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Abstract

Emotional recognition is the aspect of sentiment analysis that focuses on a
more nuanced or meaningful understanding of the complex and diverse
emotions found in text. Existing studies have mostly been limited to
English support and general transformer models, while there is a significant
lack of research in low-resource and morphologically complex languages
like Urdu. But the Urdu language is different from English, and there is no
Urdu emotion dataset with annotations, which makes cross-language
emotion detection a challenging problem. To bridge this gap, the
GoEmotions dataset was translated into Urdu and mapped into 7 basic
emotional categories (anger, happiness, sadness, surprise, disgust, fear, and
neutral), and the performance of six transformer models (BERT,
DistilBERT, IndicBERT, RoBERTa, XLM-R, and RemBERT) on processed
and unprocessed versions of English–Urdu was evaluated in four different
configurations. The task was then defined as a multi-label emotion
classification problem and tested in four configurations: English-to-English,
Urdu-to-Urdu, English-to-Urdu, and Urdu-to-English. The results showed
that in monolingual experiments, BERT achieved the highest accuracy
(Acc=0.8115) on English data, while XLM-R gave the best F1 score
(F1=0.4360) on Urdu data, and RoBERTa showed the highest accuracy
(Acc=0.8161) on unprocessed Urdu text. In the cross-lingual context, XLM-
R gave the best results (Acc=0.8219, F1=0.5177), and RemBERT was also
close, which shows the multilingual generalization ability of these models.
Moreover, preprocessing did not significantly improve on low-resource and
morphologically rich texts like Urdu. A comparative analysis also revealed
that while sentiment classification in Arabic reached 90% accuracy, Urdu-
based experiments were limited to a maximum of 81.6%. The results of this
study provide a reliable starting point for future cross-linguistic sentiment
analysis on low-resource languages.
Keywords: Emotion recognition, low-resource languages, Urdu, cross-lingual
transfer, transformer models, preprocessing.
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Introduction
Language-based emotion recognition is a fundamental
aspect of human experience and social interaction.
Humans can express a wide range of emotional states
with a few words, and enabling machines to
understand these emotions has long been a major goal
of artificial intelligence and affective computing
(Picard, 2000). Emotion detection has gained
increasing importance in recent years, particularly in
emotion-aware user feedback analysis (Öhman et al.,
2020; Ullah et al., 2022), social behaviour monitoring,
and multilingual conversational systems. Accurately
identifying emotional states from user-generated text
enables such systems to produce more personalized,
contextual, and emotionally aware responses. Initially,
rule-based and lexical resources were relied upon for
emotion recognition ( Preoţiuc-Pietro et al., 2016;
Balamurali et al., 2012; Strapparava & Mihalcea,
2007), but these methods were less effective due to
their limited scope, monolingual focus, and reliance
on manual features.
Through the availability of large-scale annotated
datasets such as EmoBank (Buechel & Hahn, 2022)
and GoEmotions (Demszky et al., 2020), the use of
deep learning and especially transformer-based models
has opened new dimensions in this field. GoEmotions,
in particular, is a large dataset of 58k carefully selected
Reddit comments, containing labels for 27 fine-
grained emotion categories, which provides a solid
foundation for modeling complex emotional
expressions. However, the direct use of such English-
centric resources is limited for low-resource languages
because emotional expressions may change across
scripts, cultures, and linguistic structures.
Most existing emotion detection studies focus on high-
resource languages, particularly English, while low-
resource languages such as Urdu remain

underexplored. (Demszky et al., 2020; Hassan et al.,
2021; Strapparava & Mihalcea, 2007). Low-resource
languages such as Urdu face several challenges,
including the lack of annotated data (Ashraf et al.,
2022), the complexity of the script, and the richness of
morphology (Vardag et al., 2022). These factors not
only hinder the development of accurate monolingual
models but also make it difficult to effectively transfer
multilingual models. Furthermore, cultural differences
can lead to semantic changes in the expression and
interpretation of emotions (Hess & Hareli, 2015),
which affects the performance of models on translated
data. As a result, a formal study to evaluate transfer of
emotion knowledge from English to Urdu without
losing its semantic and cultural meaning is essential.
In languages like Urdu, which have fewer resources,
emotional recognition problems are more projecting
because the available data is limited and the linguistic
structure is complex, but is also further complicated by
the common phenomenon of code-switching, where
Urdu and English (or other languages) are used
together in the same sentence. This linguistic mix
makes it difficult for models to accurately learn
semantic and syntactic patterns, as training datasets
are often monolingual (Bender et al., 2018). In this
situation, models face additional challenges in
language recognition, tokenization, and contextual
understanding, which can affect performance in cross-
lingual emotion detection. Cross-lingual emotion
recognition strategies aim to overcome these
difficulties, and to do this, labeled data from one
language is transferred to train or test models in
another language. Cross-lingual techniques have
shown positive results in sentiment analysis (Baali &
Ghneim, 2019), code-mixed text processing (Vijay et al.,
2018), and semantic unit recognition (Darwish, 2013).
These methods include bilingual embeddings (Artetxe
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et al., 2016; Singhal & Bhattacharyya, 2016),
multilingual transformers such as mBERT (Devlin et
al., 2019) and XLM-R (Conneau et al., 2019), and
transfer learning (Altaf et al., 2022; Kadiyala, 2024).
However, research on cross-lingual sentiment
recognition in languages with fewer resources and
higher morphological complexity is still limited.
However, research on cross-lingual emotion detection
for Urdu remains limited, especially under controlled
monolingual and cross-lingual evaluation settings.
Existing research on emotion recognition in Urdu is
limited and small-scale. For example, (Ashraf et al.,
2022) multi-label classification was performed to
identify different emotions from Urdu tweets, while
(Vardag et al., 2022) developed a contextual Urdu
corpus. However, these studies lack large-scale
qualitative data and comprehensive analysis of cross-
linguistic models. Moreover, these studies do not
provide a systematic comparison of English-only and
multilingual transformer models under both English-
to-Urdu and Urdu-to-English transfer settings.
Although significant progress has been made in the
field of emotion recognition in languages with more
resources, the field is still in its infancy for a low-
resource language like Urdu. Urdu’s linguistic
structure, script complexity, and limited standardized
datasets further compound this challenge. In addition,
cultural differences and semantic drift during
translation can negatively impact the performance of
cross-lingual models. The main goal of this study is to
create a standardized bilingual dataset to address these
challenges and to test modern transformer models in
monolingual and cross-lingual situations. The aim of
this research is not only to provide a strong foundation
for Urdu but also to pave the way for effective emotion
recognition in other low-resource languages, so that
machines can better understand human emotions
across languages ​ ​ and cultures.

In this context, the following are the salient
contributions of this research:

 Dataset preparation – The GoEmotions dataset
(Demszky et al., 2020) was translated and mapped into
Urdu to create a bilingual (English–Urdu) corpus,
combining 27 categories into 7 basic emotions: anger,
happiness, sadness, surprise, disgust, fear, and neutral.

 To build the English–Urdu bilingual emotion
detection benchmark, we translate and map the
GoEmotions dataset to the seven basic emotion
categories – anger, disgust, fear, joy, sadness, surprise,
neutral.

 We systematically analyze transformer models in
monolingual and cross-lingual cases, with English-to-
Urdu and Urdu-to-English transfer.

 English emotion classification and Urdu emotion
classification are studied for the preprocessing impact
and it is demonstrated that the performance of
emotion classification decreases in morphologically
rich low-resource languages like Urdu with
conventional preprocessing.

 Model Analysis – Six transformer-based models—
BERT-base (Devlin et al., 2019), DistilBERT,
IndicBERT, RoBERTa (Liu et al., 2019), XLM-R
(Conneau et al., 2019), and RemBERT (Chung et al.,
2020)—were tested in both monolingual and cross-
lingual setups.

 To explore the effect of multilingual pretraining on
crosslingual emotion transfer, we compare
monolingual and multilingual transformer models.

 The effect of preprocessing – The effects of
preprocessing in a morphologically rich language like
Urdu were analyzed, specifically examining its impact
on F1-Score and overall performance.

 Error Analysis and robustness Evaluation for Urdu
cross-lingual emotion detection to find out the major
limitations in Urdu.
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The rest of the paper is organized as follows: Section 2
describes the related work. Section 3 presents the
proposed methodology. Section 4 discusses the
experimental results and analysis. Finally, Section 5
concludes the paper and highlights future work.
Problem Formulation
In this study, the problem of cross-lingual detection of
emotions between English and Urdu is discussed. For
a given instance x of a text, the task is to predict an
emotion (or multiple emotions) from a fixed set of
emotions Y = {anger, disgust, fear, joy, sadness, surprise,
neutral}. Sentences can contain more than one
emotion, so the task is presented as a multi-label
classification task.
Mathematically, the model takes a text x as input and
outputs a binary emotion vector y = [y1, y2, ..., y7],
where each yi denotes whether a text contains the
corresponding emotion category or not. The study
assesses this task in four different experimental
conditions: English to English, Urdu to Urdu, English
to Urdu, and Urdu to English. The first two settings
will measure the monolingual performance; the latter
two will measure the cross-lingual generalization.
The primary difficulty is the fact that Urdu is a low
resource and morphologically rich language, whereas
most large emotion datasets and emotion pretrained
models are created for English. So the study explores
how well multilingual transformer models can transfer
emotional knowledge among languages, compared to
monolingual models.
Related Work
Several models and datasets for classifying emotions
have emerged over time, which have proven to be
helpful in the progress of this field. Although
researchers have not been able to agree on a precise
classification of human emotions, Ekman proposed six
basic emotions (happiness, anger, fear, sadness, disgust,
and surprise) (Ekman et al., 1999), while Pulchick

proposed a model of eight basic emotions and their
combinations to define secondary emotions (Salzen,
1991). Psychological studies such as (Wang et al., 2022)
have identified 65 different emotions, leading to
diverse classifications across different datasets and
research.
In the early days, emotion recognition was mostly
based on rule-based systems and lexicon-based
approaches (Mohammad & Kiritchenko, 2015;
Strapparava & Mihalcea, 2008; Touri et al.), which
had the limitations of manual features and
monolingual focus. Over time, large-scale manually
annotated datasets emerged, such as CrowdFlower
(2016) (Kusal et al., 2022), which contains 39K labeled
examples, and GoEmotions (Demszky et al., 2020),
which is a fine-grained dataset based on 58k Reddit
comments containing 27 emotions. Corpora such as
XED (Öhman et al., 2020) and SemEval2018
(Mohammad et al., 2018) for multilingual research
have expanded the possibilities of cross-linguistic
modeling.
Research in low-resource languages such as Urdu,
Hindi, and Arabic has been relatively limited (Baali &
Ghneim, 2019; Ullah et al., 2022), the main reasons
being the lack of annotated corpora, script complexity,
and morphological richness. Existing datasets such as
(Abdul-Mageed et al., 2016; Al-Khatib & El-Beltagy,
2017) produced small-sized Twitter corpora based on
six basic emotions, while (Hassan et al., 2021) labeled
7,268 tweets with 8 basic emotions based on the
Pulchak model.
In terms of modeling, various methods have been used
in sentiment classification, starting with traditional
machine learning methods (such as Naive Bayes and
SVM) (Al-Khatib & El-Beltagy, 2017; Fernandez et al.,
2024) to deep learning architectures such as CNNs,
RNNs, and especially transformer-based models such
as BERT (Devlin et al., 2019), RoBERTa (Liu et al.,
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2019), and XLM-R (Conneau et al., 2019), which have
shown significant performance improvements through
large-scale pre-training and contextual representation.
In low-resource NLP, IndicBERT, RemBERT (Chung
et al., 2020; Dabre et al., 2021), and ensemble
approaches (Dabre et al., 2021) have also shown
effective results.
Recent research has also conducted experiments on
cross-lingual emotion detection for Arabic. In (Hassan
et al., 2021), tests were performed on Arabic and
Spanish using English as the source language.
According to the results, BERT-based monolingual
models performed about 4% better than the current
state-of-the-art on Arabic data, while using English
data in a cross-lingual setting, they achieved a relative
effectiveness of about 90% for Arabic. This
comparison shows that the cross-lingual models
performed better in Arabic than in Urdu (where the

maximum accuracy was 81.6%), which indicates
differences in dataset size and linguistic complexity.
Various strategies have been adopted for cross-lingual
emotion recognition, including bilingual embeddings
(Klementiev et al., 2012; Mikolov et al., 2013), transfer
learning (Howard & Ruder, 2018), multilingual fine-
tuning (Lauscher et al., 2020; Pires et al., 2019), and
machine translation-based training (Klinger &
Cimiano, 2015). However, semantic drift and cultural
variation (Hareli et al., 2015) can affect the accurate
representation of emotions in translated content.
This research follows this trend by translating and
mapping the GoEmotions dataset to a bilingual
(English-Urdu) corpus to analyze the utility of
transformer-based models in monolingual and cross-
lingual contexts and to analyze the effects of
preprocessing in morphologically rich languages like
Urdu.

Table 3.1: Comparison Table

Study Language Dataset Method Limitation

Ashraf et al. Urdu Urdu tweets ML/DL models
Limited Urdu
dataset

Vardag et al. Urdu
Contextual
Urdu corpus

RNN/GRU/LSTM
Limited
emotion
categories

Hassan et al. Arabic/Spanish
Cross-lingual
data

BERT-based
models

Not focused on
Urdu

GoEmotions English
Reddit
comments

BERT baseline
English-only
dataset

This study English–Urdu
Translated
GoEmotions

Multilingual
transformers

Focused on
Urdu cross-
lingual transfer

Study table 3.1 differs from previous studies on Urdu
emotion detection, which typically used small-scale
Urdu datasets or monolingual settings, by assessing
both cross-lingual and monolingual transfer from
English to Urdu and vice versa using the translated
version of the GoEmotion dataset in English–Urdu.

This allows for a more accurate comparison of
transformer models trained in English and those
trained in multiple languages.
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Methodology
Dataset
The main dataset used in this study is GoEmotions
(Demszky et al., 2020), which contains approximately
58,000 Reddit comments labeled with 27 emotional
categories and one neutral rating. The dataset was
chosen due to its high-quality annotations and broad
emotional coverage, covering both basic emotions
(Ekman, 1999) and extended categories. For the
present study, an English–Urdu bilingual version of
the GoEmotions dataset was developed, in which
English sentences were translated by using the Google
Translate API and annotated into Urdu to maintain
uniform labeling standards. A two-stage validation was
adopted to ensure semantic consistency in the
translation, which included professional translation
and manual correction. This bilingual corpus provided
the basis for cross-lingual training and evaluation. The
original GoEmotions dataset contains 27 or neutral
emotion categories; however, this study focused on
seven core emotions to allow for more precise and
controlled experiments for cross-linguistic alignment
and classification.
Dataset Balancing
The original GoEmotions dataset contained
approximately 58k entries, but it had a severe class

imbalance, which meant that some emotions had too
many instances and some too few. To address this issue,
an undersampling technique was used to bring all
classes closer together and train the models on more
balanced data. This process left approximately 23k
instances that were used in the experiments.
Furthermore, this strategy was also necessary due to
limited computational resources, as the resources
required to train the models on a larger dataset (e.g.,
more memory, processing power, and time) were not
available. Therefore, choosing a balanced and relatively
small dataset was a practical and scientifically sound
decision, which made the results not only reliable but
also reproducible. The dataset was also preserved in
raw text form so that it could be analyzed in both
cleaned and uncleaned settings. The dataset example is
showing Figure 3.1.

 English Dataset: over twenty-three thousand entries

 Urdu Dataset: twenty-three thousand entries

 Emotion Labels: Seven emotional categories identified
on each example (in multi-label format)

 Versions: Processed and unprocessed forms are
preserved for both languages.
These corpora were used to test the effectiveness of
multilingual transformer models during sentiment
analysis in different languages.
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Figure 3.1: Dataset Example
The example shows Table 4.1, an English instance
from GoEmotions, which is translated into Urdu but
still maintains its emotional sense. These emotion
labels are then translated by the original fine-grained
emotion labels into one of seven target emotion

categories. To test the model for preserving emotional
semantics across languages, both English and Urdu
versions are used in monolingual and cross-lingual
experiments.
Table 4.1: English instance from GoEmotions is
translated into Urdu

Stage Example

English sentence “I am very happy with this result.”

Urdu translation ہوں۔“ خوش بہت سے نتیجے اس ”میں
Original label joy/approval

Mapped label joy

Model output joy = 1, other labels = 0

Data Aggregation and Emotion Mapping
In the present mapping, the initial emotion labels were
semantically and psychologically categorized into 7
broader groups. This was to aid in simplicity, label
imbalance, and model output interpretability. The
mapping of custom emotion is as follows:

 Anger: anger, disapproval, annoyance

 Disgust: disgust

 Fear: nervousness, fear

 Joy: joy, amusement, desire, approval, excitement, love,
gratitude, optimism, relief, pride, admiration, caring

 Sadness: sadness, grief, disappointment,
embarrassment, remorse

 Surprise: surprise, confusion, realization, curiosity

 Neutral
All data samples were organized to fit the six-category
emotion model and to further improve cross-linguistic
emotion recognition. The dataset structure is showing
Figure 3.2.
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Figure 3.2: Dataset Structure
Data Preprocessing
Emotional text was subjected to preprocessing and
feature extraction before being added to the model.
This included removing stop words, special characters,
and extra punctuation, converting all text to the same
characters, and tokenization and vectorization. The
same cleaning methods were adopted in both the
English and Urdu datasets to reduce noise and focus
the model on emotionally significant words.
Additionally, token encoding and sequence padding

were performed according to the model requirements
to ensure that the input data was consistent with the
requirements of each model.
Performance Evaluation Process
This section describes the steps of evaluating the
performance of the adopted methodology sequentially,
starting with the application of a cross-linguistic
sentiment dataset, then moving on to preprocessing,
dataset partitioning, model training, and finally
performance analysis. The outline is showing Figure
3.3.
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Figure 3.3: Core Block Diagram of the Proposed
Cross-Lingual Emotion Detection Model
Models
This study used different transformer-based models for
linguistic emotion recognition. All models were fine-
tuned on bilingual (Urdu–English) datasets with seven
emotion labels based on GoEmotions. Training was
done on a GPU (NVIDIA Tesla T4) provided by
Google Colab, and four metrics were used to evaluate
performance: Accuracy, Precision, Recall, and Macro
F1-score. The models used are as follows:

 BERT-base – Baseline for English monolingual
experiments.

 DistilBERT – Pre-trained on 104 languages, suitable
for cross-lingual assessment.

 XLM-R – SOTA multilingual model that provides
contextual representations from 100 languages.

 IndicBERT – Model specifically trained for South
Asian languages (including Urdu).

 RoBERTa – Improved version of BERT, trained on a
larger corpus and longer sequences.
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 RemBERT – Pre-trained on 110 languages, designed
for high semantic accuracy in both low- and high-
resource languages.
Classical machine learning models such as Naive Bayes
and SVM were also used for the baseline comparison.
The hyperparameters (learning rate, batch size,
maximum persistence) of all models were optimized
using grid search.

Defining Hyperparameters
The hyperparameters selected for defining the models
in this study have been carefully chosen according to
the characteristics and requirements of the dataset
(Huggingface) Table 3.1. These parameters play a very
important role in the best performance in training the
model. The code given below illustrates these selected
hyperparameter values.

Table 4.2: Experimental Configuration

Condition Max Length Batch Size Learning Rate Epochs

Without
Preprocessing
(English)

80 32 or 16 1e-5 or 2e-5 8

Without
Preprocessing
(Urdu)

120 32 or 16 1e-5 or 2e-5 8

With
Preprocessing
(English)

35 32 or 16 1e-5 or 2e-5 8

With
Preprocessing
(Urdu)

33 32 or 16 1e-5 or 2e-5 8

Algorithms
Algorithm 1: Training of the Proposed Cross-Lingual
Emotion Detection Model
Input: GoEmotion Dataset
Output: Trained transfer-based emotion detection
models
Step 1: Load the GoEmotions dataset containing
English text samples.
Step 2: Translate the English dataset into Urdu to
create a bilingual corpus.
Step 3: Map the original emotion labels into seven
basic emotion categories.
Step 4: Create processed and unprocessed versions of
the English and Urdu datasets.

Step 5: Apply data preprocessing techniques to the
processed datasets.
Step 6: Perform tokenization and sequence padding
according to model requirements.
Step 7: Train transformer-based models using
monolingual and cross-lingual experimental settings.
Algorithm 2: Evaluation of the Proposed Emotion
Detection Models
Input: Trained the trained models to the test dataset.
Output: Performance evaluation results.
Step 1: Apply the trained models to the test dataset.
Step 2: Generate predicted emotion labels for each
input instance.
Step 3: Calculate Accuracy, Precision, Recall, and F1-
score for each model.
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Step 4: Compare the performance of different models
across experimental modes.

EXPERIMENT AND RESULTS
System Specifications
Table 4.1: The experiments in this research were
conducted on a system whose details are as follows:

Table 5.1: System Details

Component Configuration Used

Environment Google Colab (cloud platform)

CPU Intel Xeon Virtual Processor @2.20GHz

Graphics Unit NVIDIA Tesla T4 (16 GB GDDR6)

Memory (RAM) 12.6 GB (Colab Pro)

Storage Temporary Cloud Storage

Operating System Ubuntu 18.04 (Linux)

Language Python (3.x series)

Development Environment Google Colab Notebook

Frameworks Used PyTorch, Transformers, scikit-learn, pandas

Feature Analysis
The data used in this study was based on the
GoEmotions corpus, which contained text labeled
with emotions. Since it was unstructured text, it was
necessary to transform it into a numerical
representation suitable for machine learning models.
For this purpose, transformer-based embeddings
(BERT and its variants) were used, which convert each
sentence into dense vectors.
Feature analysis consisted of two steps:

1. Applying pre-trained language models to represent
emotionally colored text.

2. Filtering features according to emotional categories
(anger, disgust, fear, happiness, sadness, surprise).
These semantic embeddings store information not
only at the word level but also based on emotional

patterns, which improved the accuracy of cross-lingual
emotion classification.
Data Analysis and Visualization
Initial analysis of data features was important for
model design and preprocessing.

 The text length distribution (Figure 4.1) showed that
most samples were within the same word range,
making it easier to identify outliers.

 The class correlation heatmap (Figure 4.2) illustrated
the relationships between emotions. Positive
correlations (e.g., happiness and surprise) and negative
correlations (e.g., fear and trust) were helpful in
interpreting the model predictions and analyzing
shared emotions.
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Figure 4.1: Distribution of

Text Lengths in
Dataset

Figure 4.2: Class Correlation Heatmap
Evaluation Metrics
This study, standard multi-label classification metrics are used to evaluate the performance of the models, the
general structure of which is shown in Figure 4.3. The confusion matrix describes where the models are making
correct and incorrect predictions when classifying different emotions. It mainly includes True Positive (TP), False
Positive (FP), False Negative (FN), and True Negative (TN). In addition, precision, accuracy, recall, and F1-score
were also used to provide a detailed comparison of the models’ behavior in both English and Urdu languages
​ ​ and in all settings (monolingual, interlingual).
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Figure 4.3: Confusion Matrix
Accuracy
Accuracy is a measure of how accurate the overall
predictions made by the model are:

Accuracy = �(��������)+�(��������)
�(��������)+�(��������)+�(��������)+�(��������)

Precision
Precision describes the proportion of results declared
positive that were actually correct:

Precision= �(��������)
�(��������)+�(��������)

Recall
Recall measures how effectively the model identifies
true positive cases:

Recall= �(��������)
�(��������)+�(��������)

F1 Score
The F1-score combines precision and recall through
accord averaging and is considered very suitable for
evaluating model performance on unbalanced datasets:

F1 Score= 2 × ��������� × ������
���������+������

Table 5.2: Robustness of the proposed evaluation

Robustness Test Purpose

3 random seeds Check whether the result is stable or not.

Mean ± standard deviation To show reliability of model performance

Per-class F1-score Which emotion is weak?

Preprocessing ablation Difference between raw vs. cleaned text

Error analysis
Explaining sadness/fear or joy/surprise

confusion

The evaluation table 5.2 was repeated with several
random seeds to investigate the robustness of the
proposed evaluation. Per-class F1-scores were also
examined to determine if there was some consistency
in performance across all emotion categories and
overall accuracy and Macro-F1. Another preprocessing

ablation was also performed to compare the raw text
with cleaned text. This analysis was used to decide if
any performance difference was a result of model
ability or pre-processing.
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Mode-wise Evaluation Configuration
Definition of Evaluation Modes - Four modes are set
up in this study to examine the effects of language and
preprocessing on emotion recognition performance.
Mode 1 is based on raw English data, Mode 2 uses pre-
processed English data, and Mode 3 incorporates
unprocessed Urdu data, while Mode 4 is based on
processed Urdu data. These four modes collectively
provide a systematic and detailed comparison of the

accuracy and behavior of the models in terms of
language and preprocessing.
Monolingual and Models wise comparison results
Mode 1
Analysis: Table 4.2, BERT-base achieved the highest
F1-score (0.4681) and the best Accuracy, indicating its
strong performance on raw English data. RoBERTa
and XLM-R were also close, while IndicBERT and
DistilBERT performed moderately, although they are
computationally less expensive models.

Table 5.3: Evaluation Metrics for Mode 1
Model Accuracy F1-Score

BERT 0.8115 0.4681

DistilBERT 0.7931 0.4344

IndicBERT 0.7894 0.4203

RemBERT 0.7881 0.4263

RoBERTa 0.7978 0.4456

XLM-R 0.7916 0.4432

Mode 2
Analysis: Table 4.3 shows RoBERTa achieved the best
F1-score (0.4422). BERT and XLM-R also showed
balanced performance. IndicBERT did not show a

significant increase in performance, indicating that the
effect of preprocessing is not uniform across models.

Table 5.4: Optimized Results of Mode 2

Model Accuracy F1-Score

BERT 0.7879 0.4313

DistilBERT 0.7918 0.4195

IndicBERT 0.7926 0.4084

RemBERT 0.7849 0.4120

RoBERTa 0.7949 0.4422

XLM-R 0.7872 0.4381

Mode 3
Analysis: Table 4.4. On Urdu data, XLM-R performs
the highest F1-score (0.4360), indicating its balanced
classification ability. BERT achieved the highest

accuracy (0.8176). Despite RoBERTa’s good accuracy,
its F1-score remained low, indicating majority class
bias.
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Table 5.5: Model Assessment on Mode 3

Model Accuracy F1-Score

BERT 0.8176 0.4004
DistilBERT 0.8147 0.3682

RemBERT 0.7746 0.3879

RoBERTa 0.8161 0.3247

XLM-R 0.8109 0.4360

Mode 4
Analysis: Table 4.5. After preprocessing, XLM-R
achieved the highest F1-score (0.4070) on Urdu data.
IndicBERT achieved the highest accuracy (0.8148), but

the F1-score was very low (0.1051), indicating severe
class imbalance and poor recall.

Table 5.6: Performance Summary of Mode 4

Model Accuracy F1-Score

BERT 0.8031 0.3157

DistilBERT 0.8068 0.2862

IndicBERT 0.8148 0.1051

RoBERTa 0.8150 0.1814

XLM-R 0.7918 0.4070

RemBERT 0.7813 0.3657

Figure 4.4: Monolingual F1-Score Comparison
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The monolingual results revealed that BERT achieved
the best F-1 score on English data; this is based on the
fact that it was trained on a large corpus of English.
XLM-R achieved the best F-1 score on Urdu data,
which was possible due to its multilingual pretraining.
These results show that monolingual models perform
well in their native language, but their performance
degrades when applied to a less resource-intensive
language such as Urdu, as shown in Figure 4.4.

Cross-Lingual and Models wise comparison results
Mode 1: Train on English Test on Urdu
Analysis: Table 4.6. In this setup, XLM-R was the best
model (F1=0.4975, Acc=0.8170), while RemBERT also
performed quite well (0.4533). On the other hand,
BERT and DistilBERT had very low F1-scores (<0.07),
which indicates that these models did not generalize
well due to the lack of preprocessing.

Table 5.7: Cross-Lingual Evaluation (English Urdu, Mode 1)

Model Accuracy F1-Score

BERT 0.8034 0.0387

DistilBERT 0.7894 0.0658

IndicBERT 0.7580 0.1453

RemBERT 0.7939 0.4533

RoBERTa 0.7508 0.1165

XLM-R 0.8170 0.4975

Mode 2: Train on English Test on Urdu
Analysis: Table 4.7. The most prominent model in this
experiment was XLM-R, which gave the highest F1-
Score (0.4534) and the best accuracy (0.8072).
RemBERT also showed reasonable performance

(F1=0.4182). On the other hand, the results of BERT,
DistilBERT and RoBERTa were significantly weaker
(F1 around 0.15), which indicates that these models
were not effective in cross-lingual transfer.

Table 5.8: Cross-Lingual Evaluation (English Urdu, Mode 2)

Model Accuracy F1-Score

BERT 0.7129 0.1503

DistilBERT 0.7123 0.1489

IndicBERT 0.7020 0.1651

RemBERT 0.7974 0.4182

RoBERTa 0.7133 0.1520

XLM-R 0.8072 0.4534

Mode 3: Train on Urdu Test on English
Analysis: Table 4.8. In this experiment, XLM-R gave the highest results (F1=0.5177, Acc=0.8219) and RemBERT
also performed well (F1=0.4092). BERT showed relatively average performance (F1=0.3841), while IndicBERT
failed completely (F1=0.0). This clearly shows that multilingual pretrained models (XLM-R, RemBERT) are the
best for real cross-lingual understanding.
Table 5.9: Cross-Lingual Evaluation (Urdu English, Mode 3)

Model Accuracy F1-Score
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BERT 0.7989 0.3841

DistilBERT 0.8116 0.0171

IndicBERT 0.8113 0.0000

RemBERT 0.8099 0.4092

RoBERTa 0.8046 0.0577

XLM-R 0.8219 0.5177

Mode 4: Train on Urdu Test on English
Analysis: Table 4.9. While training on Urdu and
testing on English, XLM-R achieved the best F1-Score
(0.4999) and RemBERT was also quite close (0.4544).
In comparison, the rest of the models were

significantly weaker; especially BERT and DistilBERT
gave very low F1 scores (<0.09). This shows that XLM-
R and RemBERT are more effective for true cross-
lingual generalization.

Table 5.10: Cross-Lingual Evaluation (Urdu English,
Mode 4)

Model Accuracy F1-Score

BERT 0.7973 0.0667

DistilBERT 0.7922 0.0833

IndicBERT 0.7320 0.1513

RemBERT 0.8142 0.4544

RoBERTa 0.7738 0.1066

XLM-R 0.8067 0.4999

Figure 4.5: Cross-Lingual F1-Score Comparison
Cross-lingual results revealed that XLM-R and
RemBERT performed best. This is because these
models are trained on over 100 languages, allowing
them to better transfer semantic patterns from one
language to another. On the other hand, monolingual
models like BERT and RoBERTa failed in cross-lingual
settings because they were trained only on English, as
shown in Figure 4.5.
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Discussion
The results show that the accuracy and usefulness of
the models are directly affected by the choice of
language and the preprocessing technique adopted. In
monolingual experiments on English, BERT achieved
the best accuracy (Accuracy = 0.8115) and F1 score (F1
= 0.4681), which was expected since BERT is primarily
trained on a large English corpus. In contrast, when
applied to Urdu, its performance decreased, while
XLM-R achieved a more balanced F1 score (F1 =
0.4360), highlighting the usefulness of multilingual
pretraining for low-resource languages.
RoBERTa showed strong performance in English, but
the F1 score dropped significantly on Urdu data,
indicating that models trained on only one language
may not perform well on morphologically rich
languages. In contrast, XLM-R and RemBERT
consistently performed well in cross-lingual settings,
with XLM-R achieving the highest performance (F1 =
0.5177, Accuracy = 0.8219). The results show that
multilingual pre-training gave these models the ability
to effectively generalize across languages. Results
achieving 90% relative effectiveness have also been
reported for Arabic (Hassan et al., 2021).
The statistical analysis revealed that the effects of
preprocessing were not the same for English and Urdu
languages. On average, the results obtained after
preprocessing on the English dataset showed an
increase in performance, and this difference was
developed to be statistically significant (p < 0.05). In
contrast, the performance of the models decreased
significantly after preprocessing on the Urdu dataset,
and this decrease was also developed to be statistically
significant (p < 0.05). It can be concluded that
traditional preprocessing methods are not suitable for
morphologically and syntactically complex languages
like Urdu and that morphology-aware or context-

preserving preprocessing strategies are required for
these languages.
Furthermore, some models, especially BERT, showed
unbalanced results in cross-lingual experiments. For

example, in the English → Urdu setup, BERT’s

accuracy was quite high (0.8034), but the F1-Score was
very low (0.0387). The main reason for this
discrepancy is the class imbalance of the dataset due to
imbalance across emotion classes. In such situations,
the model correctly identifies the dominant class,
which makes the accuracy look better, but the
underrepresented classes fail to predict, resulting in a
very low F1-score. This leads to the conclusion that
relying solely on accuracy can be misleading, and
metrics like F1-Score must be used to better assess the
actual performance of the model.
A statistical significance test (paired t-test) was
performed in the final stage to test the accuracy and
reliability of the results, comparing the best-
performing multilingual model, XLM-R, with the
baseline models (BERT, RoBERTa). The results
confirmed that the improvement of XLM-R was
statistically significant (p < 0.05), further reinforcing
the conclusion that multilingual pre-trained models
are more effective for cross-linguistic emotional
recognition in low-resource languages.
Practical Implications
This study is practically significant with regards to low-
resource NLP applications. The emotion detection
system in English can assist in Urdu social media
monitoring, multilingual chatbot creation, emotion-
based public opinion analysis, and emotion-aware
educational or customer support systems. However,
the emotional expressions in Urdu are often culturally
specific, and there are models like XLM-R and
RemBERT that are capable of improving the
performance of emotion-aware applications that are
not able to generalize in English-only settings.
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Conclusion
The aim of this study was to introduce a benchmark
for English–Urdu cross-lingual emotion detection, by
translating the GoEmotions dataset. The findings
revealed that the English-based models show better
results on monolingual English tasks, and the
multilingual models, particularly XLM-R and
RemBERT, have greater cross-lingual generalization
capabilities. The results also revealed that performance
of conventional preprocessing is not always better for
Urdu, and may be detrimental to the removal of useful
syntactic or emotional cues. Thus, Macro-F1 is the
most important evaluation criterion, particularly for
the imbalanced multi-label emotion classification. This
is based on a bilingual (English  Urdu) emotion
recognition dataset derived from the GoEmotions
corpus and six different transformer models were
tested in both monolingual and interlingual contexts.
The results showed that in monolingual English
experiments, BERT achieved the best accuracy (0.8115)
and F-1 score (0.4681). In monolingual Urdu
experiments, XLM-R achieved the highest F-1 score
(0.4360) while BERT achieved the best accuracy
(0.8176). In interlingual contexts, XLM-R
outperformed all models and achieved the highest
results (accuracy = 0.8219, F-1 score = 0.5177), while
the closest result was that of RemBERT (F1 = 0.4544).
Moreover, preprocessing improved the results for
English data but degraded the performance in Urdu,
largely because important cues of Urdu syntactic and
morphological structure were lost in the cleaning
process. The obtained results indicate that
multilingual models such as XLM-R and RemBERT
are more suitable and effective in low-resource
languages ​ ​ for cross-lingual emotion recognition,
especially Urdu. This research provides a strong
quantitative foundation, on which future research can
further improve performance by incorporating more

balanced datasets, morphology-aware preprocessing,
and code-switching scenarios.
In the future, this research can be extended in several
directions. Larger and more balanced datasets should
be developed to reduce class imbalance; larger Urdu
datasets that are human-validated, code-mixed Urdu-
English text, and morphology-aware preprocessing
methods will be explored. Code-switching scenarios
(Urdu-English mix) can also be explored, as they are
commonly seen in real social media data. Furthermore,
domain-specific datasets such as medical, educational,
or legal texts should be created so that the models can
be evaluated in a more practical environment.
Data and Code Availability: The Dataset and source
code used in this study are available from the
corresponding author upon reasonable request.
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