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Abstract

Political advertising plays a pivotal role in shaping public
opinion and influencing electoral outcomes, often through
subtle persuasive techniques embedded in broader propa-
ganda strategies. Detecting these persuasive elements is cru-
cial for enhancing voter awareness and ensuring transparency
in democratic processes. This paper presents an integrated ap-
proach that bridges model development and real-world ap-
plication through two interconnected studies. First, we intro-
duce a lightweight model for persuasive text detection that
achieves state-of-the-art performance in Subtask 3 of Se-
mEval 2023 Task 3 while requiring significantly fewer com-
putational resources and training data than existing methods.
Second, we demonstrate the model’s practical utility by col-
lecting the Australian Federal Election 2022 Facebook Ads
(APA22) dataset, partially annotating a subset for persua-
sion, and fine-tuning the model to adapt from mainstream
news to social media content. We then apply the fine-tuned
model to label the remainder of the APA22 dataset, revealing
distinct patterns in how political campaigns leverage persua-
sion through different funding strategies, word choices, de-
mographic targeting, and temporal shifts in persuasion inten-
sity as election day approaches. Our findings not only under-
score the necessity of domain-specific modeling for analyz-
ing persuasion on social media but also show how uncovering
these strategies can enhance transparency, inform voters, and
promote accountability in digital campaigns.

Introduction
The proliferation of digital platforms has significantly am-
plified the role of propaganda in shaping public opinion and
influencing societal outcomes. Unlike traditional media, so-
cial media platforms facilitate rapid dissemination and sub-
tle integration of persuasive content into everyday commu-
nications, making manual identification increasingly chal-
lenging (Glowacki et al. 2018; Tardaguila, Benevenuto, and
Ortellado 2018). Consequently, there is a pressing need for
automated methods to detect persuasive content effectively,
particularly given its potential for misuse, as highlighted by
incidents such as the Cambridge Analytica scandal (Boer-
boom 2020).

Persuasion, a key aspect of propaganda, involves strate-
gies designed to influence beliefs, attitudes, or behaviors
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Using specific words and phrases with strong
emotional implications (either positive or

negative) to influence an audience.

How stupid and petty things 
have become in Washington.

Loaded Language

Labeling the object of the propaganda campaign
as either something the target audience fears,

hates, finds undesirable or loves.

Bush the Lesser.

Name Calling

Discredit an opponent's position by charging
them with hypocrisy without directly disproving

their argument.

A nation deflects criticism of its 
recent human rights violations 
by citing U.S. slavery history

Whataboutism

Seeking to build support for an idea by
instilling anxiety and/or panic in the population

towards an alternative.

We must stop those refugees 
as they are terrorists.

Appeal to fear/prejudice

Figure 1: Examples of persuasion techniques from the Se-
mEval dataset with their respective explanations.

through emotion, reasoning, or rhetorical devices, while os-
tensibly respecting individual autonomy (Perloff 2017). Fig-
ure 1 illustrates examples of such persuasion techniques,
highlighting their complexity and subtlety1

Previous research, notably represented by the SemEval-
2023 Task 3, has substantially advanced automated persua-
sion detection by leveraging large-scale annotated datasets
derived mainly from mainstream news articles. However,
applying these models directly to social media contexts
presents significant challenges due to the informal, brief, and
noisy nature of social media language, as well as the dis-
tinct persuasive strategies employed by political campaigns
on these platforms.

Motivated by these challenges, we introduce a computa-
tionally efficient model that operates effectively under re-
source constraints. After demonstrating state-of-the-art per-
formance on the SemEval persuasion benchmark, we ex-
amine the model’s adaptability to social media through an
empirical evaluation on a newly introduced dataset—the
Australian Political Ads 2022 (APA22)—comprising politi-
cal advertisements from Facebook during the 2022 Federal
Election. This domain adaptation step is essential, as the ini-

1https://propaganda.math.unipd.it/semeval2024task4/
definitions22.html.
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tial cross-domain application from mainstream news articles
to social media would yield suboptimal performance, high-
lighting the necessity of tailored, domain-specific training.

After fine-tuning our model on the APA22 training set,
we achieve a substantial improvement in performance, val-
idating the importance of domain adaptation. Leveraging
this adapted model, we reveal how differences in persuasive
intensity correlate with distinctive patterns in demographic
targeting, strategic funding allocation, temporal messaging
shifts, and specific lexical choices.

Specifically, our integrated analysis addresses the follow-
ing research questions:

1. In scenarios requiring live inference and limited in-
domain annotations, to what extent can persuasion de-
tection models be optimized to achieve state-of-the-art
performance while significantly reducing computational
and data resource requirements

2. How well does a model trained on SemEval’s predomi-
nantly mainstream news articles transfer to the informal,
noisy, and domain-specific language of social-media po-
litical ads?

3. When grouping ads by their level of persuasion intensity,
what distinct advertising strategies emerge?

By addressing these questions, we contribute to the ongo-
ing efforts in developing efficient computational methods for
persuasion detection and provide an initial exploration into
the strategies behind digital political advertising, ultimately
enhancing transparency in democratic processes.

Paper Overview
The paper is structured as follows:
Study 1: Model Development and Evaluation. We present
our lightweight transformer-based persuasion detection
model, detail its training on the SemEval 2023 dataset, and
provide extensive configuration details, ablation studies, and
comparisons with existing state-of-the-art models.
Study 2: Domain Adaptation and Persuasion Analysis. We
first evaluate how well the SemEval-trained model transfers
to our small, Facebook-sourced APA22 dataset, then fine-
tune it for optimal performance, and finally use it to analyze
persuasive strategies in social-media political.

Related Work
We organize the related work into two main areas: per-
suasion in natural language processing (NLP), followed by
studies addressing persuasion within social media contexts.

Persuasion in NLP
In the domain of text and social media analysis, the distinc-
tion between persuasion and propaganda detection has be-
come increasingly well-defined. Historically, the two were
often conflated due to their shared reliance on rhetorical
features such as loaded language, name-calling, and emo-
tional appeals. Early foundational work by Rashkin et al.
(2017) approached this space using document-level labels to
classify texts as trusted, satire, hoax, or propaganda. Later,
Barrón-Cedeño et al. (2019) introduced a refined corpus and

modeling approach that focused on linguistic style and read-
ability features to predict propagandistic content.

The research focus gradually shifted toward more granu-
lar and interpretable classification frameworks. For instance,
Habernal and Gurevych (2017) explored persuasion through
argument fallacy detection, annotating five types of logical
fallacies in argumentation. This direction was extended by
Da San Martino et al. (2019), who released a span-level cor-
pus annotated with 18 fine-grained propaganda techniques
and benchmarked transformer-based models for both clas-
sification and sequence labeling. Follow-up work addressed
transformer limitations in capturing context (Chernyavskiy,
Ilvovsky, and Nakov 2021), interpretability in propaganda
detection (Yu et al. 2021), and domain-specific applications
such as memes (Dimitrov et al. 2021), code-switched dis-
course (Salman et al. 2023), and health-related propaganda
during COVID-19 (Nakov et al. 2021).

Further, Hristakieva et al. (2022) examined propaganda
within coordinated social media campaigns. Subbiah and
McKeown (2021) investigated how identity signaling in so-
cial media comments enhances persuasiveness, while pro
(2016) focused on detecting paid and coordinated promo-
tional content across platforms—tasks closely related to un-
derstanding persuasive intent. More recently, llm (2024)
evaluated the capabilities of LLMs in generating persuasive
arguments within synthetic dialogues, demonstrating their
potential to influence opinion change in both artificial agents
and human evaluators.

SemEval-2023 Task 3 Subtask 3, introduced by Piskorski
et al. (2023b), marked a pivotal shift by treating persuasion
as a distinct subtask within the broader propaganda detection
challenge. This subtask adopted a multi-label formulation
using 23 persuasive techniques, annotated at the span level
over multilingual news articles. A linear SVM baseline was
introduced using uni-grams and bi-grams (Piskorski et al.
2023a), and subsequent models such as APatt (Purificato and
Navigli 2023) and KInIT (Hromadka et al. 2023) pushed the
state-of-the-art using ensembles of fine-tuned transformers
and multilingual models with tuned thresholds.

While recent work highlights the strength of transformers
on SemEval-style tasks, zero-shot and few-shot LLMs con-
tinue to underperform in high-context, multi-label classifi-
cation (Jose and Greenstadt 2024; Edwards and Camacho-
Collados 2024). However, a growing body of research has
explored incorporating LLMs not for direct classification but
as part of data cleaning and semantic augmentation strate-
gies. One such study demonstrates that prompting LLMs
to generate explanations or paraphrase noisy data improves
downstream model performance across multiple tasks, in-
cluding propaganda and toxicity detection (Meguellati et al.
2025). These hybrid methods suggest a promising direction
for leveraging LLM capabilities without relying entirely on
their zero-shot inference.

Persuasion in Social Media
In addition to the broader study of persuasion and propa-
ganda detection, there is a growing body of research fo-
cused specifically on political advertising on social media
platforms. Political microtargeting—tailoring ads based on
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Language Train Dev Test Total
#DOC #CHAR AVG pt #DOC #CHAR AVG pt #DOC #CHAR AVG pt #DOC #WORD

EN 446 2.43M 16.1 90 403K 20.0 54 228K 32.9 590 469K
FR 158 737K 35.4 53 222K 29.9 50 181K 33.6 261 153K
DE 132 581K 34.1 45 171K 27.5 50 259K 38.1 227 104K
IT 227 927K 26.6 76 287K 25.4 61 245K 38.5 364 186K
PL 145 765K 19.6 49 264K 20.1 47 349K 31.7 241 144K
RU 143 590K 23.8 48 163K 15.4 72 161K 13.1 263 104K
GE - - - - - - 29 46K 7.5 29 -
GR - - - - - - 64 248K 10.8 64 -
SP - - - - - - 30 109K 18.2 30 -

Table 1. Overview of SemEval 2023 dataset across various languages, showcasing document counts, character totals, and the
density of persuasion techniques. AVG pt represents the average number of persuasion technique annotations (instances) per
document, not unique technique types. For example, the French training set averages 35.4 persuasion technique instances
per document, though only 23 distinct technique types exist in the taxonomy. This metric indicates annotation density—how
frequently persuasion techniques occur within documents. Georgian (GE), Greek (GR), and Spanish (SP), introduced as surprise
languages, are represented solely within the Test set. The ’Total’ column summarizes the total number of documents (#DOC)
and words (#WORD) for each language across all sets.

personality profiles and user data—has been shown to influ-
ence voter attitudes and engagement (Zarouali et al. 2020;
Appel, Matz, and Kosinski 2024). These studies demonstrate
that highly personalized and strategically targeted ads can be
more persuasive, raising concerns about voter manipulation
in digital political campaigns. However, experimental evalu-
ations have also found mixed evidence regarding the overall
effectiveness of such ads, suggesting that measured persua-
sive impacts may be limited or context-dependent (Barrett
and McGregor 2024). The role of ad delivery algorithms
further complicates this landscape, as these systems act as
opaque gatekeepers shaping the reach and visibility of po-
litical messaging (Ali et al. 2019). Independent auditing ini-
tiatives like Facebook Ads Monitor have aimed to improve
transparency by systematically tracking political ads on plat-
forms like Facebook, which remains a dominant venue for
political advertisers due to its extensive reach and compre-
hensive ad transparency tools (Silva et al. 2020). These find-
ings underscore the importance of developing computational
methods tailored to political social media ads, motivating
our focus on domain-specific persuasion detection and anal-
ysis.

Despite these advances, most persuasion detection models
are still trained and evaluated on mainstream media datasets.
As such, their generalizability to informal, social media-
specific content (e.g., political ads) remains underexplored.
This gap motivates our study, which investigates domain
adaptation by applying and fine-tuning a state-of-the-art per-
suasion model on a real-world dataset of social media polit-
ical advertisements. Our approach highlights how domain-
sensitive modeling can reveal distinct patterns in persuasive
tactics used in online political campaigns.

Study 1: Persuasion as a Multi-Label
Classification for SemEval-23

Dataset Description
The SemEval-23 Task 3 dataset is a comprehensive mul-
tilingual corpus collected from various globally discussed

topics, including the COVID-19 pandemic, abortion-related
legislation, migration, and the Russo-Ukrainian conflict,
among others. The dataset includes articles in nine lan-
guages: English, French, German, Georgian, Greek, Italian,
Polish, Russian, and Spanish published between 2020 and
mid-2022. The articles were sourced from both mainstream
and alternative media to capture a wide range of perspec-
tives. Each article was annotated for persuasive techniques
at the span level, utilizing a detailed taxonomy designed for
this task. Approximately 40 annotators, proficient in their re-
spective languages, ensured a high-quality annotation of the
dataset, as shown in Table 1.

Methodology
The SemEval-23 Task 3 Subtask 3 presents a multi-label
classification task with imbalanced labels across 23 per-
suasion techniques Table 7 in the Appendix provides the
full label set and the distribution, withholding the test la-
bels and requiring participants to submit the predictions to
an online platform for evaluation 2. For this task, we intro-
duce our novel PPAsy (Persuasion Prediction Asymmetric)
method, which utilizes an asymmetric binary cross-entropy
loss function to effectively manage label imbalance. The of-
ficial metric set by the organizers to assess performance is
the micro-averaged F1 score (F1-micro), complemented by
the F1-macro score.

Data Preparation. We translated all non-English train-
ing documents into English using the Google API3 machine
translation model to standardize the data for uniform model
training. We trained our model on individual datasets, each
translated from the source language to English. Additionally,
we trained the model on a combined dataset, which included
the translated training data from all languages along with the
original English dataset. The French language dataset, com-

2https://propaganda.math.unipd.it/semeval2023task3/
leaderboard.php

3https://cloud.google.com/translate
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prising of 211 documents out of a total of 1,612, exhibits a
notably high average number of persuasion techniques per
document. It contains all 23 labels, in contrast to the English
dataset, which includes only 19. Consequently, the French-
to-English was the only dataset employed to train our model
which was subsequently utilized to generate predictions for
the English test set.

Preprocessing. We employed minimal preprocessing for
all translated datasets, consisting only of lemmatization and
lowercasing using SpaCy4. We specifically considered the
role of punctuation, informed by its demonstrated stylistic
significance in textual analysis (Darmon et al. 2021). Noting
that sentences including punctuation yielded better results,
as shown in Table 3, we opted for keeping it. This outcome
suggests a potential influence of punctuation on the model’s
ability to interpret text.

Model and Dataset Selection. In our exploration of vari-
ous machine learning models, including Support Vector Ma-
chines (SVM), Convolutional Neural Networks (CNN), and
transformer-based models, we ultimately selected XLNet-
base (Yang et al. 2019) due to its optimal balance of compu-
tational efficiency and predictive performance. Specifically,
XLNet-base provided robust performance with significantly
fewer parameters (110M) compared to larger transformer
ensembles, such as APatt (492M parameters) and KInIT
(355M parameters) (Purificato and Navigli 2023; Hromadka
et al. 2023), as summarized in Table 2. Detailed comparisons
and justifications for choosing XLNet over other models are
further elaborated in Appendix A.

Our experiments with multiple language subsets from
the SemEval dataset revealed a positive correlation between
model performance and the average number of persuasive
techniques per document (see Table 1). Among the subsets,
French-translated-to-English exhibited the highest average
number of persuasive techniques (29.9 per document) and
yielded superior model performance (F1-micro = 40.62).
Recognizing potential biases introduced by automated trans-
lations, we manually inspected a subset of translated doc-
uments to verify their accuracy and consistency. This val-
idation step ensured that the translated dataset maintained
semantic integrity, thereby minimizing potential biases and
errors. Based on these observations, we selected the French
subset for training our model, as it provided the most advan-
tageous balance between dataset richness and size.

Translation Bias and Validation. A bilingual annotator
sampled 100 French–English sentence pairs to label each as
either “meaning preserved” or “meaning changed.” Only 2
pairs were marked as “meaning changed,” indicating min-
imal semantic drift. This simple validation suggests that
the translation is unlikely to introduce systematic bias into
model training or evaluation.

Loss Function. To address the inherent challenges of
multi-label classification tasks characterized by substantial
class imbalance, we propose an adapted version of the binary

4https://spacy.io/

Figure 2: Model Performance across Different Thresholds.

cross-entropy (BCE) loss function. Our implementation in-
volves an instance-specific asymmetric weighting approach:

L(y, ŷ) =
1

N

N∑
i=1

wi ·BCE(yi, ŷi),

where wi = β · yi + (1− β) · (1− yi).

Here, y denotes the true labels, ŷ the predicted probabili-
ties, and wi the instance-specific weights. The parameter β
explicitly controls the emphasis placed on correctly classify-
ing minority classes, countering the imbalance in label dis-
tributions. We empirically determined β = 0.7 as optimal
through trial and error.

While related techniques such as focal loss (Lin et al.
2017) and class-balanced loss (Cui et al. 2019) asymmet-
rically adjust class weights primarily based on sample fre-
quency, our proposed loss function explicitly integrates an
external, instance-specific weighting mechanism controlled
by a tunable parameter (β). This design differs significantly
from common practice, as it not only addresses class im-
balance at a class-level but also allows finer-grained control
at the instance level. As demonstrated by our ablation study
(Table 3, Iteration 3), this novel adaptation substantially con-
tributes to improving model performance in highly imbal-
anced, multi-label classification contexts. Our implementa-
tion is publicly available at [redacted-for-blind-review].

Prediction Threshold Calibration. When converting
model output probabilities into binary class predictions, se-
lecting an optimal threshold is crucial. However, as shown
in Table 1, there are significant discrepancies in average per-
suasion (AVG pt) between the English development (Dev)
and test sets. This difference suggests that improvements
observed in the Dev set may not consistently translate to
comparable improvements in the Test set, and vice versa. To
strike a balance between optimizing F1-micro and F1-macro
performance, we maintained a default threshold of 0.5, as il-
lustrated in Figure 2, despite the Dev set having an optimal
threshold of 0.6.

Efficiency in Resource-Constrained Settings (RQ1)
Our study investigates the potential of optimizing per-
suasion detection models to achieve state-of-the-art per-
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Method Dataset Size Configuration Parameters F1-Micro (%) F1-Macro (%)

PPAsy-Conv (Ours) 153K CNN N/A 35.01 8.89
APatt (Purificato and Navigli 2023) 1.16M Transformers Ensemble 492M 37.56 12.92
KInIT (Hromadka et al. 2023) 1.16M RoBERTa-large 355M 40.38 15.86
PPAsy-XLNet (Ours) 153K XLNet-base 110M 40.62 21.78

Baseline (Piskorski et al. 2023a) 469K SVM N/A 19.51 6.93

Table 2. Performance metrics of models on the English test set. PPAsy-XLNet (ours) outperforms APatt and KInIT baselines
while using fewer parameters and less training data. Baseline SVM performance from SemEval-23 (Piskorski et al. 2023a).

Iteration Removed F1-micro (%) ∆SOTA

SOTA Full model 40.62 0.00
1 Translation 28.35 -12.27
2 Punctuation 39.71 -0.91
3 Loss function 33.94 -6.68
4 Epoch 38.49 -2.13

Table 3. Ablation study results showing the impact of re-
moving components from our PPAsy-XLNet model. Trans-
lation and our loss function optimization have the largest im-
pact on performance.

formance under computational and data resource con-
straints—conditions typical of real-world deployment sce-
narios with live inference requirements and limited in-
domain annotations.

We demonstrate that computational efficiency can be at-
tained through both model architecture choices and a cus-
tomized loss function. As shown in Table 4 and Table 2, the
PPAsy-XLNet model, with only 110M parameters, outper-
forms larger models such as APatt’s ensemble (492M pa-
rameters) and KInIT’s RoBERTa-large (355M parameters).
PPAsy-XLNet achieves higher F1-Micro (40.62%) and F1-
Macro (21.78%) scores, while reducing computation time
to 136 seconds—substantially faster than KInIT’s 988 sec-
onds. Our class-weighted loss function further enhances this
efficiency by addressing class imbalance without incurring
additional computational overhead. The ablation study re-
sults confirm that this combination of architectural and loss
function optimization effectively balances performance with
runtime demands. In parallel, the model also demonstrates
high data efficiency. Unlike previous systems that rely on
augmented datasets spanning multiple languages and over
1.16M tokens, PPAsy-XLNet achieves superior performance
using only 153K tokens from a French-to-English translated
subset. This subset covers all 23 persuasion labels and con-
tains a higher average of techniques per document, offering
rich signal density. These results suggest that a strategically
selected, feature-rich subset can replace larger multilingual
corpora while maintaining, or even improving, model per-
formance.

Together, these findings affirm that model and training
optimization strategies can yield persuasive detection sys-
tems that are both computationally and data efficient, mak-
ing them well-suited for deployment in low-resource or real-
time applications.

Study 2: Persuasion in the 2022 Australian
Federal Election Facebook Ads

This second study extends the exploration of the PPAsy-
XLNet model introduced in Study 1 to persuasion detection
in political advertisements, using the case study of the Aus-
tralian federal election campaign, for which we collected
and partially annotated a new dataset, called APA22. First,
to investigate the domain adaptability of PPAsy-XLNet, we
employed the model trained on the SemEval-23 dataset to
identify persuasion on the APA22 dataset. Subsequently, we
cross-validated the model directly on the APA22 dataset in
order to determine the performance difference. Study 2 not
only tests our model’s applicability to real-world data, but
also offers preliminary insights into the dynamics of digital
persuasion in political campaigns on social media.

APA22 Dataset
Data Collection. Using the Meta Ad Library API5 we col-
lected the online advertisements related to the Australian
federal election held on May 21, 2022. Actively running ad-
vertisement campaigns were captured with a six-hour fre-
quency between March 1, 2022, and June 18, 2022. Each ad
includes attributes such as the creation time, target demo-
graphic distributions, ad text, funding entity, ad URL, and
metrics of ad impression and spending. The resulting dataset
consists of 56,958 unique ads, each containing an average of
3.86 sentences. The APA22 dataset offers a substantial re-
source for investigating the dynamics and the strategies of
political advertising on social media 6.

Data Labeling. A subset of 658 samples from the APA22
dataset was randomly selected and manually annotated for
persuasive content. The initial annotation was conducted by
a faculty member from the Political Science department who
focused on the five most common persuasion techniques
(which our analysis showed account for approximately 70%
of techniques in the SemEval dataset, see Table 7 in Ap-
pendix).

To assess annotation quality, three independent re-
searchers from Computer Science evaluated an overlapping
subset of the labeled dataset by comparing their annota-
tions with the Political Science faculty member’s labels. We

5https://www.facebook.com/ads/library/
6The dataset collection process has undergone ethics review

at the authors’ organization. This dataset is available online at
[redacted-for-blind-review].
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Model Training Time (e) Validation Time F1 Micro (%) F1 Macro (%)
French All French All French All French All

XLNet-Base 136 (27) 492 (153) 10 34 40.62 39.71 21.78 23.16
XLNet-Large 305 (76) 623 (311) 29 99 36.78 36.75 7.92 6.64
RoBERTa-Base 128 (25) 428 (128) 11 32 40.38 41.12 11.69 21.59
RoBERTa-Large 277 (69) 988 (277) 27 90 34.18 34.17 4.01 4.13
DistilBERT 100 (20) 399 (100) 8 27 40.60 36.50 20.62 19.14

XLM-RoBERTa-Base 111 (22) 364 (111) 9 30 31.08 32.26 5.73 6.21
XLM-RoBERTa-Large 281 (56) 432 (281) 24 80 34.18 24.68 4.01 2.06

Table 4. Model performance comparison across configurations. PPAsy configurations (XLNet-Base/Large, ours) compared with
external baselines (RoBERTa, DistilBERT, XLM-RoBERTa). Times in seconds; training epoch time shown in parentheses. All
validations/tests performed on English dataset.

calculated inter-annotator agreement using Fleiss’ Kappa,
achieving a rate of 0.86, indicating substantial agreement. In
case of a disagreement we retained the original labels from
the Political Science expert for our experiments.

Since the APA22 dataset was created and annotated prior
to the release of SemEval-23, there were differences in the
annotation schemes. To align the two datasets for compar-
ative analysis, we implemented a cross-dataset compatibil-
ity approach by converting both datasets from multi-label
to binary classification. Specifically, we categorized each
sentence as ’persuasive’ if it contained at least one persua-
sion technique and ’neutral’ otherwise. This binarization ap-
proach was particularly appropriate given that the remaining
18 techniques in SemEval had minimal representation (1-3%
occurrence each).

This binarization process yielded 368 ’persuasive’ and
290 ’neutral’ sentences within the annotated subset of the
APA22 dataset. The data was then split into training (75%,
493 sentences) and testing (25%, 165 sentences) using strat-
ified sampling. A fixed seed was used to ensure consistency
and reproducibility in the test set.

Model SemEval-23 APA22
Acc F1 Acc F1

SVM 0.56 0.53 0.76 0.75
PPAsy-Conv 0.55 0.55 0.79 0.79
PPAsy-DistilBERT 0.58 0.54 0.80 0.79
PPAsy-RoBERTa 0.56 0.52 0.79 0.78
PPAsy-XLNet 0.59 0.55 0.82 0.82

Table 5. Performance comparison of models evaluated on
the APA22 test set. Left columns show performance when
models were trained on SemEval-23 data (tested on APA22),
right columns show performance when models were trained
and tested on APA22 data.

How Well Can Persuasion Detection Models
Generalize Across Domains? (RQ2)
To investigate model generalizability across different do-
mains, we evaluated how effectively models trained on the
SemEval-23 dataset—primarily composed of mainstream
media news articles—could adapt to political social me-
dia advertisements in the APA22 dataset. This cross-domain
evaluation is crucial for understanding the practical applica-
bility of persuasion detection models on social media.

Our experimental results demonstrate significant chal-
lenges in model generalizability when transferring from
news to social media domains. As shown in Table 5, the
PPAsy-XLNet model, which achieved state-of-the-art per-
formance on SemEval-23, exhibited markedly degraded per-
formance when applied to the APA22 test set (accuracy:
59.39% vs. 82.42% when trained on APA22). This substan-
tial 23 percentage point drop reveals the domain-specific
nature of persuasion detection models. Several factors con-
tribute to this limited generalizability:
• Linguistic differences. Political social media ads em-

ploy informal, emotionally charged, and highly variable
language, unlike the more structured and formal tone of
mainstream news articles. Prior work has shown that vo-
cabulary, syntax, and sentiment expressions differ sig-
nificantly across domains, and such variation can sub-
stantially degrade model transfer performance (Blitzer,
Dredze, and Pereira 2007; Rasooli and Sproat 2018).

• Content structure. Social media ads are typically short
and direct, often consisting of a single sentence or phrase
designed to prompt immediate engagement. In contrast,
news articles present extended narratives with contex-
tual buildup. This mismatch in content length and struc-
ture affects how models interpret and weigh textual cues
(Gao, McKeown, and Shivade 2011; Li, Goldwasser, and
Lee 2019).

When the same models were trained directly on the
APA22 dataset, all architectures showed substantial im-
provements, with PPAsy-XLNet reaching 82.42% accuracy.
This demonstrates that while our models have the architec-
tural capacity for high performance, their generalizability is
constrained by the domain specificity of the training data.
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These findings have important implications for deploying
persuasion detection systems: models trained on one text do-
main (e.g., news articles) may not generalize effectively to
other domains (e.g., social media). For practical applications
like real-time detection of persuasive political advertising on
social media platforms, domain-specific training or adapta-
tion is essential to achieve reliable performance.

Persuasion in Elections (RQ3)
The aim of this analysis is to demonstrate how persuasive
text in social media political ads can be feasibly detected
and interpreted, rather than to provide an extensive political
campaign analysis.

The following investigation seeks to unravel subtleties
of the language adopted in high and low persuasion ads.
PPAsy-XLNet, trained on the manually annotated portion of
the APA22 dataset, was used to label the rest of the adver-
tisements in the dataset as either ‘neutral’ or ‘persuasive’.

Based on the percentage of persuasive sentences con-
tained in each ad, we define the concepts of high and low
persuasive ads. In our dataset, 26,419 advertisements (46.4%
of the total) were found to be highly persuasive (i.e., more
than 80% of the sentences in the advertisement considered
persuasive). On the other hand, 7,216 ads (12.6% of the
total) were categorized as having low levels of persuasion,
meaning that 20% or fewer sentences were classified as per-
suasive.

Persuasive Content Dynamics. Table 6 offers insights
into the persuasion found in the APA22 dataset. We observed
that low persuasion ads tend to obtain fewer impressions, av-
eraging 17,441, and incur lower spending, with an average
of $265.6. In contrast, ads categorized as highly persuasive
achieve higher averages, with 25,407 impressions (45.6%
more) and $393.6 in spending (48.2% more), though both
target the same age and gender demographics. These find-
ings suggest a potential correlation between the persuasive
intensity of ads and their campaign reach and spend, with
highly persuasive ad campaigns lasting on average 11 days
compared to 8 days for low persuasion ones. To gain a better
understanding of what exactly makes an ad persuasive, we
next compare patterns in the language used in high and low
persuasion ads.

Bi-grams Analysis. We analyze bi-gram frequencies to
discern notable differences in messaging strategies. Bi-
grams commonly found in highly persuasive ads, such as
‘climate change’ and ‘better future’ (see Table 9 in Ap-
pendix) seem to reflect an emphasis on policy and future-
oriented values. This might suggest an attempt to appeal to
the audience’s aspirations and ongoing concerns. An illus-
trative example of this persuasive approach is the sentence,
“Don’t risk more Morrison. Only a vote for Labor will kick
out this government and deliver a better future.” This ad
employs emotive language implying negative consequences
(“Don’t risk”) and incorporates a strong call to action (“vote
for Labor”). References to political figures and government
entities, like frequent bi-grams “government labor”, “scott
morrison”, and related variations, indicate targeted political
messaging. Notably, Scott Morrison was the leader of the

Liberal Party and the incumbent Prime Minister at the time
of the 2022 Australian Federal Election. The Labor Party’s
use of his name in highly persuasive ads suggests an “at-
tack on reputation” persuasive technique, aiming to influ-
ence voters by highlighting perceived shortcomings of their
political opponent. It is noteworthy that although this type of
bi-grams is also present in text classified as low in persua-
sion, their prevalence is significantly reduced.

Conversely, low persuasion ads feature more informa-
tional and less emotionally charged bi-grams. These bi-
grams are often descriptive, focusing on geographical, cul-
tural, or administrative entities and typically lack a com-
pelling call to action or emotional appeal. The language in
these ads tends to focus on identity, locality, or adminis-
trative details, presenting information in a straightforward
manner without the dynamic or actionable language typical
of persuasive ads. For instance: “The small business tax rate
has been reduced to 25% – the lowest level in 50 years. 4,000
local small businesses in Cowan will be able to access our
new 20% bonus deduction for upskilling their staff.” This
statement illustrates how low persuasion ads usually provide
factual information relevant to a specific audience without
aggressive persuasion or emotional appeals. Visual exam-
ples of these advertising strategies are shown in Figure 3a
and Figure 3b.

TF-IDF Analysis. A TF-IDF analysis reveals potential
differences between the lexical choices in highly persuasive
ads versus those that are low persuasion. Highly persuasive
ads appear to use words that evoke broader national themes
and encourage immediate action, such as “vote”, “govern-
ment”, “future”, “need”, “better”, and “plan”. These words
suggest that the ads may employ a strong, action-oriented
vocabulary, potentially tapping into nationwide concerns,
which could contribute to their persuasiveness. Conversely,
words prevalent in less persuasive ads, such as “local”, “sup-
port”, and “team” suggest a more localized or specific fo-
cus. These terms might not provide a sense of urgency, po-
tentially making these advertisements less engaging. Words
like “community”, “vote”, “Australia”, and “government”
appear equally in both types of ads, indicating their gen-
eral importance in Australian political advertising. Further
research is needed to establish a definitive link between spe-
cific words and their persuasion effect. Nonetheless, these
initial observations provide a foundation for future studies
examining the relationship between language and persua-
sion in political advertising. Find more details in the Text
Pre-processing Setup in Appendix including TF-IDF and
Bi-grams

Temporal Dynamics. Figure 4 presents a time series anal-
ysis of the APA22 dataset, illustrating the daily trends of
mean spend, mean impressions, and ad count for high and
low persuasion ads. A noticeable divergence occurs after the
call for election (April 10th), where high persuasion ads ex-
hibit a significant surge in all three metrics compared to their
low persuasion counterparts. Specifically, the mean spend
and impressions for high persuasion ads show a statistically
significant increasing trend (Mann-Kendall test, p < .001,
with significance threshold α = .05) leading up to elec-
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(a) High persuasion ad by Amnesty International Australia ad-
vocating for Dr. Miranda Ruiz, utilizing fear-based messaging
and strong emotions to provoke an immediate emotional re-
sponse, potentially enhancing its persuasive impact.

(b) Ad by the Liberal Party of Australia, employing a more
informational and optimistic approach. It focuses on practical
benefits and community well-being, which is less emotionally
charged compared to the high persuasion ad.

Figure 3: Comparison of two political advertisements with differing persuasive intensities. While complete ads are shown for
context, our analysis focused exclusively on the textual content.

tion day (May 21st), peaking sharply at 4.8 times the value
recorded on April 10th, three days before the election. This is
notable given that Australia imposes a blackout period three
days before the election for broadcasters (TV and radio), but
not for online services.7

In contrast, low persuasion ads maintain a relatively
steady trajectory with modest growth (2.2 times increase).
This pattern suggests a strategic amplification of high per-
suasion ad campaigns closer to the election date. There is
also a strong correlation (Pearson R = 0.99, p < .001,
with α = .05) between aggregated daily spending and im-
pressions, as expected. This suggests that the amount spent
generally determines the number of impressions generated.
It may also reflect minimal micro-targeting, since more tar-
geted ads—being more expensive per impression—would
typically result in fewer impressions for the same budget.
The dataset from the Meta Ad Library does not allow fur-

7https://www.acma.gov.au/election-and-referendum-blackout-
periods

ther exploration of targeting strategy.
These insights, derived from our model predictions on the

unlabeled APA22 data, provide an initial understanding of
the use and impact of persuasive political advertising strate-
gies. The findings underscore the potential of NLP models
to extract subtle patterns from political ad content, paving
the way for more extensive analyses in future research.

Findings and Implications
Study 2’s examination of model adaptability and persuasive
content analysis in APA22 yielded the following insights:

Domain Adaptability. The model trained on the
SemEval-23 dataset, primarily comprising news articles,
showed limited effectiveness when applied to the social
media political ads domain. This stresses the necessity for
training models on domain-specific datasets to ensure their
efficacy in real-world applications.

Persuasion Detection Performance. Substantial im-
provements in accuracy and F1-score were observed when
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Attribute High Persuasion Low Persuasion
Ads (%) 26,419 (46.4%) 7,216 (12.6%)
Avg Impressions 25,407 17,441
Avg Ad Spending ($) 393.6 265.6
Avg Ad Duration 11 days 8 days

Top Funding Entity Solutions for Australia Liberal Party of Australia

Top Bi-grams “morrison scott” “business small”
“better future” “health mental”

Top Words government, future, change community, local, support

Table 6. Statistics of political ads in the APA22 dataset using our PPAsy-XLNet model predictions. High persuasion ads consist
of 80% or more persuasive sentences, while low persuasion ads contain 20% or fewer. Top funding entities are those that spent
the most on ads. Bi-grams show the most common word combinations in high and low persuasive ads. Top words are identified
using tf-idf as explained in Appendix .

PPAsy-models (Table 5) were retrained on the APA22
dataset, highlighting the benefits of domain-specific train-
ing. Nonetheless, the high efficiency of our PPAsy-XLNet
model enables fast retraining reducing the need for domain
adaptability.

Persuasive Content Dynamics. High persuasive ads were
associated with greater reach and financial investment, sug-
gesting a strategic use of persuasion to maximize impact.

Temporal Dynamics. The escalation in ads spending and
impressions for highly persuasive ads as the election ap-
proached indicates a strategic intensification of persuasive
efforts to maximize influence before the voting day.

Limitations
Study 1. Our study encountered a challenge within the
multi-label classification of the SemEval-23 Task 3 Subtask
3 due to the inaccessibility of the test set labels, which hin-
dered our ability to perform a detailed error analysis. Fur-
thermore, the discrepancy in the average number of persua-
sion techniques used in the development and test sets, as
highlighted in Table 1 and Figure 2, indicates some incon-
sistencies in the data, where persuasion techniques present
in the development set did not closely mirror those in the
test set, indicating that improvements or decreases in perfor-
mance on the development set do not necessarily translate
to similar changes in the test set. This limitation highlights
the difficulty in calibrating our model’s performance from
development to test conditions, given the different intensity
of the features in each set.

Study 2. The adaptation to a binary classification task in
our analysis (due to the different annotation schemes used
for the SemEval-23 and APA22 datasets) streamlined model
training and evaluation but potentially restricted the granu-
larity of our investigation into the depth of persuasive tech-
niques in political ads. This meant that the diversity of per-
suasive strategies employed across various political cam-
paigns might not have been fully observed. This limitation
could impact the model ability to generalize across the wider
spectrum of political advertising content encountered in dif-
ferent contexts.

To better understand our model’s behavior and limita-
tions, we conducted a comprehensive error analysis that
revealed important insights about classification patterns.
While our model achieved 81.8% accuracy, the analysis un-
covered a systematic bias toward false positives, with neutral
sentences containing politeness markers or future-oriented
language frequently misclassified as persuasive. Conversely,
the model struggled to identify persuasive content in com-
plex, multi-clause sentences or those containing interrog-
ative structures. These findings, detailed in the Appendix
(Figures 6 and 7), highlight the challenges in distinguish-
ing between genuine persuasive intent and conventional dis-
course patterns, suggesting areas for future refinement in po-
litical ads classification models.

While our results show strong trends in Figure 4, de-
biasing techniques like Prediction-Powered Inference (An-
gelopoulos et al. 2023) or Design-Based Supervised Learn-
ing (Egami et al. 2024) could further mitigate potential tem-
poral biases in classification errors, especially when analyz-
ing datasets with less pronounced patterns.

Additionally, we experienced some limitations that in-
evitably arise when using data from the Meta Ad Library.
The analysis was limited to political ads posted on Face-
book, which may not fully represent the broader political
campaigning strategies employed across different platforms.
Our dataset comprised only ads explicitly flagged as po-
litical by the entity which posted it8. This introduces po-
tential biases, as some political ads might not have been
flagged and were thus excluded from our data collection
and analysis, while others could have been mis-flagged as
political when they were not, which is a phenomenon that
has been studied by Sosnovik and Goga (2021). Further-
more, Facebook reports only cover ranges of ad spend and
reach, rather than precise figures, which can obfuscate the
true scale and impact of individual ads. Lastly, the ad buy-
ing tool on Facebook allows advertisers to target audiences
with a level of specificity that is not captured in the publicly
available Ad Library data, concealing critical aspects of ad

8It is legally required for political ads in Australia to have a
“paid by” disclaimer
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Figure 4: Time series of the total AUD spend, the number
of impressions, and the number of unique ads for each day
in the APA22 dataset. In the two upper panels the dashed
area represents lower and upper bounds, with the solid line
corresponding to the mean value. In all plots we use a 3-day
moving average.

targeting strategies from our analysis.
Our study specifically analyzes textual content of polit-

ical ads and does not include visual elements. This repre-
sents a clear limitation, as persuasive communication on so-
cial media frequently relies on images or multimodal inter-
actions, potentially carrying persuasive signals independent
of or complementary to the text. Future work should inte-
grate multimodal analysis frameworks to capture these ad-
ditional persuasive dimensions and provide a fuller picture
of persuasion in digital political advertising.

Conclusion
In this work, we showcased the potential of leveraging
our model to analyze political advertising through the lens
of persuasion techniques, using an efficient and low-cost
PPAsy-XLNet transformer on APA22 dataset. Our results
demonstrated the model’s ability to outperform resource-
intensive approaches on the SemEval-23 dataset, showing
how a simple model with a feature-rich subset and a cus-
tomized loss function can achieve SOTA compared to an en-
semble of large transformers. We further explored the adapt-
ability of the model to a new domain, observing a perfor-
mance dip when transitioning to the social media political
advertising context. Retraining PPAsy-XLNet on a small

subset of manually annotated instances from the APA22
dataset successfully restored performance, underscoring the
importance of domain-specific fine-tuning for achieving
optimal performance. By applying the model to APA22
dataset, we gained initial insights into the use of persuasive
language and strategies in political advertisements on social
media. These include differences in the persuasion intensity
and the prevalence of targeted messaging. While this anal-
ysis serves as a proof-of-concept, it highlights the practical
potential of computational methods for studying persuasive
communication in social media, contributing valuable tools
for research in political discourse. These advancements not
only enhance transparency and deepen our understanding of
how persuasive techniques shape public opinion and influ-
ence electoral outcomes but also open new avenues for ad-
dressing broader societal challenges, such as mitigating ma-
nipulation and fostering informed public engagement.

Ethics Statement
The dataset collection for our study, referred to as APA22,
underwent ethics review by authors’ institution IRB. Once
the data was collected, the authors were involved in the man-
ual annotation process.

Potential Negative Impacts and Misuse
We acknowledge that models trained to detect persuasive
language could potentially be misused in several ways:

Manipulation and Deception. Malicious actors could use
our model to craft more effective persuasive content by
avoiding detection patterns, potentially enhancing the so-
phistication of disinformation campaigns or manipulative
political messaging.

Censorship and Suppression. The model could be mis-
appropriated to automatically flag or suppress legitimate po-
litical discourse, potentially limiting freedom of expression
under the guise of filtering persuasive content.

Adversarial Exploitation. Understanding the model’s
classification patterns could enable bad actors to deliber-
ately craft neutral-appearing messages that contain hidden
persuasive elements, exploiting the identified weaknesses in
our error analysis.

Privacy Concerns. While our dataset uses publicly avail-
able political communications, the ability to systematically
analyze persuasive patterns at scale raises concerns about
political profiling and targeted manipulation.

Mitigation Strategies
Access Controls. The dataset will be made available ex-
clusively for academic research purposes through a formal
request process that includes intended use statements and
institutional verification.

Usage Guidelines. We provide comprehensive documen-
tation explicitly prohibiting use cases that could harm demo-
cratic processes, manipulate public opinion, or violate pri-
vacy rights.
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Technical Limitations. We openly discuss our model’s
limitations and biases (particularly the false positive ten-
dency with polite language) to prevent overreliance on au-
tomated decisions. We recognize the potential implications
of our work on the broader context of digital persuasion and
are committed to promoting ethical standards in computa-
tional linguistic research about political communication. We
encourage researchers using our resources to consider the
societal impact of their applications and to prioritize trans-
parency and accountability in their work.
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research with human subjects, without compromising
anonymity...

(a) Did you include the full text of instructions given to
participants and screenshots? NA

(b) Did you describe any potential participant risks, with
mentions of Institutional Review Board (IRB) ap-
provals? NA

(c) Did you include the estimated hourly wage paid to
participants and the total amount spent on participant
compensation? NA

(d) Did you discuss how data is stored, shared, and dei-
dentified? NA
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Further Discussion
Why did we Use the French Subset?
As shown in Table 1, French has the highest Persuasive tech-
niques per document compared to the other languages where
we observed a trend of the higher the concentration of the
techniques per document the better the models perform. We
experimented with different subsets. As it can be seen below,
there is a pattern where a higher average number of persua-
sive techniques in the document corresponds to a higher F1-
micro score:

• French: 40.62% F1-micro, avg. persuasive techniques
per doc: 29.9

• German: 38.01% F1-micro, avg. persuasive techniques
per doc: 27.5

• Italian: 36.8% F1-micro, avg. persuasive techniques per
doc: 25.4

• All languages: 39.71% F1-micro, avg. persuasive tech-
niques per doc: 25.9

Additionally, Table 4 shows that the performance of the
French-to-English subset has a comparable performance
with a slight advantage in most cases compared to All lan-
guages translated to English set

Why did we Use Machine Translation?
Our approach builds upon recent advancements in cross-
lingual classification, particularly emphasizing the bene-
fits of machine translation (MT) and focusing on data ef-
ficiency. Artetxe et al. (2023) demonstrated, the translate-
set approach can perform substantially better when utiliz-
ing a more robust MT system and addressing the mismatch
between training on original text and inferencing on trans-
lated text (see the effect of removing translation in the abla-
tion study in Table 3. This revisited perspective challenges
the prevailing dominance of multilingual models, reveal-
ing that MT-based baselines can be highly effective. By
translating the dataset from French to English, we leverage
these insights to potentially improve classification accuracy
while maintaining computational efficiency As shown in Ta-
ble 4 where XLNet-Base with french-to-englsih subset sig-
nificantly outperforms XLM-RoBERTa-Large. This strategy
aligns with the growing body of evidence suggesting that
well-implemented translation methods can rival or surpass
the performance of complex multilingual models in certain
cross-lingual tasks, offering a compelling alternative in sce-
narios where resource optimization is crucial.

Why not use newer models?
The approach we propose in this work aligns with research
showcasing the enduring competitiveness of older trans-
former models. For example, Nawrot et al. (2021) intro-
duced the Hourglass model, a hierarchical transformer that
optimizes the baseline transformer for efficiency, while Xu
et al. (2021) explored deeper transformers optimized for
small datasets, demonstrating that older models can be en-
hanced through optimization techniques, illustrating how
BERT and its derivatives remain effective methods for text
classification tasks.

Our decision to utilize XLNet in specific, was primarily
driven by considerations of data efficiency and model per-
formance. While RoBERTa-base demonstrated superior per-
formance, it required the entire dataset of 1.16 million to-
kens to achieve its results. In contrast, XLNet-base achieved
comparable performance using only 153,000 tokens, which
is approximately 13% of the data used by RoBERTa. This
significant reduction in data requirements, coupled with sim-
ilar performance outcomes as shown in Table 4, highlights
XLNet’s efficiency in learning from limited data. Such data
efficiency is particularly valuable in scenarios where labeled
data is scarce or expensive to obtain, as is often the case in
specialized domains or low-resource languages.

Why Traditional Statistical Tests Were Not
Applied?
The structure of this particular SemEval task presents unique
challenges that preclude the application of traditional statis-
tical significance testing:

1. Blind Test Set: The evaluation is conducted on a com-
pletely blind test set. Participants submit predictions on
unlabeled data and receive only aggregate scores, not per-
instance results. This lack of detailed feedback limits our
ability to perform instance-level statistical analyses.

2. Development-Test Set Mismatch: As noted in our lim-
itations section and Figure 2, we observed a significant
discrepancy between the performance on the develop-
ment and test sets. This mismatch undermines the reli-
ability of using the development set as a proxy for signif-
icance testing on the test set.

3. Limited Access to Comparative Data: We do not have
access to other models’ per-instance predictions on the
test set. Furthermore, the unavailability of complete im-
plementation details for competing models prevents us
from accurately replicating their performance, which is
necessary for methods such as McNemar’s test.

4. Focus on Resource Efficiency: Our primary contribu-
tion lies in demonstrating that a lightweight model can
achieve high performance with considerably lower re-
source requirements. This point is effectively illustrated
by our results (Table 2), making the statistical signifi-
cance between top-performing models less central to our
main argument.

Why did we Binarize the Annotations?
Due to differences in the annotation schemes between
our APA22 dataset and the SemEval-23 dataset, perform-
ing multi-label classification directly was not feasible. The
APA22 dataset does not contain the same detailed persuasive
technique labels as SemEval-23, making a fair multi-label
classification impractical. To address this, we binarized both
datasets into persuasive and non-persuasive classes before
training our models.

Binarizing the data prior to training allowed us to focus
on the presence or absence of persuasion, facilitating a di-
rect comparison between the two datasets. This decision was
made for the following reasons:
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Direct domain adaptation: Binarizing before training
enabled us to assess the model’s ability to adapt to a new
domain without the confounding effects of differing label
granularities. It provided a clearer evaluation of how well a
model trained on one dataset (SemEval-23) could general-
ize to another (APA22) when both are considered in terms
of persuasive versus non-persuasive content.

Computational efficiency: Simplifying the classification
task to a binary problem reduced the complexity of the
model training process. Training on binary labels requires
fewer computational resources compared to multi-label clas-
sification involving 23 distinct labels, as in the original Se-
mEval task. This efficiency was particularly beneficial given
the scale of the datasets.

While binarizing predictions from models trained on the
full label set could offer additional insights, we found that
binarizing the data before training was more appropriate for
our study’s objectives. This approach allowed us to directly
evaluate the model’s performance in detecting persuasive
content across different domains and datasets.

Why 20/80 Ratio?
In our analysis of the APA22 dataset, we sought to catego-
rize advertisements based on their level of persuasive con-
tent to better understand the strategies employed in polit-
ical advertising. Initially, we considered a binary classifi-
cation approach where an ad would be labeled as persua-
sive if it contained at least one persuasive sentence and non-
persuasive otherwise. However, this method resulted in less
than 15% of the total ads being classified as non-persuasive.
This low percentage was intuitive, given that advertisements
are inherently designed to persuade audiences. Such a classi-
fication did not align with the fundamental purpose of polit-
ical ads and risked oversimplifying the persuasive dynamics
present in the dataset.

To address this challenge, we introduced a more nuanced
classification scheme that distinguishes between low persua-
sion and high persuasion ads based on the proportion of per-
suasive sentences within each ad. Specifically, we defined:

• Low persuasion ads: Advertisements where 20% or
fewer of the sentences are classified as persuasive.

• High persuasion ads: Advertisements where 80% or
more of the sentences are classified as persuasive.

This threshold-based categorization allows us to capture
a spectrum of persuasive intensity, acknowledging that ads
may employ persuasion to varying degrees. The choice of
the 20% and 80% thresholds was informed by exploratory
analysis and experimentation with different ratios, such as
10%–90% and 30%–70%. We observed that while varying
the thresholds slightly affected the distribution of ads be-
tween the categories, the overall patterns and insights re-
mained consistent. The 20%–80% split provided a meaning-
ful distinction between ads with minimal persuasive content
and those heavily relying on persuasive techniques.

By adopting this approach, we ensured that our analysis
reflects the inherent persuasive intent of political advertis-
ing while allowing for a granular examination of how the
degree of persuasion correlates with other variables, such

as ad spending, impressions, and campaign duration. This
methodology aligns with practices in computational social
science and natural language processing research, where nu-
anced categorization facilitates more accurate modeling and
interpretation of complex social phenomena.

Furthermore, the 20%-80% threshold provides important
robustness against classification errors at the sentence level.
Our error analysis,in the appendix, revealed that the sen-
tence classifier achieves 81.8% accuracy with a tendency to-
ward false positives. By requiring 80% of sentences to be
classified as persuasive for an ad to be considered “high
persuasion,” we create a buffer against individual misclas-
sifications. This threshold ensures that occasional errors
in sentence-level predictions do not cascade into ad-level
misclassifications, as an ad would need multiple correctly
identified persuasive sentences to meet the threshold. Con-
versely, the 20% threshold for “low persuasion” ads provides
similar protection against false negatives, ensuring that ads
with minimal persuasive content are not mislabeled due to a
few erroneous sentence classifications. This approach effec-
tively transforms our sentence-level predictions into a robust
voting mechanism at the ad level, where the collective evi-
dence from multiple sentences provides more reliable cate-
gorization than any single sentence classification.

Text Pre-processing Setup
In Study 2, we applied a series of pre-processing steps to the
text data obtained from the ads to facilitate linguistic analy-
sis using TF-IDF and n-grams. The pre-processing pipeline
included converting the text to lowercase, removing punc-
tuation, emojis, and links, and stripping whitespaces. Ad-
ditionally, we filtered out stopwords to focus on more se-
mantically meaningful terms, and tokenized the text into in-
dividual units. These pre-processing steps were useful for
reducing noise and improving our linguistic analysis.

TF-IDF
For the analysis of the textual component of the ads, we em-
ployed the Term Frequency-Inverse Document Frequency
(TF-IDF) technique to assess the importance of words
within the corpus. This method measures the frequency of
a word in a single advertisement and also accounts for the
popularity of the word across all ads.

To ascertain a global significance score for each word
across all ads, we computed the average TF-IDF score for
each term across the dataset. This average score represents
the overall importance of each word within the entire cor-
pus. The results of our TF-IDF analysis are summarized by
listing the 10 words with the highest average TF-IDF scores
for both high and low persuasion ads (see Table 8).

Bi-gram
Our methodology also involves the extraction and evalua-
tion of n-grams from text data to uncover frequently occur-
ring word patterns. These n-grams are sorted to ensure that
identical phrases with words in different orders are counted
as the same n-gram. For instance, (‘word1’, ‘word2’) and
(‘word2’, ‘word1’) are counted as a single bi-gram. We
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Figure 5: Performance comparison of models on the English
test set, highlighting F1-Micro scores, dataset size, and pa-
rameter count.

chose bi-grams because they provide an optimal balance be-
tween capturing meaningful lexical relationships and ensur-
ing a sufficient frequency of occurrences. Bi-grams allow
us to observe the most significant word pairs, providing in-
sights into the structure of persuasive language commonly
used in political advertising.

While word co-occurrence matrices provide useful in-
sights, particularly in identifying broader semantic connec-
tions and themes within large text corpora, they can some-
times reduce the focus on direct linguistic interactions,
which are crucial in advertising. In contrast, N-gram anal-
ysis offers a more targeted approach by directly highlighting
the sequences of words that frequently occur together. This
provides a clearer view of common linguistic patterns and
potentially persuasive language strategies used in online ad-
vertisements.

Persuasion Technique Distribution (%)
Loaded Language 42.65
Name Calling-Labeling 33.17
Doubt 24.95
Questioning the Reputation 13.43
Exaggeration-Minimisation 11.61
Appeal to Fear-Prejudice 11.47
Conversation Killer 6.95
Appeal to Hypocrisy 6.50
Repetition 6.31
Appeal to Authority 6.11
Appeal to Values 5.11
Slogans 4.95
Guilt by Association 4.87
Flag Waving 4.85
Causal Oversimplification 4.45
False Dilemma-No Choice 3.18
Obfuscation-Vagueness-Confusion 2.80
Appeal to Popularity 2.61
Consequential Oversimplification 2.44
Straw Man 2.37
Red Herring 1.63
Whataboutism 1.18
Appeal to Time 1.16

Table 7. Distribution of Persuasion Techniques of the Se-
mEval Dataset

High Persuasion Low Persuasion

TF-IDF

labor community
vote local

government support
morrison team

future labor
need time
better nsw

australia join
community service

plan vote

Table 8. Ten highest TF-IDF words for high and low persua-
sive ads respectively

High Persuasion Low Persuasion

Bi-grams

morrison scott election federal
government labor job vacancy

change climate melbourne vic
better future government labor

aged care strait torres
cost living islander strait

petition sign aboriginal torres
economy strong business small
future stronger health mental

government morrison candidate labor

Table 9. Top ten bi-grams for high and low persuasive ads
respectively
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Error Analysis
To better understand our model’s behavior beyond the 81.8%
accuracy metric, we conducted a comprehensive error anal-
ysis on the test set predictions. The confusion matrix (Fig-
ure 6) reveals an interesting asymmetry in the error distri-
bution, with 20 false positives (neutral sentences classified
as persuasive) compared to 10 false negatives (persuasive
sentences classified as neutral). This 2:1 ratio suggests our
model has developed a heightened sensitivity to persuasive
linguistic features, which merits further investigation.

Analysis of the confidence distributions (Figure 7, top left
panel) provides valuable insights into the model’s calibra-
tion characteristics. While the overall performance is strong,
we observe that errors are not uniformly distributed across
confidence levels. Specifically, 60% of errors occur in the
high confidence range (above 0.7 or below 0.3), indicat-
ing areas where the model exhibits strong conviction de-
spite being incorrect. The box plot analysis (Figure 7, top
right panel) clearly illustrates this pattern, showing that false
positives have significantly higher median confidence com-
pared to false negatives, which cluster around the 0.2-0.4
range. False positives show notably higher average confi-
dence (0.793) compared to false negatives (0.317), suggest-
ing the model is more decisive when incorrectly identifying
persuasive content.

The error rate analysis by confidence level (Figure 7,
middle right panel) reveals a concerning pattern: the high-
est error rates occur in the 0.4-0.6 confidence range (ap-
proximately 55%), which represents the model’s uncertainty
zone. However, substantial error rates persist even in high-
confidence regions, with the 0.8-1.0 range showing approxi-
mately 15% error rate. This indicates that while the model’s
confidence generally correlates with accuracy, it maintains a
non-trivial error rate even when highly confident.

Linguistic analysis of the misclassified sentences reveals
interpretable patterns that explain these errors. In the false
positive category, we frequently observe sentences con-
taining politeness markers (“please,” “thank you”), future-
oriented language (“will reduce,” “will mean”), and expres-
sions of support or commitment. For example, simple cour-
tesies like “Have a great day!” and “Thank you for your
support!” achieved confidence scores of 0.909 and 0.849 re-
spectively, suggesting the model associates these social con-
ventions with persuasive intent. This pattern likely emerges
from the prevalence of polite language in genuine persuasive
content within our training data.

Conversely, false negatives often include sentences with
interrogative structures, technical references (URLs, statis-
tics), and complex multi-clause constructions. The model
appears less confident when encountering persuasive con-
tent that deviates from typical call-to-action patterns, such
as questions like “Do you live in Camden LGA, Wollondilly,
Goulburn...?” (confidence: 0.197) or factual statements con-
taining numerical data.

Sentence length analysis (Figure 7, middle left panel) re-
veals additional patterns, with false positives generally ap-
pearing in shorter sentences with high confidence, while
false negatives are distributed across various lengths but
consistently show low confidence. The word count analy-

sis (Figure 7, bottom panel) further confirms this pattern,
demonstrating that false positives tend to be concise state-
ments with high confidence, while false negatives often in-
volve longer, more complex constructions that the model
struggles to classify confidently. This suggests the model
may have learned to associate brevity and directness with
persuasive intent, while missing more nuanced persuasive
strategies in longer texts.

These findings highlight the inherent challenges in dis-
tinguishing between genuine persuasive intent and con-
ventional polite discourse in textual communication. The
model’s behavior aligns with human annotation challenges
in this domain, where context and subtle linguistic cues play
crucial roles. The observed patterns provide valuable direc-
tions for future improvements, including enhanced feature
engineering to better capture contextual nuances and poten-
tial data augmentation strategies to address the identified bi-
ases. Overall, while the model demonstrates strong baseline
performance, this analysis illuminates specific areas where
targeted improvements could enhance both accuracy and
calibration.

Figure 6: Confusion matrix showing the distribution of pre-
dictions. The asymmetry between false positives (20) and
false negatives (10) indicates the model’s heightened sensi-
tivity to persuasive features.

Computational Resources Used for the
Experiments

The experiments were performed using a Google Colab en-
vironment with an NVIDIA A100 GPU (40 GB of GPU
RAM) and 83.5 GB of system RAM.
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Figure 7: Comprehensive error analysis showing confidence distributions, sentence characteristics, and error patterns across
different prediction categories. The borderline confidence zone (0.4-0.6) is highlighted in yellow where applicable.
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Figure 8: 3-Day Moving Average Time Series showing Impressions of High and Low Persuasive content for Labor and Liberal
parties during the 2022 Australian Federal Election campaign.
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Figure 9: Geographical breakdown of ad impressions during
the 2022 Australian Federal Election, showing regions with
higher concentrations of political ad spending.

Figure 10: Percentage and cost distribution of impressions
for high persuasion ads, illustrating the strategic focus of
campaigns on persuasive messaging.
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(a) Distribution of impressions for low persuasion, high persua-
sion, and total ads across different political parties during the
2022 Australian Federal Election.

(b) Party spend breakdown across different political parties and
affiliations during the 2022 Australian Federal Election.

Figure 11: Comparison of political party impressions and spending during the 2022 Australian Federal Election.

(a) Liberal (blue) vs Labor (red) ad impressions by age group
during the 2022 Australian Federal Election.

(b) Liberal (blue) vs Labor (red) ad impressions by gender dur-
ing the 2022 Australian Federal Election.

Figure 12: Comparison of Liberal (blue) and Labor (red) ad impressions by age and gender during the 2022 Australian Federal
Election.
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Figure 13: 3-Day Moving Average Time Series showing Impressions of High and Low Persuasive content for Greens and
Independents parties during the 2022 Australian Federal Election campaign.
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