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Executive Summary

Large language models (LLMs) have
become essential tools for tasks critical to
understanding the information environment,
including analysing public discourse, de-
tecting information manipulation, and under-
standing sentiment towards geopolitically
sensitive topics. However, their performance
varies significantly across languages. Two
previous studies by the NATO Strategic
Communications Centre of Excellence pro-
gressively documented these disparities. The
first, Narrative Detection and Topic Modelling
in the Baltics (Barbu, Banerjee, Isupova,
and Zeng, 2024), established that natural
language processing (NLP) capabilities for
Baltic languages remain significantly under-
developed, finding that while named entity
recognition (NER) was reasonably supported,
critical downstream tasks such as relationship
extraction and plot discovery remained largely
unexplored. The second study, Al in Support
of StratCom: The Use and Evaluation of Large
Language Models in Less Widely Used Official
EU Languages (Barbu, Banerjee, Lim, and
Zivere, 2025), expanded the scope consid-
erably by evaluating five contemporary LLMs
(GPT-4.0, Mistral Nemo, Mistral Large, Llama
3.1, and Gemini Pro) on three strategic NLP
tasks: narrative detection, topic modelling,
and aspect-based sentiment analysis (ABSA),
across both English and Latvian. The report
confirmed a persistent performance gap
between high-resource and low-resource
languages and revealed that while English
outputs showed higher fluency, coherence,
and structural accuracy, they were still not
sufficient to replace human annotators, espe-
cially in zero-shot settings. In Latvian, model
outputs were generally less complete, with
frequent entity misclassification, such as mis-
labelling geopolitical organisations like NATO
as locations rather than actors, and weaker
thematic depth across all evaluated layers.

The present report builds directly upon
the findings of both preceding studies by
shifting the focus to empirically measuring
how modern LLMs perform on two additional

operationally critical tasks (stance detection
and sentiment analysis) across English,
Lithuanian, and Russian, targeting politically
sensitive entities: Ukraine, Russia, NATO, the
USA, and China. This report also responds to
conclusions from preceding studies by eval-
uating next-generation adaptation strategies
such as fine-tuning and retrieval-augmented
generation (RAG) to determine whether
targeted model adaptation can close the
performance gaps that both earlier studies
identified as a structural limitation of working
with less-resourced languages.

The findings of this study reveal sub-
stantial performance disparities, with direct
implications for strategic communication
operations in the Baltic region and Eastern
Europe. Consistent with the 2025 report’s ob-
servation that LLM capabilities degrade mark-
edly for less-resourced languages, this study
documents that Russian-language analysis
underperforms English by up to 9 percentage
points, and that fine-tuned lightweight models
can outperform larger proprietary systems
relying on prompting alone. The 2025 report
also noted that models such as Mistral Large
and GPT-4.0 performed most consistently in
English but showed marked inconsistencies
in Latvian, particularly in sentiment analysis
where models struggled to align specific
sentiments with their respective aspects. This
study extends those findings to stance detec-
tion, confirming the same pattern across an
additional language pair. Together, the three
reports establish a clear progression: from
identifying what NLP tools and resources
exist for Baltic languages (2024), to bench-
marking LLM performance on foundational
StratCom tasks in English and Latvian (2025),
to empirically quantifying how well current
LLMs perform on stance detection and senti-
ment analysis across English, Lithuanian, and
Russian, and demonstrating that targeted
adaptation strategies can meaningfully close
the gaps that all three studies have identified.



KEY TAKEAWAYS

B Russian-language analysis
underperforms by up to 9%:
approximately 1in 3 stance
classifications may be incorrect.

B Fine-tuned lightweight models
(7-9B parameters) outperform
GPT-4.1 when the latter relies only
on prompting.

Strategic Context

The information environment in the
Baltic region operates across multiple lin-
guistic domains simultaneously. Practitioners
monitoring narratives about the Russia—
Ukraine conflict, NATO activities, or great
power competition must analyse content in
English, local Baltic languages, and Russian.
The assumption that Al-powered tools per-
form uniformly across these languages is both
common and flawed.

B Adversaries may deliberately
exploit gaps, concentrating opera-
tions where detection is weakest.

B Investment in model adaptation
closes performance gaps at lower
cost than premium API services.

DEFINITION

Stance detection identifies whether
a text supports, opposes, or remains
neutral towards a specific entity.
Unlike sentiment analysis (general
emotional polarity), stance detection
reveals directed attitudes towards
specific actors, which is critical for
tracking narratives about military
alliances, governments, or conflicts.

Research Questions

This research is limited to in-target
stance detection and text-level sentiment
analysis. Within this scope, the study compares
the most promising LLMs and LLM-driven

RQ1 Which LLMs (or their versions) are
most suitable for performing stance
detection and sentiment analysis on
politically sensitive multilingual data?

RQ2 How do different adaptation
strategies (RAG and lightweight
fine-tuning) affect the performance of
LLMs in these tasks?

adaptation strategies to evaluate their ac-
curacy. The research addresses three core
questions:

RQ3 How does stance detection and
sentiment analysis accuracy vary across
languages (English, Lithuanian, Russian)
and politically charged targets (Ukraine,
Russia, NATO, the USA, China)?



Research Methodology

Research Framework

The research addresses a joint target
extraction and multi-target stance detection
problem, where the same text may reference
multiple targets. Figure 1 illustrates the
analytical framework: input text is processed
through stance detection to identify positions
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towards each target (favour, against, none, or
N/A if the target is not present), while simulta-
neously undergoing sentiment analysis to de-
termine overall emotional polarity (positive,
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FIGURE 1. Research schema showing in-target, multi-target stance detection with integrated text-level

sentiment analysis

Data Collection and Annotation

The research employed a rigorously
constructed multilingual dataset comprising
approximately 1000 texts per language
(English, Lithuanian, and Russian), harvested
from Lithuanian media sources including so-
cial media comments and news outlets. These

texts were selected for their political relevance
and subjective nature, capturing authentic
discourse on geopolitically sensitive topics.



Dataset component Details

Languages

English, Lithuanian, Russian (~1000 texts each)

Targets

Ukraine, Russia, NATO, the USA, China

Stance labels

Favour, against, none (per target)

Sentiment labels

Positive, negative, neutral (per text)

Annotators

Seven trained annotators (three per language), with reconciliation

Sources

Lithuanian media: social media comments, news outlets

TABLE 1. Research Parameters

To facilitate consistent annotation,
target-related keywords were automatically
highlighted using GPT-5, capturing both mor-
phological variations and semantic depend-
encies (e.g. ‘Kremlin’ and ‘Putin’ as proxies
for Russia, ‘AFU’ for Ukraine’s Armed Forces).

Cases where annotators disagreed underwent
additional review and discussion to reach con-
sensus via a multi-annotator approach with
reconciliation to ensure label quality while
acknowledging the inherent subjectivity of
stance and sentiment classification.

Models and Techniques Evaluated

Models evaluated

B Gemma-2-9B-Instruct (Google)
B | lama-3-8B-Instruct (Meta)
B DeepSeek-LLM-7B-Chat

B Qwen2.5-7B-Instruct (Alibaba)

B GPT-4.1 (OpenAl) proprietary

Experimental Design

Three training-testing scenarios were
employed to assess cross-linguistic generali-
sation: in-language (train and test on the same
language: EN=EN, LT=»LT, RU=RU); cross-lin-
gual (train on one language, test on another:
EN=LT, EN»RU, etc.); and multilingual (combine
training data from all three languages, test on

Techniques compared

B Zero-shot prompting: Direct task

instructions only

RAG (retrieval-augmented): Five similar
labelled examples via Language Agnostic
BERT Sentence Embeddings (LaBSE)

Fine-tuning (LoRA): Parameter-efficient
weight adaptation

each separately). Each fine-tuning experiment
was conducted three times with different
random seeds to calculate 95% confidence
intervals, ensuring statistical robustness.

Performance was measured using
weighted-F1 for stance detection (accounting



for class imbalance across targets) and mac-
ro-F1for sentiment analysis (treating all classes
equally). These metrics provide more reliable

assessment than simple accuracy, particularly
for imbalanced datasets where majority-class
prediction would artificially inflate scores.

Key Research Findings

RQ1: Model Performance Comparison

FINDING: Gemma 2:9B emerged as the
dominant performer across most experimen-
tal configurations, consistently achieving the
highest scores for stance detection regardless
of language or training scenario. For sentiment
analysis, results showed slightly more vari-
ation, with DeepSeek-7B achieving the best

English Lithuanian

Stance: 0.760 + 0.007
Sentiment: 0.703 + 0.132
~1in 4 errors

TABLE 2. Model Performance Comparison by language

Stance: 0.717 + 0.046
Sentiment: 0.787 + 0.098
~1in 4 errors

English results and Llama-3.1-8B excelling on
Lithuanian, though Gemma 2:9B remained the
top performer for Russian.

Performance by language (best
achieved scores):

Russian
Stance: BI68B + 0.138

Sentiment: BIGH8 + 0.040

~in 3 errors /A

RQ2: Impact of Adaptation Strategies

FINDING: Fine-tuning consistently
outperformed both RAG and prompting,
with improvements ranging from 0.02 to
0.38 F1 points over RAG. Crucially, fine-tuned

lightweight open-weight models (7-9B
parameters) outperformed the much larger
proprietary GPT-4.1 when the latter relied on
prompting or RAG approaches.

4> TECHNIQUE PERFORMANCE HIERARCHY

Fine-tuning P Best performance across all configurations

RAG P Moderate improvement (+0.07 to +0.20 F1 over prompting)

Prompting P Baseline performance only

RAG showed minimal benefit for senti-
ment analysis compared to stance detection
as sentiment classification is already well
represented in LLM pre-training data. Stance

detection towards specific geopolitical en-
tities, being more specialised and context
dependent, benefits more substantially from
retrieved examples.



RQ3: Cross-Language and Target Variation

FINDING: Russian consistently showed
the weakest performance, with both low-
er absolute scores and higher variability
(£0.138 confidence interval vs +0.007 for
English). English maintained the most stable

/\ OPERATIONAL INTERPRETATION

performance across configurations. Notably,
Lithuanian achieved surprisingly strong
sentiment analysis results, actually outper-
forming English.

For a team processing 1000 Russian-language posts daily, the performance gap
translates to 300+ additional misclassified items compared to English, which is significant
enough to obscure emerging narratives or generate substantial analytical noise. The wider
confidence interval further indicates that Russian-language results are less predictable

across different model configurations.

Analysis of stance correlations across
targets revealed predictable alignment
patterns: texts favouring Ukraine typically
opposed Russia, while pro-Russian stances
often correlated with negative positions

towards NATO. These correlation patterns
varied by language community, reflecting
different geopolitical perspectives in English,
Lithuanian, and Russian discourse.

Operational Application within a
Hypothetical Scenario

/\ THE COST OF CAPABILITY GAPS

A monitoring cell tracks discourse
during a military exercise. Its LLM-powered
dashboard flags 847 English posts express-
ing a negative stance towards NATO, trig-
gering analyst review and rapid response.

Simultaneously 1200 Russian-
language posts expressing anti-NATO
sentiment circulate in Russian-speaking
communities. Due to the 9% performance

10

gap, only 680 are correctly classified.
The remaining 520, nearly half, are coded
neutral or missed entirely. The coordinated
nature goes undetected.

Two weeks later, polling shows a
measurable shift in attitudes. Post hoc
analysis reveals the missed campaign, but
the information window has closed.



Strategic Implications

Adversary Exploitation

The performance disparities document-
ed in this research reflect broader patterns
in Al development that sophisticated adver-
saries understand. Hostile actors may delib-
erately concentrate influence operations in

Resource Allocation

The finding that fine-tuned smaller
models outperform larger commercial mod-
els suggests a cost-effective path. Rather
than premium API access, organisations may

Recommendations

IMMEDIATE Within weeks

linguistic spaces where automated detection
performs worst. Russian-language content
targeting Baltic Russian-speaking minorities
represents precisely this vulnerability.

achieve better results investing in fine-tun-
ing open-weight model — providing greater
control over data handling and operational
security.

~> Audit current tool performance by language against labelled samples
-> Implement differentiated verification such as 50% higher review rate for Russian

content

-> Adjust alert thresholds for Russian to compensate for under-detection

NEAR-TERM within months

-> Develop language-specific fine-tuned models (Gemma 2:9B recommended)
—> Build labelled training datasets specific to regional targets and entities
—> Establish performance benchmarks for ongoing evaluation

STRATEGIC 0Ongoing

- Pursue regional data-sharing partnerships with Baltic and NATO partners
-2 Integrate capability gaps into threat modelling to war-game adversary exploitation
-> Advocate for multilingual Al research priorities in policy forums

11



Conclusion

The promise of LLM-powered analysis
must be tempered by recognition of capability
gaps. Current LLMs represent a substantial
advancement over previous generations as
they are more capable, multilingual, and more
accessible than ever before. Yet they still fall
short of their promise when applied to small
languages and politically sensitive content.
The performance disparities documented in
this research demonstrate that out-of-the-box
deployment, even of state-of-the-art models,
delivers unreliable results in precisely the lin-
guistic environments most relevant to Eastern
European security.

These gaps create both operational
challenges and exploitable vulnerabilities.
However, they are not immutable. Investment
in careful data engineering and model
fine-tuning can substantially close perfor-
mance differences, as evidenced by the 38%
improvement achieved through LoRA adap-
tation in this study. The path forward is not
to wait for better foundation models, but to
actively adapt existing ones.

12

Critically this research underscores
the necessity of extensive per-language and
per-geography performance comparison.
Assumptions that a model performing well in
English would transfer to Lithuanian or Russian
are demonstrably false. Organisations deploy-
ing LLM-powered tools for strategic communi-
cation must conduct rigorous, language-spe-
cific benchmarking before operational use,
and repeat such evaluations as models and
information environments evolve.

For strategic communication practition-
ers, the imperative is clear: acknowledge cur-
rent limitations, implement compensating ver-
ification measures, invest in language-specific
fine-tuning, and build evaluation frameworks
that match the multilingual reality of modern
information competition.
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