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Abstract: Sentiment analysis has become an important tool for understanding public opinion across languages
and domains. Recently, there has been an increase in the number of studies on sentiment analysis in low-
resource languages such as Kazakh. This is important to ensure that modern text analysis technologies are
accessible to all users, regardless of their language background. The aim of the study is to create a sentiment
analysis model for analyzing texts in Kazakh. As part of this work, we aim to use fine-tuning techniques on our
own dataset for already existing models, thus improving their accuracy and efficiency for analyzing Kazakh
language texts. This paper presents a manually collected dataset "KazIntTelCom" from the city information
service 2GIS, consisting of user reviews, manually annotated by the authors taking into account the polarity of
sentiment (i.e. negative positive or neutral). This dataset was used to fine-tune two pre-trained multi-lingual
Transformer-based sentiment analysis models taken from the HuggingFace platform. The distillBERT and
XLM-RoBERTa models were used for tuning. Also, the models were tested on the dataset "KazSAnDRA". The
results show that accurate tuning even on a relatively small dataset gives a significant increase in performance,
which is confirmed by an increase in the accuracy index by 20%-30%. In addition, false misses and false
detections are analyzed, which allows us to identify directions for further improvement of the models. The
contribution of this work, in addition to the dataset, is the analysis of model errors, which will help future
developers to make more accurate settings of hyperparameters of training for sentiment analysis in Kazakh.
These results are important for natural language processing and their adaptation to low-resource languages,
promoting more inclusive and equitable access to modern analytical tools. Thus, this study demonstrates the
effectiveness of the Transformers architecture for sentiment analysis in Kazakh and opens new opportunities
for further model improvement.

Keywords: sentiment analysis; natural language processing; fine tuning; BERT; transformers

Introduction

Sentiment analysis models have become very popular recently, especially due to the
development of Transformer technologies that allow analyzing large amounts of textual information
quickly and efficiently. The Hugging Face portal has published a huge variety of sentiment analysis
models for a multitude of languages and subject areas. Sentiment analytics allows you to classify
people's feedback by emotional tone for the industries of food service, telecom, healthcare, e-
commerce, and so on. Depending on the task, the result of this categorization provides insight into
the reaction of certain user groups to a certain phenomenon. But it is important to realize that there
are a huge number of languages and dialects in the world, and not all of them have resources available
to create and train an effective sentiment analysis model. In this paper, due to the limited training
data, one of the low-resource languages - Kazakh - is considered.

The current approaches of sentiment analysis are based on the Transformer architecture. The
aim of the study is to create a sentiment-analysis model for analyzing texts in Kazakh language. In
this work, we aim to use fine-tuning methods on our own dataset for already existing models, thus
improving their accuracy and efficiency for analyzing Kazakh language texts. The problem statement
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of sentiment analysis in the chosen subject area is as follows. There are reviews in the Internet in the
Kazakh language. It is necessary to determine the polarity of the review (i.e. negative, positive or
neutral) without human involvement. To achieve the goal of the work the following tasks were set:

1. Data collection and processing — since one of the main problems for low-resource languages
is the lack of training data, the first step will be to systematically collect and annotate reviews in the
Kazakh language from the city information service 2GIS [1] into a single dataset called
"KazIntTelCom".

2. Model selection and fine-tuning — it is planned to take multilingual models from the
HuggingFace platform [2] and adapt them to the specifics of the Kazakh language using the fine-
tuning method.

3. Evaluation and comparison of the model — analysis of the results obtained and evaluation of

efficiency.

Literature Review

There are many areas for which sentiment analysis methods are important. These include
medicine, public services, hospitality and catering, and the movie industry. In the medical field, the
most relevant research topic for sentiment analysis was the global pandemic COVID-19. People had
to spend more time at home, the Internet became the main means of communication. Public attention
focused on discussing current events, including restrictive measures, health status, and available
services. People actively shared their opinions and feedback through social media. This created an
urgent need for government agencies and businesses to understand public opinion in order to
adequately respond to a rapidly changing situation. Studies [3-7] analyze sentiment in tweets on
COVID-19 by applying various NLP and machine learning models and techniques. The papers
evaluate the effectiveness of BERTje and RobBERT models on Dutch, as well as recurrent neural
networks and the Valence Aware and Sentiment Reasoner dictionary methods for classifying tweets
based on emotional coloration. Results highlight the division of public sentiment regarding COVID-
19 vaccination, expressed in fluctuations ranging from optimism to skepticism, and reveal geographic
differences in vaccine perceptions, with the greatest optimism in the United Arab Emirates and
predominant skepticism in Brazil. A particular focus of these studies is adapting and tuning models
to analyze social media texts, which not only improves the accuracy of emotion classification, but also
provides a deeper understanding of public opinion. These results demonstrate the importance of
using advanced machine learning technologies to interpret complex social phenomena such as the
COVID-19 pandemic and highlight the potential of these technologies to assess and predict changes
in public sentiment in real time.

Studies [8-10] analyze cultural aspects and sentiment in the hospitality and service industry
using data from reviews on TripAdvisor and social media analysis. The study [8] analyzed 390,236
terms from complaints from guests from 63 countries staying in 353 hotels in the UK to identify
cultural differences in service perceptions between Asian and non-Asian customers. In [9], a
multimodal analysis of social media content in the hospitality industry was carried out, emphasizing
the low engagement between hotel brands and users. The work of [10] reveals the importance of
Hispanic employees in the hospitality industry, emphasizing the need to address their needs to
improve overall satisfaction and performance.

Studies [11-13] analyze aspect-based sentiment analysis and government interaction with
citizens through social media, using lexicons and rules to classify feedback and analyze emotions in
the context of government projects and mobile applications. In [11], an integrated lexicon and rule-
based model is applied to identify explicit and implicit aspects of feedback to optimize intelligent
services. [12] uses social network analysis to assess public perception of the Statue of Unity project,
and [13] explores visualization techniques to analyze activity and reactions to tweets about
government initiatives, showing how visual and emotional analysis can contribute to understanding
civic participation and reactions to government actions. These studies emphasize the importance of
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sentiment analysis and social media interactions for improving government services and
communication.

Regarding recent research on sentiment analysis for the Kazakh language, a number of studies
[14-18] have examined various methods for sentiment analysis of Kazakh language texts, including
building a dictionary of Kazakh sentiment words and developing rules based on morphological and
ontological models. Pre-trained transformer models like BERT and GPT were also investigated to
compensate for the lack of specialized models and annotated datasets. Experiments showed that
multilingual models pre-trained in multiple languages performed better in sentiment analysis than
models specifically trained for other languages with linguistic similarities, such as Turkish. Moreover,
even a small amount of fine-tuning on Kazakh samples significantly improved the models'
performance, emphasizing the effectiveness of transfer learning methods for resource-limited
languages.

Research Methods

This section describes the methods used for the first and second tasks. The research scheme is
shown in Figure 1.

Research design

. Selecting random subset of
Loading dataset 3000 rows

-

dataset

dataset

KazSAnDRA | KazIntTelCom

= Counting accuracy
& - on KazSAnDRA dataset
g ’60 Downloading

'E 9 Fine-tuning Testing

—_ = 9

= Counting accuracy
= on KazintTelCom dataset

Figure 1. Research design.

Data Collection and Processing

Due to the scarcity of the Kazakh language, there are very few high-quality datasets in the public
domain, so we have collected the KazIntTelCom dataset consisting of reviews in the Kazakh language
from the city information service 2GIS. A hand-selected dataset was focused on the topics of
"Internet", "Communications", "Providers". Parsing has covered almost all large cities of Kazakhstan,
this is due to the fact that the number of people writing reviews in the state language is generally
low. Figure 2 below shows a segment from the dataset.
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Figure 2. A segment from a test case.

Nevertheless, the volume of KazIntTelCom was just over 700 entries, which are lexically mixed
in two forms: (a) words written entirely in Kazakh, (b) words. written in a mixture of Kazakh and
Russian. After analyzing the dataset, each review was assigned a corresponding value: 1 — positive, -
1 negative, 0 — neutral.

Selecting Models and Fine-Tuning

In the course of this work, two pre-trained BERT-based models were taken from the
Transformers library from the HuggingFace platform. The first of these is "distilbert-base-
multilingual-cased-sentiments-student”, a multilingual sentiment analysis model developed by Lik
Xun Yuan [19]. From now on, we will call the first model "distilbert student". This model is trained
on a multilingual-sentiments dataset compiled by Tay Yong Qiang [20], which includes texts in 12
different languages: Arabic, Catalan, English, French, German, Hindi, Indonesian, Italian, Japanese,
Malay, Portuguese, and Spanish. The dataset is a set of datasets of 13 different datasets, each of which
covers different topics: "IndoNLU (EmoT)", "IndoNLU (SmSA)", "IndoNLU (CASA)", "IndoNLU
(HoASA)", "Multilingual Amazon Reviews", "GoEmotions", "Offenseval Dravidian", "SemEval-2018
Task 1: Affect in Tweets", "Emotion", "IMDB", "Amazon Polarity", "Yelp Reviews", "Yelp Polarity". The
second model is the multilingual model "twitter-XLM-roBERTa-base for Sentiment Analysis" created
by Francesco Barbieri, Luis Espinosa Anke, Jose Camacho-Collados, based on XLM-roBERTa [21].
From now on, we will call the second model "XLM roberta". Using the Twitter API, they managed
to collect 198 million tweets in 65 languages published between May 18 and March 20, 2022. An
important aspect of choosing the above models is their multilingualism, training on a rich dataset,
and built-in zero-shot learning. These sentiment analysis models have not been trained to analyze
reviews in the Kazakh language, and thanks to the zero-shot training built into their functionality,
we can use them in the context of a research task.

In order for the model to more accurately determine the sentiment of reviews, it needs to be
further trained, that is, fine-tuning on our dataset. We will perform Python code and debugging in
the Google Colab cloud development service [22], which provides the ability to run Jupyter
notebooks in Python 3 online on Google servers. In this service, you can execute a certain piece of
code in separate blocks and implement the project on CPU, GPU, and TPU capacities. Having a
dataset consisting of 702 records, we take a little more than 75% — 538 records — to retrain the model
using the T4 GPU. Out of 538 records, we select 10% as validation. The remaining 164 entries will be
used for testing. We have defined the learning arguments as shown in Figure 3. These
hyperparameters will be used for two models.
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training args = TrainingArguments(
output dir='/content/results’,
num_train_epochs=1e,
per_device train batch size=1e6,
per_device eval batch size=64,
warmup_steps=34,
weight decay=0.01,
logging dir="./logs",
logging steps=10,
evaluation strategy="epoch",
save_strategy="epoch"”,
load best model at end=True,
metric_for best model='accuracy’,

Figure 3. Parameters of fine-tuning the model.

Results

d0i:10.20944/preprints202405.1300.v1

Using the accuracy function, we determined the performance of the models. The results of the
pre- and post-training sentiment analysis are shown in Table 1. The performance of the models has
increased as expected. As can be seen from the comparison of models, the first model before
additional training did better, showing an accuracy result of 63%, surpassing the second model with
an accuracy of 59%. However, after additional training, the predictive power of the first model
increased by 24%, showing a result of 87%, and the predictive power of the second model increased
by 33%, showing a result of 92%. The inaccuracy matrices for the two models before and after fine-
tuning are shown in Figures 4-7, respectively. It should be noted that the performance of the xIm
roberta model after fine-tuning increases due to more accurate predictions for neutral samples.

Table 1. Results before and after fine-tuning using KazIntTelCom dataset.

Model distilbert student xIm roberta
Accuracy before fine-
i 63% 59%
tuning
Accuracy after fine-
i 87% 92%
tuning

Confusion Matrix of distilbert student model on KazIntTelCom

Actual

e_Neutral True_Positive

gative Tru

True_Ne

!
Pred_Neutral
Predicted

!
Pred_Positive Pred_Negative

Figure 4. The confusion matrix for distilbert student.
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Confusion Matrix of xIm reberta model on KazintTelCom
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Figure 5. The confusion matrix for xIm roberta.

Confusion Matrix of fine-tuned distilbert student model on KazintTelCom
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Figure 6. The confusion matrix for fine-tuned distilbert student.

Confusion Matrix of fine-tuned xIm roberta model on KazIntTelCom
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Figure 7. The confusion matrix for fine-tuned xIm roberta.

We also tested the models on the KazSAnDRA dataset provided in [8], taking the first 3000
records and comparing the results with theirs. Testing was carried out in two stages: the first stage
was preliminary testing of models, the second stage was testing models after additional training. The
test results are shown in Table 2.

Table 2. Results before and after fine-tuning using KazSAnDRA dataset.

Model distilbert student xlm roberta RemBERT [18]
Accuracy before before after before after
and after fine- 89%
) 38% 61% 47% 79%
tuning

The xIm roberta model turned out to be closer to the performance indicators [8] than the first
model. Confusion matrix before and after follow-up are shown in Figures 8-11.
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Confusion matrix of distilbert student model on KazSAnDRA
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Figure 8. The confusion matrix for distilbert student on KazSAnDRA dataset.

Confusion matrix of xIm roberta model on KazSAnDRA

o
2
=
I
g 0 56 1000
ml
2
2 800
™
-]
T 2
23 0 277 600
En
2
£
v - 400
2
=]
&
g - 334 0 223 -200
ml
2
= i ! : -0
Pred_Positive Pred_Neutral Pred_Negative
Predicted

Figure 9. The confusion matrix for xIm roberta on KazSAnDRA dataset.

Confusion matrix of fine-tuned distilbert student model on KazSAnDRA

2 1400
2
g 0 165
) 1200
o
2
= 1000
o
_ =
€3 800
22- 61 0 26
& ﬂJI
E] - 600
=
@
2 -400
S
a 904 0 365
ZI - 200
v
2
= | i -0
Pred_Positive Pred_Neutral Pred_Negative
Predicted

Figure 10. The confusion matrix for fine-tuned distilbert student on KazSAnDRA dataset.
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Figure 11. The confusion matrix for fine-tuned xIm roberta on KazSAnDRA dataset.

Discussion
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As we can see from the model pre-use cofusion matrices on the KazIntTelCom dataset, the
distilbert student model performs better in correctly identifying negative reviews, while the xIm
roberta model performs better in identifying positive and non-truthful reviews. However, after fine-
tuning models, the second model shows better results in identifying positive and non-truthful
reviews, while with negative reviews both models showed almost the same results, perhaps this is
due to the vocabulary of the dataset KazIntTelCom, namely case, emoji, language mix or the
difference of words and letters. As for testing the models on the KazSAnDRA dataset, the inaccuracy
matrices show that both models have difficulties in identifying neutral responses, which emphasizes
the need to improve the processing algorithms or enrich the training dataset with examples of neutral
statements. Perhaps a more balanced distribution of classes in the training samples would help avoid
biasing the models towards more frequent classes. Although our pre-trained models are inferior to
the pre-trained models from [8], it is worth noting that their models are not trained to detect neutral
reviews, unlike ours. It should also be noted that there is a difference in the volume of datasets. Thus,
the fine-tuning method increases the efficiency of predictive power by 20-30% on average, which is
not the limit if we adjust the hyperparameters of pre-training and train on a high-quality dataset.

Conclusions

This study demonstrated how multilingual machine learning models can be adapted to work
with Kazakh language texts. The results before and after pre-training showed a significant
improvement in the accuracy of the models, confirming the effectiveness of the fine-tuning method.
The comparison of models showed that the second model, based on XLM-roBERTa, came out on top
after pre-training, indicating that it is more flexible and adaptive to the dynamics of a dataset
containing mixed language data. Also, the work on this study emphasized the importance of having
a high-quality and high-dimensional dataset for model training and testing. The training dataset
consisted of a total of 702 samples of positive, negative and neutral reviews, generated by random
sampling from the 2GIS service. Also testing was conducted on the dataset KazSAnDRA in the
volume of the first 3000 records from [8] and was found an increase in predictive power by an average
of 20-30% both when testing their own dataset and theirs. Even with such a small training sample, a
performance gain in the predictive power of sentiment analysis was obtained. This promises the
promise of this approach for future works. will be related to the improvement of training datasets.
To achieve better performance and quality of models, further improvement of training datasets as
well as learning and tuning of training hyperparameters is needed.
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