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Abstract: There is a growing interest in multilingual tweet analysis through advanced deep learning techniques. 

Identifying the sentiments of Twitter (currently known as X) users during the IPO (Initial Public Offering) is an 

important application area in the financial domain. The number of research works in this domain is less. In this paper, 

we introduced a multilingual dataset entitled as LIC IPO dataset. This work also offers a modified majority voting-

based ensemble technique in addition to our proposed dataset. This test-time ensembling technique is driven by fine-

tuning of state-of-the-art transformer-based pretrained language models used in multilingual natural language 

processing (NLP) research. Our technique has been employed to perform sentiment analysis over LIC IPO dataset. 

Performance evaluation of our technique along with five transformer-based multilingual NLP models over this dataset 

has been reported in this paper. These five models are namely a) Bernice, b) TwHIN-BERT, c) MuRIL, d) mBERT, and 

e) XLM-RoBERTa. It is found that our test-time ensemble technique solves this multi-class sentiment classification 

problem defined over the proposed dataset in a better way as compared to individual transformer models. Encouraging 

experimental outcomes confirms the efficacy of the proposed approach 
 

Index Terms: IPO, BERT, Multilingual Tweet Processing, Sentiment Analysis, Financial Social Media, Natural 

Language Processing (NLP) 

 

 

1. Introduction 

Stock markets across the world attract users from different sections of society. Several investment instruments 

present in those markets have been exercised by them to gain high rewards (monetary profit). In this study, we focus on 

IPO. In the IPO event, the shares of a company are made available to public investors on the stock market [1]. For a 

company, launching of IPO is a significant milestone. The company can now have a greater access to capital collected 

from the public. 

Researchers in corporate finance are becoming more interested in the role of social media. Social media is a good 

place to look for dominant beliefs of retail investors and common people during the launch of a new IPO [2]. Twitter is 

the most widely used online social media platform. Twitter users share their views / opinions / feelings regarding 

various financial events in the stock market. Researchers from corporate finance, behavioural economics, and deep 

learning can contribute to the development of novel applications regarding sentiment analysis of financial tweets. After 

the launch of a new IPO, such novel research prototypes can help investors to take an immediate intelligent decision 

after the listing of the company into the stock market. Such decisions may lead to high monetary returns by minimizing 

the risk.  

There are various stock markets across the globe. We focus on Indian stock market. We want to investigate the 

Life Insurance Corporation of India (LIC) IPO of Indian stock market. LIC is India’s largest insurance provider. Users 

of Indian stock market are huge and several reliable financial applications are further required to empower them with 

stable regular income. Finding multilingual financial sentiments in tweets during an IPO has several practical 

applications. Strong market interest and the possibility of larger initial returns for the public could be indicated by 

positive financial sentiment [3]. Determining the sentiment of these tweets is therefore crucial before the company is 

listed on a stock exchange. Beyond this, sentiment analysis during an initial public offering (IPO) can aid in forecasting 

a stock’s price movement on the first day of trading. Research has indicated a connection between increased IPO returns 
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and positive sentiment in tweets. Algorithmic trading strategies can incorporate sentiment analysis data. Based on trends 

in public sentiment, real-time financial sentiment analysis can offer recommendations for purchasing stocks during an 

initial public offering (IPO) [4]. To learn more about investor preferences and market positioning, companies can track 

the conversation surrounding the initial public offerings (IPOs) of their rivals. During the initial public offering (IPO) 

process, companies can monitor public perception and manage their reputation by using financial sentiment analysis 

from tweets. Regulators can monitor anomalous sentiment spikes or coordinated negative campaigns using financial 

sentiment analysis during an initial public offering (IPO) to identify possible market manipulation or fraudulent 

activities. Such oversight is required because rivals in the industry have the potential to damage a respectable and well-

known business during its initial public offering (IPO). 

The LIC IPO provides a good experimental platform for analyzing the sentiment of investors during this IPO. The 

aim of this study is to analyze the tweets of users regarding this IPO before the listing date. There is no existing dataset 

consisting of such tweets. Therefore, we need to collect those tweets and annotate them appropriately. Analysis of those 

multilingual financial tweets through state-of-the-art deep learning techniques (present in the NLP literature) is 

performed in this work. Hindi is one of the official languages of India, with approximately 691 million native speakers. 

Despite this fact, India is a multilingual country. Indians also use a combination of two languages for their social 

conversations on Twitter. This process is popularly known code mixing [5]. Since LIC IPO is a significant nation-wide 

financial event, tweets involving other regional languages can not be ignored. Those multilingual financial tweets along 

with code-mixed tweets provide a challenging experimental benchmark for the state-of-the-art NLP techniques.  

Scientific evolution of transformer-based deep learning models revolutionized the entire NLP area [6]. Novel 

applications are built by deep learning practitioners due to this evolution. The performance of most of the multilingual 

models has been shown over specific downstream tasks, which does not include sentiment classification of financial 

multi-lingual tweets involving IPO. Therefore, our case study is new. This study allows us to explore the possible 

answers to the following research question (RQ). 

 

RQ: Is it possible for pretrained multilingual language models to give good accuracy over a new downstream task 

through fine-tuning on less training data? 

 

To figure out the necessity to explore the above research question, readers should be aware of one important 

dimension of human learning process. Prior experiences are used by human beings while adapting to new and novel 

scenarios [7, 8]. Pretrained language models are found to be good for different kinds of downstream tasks of NLP. In 

essence, fine-tuning enables the language model to modify its behaviour and body of knowledge to fit the particular 

downstream task, even n cases where the task was not explicitly trained on during the pre-training stage. According to 

the NLP literature, large language models (LLMs) have proven their ability to perform in-context learning (ICL) in a 

variety of natural language processing tasks [9]. It is claimed that such models perform well over different downstream 

tasks involving less amount of labelled data [10]. This claim needs further attention from multilingual NLP community. 

Because, such abilities are present in biological human learning process, and we have to be very careful in validating 

such claims for language models. Towards this end, we put forward the above research question since our labelled data 

is less, diverse and multilingual. Furthermore, we all want a data efficient fine-tuning process instead of a data hungry 

fine-tuning process. 

Exploration of the above research question allows us to conclude its capability in our case study. If certain large 

language models provide good accuracy in our downstream task, then the above-mentioned claim in existing NLP 

research s correct. If certain multilingual models do not provide good accuracy, then ensemble techniques can provide 

us with a strong model. In this way, we can utilize the powers of existing transformer based multilingual models for 

solving challenging NLP application scenarios in a better way. We believe that exploration of the above research 

question is necessary through our case study. This will help to validate certain claims about novel downstream tasks in a 

multilingual setting. Depending on the result of this exploration, we would like to come up with a test time ensembling 

technique which automatically adapts its behaviour based on the presence or absence of the class imbalance problem. 

Our work will ensure the multilingual NLP researchers to focus on the problem, rather than concentrating on the size of 

the dataset or presence of class imbalance problem. Real world use cases in multilingual financial domain can be 

handled fruitfully through our study. 

Existing literature present in the financial domain focuses very little on IPO-based NLP applications. To the best of 

our knowledge, above-mentioned research question has not been studied in any research work present in the financial 

domain. This paper introduces a credible approach of examining the capability of pretrained multilingual language 

models through our case study. We also integrate the advantages of these models in proposing our ensembling 

technique. To summarize, the primary contributions of this study are given below: 

 

• We have created a new multi-lingual, code-mixed corpus called LIC IPO of tweets (text) annotated with 

sentiment labels (positive, negative and neutral). This will help researchers from varieties of field like corporate finance, 

behavioural economy, deep learning and NLP. 

• We fine-tune various pretrained language models (Bernice [11], TwHIN-BERT [12], MuRIL [13], mBERT [14] 

and XLM-RoBERTa [15]) to perform sentiment classification over the proposed dataset. 
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• We have also used our test-time ensemble technique’s capabilities to classify multilingual financial sentiments 

through our proposed dataset. 

• Detailed comparative evaluation of our technique over the other models in classifying sentiments of multilingual 

financial tweets over the proposed dataset has been presented in this work. 

• It has been observed that our ensemble technique performs better than most of the multilingual models. Our test-

time ensemble approach for multilingual financial tweet analysis during Initial Public Offerings (IPOs) can be a solid 

research tool to gauge market sentiment and investor interest in a specific company. 

 

The organization of this article is as follows. The preliminary literature to understand multilingual NLP work has 

been exhibited in Section II. This section also contains a brief survey of research studies related to our work. The details 

of the creation and annotation of the proposed dataset is described in Section III. The methodology has been explained 

in Section IV. Experimental evaluations and detailed discussion have been presented in Section V. The conclusion is 

mentioned in Section VI. 

2. Related Work 

The number of initial public offerings (IPOs) that were listed between 2021 and 2022 indicates that India’s 

economy is expanding [16]. However, most of the works in corporate finance and business focuses on only IPO 

underpricing [17]. Aside from that, Yu et al. [18] argued that the market sentiment of financial events is not equivalent 

to the semantic sentiment of financial news. For specific initial public offerings (IPOs) listed on stock exchanges 

outside of India, benchmark financial sentiment datasets are available. For example, datasets related to GM’s IPO and 

IPOs listed in Malaysian stock exchange have been discussed in [19] and [20] respectively. The number of benchmark 

datasets for multilingual financial events such as Indian IPO is very scarce. Our study revolves around identifying 

investor’s opinion during an IPO of certain companies focussing Indian languages and Indian stock exchanges through 

NLP techniques. In this section, we discuss various research works which are related to our field of study through the 

following subsections. 

2.1.  Multilingual NLP literature 

Pre-trained language models offer a new experimental platform for tackling a variety of NLP tasks. A large 

amount of unlabeled data is used to pre-train language models and fine tune them for downstream NLP tasks [21]. In 

2018, Jacob et al. [14] proposed BERT (Bidirectional Encoder Representations from Transformers). They demonstrated 

the superiority of BERT over other deep learning architectures in a variety of NLP tasks such as sentiment analysis, 

question answering, text generation, text summarization, and so on. The BERT model employs transformer architecture. 

Transformers have been built using the attention mechanism seen in computer vision literature. Transformers can use 

differential weights to determine the importance of words in a sentence, which is useful in a variety of NLP tasks. In the 

work reported by Devlin et al. [22, 14], readers can learn more about the BERT model and its architecture. FinBERT 

[23] has constructed by finetuning the BERT language model for financial sentiment classification. However, their 

financial corpus does not include any multilingual data. Few commonly used BERT variants present in multilingual 

NLP literature are briefly discussed below. However, these models have rarely been investigated for multilingual 

financial tweets involving Indian IPO in the existing literature. 

 

 Multilingual BERT (mBERT): Here, we would like to briefly discuss mBERT [14]; the multilingual variant 

of BERT. It is pre-trained with 104 languages present across the world. Its performance in a variety of 

multilingual tasks is promising. 

 XLM-RoBERTa: XLM-RoBERTa proposed by Alexis et al. [15] is a multilingual model. It is formed by 

considering previous multilingual models like mBERT and XLM [24]. Their design is also inspired from 

RoBERTa [25]. They have demonstrated that XLM-RoBERTa outperformed existing multilingual 

counterparts on a variety of cross-lingual benchmarks. 

 Multilingual Representations for Indian Languages (MuRIL): MuRIL is developed by Simran et al. [13]. 

This language model is specifically built for Indian languages. It supports 17 languages. They also claimed 

that MuRIL outperforms mBERT in various benchmarking tasks. However, they have not compared their 

results with other multilingual language models present in the literature. 

 IndicBERT: IndicBERT is a multilingual ALBERT model trained on large-scale corpora. Along with English, 

IndicBERT [26] focuses on languages from the Indo-Aryan and Dravidian language families. IndicBERT has 

far fewer parameters than other multilingual language models such as mBERT and XLM-RoBERTa while still 

providing cutting-edge performance on a variety of NLP tasks.  

 Multilingual models created through tweet data: Tweets differ from formal text since they are multilingual. 

Apart from code-mixing, tweets contain emojis and hashtags. Therefore, people come up with new 

multilingual models by focusing on Twitter data. In this section, we focus on recently developed multilingual 

models trained on Twitter data. Following two multilingual models are selected due to its superiority in 

various NLP tasks. 
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– Bernice: It was introduced by Alexandra et al. [11]. Bernice uses 2.5 billion tweets along with a tweet-focused 

tokenizer for training purpose. Their training process is inspired by BERTweet [27] and RoBERTa. Bernice 

was evaluated with multiple multilingual tasks defined over common benchmarking datasets, including 

sentiment classification. Bernice outperformed XLM-T [28], TwHIN-BERT [12], and various other 

multilingual models in those tasks. The sentiment classification of multilingual financial tweets has not yet 

been evaluated through this model. 

– TwHIN-BERT: Seven billion tweets in more than 100 different languages are used to train TwHIN-BERT 

[12]. They identify social similarity in the tweets and used it for building their multilingual model. They have 

used their model for various downstream tasks such as semantic understanding of the text and social 

recommendation. It is also claimed that this model outperforms other multilingual models in various Tweet 

benchmark datasets involving tasks such as hashtag prediction and social engagement prediction. However, 

this model has not been examined with sentiment classification of multilingual financial tweets. 

2.2. Twitter-driven studies during IPO 

Cornelli et al. [29] discovered that investors’ over-optimism can cause IPOs to trade at much higher prices on the 

day of listing. Despite these evidences, the number of case studies focusing on financial tweets about IPOs is limited 

[30]. There are very few research works in the literature that focus on Indian IPOs and subsequent analysis of 

multilingual tweets about those IPOs. Mehta et al. [31] investigated Twitter users’ sentiments surrounding Paytm’s IPO. 

However, their dataset is not publicly available. Aside from that, they have limited their research to only tweets in 

English. They classified the user’s tweets using the NVivo tool. Therefore, we want to create a unique, openly available 

dataset containing multilingual tweets of LIC IPO. 

2.3. Sentiment classification of multilingual financial tweets 

Financial tweet classification is an active research area [32]. Surprisingly, there are very few works devoted to 

multilingual tweet classification in the financial domain [33, 34]. We are unable to locate such works in the case of IPO. 

The work reported by Aysun et al.[35] utilizes the messages of five stocks from the StockTwits platform. There are only 

two classes (bearish and bullish) in their classification task. The performance of RoBERTa [25] in their classification 

task is found to be the best. Anil et al.[36] carried out experiments related to the sentiment analysis of Turkish tweets. 

They conclude that BERT is better than traditional machine learning algorithms such as logistic regression. 

Sentiment analysis of financial tweets is carried out by Chen et al. [37] over the FiQA dataset
1
. Their prediction task is 

divided into two sub-tasks. Firstly, they predict the bullish / bearish sentiment of the tweets. Secondly, they predict the 

sentiment degree for each tweet. However, they do not consider multilingual financial tweets and BERT models are not 

employed in their prediction task. 

2.4. Ensemble techniques for multilingual sentiment classification in the financial domain 

The ensemble learning method brings together multiple weak learners to produce a strong learner. It has been 

demonstrated that combining transformer-based model predictions performs better in a variety of NLP tasks [38]. It is 

challenging to discuss every ensemble technique that has been proposed so far. To have a better knowledge of current 

combiner schemes or ensemble strategies for multi-class classification problems, readers can check into the work done 

by Sagi et al. [39] and Zhang et al. [40]. Modern test-time ensemble techniques presented in [41, 42] are based on 

averaging the weights of the fine-tuned models only. In the financial domain, the number of ensemble techniques driven 

by the transformer based multilingual models is relatively less. In this study, we focus on IPO and majority voting 

scheme based ensemble techniques driven by various multilingual models. Therefore, it is much more difficult to 

identify research articles of similar nature. 

3. Data Acquisition for LIC IPO Dataset 

Data acquisition is the collection of multilingual financial tweets with respect to LIC IPO. This IPO opened on 

May 04, 2022 and closed on May 09, 2022. Shares were allotted to the retail investors on May 12, 2022. The listing 

date of this company on Indian stock market was May 17, 2022. Therefore, the time period for data collection is set 

between May 12, 2022 and May 16, 2022. Within these five days, the financial tweet data about this IPO are collected. 

This section discusses the experimental protocol used to create the dataset. Necessary description about this LIC IPO 

dataset is also discussed here. 

3.1. Experimental protocol 

3.1.1 Data acquisition program 

 

 

                                                           
1  https://sites.google.com/view/fiqa/home?pli=1 

https://sites.google.com/view/fiqa/home?pli=1
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Using Tweepy to collect historical Twitter data becomes a standardised process for machine learning practitioners. 

The data acquisition program in this work is based on Tweepy. A simple tool is created using Tweepy documentation
2
 

and several GitHub repositories
3
. This tool collects multilingual financial tweets with the hashtag “LIC IPO". A brief 

summary of the tool creation process is provided below. 

 

• Create a Twitter developer account. 

• Obtain the consumer key, consumer secret, access key and access secret from Twitter. 

• Install Tweepy using pip. 

• Write Python scripts to gather tweets. 

3.1.2  Data collection and cleaning 

We can use the above tool to download a CSV file containing the extracted multilingual financial tweets during the 

aforementioned time period. This file contains the date, timestamp, tweet of the user and Twitter user information. 

Initially, 1000 tweets were collected over the five-day period mentioned above. All of these tweets are associated with 

the hashtag “LIC IPO”.  

In order to guarantee data quality and relevance, the data cleaning procedure for the above-mentioned CSV file 

entails multiple crucial steps. To prevent redundancy, the data is first loaded and checked for duplicates. If found, they 

are subsequently eliminated. It is imperative to handle missing values, either through the imputing of missing data or 

the removal of incomplete entries. Next comes text normalization, which removes special characters and punctuation 

and converts the text to lowercase. Tokenization divides the text into digestible chunks, and stop word removal gets rid 

of words that are frequently used but don’t really add much to the meaning. Last but not least, lemmatization or 

stemming reduces words to their most basic forms, guaranteeing consistency throughout the dataset. Apart from this, we 

remove special characters, extra spaces, Twitter handles present in the text, irrelevant Twitter metadata. After 

performing the aforementioned steps on the collected dataset, it is reduced to 960 tweets. 

3.1.3  Data annotation 

The LIC IPO dataset is a multilingual dataset. With regard to this dataset, there are three sentiment classes: 

positive, negative, and neutral. Therefore, it is difficult to collect annotators having linguistic proficiency in multiple 

regional languages used in India. As a result, we use Google translation
4
 to translate each multilingual tweet to English, 

ensuring that annotations for each of those tweets are correct. 

Table 1. Languages in the dataset. 

Serial number Language ISO 

1 English en 

2 Hindi hi 

3 Telugu te 

4 Gujrati gu 

5 Marathi mr 

6 Tamil ta 

7 Malayalam ml 

8 Kannada kn 

9 Oriya or 

10 Bengali bn 

 

 

Fig. 1. Classwise statistics of the dataset.

                                                           
2 https://docs.tweepy.org/en/latest/getting_started.html 
3 https://github.com/keitazoumana/Social-Media-Scraping/blob/main/Twitter%20Scraping.ipynb 

4 version: googletrans==3.1.0a0 

https://docs.tweepy.org/en/latest/getting_started.html
https://github.com/keitazoumana/Social-Media-Scraping/blob/main/Twitter%20Scraping.ipynb
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3.2.  Description about the dataset 

Figure 1 depicts dataset statistics based on the three sentiment classes discussed previously. In our corpus, negative 

sentiment labels appear in 229 data points, while positive and neutral sentiment labels appear in 74 and 657 tweets, 

respectively. The sentiment classes are imbalanced, according to the statistics shown in Figure 1. Due to the nature of 

our problem statement, there are imbalances in the statistics of the sentiment classes. 

Table 2 displays a few examples from our annotated dataset. A total of 4 instances are shown in this table. This 

shows that the dataset is inherently multilingual, and tweets reflect the code-mixed nature of the corpus. Multilingual 

tweets in our proposed dataset correspond to 10 different languages. Table 1 is presented to showcase these languages 

along with their standardized nomenclature (ISO). 

Table 2. Few examples from our annotated dataset. 

Tweet Sentiment Class 

T1: Millions of Indians investing in the country’s biggest listing could turn sour on the equity 

market if the stock follows the poor performance of its state-run predecessors. 

Negative 

T2: IPO                                      , આ                         LIC        

Translation: If you have remained in IPO, wait for two days, this way you can get LIC shares 

cheaply. 

Negative 

T3:              LIC                     
Translation: To whom the shares of LIC have been allotted? 

Neutral 

T4: LICIPO आज    LIC    GMP                       अ  

Translation: LICIPO LIC’s GMP starts increasing from today. Keep watching now. 

Positive 

4. Methodology 

This section consists of three sections, and the first subsection discusses design of experiments and its rationale. It 

also consists of the workflow and necessary technical details for understanding our methodology. The second 

subsection discusses various crucial topics such as data involved in training / testing, experimental setup and fine-tuning 

process. The third subsection discusses the evaluation metrics used in evaluating our methodology. 

4.1.  Design of experiments 

Two experiments have been designed and we term them as Experiment 1 and Experiment 2 respectively. These are 

mentioned below and discussed in detail in subsection 4.1.1 and 4.1.2 respectively. 

 

1. Experiment 1: Classification of multilingual financial tweets using five existing multilingual language models 

over our newly introduced LIC IPO dataset. 

2. Experiment 2: Application of our proposed test-time ensemble technique for classification of multilingual 

financial tweets over the LIC IPO dataset. 

4.1.1  Experiment 1 

Here, we need to design experiment 1 in such a way that we can successfully classify the multilingual tweets 

present in our proposed dataset. Five pretrained multilingual models were investigated. These are given below: 

 

• Bernice 

• TwHIN-BERT 

• MuRIL 

• mBERT 

• XLM-RoBERTa 
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Fig. 2. Workflow for realizing Experiment 1 and Experiment 2 

Selection of the above models needs to be discussed here. Bernice is a pre-trained, multilingual encoder created 

especially for Twitter data [11]. It makes it possible for researchers to glean important insights from complicated and 

varied Twitter data involving multilingual NLP research [43]. We consider this model for answering our research 

question and investigating our case study because it is based on Twitter data. In a variety of multilingual social 

recommendation and semantic understanding tasks, TwHIN-BERT has demonstrated notable gains over other pre-

trained models [43]. This demonstrates its robustness and dependability. In designing our experiments, we have selected 

this model because of such reasons. Due to its specificity for Indian languages, MuRIL has been chosen for our 

investigation. It supports  transliterated text and code-mixed tweets. In a variety of multilingual tasks, this open-source 

model performs better than others. We chose mBERT for our study because it is an excellent candidate for multilingual 

NLP research. Owing to a number of features, including benchmark performance across multilingual tasks, the ability to 

handle code-mixed data in a better way, the capability for transfer learning, and the sizeable community that results 

from its widespread use. One more multilingual model has been selected in designing our experiments. Due to its 

extensive use of large-scale data, XLMRoBERTa is well-suited to handle the informal and noisy nature of multilingual 

social media text. In this preliminary investigation over our proposed dataset, we choose these five language models for 

experimentation due to two reasons. Firstly, the literature shows that existing multilingual tweets involving Indian 

languages are mostly processed with these multilingual models. Secondly, although these pretrained models do not 

require preprocessing, they can easily enable transfer learning capability in different multilingual tasks. 

Figure 2 demonstrates the workflow of our experimentation procedure. It will help readers to visualize the 

experiments carried out over the proposed dataset. In experiment 1, fine-tuning the pre-trained language models will 

help us in classifying the sentiments of Twitter users from their financial tweets about LIC IPO. In the second 

experiment, we realize our ensemble technique depicted above. This experiment considers the output produced by the 

previous experiment i.e. Experiment 1 and predicts the sentiments of financial tweets present in the test set of the LIC 

IPO dataset. 
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4.1.2  Experiment 2 

Experiment 1 is designed to answer our research question (RQ) and to observe the performance of the state of the 

art multilingual language models over the LIC IPO dataset. This dataset is having less number of samples along with 

the class imbalance problem. Experiment 2 is designed while exploring our research question. If outcome of 

Experiment 1 is not satisfactory, can we build an ensemble technique to lessen the issue of class imbalance and low 

number of data samples by integrating the power of all those multilingual models? Therefore, ensemble technique 

development drives the design of Experiment 2. Before providing technical details of this technique, we provide 

necessary motivation along with key technical recipe for our proposed test-time ensemble technique. 

During training, the cost function is crucial for modifying a neural network’s weights to produce a more accurate 

machine-learning model. Traditional loss function applied to a dataset having a class imbalance problem may 

complicate the scenario [44]. In our scenario, fine-tuning the pretrained multilingual models through traditional loss 
function may create convergence problem. Using the weighted cross entropy loss function is found to be helpful in 

training deep learning systems having unbalanced datasets [45]. 

Most of the people involved in machine learning research are familiar with true positive (TP) rate. When compared 

to the actual class labels, it assesses how accurately the model predicted the class label. It has been claimed that this TP 

rate-driven ensemble technique beat various other ensemble techniques such bagging, AdaBoost, Voting etc [46]. This 

is true for multi-class classification scenarios as well.  

The above discussion allows us to come up with a new test-time ensemble technique by integrating the advantages 

of transformer-based multilingual language models. This technique should not only solve our multi-class classification 

problem but also helps other people to build a test-time combiner scheme for any type of dataset as well. Our technique 

will automatically adapt its behaviour depending on whether we are tackling with datasets having class imbalance 

problem or datasets without having this class imbalance problem. Therefore, our ensemble technique is driven by three 

things namely: a) TP rate, b) weights used in the above-mentioned loss function and c) rank or position of a class in 

terms of the number of samples present in the dataset. We introduced Algorithm 1 to realize our proposed transformer-

driven ensemble technique. Readers may look into steps 7 and 8 in Algorithm 1 for TP rate, the wight concept is 

captured in step 5 of Algorithm 1, and step 6 of Algorithm 1 corresponds to rank. This algorithm incorporates our 

technical intuition and most of the other steps in this algorithm are self-explanatory in nature. 

4.2.  Model Setup 

To evaluate the baseline pretrained language models, it is necessary to discuss the proposed dataset’s segregation 

into training and test sets. In addition, the experimental setup is also discussed in this subsection. Our multilingual NLP 

task in non-trivial in nature. Therefore, an overview of the fine-tuning process is provided in subsection 4.2.3. 

4.2.1  Training and Test data 

For the sentiment classification task mentioned in this paper, we use 576 instances in the proposed dataset as the 

training set. This number corresponds to 60% of the tweets present in the proposed dataset. The remaining 384 

instances (40% of the dataset) present in the collected dataset is considered to be the test set. The summary of the 

training and test set along with the number of instances present in the respective classes are mentioned in table 3. 

 

 

Algorithm 1: Algorithm for our proposed test-time ensemble technique 

 

Input: Evidence, E derived after fine-tuning the models (i.e. C1, C2..). 

Output:  Predicted sentiment labels for each sample of the test set. 

Step 1:  Let N denotes total number of samples in the test dataset. 

Let M denotes total number of models (i.e. classifiers) used in the experimentation. 

Let L denotes total number of classes present in the multi-class classification problem. 

Step 2: Create a matrix, whole having rows equivalent to M and columns equivalent to N. 

Step 3: Fill the whole from evidence, E containing predicted class label (pij) given by model Ci for test sample j of the 

test dataset. 

for t=1 to t=M do 

for k=1 to k=N do 

whole[t][k] = ptk 

Step 4: Create a one dimensional array, result having size equal to L. It will contain count values for each class label 

and initialize all the elements of this array to be 0. 

Step 5: Create a one dimensional array, weight having size equal to L. 

for d=1 to d=L do 

 

weight[d] =
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Step 6: Create an array rank having length equal to L. It contains the position of a class in terms of its samples present 

in the dataset. If total samples of a class (class label 2) is the highest, then position will be 1. This value will be assigned 

in rank[2]. 

Step 7: Create a two dimensional array, TruePositiveRate having rows equivalent to M and columns equivalent to 

L. 

Step 8: Fill the TruePositiveRate from evidence, E containing true positive rate of each model for each of the classes 

present in the multi-class classification problem. 

Step 9: 

for t=1 to n=N do 

for k=1 to k=M do 

for e=1 to e=L do 

                                                if (whole[n][k]==e) 

                                                          save = k 

Considering the remaining values of whole[t][k] except the current k and if   all of 

them predict class labels different from current e, execute step 9.1 else 9.2. 

                                                               Step 9.1 

                                                                   result[e]=result[e]+TruePositiveRate[save][e]+weight[e]*rank[e] 

                                  

                                 Step 9.2 

              result[e]=result[e]+TruePositiveRate[save][e]+weight[e] 

 

Step 10: Find out the largest value of result array. Let index, v corresponds to the largest value i.e. result[v]. This index 

will be the class predicted by the ensemble technique. 

 

4.2.2  Experimental Setup 

We use the PyTorch deep learning framework to fine-tune the five multilingual models mentioned above. Apart 

from this, Algorithm 1 for the proposed ensemble technique has also been implemented using PyTorch only. Therefore, 

the workflow (given in figure 2) has been realized by PyTorch. GPU P100 is used for our experimentation. Hugging 

Face library
5
 contains the pre-trained versions of the language models. This library is used in fine-tuning these 

transformer-based language models. In our experimentation, commonly available Python libraries are also used for 

dataset preprocessing. 

4.2.3  Overview of fine-tuning process 

Fine-tuning the pretrained language models is carried out with the help of HuggingFace library. It is a collection of 

trained machine learning models that are ready for fine-tuning and deployment. A total of four epochs are used for fine-

tuning each of the multilingual models. Stochastic gradient descent (SGD) optimizer [47] is used in fine-tuning each of 

these models. A learning rate of 1e − 08 is used for fine-tuning these models. Various hyperparameters such as learning 

rate, batch size, number of layers, number of epochs etc. exist in our fine-tuning process. An optimal set of 

hyperparameters are used in our fine-tuning step after applying a brute force method. 

For solving this multi-class classification problem, we are dealing with a dataset having class imbalance issue. 

Therefore, we utilize the concept of weight (as discussed in Algorithm 1) while using the optimizer. Individual PyTorch 

classes are created for fine-tuning the multilingual language models with the above setting. After training them 

appropriately, all of them can be evaluated through our test dataset to observe their performance. 

Table 3. Summary of the training and test set 

Training Set Test Set 

Class label Number of tweets Class label Number of tweets 

Negative (class 0) 136 Negative (class 0) 93 

Neutral (class 1) 399 Neutral (class 1) 258 

Positive (class 2) 41 Positive (class 2) 33 

                                                           
5 https://huggingface.co/ 

https://huggingface.co/
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Fig. 3. Training loss over epochs during fine-tuning of various multilingual models 

4.3.  Evaluation metrics 

We have carried out our model evaluation with the help of standard metrics commonly used in the existing deep 

learning literature. We assess the models’ performance using confusion matrix, precision, recall, and F1-score. The 

confusion matrix is a matrix that is used to determine how well five multilingual models / our ensemble technique 

performs for a given set of test data. Precision is the measure of how accurately the model anticipated the positive 

tweets to be positive. The positive tweet that was accurately anticipated among all positive tweets is known as recall. 

The F1-score is the harmonic mean of the precision and recall. 

 Precision (P): The formula for precision is given below: 

 

Precision =

    
   

    
             

                                                                       (1) 

 

 Recall (R): The formula for recall is given below: 

 

Recall =

    
   

    
             

                                                                         (2) 

 

 F1-Score: The formula for F1-Score is given below: 

 

F1-Score=2*
   

   
                                                                                (3) 

 

TruePos, FalsePos and FalseNeg means True Positives, False Positives, and False Negatives respectively. These are 

well-known evaluation metrics used in multi-class classification problems present in machine learning. In Mohammad 

et al. [48], readers can find out more details about these metrics. 

5. Results and Discussion 

The experimental results of all the multilingual models and our ensemble technique mentioned in the previous 

section are presented in this section. All these models were trained using the training set mentioned in Table 3. Readers 

can see the statistics of the test set which was used to obtain the results. Confusion matrix is used to understand the 

performance of these models over the proposed dataset. Precision, recall, and F1-score are also used to demonstrate the 

results. 
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Fig. 4. Training accuracy over epochs during fine-tuning of various multilingual models 

5.1.  Discussion of output produced by Bernice 

For Bernice, the training loss during the fine-tuning process is depicted in figure 3 (group of four bars under the 

heading Bernice). Similarly, figure 4 shows the training accuracy encountered by Bernice over the four epochs. Figure 5 

shows the confusion matrix obtained through Bernice over the test data extracted from LIC IPO dataset. The rows of 

this matrix show the predicted labels by Bernice. The columns of this confusion matrix show the actual sentiment labels. 

Considering the negative (class 0) sentiment labels, Bernice can correctly classify 63 multilingual tweets out of 93 

multilingual tweets. Considering the neutral (class 1) sentiment labels, Bernice can correctly classify 84 multilingual 

tweets out of 258 multilingual tweets. For the positive (class 2) sentiment labels, it is found that Bernice can not 

correctly classify any multilingual tweets. 

5.2.  Discussion of output produced by TwHIN-BERT 

For TwHIN-BERT, the training loss during the fine-tuning process is depicted in figure 3 (group of four bars under 

the heading TwHIN-BERT). Similarly, figure 4 shows the training accuracy encountered by TwHIN-BERT over the 

four epochs. Figure 6 depicts the confusion matrix in relation to TwHIN-BERT. The rows of this matrix show TwHIN-

BERT’s predicted labels. Similarly, the actual sentiment labels are displayed in the columns of this confusion matrix. 

Considering the negative (class 0) sentiment labels, TwHIN-BERT can correctly classify 16 multilingual tweets. 

Considering the neutral (class 1) sentiment labels, TwHIN-BERT can correctly classify 193 multilingual tweets out of 

258 multilingual tweets. For the positive (class 2) sentiment labels, it is found that TwHIN-BERT can not correctly 

classify any multilingual tweets. 

5.3.  Discussion of output produced by MuRIL 

For MuRIL, the training loss during the fine-tuning process is depicted in the figure 3 (group of four bars under the 

heading MuRIL). Similarly, figure 4 shows the training accuracy encountered by MuRIL over the four epochs. Figure 7 

depicts the confusion matrix in relation to MuRIL. The rows of this matrix show MuRIL’s predicted labels. Similarly, 

the actual sentiment labels are displayed in the columns of this confusion matrix. Considering the negative (class 0) 

sentiment labels, MuRIL can correctly classify 21 multilingual tweets. Considering the neutral (class 1) sentiment labels, 

MuRIL can correctly classify 166 multilingual tweets out of 258 multilingual tweets. For the positive (class 2) 

sentiment labels, it is found that MuRIL can correctly classify 04 tweets out of 33 multilingual tweets. 

5.3.  Discussion of output produced by mBERT 

For mBERT, the training loss during the fine-tuning process is depicted in the figure 3 (group of four bars under 

the heading mBERT). Similarly, figure 4 shows the training accuracy encountered by mBERT over the four epochs. 

Figure 8 shows the confusion matrix obtained through mBERT over the test data extracted from LIC IPO dataset. The 

rows of this matrix shows the predicted labels by mBERT. The columns of this confusion matrix show the actual 

sentiment labels. Considering the negative (class 0) sentiment labels, mBERT can correctly classify 40 multilingual 

tweets. Considering the neutral (class 1) sentiment labels, mBERT can correctly classify 161 multilingual tweets out of 

258 multilingual tweets. For the positive (class 2) sentiment labels, it is found that mBERT can not correctly classify 

any tweets. 

5.4.  Discussion of output produced by XLM-RoBERTa 

For XLM-RoBERTa, the training loss during the fine-tuning process is depicted in the figure 3 (group of four bars 

under the heading XLM-RoBERTa). Similarly, figure 4 shows the training accuracy encountered by XLM-RoBERTa 

over the four epochs. Figure 9 depicts the confusion matrix in relation to XLM-RoBERTa. The rows of this matrix 



Classification of Multilingual Financial Tweets Using an Ensemble Approach Driven by Transformers 

62                                                                                                                                                                       Volume 17 (2025), Issue 2 

show XLM-RoBERTa’s predicted labels. Similarly, the actual sentiment labels are displayed in the columns of this 

confusion matrix. For the positive (class 0) sentiment labels, it is found that XLM-RoBERTa can not correctly classify 

any tweets. Considering the neutral (class 1) sentiment labels, XLM-RoBERTa can correctly classify 257 multilingual 

tweets out of 258 multilingual tweets. For the positive (class 2) sentiment labels, it is found that XLM-RoBERTa can 

not correctly classify any tweets. 

 

 

Fig. 5. Confusion matrix obtained through Bernice 

 

Fig. 6. Confusion matrix obtained through TwHIN-BERT 

5.5.  Discussion of output produced by our test-time ensemble technique 

Figure 10 shows the confusion matrix obtained through our ensemble technique over the test data extracted 

fromLIC IPO dataset. The rows of this matrix show the predicted labels by our technique. The columns of this 

confusion matrix show the actual sentiment labels. Considering the negative (class 0) sentiment labels, our technique 

can correctly classify 16 multilingual tweets. Considering the neutral (class 1) sentiment labels, our technique can 

correctly classify 203 multilingual tweets out of 258 multilingual tweets. For the positive (class 2) sentiment labels, it is 

found that our technique can correctly classify 01 tweet out of 33 multilingual tweets. Using different types of 

transformer-based language models does incur a higher computational cost compared to using a single model. However, 

the proposed ensemble method has been designed to address the challenges of a complex task where a single model’s 

performance may not be sufficient. The method uses the advantages of multiple language models, and is capable of 

handling imbalanced datasets and generalizing to different data efficiently. While the performance gain may appear 

marginal when compared to the most accurate single model in terms of overall accuracy, the ensemble provides a more 

robust approach to sentiment classification and addresses the class imbalance problem more effectively. 

5.6.  Summary 

Table 3 demonstrates the result produced by these five models and our ensemble technique in terms of precision, 

recall and F1-score. The overall accuracy of Bernice in this multi-class classification problem is 38.28%. Under the 

same experimental conditions, the accuracy of TwHIN-BERT in the same test set is only 54.42%. Similarly, accuracies 

of MuRIL, mBERT and XLM-RoBERTa are 49.73%, 52.34%, and 66.92% respectively. From figure 4, it is evident 

that the training loss diminishes with the passage of each epoch for MuRIL and XLM-RoBERTa. From figure 5, the 
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training accuracy improves as epochs pass for these two models. Apart from these two models, TwHIN-BERT also 

mildly follows  a similar kind of pattern. However, Bernice and mBERT do not follow this pattern. From table 3, it is 

observed that XLM-RoBERTa produces the highest accuracy in predicting the sentiment labels from the test set of LIC 

IPO dataset. However, this model should not be used because of its performance over negative and positive class labels. 

This model is biased towards the class label having the maximum number of samples. Apart from this, TwHIN-BERT 

performs better as compared to the remaining individual multilingual models. However, this model is not suitable for 

predicting positive sentiment labels. 

 

 

Fig. 7. Confusion matrix obtained through MuRIL 

 

Fig. 8. Confusion matrix obtained through mBERT 

 

Fig. 9. Confusion matrix obtained through XLM-RoBERTa 
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Fig. 10. Confusion matrix obtained through our ensemble technique 

Table 4. Experimental results of various techniques over the test set of LIC IPO dataset 

 
Evaluation 

Technique 

Class labels Precision Recall F1-Score Accuracy 

 

Bernice 

Negative 0.24230769 0.67741935 0.35694051  

38.28 Neutral 0.67741935 0.3255814 0.43979058 

Positive 0 0 0 

 

TwHIN-BERT 

Negative 0.17977528 0.17204301 0.17582418  

54.42 Neutral 0.65423729 0.74806202 0.69801085 

Positive 0 0 0 

 

MuRIL 

Negative 0.20588235 0.22580645 0.21538462  

49.73 Neutral 0.664 0.64341085 0.65354331 

Positive 0.125 0.12121212 0.12307692 

 

mBERT 

Negative 0.2739726 0.43010753 0.33472803  

52.34 Neutral 0.67647059 0.62403101 0.64919355 

Positive 0 0 0 

 

XLM-RoBERTa 

Negative 0 0 0  

66.92 Neutral 0.67277487 0.99612403 0.803125 

Positive 0 0 0 

 

Ours 

Negative 0.22535211 0.17204301 0.19512195  

57.29 Neutral 0.66557377 0.78682171 0.72113677 

Positive 0.125 0.03030303 0.04878049 

 

 

Fig. 11. Accuracy of various language models and our test-time ensemble technique over the test of LIC IPO dataset 

Above discussion leads to an interesting observation which is linked to our research question (RQ). It has been 

found that fine-tuning the multilingual language models to a novel downstream task is not going to provide excellent 

accuracy on the test dataset. This is supported by our experimental evaluation mentioned in Table 3. Although these 

pre-trained models have experienced lots of textual data in different languages; it is not able to perform well in our IPO-

driven multilingual sentiment classification task. Through our case study, we can conclude that these models have not 
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encountered a large amount of code-mixed, multilingual financial data during the fine-tuning process. Therefore, fine-

tuning these models on less amount of data does not help these models to generalize to unseen financial tweets 

involving this IPO. The attention mechanism within transformers need to be improved in order to learn from fewer 

examples to compete with human beings’ capability of learning from very few examples. Therefore, the multilingual 

code-mixed corpus presented in this paper may encourage NLP researchers to address the shortcomings of transformer-

based multilingual language models.  

Our ensemble technique produces an accuracy of 57.29% over the same test set of LIC IPO (see figure 12). 

Considering all these facts along with the data in table 3, it can be concluded that our test-time ensemble technique is 

better in classifying sentiments of multilingual tweets present in the test set of LIC IPO dataset. This would not have 

been possible if we don’t explore our research question systematically. Our ensemble technique exploits the advantages 

of transformer-based multilingual models. Algorithm 1 considers several technical ingredients to make this ensemble 

technique a credible one. Algorithm 1 is designed to leverage the diversity of the base models (transformer-based 

language models used in our scenario) even if their errors are not completely uncorrelated. This diversity is further 

supported by the observation that different models exhibit varying performance across different classes in the financial 

sentiment analysis task. Instead of just averaging [41, 42] or using a simple majority vote, our algorithm (algorithm 1) is 

more sophisticated. Algorithm 1’s mechanism for weighting and combining predictions further improves performance, 

even if there are correlations in the errors. The empirical results indicate that the ensemble is more effective than most 

of the individual models in the given task. Further research could be done to explicitly quantify error correlation. 

 In addition to testing current language models, we take into account other pertinent metrics like precision, recall, 

and F1 score when assessing our approach. Since these metrics are frequently used in deep learning and machine 

learning research, readers can look into table 3 and interpret the results on their own. Although we focus on accuracy in 

this summary, this metric is not the only one that matters. We agree that it is important to understand how and why a 

language model predicts certain things, particularly when it comes to sensitive financial applications. Part of the 

ongoing research involves analysing the interpretability of our ensemble method and the language models. Data 

augmentation is a commonly used method for handling class imbalance problem. However, our algorithm for the 

proposed ensemble method addresses fewer amounts of data along with class imbalance problem in a unified manner 

without the necessity of data augmentation. Testing our ensemble method in other similar use cases in other application 

domain is also a part of the ongoing research. 

5.7.  Ethical considerations 

The ethical guidelines are followed in conducting this research [49]. No personal information about Tweeter users 

is disclosed by our proposed dataset. When pre-processing our dataset, we complied with data privacy regulations. 

Despite the fact that this research study is centered on financial event data, it does not recommend any NLP technique 

that involves the reader’s financial gain or loss. In our case study, we use only multilingual NLP models. Therefore, 

certain biases may be present in those original models. Reporting all ethical dimensions of our proposed ensemble 

method is part of ongoing research.   

6.  Conclusion 

Multilingual financial sentiment analysis during a financial event is essential for research works involving NLP, 

financial media studies and corporate finance. In this work, we focus on a financial event i.e. LIC IPO. Our study has 

explored the fact that there is a lack of proper experimental data and awareness of the true power of transformer-based 

multilingual models in financial sentiment analysis in the literature. We have introduced LIC IPO dataset in this work 

which is challenging in nature. This is because; it is multilingual and code-mixed in nature. Apart from this, class 

imbalance problem having fewer amounts of data is also a characteristic of this dataset. We have investigated five 

multilingual models for sentiment analysis of multilingual financial tweets through our LIC IPO dataset. We report their 

performance over the test set to understand the true capabilities of them in our novel downstream task. This work also 

puts forward a test-time ensemble technique by considering these language models. Our ensemble technique performs 

better than most of the multilingual models in this multilingual financial tweet classification task. Our research will 

open up new research avenues in several IPO based multilingual NLP research work and financial communication. This 

technique is proposed for handling fewer amounts of test data and datasets having class imbalance problem. Extensive 

evaluation of our ensemble approach in different scenarios is part of ongoing research. 
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