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Propaganda and 
its language



Definition of propaganda

https://ichef.bbci.co.uk/images/ic/640xn/p03hdhbb.jpg

• The term Propaganda originates from the Catholic 
Church. 

• In the 16th century 
• the phrase Congregatio de propaganda fide (Merriam Webster, 

2024) 
• The term became widespread after World War II. 
• Nazi War Machine in the Ministry of Propaganda 

(ger. Propagandaministerium) (CIA and Committee 
For National Morale, 1942) 



Language used in propaganda 1/5

Black-and-White 
Fallacy

Appeal to Authority Appeal to 
Fear/Prejudice

Bandwagon



Language used in propaganda 2/5

Causal 
Oversimplification Doubt

Exaggeration or 
Minimization Flag-Waving



Language used in propaganda 3/5

Loaded Language Name Calling

Red Herring Reductio ad 
Hitlerum



Language used in propaganda 4/5

Repetition Slogans

Straw Man Thought-
Terminating Cliché



Language used in propaganda 5/5

Labelling Whataboutism



Existing 
approaches



Existing approaches: Proppy (Barrón-Cedeño i in., 
2019)

Step 1: News Retrieval

Step 2: Clustering by Event

Step 3: De-duplication

Step 4: Propaganda Index Computation



Existing approaches: Propaganda Detection Using Sentiment 
Aware Ensemble Deep Learning (Polonijo i in., 2021)

IDEA DATASET VARIABLES RESULTS KEY 
FINDINGS



Existing approaches: Fine-Grained Propaganda Detection with Fine-Tuned BERT (Yoosuf & Yang, 2019)

Overview

Methodology 

Results

Key findings



Existing approaches: Large 
Language Models for Propaganda 
Detection (Sprenkamp i in., 2023)

Overview

Methodology 

Dataset

Results



Overview of 
methodology 



Goal
Create an approach for span identification of 

propaganda techniques using LLMs



Goal

https://aclanthology.org/D19-5024.pdf



Dataset
samples

• Original 
• 350 train – only this available
• 61 dev
• 86 test

• Ours: 250 train, 25 dev (validation), 75 test



Dataset 
technique stats



Dataset 
split



Dataset - example



Dataset - example



HOW WILL IT WORK 

• Ask a question
• Technique name
• Excerpt
• Sentence



HOW WILL IT WORK - parsing



HOW WILL IT WORK - parsing



Approach to detection
• Using local LLMs 

• without examples (zero-shot)
• with some examples (few-shot)
• one or more techniques per query

• Fine-tuning (LORA)



LoRA (Hu et al., 2021) - Benefits

Memory Efficiency: ~95% fewer trainable parameters

Storage Efficient: Adapters typically <100MB vs. full 
models (100GB+)

Adaptability: Multiple LoRA adapters can be swapped 
for different tasks



Which 
models?
• speakleash/Bielik-11B-

v2.3-Instruct
• Good quality of both 

Polish and English 
language

• unsloth/gemma-2-9b
• Good quality in NER 

(Named Entity 
Recognition) tasks https://bielik.ai/



So which 
models in the 
end?

• unsloth/gemma-2-9b-4bit-bnb
• unsloth/gemma-2-2b
• unsloth-llama-3.2-3b-instruct
• unsloth-mistral-7b-ins-v0-3-bnb-

4bit



Approach

Ask a question

Parse

Validate



Validation

• Own models
• Train-test-val split of 250-75-25

• SOTA
• Run the training script from winner’s GitHUB

• Own models
• Train-test-val split as defined in the paper

• SOTA
• Compare to winner’s paper

Otherwise

If no response 
from NLP4IF-
2019 authors



Validation – final method

• Own models
• Train-test-val split of 250-75-25

• SOTA
• Run the training script from winner’s GitHUB

If no response 
from NLP4IF-
2019 authors



Experiments – picking the best model

Explore grid of epochs/LoRA 
ranks

Pick the best one on validation 
set (across 3 runs)



Metrics

Document Representation

• Given a document d as a sequence of characters

• Let 𝑡 =  [𝑡𝑛, … , 𝑡𝑚] be a fragment of 𝑑 containing a named 
entity

• Let 𝑠 =  [𝑠𝑖 , … , 𝑠𝑗] be a fragment predicted by the model

Definitions

• 𝑇: Set of gold-truth fragments (may have overlaps)

• 𝑆: Set of predicted fragments

• 𝑙 𝑥 ∈ 1, … , 𝑛𝑐𝑙𝑎𝑠𝑠𝑒𝑠 : Function assigning a class to 
fragment 𝑥

• 𝛿 𝑎, 𝑏 : Function equal to 1 when 𝑎 =  𝑏, 0 otherwise

𝐹1



Initial results

SOTA: 
F1 ~ 0.231

Few Shot, 
without LoRA: 

F1 ~ 0.034

Zero Shot, with 
LoRA: 

F1 ~ 0.17



Key analyses and 
questions



Problem of migration

• Migration and immigrants appear as a 
significant socio-political factor 
[Schneider-Strawczynski & Valette, 2023]

• More than 26 million border crossings 
from Ukraine to Poland have been 
recorded [United Nations High 
Commissioner for Refugees, 2025]

https://news.northeastern.edu/wp-content/uploads/2022/03/ukraine-
map-version3.png



Data to be analysed

SPEECHES FROM THE 
POLISH GOVERNMENT 
(SEJM) FROM THE LAST 

8-10 YEARS

POLISH NEWS OUTLETS TIKTOK  ACCOUNTS 
RELATED TO POLITICS



How scraping works

Sejm
official API

News sites 
dedicated 

scrapers in 
Selenium

TikTok 
unofficial API



Research 
questions

How has the language of propaganda 
regarding migration evolved over the last 
10 years in Poland?

What are the patterns of propaganda and 
sentiment towards immigrants in Polish 
media?

How does the portrayal of immigrants on 
TikTok differ from traditional media 
platforms in Poland?



Techniques in propaganda vs techniques 
themselves

Create a small 
dataset

Validate behaviour 
of techniques in 
propaganda vs 

non-propaganda 
context



Results



Hyperparameters
validation set

Scaling factor 
(alpha): 

4, 8, 16, 32

Epochs: 
1, 2, 4, 8



Score vs epoch, by rank
Validation set



Score vs epoch, by model
Validation set



Score vs model, by epoch
Validation set



Score vs model, by rank
Validation set



10 best models/parameters
validation set, 3 runs



10 best models/parameters
validation set, 3 runs

unsloth-gemma-2-9b-bnb-4bit is clearly the best



Trends

Higher rank 
better performance

More epochs 
better performance

Let’s expand the grid



Hyperparameters
validation set

Scaling factor 
(alpha): 

4, 8, 16, 32, 64

Epochs: 
1, 2, 4, 8, 12, 

16, 20



10 best parameters 
validation set, unsloth-gemma-2-9b-bnb-4bit, 3 runs



10 best parameters 
validation set, unsloth-gemma-2-9b-bnb-4bit, 10 re-runs



10 best parameters 
test set, unsloth-gemma-2-9b-bnb-4bit, 5 runs



Choice of best model



10 best parameters 
test set, unsloth-gemma-2-9b-bnb-4bit, 5 runs



Best model
per technique results – test set



Comparison 
with SOTA
original test set 

results



Comparison 
with SOTA

results of retrained 
SOTA solution



10 best parameters 
test set, unsloth-gemma-2-9b-bnb-4bit, 5 runs



Rescaled results



Gathered 
datasets



News Dataset
Basic statistics



News 
Dataset
Detailed 
statistics



News 
Dataset

Temporal analysis



News 
Dataset

Comparison with 
train data



News 
dataset
Sentiment overall



News 
dataset
Sentiment by domain



News dataset
Sentiment by technique



News 
dataset
most common 
words



News 
dataset
Flag Waving and 
Name Calling



TikTok Dataset
Basic statistics



TikTok 
Dataset
Detailed 
statistics



TikTok 
Dataset

Temporal analysis



TikTok 
Dataset

Comparison with 
train data



TikTok 
dataset
Sentiment overall



TikTok dataset
Sentiment by club



TikTok dataset
Sentiment by technique



TikTok 
dataset
most common 
words



TikTok 
dataset
Flag Waving and 
Name Calling



Sejm 
Dataset

Basic statistics



Sejm 
Dataset
Detailed 
statistics



Sejm 
Dataset

Temporal analysis



Sejm 
Dataset

Comparison with 
train data



Sejm 
dataset
Sentiment overall



Sejm dataset
Sentiment by club



Sejm dataset
Sentiment by technique



Sejm 
dataset
most 
common 
words



Sejm 
dataset
Flag Waving and 
Name Calling



Comparison of 
all datasets
technique 
frequencies



Sejm vs 
TikTok 
sentiment by 
club



Are the extractions 
propagandistic?



Hallucination 
rates



Future improvements

Reduce 
hallucinations

Improve 
extractions to be 
propagandistic 



Summary

Developed model: TOP 4 in the competition (our: F1=18.81, SOTA: F1=24.88)
• Larger models are better
• Higher ranks and epochs  (to a point) are better

3 datasets analysed
• TikTok, Sejm, News
• Clear trends across techniques (sentiment and frequencies)

• Flag-Waving – positive, Name-Calling – negative 
• More Flag-Waving in Polish sources than training set

High hallucination rates

Most extractions are not propagandistic



Other sources

• [1] Merriam Webster Online Dictionary. Definition of PROPAGANDA, November 2024. URLhttps://www.merriam-
webster.com/dictionary/propaganda.

• [2] CIA and Committee For National Morale. REPORT ON GERMAN MIN-ISTRY OF PROPAGANDA, 1942. URL 
https://www.cia.gov/readingroom/docs/CIA-RDP13X00001R000100170005-1.pdf.

• [3] Sarah Schneider-Strawczynski and Jérôme Valette. Media Coverage of Immigration and thePolarization of Attitudes. SSRN Electronic 
Journal, 2023. ISSN 1556-5068. doi: 10.2139/ssrn.4673964. URL https://www.ssrn.com/abstract=4673964.

• [4] United Nations High Commissioner for Refugees. Ukraine Refugee Situation, 2024. URLhttps://data.unhcr.org/en/situations/ukraine.

• [5] Alberto Barrón-Cedeño, Giovanni Da San Martino, Israa Jaradat, and Preslav Nakov.Proppy: A System to Unmask Propaganda in Online 
News, December 2019. URL http://arxiv.org/abs/1912.06810. arXiv:1912.06810.

• [6] Giovanni Da San Martino, Alberto Barrón-Cedeño, Henning Wachsmuth, Rostislav Petrov,and Preslav Nakov. SemEval-2020 Task 11: 
Detection of Propaganda Techniques in NewsArticles. In Aurelie Herbelot, Xiaodan Zhu, Alexis Palmer, Nathan Schneider, JonathanMay, and 
Ekaterina Shutova, editors, Proceedings of the Fourteenth Workshop on Se-mantic Evaluation, pages 1377–1414, Barcelona (online), 
December 2020. InternationalCommittee for Computational Linguistics. doi: 10.18653/v1/2020.semeval-1.186. 
URLhttps://aclanthology.org/2020.semeval-1.186.

• [7] Nicolas Michaud. Inappropriate Appeal to Authority. In Bad Arguments, pages 168–171.John Wiley & Sons, Ltd, 2018. ISBN 978-1-119-
16581-1. doi: 10.1002/9781119165811.ch32.URL https://onlinelibrary.wiley.com/doi/abs/10.1002/9781119165811.ch32. Sec-tion: 32 
_eprint: https://onlinelibrary.wiley.com/doi/pdf/10.1002/9781119165811.ch32.

• [8] Melanie B. Tannenbaum, Justin Hepler, Rick S. Zimmerman, Lindsey Saul, Samantha Ja-cobs, Kristina Wilson, and Dolores Albarracin. 
Appealing to fear: A Meta-Analysis of FearAppeal Effectiveness and Theories. Psychological bulletin, 141(6):1178–1204, 
November31BIBLIOGRAPHY2015. ISSN 0033-2909. doi: 10.1037/a0039729. URL https://www.ncbi.nlm.nih.gov/pmc/articles/PMC5789790/.

• [9] Stephen Law. Thinking tools: The bandwagon fallacy. Think, 4(12):111111, 2006. doi:10.1017/S1477175600001792.

• [10] Taeda Tomi. False Dilemma: A Systematic Exposition. Argumentation, 27(4):347–368,November 2013. ISSN 1572-8374. doi: 
10.1007/s10503-013-9292-0. URL https://doi.org/10.1007/s10503-013-9292-0.

• [11] Géraud Faye, Benjamin Icard, Morgane Casanova, Julien Chanson, François Maine,François Bancilhon, Guillaume Gadek, Guillaume 
Gravier, and Paul Égré. Exposing pro-paganda: an analysis of stylistic cues comparing human annotations and machine classifica-tion. In 
EACL Workshop on Understanding Implicit and Underspecified Language (UnIm-plicit 2024), Malta, Malta, March 2024. URL 
https://hal.science/hal-04443096.

• [12] Ekaterina Vlasova. Exaggeration in a Political Text (On the Material of Modern Britishand American Newspapers), September 2021. URL 
https://papers.ssrn.com/abstract=3932128.

https://www.cia.gov/readingroom/docs/CIA-RDP13X00001R000100170005-1.pdf
https://www.ssrn.com/abstract=4673964
https://onlinelibrary.wiley.com/doi/pdf/10.1002/9781119165811.ch32
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC5789790/
https://doi.org/10.1007/s10503-013-9292-0
https://hal.science/hal-04443096
https://papers.ssrn.com/abstract=3932128


Other sources

• [12] Nicole Hein. Spinning Coverage: An Analysis of The New York Times’ Reporting on theWar in Iraq in Light of the U.S. Administration’s Spin 
and Propaganda Efforts. GRINVerlag, November 2011. ISBN 978-3-656-04831-2. Google-Books-ID: XuAwGd4PH5oC.

• [13] The Britannica Dictionary. Flagwaving Definition & Meaning | Britannica Dictionary. 
URLhttps://www.britannica.com/dictionary/flag%E2%80%93waving.

• [14] M. Murray and N. Kujundzic. Critical reflection: A textbook for critical thinking. CriticalReflection: A Textbook for Critical Thinking, pages 
1–516, 04 2005.

• [15] Arkadiusz Cezary Sokolnicki. CURRENTS: A Journal of Young English Philology Thoughtand Review. Vol. 5: Periphery: Against the 
Mainstream:16–40, 2019.

• [16] The Britannica Dictionary. Ad hominem | Definition, Fallacy, Bias, Examples, & Facts |Britannica, November 2024. URL 
https://www.britannica.com/topic/ad-hominem.

• [17] Merriam-Webster Dictionary. Definition of RED HERRING, December 2024. URL https://www.merriam-
webster.com/dictionary/red+herring.

• [18] Thomas Fleming. Reductio ad Hitlerum. JHR Archive, 19(5):24, 2000. URL https://www.historiography-
project.com/jhrchives/v19/v19n5p24_reductio.php.32Bibliography

• [19] Gabriel H. Teninbaum. Reductio ad Hitlerum: Trumping the Judicial Nazi Card, 2009.URL https://papers.ssrn.com/abstract=1445423.

• [20] T. C. Winebrenner. Argumentation and debate: Critical thinking for reasoned decision mak-ing. by austin j. freeley. Argumentation and 
Advocacy, 27(3):137–140, 1991. doi: 10.1080/00028533.1991.11951518. URL https://doi.org/10.1080/00028533.1991.11951518.

• [21] Merriam-Webster Dictionary. Definition of SLOGAN, December 2024. URL https://www.merriam-webster.com/dictionary/slogan.

• [22] Merriam-Webster Dictionary. Definition of STRAW MAN, October 2024. URL https://www.merriam-webster.com/dictionary/straw+man.

• [23] Australian Psychology Society. Explaining thought-terminating clichesand why we should be wary of them | APS, 2024. URL 
https://psychology.org.au/about-us/news-and-media/aps-in-the-media/2024/explaining-thought-terminating-cliches-and-why-we.

• [24] Britannica Dictionary. Whataboutism | Definition, Examples, Etymology, Logical Fal-lacy, Politics, & Facts | Britannica, December 2024. 
URL https://www.britannica.com/topic/whataboutism.

• [25] Merriam-Webster Dictionary. Definition of WHATABOUTISM, December 2024. URLhttps://www.merriam-
webster.com/dictionary/whataboutism.

• [26] B. Polonijo, S. uman, and I. imac. Propaganda detection using sentiment aware ensemble deep learning. In 2021 44th International 
Convention on Information, Communication andElectronic Technology (MIPRO), pages 199–204, 2021. doi: 
10.23919/MIPRO52101.2021.9596654.

https://www.britannica.com/topic/ad-hominem
https://www.merriam-webster.com/dictionary/red+herring
https://www.merriam-webster.com/dictionary/red+herring
https://www.historiography-project.com/jhrchives/v19/v19n5p24_reductio.php.32Bibliography
https://www.historiography-project.com/jhrchives/v19/v19n5p24_reductio.php.32Bibliography
https://papers.ssrn.com/abstract=1445423
https://doi.org/10.1080/00028533.1991.11951518
https://www.merriam-webster.com/dictionary/slogan
https://www.merriam-webster.com/dictionary/straw+man
https://psychology.org.au/about-us/news-and-media/aps-in-the-media/2024/explaining-thought-terminating-cliches-and-why-we
https://www.britannica.com/topic/whataboutism

	Slajd 1: The discourse of propaganda:  language strategies analysed with NLP methods
	Slajd 2: Agenda
	Slajd 3: Propaganda and its language
	Slajd 4: Definition of propaganda
	Slajd 5: Language used in propaganda 1/5
	Slajd 6: Language used in propaganda 2/5
	Slajd 7: Language used in propaganda 3/5
	Slajd 8: Language used in propaganda 4/5
	Slajd 9: Language used in propaganda 5/5
	Slajd 10: Existing approaches
	Slajd 11: Existing approaches: Proppy (Barrón-Cedeño i in., 2019)
	Slajd 12: Existing approaches: Propaganda Detection Using Sentiment Aware Ensemble Deep Learning (Polonijo i in., 2021)
	Slajd 13: Existing approaches: Fine-Grained Propaganda Detection with Fine-Tuned BERT (Yoosuf & Yang, 2019)
	Slajd 14: Existing approaches: Large Language Models for Propaganda Detection (Sprenkamp i in., 2023)
	Slajd 15: Overview of methodology 
	Slajd 16: Goal
	Slajd 17: Goal
	Slajd 18: Dataset samples
	Slajd 19: Dataset technique stats
	Slajd 20: Dataset  split
	Slajd 21: Dataset - example
	Slajd 22: Dataset - example
	Slajd 23: HOW WILL IT WORK 
	Slajd 24: HOW WILL IT WORK - parsing
	Slajd 25: HOW WILL IT WORK - parsing
	Slajd 26: Approach to detection
	Slajd 27: LoRA (Hu et al., 2021) - Benefits
	Slajd 28: Which models?
	Slajd 29: So which models in the end?
	Slajd 30: Approach
	Slajd 31: Validation
	Slajd 32: Validation – final method
	Slajd 33: Experiments – picking the best model
	Slajd 34: Metrics
	Slajd 35: Initial results
	Slajd 36: Key analyses and questions
	Slajd 37: Problem of migration
	Slajd 38: Data to be analysed
	Slajd 39: How scraping works
	Slajd 40: Research questions
	Slajd 41: Techniques in propaganda vs techniques themselves
	Slajd 42: Results
	Slajd 43: Hyperparameters validation set
	Slajd 44: Score vs epoch, by rank Validation set
	Slajd 45: Score vs epoch, by model Validation set
	Slajd 46: Score vs model, by epoch Validation set
	Slajd 47: Score vs model, by rank Validation set
	Slajd 48: 10 best models/parameters validation set, 3 runs
	Slajd 49: 10 best models/parameters validation set, 3 runs
	Slajd 50: Trends
	Slajd 51: Hyperparameters validation set
	Slajd 52: 10 best parameters  validation set, unsloth-gemma-2-9b-bnb-4bit, 3 runs
	Slajd 53: 10 best parameters  validation set, unsloth-gemma-2-9b-bnb-4bit, 10 re-runs
	Slajd 54: 10 best parameters  test set, unsloth-gemma-2-9b-bnb-4bit, 5 runs
	Slajd 55: Choice of best model
	Slajd 56: 10 best parameters  test set, unsloth-gemma-2-9b-bnb-4bit, 5 runs
	Slajd 57: Best model per technique results – test set
	Slajd 58: Comparison with SOTA original test set results
	Slajd 59: Comparison with SOTA results of retrained SOTA solution
	Slajd 60: 10 best parameters  test set, unsloth-gemma-2-9b-bnb-4bit, 5 runs
	Slajd 61: Rescaled results
	Slajd 62: Gathered datasets
	Slajd 63: News Dataset Basic statistics
	Slajd 64: News Dataset Detailed statistics
	Slajd 65: News Dataset Temporal analysis
	Slajd 66: News Dataset Comparison with train data
	Slajd 67: News dataset Sentiment overall
	Slajd 68: News dataset Sentiment by domain
	Slajd 69: News dataset Sentiment by technique
	Slajd 70: News dataset most common words
	Slajd 71: News dataset Flag Waving and Name Calling
	Slajd 72: TikTok Dataset Basic statistics
	Slajd 73: TikTok Dataset Detailed statistics
	Slajd 74: TikTok Dataset Temporal analysis
	Slajd 75: TikTok Dataset Comparison with train data
	Slajd 76: TikTok dataset Sentiment overall
	Slajd 77: TikTok dataset Sentiment by club
	Slajd 78: TikTok dataset Sentiment by technique
	Slajd 79: TikTok dataset most common words
	Slajd 80: TikTok dataset Flag Waving and Name Calling
	Slajd 81: Sejm Dataset Basic statistics
	Slajd 82: Sejm Dataset Detailed statistics
	Slajd 83: Sejm Dataset Temporal analysis
	Slajd 84: Sejm Dataset Comparison with train data
	Slajd 85: Sejm dataset Sentiment overall
	Slajd 86: Sejm dataset Sentiment by club
	Slajd 87: Sejm dataset Sentiment by technique
	Slajd 88: Sejm dataset most common words
	Slajd 89: Sejm dataset Flag Waving and Name Calling
	Slajd 90: Comparison of all datasets technique frequencies
	Slajd 91: Sejm vs TikTok  sentiment by club
	Slajd 92: Are the extractions propagandistic?
	Slajd 93: Hallucination rates
	Slajd 94: Future improvements
	Slajd 95: Summary
	Slajd 96: Other sources
	Slajd 97: Other sources

