F—2Z > THH, MFC D 260 h—27 > L HEIL
TKRIEICEW., 2D7%®, FlipBias ® & 5 REWEIIN LTI, 7F X Mk
EY 2Tk B 7 A XFRED BERT DEBROFEENERZRE M LELEE2—7
T, b EHEVE W MFC TIRTEIRODO IS X 28N RENTH - 7z L
Hlxhz.

12, FlipBias Zill#fl7 —%, BABE%X 7 A N T —&X & LEHEICBWT, KL
FEREE D724 IndiVee (CL) @ Macro F1 57.9 123§ L, Proposed (Double) %% 64.0
(+6.1 R4 > b)) ERIERVEREM L2 R L RIFEETH 5. 40X, FIFRH
DIEHRD THER) &7 X MIDERD TRk Z2FKHICITS 28T, WHDT*
A N OREZHRZETREREZE 2 NAMANZR T Ia—F5, 7 L0 bk
REERM EXE2 2 BEMITTVAS.
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4.3.3 ZHRCEER

FEEF TOEBERB LU T 7L — a VIIFRICHE D &, RIETIHERFIED X
T4 TNA 7 ABRHICBIT AR EREE—EZ WHDIIER U 72002 DWW THEL 3%
WMTb. BT —XNUHES 2 - LOFEEZRETSL, UTO=RICENEINS.

1. IBRED 2—ILDFE (BHRO#HET) | CHMOHEIIBWTAREL TV
a2y T F 2 EERIELEICES S FAAXDONEIC L > TRIELE. i
XD, XHETIZEBIREE R BERNANAL 7 20 (Recall DA £) &#A]
AEIC L 7=,

2. TREZS2—INDEFE (JAXDBRE) | ROXED SN 7 ZHEICHERE
BRRIEREPER S 2 Z & T, T — &2 e S 7zHEZEE (Indicator)
D, X HERINT-HEFRIL (Descriptor) & BRIIZEWESEZ £
REACFEIN., 2Tk, XFLERD ) A AR EET VICEZE
#5252 %liE, HEMRDR LICHFS L.

3. MEABEDHEMR : T —X e T AT —XEWSRZEY —RIp
SDOANZREL EROKE | ZHROIBEORIEMANCFE L. FHTh
EZDRZ W FlipBias IZBWTHEREEN A ON-HHEIZ, H—0 U
(Single) & b dRFMOUEE (Double) 23, EFNLDIULMREE RA(L X B
ZEMBEFETHZ I ERLTWS.

iz, LEEOBEE X DFEMICHIAT 5. BERIICiE, EoEOMEHERIC
O BB INICIMZ, BERNRENZH W —AX 274, BIUOET
WHPHEICR L7 = 7 =@ U 1@ BB REITS. 2o 02ANK
MEEZ 8 U C, IREFEOEBMME L BREDRS, B XIS ROUE AT /R
PO ITT B.

PUFTiE, 7 =X TRBWTEWAMMEZ R L 7 Proposed(Double) IZ2W T,
AlfE 7 — X2 FlipBias, 7 A ;57— &2 BABE 2\ /2 & & OEBRERZ HRIC
MR T 24T .

4.3.3.1 EBROBEOHIHER

T3, BROBEOMEREREINCOT 5. BARMICE, ERI L ETFED
FHFEROEAEGDORICHESE, UTOWMODr —RICHHELE. &7 —RI2D
WTH Y I % T XA 10 B3O L GE 40 1) , AFI & 2567 ERR
iTo 7.

o NV : [Ef#2 Neutral. IndiVec E3R77FH L 7223, Proposed(Double) (ZIEfE.
e BV ! IEfED Biased. IndiVec 13#277% L7273, Proposed(Double) (X IEf#.
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e Nx : IEf#DY Neutral. Proposed(Double) 23387040 L 7223, IndiVec IZIEf#.

e Bx ! IEf#2Y Biased. Proposed(Double) 235337748 L 7243, IndiVec IX1EfE.

B2, JRRXXDTEO X DAL 7 ZHEIZE DREF S L TW 2 023 i3 %
7=, PRREB T OHFRMEZ 1~5 @ 5 BRFECTEBANCEHME L7z, I, Zoxa
7 % [function 227 ] 2FEXR. BRI FHEIEMEIZLI T OMED TH 5.

1 HERXDITTO X EAXISHEIR, FRFHEIIFES LRV
D EEREFE T 205, NA 7 ZHBADREIREN
Bl HERFROME L LT—EDTF G H 5

CNA T ZORI L 7B EHR (51H, MEEE) BRI R
CHRIROHIERR R AT A INENRERE ST

CU b W N

FERER 410 1RT. HERD D ) & THERA L) 17 F A MERUEIC X - T
IR DX DTSR XN F=EHH & Z 5 TROWEF OR, TR 1 ZEME~ v F
YIWREDLBEXRE a2 RICBW T ENTOMEICTNEL, LRI
7o XWEBROHIZRD X TIER WEHI O, unction) 1XIEEED D OFEFNHT 5
function 2 a7 D E KT

3 4.10: FEIESICXTS B HriG R

EARRH DEFBID 3 FFHERE S 723,

ik D | function | #EERAR U | FR5RGHER
Nv 6 1.83 4
Bv 5 3.4 4 1
Nx 5 2.6 4 1
Bx 4 3.75 5 1

R UTHIRXZEBML TH NS

7 ADHENZL Lz AFTHI N0 1 BlosThHD, IEY Tu—F
DR DNA 7 ARGEZ B D Z e R URZMTETETVS Z ARSI NI
RSB X OIS S % Descriptor Z I HERD U 7258, LR X 7z XRD
NZE, Descriptor DEDHTHEHE ZHHMEICRKM L TW5 Z e ARSIz, Bk
ik, UFO 3 DOEAXBIR X T,

1. Biased BEHICHEITS THERBEL . Biased IEL S HEXNH (BY)
WCBWT, TR DEE AL 3.4 &<, NEDOY R HMRAEL N A
7ATFHEBEEL TV Z BRI, —)5T, FHE (Bx) O
RED 3.75 t@Ewv. AFTHMT 2812, BENRTHIOERICEDLS T,
PR OHRFE DT &, A, FFlERA 2 e 3 2 A R S k.

IEL L pEE XNz Biased O] By OF e xHE$ 2 HRIFRE (Descriptor)
PRI 5, Fg, SN EmBEROIEICHERAETDH 25 [ Sources
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and Citations] X I Coverage and Balance) %t L, HE%* X2 3 EEMR
R 725 7.

—J7T Bx T, #RUCHM ORI ER Y E N5 2 8T, LLM A3
MERDANT ¥ ADFEREINT WS CwENSHER L, [ Agenda and Framing |
WRMX N 2 HAPHER S Nz, ZOHMR, FEXIZEENE2ARKKDNNAL TR
RIAZANINCEA L TLE S IR 2ET, #iRe LT Neutral &
AHIE X N A EHADTER X Tz,

. Neutral EFD THESEMYE) CEEMR © [EL < DI N7z Neutral DHEH
Nv Ti&, BNz X ESOx UTHIRN 2GRS, £ b BRI
HE, HMR-FR - \NOSkEMAMLTED, ZNoDNED [ Sources
and Citations | WCRMLEN 2 Z &R SNz, ILERXXROFIZRNER
X IRBDE EN 255121, T Coverage and Balance] 123813 % 3CubH3
Neutral 7 ~XUZin 5 A TE{b S 2 HADBIER I .

Lo L, 0L Nx T, Bl o kB FRICE R R
WhrEEh 356, LLM 2 [Agenda and Framing) 128 WT [FRHEEMRIC
RNEDERDD S cHIILTLES MEEMR) RO, Zhs Dfb
RiX, Neutral 72 XD EIARDFZEIZ 0T U THMNIVICHETI TH 2 Z & 2
L TW3.

. ERDOAERYE . A—D AN TH-oTH, FEITZ LIT Descriptor DNE
PP HFERIER ZHIHPBRI N, U LLM o3> 7y vy 77 at 2
BT BHERES FIER T 2D DEZONS. AR TIEZHEL AR
REFAT 5 72DIT temperature & 1.0 ICHELTWE2, —BHHEOB RS
351X T temperature B LDFREE L TEIF LS.

BUT, IRENZTF A FORNREE, ER X7z Descriptor ([2—8E L Tk
INTEY, KT Sources and Citations] B X [Coverage and Balance) 1T
B9 2 NEIIANA 7 ZHEDFEE M LWCFH G5 % —77, [ Agenda and Framing] 12
B3 2GR EZSI SR ZTER e 2 DE2 Z e na . BRI HEG]
WOWTIE, BOT7r—AZX 274 BIUOZI —0WICBWTEHLT 5.

# 4.11 1%, Proposed(Double) & IndiVec ORI 7 N ATFHIOEIEGZRL
TW5.

3 4.11: 2R THEIER O b

Biased T | Neutral T3

Proposed(Double) 60.7% 39.3%
IndiVec 56.1% 43.9%

7 ¥ 2 MIEBROBHR D TRIEI SRR ZEFZ A SN2 02725 DD, Biased
CHFEZNDEIEDH 4.6 RA ¥ b ER LI ORI N ZORRIZ, Neu-
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tral & 7 XU EN7=XH, BEOXAROBINC & o TAA 7 2D IkEE STl
HICHEZZIIR T, LIz X 512, BIERIC U THEMIC THEss) <
HBHAREMZERIEL TW5.

4.3.3.2 T—RRBF+«

# 412 1F, TXAMEEEY 2— L OBEHIC X > THEMED Biased 22 5
Neutral N\ & BEHIEIEIE S NI TH 5. KEFOHERE (Descriptor) D
ENITEE AL ITRT.

F 4.12: 7 F A MERIC X 2 HEREE O - FH)
¥R X (Original Text, Gold: Neutral)

As the Black Lives Matter movement grows, companies like Nike, Target, and

Google have made Juneteenth a paid holiday.
RIZBVH)E: Biased (FRYIE)

ILEREDTF X b (Merged Text, Threshold: 0.3)
Hundreds gathering to celebrate Juneteenth a few years ago Source / Fox

News. As the Black Lives Matter movement grows, companies like Nike, Tar-
get, and Google have made Juneteenth a paid holiday. Michelle Gordon, a
senior lecturer at Emory University, believes if Juneteenth became a holiday
it could be one of the most American of all holidays.

RIZBVHIE: Neutral (IEfiR)

ZDEARBFNZONWTELZE T 5. BEE 0.3 1Z3E L2 XAIRILR DGR, NRIE
TLONEDBHO—XTH 5 LM, wi/FICEEE LB X OHGERKEI o H it
THHDY, B e BT 2 HAROFHIi BN S 7.

JRSL DA SERI N-HEERETIX, [Sources and Citations] DEHFIZE W
THHREPIHREINTE ST, L OKBMEZ KT 2 Z L KT D 5 & 3
XMfz. ¥£7z, Black Lives Matter i#8) & OB#E#fFIF 23, —HINITHENR b —
e LTREN, #Re LT Biased L3RHES NI

—%, YRR T F A 2 5AER I NIRRT, [ Sources and Citations] 1
[Fox News] &9 kR %35 & O TEmory University | (ZFTE 3 % BEFI5H30H
RHNZEME N Z 8T, HeLidihd THREICHESHE) THL e HERIN
7z, TR, ILESERO RPN EFHI X 4, BAEIZ Neutral ¥ 1EL <
HIE SNz,
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4.3.3.3 IS5—%9

£ 413 1%, TFRAMEBREY 2 — LV OBEHIC X o THIER RS Neutral 20 5
Biased N\ & BRHIE NI KMHITH 2. REHOFFEMIR IR (Descriptor) @
I8 A2 ITRT.

£ 4.13: 7 F A MRRIC X 2 HERBE DK T FHH
¥R X (Original Text, Gold: Neutral)

A Texas law requires contractors who work for or do business with the state

to certify that they do not boycott Israel or Israeli-occupied territories.

RAZBVHITE: Neutral (IEfR)

ILREBDTF X b (Merged Text, Threshold: 0.3)
In response to the BDS movement, 26 states have passed laws seeking to deter

businesses and individuals from participating in it. For example, a Texas law
requires contractors who work for or do business with the state to certify that
they do not boycott Israel or Israeli-occupied territories. The American Civil
Liberties Union has filed lawsuits challenging the Texas law and similar laws

in three other states, saying they violate the right to free speech.
RIZEVH)E: Biased (FR¥ITE)

ZOFIDOMRNE, TFIAMIEBT 2FFEDERIEIZONWTHED A% R
Wt L7z DTH D, BEIENRASLTHANAIIGZ S R\ &5, Descriptor
WZBWTS [Tone and Language. , " Agenda and Framing] D8R THITDH
% e iHiix4, 1EL £ Neutral X7,

UL, XHRIERE Y 2 — W X o TR N E 74558, BDS (Boycott,
Divestment and Sanctions) EENIXTS 2 MNIEDH) =X, American Civil Liberties
Union (ACLU) IZ X 2FFahE Wo Tz, BUAHY - MRS Z & L TEHmOHFT 7 IR A
L7z, ZOHRREZRT ¥ A M bAER S NIRRT, [ Coverage and Balance |
BEUY TAgenda and Framing) DERIZBWT, REDVHEFIZIZF L TH
% DR XN, FERE LT Biased ¥ iEHE XN,

4.4 HET—20 13Xy, TAT—42H TXE] D5
& D
4.4.1 HEHFR

r—2 1 GT —ZCHNL, 7 A T — X XERAD) 2B % EEGEER
PHET S R414BXUOKR 4151, #hP2n7 XA b7 —& 2 LT FlipBias 8
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LU MFC Z W OfHlifE R 2R L Tw 3.

£ 4.14: FERFER (5F—=X1D [T — 20K, TRA N T —=XBXEDLE (7
A b7 —%&: FlipBias).

.. . FlipBias

Training set Metric ndiVeec Proposed Proposed
IndiVec FT_BERT  (CL) (Single)  (Double)

Precision 80.2 84.1 79.0 77.3 77.4

Recall 54.6 39.8 63.2 63.5 61.3

BABE F1 65.0 54.0 70.2 69.7 68.4

Macro F1 48.5 474 49.2 50.2 49.9

Precision 81.3 82.5 79.1 774 77.5

Recall 41.2 45.0 62.2 61.9 60.9

BASIL F1 54.7 58.3 69.6 68.8 68.2

Macro F1 44.5 49.0 49.2 50.0 49.9

3, 7AMF—&¥ LT FlipBias ZHWRERICOWTRR S, T — &5
BABE D34, IndiVec (CL) & F1=70.2 #&#% L, IndiVec 8L FT_BERT %
R EE2HREZRLTWA. %72, Proposed (Single) 3 & X Proposed (Dou-
ble) &, ZThZh F1=69.7, 68.4 & IndiVec (CL) IZTWHERERZER L TV 5.
Macro FLIZBWTIXZHZF450.2, 49.9 W5 HIEDE 54, IndiVeec (CL) &
HRTHT O REED R TE 5.

—75, FT_BERT !Z Precision 7% 84.1 ¥ E\WMEZRTH DD, Recall 25 39.8 12
LY¥ED, F1IZ54.0 8ETFTLTWS., ZOMEANE, EFEEEITRIDMRESFHYT
H 5 (Neutral LHELRTWV) T ZRELTWVS.

A7 — & 5 BASIL O34 T d FEEDEMAIEZRTE 5. IndiVee (CL) &
F1=69.6 #Z L TED, Proposed (Single) B X Proposed (Double) , ZiL
ZN F1=68.8, 68.2 L{EATHEWVTWAS. Macro F1 IZBWTIE, Proposed (Sin-
gle) 28 50.0 BB WEZRLTWS., ZOMRLD, TFA MREOEEER
M EXE2Z2T, XHMNOT—Xty FTEE LEERECERMNOT—XE Yy
FOHEWZ X DRNRINTTERTETWA Z e nh 5.
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£ 4.15: EERER (F—X1D [T — 20X, TRA N T —=XBXEDLE (7
A b7 —%&: MFC).

. . MFC

Training set Metric ndiVee Proposed Proposed
IndiVec FT_BERT (CL) (Single)  (Double)

Precision 84.9 85.3 85.1 84.6 84.8

Recall 49.0 33.7 59.4 63.5 60.2

BABE F1 62.1 48.3 70.0 72.5 70.4

Macro F1 43.3 37.1 46.9 47.4 46.7

Precision 82.7 87.9 85.0 85.0 84.8

Recall 28.2 18.1 58.9 61.6 58.6

BASIL F1 42.0 30.1 69.6 71.4 69.3

Macro F1 33.2 28.7 46.6 47.4 46.3

RIZ, TAPTF—& LT MFC ZHAWEHERICOWTIRRS., JIgT—&2n
BABE D4, Proposed (Single) 1% F1=72.5, Macro F1=47.4 ¥ &% @\ EARE
ZRLULTED, IndiVee (CL) BXUMOFEE LR 2HER L 72572, FFIC Recall
M 63.5 LEL, XEXBITZANA 7 2AOKRBIRNEZBRRTETNS.

[FRRIC, AT — 2% BASIL & L72HEICBWTH, Proposed (Single) &
F1=71.4, Macro F1=47.4 #3L, IXTOFEOHFTHRD EVIEREEZ R L -,
FT_BERT & Precision 23@W—77T Recall 2’ L {{&<, R LTFl B&
O Macro F1 O CTERWEE 72 5 7-.

# 4.16: EBHER (F—2 1D :¥uay b LLM & DS

Test set
Method FlipBias MFC
Zero-shot LLM 61.0 64.9
N BABE Proposed (Single) 69.7 72.5
Training Proposed (Double) 68.4 70.4
set Proposed (Single) 68.8 71.4
BASIL Proposed (Double) 68.2 69.3

41613, IBEFErEr T ay FERED LLM & OHEBREREZRLTWS, 7—
ZINZBWTIE, FlipBias 83X MFC O 7 2 b 7—XIZBWT, BETFENIE
nay b LLM Z Ek[E2 F1 2a7%2#ER L TWa. FHZ, JIf7T— %23 BABE @
%55, Proposed (Single) & FlipBias Xt LT F1=69.7, MFC IZXf LT F1=72.5
ZERLTED, ¥uray b LLM (FlipBias: 61.0, MFC: 64.9) % K& < k[
BDFERE o7z [ARDMEZ, FFT — %23 BASIL O EICHHERTZ 5.

ZORERIE, BROWXEENRE Lz 7 RHEIBWT, £ryay b LLM
WEZERHELID D, FRIREADOEHB LT 3 X M EOESUHEZ(TS
BEFHEOADBEIVE L7 T —FThH3ZEZRELTWS. LLM IXAH 7%
HAPEHHBAEAT 2T, XENZEENZ AN 7 ADHEIZEHES L WE
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W (VARX) OFBEZIRTV. ZHUIHL, BEFEEITFA MEREY 2 —
N U T HERRDFSGT I ICERZRS LT, XEFEEE»SARER
BN 7T AR TEEEZOND.

4.4.2 F7IL— 3 HRE

AIETIE, 4.3.2HEFARRIC, REFEEEHT 2 H8EZROFESEHL2ICT
720, 77— aVENEITS. Thbb, HEETFTALEZHR (Voting) 5
BERT HHBANEHE L2 eIk 28Ry, KAROROLTH 27— XNWE7 7
00— (FF X MEEBXEUOHEREY 2—1) OFMEICOWTRKRIET 3.

4.4.2.1 BERT 9E330ERNEIREE

%9, HEETAZIERD IndiVee 23R L T 2 2808 (Voting) 225, BERT
DHERANBEWMZ MR 2HRT 2. 414 BIXE 415 12BWT, AV IF
@ IndiVec & IndiVec (CL) ZL T 5. TRTOHEICE VT, FHI Recall &
F1 22 712BWTHINZA EPHEER SNz, ZUIhZ, F1 A3 7% Macro F1
o EbHERI N, BRI, BASIL 2ili7T—%, MFC 27 A T —&r L7
546, F1 22713 42.0 225 69.6 ¥, Macro F11333.2525 46.6 N2 A L L 7.

ZOERE LT, XHEMDIIHRT— X2 54X 13 Indicator DIEEZET S
N5, XHEMADOE T F 2 2 6 X7 Indicator IXEREL DR VWEE R S
N5, PERD IndiVec THWHILT WS Voting 1X, fil& ®D Indicator & Descriptor
DEKRINZIEREZ 5T S 5729, [HHROTER / 4 DB EZ TR T 0.

ZAUZH L, BERT 77JHE#RIE, FRIFEEIC X - TES S N EER S LM FRE
NZHEDE, 5 DD M#E A (JIHE) DORNICIFES 2 HBEBERSS, XARICIEU-E
AT EEINCEE T2 e BAEETH B, O D, Indicator DF RS XDy
W R DA EDOEDNA 7 ZHEICERE D] ZRMICHINTED L1k o7
e, N4 7 RHEDWRER LIS - EZHNS. Thbb, [HROKE
N CCHALD) 2287 — 22255, BEMRELEHEID S, —a—
TNDRRRC X B XL EERENTH L Z e 2RET 5.

4.4.2.2 F—RUBT77O—FOBERE

iz, 7THFRAMERBLOHHEEY 2 — VOG5 EMAET 728, IndiVec (CL)
¢ Proposed (Single/Double) Z#S %, 77— X I1ITHBWTHR S BHE LK R,
IndiVec (CL) & Proposed (Single) OMREZZTH 4. Proposed (Single) 1, 72X
FTF=RXTHAEILEIINLT I7FXMEEEY 22— ZHEHL, N4 7R
EWCHEERXDAZMET 2 FETH L. £4.15 18BVWT, IXRTOHEBL
TR D Macro F1 2237 23K L TW5. Macro F1 AAEL7=Z &, A
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7 A% gUkt (Biased) B> TVOMMAPA L L2 TR, N TR%2E
FRWVEE (Neutral) ¥ POV TDH, XENDODARER ) 4 XITEDbEINS
CERKIELLEATEL XD ZmBL TV 5.

—J3C, Proposed (Single) & Proposed (Double) % FL#S % &, Macro F11Z[FIf2
FE® L < i& Proposed(Double) 23522 T [0l 2 A2 R 54172, Proposed (Double)
T, AT —2TH2 [0 WU THRREY 2 — L Z#HAL, 7F X Ok
FEERELSTZUHZIToTWS. L, AEEOKEDHE, Moz
EIUCHRT 2L D%, TAMIOXEFEEZMBEXETT XX Mok EE 2 Gl
T — &ty MZBITSTF R MRE) ) ITEDE 2505, GMNAERES R
HOFRTHHLERS.

4.4.3 BHRCER

HIHE TOEBMRE X7 7L —> a VIFUICED X, RIETIIRETFTIED X
T4 TN T 2RI BT 2 REAEESHE 2 WA IR L 72202 DWW TR &
MY S. BT —XUHEY 2 - NVOFGEMIET 2, UTOZRICENEINS.

. BBED2—-ILDFLS . EVWXELOLANAL 7 RHEBICAELIERZHIRT
% 22T, XHNOHPBRBETYE UM RA RO 2 RIETE
LZIRGEREZ -2 eh, HEWHREEDOR EICHFS LI E X 5.

2. NEERADMEDIENIMYE | JIHFT— 22, TA N TF—ZBLEDLE
WBWTE, JIT—XDHIER XD &7 27— X OB HIEDEHEN %
=S5 ETXDRIRIREIETH 5 Z L 3EEIH X 7=,

MUITOoMHTIX, 4.3.3MEEFERIZ, BBoE e Matiotr, 7 —XX&X74, T
7 =0t Zi15. EBETEWIEREZ R L7z Proposed (Single) IZ2WT, FlfT —
Z1ZBABE, 7 A+ 7 —&IZ FlipBias & W= & & OFEERGEEZ NRICEEM 77
x24T,

4.4.3.1 EBROBEOHIHER

ZIZTIX, 4.3.3.1 LREERIC, IREFIEICBII3HREY 2 — L OE L ENN
WA T 270, ARSI NERNL, MIET S Descriptor 3 & O FHlfERICHEH
L, Bt 0N RathziT5. ERT7 e FHKROMAS DEICHE D
= NV, Bv, Nx, Bx OWHOD»” — XI5, % 10 FH| GF 40 FHF) %
L TothztED 5.

FFETF A MBELHIC X > TELNENXCER T 5. BENIHEILD
HiRE & ORERFEEL TV a0 %, TERNADIEHENE (HHROXRE) 1 BXK M
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BER R © 28IE» 5 5 BECEBIFMEL /2. B2 fHiE%E 2 DUT
NN

1 DTERO RS, HIHEMRE, FREBUGH S OHREDZED 55

2 BEROWHECT | - M EROEKICE D, FEXOFmMEeEH233 L <
ZHLTWS

3 EELFMAIKIEERTRES D, —EROEBE L SURDORIEIC L D RIRDOZ 3%
HERET TS

4 BB D 303, HXDimEB L CBIAIIER % 40 LI
RELL TW3

5. R X DEFHEER, mHEMAE, BXUOANS 7 ROEEETEEIHEREL TV

2 ODEIC X Bl R D% K 417 1IR-T.

R 417 TSI 2 EHY e R

BEIRNAE O IERENE | BRI O R
NV 5 4.8
Bv 4.7 5
Nx 4.4 4.8
Bx 4 3.4

DHTDORER, IEME] (NV, Bv) TIXERXXDE X DBGAINER (N4 7 ZDH
) WD TEVIKETHIF L TV Z e RN, —HTEHER (Bx)
T, BEGAMEROREER 275 3.4 KL, BEHNOBIETAA 7 R HE AT
RIBFRBEPRELTWD Z R s5lE LTI 3.

1. Biased EfllcHiTd Thit{b) /K : [EfR T LD Biased TH B2 D
b6 IHE X NHH (Bx) TlX, BT vt 2 X 2 HRDRED
BHETH o7z, BRI, 1. RANZEMRE, 2. MuBIENE R ZFFo5]
H, 3. LAl a X b, EWoieng 7 ZOMRPL L 72 2 REDHIFR S h 7z
YT, XED b LTLEo22eHBAL. Zhuc kb, Bah
EFADOMRFER 2 7 RIEICE T L, SRHEZIVWEE TR 5.

2. Neutral BEHICHITIHIDEKBMOER : [EfE 7 XD Neutral TFHID
ERRLUZ=EHM (Nv) T, BWNIC Xk - T TBORRIER 2 13RI (R 7 ok
X TERSIH PERMNBREINTVS. ZUTED, /4 XBPERE
NEZERELWTHICTEFE LI EZONS.
—HCRHIE I NFHAH (Nx) T, EWXEEIIEXOME %2R LT
WaH0D, BEARNRIERECTIHITHAERINTZD, FEO—H DAL
HXN7zh LzZ T, LLM 2 Descriptor £HIC MERDwD (R 15
ZARHL) | ¥ RAEEE L, ¥IED Biased IZZ L L 72 F[BEMED SO,
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R, BN LB EREMOESWZFHES 57-0, UTOXTERS NS
BR (CR) ZHH L.

BRI DT
RS DS
NV, BY, Nx, Bx DZRENDHTITVIZOWT, 4T 292 S LD
CR %% 4.18 IR T

CR=1-

# 4.18: H T3V T O EMmEE (CR)

THERE (OR)
Nv 0.6125
Bv 0.4789
Nx 0.3810
Bx 0.4310

# 418 &b, FHIEMD Neutral HHNZBWT, EMHFID CR (0.61) DAIE
e (0.38) ZREL ERloTWB Z e nhsd. L, EMEENEGEHIIVH
BRI & 3 EAfR R T 4 X (RERBERE®RLGIH) 0 2RICRES R,
LLM 23 1EMEZ: Descriptor LR T Rolz7zdEI 6N 5.

JRX DR Z2ME LIzt 25, BRI 4456 LFTHo7=DITRH L, NIiEME
Bl 4908 X7 &, NEMBBIOTIHBXENREVEAD R SN, FEXORIHE
(722138, ERDBETANA, 7 X2 RT3 HERIFGRBKDONE VX705
¥ A EA bR X 7.

X BT, FHBEY 2 — IV Z5EHA L7z Proposed (Single) &, FHEXZZDEF AN
L 7z IndiVec 2345 U 7z Descriptor O fyE % Heie U, ZRIULEEDS Descriptor D4
B G Z 7-508% #5553 5. Descriptor DinEIX, TCORFDONBIINT 5 1IEHE
T EOBARD S 5 RFETEEFHMEIL /2. FHEREZDToO@ED ERT 5.

L NBEHIBER, B FEL TS

I RERRBRRD ZEZATVD

D E RN IERES D, EEERORESL—KEANDRO BR 61 3
CERIEECTEENEZME L TWBD, MR H %

D IEFED DTS T, BHOKE R AR AR R ATV

CU b W N =

AT R 2 4.19 1R 7
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7% 4.19: HREFRBE (Descriptor) O /B A EL 5

Proposed(Single) | IndiVec
Nv 4.3 2.3
Bv 3.2 2.3
Nx 1.6 4.6
Bx 2.7 3.6

Proposed(Single) & IndiVec & LEERTIELWHEZ $ % & Z1d Descriptor D iy
BhEL, HERZRs /- 2 3MEWEADS RSN 5. £z, [F—® Descriptor A
IZBWT 5 DOFHIEIEH2H A — DA Z /RS DI TE& <, LLM 2y
F—=arEAELCZIETVAEIDIT TRV eI, SHHIcBIT 2 E
HINRERIZLLTOED TH 5.

1. Biased FHICEHITS MERM) [ [EfEZ ~ULD Biased DA, HHREY 2—
V7% U7z Proposed (Single) &, JFE3ZI2H-D < IndiVec & T, Descriptor
DEER AT ZENUIERZREZRSNR D o7z, BRI THIDEE - T
WEHHITH - TD, AR X7z Descriptor 1ZIEER 7 BN IEREZ RIS &
FNTVWE T —ADZLLBRINT.

F11Z TAgenda and Framing | 1ZDWTIX, SLHDOBERICH 5 BRIMHEEN 2
TL—3Iv 7%k —HBLTIRAZZEHNTETED, ZAFEN L FEXDE
BIEASHR R L Tws I ITERT 2 EZ 5N 5. £/, LLM X
LER « WBH, »2WIKBEWREGEOREEZEELLTEBD, 2oz
[Tone and Language] DFIWARHL L U TEHRINTFIH L TV 3 Z & 23R
Iz,

— T, BERDOEET—HDimALq | HIEROPEME N 5728, [ Sources and
Citations) B3 2 [FREME, FSOCESGE L L TR T 3 3 M
H3. L, BOMITBWNTIE, ZOFERDRED [Biased] & WD Hf&
HEZ T ITRENCBERN R EZ RIET 7 — RIRENTD - 7.

2. Neutral EGICHITS THEsSMH1 LEREEE | IEfif 7 ~)L2% Neutral OF|T
X, IELSmEEINE (Nv) eaEanzfl (Nx) ofiT, SEX
a7 I CHEER AR INT-. FRGES R (Nx) OFERa 71 1.6
LD TIRWEZ R L2 EIEHIET 5.

ZOERIZ, ZENOEIETHEET 55| HRIER, B XK OR8N
DORLdHHIBREI NIz v ich 5. ZORER, LLM 1 BI#E 3 251 H 0
BEREM RS TwRwn) CHS 2 EHABE SN,  ORHIE
F'Coverage and Balancel DFHMIiIZX 4 L 27 Mok, HINREEFH %
MR- 7B L2IR L TR CRALTLES 2edd o,
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ZDEIIT, RAERDRE & W5 ZHROERAED, LLM % Biased)
HIENCRFE T 2 FEA o TWAREEMEDEW. 5, [EL < Neutral
CHEINTZHH (Nv) IZBWTD, I Coverage and Balance) DFHilI 4
FTLBELRL, BRI X2 EMDRAND Neutral HIEDREMNZIER S
MEgatE) »AREZ ZEeDHLNE R 5T,

7% 4.20 & Proposed(Single) & IndiVec DK THIZ XV D 5% R~ LT
W5,

£ 4.20: LRI T HEMER O LG R

Biased FHIZ | Neutral T#|3%

Proposed(Single) 63.4% 36.6%
IndiVec 53.5% 46.5%

Proposed (Single) Tl IndiVec & H# LT, Biased &HIE SN 2HIEHH 10
AA Y MEML, —7 T Neutral EHEZIN2HNERFEBEERD> L TVWEZen
MR X7z, T ORERIE, I L7z Neutral FHNCHBIF 2 THEsstE) & EE<
B L TW\W5 &2 505, Neutral BXEIZBWTIE, ENOEFE T HIE#RS
FOWER (ZANBHS) PERIITL, ZORE, £l X7z Descriptor
by [ Coverage and Balance] WCBWT AT TH 3 & LLM IZHWrEh, HEDH
Biased il 7 T AHADIEE 572 F R 5.

—J3 T, Ak Biased BXEIZBWTIX, 295 L2ENIC X2 1HEHRREDRFZEIZ
HXHNT/NE W, N 7 ZHE DRI 72 2 BB R BEERRE DBURI 7 L —
IV WS ZF) Z, FHREY 2 - 2R THNEIMKE L TR
T wied, HEMRICRKREREENIEC IS W EH#lENS.

4.4.3.2 T—RRBAT5T+«

ZZTE, BEOXECICNLTTXFAMEREY 2 - 2EHHT 22T, HE
FEER DY Neutral 20 & Biased N\ & HIEIEBIE XN BINHZEE T 5. ZOHITI,
b T ¥ TREICN T 2 BERMEROELH 2 5 R T 2 HHRIERDO X EREZDH D,
RNEZHERE S 2 TREHEAM - + 7 2 TBE L, NWEDAIERE S LEEHERE OB
DB RAS % FBI - BlIEE & OXALICE T 25 HEIHENRE Ko TV, JTTX
F, BN, Blozasiaind 2HHERHEO2XE, Euwkd, ATk
DIk B.1 IRT.

7 XX MEROMR, 1§FoNENIRXFOXDA» LRI, CFEUX
JRSZ DK 1/4 (6209 225 1563) ICE CHIEE Nz, ZOBEREICEWT, UTOE
WO FICHIFREN T WS, B2, BRNBRIOMERL LT, TVED KGBJ &
DOFHRBADHIFRS Nz, I, BARNREHLOFEME LT, Fusion GPS, t
FV— 2712 REICK2ERRME, BXUOEEE Strzok & Page DFE{E X
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Xy YR MET i RE I Nz, H=Ig, HEERe LT, FEINAICTES
XN TW=5IHIC (B : via The Hill, via The Washington Post) DSHIFRE 7.

[ HAER I NIRRT, [Sources and Citations] DERIZBWT,
FBI DV 50KV A N ZDOXNGTEDE R E N, The Washington Post X2 The
Hill ¥\ o 72 8B OBERBEDEIHENTWS. ZOFERIR TA OFRIZHL
TBAKHT 2 LWVIMEICED, LLM il E2ERORBIM: T @K 5 2
fHm %2R U7z, ZDHER, [ Agenda and Framingl ODBS» 51X, AR, H5W0W
BB 7 2 TN A T R S B IRARNLEE D OFSHADEHNICHE 212 <
7Z-oTED, fMiRe UTEHERNET 2IEVEBIENANA 7 ADEB I, ik
fJIZ Neutral] & 38HE S 7.

—7, BEXHEIC X 2MEEDOME, ViHED KGB & LR EDHEED
AF¥y ALV o T TREBNZERER BXO IEEEZES DO
ZEIH) PHIFREN. Zo7rtRickD, HEOREMEIL [FBI NOKE
b7 U TEMEDIES L) WCHMbx Nz, ZORER, Twar) [last-ditch effort
fdamning | & \Wo 7284 7 R%Z RS 2 BEENE VT ¥ R b TS N 2B TR
STz, FRERBICBWTY, Yl BFOERARNLFmBEOMED b 7 ¥ TBHER
DTH2ZeHHMICHE XN, KT TAgenda and Framing) O8I < il
INTHER, REIIC Biased 2 1IEL  HlE X 7.

4.4.3.3 IS5—%9

ZZTIE, BOXERIMLTTF A MBEBREY 2 —V2EH L MR, HEdh
Neutral %* 5 Biased N\ & 3RHIE SN KBBI 2 EE T 5. ZOHITIE, 2012 F
DKERKMEREZEICBIT 2 A < BEil e 1 L= —FEMIC X 258 2 B ER R
Z NS L2 HRT O T B & ERHE 1T 2l HHIEN R E Lo TV 5.
TTONE, B, BXUzaoicxind 2HHRFEOEIEREWED, AT
D7Dk B.2 ITRT.

7 X X MBROAR, BoNENIREXFOXD AL LRI, SCFEIT
JRSC DR 1/7 (8457 205 1221) W E TKRIEICHIRE e, R T, REREM
(Gibbs, Axelrod, Cardona) & A% H] (Gillespie, Portman, Navarro) D7
DHEVPERGIAINTED, MBEDHESHDNZ VAR T W, £, F
NYEMOE 1 BEFmaRed 2 TFHiin s L BRro7z) EWIFEKD, Nl
R HEXNTWHHIZH DO BDTH D, FERMANDBEINRITII R -
7. —7H, fBRBROBEN TS AMEICR 24EL, REXEGREDHES LR
DR 5% D MR o7z, ZOZEI, FEXXIZBWTHERINLTW25H
D= - B RFEIEHNCHEZ DN AR 72 o 7.

Z DRGERZEIRIZAE K X 172 Descriptor 12 BAEIC M X N7z, £3, I Tone and
Language] DBETIX, MNanguid) W5 RED TNazy (B L RIFRICHERX
L, SER - WEILHEGEY LTRo TRHfid . LA L, 2012 fE4RFOBIA
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FIXXRIZEWT, 26 DHEEITE 1 BEERR COHEMYE T + —< v A% H
KT 27-DDHEFELABHIRIATH D, MhBIZ X 2 URIERD RIED, HEEDRME
REsIERRILZeEZOND. KIT, Sources and Citations] DEHSTIE, *
N EE OMEE (Gibbs, Axelrod) DFIHDY AN IZERBMHRZIRTT 5
72D DEXERE) ¢ UTHRENZ. —AT, fBE7TF X PICEFEL TV
0 L= —FHE O RGEE & W o REER NI ERIGE/ DM, 5IHLAERERK
DIFRD DAZRIE LTRMAD D L WEX Nz, E 51T, Coverage and Balance]
DOEAETIE, FBBERICBWT, 1A —(EfORIEN R EZ2 7T 5
EREDHIBR I NAER, RINT2TF X MDY TA AN EONE ) (HEEIES
EUTRIL—I VI THIeF@RINE. Zhid, BEXo—#Hzib H3#%F
D, BREITHHE2EROUE#EZEDTLESI VAR EZRLTVS.

BLEXD, AR Neutral THo7XED, KT ¥R MdRIC Lo TRER
CHAEOBRBDO NS v ABKbI, ZOMBRE LTELR MMEBRBRRE) 2
IR R E N, FEEOBIENERE L TR TRt EZ b5, Z
D & S REEERENC &K D, FARINIC Biased L ERHIE S LTz,
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EHE IbHDIC

5.1 AEwRXDFEH

AN TIE, =2 —AXTFT 4 7IBF 2L 7 2HICBWT, JifirT—&¢
7 A b T =X DIEHREN K E) ODA—BUT X > T 7 AT TILOMHERED
KT 3208 WEREESHME) CBEHL, INEIRT 2 FEERRLZ.

REFETIE, BFED IndiVec ZRXR—XIZ 2D, TF R FOHNID 32 T
BEGEIIREY 2 — %, B (XE ] THE35EEMEEY 22—
EEALE. ZUuckD, T —X 7R T XD T F R MRNEEIOITT-
5 2T, LLM ZHWTHRBRHEZER L. 7A N T —XDAT F R MIEZH
Byp lovrn-77o—F) &, - 7A VT —=XOMWFIIHLTTF R
MEERE T2 (X701 - 7 a—F) 2R L. 72, [EROZERGA
(Voting) % BERT ZJHHSRICEZIZ /2. XHNDOTF—Xty b & XEHMNDTF—
Xty MEHWFHMAEERIC XD, BEFEOBMMELHEZRL .

AL D ETE LR S X O, UTo@EbTH .

B, NERBEEMESTA21-DICRR LT FRAMUEE Y 2a—L - 7%
2 MEEREY 2 — VLV OEMEEFEIF L. FHEEBROFEER, Rl T — X223
BHNTT AN T —ZBRXHATHZ7 —212BWT, WHICEY 2 — L2 EH
T2 X270 770—F] IT&o TS 7 ARHEOMELKELmMELEEZ L
BHER L. ZHICED, T —X TR TF—X T XA NOREEZEDLE S
e DEEMIIREINTZ. £z, AT — 2PN TT A T — XL ERN
THETr—RAZOVWTIE, TAMNTFT—XOTF R MEBick2 o777
0 —F | DAL 7 ZHENCFHCENCHERES 2 Z e AL T L 7.

U, AV P F D IndiVee D Voting 12 & 2H[EEY 2 — /L% BERT 775
WEZHZ 2QWEZITV, ZOAMMEEMGEEL /2. EBROMRE, LLM»4ERL 7=
HfRE% BERT THETA27—F727F vk, 7R M7= ELL-AHEE
BN X 2B ZHRE D b NA 7 ADOWMMBFE =27 VX2 2 % L THE
NTEH, N4 7 ZAEHOMREN LICFHFE T2 2 & 2L L.

BT, R — AR R T 4 ¥ 7 =N & BIREFEDOEMEN I 21T -
2. ZOPNEBL T, 7% A MEESAL 72EFHLTLES [HFRE] <,
7 ¥ 2 MBI & o THIL R R KON Z Z 2 TEL 2 THITHF| DI
7Y, TERAPMNERBICHES BEEREWEHZHR L. AR, N4
7 2B 2HAEEE R M EX B 22 TR, SBROMTBICBITZET

4
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NEGTOTEE e B2 AR BIERERET 2D DTH 5.

P EDBEY, AFFRIETFRAMEDT T4 XY bW HREEEAT 4T
NA 7 ZAMHNTEAL, ZOEMMEEZEEN - EENRmE,» SHL L. A
FEZ, HEINA 7 AU AT L OEHEMEZ S 27210 Tir L, FERNIZ=2—
ZEE DMER DRI 2 BEICHRE S 2 7200 R BRI e 725 2 e 3
rah3.

5.2 SHERORE

AL DEHEDOFEEIRND . EREB XX 522 ER _ECHIT T, FiZ
PO DFENREINTVWE EEZ TV,

B2, FREIRREOERICHWS LLM OBEOIEA»ZET 5N 5. AT
AEY Y 20Nz & b, LLM & LT Llama-3.1-8B-Instruct ZfffH L7223,
COMBEDETNLTIE TR Y 7 b DIRESERIIGFTTE S, PRIRHEDOERK
WCBWT 7 =< v b DRI RETBNBEDRAPBAI N, 5K, 70B DL
FOKBEARS X ZEHDOETFT LR GPT-4 REYD X EELHEGREN 2o
TEHV, BT VOB ANAL 7 A OHRECHERHEOEICE X 208 %
HETI20END 5.

BUZ, OB T2ty bEHOEREFEROBNMEOKRIETH 5. ANif
ZTIRATIIZE L DLt D72 BABE, BASIL, FlipBias, MFC ® 4 DD 5 —X&
ty FENRE LD, IERFEONAEZELT 5729121, NewsWCL50[21]
DEIRERDL P XA VRBIRNEREZROT— 2ty MR L THHEBEDOER
WPEONEDEMHRT L ENAAIRTH 5.

BT, V= R—=X e BERNELEZHASGDEANAL TV v RRTF AL
EREY 2 —VOERTH 5. KD T F R MEREY 2a— L TlZad A Y
PUEICHE W HE R L2, SRIEERREMY (NER) Z2iEHL, FE
DLYT 474 M, HEH, ABE) ITEH LIV —AR=ZADFEDEAN
EZohb. BARNCIX, FEDRAT 4 7L 7 RAFECHE ST YT 474
EMRL, MBRXPOE—DOTYT 4 74 ZHMHLTay 7% X b 2EICIEK
35, HDEIVIEFTFRAMIEMT A2 XMEZFHE T2 Vwo77 B —FITLD,
J A RN Z ] Lo oRa iR FEZ TR LW,

BBPUIZ, Neutral HHIDMEFFHEICHTE2X0REe T oo F oo =71 v 7DH
EBTHL. AEOLS —oHEELET, RT3 X MBEEDY 2 — L O
12 Neutral FHIDFHE XN WHERAIDEH S 202 o /2. 5&1%, Neutral S
DFFOFRER - MEIRHE R FNC T U, ISR Rz TEMER) %R
T 2700 LTRSS RGN, FAEOHERELFIER L T
Ot ZDENRKRD LS.
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t A NTT7RHEDEH
(r—21)

Al T—RAET1:TFIAMERICK 3 HERESH
WL (Original Text)

IEfESARJL : Neutral
As the Black Lives Matter movement grows, companies like Nike, Target,
and Google have made Juneteenth a paid holiday.

Descriptor (Original)

Prediction: Biased

1. Tone and Language: The article lacks a balanced tone and uses celebra-
tory language, indicating a positive stance on the companies’ decision.

2. Sources and Citations: No sources or citations are provided, making it
difficult to assess the objectivity of the information.

3. Coverage and Balance: The article focuses solely on companies embrac-
ing Juneteenth as a paid holiday, neglecting any potential criticisms or
opposing viewpoints.

4. Agenda and Framing: The article frames the companies’ decision as a
positive step, without exploring alternative perspectives or considering
the broader implications.

5. Examples and Analogies: No specific examples or analogies are used,
but the tone suggests a pro-Juneeteenth narrative.

Overall, this article exhibits bias by promoting a positive view without pre-
senting a balanced analysis.
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JEER% 7T F A b (Merged Text)

Hundreds gathering to celebrate Juneteenth a few years ago Source / Fox
News. As the Black Lives Matter movement grows, companies like Nike,
Target, and Google have made Juneteenth a paid holiday. Michelle Gordon,
a senior lecturer at Emory University, believes if Juneteenth became a holiday
it could be one of the most American of all holidays.

Descriptor (After Expansion)

Prediction: Neutral

1. Tone and Language: The article presents a factual account of compa-
nies making Juneteenth a paid holiday without expressing a personal
opinion or emotion.

2. Sources and Citations: The source, Emory University, provides an
expert opinion without promoting a specific agenda or ideology.

3. Coverage and Balance: The article mentions Nike, Target, and Google
as examples, and quotes Michelle Gordon, a neutral source. It doesn’t
favor one company over another.

4. Agenda and Framing: The article simply presents information about
companies making Juneteenth a paid holiday without trying to per-
suade the reader.

5. Examples and Analogies: The article provides factual examples of com-
panies taking action, but does not use metaphors or emotional com-
parisons.

Overall, the article remains neutral by presenting facts and quotes from a
neutral source without expressing bias.

A2 IS—9W: T MLERICERT 3 RHESES

WERI (Original Text)

IEfESANJL : Neutral
A Texas law requires contractors who work for or do business with the state
to certify that they do not boycott Israel or Israeli-occupied territories.
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Descriptor (Original)

Prediction: Neutral

1. Tone and Language: The tone is informative and objective. It states
the law and the requirements without emotion or bias.

2. Sources and Citations: The article doesn’t rely on emotional or ideo-
logical sources; instead, it focuses on the law and its implications.

3. Coverage and Balance: The article doesn’t take a stance on the boycott
or the law; it merely presents the information as a factual matter.

4. Agenda and Framing: The framing is straightforward, presenting the
law as a neutral fact without advocating for or against it.

5. Ezamples and Analogies: The article doesn’t use analogies or emotion-
ally charged comparisons; it sticks to the facts of the law.

Overall, this article is a neutral, informative piece that presents the law and
its requirements without bias.

JRERZ 7 ¥ X b (Merged Text)

In response to the BDS movement, 26 states have passed laws seeking to
deter businesses and individuals from participating in it. For example, a
Texas law requires contractors who work for or do business with the state
to certify that they do not boycott Israel or Israeli-occupied territories. The
American Civil Liberties Union has filed lawsuits challenging the Texas law
and similar laws in three other states, saying they violate the right to free
speech.
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Descriptor (After Expansion)

Prediction: Biased

1. Tone and Language: The article presents the BDS movement as an
opposition to Israel without adding any context that might justify the
boycott, and states that 26 states have passed laws against the BDS
movement, which may not be neutral as it could be interpreted that
the BDS movement is doing something bad.

2. Sources and Citations: The article only cites the American Civil Liber-
ties Union (ACLU) without presenting any opposing views or opinions.

3. Coverage and Balance: The article does not provide equal coverage of
the BDS movement and the laws against it. The focus is primarily on
the laws and the ACLU’s response, implying that the laws are unjust.

4. Agenda and Framing: The framing of the article suggests that the BDS
movement is under attack and that the laws are an attempt to silence
free speech, without providing any context about the boycott or the
reasons behind it.

5. Ezamples and Analogies: The article uses a straightforward factual
approach, listing the number of states that have passed laws against the
BDS movement, but does not provide any comparisons or metaphors
that might give a clearer picture of the issue.

Overall, the article displays a clear bias towards the BDS movement, pre-
senting it as a justified opposition to Israel without providing any context,
and framing the laws against it as an attack on free speech.
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W E (Original Text)

IEf# S A)L . Biased (XF# : 6209)

The war between House Republicans and the DOJ/FBI continues as the bu-
reau released a statement today saying they had ”grave concerns” about the
House Intelligence Committee releasing a damning FISA memo that alleges
grave abuses, citing omissions that could impact its accuracy (via the Hill):
In a rare public statement on Wednesday, the FBI said it has ”grave con-
cerns” about a Republican-crafted memo alleging corrosive abuse of United
States surveillance powers by the Justice Department that is expected to be
released in the coming days. ”With regard to the House Intelligence Com-
mittee’s memorandum, the FBI was provided a limited opportunity to review
this memo the day before the committee voted to release it,” the bureau said.
7 As expressed during our initial review, we have grave concerns about mate-
rial omissions of fact that fundamentally impact the memo’s accuracy.” [--°]
Caught on a hot mic on Tuesday night, Trump promised Rep. Jeff Duncan
(R-S.C.) that he would ”100 percent” release the memo. The White House
has insisted the document will go through a normal multi-agency review pro-
cess to ensure its release will not jeopardize national security. Trump’s chief
of staff John Kelly on Wednesday indicated the White House plans to release
the memo soon. "It will be released here pretty quick, I think, and then the
whole world can see it,” Kelly said during an interview on Fox News Radio.
”This president wants everything out so the American people can make up
their own minds. ” Some lawmakers said the abuses are so bad they echo
actions of the Soviet KGB, with the added warning that changes could come
to the FBI as a consequence. They have repeated the notion that they were
not allowed to review it prior to the House Intelligence Committee’s vote to
make it public earlier this week. Again, the FBI has read the memo; FBI
Director Wray reviewed it on Sunday. They have all the documents—and if
they were so worried about national security, why were portions leaked to
The New York Times a day after Wray looked at it? President Trump wants
the memo released. After the House Intelligence Committee vote on Jan-
uary 29, Trump has five days to decide whether to block its release or not.
Yesterday, Deputy Attorney General Rod J. Rosenstein and FBI Director
Christopher Wray made a last-ditch effort to lobby the Trump White House
to block the memo’s release. [3827 S FMK]
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Descriptor (Original)

Prediction: Neutral

1. Tone and Language: The article employs a neutral tone, using phrases

” N

such as ”grave concerns,” "material omissions of fact,” and ”"normal
multi-agency review process.” No emotive or sensationalist language is

used.

2. Sources and Clitations: The article cites a range of sources, includ-
ing the FBI’s public statement, ABC News, The Hill, The New York
Times, and WaPo. These sources represent reputable news organiza-
tions and the FBI's official statement.

3. Coverage and Balance: The article provides a balanced overview of the
situation, discussing both the FBI’s concerns about the memo’s accu-
racy and the potential implications of its release. No single perspective
dominates the narrative.

4. Agenda and Framing: The framing focuses on the procedural aspects of
the situation, such as the FBI’s concerns and the White House’s review
process. The article does not promote any particular ideological stance
or agenda.

5. Examples and Analogies: The article sticks to factual comparisons,
such as the FBI’s review of the memo and the White House’s review
process, and avoids analogies or emotive language.

Overall, this article is an example of balanced political journalism, providing
a comprehensive overview of the situation without promoting any particular
agenda or ideology.
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The war between House Republicans and the DOJ/FBI continues as the
bureau released a statement today saying they had ”grave concerns ~ about
the House Intelligence Committee releasing a damning FISA memo that al-
leges grave abuses, citing omissions that could impact its accuracy. ”With
regard to the House Intelligence Committee’s memorandum, the FBI was
provided a limited opportunity to review this memo the day before the com-
mittee voted to release it,” the bureau said. 7 As expressed during our initial
review, we have grave concerns about material omissions of fact that funda-
mentally impact the memo’s accuracy.” Trump promised Rep. Jeff Duncan
(R-S.C.) that he would ”100 percent” release the memo. The White House
has insisted the document will go through a normal multi-agency review
process to ensure its release will not jeopardize national security. Trump’s
chief of staff John Kelly on Wednesday indicated the White House plans to
release the memo soon. "It will be released here pretty quick, I think, and
then the whole world can see it,” Kelly said during an interview on Fox
News Radio. ”This president wants everything out so the American people
can make up their own minds.” President Trump wants the memo released.
Deputy Attorney General Rod J. Rosenstein and FBI Director Christopher
Wray made a last-ditch effort to lobby the Trump White House to block the
memo’s release.
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Descriptor (After Simplification)

Prediction: Biased

1. Tone and Language: The text uses aggressive and accusatory language
toward the DOJ/FBI, with phrases like ”grave concerns,” ”war,” and
”damning memo.” It portrays the House Intelligence Committee and

Trump in a positive light.

2. Sources and Citations: The article cites anonymous sources from the
White House and the House Intelligence Committee, but does not men-
tion any sources from the DOJ/FBI or other opposing viewpoints.

3. Coverage and Balance: The text focuses on the supposed wrongdoings
of the DOJ/FBI and ignores any potential flaws or biases within the
FISA memo.

4. Agenda and Framing: The author presents a clear agenda of defending
the Trump administration and attacking the DOJ/FBI.

5. Ezamples and Analogies: The article uses a war analogy to describe

the conflict between the House Republicans and the DOJ/FBI, which
further solidifies the biased tone.

Overall, the article exhibits a clear bias in favor of the Trump administration
and against the DOJ/FBI.
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Story highlights Campaign adviser says Obama knows "he has to be more
energetic” at the next debate The debate format will let undecided voters
ask questions to candidates directly Both candidates skipped campaigning
Sunday to prepare for their next face-off The debate Tuesday will focus
on domestic and foreign policy issues After near-universal bad reviews of
his first presidential debate with Mitt Romney, President Barack Obama
will bring more energy and passion to his second showdown with the GOP
nominee, advisers to the president said Sunday. Yet the come-out-swinging
attitude many Democrats crave could be hindered by the debate’s town hall
format, which requires a likability factor not completely compatible with
aggressive attacks. The forum, to be moderated by CNN chief political
correspondent Candy Crowley on Tuesday, will force both candidates to be
at once personable and vigorous in their rebuttals. On Sunday, Obama
aides said Obama’s subdued, languid performance two weeks ago would be
replaced by a candidate intent on calling out what he sees as inconsistencies
and straight-up lies from his opponent. Crowley on moderating town hall
debate: 'It’s harder to dodge’ ”He knew when he walked off that stage (of the
first debate), and he also knew as he watched the tape of that debate, that he
has to be more energetic,” Robert Gibbs, an Obama campaign adviser and
former White House press secretary, said on CNN’s ”State of the Union.”
JUST WATCHED Pres. to be more "energetic” next debate Replay More
Videos ... #MUST WATCH Pres. to be more ”energetic” next debate 03:48
JUST WATCHED A host of debate advice Replay More Videos ... #MUST
WATCH A host of debate advice 02:24 JUST WATCHED Crowley: "It’s a
career highlight” Replay More Videos ... #MUST WATCH Crowley: "It’s
a career highlight” 01:24 David Axelrod, another Obama campaign adviser
and former White House official, said on "Fox News Sunday” that Obama
would be ”aggressive in making the case for his view of where we should
go as a country.” Romney adviser Ed Gillespie, also speaking on ”State of
the Union,” said a shift in style wouldn’t win Obama any points from an
electorate looking at the past four years. ”"The president can change his
style. He can change his tactics. He can’t change his record. He can’t
change his policies. That’s what this election is about,” Gillespie said. [6083

ST

62



Descriptor (Original)

Prediction: Neutral

1. Tone and Language: The article’s tone is informative, and it maintains
a neutral language throughout. It presents quotes from various sources
without adding any emotional language.

2. Sources and Citations: The article cites a variety of sources, includ-
ing campaign advisers, Republican strategists, and CNN contributors,
providing a balanced view of the topic. The sources represent different
political perspectives, offering a comprehensive understanding of the
debate.

3. Coverage and Balance: The article covers both candidates’ perspec-
tives and strategies for the upcoming debate. It presents Obama’s
intention to be more energetic and aggressive, alongside Romney’s ap-
proach to foreign policy and his team’s expectations. The article main-
tains a neutral tone, avoiding any sensational or biased language.

4. Agenda and Framing: The article frames the upcoming debate as an
opportunity for the candidates to showcase their skills and strategies.
It highlights the challenges both candidates face, particularly in the
town hall setting, where likability is crucial. The article does not pro-
mote any specific agenda or ideology, instead focusing on the facts and
perspectives surrounding the debate.

5. Examples and Analogies: The article uses factual examples and com-
parisons to explain the debate setting and the candidates’ strategies. It
avoids emotional analogies or metaphors, presenting a straightforward
and informative account of the upcoming debate.

Overall, this article demonstrates a commitment to neutrality by presenting
a balanced view of the topic, using neutral language, and avoiding emotional
or biased language. It provides a comprehensive understanding of the debate.

63



fEE% 7 ¥ X b (Simplified Text) (SCFE : 1221)

After near-universal bad reviews of his first presidential debate with Mitt
Romney, President Barack Obama will bring more energy and passion to
his second showdown with the GOP nominee, advisers to the president said
Sunday. Obama’s campaign adviser and former White House press secretary
Robert Gibbs said on CNN’s ”State of the Union,” ”He knew when he walked
off that stage (of the first debate), and he also knew as he watched the tape
of that debate, that he has to be more energetic.” Obama’s subdued, languid
performance two weeks ago would be replaced by a candidate intent on calling
out what he sees as inconsistencies and straight-up lies from his opponent.
David Axelrod, another Obama campaign adviser and former White House
official, said on "Fox News Sunday” that Obama would be ”aggressive in
making the case for his view of where we should go as a country.” Romney
adviser Ed Gillespie, also speaking on ”State of the Union,” said a shift in
style wouldn’t win Obama any points from an electorate looking at the past
four years. ”The president can change his style. He can change his tactics.
He can’t change his record. He can’t change his policies. That’s what this

election is about,” Gillespie said.
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Descriptor (After Simplification)

Prediction: Biased

1. Tone and Language: The language is charged with criticism of Obama’s
performance and anticipation of his future actions, as well as the use
of the word "languid,” which implies laziness.

2. Sources and Citations: The article includes quotes from Obama’s cam-
paign advisers, which creates a sense of inside information but also
implies a favorable perspective on Obama.

3. Coverage and Balance: There is little balance in the article, as it fo-
cuses primarily on Obama’s potential improvement in the next debate
and Romney’s consistent performance.

4. Agenda and Framing: The framing implies that Obama’s performance
in the first debate was a problem that needs to be addressed, and that
a change in style is necessary for him to be more effective.

5. Ezamples and Analogies: There is no use of analogies or emotionally
charged comparisons.

Overall, the article presents a biased perspective on the presidential debate,
focusing on Obama’s perceived shortcomings and potential improvement.
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