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Abstract

Emotion detection is an important text clas-
sification task with applications in sentiment
analysis, social media monitoring, human-
computer interaction, and affective language
understanding. However, Punjabi written in
the Shahmukhi script remains severely under-
resourced for emotion detection, with lim-
ited benchmark-style resources available for su-
pervised evaluation. This paper introduces
ShahiEmotion, a new Punjabi Shahmukhi
emotion detection dataset containing 30,379
sentence-level instances annotated with seven
emotion categories: sadness, surprise, happi-
ness, anger, neutral, fear, and disgust. The
dataset is designed to support research in a
low-resource setting characterized by script-
specific challenges, lexical variation, and sub-
stantial class imbalance. We establish baseline
results using several pretrained transformer-
based models and formulate emotion detection
as a sentence-level classification task. In partic-
ular, we fine-tune multilingual BERT, multilin-
gual DistilBERT, XLM-RoBERTa, and Urdu
RoBERTa under the same training and eval-
uation setting using standard cross-entropy
loss. Experimental results show that XLM-
RoBERTa provides the strongest overall per-
formance among the compared models. The
best model achieves 77.95% accuracy, 58.47%
macro-F1, and 77.60% weighted-F1 on the
test set. The dataset, evaluation protocol, and
baseline results introduced in this work are in-
tended to support future research on Punjabi
Shahmukhi emotion analysis and low-resource
NLP.

1 Introduction
Emotion detection aims to identify the affective
state expressed in text, such as happiness, sad-
ness, anger, fear, disgust, surprise, or neutrality
(Plutchik, 1980; Mohammad et al., 2018; Dem-
szky et al., 2020). It is an important task in nat-
ural language processing (NLP) because emotion-

bearing language appears widely in social media
(Mohammad et al., 2018, 2013), online reviews
(Chutia and Baruah, 2024; Javed et al., 2022),
conversational systems (Zhong et al., 2019; Poria
et al., 2019), news comments and public-opinion
discussions (Li and Li, 2023; Miao, 2023), and
other forms of user-generated text (Demszky et al.,
2020). Reliable emotion detection can support
applications such as sentiment analysis (Moham-
mad et al., 2013; Singh et al., 2021; Hussain et al.,
2025; Irfan et al., 2019), opinion mining (Liu,
2012), affect-aware dialogue systems (Zhong et al.,
2019; Poria et al., 2019), public opinion monitor-
ing (Li and Li, 2023; Miao, 2023), and mental-
health-related text analysis (Zhang et al., 2022).
Compared with coarse-grained sentiment classifi-
cation, which usually distinguishes positive, neg-
ative, and neutral polarity, emotion detection pro-
vides a more fine-grained representation of affec-
tive meaning (Mohammad et al., 2018; Demszky
et al., 2020).

Despite progress in emotion classification for
high-resource languages, many low-resource
languages remain underrepresented in available
datasets and benchmark evaluations (Joshi et al.,
2020). Punjabi written in the Shahmukhi script
has a large speaker base in Pakistan: the 2023 Pop-
ulation and Housing Census of Pakistan reports
Punjabi as the most widely spoken mother tongue
in the country, with 36.98% of the population,
corresponding to about 88.9 million speakers
(Pakistan Bureau of Statistics, 2024). Shahmukhi
is the dominant script for Punjabi in Pakistan,
and prior work notes that it is used by nearly
three-fourths of Punjabi speakers worldwide
(Ahmad et al., 2020). However, computational
resources for Shahmukhi remain limited compared
with languages that have larger annotated corpora
and more mature NLP pipelines. This lack of
benchmark resources makes it difficult to evaluate
models consistently across shared splits, label
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inventories, and evaluation metrics.
Punjabi Shahmukhi emotion detection presents

several challenges. First, Shahmukhi is written in
a Perso-Arabic script, which creates script-specific
processing requirements and limits direct reuse
of resources developed for Gurmukhi Punjabi or
other language varieties. This script difference
is important because Gurmukhi and Shahmukhi
differ in alphabets, writing direction, word forma-
tion, and punctuation usage, and speakers familiar
with one script may not be able to read the other
script (Ahmad et al., 2020; Lehal, 2009). Second,
Shahmukhi text often contains lexical and ortho-
graphic variation, including informal spelling, bor-
rowed vocabulary, and variation in written forms.
Third, emotion classes are naturally imbalanced:
neutral or frequent affective categories often occur
much more often than rarer emotions such as sur-
prise, fear, or anger. In such settings, models may
achieve reasonable overall accuracy while still per-
forming poorly on minority classes (Sokolova and
Lapalme, 2009). This makes balanced evaluation
across emotion categories important for this task.

To address these challenges, we introduce
ShahiEmotion, a new sentence-level Punjabi
Shahmukhi emotion detection dataset containing
30,379 annotated instances. Each sentence is as-
signed one of seven emotion labels: sadness, sur-
prise, happiness, anger, neutral, fear, and disgust.
We formulate Punjabi Shahmukhi emotion detec-
tion as a seven-class sentence classification task.

The main contributions of this paper are as fol-
lows:

• We introduce ShahiEmotion, a new bench-
mark dataset for Punjabi Shahmukhi emo-
tion detection with 30,379 sentence-level in-
stances and seven emotion categories.

• We establish baseline results using five pre-
trained transformer models under a fixed fine-
tuning setup. We show that XLM-RoBERTa
provides the strongest overall performance,
while Urdu RoBERTa small is the strongest
alternative in terms of macro-F1.

The remainder of this paper is organized as fol-
lows. Section 2 reviews related work on emotion
detection, low-resource NLP, and Punjabi Shah-
mukhi language resources. Section 3 describes
the construction of the ShahiEmotion dataset, in-
cluding the label inventory, dataset statistics, and
train-development-test splits. Section 4 presents

the task formulation, transformer-based classifica-
tion framework, and training objective. Section 5
describes the experimental setup, pretrained mod-
els, hyperparameters, and evaluation metrics. Sec-
tion 6 reports the main results and per-class perfor-
mance. Section 7 presents the error analysis. Sec-
tion 8 discusses the main findings, and Section 9
concludes the paper.

2 Related Work

Emotion detection has been widely studied as a
fine-grained affective text classification task. Un-
like sentiment analysis, which typically assigns
text to broad polarity categories such as positive,
negative, and neutral, emotion detection aims to
identify more specific affective states such as joy,
sadness, anger, fear, disgust, and surprise (Ekman,
2004; Plutchik, 1980). This fine-grained formula-
tion is useful for applications that require deeper
understanding of user attitudes, including social
media analysis, opinion mining, affect-aware di-
alogue systems, and human-computer interaction
(Mohammad et al., 2018; Demszky et al., 2020).
Several benchmark datasets have been introduced
for emotion classification in high-resource lan-
guages, including SemEval affect-related tasks and
large-scale English emotion datasets such as GoE-
motions (Mohammad et al., 2018; Demszky et al.,
2020). These resources have supported systematic
model comparison and have played an important
role in the development of modern emotion classi-
fication systems.

Early approaches to emotion detection relied on
lexical resources, manually designed features, and
conventional supervised classifiers. Emotion lexi-
cons such as the NRC Emotion Lexicon have been
used to associate words with affective categories
and to build feature-based classifiers for emotion
analysis (Mohammad et al., 2013). Traditional ma-
chine learning methods such as support vector ma-
chines, logistic regression, and Naive Bayes have
also been applied to emotion classification using
word n-grams, character n-grams, lexicon features,
and part-of-speech information (Alm et al., 2005;
Aman and Szpakowicz, 2007; Mohammad et al.,
2013). These methods can be effective when la-
beled data is limited and when lexical cues are
highly predictive, but they often struggle with con-
textual ambiguity, informal language, and cross-
domain generalization.

Neural models have substantially changed the
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modeling landscape for emotion classification. Re-
current neural networks, convolutional neural net-
works, and attention-based architectures have been
used to learn distributed representations for affec-
tive text classification (Kim, 2014; Cho et al., 2014;
Bahdanau et al., 2014). More recently, pretrained
transformer models have become the dominant ap-
proach for many text classification tasks. Mod-
els such as BERT, RoBERTa, mBERT, and XLM-
R learn contextualized representations from large-
scale unlabeled corpora and can be fine-tuned ef-
fectively for downstream classification tasks (De-
vlin et al., 2019; Liu et al., 2019; Pires et al., 2019;
Conneau et al., 2020; Maryam et al., 2025). In
multilingual and low-resource settings, multilin-
gual encoders are particularly attractive because
they provide cross-lingual transfer and support
many languages and scripts without requiring task-
specific pretraining data for each language (Pires
et al., 2019; Conneau et al., 2020).

Low-resource emotion detection remains chal-
lenging because many languages lack annotated
datasets, standardized label inventories, and re-
producible benchmark splits. Prior work on low-
resource NLP emphasizes that the absence of high-
quality annotated resources is often a primary bot-
tleneck for progress (Joshi et al., 2020; Pakray
et al., 2025). This limitation is especially rele-
vant for affective language processing, where emo-
tion expression can be culturally and linguisti-
cally specific. Recent work on culturally aware
LLM optimization highlights the need to evalu-
ate NLP systems beyond accuracy, including fair-
ness, robustness, informativeness, and efficiency
(Iqbal et al., 2026). Direct transfer from high-
resource languages may not capture local lexical
choices, idiomatic expressions, script conventions,
and emotion-specific discourse patterns.

The situation is especially challenging for Pun-
jabi written in the Shahmukhi script. Shahmukhi
uses a Perso-Arabic writing system and differs sub-
stantially from Gurmukhi Punjabi in script, ortho-
graphic conventions, and available NLP resources.
Existing Punjabi NLP work has addressed tasks
such as part-of-speech tagging (Tehseen et al.,
2023a), named entity recognition (Ahmad et al.,
2020; Tehseen et al., 2023b), machine translation
(Ambreen and Rauf, 2023; Lehal, 2008), senti-
ment analysis (Hussain et al., 2025; Singh et al.,
2021), and lexical normalization (Kaur and Saini,
2016), but benchmark-style resources for Punjabi
Shahmukhi remain comparatively limited. This re-

source gap limits the development of robust mod-
els for downstream tasks such as emotion detection,
where script-specific representation and language-
specific affective expressions are important.

Research on Punjabi emotion analysis has gener-
ally been more limited compared to English, Ara-
bic, Urdu, Hindi, or other higher-resource lan-
guages. However, many available resources ei-
ther focus on the Gurmukhi script or use coarse-
grained sentiment polarity labels. Emotion de-
tection is more fine-grained than sentiment classi-
fication and requires distinguishing affective cat-
egories that may be semantically close, such as
anger and disgust or fear and surprise. This makes
a dedicated Shahmukhi emotion dataset important
for systematic progress.

3 Dataset Construction

We introduce ShahiEmotion, a sentence-level
Punjabi Shahmukhi emotion detection dataset.
The Shahmukhi sentences were derived from
the English-Punjabi Shahmukhi Parallel Sentences
Corpus available through the Mozilla Data Collec-
tive (Mozilla Data Collective, 2026). We used the
Punjabi Shahmukhi text of the corpus and manu-
ally annotated each sentence with one gold emo-
tion label. After removing empty or unusable rows,
the final dataset contains 30,379 annotated sen-
tences across seven emotion categories: sadness,
surprise, happiness, anger, neutral, fear, and dis-
gust. In Shahmukhi, these labels correspond to
๱ངادا, ሏᇃاଫଜ༡, ๱ཇިۊ, ,ؗݱۭ ਊ಻؇༥ଫଜ༚ڎار , ,ڈر and ݆ᘛܓ,
respectively.

3.1 Preprocessing and Label Inventory

The dataset is stored in a sentence-level format
with two fields: the Shahmukhi sentence and its
emotion label. During preprocessing, we remove
empty rows and normalize whitespace. The text
is kept in Unicode Shahmukhi script, and the la-
bel mapping is fixed across all splits to ensure re-
producible training and evaluation. The sentences
were manually annotated according to the fixed
seven-label inventory. Annotators assigned the
emotion that was most clearly expressed by each
sentence. Sentences without a clear affective state
were labeled as ਊ಻؇༥ଫଜ༚ڎار . Ambiguous cases were
resolved using the dominant expressed emotion,
following the single-label classification setup used
in this work.
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Table 1: Label distribution in the Punjabi Shahmukhi
emotion dataset.

Label Count Englishڎارਊ಻؇༥ଫଜ༚ 17,459 Neutral๱ཇިۊ 6,687 Happiness
݆ᘛܓ 2,516 Disgust๱ངادا 1,355 Sadness
ڈر 1,008 Fearۭؗݱ 826 Angerሏᇃاଫଜ༡ 528 Surprise

Total 30,379 -

Table 2: Label distribution across train, development,
and test splits.

Label Train Dev Testڎارਊ಻؇༥ଫଜ༚ 13,967 1,746 1,746๱ཇިۊ 5,350 669 668
݆ᘛܓ 2,013 252 251๱ངادا 1,084 135 136
ڈر 806 101 ؗݱ101ۭ 661 82 83ሏᇃاଫଜ༡ 422 53 53

Total 24,303 3,038 3,038

3.2 Dataset Statistics
The dataset is substantially imbalanced, with
ਊ಻؇༥ଫଜ༚ڎار and๱ཇިۊ being the largest classes, while
ሏᇃاଫଜ༡, ,ؗݱۭ and ڈر contain fewer examples. Ta-
ble 1 shows the label distribution of the full dataset.

We split the dataset into fixed train, develop-
ment, and test sets using an 80/10/10 stratified split.
The training split contains 24,303 sentences, while
the development and test splits contain 3,038 sen-
tences each. The development set is used formodel
selection, and the test set is reserved for final eval-
uation.

4 Methodology

We formulate Punjabi Shahmukhi emotion detec-
tion as a sentence-level multi-class classification
task. Given an input sentence

S = (w1, w2, . . . , wn), (1)

wherewi denotes the i-th token in the sentence, the
goal is to predict an emotion label

y ∈ Y , (2)

where Y is the set of seven emotion categories:
๱ངادا, ሏᇃاଫଜ༡, ๱ཇިۊ, ,ؗݱۭ ਊ಻؇༥ଫଜ༚ڎار , ,ڈر and ݆ᘛܓ.
Each sentence receives exactly one label, so the
task is treated as single-label classification.

4.1 Sentence Classifier
We use pretrained transformer encoders as sen-
tence classification models. Given a Shahmukhi
sentence, the tokenizer converts the input into a se-
quence of subword units, which are passed through
the encoder to obtain contextualized representa-
tions. The encoder output is then passed to a
task-specific classification head that produces log-
its over the seven emotion categories:

o = Classifier(Encoder(S)), (3)

where o ∈ R7 is the output logits. The predicted la-
bel is obtained by selecting the class with the high-
est logit:

ŷ = argmax
k∈Y

ok. (4)

This architecture is used as a standard fine-
tuning framework for comparing pretrained trans-
former encoders on the proposed Punjabi Shah-
mukhi emotion dataset. All models are trained
using standard cross-entropy loss. Since the
dataset is imbalanced, we report macro-averaged
and weighted metrics in addition to accuracy.

5 Experimental Setup
We evaluate Punjabi Shahmukhi emotion detection
using the fixed train, development, and test splits
described in Section 3. All systems are trained
on the training split, evaluated on the development
split during training, and reported on the held-out
test split.

5.1 Models and Training Settings
We compare five pretrained transformer models
under the same fine-tuning setup. The multilin-
gual BERT models are included as multilingual
contextual baselines (Devlin et al., 2019; Pires
et al., 2019). Multilingual DistilBERT is included
as a smaller distilled multilingual encoder (Sanh
et al., 2019). XLM-RoBERTa is included as a
strong multilingual transformer trained on large-
scale multilingual data (Conneau et al., 2020).
Urdu RoBERTa small is included because Urdu
and Punjabi Shahmukhi share a related Perso-
Arabic script environment (UrduHack, 2021).

Each model is fine-tuned with a sequence clas-
sification head over the seven emotion labels. We
keep the dataset splits, preprocessing, maximum
sequence length, batch size, number of epochs,
learning rate, and evaluation metrics fixed across
all experiments. All experiments are implemented
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in PyTorch using the Hugging Face Transformers
library. Table 3 summarizes the main hyperparam-
eters.

Table 3: Hyperparameter settings for fine-tuning.

Hyperparameter Value
Compared models 5
Maximum sequence length 128
Batch size 16
Epochs 10
Learning rate 2× 10−5

Weight decay 0.01
Optimizer AdamW

5.2 Evaluation Metrics
We report accuracy, macro-averaged precision,
macro-averaged recall, macro-F1, and weighted-
F1. Since the dataset is imbalanced, accuracy
alone is not sufficient: a model may obtain high ac-
curacy by performing well on the majority classes
while failing on minority emotions. We therefore
use macro-F1 as the primary comparison metric,
because it gives equal importance to each emotion
category regardless of its frequency.

Accuracy is defined as the proportion of cor-
rectly classified sentences:

Accuracy =
1

N

N∑

i=1

1{ŷi = yi}, (5)

where ŷi is the predicted label, yi is the gold label,
and N is the number of test instances.

For each class, precision, recall, and F1 are com-
puted in the standard way. Macro-F1 is the un-
weighted average of class-level F1 scores:

Macro−F1 =
1

C

C∑

c=1

F1c, (6)

where C is the number of emotion classes.
Weighted-F1 is also reported to show performance
while accounting for class frequency.

6 Results and Analysis
The results show that the choice of pretrained en-
coder has a clear effect on performance for Punjabi
Shahmukhi emotion detection. Table 4 presents
the test-set results for the evaluated pretrained
transformer models.

XLM-RoBERTa base achieves the strongest
overall performance among the compared mod-
els. It obtains 77.95% accuracy, 58.47%macro-F1,

Table 4: Test-set results for different pretrained models.

Model Acc. Macro-F1 Weighted-F1
mBERT cased 77.72 54.14 76.90
mBERT uncased 77.42 54.71 76.74
DistilBERT multilingual 76.07 52.02 75.31
XLM-RoBERTa base 77.95 58.47 77.60
Urdu RoBERTa small 77.45 56.32 76.84

and 77.60% weighted-F1 on the test set. This re-
sult shows that XLM-RoBERTa provides the most
effective pretrained representation for this dataset
under the fixed fine-tuning setup. Its advantage is
especially clear in macro-F1, which is the primary
metric for this imbalanced emotion classification
task.

Urdu RoBERTa small obtains the second-best
macro-F1 score, with 56.32% macro-F1. This re-
sult suggests that pretraining on a related Perso-
Arabic script language can be useful for Pun-
jabi Shahmukhi emotion detection. Although
Urdu RoBERTa small does not outperform XLM-
RoBERTa, it performs better than both multilin-
gual BERT variants in macro-F1. This indi-
cates that related-script pretraining may help with
some emotion categories, even when the model is
smaller than the multilingual baselines.

The multilingual BERT models also provide
competitive results. The cased version achieves
77.72% accuracy and 76.90% weighted-F1, while
the uncased version achieves 77.42% accuracy
and 76.74% weighted-F1. However, their macro-
F1 scores remain lower than XLM-RoBERTa
and Urdu RoBERTa small. The uncased model
slightly improves macro-F1 compared with the
cased model, but the cased model obtains slightly
higher accuracy and weighted-F1. This shows that
the two multilingual BERT variants behave simi-
larly overall, with small differences across metrics.

Multilingual DistilBERT obtains the lowest
performance among the evaluated models, with
76.07% accuracy, 52.02% macro-F1, and 75.31%
weighted-F1. Since DistilBERT is a smaller dis-
tilled model, this result suggests that reduced
model capacitymay affect performance on this low-
resource and imbalanced emotion detection task.
The decrease is most visible in macro-F1, indicat-
ing that the lighter model has more difficulty with
minority classes.

Overall, the results show that pretrained
transformer models can provide strong base-
lines for Punjabi Shahmukhi emotion detection,
but the choice of pretrained encoder matters.
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XLM-RoBERTa base is the best-performing
model across all three main metrics, while Urdu
RoBERTa small is the strongest alternative in
terms of macro-F1. These findings support the
use of large multilingual pretrained encoders for
Punjabi Shahmukhi emotion classification, while
also showing that related-script models can be
useful for this setting.

6.1 Per-Class Performance
The model performs best on the two largest classes,
ਊ಻؇༥ଫଜ༚ڎار and ๱ཇިۊ. It obtains an F1 score of
85.66% for ਊ಻؇༥ଫଜ༚ڎار and 82.37% for๱ཇިۊ. These
results indicate that the model can learn reliable
representations for frequent classes. Table 5 re-
ports per-class precision, recall, and F1 for the best-
performingmodel, XLM-RoBERTa basewith stan-
dard cross-entropy.

Table 5: Per-class test performance of XLM-RoBERTa
base with standard cross-entropy.

Label Prec. Rec. F1๱ངادا 61.11 64.71 62.86ሏᇃاଫଜ༡ 45.00 33.96 38.71๱ཇިۊ 80.54 84.28 ؗݱ82.37ۭ 41.77 39.76 ਊ಻؇༥ଫଜ༚ڎار40.74 85.12 86.20 85.66
ڈر 55.17 47.52 51.06

݆ᘛܓ 51.13 45.02 47.88

The minority classes remain more difficult. The
lowest F1 scores are observed for ሏᇃاଫଜ༡, ,ؗݱۭ and
݆ᘛܓ. This is expected because these classes con-
tain fewer training examples and may overlap se-
mantically with other affective categories. For ex-
ample, anger and disgust can share similar negative
lexical cues, while surprise may overlap with fear
or neutral event descriptions depending on context.
These results show that class imbalance and seman-
tic overlap remain central challenges for Punjabi
Shahmukhi emotion detection.

The model obtains a relatively stronger F1 score
for ๱ངادا, reaching 62.86%, even though this class
is smaller than ๱ཇިۊ and ਊ಻؇༥ଫଜ༚ڎار . This suggests
that sadness may contain more consistent lexical or
contextual cues than some other minority classes.
In contrast, ሏᇃاଫଜ༡ has the lowest F1 score, indicat-
ing that surprise is particularly difficult to detect at
the sentence level. This may be because surprise
can be expressed indirectly or may require wider
context beyond a single sentence.

Overall, the per-class results show that XLM-
RoBERTa base provides the strongest overall base-

line, but performance is still uneven across emotion
categories. Frequent classes are recognized more
reliably, while minority and semantically overlap-
ping emotions remain harder to classify.

7 Error Analysis
To better understand the behavior of the best-
performing model, we analyze the confusion ma-
trix of XLM-RoBERTa base with standard cross-
entropy. Table 6 presents the test-set confusion ma-
trix. Rows correspond to gold labels and columns
correspond to predicted labels.

Table 6: Test-set confusion matrix for XLM-RoBERTa
base. Rows are gold labels and columns are predicted
labels.

Gold/Pred. ෢ີادا ᆀᄴاજઍຒ ෢ຸػܙ ٞۢֈ ॻబոຖજઍ຋׿ار ڈر ڄᖌڷ
๱ངادا 88 0 8 2 30 5 3ሏᇃاଫଜ༡ 0 18 2 3 19 7 4๱ཇިۊ 5 1 563 2 84 2 ؗݱ11ۭ 4 5 2 33 25 3 ਊ಻؇༥ଫଜ༚ڎار11 28 9 102 19 1505 13 70

ڈر 7 3 6 5 23 48 9
݆ᘛܓ 12 4 16 15 82 9 113

The largest number of errors comes from the
ਊ಻؇༥ଫଜ༚ڎار class, which is also the largest class in
the dataset. In particular, 102 gold ਊ಻؇༥ଫଜ༚ڎار sen-
tences are predicted as ๱ཇިۊ, and 70 are predicted
as ݆ᘛܓ. This suggests that some neutral sentences
contain words or phrases that are also common in
affective contexts. Since neutral examples are di-
verse and often lack explicit emotional markers,
the boundary between neutral and weakly emo-
tional sentences can be difficult for the model to
learn.

Another frequent confusion occurs between
݆ᘛܓ and ਊ಻؇༥ଫଜ༚ڎار , where out of 251 gold ݆ᘛܓ
examples, 82 are predicted as ਊ಻؇༥ଫଜ༚ڎار . This in-
dicates that disgust is difficult to identify when
the sentence does not contain strong lexical cues.
Some disgust expressions may be implicit, indirect,
or expressed through evaluative wording that over-
laps with neutral criticism.

The model also confuses ሏᇃاଫଜ༡ with ਊ಻؇༥ଫଜ༚ڎار
and ,ڈر where out of 53 gold ሏᇃاଫଜ༡ examples, 19
are predicted as ਊ಻؇༥ଫଜ༚ڎار and 7 are predicted as
.ڈر This pattern may arise because surprise can be
expressed with limited affective wording and may
depend heavily on context. In some cases, surpris-
ing events may also imply fear or uncertainty, mak-
ing the distinction between these classes difficult at
the sentence level.
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For ,ؗݱۭ the model correctly predicts 33 out of
83 test examples, but it also confuses anger with
ਊ಻؇༥ଫଜ༚ڎار , ݆ᘛܓ, and ሏᇃاଫଜ༡. This pattern suggests
that negative affective classes share overlapping
lexical and semantic features. Anger and disgust
are particularly close because both can express neg-
ative evaluation, rejection, or disapproval.

The model performs more reliably on ๱ཇިۊ and
ਊ಻؇༥ଫଜ༚ڎار . For ๱ཇިۊ, 563 out of 668 test exam-
ples are correctly classified, while for ਊ಻؇༥ଫଜ༚ڎار ,
1505 out of 1746 examples are correctly classi-
fied. These results are consistent with the per-class
scores and show that themodel benefits from larger
training support for frequent classes.

Overall, the error analysis shows that the main
difficulty is not only class imbalance but also se-
mantic overlap among emotion categories. The
model performs strongly on frequent and lexi-
cally clearer classes such as ๱ཇިۊ and ਊ಻؇༥ଫଜ༚ڎار ,
but it remains challenged by minority classes and
by emotions whose expressions are indirect or
context-dependent. These findings suggest that fu-
ture improvements may require larger annotated
data for minority classes, clearer annotation guide-
lines for borderline cases, and richer modeling of
contextual and pragmatic cues.

8 Discussion

The results show that Punjabi Shahmukhi emotion
detection is a challenging task evenwhen using pre-
trained transformer encoders. All evaluated mod-
els achieve reasonable overall accuracy, but per-
formance varies considerably across emotion cat-
egories. The models perform better on frequent
classes such as ਊ಻؇༥ଫଜ༚ڎار and ๱ཇިۊ, while minor-
ity classes such as ሏᇃاଫଜ༡, ,ؗݱۭ ,ڈر and ݆ᘛܓ remain
more difficult. This pattern reflects the combined
effect of class imbalance, limited examples for rare
emotions, and semantic overlap among affective
categories.

The comparison between pretrained encoders
shows that model choice has a clear effect on
performance. XLM-RoBERTa base achieves the
strongest overall result, with the highest accu-
racy, macro-F1, and weighted-F1 among the com-
pared models. This suggests that its multilingual
pretraining and subword representation are effec-
tive for Punjabi Shahmukhi emotion classification.
Since Shahmukhi is a low-resource script setting,
broad multilingual pretraining appears to provide
useful transfer for sentence-level emotion detec-

tion.
Urdu RoBERTa small obtains the second-best

macro-F1 score. This result suggests that related-
script pretraining can be useful for Punjabi Shah-
mukhi, even when the pretrained model is smaller
than somemultilingual alternatives. Urdu and Pun-
jabi Shahmukhi share a Perso-Arabic script envi-
ronment, and this may help the model represent
script-specific patterns more effectively. However,
Urdu RoBERTa small still does not outperform
XLM-RoBERTa, which indicates that broader mul-
tilingual pretraining remains highly useful for this
task.

Themultilingual BERTmodels perform compet-
itively but remain belowXLM-RoBERTa inmacro-
F1. The cased version achieves slightly higher ac-
curacy andweighted-F1, while the uncased version
achieves slightly higher macro-F1. This shows
that both mBERT variants are useful baselines, but
their performance is less balanced across emotion
categories thanXLM-RoBERTa. Multilingual Dis-
tilBERT obtains the lowest macro-F1 among the
compared models, suggesting that a smaller dis-
tilled encoder may have less capacity to model
minority classes and fine-grained affective distinc-
tions in this dataset.

These findings also indicate that accuracy alone
is not a sufficient measure for Punjabi Shahmukhi
emotion detection. Several models achieve sim-
ilar accuracy, but their macro-F1 scores differ
more clearly. Since emotion analysis often re-
quires reliable recognition of minority emotions
such as fear, anger, and surprise, macro-F1 pro-
vides a more informative evaluation criterion. The
stronger macro-F1 of XLM-RoBERTa shows that
it provides a better balance across the full emotion
inventory.

Overall, the experiments establish a benchmark-
style evaluation setting for Punjabi Shahmukhi
emotion detection. The results show that pre-
trained transformer models can be effective for this
low-resource script setting, but they also reveal im-
portant limitations related to class imbalance and
semantic overlap. The dataset and model compar-
ison introduced in this work therefore provide a
foundation for future research on more robust Pun-
jabi Shahmukhi affective language understanding.

9 Conclusion

This paper introduced ShahiEmotion, a new
sentence-level dataset for Punjabi Shahmukhi emo-
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tion detection. The dataset contains 30,379 anno-
tated sentences across seven emotion categories:
๱ངادا, ሏᇃاଫଜ༡, ๱ཇިۊ, ,ؗݱۭ ਊ಻؇༥ଫଜ༚ڎار , ,ڈر and ݆ᘛܓ.
By providing fixed train, development, and test
splits, the dataset establishes a reproducible bench-
mark setting for supervised emotion classification
in Punjabi written in the Shahmukhi script.

We evaluated five pretrained transformer mod-
els under the same fine-tuning setup using standard
cross-entropy loss. The compared models include
multilingual BERT cased, multilingual BERT un-
cased, multilingual DistilBERT, XLM-RoBERTa
base, and Urdu RoBERTa small. The results show
that XLM-RoBERTa base provides the strongest
overall performance among the evaluated models.
It achieves 77.95% accuracy, 58.47% macro-F1,
and 77.60% weighted-F1 on the test set.

The comparison also shows that Urdu RoBERTa
small is a strong alternative, obtaining the second-
best macro-F1 score. This suggests that related-
script pretraining can be useful for Punjabi Shah-
mukhi emotion detection. However, XLM-
RoBERTa remains the best model overall, indicat-
ing that large-scale multilingual pretraining pro-
vides effective transfer for this low-resource set-
ting.

The per-class results show that the main remain-
ing challenges involve minority-class recognition
and semantic overlap among emotion categories.

Overall, this work contributes a new benchmark-
style resource and baseline model comparison for
Punjabi Shahmukhi emotion detection. We hope
that the dataset and results presented here will
support future research on Punjabi Shahmukhi af-
fective computing, low-resource text classification,
and multilingual emotion analysis.

Limitations

This study has several limitations. First, the ex-
periments are conducted on a single Punjabi Shah-
mukhi emotion dataset. Although the dataset pro-
vides a useful benchmark setting, additional eval-
uation on external domains would be needed to
measure how well the models generalize to other
forms of Shahmukhi text, such as social media
posts, news comments, dialogue, or literary text.

Second, the dataset is substantially imbalanced.
Minority classes such as ሏᇃاଫଜ༡, ,ؗݱۭ and ڈر con-
tain far fewer examples than ਊ಻؇༥ଫଜ༚ڎار and ๱ཇިۊ.
This affects model performance and makes some
emotion categories more difficult to learn. Expand-

ing the dataset with additional examples for under-
represented emotions would likely improve macro-
level performance.

Third, emotion annotation is inherently subjec-
tive. Some sentences may express weak, implicit,
or overlapping emotions, and a single-label clas-
sification setup may not fully capture such cases.
For example, a sentence may express both fear and
surprise, or may contain negative evaluation that
could be interpreted as anger or disgust. Future ver-
sions of the dataset could include multiple annota-
tors, agreement analysis, emotion intensity scores,
or multi-label annotations for ambiguous cases.

Fourth, the modeling experiments compare a
limited set of pretrained encoders and use a sin-
gle standard fine-tuning objective. Although the
selected models provide useful multilingual and
related-script baselines, future work should eval-
uate additional multilingual, regional, and script-
specific models, including larger transformer vari-
ants and models trained on Urdu, Punjabi, or other
related languages written in Perso-Arabic scripts.

Finally, the present work establishes baseline
results rather than proposing a novel model ar-
chitecture. The main contribution is the dataset
and benchmark setting. Future work can build on
this resource by exploring class-weighted loss, fo-
cal loss, data augmentation, contrastive learning,
parameter-efficient fine-tuning, domain adaptation,
and methods that better capture contextual or prag-
matic cues in emotion expression.

Ethics Statement
This work uses publicly available Punjabi Shah-
mukhi text and manually annotates it for sentence-
level emotion detection. Emotion labels may in-
volve subjective judgments and may reflect biases
in the source text or annotation process. The
dataset and models are intended for research use
and should not be used for high-stakes decision-
making.

Data Availability
The ShahiEmotion dataset and documen-
tation will be released for non-commercial
research use under the CC BY-NC 4.0 license at:
github.com/usmannawaz01/ShahiEmotion.
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