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Abstract

Sentiment analysis is central to extracting opinions and emotional context from
usergenerated text, yet its application to Roman Urdu remains constrained by the
language's informal wusage, nonstandardised orthography, and scarcity of
annotated resources. This study proposes a hybrid classification framework that
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classification couples a Long Short-Term Memory (LSTM) network with a Light Gradient
Boosting Machine (LightGBM) classifier to improve sentiment prediction for
Article History Roman Urdu. The LSTM branch models sequential and contextual dependencies

in the text, while the Light GBM branch captures nonlinear interactions among
engineered features; the two branches are combined through a weighted Softmax
fusion layer. A publicly available Roman Urdu corpus of 98,984 samples
obtained from Kaggle was preprocessed using a custom tokenizer, transliteration-
aware normalisation, and language-specific stopword removal. The framework
was trained and evaluated using stratified tenfold crosswalidation. The hybrid
model achieved a classification accuracy of 97.74%, exceeding the standalone
LSTM (93.72%) and standalone LightGBM (69.51%) models, and also
outperforming conventional classifiers including Random Forest, Support Vector
Machine, and k-Nearest Neighbour. The results indicate that integrating
sequential representation learning with gradient-boosted feature modelling is an
effective strategy for sentiment analysis in low-resource, non-standardised
languages, and provide a basis for future work on multilingual and code-mixed
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sentiment systems.

1. INTRODUCTION

The rapid expansion of online communication
platforms has produced large volumes of user-
generated text, making automated sentiment
analysis an important tool for interpreting public
opinion. Sentiment analysis is now applied across
diverse domains, including social media
monitoring, education, business intelligence,

entertainment, and sports analytics, where user
comments inform strategic decision-making [1].
Reported applications extend to the prediction of
stock-market from social-media
sentiment [2], the detection of fraudulent activity
in financial data [3], and the assessment of patient
feedback and public opinion on policy in
healthcare and political science [2]. Contemporary

movements
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sentiment-analysis methods based on deep
learning are able to detect slang, sarcasm, and
subtle contextual cues that keyword-based
approaches typically miss [4]. Architectures such as
Long Short-Term Memory (LSTM) networks and
Convolutional Neural Networks (CNNs) capture
longrange dependencies in text and have
advanced performance on complex language-
processing tasks [5, 6]. Despite this progress,
sentiment analysis for low-resource languages with
rich morphological structure remains difficult,
largely because of limited annotated data and a
lack of standardised linguistic tools [7]. These
constraints are especially pronounced for Roman
Urdu, an informal, Latin-script representation of
Urdu that lacks codified spelling conventions [8,
9.

Roman Urdu is widely used in social-media and
online communication across Pakistan and India,
yet its non-standardised orthography, frequent
code-mixing with English, and absence of formal
linguistic resources limit the effectiveness of
conventional sentiment-analysis models.
Recurrent and transformer-based architectures
have improved sentiment classification for
morphologically complex languages by modelling

Text

Text Pre-
Processing
Stop-Words
removal
Dataset ‘

long-range dependencies and contextual variation
[10-13], and recent work indicates that hybrid
models combining deep learning with gradient-
boosting methods can further improve
classification performance [14, 15]. Motivated by
these observations, the present study proposes a
hybrid framework that integrates an LSTM
network with a LightGBM classifier for sentiment
analysis of Roman Urdu text. The LSTM branch
learns sequential and contextual representations,
while the LightGBM branch models non-linear
interactions among  engineered  features;
combining the two is intended to yield more
accurate sentiment predictions than either
component alone. The main contributions of this
work are: (i) a custom preprocessing pipeline,
comprising transliteration-aware normalisation
and a Roman Urdu-specific tokenizer, designed
for the linguistic characteristics of the language; (ii)
a hybrid LSTM-LightGBM architecture with a
weighted Softmax fusion layer; and (iii) a
comprehensive evaluation against standalone
deep-learning and conventional machine-learning
baselines using stratified cross-validation. The
conceptual framework of the proposed approach
is shown in Figure 1.
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Figure 1:Proposed Solution

Research on sentiment analysis has evolved
through three broad stages: lexicon-based
methods, conventional machine learning, and
deep learning. Early systems relied on fixed
sentiment dictionaries and hand-crafted linguistic

rules [16]. Although effective for simple cases,
these approaches struggled with sarcasm, negation,
and  contextdependent sentiment, which
motivated the adoption of machinelearning
techniques. Classifiers such as Support Vector
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Machines (SVM), Naive Bayes, and Random
Forest improved performance by learning patterns
from annotated corpora, although they depended
heavily on manual feature engineering [5, 10].
Deep-learning models subsequently advanced the
field by learning hierarchical representations and
temporal dependencies directly from text. CNNs
are effective at extracting local features, while
recurrent networks, particularly LSTM networks,
capture longrange contextual information;
combined CNN-BiLSTM models have been
shown to improve sentiment classification by
exploiting both properties [10]. Transformer-based
models such as BERT have further improved
performance, and finetuning pretrained
transformers has been reported to outperform
conventional embedding methods even when
annotated  data are  limited [5]. For
morphologically rich languages such as Hindi,
deep-learning  models  have  consistently
outperformed Naive Bayes, SVM, and Logistic
Regression [10].

Hybrid architectures that combine
complementary models have attracted increasing
attention. Integrating the representation-learning
capability of deep networks with the explicit
feature modelling of tree-based or boosting
methods can improve both predictive accuracy
and interpretability [17, 18]. Reported examples
include CNN-BiLSTM models with Doc2Vec
embeddings achieving approximately 90.7%
accuracy, and BiLSTM models reaching about
949% accuracy on Saudi-dialect text [1]. For Arabic
sentiment analysis, LSTM-based models combined
with  word embeddings have repeatedly
outperformed conventional methods by capturing
semantic dependencies [18, 19]. Attention-
augmented architectures, such as Cov-Att
BiLSTM, and transformer-based  hybrids
combining BERT, BiLSTM, and TextCNN have
also  improved classification  performance,
although often at higher computational cost [20,
21]. Collectively, these studies indicate that hybrid

designs can balance accuracy and efficiency, which
is particularly valuable for low-resource languages
(22-25].

Although sentiment analysis has advanced
considerably for high-resource languages, three
gaps remain for Roman Urdu. First, most existing
studies target languages with standardised
orthography and large annotated corpora, whereas
Roman Urdu lacks both, limiting the direct
applicability of conventional models. Second,
standalone  deep-learning  models  capture
sequential structure but do not explicitly model
non-inear  interactions among engineered
features, while tree-based and boosting models
capture such interactions but ignore word order;
few studies have systematically combined the two
for Roman Urdu. Third, prior Roman Urdu
sentiment work has often relied on relatively small
datasets and limited crossvalidation, leaving the
generalisation of reported results uncertain. The
present study addresses these gaps by proposing a
hybrid LSTM-LightGBM framework, evaluated on
a large corpus of 98,984 samples using stratified
ten-fold cross-validation.

3. Materials and Methods

Our methodical and iterative approach to creating
a hybrid sentiment analysis model for Roman
Urdu text combines the advantages of deep
learning and machine learning approaches. To
ensure the quality and relevance of the data, we
first gathered a comprehensive labeled dataset of
Roman Urdu text samples and implemented
thorough preprocessing procedures. Then, using
both conventional and contextual embedding
techniques, we executed feature engineering steps
to extract informative representations from the
preprocessed text. The LIGHTGBM and LSTM
components were integrated into the hybrid
model architecture, each with a specific function
in capturing high-level patterns and contextual
relationships. The methodology scheme is shown
in Figure 2.
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Figure 2:Methodology

All experiments were conducted in a controlled
computing environment managed with the
Anaconda distribution. A dedicated Python 3.8
environment was created with the required
libraries isolated from system-level packages,
ensuring reproducibility and avoiding dependency
conflicts across experimental runs.

3.1. Data Collection and Preprocessing

The dataset used in this study was obtained from
publicly available Roman Urdu repositories on
Kaggle, comprising user-generated content from
social-media platforms, community forums, and
online discussion boards. This selection ensured
that the corpus reflected the informal usage typical
of Roman Urdu in everyday communication. The
final corpus contained 98,984 samples annotated
into three sentiment classes: 27,487 positive
samples (27.8%), 23,555 negative samples
(23.8%), and 47,942 neutral samples (48.4%). The
raw text was preprocessed through a sequence of
stages to improve quality and consistency. Text
normalisation was applied to correct spelling

variation  arising  from  non-standardised
transliteration; a custom tokenizer was used to
segment text into words and subwords, addressing
the absence of consistent word boundaries in
Roman Urdu; and language-specific stop words,
identified through exploratory analysis, were
removed together with other uninformative
tokens. This pipeline produced a clean and
consistent dataset suitable for feature extraction

and model training.

3.2. Feature Engineering and Model
Architecture

Feature engineering was performed to convert
preprocessed text into informative numerical
representations. Term Frequency-Inverse
Document Frequency (TF-IDF) vectors were used
to quantify the relative importance of terms, and
distributed word embeddings (Word2Vec and
GloVe) were wused to preserve semantic
relationships between tokens.

These representations convert tokenized text into
numerical vectors while retaining lexical meaning
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and contextual association. The most informative
features were selected using chi-square tests,
mutual-information  scores, and  feature-
importance values derived from ensemble models,
reducing dimensionality and limiting noise prior
to model training.

The proposed hybrid architecture integrates two
complementary components. The first is an LSTM
network, a recurrent architecture designed for
sequence modelling, which processes the token
sequence to extract contextual and temporal
patterns relevant to sentiment [26].

Xseq :{Xl' X2""XT}

For a given textual instance, the token sequence is
provided as input to the LSTM branch, and the
engineered feature vector X_feat (for example, TF-
IDF features) is provided as input to the

The second component is LightGBM, a gradient-
boosting framework based on decision trees that is
well suited to modelling categorical features and
complex non-linear feature interactions [27].

In the hybrid design, the LSTM branch identifies
contextual and temporal dependencies in the
Roman Urdu text, while the LightGBM branch
models non-linear interactions among the
engineered features. The outputs of the two
branches are subsequently combined to produce
the final sentiment prediction.

(1)

LightGBM branch. The LSTM component
computes its hidden states using the standard
gating operations.

The input gate and candidate memory-cell states at time t are given by Equations (2) and (3).

i =o(W[h,x]+b)

¢, =tanh(W,[h_, x ]+b,)

The forget gate is computed using Equation (4).

ft =O_(\Ni [r]t—ll)(t]+bf)

(2)

(3)

(4)

The updated memory-cell state at time t is obtained from Equation (5).

¢ =f0c,+i0¢

(5)

The output gate and hidden state are computed using Equations (6) and (7).

0, :O-(Wo [r]t—l’)(t]+bo)
h =0, tanh(c,)

Here, the sigmoid function is denoted by sigma
and element-wise multiplication by the Hadamard
operator; h_t and c_t denote the hidden and cell
states at time t, and the weight matrices and bias
vectors are learned during training. The final

ZLSTM=h,

(6)
(7)

sequence representation produced by the LSTM is
given by Equation (8).

The prediction logits produced by the LSTM
branch are given by Equation (9).

(8)

The prediction logits produced by the LSTM branch are given by Equation (9).

*LSTM =W, LSTM+b,.

©)

LightGBM models the engineered feature vector X_feat as an additive ensemble of decision trees, as

expressed in Equation (10).
K

I:LightGBM (Xfeat ) = z fk (Xfeat )’

k=1

(10)
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where f_k denotes the k-th regression tree and K is the total number of trees. The output of the Light GBM

branch is a vector of logits, given by Equation (11).
*LGB= FLightGBM (xfeat)

(1D

The hybrid prediction logits are obtained by combining the two branches through a weighted sum.

*hyb =2 LSTM+(1-a) LGB

(12)

where alpha is a mixing weight. In this study, alpha is selected on the validation set by grid search;
alternatively, it may be learned as a scalar parameter or through a lightweight meta-learner. The final class
probabilities are obtained by applying the Softmax function.

p = softmax ( *hyb),

§ =argmax p. (13)

During training, the categorical cross-entropy loss is minimised over the training set.

1 N C
L=—WZZ yi,c |Og f)i,c

i=1 c=1

where y; . represents the one-hot label for sample
i and class c. The LSTM is trained via Adam
optimization with a learning rate adjusted by
validation, while LightGBM employs its inherent
gradient boosting method; early stopping based on
validation Fl/accuracy is wused for both
components. Model performance is evaluated
using Accuracy, Precision, Recall, and macro-F1
score. This hybrid architecture adheres to the
conventional hybrid pipeline employed in recent
applications that integrate deep sequence models
with gradient boosting for final predictions [28].
This module processes the vectorized text features
and intermediate representations obtained from
the LSTM predictions to develop complementary
feature sets and representations. The fusion layer
integrates outputs from both the LSTM and
LIGHTGBM  components to  create a
comprehensive representation of the text data.
This integration method represents text's global
and local semantics with LSTM sequence context
and LIGHTGBM high-level features. The hybrid
model improves Roman Urdu sentiment analysis
using LSTM and LIGHTGBM using this
architectural approach.

3.3. Model Training and Evaluation

The hybrid model was trained and evaluated using
supervised learning with stratified kdfold cross-
validation. Stratified partitioning was selected
because the sentiment dataset is class-imbalanced,
and random splitting can over-represent

(14)

individual classes within folds [29].

The LSTM branch was trained to capture
temporal dependencies in the Roman Urdu text
using Backpropagation Through Time with
adaptive gradient descent, which mitigated
vanishing-gradient effects. The Light GBM branch
was trained using histogram-based split finding,
which  provides efficient handling of the
categorical features common in Roman Urdu text.
The fusion layer was trained on the combined
outputs of both branches, with the integration
(fusion) weights optimised by minimising the
categorical cross-entropy loss using the Adam
optimiser [30].

The Softmax layer normalises the contributions of
the LSTM and LightGBM branches into a
probability ~ distribution, while the Adam
optimiser adapts the learning rate to support stable
convergence. This configuration was adopted
because Softmax-based fusion balances the
contributions of  the two branches
probabilistically, preventing either component
from dominating, and because Adam provides
effective optimisation in high-dimensional feature
spaces, which is well suited to hybrid deep-learning
frameworks.

Model performance was assessed using accuracy,
precision, recall, and Fl-score, computed across
cross-validation folds. Hyperparameter tuning
covered the LightGBM parameters, the LSTM
architecture, and the configuration of the fusion
layer, with systematic search used to identify
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settings that maximised validation performance.
Iterative refinement following validation further
improved classification accuracy on Roman Urdu
text, allowing the framework to detect subtle
sentiment cues across a range of informal usage.

4. Results

The performance of a deeplearning model
depends on its network architecture, training
procedure, and optimisation strategy. In this
study, model performance was evaluated using
accuracy, precision, recall, Fl-score, and
confusion-matrix analysis. These metrics quantify
how accurately the model predicts positive,
negative, and neutral sentiment while limiting
false positives and false negatives.

4.1. Neural Network Architecture

The architecture of the LSTM branch, comprising
the embedding, LSTM, and dense layers, is
summarised in Figure 3. This configuration
supports efficient analysis of sequential data and is
widely used in natural language processing and
time-series tasks.

4.1.1. Input and Embedding Layers

The embedding layer receives input sequences of
fixed length 100. Incoming tokens are mapped to
dense vector representations using an embedding
matrix of dimension 40,647 x 50, allowing the
model to represent a vocabulary of 40,647 tokens,
each as a 50dimensional vector. This
representation enables the model to capture
semantic relationships between tokens prior to
sequential processing.

4.1.2. LSTM and Dense Layers
The LSTM layer processes the embedded
sequences to extract temporal dependencies. Its
main parameters are as follows:

1- the input kernel is a 50 x 400 weight
matrix ~ that  processes  incoming
connections;

2-  the recurrent kernel is a 100 x 400 weight
matrix that governs connections from
previous time steps;

3. and a bias vector of length 400 adjusts the
output of the LSTM units. A non-linear
activation function is applied after the
LSTM layer to improve the model's
capacity to represent complex patterns.

The final dense layer produces the model output.
It comprises a 100 x 3 weight matrix connecting
the LSTM layer to the output layer and a bias
vector of length 3. A Softmax activation is applied
to generate class predictions, and the dense layer
produces the final three-class sentiment output.
This structured design supports sequential-data
modelling and can be adapted to related
classification tasks.

4.2. Accuracy and Loss Evaluation

Figure 4 presents the accuracy and loss curves
recorded for the LSTM model over 25 training
epochs. The model reached stable accuracy after
approximately ten epochs, with accuracy
remaining consistent thereafter, indicating
effective learning on the training data. The loss
decreased sharply during the initial epochs before
stabilising, indicating convergence. Together,
these curves indicate stable and effective training
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Figure 3 LSTM Model Overview
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Figure 4 Accuracy and Loss Graph
The LightGBM model was trained independently evaluated as a standalone classifier, it achieved an
on the Roman Urdu sentiment dataset. When accuracy of 0.69 (Figure 5), correctly predicting the
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sentiment of Roman Urdu text in 69% of cases.

[LightGBM] [Info] Auto-choosing col-wise multi-threading, the overhead of testing was 0.116663 seconds.
You can set “force_col wise=true® to remove the overhead.

[LightGBM] [Info] Total Bins 69179
[LightGBM]
[LightGBM]
[LightGBM]
[LightGBM]
Accuracy: 0.6951207192645722

[Info] Number of data points in the train set: 89085, number of used features: 500
[Info] Start training from score -1.435731
[Info] Start training from score -1.279958
[Info] Start training from score -0.725650

Figure 5 LightGBM Accuracy

4.3. Hybrid Model Performance

The hybrid model, combining LightGBM and
LSTM, classified Roman Urdu sentiment with
high accuracy. By integrating sequential
representation learning with gradient-boosted
feature modelling, the hybrid framework was able
to handle the spelling and grammatical variation
characteristic of Roman Urdu, a code-mixed form

2784/2784 |
310/310 [

combining Urdu and English. The per-class
precision, recall, and Fl-score of the hybrid model
are reported in Figure 6. The combined
architecture processed large volumes of text
efficiently while capturing both contextual
dependencies and non-linear feature interactions,
improving overall accuracy and the handling of
inherent ambiguity in Roman Urdu text.

| - 67s 24ms/step
] - 8s 25ms/step

[LightGBM] [Info] Auto-choosing row-wise multi-threading, the overhead of testing was ©.028191 seconds.
You can set “force_row_wise=true’ to remove the overhead.
And if memory is not enough, you can set “force_col wise=true’.

[LightGBM] [Info] Total Bins 24870
[LightGBM] [Info]
[LightGBM] [Info]
[LightGBM] [Info]
[ ]

LightGBM] [Info

Number of data points in the train set: 89085, number of used features: 100
Start training from score -1.435731
Start training from score -1.279958
Start training from score -0.725650

[LightGBM] [Info] Auto-choosing row-wise multi-threading, the overhead of testing was 0.024694 seconds.
You can set “force_row_wise=true’ to remove the overhead.
And if memory is not enough, you can set “force_col wise=true’.

[LightGBM] [Info]
[LightGBM] [Info]
[LightGBM] [Info]
[LightGBM] [Info]

Total Bins 25634

[LightGBM] [Info] Start training from score -0.725650

Accuracy: 0.9774724719668654
Classification Report:

precision recall fl-score

0 0.97 0.97 0.97

1 0.98 0.98 0.98

2 0.98 0.98 0.98

accuracy 0.98
macro avg 0.98 0.98 0.98
weighted avg 0.98 0.98 0.98

2358
2717
4824

9899
9899
9899

Number of data points in the train set: 89085, number of used features: 103
Start training from score -1.435731
Start training from score -1.279958

support

Figure 6:Classification Report for Hybrid Model
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4.4. Confusion Matrix and Comparative
Analysis

Figure 7 presents the confusion matrices for the
three classification models. In each matrix, rows
correspond to the true sentiment classes and
columns to the predicted classes, allowing class-
level prediction performance to be examined. The
matrices quantify true positives, false positives,
true negatives, and false negatives, providing

information beyond overall accuracy. Three
models trained on the same Roman Urdu dataset
were compared: a standalone LSTM model, a
standalone LightGBM classifier, and the proposed
hybrid architecture. This comparison isolates the
contribution of each component and shows the
effect of architectural integration on classification
performance.

Confusion matrix

Predicted label
2

57 4000
3000

13 45
- 2000

- 1000

0 2 1
Actual label

Figure 7 Confusion Matrix

4.5. Cross-Validation and Generalisation

The generalisation capability of the hybrid
LightGBM-LSTM model was assessed using ten-
fold cross-validation. The dataset was partitioned
into ten folds, and training and testing were
repeated across all folds. As shown in Figure 8, the
model produced consistent performance across

folds. The loss curves exhibited rapid initial
convergence followed by continued optimisation
at low error levels, indicating stable learning
dynamics, and the mean accuracy across folds
confirmed the model's tolerance to variation in
the data.
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These results indicate that the hybrid LightGBM-
LSTM architecture achieves strong classification
performance during training while maintaining

Figure 8: K-Fold Cross-Validation (Results)

robust generalisation to previously unseen Roman
Urdu text. The balance between specialised
representation learning and general applicability
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makes the framework well suited to Roman Urdu
sentiment analysis.

4.6. Comparison with Baseline Models

Three architectures were compared for Roman
Urdu sentiment analysis: a standalone LSTM
model, a standalone LightGBM model, and the
proposed hybrid model.

The LSTM model captured contextual

dependencies and sentiment-bearing sequential
features through its recurrent memory structure,
whereas the gradientboosted LightGBM model
identified sentiment patterns through hierarchical
feature interactions but did not model sequential
structure  directly. Combining the two
architectures in the hybrid design produced higher
performance than either component alone, as
summarised in Table 1.

Table 1:Comparison of Model Accuracies

Model |Accuracy
LSTM 0.9372
LIGHTGBM 0.6951
LIGHTGBM-LSTM 0.9774

The proposed model was further compared with
three conventional classifiers, Random Forest,
SVM, and k-Nearest Neighbour (KNN), trained on
the same Roman Urdu dataset. Random Forest
achieved moderate accuracy but had difficulty
capturing context and idiomatic expressions. SVM
produced reasonable classification but did not

model sequential relationships between words,
which are important for sentiment interpretation.
KNN performed least well, as its distance-based
decision rule was sensitive to the informal and
inconsistent nature of Roman Urdu. The
corresponding results are reported in Table 2.

Table 2:Comparison of Proposed Model with Existing ML Classifiers

ML Classifier )Accuracy %
Random Forest 0.95 %
SVM 0.83 %
KNN 0.56 %
LIGHTGBM 0.71 %
Proposed LSTM-LIGHTGBM 0.97 %

5. Discussion

This study proposed a hybrid framework for
Roman Urdu sentiment analysis that integrates
LightGBM and LSTM architectures. The
experimental results show that the hybrid model
outperforms both standalone implementations
and conventional baselines across accuracy,
precision, recall, and Fl-score. This improvement
can be attributed to the complementary strengths
of the two components: the LSTM branch models
sequential and contextual structure, while the
LightGBM branch efficiently captures non-linear
interactions among engineered features. The study
makes three main contributions. First, it addresses
Roman Urdu, a widely used but under-resourced

script for which many off-the-shelf models perform
poorly because of the absence of standardised
orthography. Second, it demonstrates that a
hybrid deep-learning and gradient-boosting model
handles informal and inconsistent text more
effectively than either method individually. Third,
it characterises linguistic features of Roman Urdu
that are relevant to the design of NLP systems for
low-resource and non-standardised languages.
These findings are consistent with prior work
reporting  that  systematic  hyperparameter
optimisation improves machine-learning
performance on Roman Urdu tasks [31].

Considered in the context of the wider literature,
these results show a clear pattern. Conventional
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classifiers such as SVM and Random Forest
perform  adequately for languages with
standardised orthography and extensive linguistic
resources, but are less effective for highly variable,
non-standardised languages such as Roman Urdu.
This observation is consistent with research on
dialectal and code-mixed languages, where hybrid
and deeplearning approaches have shown
superior performance.

The hybrid model achieved an accuracy of
97.74%, compared with 93.72% for the
standalone LSTM and 69.51% for the standalone
LightGBM, indicating that combining sequential
modelling with gradient-boosted decision trees
improves feature extraction and classification.
This performance gain supports the use of hybrid
approaches for sentiment analysis in under-
resourced  languages,  particularly = where
computational resources and standardised data
are limited.

Several limitations should be acknowledged. The
evaluation relied on a single Roman Urdu corpus,
and validation across additional datasets would
provide stronger evidence of generalisation. The
present work also addressed three-class sentiment
classification  only; future studies — could
incorporate finer-grained sentiment categories or
emotion detection [2]. Incorporating phonetic
transcription or morphological analysis may help
the model accommodate the linguistic variability
of Roman Urdu, and attention mechanisms or
crosslingual transfer learning could further
improve performance for low-resource settings
(31].

In addition, although the dataset is large, it may
not capture the full diversity and contextual
complexity of Roman Urdu usage across social-
media platforms. Because online language evolves
continuously, periodic retraining may be required
to maintain performance. Further investigation of
feature engineering, text preprocessing, and
hyperparameter optimisation may also yield
additional improvements. While ten-fold cross-
validation  indicated robust generalisation,
evaluation on independent external datasets
would strengthen confidence in the model's
reliability across domains. Future work could
extend the framework to additional Roman Urdu

text sources, explore alternative architectures, and
assess the transferability of the hybrid approach to
other low-resource languages and dialects; the use
of Roman Urdu-specific contextual embeddings is
a further promising direction.

The proposed framework has practical relevance
for applications requiring sentiment analysis in
code-mixed  language
environments. It could support social-media
monitoring systems that automatically assess
Roman Urdu public sentiment, providing useful
information for organisations, political analysts,
and public-health initiatives [32]. Because
conventional methods are limited by the non-
standardised orthography of Roman Urdu, the
framework may also assist in identifying hate
speech and harmful content [33]. Its ability to
process code-mixed text makes it suitable for
chatbots and customer-support systems serving
Roman Urdu speakers [34], and sentiment
information of this kind can additionally inform
cross-lingual market-analysis applications [35].

low-resource and

6. Conclusion

This study presented a hybrid LSTM-LightGBM
framework for sentiment analysis of Roman Urdu
text. By combining sequential representation
learning with gradientboosted feature modelling
and a weighted Softmax fusion layer, the
framework achieved a classification accuracy of
97.74%, outperforming standalone LSTM and
LightGBM models as well as conventional
classifiers. The results demonstrate that hybrid
architectures are an effective strategy for sentiment
analysis in  non-standardised, low-resource
languages. Beyond its academic contribution, the
framework can support practical applications
including social-media monitoring, content
moderation, and customer-support systems for
Roman Urdu speakers, and the overall approach
may transfer to other low-resource and code-mixed
languages. Future work should focus on validation
across multiple datasets, finer-grained sentiment
and emotion classification, the integration of
attention mechanisms and contextual
embeddings, and improvements in computational
efficiency.
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