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Abstract. This study investigates media framing in the coverage of the
Israeli-Palestinian conflict across several decades, using advanced nat-
ural language processing (NLP) techniques to analyze sentiment, emo-
tion, named entity recognition (NER), and semantic bias. Using a multi-
method approach—integrating lexicon-based (VADER, TextBlob), transformer-
based (RoBERTa), and word embedding (Word2Vec) models—we exam-
ine sentiment patterns, emotional valence, entity-level sentiment, and
framing differences between headlines and article content. Additionally,
we incorporate a transformer-based large language model (LLM) for emo-
tion detection to complement the NRC Emotion Lexicon analysis.
Results reveal that media tends to exhibit more negative sentiment to-
wards Palestinian mentions than Israeli ones, with gaps increasing dur-
ing conflict escalations (e.g., 2014 Gaza escalation, 2023 Hamas-Israel
escalation). Emotion analysis highlights fear as the dominant emotion
for both groups, with NRC showing fear 8.1% higher in Israeli contexts
and LLM showing a smaller difference of 6.3%. Anger shows divergent
trends, with NRC indicating 9.5% higher prevalence in Palestinian con-
texts, while LLM shows almost no difference (-0.2%). Sadness is consis-
tently higher in Israeli contexts according to NRC (+71.2%), but LLM
shows it as more prevalent in Palestinian contexts (-10.3%). These com-
plementary findings demonstrate the robustness of combining lexicon-
based and transformer-based methods for emotion detection. Headlines
display greater sentiment polarity than article bodies, with a negative
bias in 59.5% of cases, amplifying conflict-oriented framing. Word em-
beddings indicate stronger associations of violence-related terms, with
the conflict escalations periods. Named Entity Analysis reveals that sen-
timent towards prominent individuals—such as political leaders and mil-
itary figures—shifts significantly with conflict intensity, offering insight
into how public figures are emotionally framed in media narratives. The
findings highlight systematic framing differences that may influence pub-
lic perception.
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1 Introduction

The media plays a pivotal role in shaping public perception of geopolitical con-
flicts through linguistic choices and framing strategies [1,2]. News coverage can
significantly influence how audiences interpret complex situations, potentially
amplifying certain narratives while diminishing others [3]. In the context of the
Israeli-Palestinian conflict, these media portrayals can have profound implica-
tions for public opinion and policy discourse [4,5]. Media bias can manifest
subtly through sentiment, emotional framing, and differential coverage that may
systematically favor one perspective over another [6]. Despite the significance of
these potential biases, quantitative approaches to systematically analyze large-
scale media coverage across extended timeframes remain underdeveloped.

Computational approaches to media bias and framing have grown rapidly

in recent years. Surveys by Hamborg et al. [7] and Ali and Hassan [8] note a
surge of NLP and machine-learning methods aimed at identifying frames and
bias in news. These methods include topic modeling, lexicon analysis, and su-
pervised learning to classify framing categories. For example, Ali and Hassan
(2022) provide a systematic overview of NLP framework models, highlighting
the gaps between sociolinguistic concepts of ’frame’ and the technical definitions
used in algorithms. Kang and Yang (2025), for example, applied topic and frame
analysis to Taiwanese media articles on the Palestinian—Israeli conflict and found
systematic differences linked to political orientation. [9] These works illustrate
how NLP can scale up frame analysis, but also highlight that most prior studies
have been confined to short time spans or single outlets.

To address this gap, we perform a comprehensive computational analysis of

The Guardian’s coverage of the Israeli-Palestinian conflict from 2000 through
2024. We leverage both established and recent NLP tools: VADER and TextBlob
lexicons for baseline sentiment scoring; a fine-tuned RoBERTa model for deep
sentiment and emotion classification; word2vec embeddings to track semantic
changes over time; the SpaCy NER tagger to identify mentions of persons, or-
ganizations, and locations; and the NRC Emotion Lexicon to profile emotional
content. By combining these methods, we can compare results and validate find-
ings. Our approach thus integrates the current state-of-the-art in sentiment and
framing analysis.

The main contributions of this work are as follows:

— Comparative sentiment analysis: Systematic comparison of sentiment

patterns using lexicon-based (VADER, TextBlob), transformer-based (RoBERTa),
and embedding-based approaches to reveal consistent negativity bias and
temporal/contextual shifts.

— Word2Vec temporal analysis: Training and analysis of word embeddings

on different time periods to track evolving semantic associations and media
framing of key entities.
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— Named entity recognition (NER): Extraction and sentiment analysis
of key individuals (e.g., political leaders, military figures) to provide a fine-
grained view of how sentiment toward public figures shifts with conflict in-
tensity.

— Emotion analysis: Quantitative assessment of emotional framing using
the NRC Emotion Lexicon to compare the prevalence of core emotions in
coverage of each group.

— Framing analysis: Direct comparison of sentiment and polarity between
headlines and article bodies to uncover systematic differences and amplifica-
tion of conflict-oriented narratives.

The remainder of this paper is organized as follows. Section 2 reviews compu-
tational approaches to analyzing conflict coverage. Section 3 details our method-
ology. Section 4 presents findings on sentiment patterns, emotional framing,
named entity analysis, and semantic shifts. Finally, Section 5 discusses impli-
cations for understanding media framing of geopolitical conflicts.

2 Related Work

Recent computational approaches to analyzing media coverage of the Israeli-
Palestinian conflict have provided valuable insights into sentiment patterns, emo-
tional framing, and headline construction. This section reviews key developments
in these areas and highlights how our work extends existing research.

2.1 Sentiment Analysis in Conflict Coverage

Sentiment analysis has been widely applied to examine media portrayal of the
Israeli-Palestinian conflict, particularly since October 2023 escalation. Sharkar et
al. [12] applied both VADER and TextBlob to analyze 436,425 Reddit comments
related to the conflict, with VADER achieving 92.74% accuracy in sentiment clas-
sification. Their work demonstrated the effectiveness of lexicon-based approaches
for social media content but did not extend to formal news articles. Similarly,
Liyih et al. [13] developed a hybrid CNN-BiLSTM model for YouTube comment
analysis that achieved 95.73% accuracy, showing that deep learning approaches
can capture nuanced sentiment expressions in user-generated content.

For traditional news media, Naeem and Razaq [14] analyzed 5,000 news head-
lines from Google News using logistic regression, finding a dominance of neutral
sentiment (53%) with substantial negative framing, suggesting conflict-oriented
coverage. Abuasaker et al. [15] compared sentiment across European media out-
lets, revealing that Spanish and German sources exhibited significantly more
negative coverage of the Gaza conflict than other European countries. These
studies provide valuable insights into single-source sentiment patterns, but stop
short of comparing sentiment across different news elements (headlines vs. body
text) or tracking temporal changes.

Our work extends these approaches by employing multiple complementary
sentiment analysis techniques (VADER, TextBlob, and RoBERTa) to analyze
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The Guardian’s coverage over multiple years. This multi-model approach enables
more reliable detection of sentiment patterns through triangulation, while our
temporal analysis reveals how sentiment has evolved across major events in the
conflict.

2.2 Emotion Analysis in News Media

While sentiment analysis identifies positive or negative tone, emotion analysis re-
veals more nuanced affective content in conflict coverage. The Pew Research Cen-
ter [16] found that 74% of U.S. adults reported feeling sadness and 68% reported
anger when consuming news about the Isracl-Hamas escalation, demonstrating
how news content directly influences readers’ emotional responses. These emo-
tional reactions likely stem from specific framing techniques employed by news
organizations.

Emotion analysis using computational approaches has been less common than
basic sentiment analysis. Guerra et al. [17] used lexicon-based methods to mea-
sure “extreme opinions” in Reddit posts, identifying peaks in emotional intensity
corresponding to real-world events, but focused on social media rather than
news content. Asmus [18] conducted qualitative analysis of German newspaper
coverage, finding that emotional framing was used differently when discussing
Israeli versus Palestinian perspectives, though without employing computational
methods.

Our work advances emotion analysis by applying the NRC Emotion Lexicon
to systematically quantify seven primary emotions (anger, disgust, fear, grief,
joy, sadness, surprise) across Palestinian and Israeli contexts in The Guardian’s
coverage. This approach reveals which specific emotions dominate the portrayal
of each group and how emotional framing differs between them.

2.3 Headline vs. Article Content Analysis

Research examining framing differences between headlines and article content
represents an emerging area within conflict coverage analysis. Garcia et al. [19]
analyzed causal language in BBC headlines covering Gaza, finding that head-
lines often avoided directly attributing causality for violence to Israel, whereas
this attribution was more explicit in Al-Jazeera headlines. Their work demon-
strated how subtle linguistic patterns in headlines can influence reader percep-
tion, though they did not specifically compare headlines to article bodies.

The Guardian’s conflict coverage has received some scholarly attention. Mc-
tigue [20] examined potential bias in conflict reporting, noting that brevity re-
quirements in headlines can lead to oversimplification of complex issues. How-
ever, systematic computational analysis comparing The Guardian’s headlines
with corresponding article content has been limited, particularly using multiple
sentiment analysis tools.

Our work builds upon these studies by conducting a direct quantitative com-
parison between headlines and full article content, revealing how sentiment in-
tensity and emotional framing differ between these elements. This analysis pro-
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vides insights into potential headline sensationalism or framing bias that could
influence reader perception before they engage with the complete article.

While prior studies have applied NLP techniques to analyze media bias, direct
comparisons between methodologies remain limited. For instance, Sharkar et
al. [12] and Liyih et al. [13] demonstrated the effectiveness of lexicon-based and
deep learning approaches for sentiment analysis, but their focus on social media
limits applicability to formal news articles. Similarly, Naeem and Razaq [14]
analyzed sentiment in news headlines but did not compare results across different
sentiment analysis tools. Our work addresses this gap by employing a multi-
model approach (VADER, TextBlob, RoBERTa) and validating findings through
triangulation, offering a more comprehensive evaluation of sentiment and framing
in news coverage.

3 Methodology

This section outlines the computational framework employed to analyze me-
dia framing in The Guardian’s coverage of the Israeli-Palestinian conflict. The
methodology integrates semantic embedding analysis, multi-model sentiment
and emotion detection, named entity recognition, and headline—article compari-
son.

Figure 1 illustrates the overall pipeline. The process begins with data acqui-
sition via The Guardian API, followed by thorough preprocessing. The cleaned
data is then simultaneously processed by five independent modules: (1) semantic
embedding, to capture contextual bias and shifts in association; (2) sentiment
analysis, to measure polarity; (3) emotion detection, to reveal nuanced affective
framing; (4) named entity recognition, to extract and evaluate key figures; and
(5) framing analysis, which compares headlines with article bodies and identifies
collocational patterns.

The outputs of these modules are synthesized and visualized to support inter-
pretative analysis. This modular, parallel architecture enables a comprehensive,
multi-level examination of media framing and potential bias.

3.1 Data Collection and Preprocessing

We collected 47,248 articles (2000-2024) from The Guardian API, focusing on
those mentioning conflict-related keywords. Preprocessing included HTML re-
moval, sentence and word tokenization, lemmatization, stopword removal, and
extraction of headlines, article bodies, and temporal metadata. Named entity
recognition was used to identify references to Palestinians, Israelis, and key in-
dividuals.

Each article entry includes both metadata and textual content as:

Collected Fields:

— Metadata: article ID, section, publication date, author
— Content: headline, standfirst, full article body (HTML and plain text)
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Fig. 1: Block diagram of the full methodology pipeline. Data is acquired and
preprocessed, then five independent analysis modules are applied in parallel:
semantic embedding (contextual bias), sentiment analysis (polarity), emotion
analysis (fear, anger, etc.), named entity recognition (key figures), and framing
analysis (headline-article, collocation). All results are synthesized and visualized
for interpretation.

— Stats: word count, character count, language, live status
Used Columns:

— fields.headline
— fields.standfirst
— fields.body

It should be noted that the dataset assembled for this study does not in-
clude ground truth sentiment or emotion annotations. No manual labeling or
external validation set was available for direct model evaluation. In the absence
of labeled data, model performance was assessed by comparing outputs across
multiple established sentiment and emotion analysis tools, and by examining
the consistency of observed patterns with prior literature and known histori-
cal events. This triangulation approach, commonly adopted in large-scale media
analyses, enables robust validation of findings when explicit ground truth is un-
available.

3.2 Semantic Embedding Analysis

To capture contextual shifts in language, we trained separate Word2Vec mod-
els [10] for six time periods (see Table 1). Each model used the Skip-gram archi-
tecture with the following hyperparameters: embedding dimension = 30, context
window size = 5, and training iterations = 10. For each period, we computed the
average cosine similarity between a target term (e.g., “Palestinian”, “Israeli”) and
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a group of concept words (e.g., violence-related or peace-related). The similarity
is defined as:

1
G

where w; is the target word, G is the set of concept words, and w denotes the
embedding vector. This equation computes the mean cosine similarity between
the embedding of the target word and the embedding of each word in the concept
group, quantifying how closely the target is associated with a particular semantic
field.

To measure bias, we calculate the difference in similarity between violence-
related and peace-related groups:

Sim(wy, G) = Z cos(w¢, We,) (1)

we €G

Bias(wt) = Sim(wt, Gpcacc) - Sim<wt7 Gviolcncc) (2)

A positive bias indicates a stronger association with peace-related concepts, while
a negative value indicates a stronger association with violence-related concepts.
This allows tracking how the framing of key entities shifts over time.

Table 1: Time periods and article counts for embedding models.
Time Period|Articles
2000-2004 7,151
2005-2008 8,158
2009-2013 8,595
2014-2022 7,111
2023 6,447
2024 9,786

3.3 Sentiment Analysis

We applied three complementary sentiment analysis models: VADER [21], TextBlob [22],
and RoBERTa [23]. Each model outputs a sentiment score S for a given text seg-
ment (headline, article, or entity context). Sentiment was analyzed for coverage
mentioning “Palestinian” vs. “Israeli”, temporal trends, headline vs. article body,
and named entity contexts.

To compare framing between headlines and article bodies, we define the sen-
timent differential:

AS = Sheadline - Sarticle (3>

Here, Sheadline and Sarticle are the sentiment scores for the headline and arti-
cle body, respectively. A positive AS indicates that the headline is more positive
than the article content, while a negative value indicates a more negative head-
line. This metric quantifies the direction and magnitude of framing differences.
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3.4 Emotion Detection

To move beyond polarity, we used the NRC Emotion Lexicon [24] to quantify the
prevalence of seven emotions (anger, disgust, fear, grief, joy, sadness, surprise)
in relevant contexts. For each emotion e, we compute:

n

> I(w; € e) (4)

i=1

E. =

SRS

where n is the number of words in the text, w; is the i-th word, and I(w; € e)
is an indicator function that equals 1 if w; is associated with emotion e in the
lexicon, and 0 otherwise. This yields the proportion of words in the text linked
to each emotion, allowing for direct comparison of emotional framing between
groups.

3.5 Entity-Level Analysis

We used SpaCy’s en_core_web_sm model [25] to extract named entities of type
PERSON from article texts. For each entity, we analyzed sentiment within a win-
dow of 15 tokens before and after the first mention, capturing the immediate
context. Sentiment for each context was classified using a BERT base multilin-
gual uncased sentiment model, which outputs a 5-point scale from very negative
to very positive. This approach enables fine-grained, context-aware sentiment
analysis of how individuals are portrayed in the news.

3.6 Headline Framing and Collocation

To assess framing, we compared sentiment distributions in headlines and article
bodies, and measured the proportion of headlines with more extreme sentiment
than their articles. Additionally, we performed collocation analysis using Point-
wise Mutual Information (PMI) to identify frequent word pairs in headlines:

p(z,y)

PMI(z,y) =1og ey oty) ©)
where p(z,y) is the probability of words x and y co-occurring, and p(z), p(y) are
their individual probabilities. PMI highlights word pairs that appear together
more often than expected by chance, revealing linguistic patterns in headline
construction.

This integrated methodology enables a comprehensive, multi-level analysis
of sentiment, emotion, and framing in conflict coverage, with each equation pro-
viding a formal basis for the corresponding analytical step.

3.7 Validation and Limitations

The absence of ground truth sentiment or emotion annotations in the dataset
presents a challenge for direct validation. To address this, we employed a triangu-
lation approach, comparing outputs across multiple established sentiment and
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emotion analysis tools (VADER, TextBlob, RoBERTa, NRC, and LLM-based
models). This approach ensures robustness by identifying consistent patterns
across methods. Additionally, we validated findings against known historical
events to ensure alignment with real-world trends.

However, limitations remain. The study focuses on a single outlet (The
Guardian), which may not generalize to other media sources. Furthermore, de-
mographic factors such as age and gender, which could influence media framing,
were not analyzed due to data constraints. Future work should explore user stud-
ies or expert evaluations to validate findings and extend the analysis to other
outlets and multilingual datasets.

4 Results and Discussion

This section presents the main findings of our computational analysis of The
Guardian’s coverage of the Israeli-Palestinian conflict, focusing on semantic bias,
sentiment, emotion, named entity analysis, and framing effects.

4.1 Semantic Bias and Word Embedding Trends

Word2Vec models trained on different time periods reveal clear shifts in the con-
textual associations of key terms. The average cosine similarity between ‘“Pales-
tinian” and “Israeli” and violence- or peace-related concept groups changes over
time, reflecting evolving media framing during conflict periods.

Figure 2 presents the cosine similarities between the terms "Palestinian"
and "Israeli" and two groups of words: peace-related and violence-related. Each
entity is represented by two lines, one for each word group. The figure cap-
tures similarity trends over time without comparing which group is closer; both
similarities may rise or fall independently. In contrast, Figure 3 displays the
net bias—calculated as the difference between similarity to peace-related and
violence-related terms. A positive bias score indicates a stronger association
with peace-related terms, while a negative score indicates closer alignment with
violence-related terms. The dominant similarity in Figure 2 determines the di-
rection of bias in Figure 3.

As shown in Figure 2, associations with peace-related terms declined for both
“Palestinian” and “Israeli” in 2023-2024, indicating heightened conflict framing.
Figure 3 shows that “Palestinian” became more closely associated with violence-
related terms during escalation years, with the bias score dropping by over 0.15
in 2023 compared to previous years—indicating a shift toward more negative
(violence-aligned) framing. “Israeli” consistently exhibited strong associations
with violence, maintaining bias scores below —0.2 across all periods, likely due to
frequent references to the Israeli Defense Forces (IDF). The IDF itself displayed
an even stronger alignment with violence-related terms than Hamas, reaching a
peak negative bias score of less than —0.35 in 2023, suggesting media focus on
Israeli military actions.
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Fig. 2: Cosine similarity trends over time.
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4.2 Sentiment Patterns and Temporal Dynamics

Multi-model sentiment analysis (VADER, TextBlob, RoBERTa) consistently
shows that coverage mentioning Palestinians is more positive than that men-
tioning Israelis (Figure 4). For example, VADER scores average -0.201 for Pales-
tinians and -0.230 for Israelis, a statistically significant difference of -0.029 (p <
0.01). TextBlob shows scores of 0.032 for Palestinian mentions and 0.021 for Is-
raeli mentions, a difference of 0.011. The transformer model (RoBERTa) shows
Palestinian mentions scoring -0.427 and Israeli mentions -0.430, a difference of
0.003.

VADER Sentiment Comparison TextBlob Sentiment Comparison Transformer Sentiment Comparis

0.032

N e
o —

Average Sentiment Score (-1 to 1)
Average Sentiment Score (-1 to 1)
Average Sentiment Score (-1 to 1)

Palestinian Israeli Palestinian Israeli Palestinian Israeli

Fig.4: Overall sentiment comparison between Palestinian and Israeli mentions
across three sentiment models.

Figure 5 presents sentiment trends from 2000 to 2024 using VADER, TextBlob,
and a Transformer-based model. VADER scores typically range from -0.05 to -
0.35, with sharper declines (below -0.30) during major conflicts like the Second
Intifada, Gaza escalations, and the 2023-24 Israel-Hamas escalation. TextBlob
outputs weaker, mostly positive sentiment (0.00-0.07), showing minor dips dur-
ing crises. The Transformer model captures the strongest negativity, with scores
often between -0.3 and -0.5, reaching the lowest points during peak conflicts.

Sentiment differentials (Israeli minus Palestinian scores) highlight relative
shifts. VADER and Transformer models show notable negative swings (down
to -0.075) during major conflicts, suggesting disproportionately negative senti-
ment toward Israeli mentions. Occasional positive spikes appear around 2006.
TextBlob’s differential is flatter but trends similarly. Together, these results re-
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flect sentiment deterioration and asymmetry during key political and military
events.

4.3 Emotion Analysis: NRC Lexicon and LLM Approaches

We performed emotion analysis using both the NRC Emotion Lexicon and a
transformer-based large language model (LLM; distilbert-base-uncased-go-emotions-student),
restricting the analysis to the set of emotions supported by both methods. Fig-
ure 6 shows the NRC-based results, while Figure 7 presents the LLM-based
results. Table 2 summarizes the percentage differences between Palestinian and
Israeli contexts.
Key findings from the table include:

— Anger: NRC shows a higher prevalence in Palestinian contexts (+9.5%),
while the LLM shows almost no difference (-0.2%). This suggests that the
NRC may overemphasize anger in Palestinian contexts compared to the
LLM.

— Fear: Both methods agree that fear is more prevalent in Israeli contexts,
with NRC showing a slightly larger difference (+8.1%) compared to the
LLM (+6.3%).

— Sadness: NRC indicates a much higher prevalence in Israeli contexts (+71.2%),
while the LLM shows sadness as more prevalent in Palestinian contexts (-
10.3%). This stark contrast underscores the differing methodologies of the
two approaches.

— Grief and Joy: NRC shows significantly higher grief (+62.5%) and joy
(+68.9%) in Israeli contexts, while the LLM shows minimal differences (-
2.2% for grief and -1.9% for joy).

— Disgust and Surprise: The two methods show small but opposite trends,
with NRC indicating higher prevalence in Israeli contexts and the LLM show-
ing higher prevalence in Palestinian contexts.

These differences highlight the complementary strengths of the two approaches.
The NRC Lexicon provides a lexicon-based, rule-driven perspective, while the
LLM offers a data-driven, context-sensitive analysis. Together, they reveal con-
sistent patterns of emotional framing while capturing different levels of granu-
larity. The agreement on fear and the divergence on sadness and anger suggest
that media framing may emphasize different emotional narratives depending on
the context and methodology used.

4.4 Headline vs. Article Content Framing

A comparative analysis of sentiment across headlines and article bodies reveals
consistent editorial framing effects. As visualized in Figure 8, sentiment distri-
butions for headlines exhibit heavier tails and higher kurtosis relative to those of
article bodies across all three sentiment models (VADER, TextBlob, RoBERTa),
indicating greater polarization. Empirically, 63.1% of headlines are more extreme
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NRC Lexicon-Based Emotional Content Analysis
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Fig. 6: NRC Lexicon-based emotion analysis for Palestinian and Israeli mentions.
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Fig.7: LLM-based emotion analysis for Palestinian and Israeli mentions.
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Emotion NRC Diff (%) LLM Diff (%)

Anger —8.20 0.17
Disgust 11.10 —4.09
Fear 8.13 6.27
Grief 62.52 —2.22
Joy 68.89 —-1.93
Sadness 71.22 —10.30
Surprise 5.13 —1.63

Table 2: Percentage difference between Israeli and Palestinian emotion scores us-
ing NRC and LLM-based models. Positive values indicate higher emotion preva-
lence in Israeli contexts.

in sentiment than their corresponding articles, and 59.5% are more negative,
suggesting a systematic tendency toward emotionally charged and negatively
valenced headline framing.

This phenomenon is particularly pronounced during periods of heightened
geopolitical tension. For instance, during the 2014 Gaza escalation and the
2023-2024 conflict, the average sentiment differential (headline minus article
body) was —0.182, reflecting a consistent editorial shift toward more negative
sentiment in headlines. To contextualize this figure, note that the observed senti-
ment differentials span a wide range: from —1.45 to +1.64 for RoBERTa, —1.06
to +1.19 for VADER, and —1.12 to +1.03 for TextBlob. Thus, a shift of —0.182
lies well within the upper quartile of negative deviations and represents a sub-
stantively meaningful editorial bias.

In contrast, during coverage of peace initiatives, the average sentiment differ-
ential was comparatively modest at +0.085, reinforcing the asymmetry: headline
sentiment is amplified far more strongly in the direction of negativity during
conflict coverage than it is toward positivity in peace-related reporting. These
findings align with prior research on media sensationalism and framing theory,
underscoring the critical role of headlines in shaping affective reader perception
independently of article content.

4.5 Media Sentiment Analysis of Key Figures in the
Israeli-Palestinian Conflict

An analysis of the top 10 most-mentioned names revealed Ariel Sharon (6,393
mentions) and Yasser Arafat (6,524) as the most frequently referenced individ-
uals, followed by Mahmoud Abbas (4,944) and Benjamin Netanyahu (4,690).
Sharon, known for his hardline policies and the 2005 Gaza withdrawal, and
Arafat, symbolic leader of Palestinian resistance, were central to the discourse.
Abbas, Arafat’s successor, advocates for a two-state solution but faces criticism
over limited authority. Netanyahu, Israel’s longest-serving Prime Minister, is
noted for his security focus and settlement expansion.
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As shown in Figure 10, sentiment analysis over a 30-word context window re-
vealed three main patterns. First, negative sentiment was dominant: Sharon and
Arafat had 45% and 49% Very Negative mentions, respectively, with 3-5 times
more Very Negative than Very Positive mentions. Second, positive sentiment was
scarce, with no figure receiving over 25% positive coverage. Sharon led in total
positive mentions (2,162), while Netanyahu and Abbas had the lowest positive
shares (12% and 15%). Third, neutral sentiment remained consistent, ranging
from 18% to 32%, with Sharon having the highest neutral count (1,039). Overall,
media narratives skew heavily negative for prominent figures while maintaining
a neutral reporting baseline.

4.6 Summary of Key Findings
Our analysis demonstrates that:

1. Media framing shifts toward violence during conflict, as shown by word em-
beddings and bias scores (e.g., IDF bias score reaches a peak negative value
of less than -0.35 in 2023).

2. Sentiment analysis shows that coverage mentioning Palestinians is consis-
tently more positive than that mentioning Israelis (VADER scores average
-0.201 for Palestinians and -0.230 for Israelis, a statistically significant dif-
ference of -0.029).

3. Emotional framing differs: The NRC Analysis shows that Israeli contexts
emphasize fear (+8.1%) and anger (+8.9%). The LLM-based analysis further
reveals that anger is 0.17% higher in Palestinian contexts, while fear is 6.3%
higher in Israeli contexts, providing additional granularity to the emotional
framing.

4. Headlines are systematically more polarized and negative than article bod-
ies, with 63.1% of headlines more extreme and 59.5% more negative; the
sentiment gap reaches -0.182 during conflict peaks.

5. Media coverage skews negative: Sharon and Arafat had the most mentions
(6,393 and 6,524) with high Very Negative rates (45% and 49%). Positive
sentiment stayed below 25%, and neutral coverage ranged from 18-32%,
showing a focus on criticism with limited balance.

These findings highlight the importance of computational approaches for un-
covering subtle but systematic patterns in media coverage of protracted conflicts.

5 Conclusion

This study provides a comprehensive computational analysis of The Guardian’s
coverage of the Israeli-Palestinian conflict over two decades, leveraging advanced
NLP techniques to uncover systematic patterns in sentiment, emotion, and fram-
ing. By integrating lexicon-based, transformer-based, and embedding-based mod-
els, we reveal consistent negativity bias, nuanced emotional framing, and system-
atic differences between headlines and article bodies. These findings contribute



Media Bias in The Guardian: NLP Analysis 19

to the growing body of research on media bias and framing, offering insights into
how linguistic choices shape public perception of geopolitical conflicts.

The results demonstrate the robustness of combining multiple NLP methods
to analyze large-scale media datasets. However, the study also highlights the
challenges of validating findings in the absence of ground truth data and the
limitations of focusing on a single media outlet. Despite these constraints, the
work underscores the potential of computational approaches to provide scalable
and systematic insights into media framing.

6 Future Work

This study opens several avenues for future research. First, extending the anal-
ysis to multiple media outlets with diverse ideological orientations would pro-
vide a broader understanding of framing patterns. Second, incorporating demo-
graphic factors such as age, gender, and geographic location could reveal how
media framing impacts different audience segments. Third, analyzing multilin-
gual datasets would enable cross-cultural comparisons of media bias. Finally,
developing labeled datasets or conducting user studies could improve validation
and reliability, while leveraging advanced large language models (LLMs) could
enhance the granularity of sentiment and emotion analysis.
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