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Abstract
This study examines the capability of LLMs
to predict emotional ratings of Russian words
by comparing their assessments with both na-
tive speakers’ ratings and expert evaluations.
The research utilises two datasets: the EN-
RuN database containing associative emotional
ratings of Russian nouns by native speakers,
and RusEmoLex, an expert-compiled lexicon.
Various open-source LLMs were evaluated, in-
cluding international models (Llama-3, Qwen
2.5), Russian-developed models, and Russian-
adapted variants, representing three parameter
scales. The findings reveal distinct patterns in
model performance: Russian-adapted models
demonstrated superior alignment with native
speakers’ ratings, whilst model size was not
a decisive factor. Conversely, larger models
showed better performance in matching expert
assessments, with language adaptation having
minimal impact. Emotional or sensitive lexis
with strong connotations produce a more sub-
stantial human-model gap.

1 Introduction

Recent advances in Large Language Models
(LLMs) have demonstrated remarkable capabilities
in various natural language processing (NLP) tasks,
including emotion analysis. Previous research on
emotions expressed in text has primarily focused
on emotion detection and categorization (Acheam-
pong et al., 2020; Kazyulina et al., 2021; Bostan
and Klinger, 2024; Cavicchio, 2025). However, the
widespread adoption of chatbots and advancement
of LLMs have necessitated not only the recognition
and classification of emotions but also the authentic
simulation of emotional responses during human-
computer interactions. Consequently, the study of
LLMs’ emotional intelligence has become increas-
ingly relevant (see, for example, Raj, 2024; Chen
et al., 2024; Huang et al., 2024; Dalal et al., 2025).

It is important to note that in emotion analy-
sis, as in many other areas of NLP, research con-

ducted on English language material continues to
dominate the field (for a detailed discussion, see
De Bruyne, 2023). Cross-cultural variations in
emotional expression raise concerns about LLMs’
ability to adapt to different linguistic contexts and
cultural value systems.

One approach to studying LLMs’ emotional be-
haviour and comparing it with human responses is
to examine emotional ratings of individual lexical
items. Emotional word ratings can be categorised
into two distinct methodologies: associative and
expert-based evaluations. Associative emotional
assessment refers to survey results, in which respon-
dents evaluate the degree to which lexical units are
associated with specific emotions. These experi-
ments can employ any words as stimuli, regardless
of their direct connection to emotional domains
(see, for example, Mohammad and Turney, 2013;
Domingues Aparecido et al., 2025). Expert-based
emotional assessment, conversely, relies on spe-
cialized linguistic resources such as dictionaries or
thesauri dedicated to specific semantic categories –
in this case, emotional lexis. These resources, de-
veloped specifically to compile emotional lexicons,
exclusively contain words that experts have iden-
tified as expressing or indicating emotions (for a
detailed discussion, see Mohammad, 2023).

This study aims to compare human emotional
ratings of Russian words with those generated by
LLMs. The research examines both native speak-
ers’ associative emotional assessments and expert
evaluations. For associative ratings, we utilize the
ENRuN (Emotional Norms for Russian Nouns)
database (Sysoeva and Lyusin, 2024), comprising
ratings for 1,800 Russian nouns. Expert evalua-
tions are derived from the Russian Emotion Lexi-
con (RusEmoLex) (Iaroshenko and Loukachevitch,
2025b), which provides emotional categorization
for 1,024 words. RusEmoLex’s lexical inclusion
criteria primarily rely on specialized linguistic re-
sources (dictionaries, thesauri, and corpus data).
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The study employs open-source models of vary-
ing scales (three categories: 7-8B, 32B, and 70B pa-
rameters) and diverse origins: international models
(Llama-3, Qwen 2.5), Russian-developed models,
and Russian-adapted variants.

We aim to answer the following research ques-
tions (RQs): RQ1: How accurately do open-source
LLMs predict emotional word ratings in Russian
when compared to native speakers’ and expert as-
sessments? RQ2: To what extent does model size
affect the quality of emotional assessment? RQ3:
Do Russian-adapted models demonstrate superior
performance in emotional rating predictions com-
pared to their non-adapted counterparts?

2 Related Work

During the last few years, research on LLM empa-
thy and emotional intelligence has expanded, em-
ploying advanced benchmarks to evaluate models’
emotional responses across varied scenarios.

EmotionBench (Huang et al., 2024) introduces a
theoretically grounded methodology derived from
psychological emotion appraisal theory (Roseman
and Smith, 2001). The researchers identified dis-
tinct situational factors that elicit specific emotional
responses. The comparative analysis between LLM
responses and human assessments revealed that
while LLMs can provide appropriate responses,
they demonstrate significant limitations in aligning
with human emotional behaviour.

The authors of (Sabour et al., 2024) introduced
EmoBench, a comprehensive evaluation framework
in English and Chinese. The benchmark is struc-
tured around two primary assessment areas: Emo-
tional Understanding and Application. In the Un-
derstanding component, LLMs must identify emo-
tions and their underlying causes, with particular
emphasis on complex, ambiguous situations. The
Application component evaluates models’ ability
to select appropriate responses to given scenarios.
The findings revealed that human participants out-
performed LLMs across both tasks, albeit by a
modest margin.

A notable contribution to understanding LLMs’
emotional capabilities comes from research em-
ploying standardized psychological assessment
tools. The study by (Vzorin et al., 2024) assessed
LLM emotional intelligence through the Russian
version of the Mayer-Salovey-Caruso Emotional
Intelligence Test (MSCEIT). (Dalal et al., 2025)
employed established psychological instruments:

the Trait Emotional Intelligence Questionnaire
(TEIQue) (Petrides, 2009) and the Situational Eval-
uation of Complex Emotional Understanding (SE-
CEU) (MacCann and Roberts, 2008).

While recent research has made substantial
progress in evaluating LLMs’ emotional intelli-
gence capabilities, most studies have focused on
the English language. The need to investigate emo-
tional intelligence across different linguistic and
cultural contexts remains a crucial research direc-
tion.

3 Methodology

The primary objective of this study is to evaluate
LLMs’ ability to assess Russian words for their
emotional associations and to compare these as-
sessments with human ratings. With this aim, we
use the ENRuN database, based on native speaker
scores, and the Russian Emotion Lexicon, con-
structed by professional linguists.

Data. The ENRuN database (Sysoeva and
Lyusin, 2024)1 provides emotional ratings for
1,800 Russian nouns, evaluated through both di-
mensional (valence and arousal) and categorical
(happiness, sadness, anger, fear, and disgust) ap-
proaches. For the present analysis, we utilize av-
eraged categorical ratings, where respondents as-
sessed word-emotion associations on a five-point
scale.

RusEmoLex (Iaroshenko and Loukachevitch,
2025b) comprises 1,024 Russian lexical items
representing various parts of speech. Each en-
try is annotated with one of five emotional cate-
gories: happiness, sadness, anger, fear, and surprise.
RusEmoLex was developed by integrating various
Russian emotional vocabulary resources, with ex-
pert linguistic sources serving as the primary foun-
dation: dictionaries and thesauri (Shvedova, 1998;
Babenko, 2022), and data from the semantically
annotated section of the Russian National Corpus
(Savchuk et al., 2024).

To enable comparison between RusEmoLex and
ENRuN datasets, RusEmoLex entries were con-
verted to numerical ratings: words labeled with a
specific emotion (e.g., happiness) were assigned
a maximum score (5) for that emotion and zero
scores for all other emotional categories.

1The current version of the ENRuN database can be pro-
vided to researchers upon request. At the time of this study,
the database included responses from 692 participants, with
data collection continuing as an ongoing process.
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Models. We employ open-source LLMs ranging
from 7B to 70B parameters, representing three cat-
egories by origin: international models (Qwen 2.5-
32B and 7B, Llama-3), Russian-developed mod-
els (YandexGPT 5 Lite), and models adapted for
Russian through enhanced training and tokeniza-
tion (T-lite-it-1.0, T-pro-it-1.0, RuadaptQwen2.5-
7B, RuadaptQwen2.5-32B-Pro-Beta). A complete
list of models, along with their references are pro-
vided in Appendix A.

Hyperparameters. The experiments employ the
following hyperparameters: temperature was set
to 0.2 to ensure relatively consistent outputs while
maintaining some degree of creativity; a repetition
penalty of 1.2 was implemented to discourage uni-
form ratings across different words. For a detailed
discussion of hyperparameter effects on LLM re-
sponses in similar rating tasks, see (Iaroshenko and
Loukachevitch, 2025a).

Prompts. For the experiments, two types of
prompts were employed. The SPEAKER prompt,
based on the instructions given to participants in the
ENRuN database evaluation experiment (Lyusin
and Sysoeva, 2025), was used to assess emotional
words from a native speaker’s perspective. The
EXPERT prompt was designed to evaluate words
from an expert’s viewpoint. Several versions of
this prompt were tested, including one with an
additional “Background Information” section that
provided a theoretical definition of emotional vo-
cabulary and examples of words belonging to this
semantic class. While this approach was hypoth-
esised to enhance expert-based evaluation, main-
taining the SPEAKER prompt structure proved to
be the most effective. The prompts used in the ex-
periment follow a similar structure, including role
designation (either a native speaker participant or a
linguistics researcher specialising in semantics) and
task description. Both prompts maintain identical
task descriptions but vary in their role specifica-
tions. The original ENRuN instruction, SPEAKER
and EXPERT prompts used in the experiments are
presented in Appendices B and C.

4 Experiment

To compare LLM evaluations with human ratings
across both datasets, LLM assessments were aver-
aged over three iterations. This reduced the impact
of LLM response variability, enhancing result re-
liability and objectivity. For the ENRuN database
comparisons, the standard deviation was employed

Size Model Name Std Dev
70B Llama-3 1.16
32B RuadaptQwen-32B 0.93
32B T-pro 1.08
32B Qwen-32B 1.15
8B YaGPT5-Lite 1.05
7B RuadaptQwen-7B 1.18
7B T-lite 1.22
7B Qwen-7B 1.23

Table 1: ENRuN evaluation results

as the evaluation metric. RusEmoLex analysis
utilised both standard deviation and F-measure, as
its original data format involves categorical emo-
tional classification of words.

ENRuN. Table 1 presents a comparison between
averaged LLM ratings and Russian native speaker
assessments from the ENRuN database. To inter-
pret these results, we first examine inter-human
variability: when different people rate the same
emotional associations in ENRuN, their assess-
ments vary with an average standard deviation of
1.16 across all words and emotions. The values re-
ported in Table 1 measure how much each model’s
ratings deviate from the averaged human assess-
ments. Russian-adapted models demonstrated the
closest alignment with human evaluations, deviat-
ing from human consensus less than humans de-
viate from each other: RuadaptQwen2.5-32B-Pro-
Beta achieved the lowest standard deviation (0.93),
followed by YandexGPT 5 Lite (1.05), which, de-
spite its small size, outperformed the larger Llama-
3 model (1.16). Notably, smaller adapted models
(RuadaptQwen2.5-7B: 1.18, T-lite: 1.22) outper-
formed their original versions (Qwen2.5-7B: 1.23).
These results suggest that modern LLMs align with
native speaker assessments of emotional associa-
tions at a level comparable to human performance.

RusEmoLex. Table 2 presents the comparison
results between averaged LLM ratings and expert
assessments based on RusEmoLex. Two prompts
were employed for this dataset: EXPERT, which
assigned the LLM the role of a professional lin-
guist, and SPEAKER, which was used for ENRuN.
Notably, the role differentiation in prompts did not
significantly affect the final results.

For the RusEmoLex, medium-scale models
(Qwen 2.5-32B and T-pro) achieved the best perfor-
mance by standard deviation metrics, while small-
scale models (7-8B) consistently showed higher
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Size Model EXPERT SPEAKER EXPERT SPEAKER
Std Dev Std Dev F1 F1

70B Llama-3 1.51 1.50 0.79 0.77
32B Qwen 2.5-32B 1.45 1.48 0.77 0.76
32B T-pro 1.46 1.45 0.77 0.78
32B RuadaptQwen2.5-32B 1.51 1.55 0.77 0.75
8B YandexGPT 5 Lite 1.48 1.52 0.75 0.70
7B T-lite 1.61 1.68 0.64 0.59
7B RuadaptQwen2.5-7B 1.63 1.60 0.63 0.62
7B Qwen 2.5-7B 1.66 1.48 0.53 0.68

Table 2: RusEmoLex evaluation results

deviation values. This pattern is further supported
by F-measure analysis, where medium-scale (32B)
and larger models (Llama-3 70B) demonstrated
similar performance (0.75-0.79), outperforming
smaller models. Notably, Russian-adapted mod-
els showed no distinct advantage in this evaluation.

5 Discussion

The results demonstrate that modern LLMs can
achieve reasonable alignment with human assess-
ments, though with varying degrees of success.

On the ENRuN dataset, RuadaptQwen2.5-32B-
Pro-Beta, adapted for Russian, demonstrated the
highest performance. Model size, however, was
not a decisive factor: YandexGPT 5 Lite (8B)
ranked second, outperforming larger models in-
cluding Llama-3. Generally, the Russian-adapted
versions showed closer alignment with human rat-
ings compared to their original counterparts.

For the RusEmoLex dataset, large (Llama-3)
and medium-sized models (Qwen 2.5-32B, T-pro)
proved to be more effective, whilst Russian adapta-
tion showed no significant impact on performance.

Thus, adapted model versions demonstrated
closer alignment with native speakers’ emotional
ratings rather than expert assessments. This sug-
gests that tokenizer modifications and additional
training on Russian-language data led to better
adaptation to native speakers’ perceptions. Con-
versely, model size emerged as the crucial factor
in alignment with expert evaluations. The compi-
lation of an emotional vocabulary requires profes-
sional linguistic expertise, which may explain why
model size proved more significant than Russian
language adaptation.

Furthermore, this disparity in results may be
attributed to differences in the evaluated lexical
content. The ENRuN database comprises words se-

lected based on formal, semantically-neutral crite-
ria, and consequently contains considerable lexical
diversity. Conversely, RusEmoLex was developed
by intersecting emotional word lists from various
resources, primarily emphasising dictionary and
corpus data; its lexical composition therefore pre-
dominantly comprises emotion words.

For a more in-depth analysis of how the EN-
RuN database’s lexical composition influences the
divergence between LLM and human responses,
diagnostic lexical groups were formed from the
database, and the standard deviations between
LLM and human ratings were examined for each
group. The first group, comprising neutral words,
included all words with ratings of 1.5 or below
across all emotions (555 words; e.g. parking, shoe,
website). The second group consisted of words
from RusEmoLex (57 words; e.g. joy, worry, jeal-
ousy). The third group, comprising emotion-related
words, included words with ratings of 3.5 or above
for at least one emotion, representing lexical items
eliciting the strongest emotional responses. This
group encompassed both direct emotion terms (de-
spair, despondency, melancholy) and sensitive lexis
with marked connotations (positive: baby, safety,
friendliness; negative: corruption, orphan, alco-
holism).

See Figure 1 for the average standard deviations
between human and LLM ratings across these three
lexical groups. Lower standard deviation values
indicate greater agreement between human and
model ratings. Comparison of human and model
ratings revealed a consistent trend: neutral words
exhibited the lowest standard deviation across all
models (mean STD = 0.85), whilst the RusEmoLex
group showed the highest deviation (mean STD =
1.30), followed by emotion-related words (mean
STD = 1.24). Thus, emotional or sensitive lexis
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Figure 1: Average standard deviations between human and LLM ratings by lexical group in the ENRuN database

with strong connotations produce a more substan-
tial human-model gap, whereas agreement is higher
for neutral lexis.

6 Conclusion

In the study, we compared emotional ratings of Rus-
sian words between open-source LLMs and human
assessments. Two datasets were employed for com-
parison: the ENRuN database, containing native
speakers’ Russian noun ratings, and RusEmoLex,
a lexicon developed from expert linguistic sources.

Addressing RQ-1, the models demonstrated a
relatively high correlation with human word assess-
ments (best results: standard deviation of 0.93 for
the ENRuN dataset, standard deviation of 1.45 and
F-measure of 0.79 for RusEmoLex).

Regarding RQ-2 and RQ-3, we observed dis-
tinct patterns in model behaviour. Native speakers’
ratings were better predicted by Russian-adapted
LLMs, with model size not being a determining
factor. Expert assessments were more accurately
predicted by larger-scale models, whilst adaptation
showed no significant impact on performance.

Limitations

Dataset Scope. Two datasets were utilised as
source material. Firstly, the datasets are limited
in size (ENRuN comprises 1,800 evaluated words

and RusEmoLex — 1,024). Secondly, both datasets
include annotations of individual lexical units;
therefore, the research findings may not be rele-
vant for evaluating LLMs’ performance in context-
dependent emotional assessment. Thirdly, the com-
parison of results between the two datasets may not
be fully valid due to differences in their emotional
rating frameworks.

Model Scope. The study was limited to specific
versions of open-source models, not all possible
combinations of model sizes were tested. Among
larger-scale models, only Llama-3 was represented.
The evaluation of larger models required significant
computational resources, which might limit the
practical applicability of the findings.

The performance of LLMs might change with
future updates and new model releases. The study
represents a snapshot of current model capabilities
rather than a longitudinal assessment. These lim-
itations suggest directions for future research in
emotional assessment using LLMs for processing
the Russian language.
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A Models

This appendix provides a complete list of models,
arranged by model size with their corresponding
links.

• Llama-3 (70B): https://
huggingface.co/meta-llama/
Meta-Llama-3-70B-Instruct

• RuadaptQwen2.5-32B-Pro-Beta (32B):
https://huggingface.co/RefalMachine/
RuadaptQwen2.5-32B-Pro-Beta

• T-pro-it-1.0 (32B): https://huggingface.
co/t-tech/T-pro-it-1.0

• Qwen 2.5-32B (32B): https:
//huggingface.co/Qwen/Qwen2.
5-32B-Instruct

• YandexGPT 5 Lite (8B): https:
//huggingface.co/yandex/
YandexGPT-5-Lite-8B-instruct

• RuadaptQwen2.5-7B (7B): https:
//huggingface.co/RefalMachine/
RuadaptQwen2.5-7B-Lite-Beta

• T-lite-it-1.0 (7B): https://
huggingface.co/AnatoliiPotapov/
T-lite-instruct-0.1

• Qwen 2.5-7B (7B): https://huggingface.
co/Qwen/Qwen2.5-7B-Instruct
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B Original ENRuN instruction

This appendix describes the initial instructions
given to human respondents for creating the EN-
RuN database.

Figure 2: The ENRuN instruction
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C Prompts Used in the Study

This appendix describes the prompts used in the
current study: the SPEAKER prompt based on
the ENRuN instruction for human respondents and
the two variants of the EXPERT simulating profes-
sional linguist analysis, and also their translations
into English.

Figure 3: The SPEAKER prompt
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Figure 4: The EXPERT prompt
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Figure 5: The Rejected version of the EXPERT prompt
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