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Abstract—Political bias in transformer-based language
models poses a critical challenge for applications involving
politically sensitive Arabic news, yet systematic evaluation
remains limited. This paper presents a multi-view behavioral
framework to detect political bias in four pre-trained transformer
models: AraBERTv2, CAMeLBERT, mBERT, and XLM-R. The
framework integrates four complementary probes: sentiment
drift, emotion drift, counterfactual actor-swapping for identity
sensitivity, and masked language model probing to detect lexical
preference shifts. Each model is evaluated before and after
domain-adaptive fine-tuning on the FigNews Arabic political news
dataset to analyze how politically sensitive training data influences
representational bias. To synthesize signals from these probes, a
Decision and Bias Reporting Agent (DBRA) aggregates the
evidence using a structured hierarchy that prioritizes implicit bias
indicators. Results show that bias is already present in base
checkpoints and can significantly shift after adaptation. For
example, mBERT’s masked preference for SideA drops from
40.7% to 0.0%, indicating complete directional collapse, while
XLM-R shows a large increase in masked preference toward
SideA (APR = +32.8%).

Keywords—NLP; political bias; Arabic transformers; domain-
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I INTRODUCTION

Bias in large language models has become a critical concern
as these systems are increasingly used to analyze politically
sensitive news and public discourse. In suchsettings, even subtle
shifts in sentiment, emotion, or entity framing can shape public
perception, reinforce polarization, and lead to high-stakes
misinterpretations. This challenge is particularly relevant for
Arabic NLP, where complex morphology, dialect variation, and
context-dependent political cues make model behavior highly
sensitive to lexical choices. As a result, Arabic transformer
models are frequently deployed and adapted for news analysis,
despite limited systematic understanding of how political bias
manifests in their predictions.

Importantly, political bias is often treated as an inherent
property of a pre-trained checkpoint. However, in real
deployments, models rarely remain frozen: they are
continuously adapted through continued pre-training or domain-
adaptive pre-training (DAPT) to better match target
distributions. This adaptation step can reshape bias-related

behavior, sometimes stabilizing outputs and sometimes
amplifying implicit preferences.

Most prior work evaluates adaptation primarily through
task-level accuracy improvements. In contrast, fewer studies
examine how adaptation reshapes model behavior under
counterfactual edits, affective prediction tasks, or likelihood-
based probing. This motivates the need for a unified evaluation
framework that can capture bias-related drift beyond standard
performance metrics. Given the societal impact of politically
biased model behavior, this study is structured around the
following research questions:

RQI: Do Arabic and multilingual transformer models
exhibit measurable political bias?

RQ2: What is the impact of fine-tuning on the Arabic
political dataset FIGNEWS on the bias behavior of Arabic and
multilingual transformers?

RQ3: How can political bias in Arabic and multilingual
transformer models be systematically evaluated?

To answer these questions, this paper introduces a unified
behavioral evaluation framework and applies it to four widely
used models: AraBERTv2 [28], CAMeLBERT [29], mBERT
[30], and XLM-R [31] before and after domain-adaptive fine-
tuning on the FIGNEWS [27] dataset. The proposed framework
combines four complementary diagnostics: (1) zero-shot
sentiment drift, (2) zero-shot emotion drift, (3) actor-swapping
for identity sensitivity, and (4) masked word prediction probing
for lexical preference drift. Cross-seed analysis is conducted to
assess whether observed bias effects are consistent across
random initializations.

The contributions of this work can be summarized as
follows:

e Introducing a comprehensive multi-view behavioral
framework for political bias evaluation, through which
bias is systematically examined across complementary
diagnostic dimensions before and after domain
adaptation, enabling structured and holistic assessment.

e Presenting an evidence-aggregation and bias reporting
mechanism that consolidates multi-probe behavioral
signals into a wunified and interpretable bias
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characterization, facilitating principled model

comparison and structured bias categorization.

e Providing empirical evidence that political bias is
inherently measurable in pretrained representations,
demonstrating that bias may originate from foundational
model pretraining rather than emerging solely during
task-specific adaptation.

e Demonstrating that domain adaptation in politically
sensitive contexts can induce divergent bias trajectories
across architectures, and revealing that apparent
robustness at the surface level may coexist with
substantial latent representational distortion.

The remainder of this paper is organized as follows: Section
2 reviews related work, Section 3 describes the methodology
and experimental setup, Section 4 presents the results, and
Section 5 concludes with key findings and future directions.

II. RELATED WORK

Political bias in language models has become a central
concern as transformer-based systems are increasingly deployed
in high-stakes settings such as news analysis, public discourse
monitoring, and conflict-related content moderation. While
existing studies have examined bias across multiple languages,
Arabic political discourse remains substantially underexplored
despite its unique challenges: complex morphology, dialect
variation, and culturally embedded political framing create bias
pattemns that standard multilingual benchmarks fail to capture.
This work focuses specifically on Arabic political news
covering the Palestinian-Israeli conflict,a domain where actor
framing, emotional salience, and lexical sensitivity make bias
evaluation particularly critical. Bias in such settings can emerge
not only in explicit model outputs but also in affective
predictions and internal representational preferences [1], and is
further amplified when models undergo domain-adaptive pre-
training on politically sensitive data, which may reshape bias
signals in unpredictable ways [22].

A. Political Bias in Large Language Models

A growing body of work has examined political bias as a
measurable and socially consequential phenomenon in modermn
LLMs. For example, recent studies propose systematic
evaluation approaches that quantify political leaning in model
outputs and demonstrate that political bias can be expressed
through both what the model states and how it frames responses
[16]. Other work evaluates political bias in real-world
interactive settings, showing that political preferences can be
observed through downstream decision-making and user-facing
recommendation behavior [12]. Beyond surface-level outputs,
political bias has also been analyzed through target-oriented
sentiment paradigms, whichmeasurehow sentiment shifts when
the target entity changes while the surrounding context remains
fixed [10]. Recent work also highlights that political bias
assessments may diverge between humans and LLM-based
evaluators, emphasizing the need for careful behavioral
diagnostics in real news settings [24]. These approaches align
closely with our motivation, as political bias in news discourse
often manifests as subtle differences in framingand affect rather
than overt ideological statements.
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B. Cultural and Arabic-Centered Political Evaluation

Bias evaluation becomes especially important in Arabic
contexts, where political and cultural cues are deeply tied to
lexical choice, identity references, and sociopolitical framing.
Recent benchmarks suchas PALMX 2025 highlightthe need for
culturally grounded benchmarks for Arabic and Islamic culture,
demonstrating that standard multilingual evaluation does not
capture culturally sensitive failure modes [2]. More broadly,
recent Arabic-focused surveys emphasize persistent gaps in
resources, evaluation coverage, and robust model assessment,
particularly for socially sensitive applications [7], [8]. These
findings support the need for bias evaluation frameworks that
explicitly probe political framing and actor sensitivity in Arabic
news settings, rather than relying solely on accuracy-based task
performance. Political framing bias has also been studied in
multilingual contexts beyond Arabic, suggesting that framing
effects can generalize across sociopolitical settings and
languages [25].

C. Domain Adaptation and Fine-Tuning Effects on Bias

A key challenge is that domain adaptation may not simply
improve task performance but can also reshape bias-related
behavior. Recent work on Arabic domain-adaptive pre-training
for aspect-based sentiment analysis shows that continued pre-
training can significantly affect downstream sentiment behavior
and domain robustness [3]. In parallel, A-MASA provides
multi-domain Arabic sentimentresources that further highlight
how domain shifts and topic variation can influence affective
prediction patterns [4]. In high-stakes political contexts, this
implies that fine-tuning on politically oriented data may alter not
only accuracy but also the stability of sentiment and emotion
predictions, potentially amplifying bias even when headline
metrics appear improved. Related studies on temporal drift in
transformer sentiment systems similarly show that model
behavior can shift substantially over time or adaptation, even
without explicit changes in evaluation metrics [23].

D. Counterfactual Evaluation and Actor Sensitivity

Bias in political discourse is often triggered not only by
polarity but also by who is being discussed. For this reason,
counterfactual evaluation has become a widely used approach
for measuring identity sensitivity, where protected or salient
entities are swapped within otherwise identical inputs. FairFlow
introduces a model-based counterfactual augmentation
framework that demonstrates how controlled substitutions can
expose systematic biasand improve robustnessin NLP pipelines
[5]. However, recent work cautions that template-based
counterfactual probes may introduce artifacts and should be
interpreted carefully when concluding bias [21]. In politically
sensitive settings, actor-swapping provides a particularly direct
diagnostic ofidentity-dependent behavior, as it isolates whether
models treat different political actors symmetrically under
matched contexts. This line of work motivates our actor-
swapping experiment, where sentiment and emotion predictions
are tested for invariance under politically salient entity
substitution.

E. Masked Language Model Probing and Implicit Bias

While behavioral metrics such as sentiment and emotion
flips capture overt instability, masked language modeling
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(MLM) probes can reveal deeper representational preferences
that may remain hidden under stable categorical outputs. Recent
work by Sweeney proposes measuring social biases in masked
language models through prediction-based proxies, showing
that bias can persist in the likelihood landscape even when
downstream behavior appears stable [6]. This perspective is
critical for political bias evaluation; as representational drift may
lead to systematic lexical preferences toward specific actors or
narratives. Recent probing studies further demonstrate that
political ideology can be encoded in latent representations and
generalize across tasks, motivating representational analysis
beyond surface-level predictions [18]. Similarly, studies on
implicit political stereotypes show that bias may remain hidden
even when explicit outputs appear neutral, reinforcing the need
for implicit probing signals such as masked likelihood
preferences [19].

F. Bias in Emotion Inference and High-Stakes Affective
Prediction

Emotion inference models are increasingly used in news
analysis, moderation, and public sentiment tracking. However,
recentevidence suggests that such systems may exhibit a high
risk of political bias, where affective predictions shift
systematically across political groups or contexts [9]. This is
particularly relevant for our setting, since ourresults show that
emotion predictions are substantially more volatile than
sentiment and can exhibit large flip rates under actor
substitution. These findings reinforce the need to treat affective
analysis as a bias-sensitive task rather than a neutral diagnostic.

G. Broader Bias Foundations and Mitigation Directions

Several works provide broader conceptual grounding for
understanding bias sources and mitigation strategies. Prior
analyses identify multiple sources of bias in NLP pipelines,
including dataset construction, representation imbalance, and
annotation artifacts, which can interact with model training and
adaptation [11]. In addition, work on quantifyingand alleviating
political bias proposes structured measurement and mitigation
techniques, highlighting that political bias is not merely an
ethical issue butalso a measurable modeling phenomenon [13].
More recently, mitigation research has expanded toward multi-
objective and multi-agent frameworks that attempt to reduce
social bias while preserving utility, emphasizing that bias
mitigation remains an open challenge even for modern large
models[17]. Complementary frameworks such as Nbias provide
bias identification tools for text, reinforcing the importance of
systematic detection pipelines [14]. Finally, recent reviews of
transformer-based sentiment analysis further confirm that
transformer models can achieve strong performance while still
exhibiting sensitivity to domain and bias-related factors [15].

Overall, prior work establishes that political and social bias
can be measured across multiple layers of model behavior, from
explicit outputs to affective predictions and masked likelihood
preferences. However, existing studies often focus on either
high-level political bias in generation[12],[16] or general social
bias in MLMs [6], without systematically connecting these
perspectives under a unified before/after domain adaptation
setting. Beyond interpretability concermns, political bias has been
shown to directly affect downstream task performance, such as
stance classification, reinforcing that bias is also a reliability
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issue [26]. This work bridges this gap by introducing a multi-
view behavioral probing framework that evaluates Arabic and
multilingual encoders before and after politically oriented
domain-adaptive fine-tuning. By combining sentiment and
emotion drift, counterfactual actor-swapping, and masked
lexical probing, the proposed framework captures both surface-
level robustness and deeper representational bias amplification,
including cases where improved stability masks severe implicit
drift. This study also extends a prior study on detecting bias in
Arabic political news [20] by shifting from supervised detection
pipelines to a probing-based framework that analyzes model
behavior before and after domain-adaptive fine-tuning
Furthermore, this study introduces a Decision and Bias
Reporting Agent (DBRA) that synthesizes outputs fromall four
behavioral experiments into a unified, evidence-driven bias
assessment and ranked model classification, directly addressing
the need for systematic evaluation frameworks in politically
sensitive Arabic NLP.

III. METHODOLOGY

This section presents the proposed framework for analyzing
behavioral drift in Arabic and multilingual transformer models
before and after domain-adaptive pre-training (DAPT) using
masked language modeling (MLM) on politically sensitive
Arabic news text as shown in (Fig. 1). The framework is
designed to identify potential political bias through four
complementary behavioral probes and to synthesizetheir signals
into a unified bias assessment using a Decision and Bias
Reporting Agent (DBRA). The objective of this framework is
not to optimize downstream task accuracy, but rather to
systematically diagnose representational and behavioral bias in
the models. To ensure the validity of the evaluation, all datasets
used for behavioral probing are strictly held out from the
adaptation training process, preventingany formof data leakage
between training and evaluation stages.

A. Models

Four widely used transformer-based encoder models are
examined, covering both Arabic-specialized and multilingual
settings:

e AraBERTvV2,an Arabic-focused BERT model pretrained
on large-scale Arabic corpora [28].

e CAMEeLBERT, a transformer pretrained on a mixture of
Modern Standard Arabic and dialectal data [29].

e mBERT, a multilingual BERT model trained on more
than 100 languages [30].

e XIM-R, a multilingual RoOBERTa-based encoder with
strong cross-lingual representations [31].

These models enable comparison of whether behavioral drift
under DAPT differs between Arabic-specialized and
multilingual pre-training systems.

B. Domain-Adaptive Pretraining (DAPT)

For each model, domain-adaptive pre-training is performed
using the masked language modeling (MLM) objective on
Arabic news text FIGNEWS [27]. DAPT aligns the model with
the target domain while preserving the original architecture.
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Formally, given an input sequence x = (x; ...X,,),

The model is optimized to maximize the conditional
likelihood:

Ly = — Xiemlog P(x;|x_p) (1)

MLM training masks a subset of token positions M, and the
model predicts each masked token x; conditioned on the
remaining visible tokens x_,.

DAPT is applied for two epochs usinga masking probability
of 0.15 using Adam optimizer and a learning rate of 2e-5.

To ensure reproducibility and measure stability, three
adapted variants per model are trained using different random
seeds:

S={13,42,100} 2)

To distinguish systematic bias drift from random training
variability. Results are reported as mean and standard deviation
across seeds.

C. Data Splits and Data Hygiene

Data Splits. An unlabeled subset from FIGNEWS is used
[27] for domain-adaptive pre-training (DAPT) containing
13,320 training instances. All behavioral evaluations are
conducted on strictly held-outdata, including a general test set
of 1100 instances, an actor-swapping evaluation set of 100
paired samples,and a masked-probingset of 140 samples. Table
I summarizes the dataset splits and their purposes. No near-
duplicate overlap is verified using exact string matching.

Data Collection and Preparation

Select
Model

AraBERT V2 Multilingual BERT

XLM-RoBERTa

!

Before Fine-Tuning (Base Models)

CAMEL-BERT

Domain Adaptive Fine-Tuning
(FIGNEWS Arabic Political News)

After Fine-Tuning (DAPT Models — 3 Seeds: 13, 42, 100)
Ex1 Ex2 X3 x4

Santimen Ematio as)
Analysis Detection Completian Swapping

Decision and Bias Reporting Agent (DBRA)

Report Findings

1 Framonork Core 1 Domin Adaptaion Disgostc Expariments

I 05 few Contrbuson)

Fig. 1. Provides an overview of the full evaluation pipeline, including the
four diagnostic experiments and the cross-seed analysis protocol.
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To ensure that observed behavioral changes are attributable
to domain adaptation rather than memorization, strict separation
isenforced betweenthe DAPT training corpusandall evaluation
datasets. Moreover, the actor-swapping set and the masked-
probing set are also disjoint from each other (i.e., no shared
examples across evaluation subsets).

TABLEI. DATASET DISTRIBUTION
Split Size Purpose
DAPT train 13,320 Adaptive pre-training (MLM)
Test 1100 Zero-shot sentiment & emotion
Actor-swapping 100 Identity sensitivity
Mask probing 140 Lexical preference drift

D. Zero-shot Sentiment Drift Evaluation

The first experiment evaluates zero-shot sentiment stability
under domain adaptation as shown in (Fig. 2). Models predict
sentiment polarity directly on held-out test inputs.

Base Model
zero shot

Compute:
- Flip Rate

Input Text

-JSD

Adapted Model
zero shot

Fig.2. Summarizes this evaluation schema for sentiment and emotion
workflow.

Behavioral instability is quantified through flip rate, defined
as:

Flip Rate = %Z?’:l[y}’“se #* y;iapt] (3)

Sentiment flip rate is computed using Eq. (3) where y; now
denotes sentiment labels instead of emotion labels, interpreting
label changes after DAPT as evidence of behavioral drift
induced by adaptation.

Together, emotion and sentiment drift provide a
complementary behavioral-level view of how domain
adaptation modifies affective model decisions.

E. Zero-shot Emotion Drift Evaluation

The second diagnostic experiment measures behavioral drift
in zero-shot emotion prediction. Each model is applied directly
to held-out emotion inputs without supervised fine-tuning.

Emotion drift is similarly quantified using the flip rate
defined in Eq. (3), where y?*€and y4rt denote predicted
emotion labels before and after DAPT.

Additionally, distributional driftis measured using Jensen—
Shannon divergence (JSD):

JSD(PIIQ) = - KL (PIIM) + < KL (QIIM),
M=3(@P+Q “
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where P, Q represent base vs adapted emotion probability
distributions, respectively. Also y}?®¢ , yjdapt denote the
predicted emotion label for instance j before and after DAPT.

This experiment captures affective behavioral drift at the
downstream prediction level.

F. Actor-Swapping: Identity Sensitivity Test

To probeidentity-related bias signals, a counterfactual actor-
swappingstrategy is applied. Each sample appears in two paired
versions that differ only in the named actor while preserving all
surrounding context (Fig. 3).

Actor = (ules
o i L) L E G aned ol
Gaanl) Chaly (Jiif puf CodB 13 (g ) J 23¢5 o
- Flip Rate
-JsD

- Consistency

ol Caaly | golan Casld 131 (g pu¥) J5 263 (Jif pusf

[ Actor = Js)

Fig.3. Actor-swapping workflow.

Given paired inputs x) — x(® identity sensitivity is
measured as:

. 1
Flip Rate qeor = = XN-aly(e™) 2y ()] (5)

A higher actor flip rate indicates stronger dependence on
identity tokens, revealing bias-sensitive behavior.

Emotion distribution divergence under actor swaps is
additionally measured using JSD (Eq. 4).

G. Masked Probing: Lexical Preference Drift

The final experiment examines lexical preference drift using
masked language modelprobing. Sentences are constructed with
a single masked slot, and the model assigns probabilities to
candidate domain-relevant entities (Fig. 4).

™ Compute :
- P (Candidate)
- A (logP)
- Top-1 Match

Masked Input -
AU 2 OT 2 e e [MASK] 402 50 5l smgl) e 2 g tlonn ] a sty

Compare Base vs After DAPT (Conceptual)

Focus : lexical preference drift at the masked position

Fig. 4. Masked word workflow.

Given a candidate token c, its log-probability at the masked
position is computed as:

log p (C |xmask) (6)
The adaptation-induced shift is measured as:
A lOgP = lOgPdapt(C) - lOngase (C) (7)

Positive A logP indicates that DAPT increases the lexical
preference toward candidate entities.

The top-1 match rate is also computed as:
Top — 1 Match = %Z?’zl[c = argmax,, P(W |X,qsk] (8)

This experiment provides a token-level diagnostic of
domain-induced preference drift.
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Preference rate between two political factions:

PrefRate = % Z?’zl[(logP(SideA|xj) > logP(Israel|xj)]
©)

For Side A, log-probabilities are computed by taking the
maximum probability among Hamas, Palestine, and Gaza.

Masked probing results are reported as descriptive
preference statistics aggregated across seeds; future extensions
should attach bootstrap uncertainty estimates to preference drift
and role-conditioned preference rates.

H. Cross-seed Aggregation

Allexperimentsare repeated across three DAPT seeds. Final
reported metrics are aggregated as:
1

5 Zsesms (10)

azé\/ZseS(ms_ #)2 (11)

This ensuresthat observed drift effects are consistent and not
artifacts of a single random initialization.

1. Decision and Bias Reporting Agent (DBRA)

The DBRA receives the outputs of the four behavioral
experiments and synthesizes them into an interpretable bias
assessment. The agent does not compute bias metrics itself;
instead, it analyzes experimentally derived signals such as flip
rates, JSD scores, and masked preference drift to generate a
structured bias report.

u=

TABLEII. DBRA DECISION RULES AND EVIDENCE HIERARCHY
Evidence Metrics used Role‘m Interpretation rule
layer ranking
PR-D, APR, | Main  bias | ExtremePR-D or large
Primary role-conditioned | decision APR indicates strong
preference rates layer post-DAPT bias shift
Any role-conditioned
Primary Att-PR, Hos-PR, | Framing preference rate > 70%
support Vic-PR, Loc-PR | severity indicates severe
framing bias
Actor-swapping L )
ISD, AJSD, | Tdentity- Significant ) actor:
o L related divergence
Secondary | CI%95, sensitivity Lo
. strengthens  bias-risk
McNemar p- | adjustment . .
mterpretation
value
High post-DAPT
Supportin Emotion Contextual ;f;e:;‘é: instabdilﬂitft
PP £ flip/JSD evidence . Tty
but is not decisive
alone
L Surface stability does
. owest- .
S i Sentiment orit not override severe
UPPOTHNE | £1i/7SD Is’f"noft implicit  bias  in
PP masked probing

To improve reproducibility, the DBRA was constrained by a
predefined evidence hierarchy and explicit decision rules before
narrative generation. Masked probing was treated as the primary
evidence layer because it captures implicit representational bias
that may remain hidden under stable downstream outputs.
Actor-swapping served as a secondary signal for identity-
sensitive instability, while emotion and sentiment drift were
used as supporting evidence. Extreme post-DAPT preference
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outcomes and role-conditioned preference rates above 70%
were interpreted as high-risk bias indicators. Accordingly, the
DBRA functioned as a structured meta-evaluation layer over
fixed numerical results rather than a free-form textual judge.
Table I summarizes the evidence hierarchy and interpretation
rules used by the DBRA.

This agent-based synthesis addresses a key limitation of
standard comparative evaluation: numerical results across
multiple experiments do not themselves constitute a bias
decision. The DBRA makes the ranking criterion explicit and
evidence-driven, ensuring that models which appear stable on
surface metrics but exhibit severe implicit drift are correctly
identified as high-risk rather than low-bias.

IV. RESULTS AND DISCUSSION

A. Sentiment and Emotion Drift Under Fine-Tuning

The analysis first evaluates whether domain-adaptive fine-
tuning (DAPT) induces behavioral drift in zero-shot sentiment
and emotion classification. Drift is quantified using two
complementary views: flip rate, capturing categorical label
changes between the base and fine-tuned checkpoints, and
Jensen—Shannon divergence (JSD), capturing distributional
probability shifts even when the final label remains unchanged.

TABLEIV. REPORTS EMOTION FLIP AND JSD VALUES FOR ALL
CHECKPOINTS
Model Checkpoint Flip Rate JSD

AraBERTv2 Base 0.133 0.011

DAPT (mean £std) | 0.139£0.049 | 0.002 +0.001
CAMeLBERT | Base 0.184 0.005

DAPT (mean £std) | 0.115+0.006 | 0.003 +0.001
mBERT Base 0.143 0.010

DAPT (mean +std) | 0.017+£0.006 | 0.005+0.003
XLM-R Base 0.184 0.005

DAPT (mean £std) | 0.075+0.037 | 0.003 +0.001

TABLE III. REPORTS SENTIMENT FLIP AND JSD VALUES FOR ALL
CHECKPOINTS
Model Checkpoint Flip Rate JSD

AraBERTv2 Base 0.122 0.004

DAPT (mean +std) [ 0.034+0.025 [ 0.0003+ 0.0005
CAMeLBERT | Base 0.102 0.006

DAPT (mean +std) | 0.000+0.000 | 0.0000=+ 0.0000
mBERT Base 0.010 0.000

DAPT (mean +std) | 0.041+0.029 | 0.0017=+ 0.0009
XLM-R Base 0.102 0.006

DAPT (mean +std) | 0.020+0.017 | 0.0017=+ 0.0005

Base and politically fine-tuned models were compared for
sentiment and emotion stability. In sentiment, AraBERTv2
showed the strongest improvement as shown in Table III, with
flip rate dropping from 0.122 to 0.034, while XLM-R improved
more modestly (0.102 — 0.02). In emotion as shown in Table
IV, mBERT achieved the best robustness (0.143 — 0.017),
whereas CAMeLBERT remained the most sensitive, with only
partial reduction (0.184 — 0.115).

Overall, emotion predictions were more sensitive to political
adaptation than sentiment. Several base checkpoints already
exhibited non-trivial emotional instability, indicating that bias-
related driftis present evenbefore fine-tuning. Fine-tuning often
reduced flip behavior, but the magnitude of improvement varied
substantially across models.

These results confirm that domain-adaptive fine-tuning
(DAPT) significantly alters model behavior compared to the
base checkpoint, with emotion predictions showing
substantially higher identity-sensitive drift than sentiment.

Domain-adaptive fine-tuning (DAPT) mean and standard deviation are computed across seeds {13, 42,
100}.

B. Actor Swap Robustness and Entity Sensitivity

Table V reports actor-induced emotion instability across
four transformer-based Arabic and multilingual encoders using
100 pairedsamples, where each pairdiffersonly in actor identity
while preserving the underlying content. Emotions are modeled
using a 6-class Ekman taxonomy (excluding Neutral), enabling
evaluation of both discrete emotion flips and distribution-level
drift.

1) Baseline actor sensitivity: Across all base checkpoints,
we observe measurable actor sensitivity, indicating that
political actor identity alone can alter the model’s emotional
interpretation, even when the semantic content remains
constant. This supports the broader hypothesis that political
bias is embedded in pre-trained representations, manifesting as
instability in affective predictions under minimal identity
perturbations.

Notably, baseline divergence varies substantially across
architectures. mBERT exhibits the highest baseline emotion
drift (Base Emo JSD = 0.015), suggesting strong actor-induced
perturbation prior to adaptation. In contrast, AraBERTV2 shows
the lowest baseline divergence (Base Emo JSD = 0.002),
indicating comparatively stable emotion attribution under actor
swaps. CAMeLBERT (0.005) and XLM-R (0.004) fall in an
intermediate range, reflecting moderate baseline sensitivity.

TABLE V. REPORTS ACTOR FLIP AND JSD VALUES
Model ‘l,)«;l JSD-B [ JSD-D| AJSD | CI %95| Drift?
. [-0.015
mBERT <0.001{0.015 (1)'00 40‘01 R Strong
—0.013]
CAMeLBER 0.00 | —0.00 [70.003 Moderat
T 1.0 0.005 3 5 s e
—0.001]
0.00 | —0.00 [-0.001
AraBERTv2 | 1.0 0.002 1 1 .0.000] Weak
0.00 | 0.00 | —0.00 [-0.003
XLM-R 0.625 4 5 5 ,0.000] Unclear

Column Definitions (Table V):

e p-val: McNemar test p-value for emotion flipunder actor
swapping

113|Page

www.ijacsa.thesai.org



(IJACSA) International Journal of Advanced Computer Science and Applications,

e JSD-B: Mean emotion Jensen—Shannon divergence
(Base)

e JSD-D: Mean emotion Jensen—Shannon divergence
(After domain adaptive fine tuning DAPT)

o AJSD: Differencebetweenadaptedandbase JSD (DAPT
— Base)

e CI %95:95% bootstrap confidence interval for AJSD

e Drift: Qualitative strength primarily based on the AJSD
CI %95 (with McNemar reflecting label-level

sensitivity).

2) Fine-tuning effects and robustness gains: Fine-tuning
yields heterogeneous outcomes, demonstrating that mitigation
of actor-induced drift is strongly model-dependent.

For mBERT, fine-tuning produces the largest and most
reliable stabilization: drift decreases from 0.015 to 0.001 (AJSD
=-0.014), with a fully negative CI1 %95 [-0.015,—0.013]and a
significantreduction in emotion flips (McNemar p < 0.001).

Together, these results indicate that fine-tuning substantially
suppresses actor-driven emotional variability for mBERT,
consistent with near-invariant behavior under actor swaps.

CAMeLBERT shows a different mitigation profile. While
the model exhibits a statistically reliablereduction in divergence
(AJSD=-0.002; CI %95 [-0.003,—0.001]), the flip-based test
shows no significant change (McNemarp = 1.0). We interpret
drift significance primarily through AJSD confidence intervals,
while McNemar reflects label-level sensitivity.

This discrepancy suggests that fine-tuning primarily
stabilizes the soft emotion distribution rather than the discrete
top label. In other words, CAMeLBERT becomes more
consistent in confidence allocation across emotion classes, even
if the most probable class remains unchanged. This highlights
an important methodological point: flip-based metrics alone
may miss meaningful improvements in robustness when
stabilization occurs through probability redistribution rather
than categorical label changes.

For AraBERTV2, the baseline driftis already low and fine-
tuning produces only a small reduction (AJSD =—0.001), with a
confidence interval overlapping zero (CI %95 [—0.001, 0.000])
and no flip-level significance (McNemar p = 1.0). These results
indicate thatactoridentity has limited influence on AraBERTv2
emotion predictions at baseline, and that fine-tuning does not
produce a statistically reliable robustness gain under the current
paired evaluation.

Similarly, XLM-R shows a decrease in mean divergence
after fine-tuning (AJSD = —0.002), but the confidence interval
slightly overlaps zero (C1%95 [—0.003,0.000]) and McNemar’s
testremains non-significant (p=0.625). Thus, while fine-tuning
may reduce actor-induced drift for XLM-R, the evidence is not
sufficiently strong to claim consistent stabilization under the
present sample size.

3) Overall implications: Collectively, Table V
demonstrates that (1) actor-level bias is detectable in base
checkpoints, and (2) fine-tuning can mitigate such bias, but the
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effect is architecture-dependent. Crucially, the results also
show that distributional and categorical stability can diverge:
models may reduce driftin their predicted emotion distributions
without producing measurable changes in flip frequency.
Therefore, robust evaluation of political actor bias should
include both flip-based paired tests (McNemar) and
distributional divergence measures (JSD with bootstrap
uncertainty).

C. Masked Word Prediction

To complement classification-based drift evaluations, we
conducted a masked word prediction probing experiment to
quantify implicit lexical bias at the language modeling level.
Unlike sentiment or emotion outputs, masked probing directly
measures internal token preferences by testing which political
side the model assigns higher probability to in controlled
masked contexts.

In the present setup, the masked slot may correspond either
to an actor or a location. Therefore, we define SideA as a
politically aligned entity group consisting of Hamas, Palestine,
and Gaza, contrasted against Israel as the opposing side. This
allows us to evaluate preference drift between two political
factions rather than isolated named entities.

Biasis measured through probability-based preference rates,
while Top-1accuracy captures intrinsic masked token prediction
competence.

Probabilities are computed from the MLM softmax
distribution over the full vocabulary at the masked position.
Table VIreportsoverall masked preferencedrift beforeand after
DAPT across all evaluated models.

TABLE VI. OVERALL MASKED PREFERENCE DRIFT (BASE VS DAPT
MEAN)
Model PRB | PRD | APR | TI-B | TI-D | ATI

386 | 705 | 319 R 76

AaBERTV2 | o % o 0.0% | 7.6% | o,

CAMCLBER | 214 | 519 | +305 | 307 | 405 | +98

T % % % % % %
407 —40.7 314

mBERT v, 0.0% | o, 14% | o +30%
379 | 707 | 328 ) o | 00

XLM-R " o M 0.7% | 07% |,

Column Definitions (Table VI):

o PR-B/PR-D: SideA preference rate before/after DAPT
e APR: PR drift (DAPT — Base)

e TI1-B/T1-D: Top-1 masked entity accuracy (Eq. 8)
e AT1: Top-1 accuracy change (DAPT — Base)

e SideA: max {Hamas, Palestine, Gaza}

Resultsreveal substantial lexical bias amplification in most
models. AraBERTv2, CAMeLBERT, and XLM-R show large
increases in SideA preference (APrefRate ~ +0.31 to +0.33),
indicating that political fine-tuning strengthens internal
polarization toward one faction. Notably, XLM-R exhibits the
strongest bias drift (APrefRate =~ +0.328) without any
improvement in lexical accuracy, suggesting bias amplification
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without predictive benefit. Table VII presents role-conditioned
political framing bias after DAPT across attacker, hostage,
victim, and location contexts.

TABLE VII.  ROLE-CONDITIONED POLITICAL FRAMING BIAS (DAPT
MEAN PREFERENCE RATES)

Model Att-PR Hos-PR Vic-PR Loc-PR
AraBERTv2 73.6% 71.7% 80.0% 64.3%
CAMeLBERT 65.5% 81.7% 42.7% 29.8%
XLM-R 70.1% 78.3% 64.0% 75.0%
mBERT 0.0% 0.0% 0.0% 0.0%

Column Definitions (Table VII)

Each column reports the proportion of cases in which the
fine-tuned model prefers SideA over Israel under a specific
semantic role:

o Att-PR: SideA preference in attacker contexts

e Hos-PR: SideA preference in hostage contexts

e Vic-PR: SideA preference in victim/target contexts
e Loc-PR: SideA preference in location contexts

e All values are percentages.

In contrast, nBERT demonstrates the strongest and most
concerning directional change: fine-tuning eliminates SideA
preference entirely (APrefRate = —0.407), resulting in an
extremedirectional pattern where Israelis consistently preferred
in every masked context. Although the model achieves the
largest Top-1 gain (ATop1=+0.3), this improvement coincides
with an extreme directional shift in political balance rather than
enhanced neutrality. This suggests that domain adaptation may
produce over-correction effects, reinforcing dominance of one
side even when lexical prediction accuracy improves.

Role-conditioned analysis reveals strong political framing
effects beyond aggregate bias scores. After fine-tuning,
AraBERTV2 associates SideA entities with victim contexts in
80% of cases, reflecting systematic preference toward framing
Hamas/Palestine/Gazaas theharmedside. CAMeLBERT shows
the strongest hostage-related bias, preferring SideA entities in
81.7% of hostage contexts. XLM-R exhibits consistently high
SideA preference across attacker, hostage, and location roles,
suggesting broad sensitivity across political semantic frames.

Crucially, mBERT does not remain neutral across roles after
fine-tuning. Instead, it exhibits an extreme preference collapse,
assigning consistently higher probability to /srae/in all masked
contexts, regardless of the semantic role (attacker, hostage,
victim, or location). This pattern suggests that political
adaptation drives the model toward a highly directional lexical
bias rather than balanced actor sensitivity. Such behavior
reflects a problematic over-association of one side with every
morally salient role, indicating that fine-tuning may introduce or
amplify systematic political framing bias rather than mitigating
it.

A preferencerate of 0.0% does notimply absence of correct
predictions. Rather, it indicates that Israel consistently receives
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higher probability than SideA entities in all masked contexts,
even when Israel is the correct target.

D. DBRA Bias Assessment and Model Ranking

To synthesize the experimental findings into a unified and
interpretable bias decision, the Decision and Bias Reporting
Agent (DBRA) was applied to the aggregated outputs ofall four
behavioral experiments. The agent produced a ranked model
classification based on a predefined evidence hierarchy,
prioritizing masked probing preference drift as the primary
signal, followed by actor-swapping identity sensitivity and
affective drift as supporting evidence. Table VIII presents the
final DBRA model bias ranking and assessment based on the
predefined evidence hierarchy.

TABLE VIII. DBRA MODEL BIAS RANKING AND ASSESSMENT
. Direction Key
Rank Model Type Bias Level After DAPT| Evidence
L . Complete PR-D =
1 mBERT Multilingual | High Collapse 0.0%
o . Overt APR =
2 XLM-R Multilingual | High Increase 432.8%
Arabic- . Overt Vic-PR =
3 AraBERTV2 Specialized High Increase 80.0%
4 CAMeL Arabic- Moderate Overt PR-D =
BERT Specialized Increase 51.9%

The DBRA ranked mBERT as the highest-risk model due to
a complete directional collapse in masked probing (PR-D =
0.0%), which occurred despite near-zero affective drift, a covert
bias pattern undetectable by standard classification metrics and
therefore more dangerous than the overt preference
amplification observed in XLM-R (APR = +32.8%) and
AraBERTv2 (Vic-PR = 80.0%). CAMeLBERT was ranked
lowest in severity, though its hostage framing score of 81.7%
precludes a neutral classification. Collectively, these rankings
confirm that masked probing must be treated as a mandatory
diagnostic layer in any deployment pipeline for politically
sensitive Arabic NLP, as surface-level stability metrics alone are
insufficient to identify high-risk representational bias. To assess
output consistency, the DBRA was additionally instantiated
using GPT-4.1 and Kimi K2.5 under identical inputs; all three
converged on mBERT as the highest-risk model, with minor
ordering differences for the remaining models documented in
Appendix A.

For completeness and cross-model comparison, Appendix
A.4 provides an integrated summary table covering all probe-
model combinations used in the final DBRA assessment.

V. CONCLUSION AND FUTURE WORK

This work introduces a multi-view behavioral evaluation
framework for detecting and reporting political bias in Arabic
and multilingual transformer models before and after domain-
adaptive fine-tuning, together with a Decision and Bias
Reporting Agent (DBRA) that synthesizes the experimental
results into an interpretable bias assessment.

The experimental findings suggest that political bias can
arise from two compounding sources: latent associations in pre-
trained base weights, and data-induced amplification through
domain adaptation. Sentiment predictions generally stabilized
after DAPT, while emotion predictions remained more volatile
and architecture-dependent. Actor-swapping confirmed
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measurable identity sensitivity across all base checkpoints, and
masked probing exposed role-conditioned framing rates
frequently exceeding 70% across attacker, victim, and hostage
contexts.

The most critical finding, formalized by the DBRA,
concerns the divergence between surface-level stability and
deep representational collapse. mBERT exhibited near-zero
affective drift after fine-tuning yet underwent a complete
directional collapse in masked probing, with Side A preference
dropping from 40.7% to 0.0%. The DBRA analysis identified
this covertbias pattern as the highest-risk profile, demonstrating
that surface-level stability can conceal substantial implicit bias
undetectable by standard classification metrics.

Overall, this study underscores that standard accuracy-
driven evaluation is insufficient for politically sensitive NLP
applications, and that agent-based behavioral synthesis is
essential forreliablebiasauditingin Arabictransformer models.

A. Future Work

Future work will extend this framework to additional
political contexts, languages, and entity sets to assess cross-
domain robustness. Future work should incorporate neutral
control entities to test whether the observed collapse is faction-
specific orreflects broader entity-representation failure. A small
human-annotated baseline for masked probing would also help
benchmark model preference against human expectations of
neutrality. Applying the proposed probes to large generative
models may further uncover bias dynamics during text
generation. Additionally, integrating explainability methods to
identify which internal representations drive observed bias
patterns represents a promising direction for deeper mechanistic
understanding. Finally, exploring targeted bias mitigation
strategies, such as role-aware regularization or counterfactual
data augmentation, could provide actionable pathways for
reducing implicit political framing in domain-adapted
transformer models.

B. Limitations

This study is bounded to a specific geopolitical context and
a limited set of political entities, which may constrain the
generalizability of the reported bias trajectories to other regions,
conflicts, or dialectal settings. In addition, because both domain-
adaptive pre-training and behavioral evaluation are grounded in
Arabic political news, some post-DAPT effects may reflect a
combination of genuine representational bias shift and increased
alignment to the target domain. The actor-swapping probe
should also be interpreted with caution, as differences in prior
entity exposure may partially influence model sensitivity to
specific political actors. Finally, the comparison includes both
Arabic-specialized and multilingual encoders, whose Arabic
behavior may differ due to distinct pretraining distributions and
tokenization characteristics. Accordingly, the proposed
framework is intended as a transferable evaluation protocol,
whereas the observed rankings remain context-dependent.
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APPENDIX

A. Appendix A) DBRA OUTPUT ACROSS AGENT INSTANTIATIONS

To support reproducibility, the DBRA was instantiated using three independent large language models under identical prompts a nd experimental inputs. All three
converged on mBERT as the highest-risk model. Full ranking tables are reported below.

A.1 GEMINI 3.1 PRO (PRIMARY INSTANTIATION)

Rank Model Bias Level Key Evidence Why This Rank
1 mBERT High PR-D =0.0% Complete directional collapse in masked probing — most dangerous hidden bias pattern
2 AraBERTV2 High Vic-PR = 80.0% Severe framing across three roles (>70%) with worsening emotion drift
3 XLM-R High APR =+32.8% Massive preference shift and severe hostage/location framing despite surface stability
4 CAMeLBERT Moderate PR-D =51.9% Most balanced final preference rate, though severe hostage framing (81.7%) persists
A2 GPT 4.1
Rank Model Type Bias Level Key Evidence Dlrethl:]r)lTAfter Why This Rank
1 mBERT Multilingual High PR-D = 0.0% Complete Collapse | 10taldirectionalcollapse undetected by
surface metrics
: . . APR = +32.8%, Hos- High post-DAPT preference rate and
2 XLM-R Multilingual High PR = 78.3% Severe Increase severe role framing bias
Arabic- PR-D = 70.5%, Vic- . Marked preference rise and severe
3 AraBERTV2 Specialized Moderate PR =80.0% Substantial Increase victim framing a fter DAPT
Arabic- APR = +30.5%, Hos- C Notable bias increase but less severe
! CAMELBERT | gpecialized Moderate | pp —g1.79 Significant Increase | cia il than mBERT and XLM-R
A3 KIMIK2.5
Rank Model Type Bias Level | Key Evidence D'reg':I',‘TAfter Why This Rank
- . Complete Collapse | Complete directional collapse — hidden
_ = 0,
1 mBERT Multilingual High PR-D =0.0% toward Israel bias undetectable by surface metrics
- . Strong SideA | Severe framing bias across multiple roles
_ D= 0,
2 XLM-R Multilingual High PR-D =70.7% Preference with high post-DAPT preference rate
. L . . Strong Side.A Severe victim framing coupled with
3 AraBERTv2 Arabic-Specialized High Vic-PR = 80.0% Preference with | . . .
. . increased emotion flip rate
worsening emotion
Moderate Side A Lowest preference rate and minimal
4 CAMeLBERT | Arabic-Specialized Moderate PR-D =51.9% Preference sentiment drift despite high hostage
framing
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A.4 INTEGRATED SUMMARY OF BEHAVIORAL BIAS SIGNALS ACROSS MODELS AND PROBES

(IJACSA) International Journal of Advanced Computer Science and Applications,
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Sentiment Flip | Emotion Flip Actor Actor Masked PR Max .
Model Type B—D) B—D AJSD Drift B—D) APR | polepr | DBRA Signal
)
il 0,
AraBERTV2 ::)r:cbi;chzed 0.122 — 0.034 8'83 - 20.001 | Weak 3320? - +31.9% | 80.0% High framing bias
. . 0
— ) .
CAMeLBERT | Arabie- 01020000 | 2184— 0002 | Moderate | 2147~ +30.5% | 81.7% Hostage framing
specialized 0.115 51.9% bias
0143 — Complete
mBERT Multilingual | 0.010 —0.041 | " 20.014 | Strong 407% —0.0% | -40.7% | 0.0% directional
’ collapse
: e 0.184 — ] 37.9% — o o Strong post-
XLM-R Multilingual 0.102 — 0.020 0075 0.002 Unclear 70.7% +32.8% | 78.3% DAPT increase

Note: All three instantiations agreed on mBERT as Rank 1. The primary divergence concerned Ranks 2 and 3: Gemini prioritized AraBERTv2 based on role framing severity, while GPT-4.1 and Kimi K2.5 ranked
XLM-R second based on overall preference drift magnitude. CAMeLBERT was consistently ranked fourth across all instantiations.
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