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Abstract—Sentiment and emotion analysis of mobile
application reviews has attracted significant attention as a
means to understand users’ perceptions and experiences.
The research proposes a novel Convolutional Neural
Network-Long Short-Term Memory (CNN-LSTM) model
for multi-task sentiment and emotion classification,on
Indonesian TikTok application reviews. A large-scale
corpus consisting of 500,000 reviews is collected from
the Google Play Store and preprocessed thtough clean-
ing, normalization, tokenization, stopword removal; and
stemming. Sentiment labels (positive, negative, and,neu-
tral) are assigned using a lexicon-based approach, while
emotion labels are annotated throtigh emoji/analysis and
word matching based on five basic emotions: anger, fear,
happiness, love, and sadness. The propesed CNN-LSTM
model is evaluated against/a hybrid Bidirectional Encoder
Representations from Transformers — Convolutional Neu-
ral Network (BERT-CNN) “architecture. Experimental
results show that thes€NN-LSTMmodel outperforms the
BERT-CNN model, achieving anraccuracy of 91.30% for
sentiment classificationhand 99.15% for emotion classi-
fication, compared, to 42.43% and 72.85%, respectively,
obtained by the BERT-CNNymodel. These findings indi-
cate that the CNN-LSEM architecture is more effective
in capturing sequential‘patterns and contextual features
in Indonesian review texts, particularly in a multi-task
learning setting. Despite its strong performance, the
research is limited by its focus on a single platform and
the use of lexicon-based automatic labeling, suggesting
future work on cross-domain evaluation and manual
annotation refinement.

Index Terms—Convolutional Neural Network-Long
Short-Term Memory (CNN-LSTM), Multi-Task Learn-
ing, Sentiment Analysis, Emotion Classification, Deep
Learning
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I[. INTRODUCTION

HE rapidyevelution of mobile apps has changed

the way users use digital services and amassed
large scale of user feedback in the form of app reviews
on_platfofms like Google Play Store and Apple App
Store [1, 2]. Such reviews and ratings serve as a valu-
able source of user sentiment and emotional feedback
and can be used to help developers to understand
user satisfaction, feature preference, and application
quality [3, 4]. The popularity of social media and web-
based communication have also highlighted the utility
of sentiment analysis as a means of gaining insight
into public opinion and user activity in a variety of
fields [5, 6].

Sentiment analysis, the process of determining the
attitude of a writer with respect to a target, is a
pivotal task in Natural Language Processing (NLP),
to automatically analyze and extract subjective in-
formation, such as opinions, emotions, attitudes, and
so on, from user-generated data [7-9]. Conventional
sentiment analysis methods have been mostly binary
or ternary classification (e.g., positive vs negative or
neutral). In emotion classification task, previous re-
search has conducted title classification for YouTube
video. It has some clear application value, but recently,
with the penchant for emotional dimensions as an
increased source of rich and nuanced insights into
user experience, interest in emotion classification as
a co-silver task has surged [10, 11]. Multi-task learn-
ing methods for sentiment and emotion classification
which address sentiment and emotion jointly have been
successful [12, 13]. Multi-task learning approaches that
simultaneously address sentiment polarity and emo-
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tional categorization have also demonstrated superior
performance compared to single-task models, as they
can leverage shared representations and complemen-
tary information between related tasks [14].

Despite having over 270 million speakers, Indone-
sian remains a low-resource language in NLP due to
limited annotated corpora and linguistic tools [2, 15—
17]. The scarcity of high-quality labeled data hinders
the development of robust models capable of han-
dling linguistic diversity and cultural nuances [18, 19].
Indonesian language complexity arises from its rich
morphology, extensive affixation, and regional dialect
variations, leading to a wide vocabulary range that is
difficult to model using conventional approaches [18].
Furthermore, informal and creative expressions, such
as slang, phonetic spelling, and acronyms along with
frequent code-switching between Indonesian, regional
languages, and English, add further complexity to text
processing [11, 20]. These linguistic characteristics
collectively demand adaptive methods that can effec-
tively manage the dynamic and heterogeneous nature
of Indonesian digital communication while maintaining
strong sentiment and emotion classification perfor-
mance.

Lexicon-based labelling methods have shown effec-
tiveness in responding to the scarcity of labelled data
in low-resource languages [8, 21, 22]. Such approaghes
rely on sentiment dictionaries and linguistic rulesito
automatically label text data without costly andytimes=
consuming manual annotation [5]. Prior studies‘have
also established that pseudo-labeling baged on lexicons
can produce high-quality pseudo-labeled dataset ap-
proaching manual annotation quality, particulagly with
the help of emoji analysis and domain-specifichkey-
words [22, 23]. The method is intéesting, especially
in Indonesian, a languageygthat has a potential to fall
back on existing patterns‘in, the langiage) constrained
to labeled data availability [1%].

Previous research in Indonesian sentiment analy-
sis has used classic machine learning and shallow
deep learning frameworks, seldom delving into multi-
task learning schemes [17]. Although several previ-
ous works have focused on the use of BERT-based
models for Indonesian text classification, the merits
of hybrid CNN-LSTM architectures tailored for multi-
task sentiment and emotion classification remains rel-
atively unexplored. Furthermore, the majority of pro-
posed methods have considered sentiment and emotion
classifications separately and have not utilized any
commonality between the two tasks to improve the
performance [24, 25].

With the rapid development of deep learning, there
has been another trend to employ deep models for
sentiment analysis. Convolutional Neural Networks
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(CNN) and Long Short-Term Memory (LSTM) are
state-of-the-art models due to their good capability of
capturing local patterns and sequential dependencies
in text [21]. Hybrid architectures of CNN and LSTM
have been shown to be very effective designs such as
CNN for capturing local n-grams features and LSTM
for solving long-term dependence and context infor-
mation [23, 26]. Furthermore, the hierarchical nature
of these hybrid models allows for multi-level feature
extraction, from character-level patterns to word-level
semantics, ultimately contributing to more robust text
representation learning [27]. Additionally, the success
of transformer-based models, including BERT and its
extensions, have already brought in new state-of-the-
art performance records in multiple sentiment analysis
tasks [24, 28].

The research specifically«dddresses that gap by
proposing a CNN=ESTM model designed for con-
current sentimeht and emotighygeldssification on In-
donesian app reviewsd/By integrating both tasks, the
research séeks tolimprove performance efficiency and
knowledge sharing acrossdelated objectives, thus con-
tributing to the’underexplored area of multi-task deep
learning for low-resource languages. Although In-
donesian Bidirectional Encoder Representations from
Transformers,«(IndoBERT) provides pre-trained em-
beddings specifically for the Indonesian language,
the researchers use the multilingual BERT-CNN as a
baseline to allow broader comparison across models
and evaluate how the proposed CNN-LSTM performs
under similar experimental settings. This choice also
maintains methodological consistency with prior mul-
tilingual sentiment analysis studies while keeping the
focus on low-resource language challenges.

Sentiment and emotion analysis for low-resource
languages, especially in the context of mobile app
reviews, presents a significant challenge due to the
complex expressions of emotions, cultural nuances,
and domain-specific terminology [15, 26]. Existing
state-of-the-art models, primarily designed for high-
resource languages, such as English, face substantial
limitations when applied to Indonesian. The research
introduces a CNN-LSTM hybrid architecture, tailored
to process informal Indonesian text with slang, code-
switching, and unique cultural expressions, thereby
addressing the gaps in current sentiment analysis mod-
els [16, 19]. The proposed model leverages the to
the strengths of CNN and LSTM network to learn
shared representations that support both sentiment and
emotion classification together. The proposed model
adopts state-of-the-art preprocessing techniques specif-
ically designed for Indonesian text such as full text
normalization, slang word replacement, and improved
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Fig. 1. Reseafehymethodology. Note: Synthetic Minority Over-

sampling Technique (SMOTE), Bidirectional Encoder Representa-
tions from Transformer$,— Conyolutional Neural Network (BERT-
CNN), and Convolutional Neural Network-Long Short-Term Mem-
ory (CNN-LSTM)

tokenization mechanism. Furthermore, the research
present a lexicon-based labeling method along with
emoji analysis that allows to generate rich annotations
with multiple dimensions of sentiment and emotion
classes.

The contributions of the research are twofold. First,
the research release a large-scale dataset consisting of
500,000 Indonesian app reviews on TikTok that are
extensively preprocessed and annotated for multi-task
purposes. Second, the research design and develop a
hybrid CNN-LSTM architecture, which is particularly
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TABLE I
DATASET STATISTICS AND CHARACTERISTICS.

Metric Value
Initial reviews collected 500,000
Average review length (characters)  87.3
Rating range 1-5 stars
Language Indonesian

Source platform Google Play Store (TikTok app)

tailored to the joint task of sentiment and emotion
classification in Indonesian text, followed by extensive
comparisons with state-of-art techniques such as hy-
brid BERT-CNN and empirical evidence, showing its
competitive performance in both tasks. The research
makes a contributiongtonthe developing of Indonesian
NLP capabilities dnd provides a basis for improving
more advanced sentimentfanalysis algorithms for low-
resource languages in‘the mobile application context.

IJ& RESEARCH METHOD

This section presents a comprehensive methodology
used to_develop and evaluate a model for multitask
sentipient and emotion classification on Indonesian
app reviewsé@)The research methodology consists of
several inferrelated phases, from data collection to
modeh@valuation, designed to address the challenges
of sentiment analysis in low-resource languages while
ensuring robust and reliable results. Figure 1 shows the
research methodology.

A. Data Collection

The research utilizes the Google-Play-Scraper
Python library to systematically collect Indonesian
TikTok reviews from the Google Play Store. The data
collection process is designed to obtain comprehensive
review data including review text, user ratings, times-
tamps, and user identifiers. Table I presents the statis-
tics of the collected dataset, providing an overview of
its scale and basic properties.

B. Data Preprocessing

The data pre-processing procedure undergoes a six-
stage pipeline to transform raw app reviews into clean
and normalized text suitable for machine learning
model training. First, duplicate records are removed,
resulting in the elimination of 170,040 duplicates and
improving the overall data quality to 34.01. Next,
data cleaning addresses missing values and textual
inconsistencies. Then, normalization converts Indone-
sian slang into standard forms using a slang dictio-
nary compiled from Google Notepad, enabling more
accurate sentiment analysis. Subsequently, the text is
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TABLE 11 Emotion Distribution

DATASET STATISTICS BEFORE AND AFTER PREPROCESSING. 205763
200000
Metric Before After Reduction/Change
Total reviews 500,000 341,791 158,209
Duplicate records 170,040 0 170,040 removed 175000
Quality 65.99 % 100 % +34.01 percentage points
150000
Sentiment Distribution
120000 1 120206 117876 g
=
&
103709 “
100000 1 o
u
a
E
=1
=
& 80000
a
E
o
v
S o000 4
2
E 30.3%
3
=
40000
20000 4
o
Neutral Positive Negative

Class Distribution

Fig. 2. Sentiment distribution. ositive and negative words in a review.

ayes’ theorem is applied to estimate
sentiment polarity. Reviews with a higher
ositive score are labeled as positive. Those dominated
egative words are labeled as negative, and reviews
with relatively balanced positive and negative scores
are labeled as neutral [29]. Figs. 2 and 3 show the raw
distribution of reviews across sentiment and emotion
categories before any resampling.

The labeling process is conducted fully automati-
cally, without manual annotation or human involve-
ment. Automatic labeling is chosen to efficiently han-
dle the large-scale corpus of 500,000 reviews while
C. Data Labeling Metho ensuring consistency and reproducibility. The lexicon-

The labeling scheme combines lexicon-based senti- based and emoji-driven strategy enables programmatic
ment classification, rule-based emotion annotation, and  assignment of sentiment and emotion categories by
emoji analysis to improve label accuracy and coverage. combining dictionary lookups with predefined emoji-
For lexicon-based sentiment labeling, each term in the emotion mappings, thereby reducing subjective bias
inSet (Indonesian Sentiment) lexicon is treated as a and substantially shortening labeling time.
positive or negative seed word and used to assign Figs. 2 and 3 show the distributions of sentiment and
sentiment to the vocabulary derived from the prepro- emotion classes before balancing. Although the senti-
cessed reviews. Sentiment classification is performed ment classes are relatively balanced, the negative class
using an Indonesian sentiment lexicon containing lists is slightly underrepresented. In contrast, the emotion
of positive and negative words to automatically infer distribution is highly skewed. Happiness accounts for
polarity from each review. more than 60% of the dataset, while minority emotions

During labeling, a sentiment score was computed such as love and fear appear only sparsely. This
to determine the sentiment class (positive, negative, imbalance motivates the use of resampling strategies
or neutral). This dictionary-based approach counts the (e.g., Synthetic Minority Over-sampling Technique

statistics before and after preproc
the substantial reductio i
improvement in da
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(SMOTE)) to improve minority-class representation Sentiment Class Distribution After SMOTE

during model training. 350000 1 346875 346870 346870
Emotion annotation follows a multi-phase procedure

that combines emoji analysis and lexical pattern match- 300000 J

ing. First, the system maps emotion categories (joy,
sad, angry, fear, surprise, disgust, love) to emoji sym-
bols based on established emoji (emotion associations).
When reviews contain no explicit emoji indicators,
rule-based lexical patterns and sentiment intensity are
used to infer emotion labels. In addition, sentiment-
neutral reviews are predominantly assigned to the
neutral emotion category [30].

250000

200000

33.3%

150000

Number of Samples

100000

D. Synthetic Minority Over-sampling Technique
(SMOTE)

To mitigate the imbalance observed in the sentiment
and emotion class distributions, SMOTE is applied
exclusively to the training set. SMOTE generates syn-
thetic samples for minority classes by interpolating
between existing instances and their nearest neigh-
bors in the feature space, thereby increasing minority
representation without simply replicating the same ass Distribution After SMOTE
observations. Unlike naive oversampling that only d 08123 = 208123 ~ 208123 208123
plicates minority examples, SMOTE introduces ne ]
and plausible samples in the feature space, ic
helps the model to learn more robust and

50000 A

Negative

20.00%

100000 4
75000

the class distributions 300007

sentiment and emotion ely.
As shown in Figs. 4 an SMOTE successfully
i he sentiment cate- O lappiness  sadness  Anger Love Fear
gories (posi ive) are distributed Emotion Class

25000 A

Fig. 5. Emotion class distribution after Synthetic Minority Over-

categories (happi ss, anger, love, fear) are sampling Technique (SMOTE).

equalized to 20% . This balanced distribution
is essential for mitigating model bias, ensuring that
the model receives comparable learning signals across practice, providing sufficient data for model learning
all classes, and improving generalization performance, while reserving adequate samples for unbiased val-
particularly for categories that were previously under- idation and final testing. Figure 6 shows the class

represented. distribution after stratified sampling.
E. Dataset Partitioning F. Model Development
Stratified sampling is applied to ensure that each The research implements two multi-task deep learn-

label category is proportionally represented across the ing architectures to classify sentiment and emotion
training (70%), validation (15%), and test (15%) splits. in Indonesian app reviews. There are hybrid BERT-
This procedure produces 239,254 training samples, CNN and CNN-LSTM models. Both architectures are
51,269 validation samples, and 51,268 test samples. designed to capture global semantic context and local
The 70/15/15 split follows common machine learning textual patterns while employing dual output heads to
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Fig. 6. Data splitting.

jointly learn sentiment polarity and emotion categories
in a multi-task learning setting.

Figure Al in Appendix illustrates the hybrid BERT-
CNN model, where a pre-trained IndoBERT encoder
is combined with multiple parallel CNN branches.
IndoBERT generates contextual token embeddings, and
three CNN branches with kernel sizes of 3, 5, afd
7 are applied in parallel to extract local n-gram pat-
terns at different receptive-field scales. In addition; a
multi-head self-attention layer is applied tofthe BERT
sequence output to strengthen the model’s ability to
capture long-range dependencies.

The representations from the [CLS] ‘token, the
pooled CNN branch outputs {¥ia max pooling, and
average pooling), and the attention=derived features are
concatenated into a single,unified feature vector. This
vector is then processed by sharédyfully connected
layers, regularized using dropout and batch normal-
ization, and subsequently, splitiinto two task-specific
output heads for sentiment and emotion classification.
Opverall, this hybrid architecture leverages IndoBERT’s
contextual representations, CNN-based local feature
extraction, and attention-driven global focus to form
a robust dual-output classifier.

Figure A2 in Appendix presents the CNN-LSTM
model, in which the input text is processed in paral-
lel through CNN and Bidirectional LSTM (BiLSTM)
pathways. A trainable embedding layer first maps input
tokens into a continuous vector space. In the CNN
branch, two convolutional layers followed by a max-
pooling operation are used to capture local n-gram
and spatial feature patterns. In parallel, the BiLSTM
branch models temporal dependencies by learning
bidirectional sequential relationships within the token
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sequence.

The representations from the CNN and BiLSTM
branches are then concatenated and fed into shared
dense layers with dropout regularization to reduce
overfitting. In the hybrid BERT-CNN model, the net-
work is finally split into two task-specific classification
heads to jointly predict sentiment polarity and emotion
categories. This parallel CNN-LSTM design combines
local pattern recognition with sequential sensitivity,
producing richer and more adaptive textual representa-
tions for multi-task learning.

G. Model Evaluation

Model evaluation includes extensive performance
analysis using standard classifieation metrics, namely
accuracy, precision, recall, and Fl-seere, for both sen-
timent and emotion classification tasks.\A comparative
evaluation across_asehitectures is conducted to deter-
mine which mg@deling approachyisfmore effective for
Indonesian text analysis.“Injaddition, qualitative error
analysis ishperformed by inspecting model predictions
on seleCted samples to identify systematic biases and
potefitial area§ for improvement. Eqs. (1)—(4) provide
the mathematical formulations of the evaluation met-
fies used. It showS TP as True Positives, T'N as True
Negatives,"BE.P ‘as False Positives, and F'N as False
Negatives.

Accuracy = TP+ TN e
Y= TPY{TN+FP+FN’
.. TP
Precision = TPLFP’ 2)
TP
Recall = TP FN TEN 3)
Flscore — 2 x Precision x Recall @

Precision + Recall

III. RESULTS AND DISCUSSION

Sentiment and emotion analysis in the research
compares the training results of two proposed multi-
task models, BERT-CNN and CNN-LSTM, across
both sentiment and emotion classification tasks. This
comparison aims to evaluate the effectiveness of each
architecture in handling Indonesian app review text,
measured in terms of accuracy, precision, recall, and
Fl-score. The results reported in the corresponding
tables summarize the performance of both models on
the sentiment and emotion datasets. Tables III and IV
present the comparative performance of the two models
for sentiment and emotion classification, respectively.

It is clear from the comparison results that CNN-
LSTM performs better than BERT-CNN in sentiment
and emotion. Table III shows that in the sentiment
analysis, CNN-LSTM reaches high precision (99%),
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TABLE III
SENTIMENT MODEL COMPARISON.

Model Metric

Accuracy ~ Precision  Recall F1-Score
BERT-CNN 0.73 0.73 0.73 0.73
CNN-LSTM 0.99 0.99 0.99 0.99

Note: Bidirectional Encoder Representations from Transformers —
Convolutional Neural Network (BERT-CNN) and Convolutional Neu-
ral Network-Long Short-Term Memory (CNN-LSTM)

TABLE IV
EMOTION MODEL COMPARISON.

Model Metric

Accuracy  Precision  Recall F1-Score
BERT-CNN 0.42 0.43 0.42 0.41
CNN-LSTM 0.91 091 091 0.91

Note: Bidirectional Encoder Representations from Transformers —
Convolutional Neural Network (BERT-CNN) and Convolutional Neu-
ral Network-Long Short-Term Memory (CNN-LSTM)

while BERT-CNN only reaches 73%. Likewise, Ta-
ble IV demonstrates that CNN-LSTM outperforms
other methods in emotion analysis with its accuracy
of 91%, while BERT-CNN is 42%. These results em=
phasize that CNN-LSTM outperforms those methods
in sentiment and emotion classification better,

A. BERT-CNN

The performance of the sentihent classification
model is clearly depicted in the€onfusion’ matrix pre*
sented in Fig. 7. The model accurately détected 35,420
Negatives, 31,905 Neutrals, and 42,796 Positives. Pos-
itive sentiment had thémost fantastic accuracy of
the three. However, few misclassifications occurred,
particularly for thepNegative sentiment, where 10,048
examples were miselassified?as Neutral and another
6,563 as Positive. This ean be interpreted as indicating
that the model“has trouble distinguishing Negative
sentiments from theyrest.” The overall positive and
negative accuracy is perfect, but the assignment of
Negative and Neutral classification needs to be more
precise. Table V shows sentiment evaluation matrix
details.

According to Table V, the sentiment classification
model evaluation metrics show that precision, recall,
and Fl-score for each class produce decent model
results. For the negative sentiment, precision is 0.79,
recall is 0.68, and Fl-score is 0.73, indicating the
model can effectively learn about negative sentiment.
For neutral sentiment, precision is 0.67, pecall is 0.68,
and Fl-score is 0.67. The results show consistent
performance for that class although it is less than
the others. For positive sentiment, precision is 0.73,
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Confusion Matrix - Sentiment
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Fig. 7. Sentiment ¢onfusion amatrix, for Bidirectional Encoder
Representations from Transfefmers — Convolutional Neural Network
(BERT-CNN).

TABLE V
SENDIMENT EVALUATION MATRIX DETAILS USING
BIDIRECTIONAL ENCODER REPRESENTATIONS FROM
TRANSFORMERS —#CONVOLUTIONAL NEURAL NETWORK

(BERT-CNN).
Sentiment  Precision  Recall ~ F1-Score
Negative 0.79 0.68 0.73
Neutral 0.67 0.68 0.67
Positive 0.73 0.82 0.77
Accuracy 0.77

recall is 0.82, and Fl-score is 0.77, indicating strong
performance in the classification. Overall, the model
scores at most 0.73, revealing a sufficient success rate
in anticipating the overall sentiment.

In Fig. 8, the confusion matrix for an emotion classi-
fication model is shown. It gives the results of emotion
predictions obtained from text. The model is perfect
in anger prediction, with 16,445 correct predictions,
and in happiness, with 7,900 correct classifications.
The model retrieves well, but 6,415 Anger, 5,115 sad-
ness, 4,308 happiness, and 8,497 fear are erroneously
recognized. Love is detected correctly 20,290 times,
although it is also sometimes mistaken for happiness
(3,305), sadness (2,467), and fear (1,183). Sadness gets
11,009 correct but is misclassified as anger (8,378),
happiness (4,319), and love (5,229). Table VI shows
emotion evaluation matrix details.

It can be observed from Table VI that the emotion
classification model works differently in each emotion
category. For anger, the model performs moderately
with precision of 0.41, recall of 0.54, and F1-score of
0.47. Fear’s memory is similarly low at 0.29 for recall
and 0.38 for Fl-score. However, it displays a precision
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Fig. 8. Emotion confusion matrix for Bidirectional Encoder Rep-
resentations from Transformers — Convolutional Neural Network
(BERT-CNN).

TABLE VI
EMOTION EVALUATION MATRIX DETAILS USING
BIDIRECTIONAL ENCODER REPRESENTATIONS FROM
TRANSFORMERS — CONVOLUTIONAL NEURAL NETWORK

(BERT-CNN).
Emotion Precision Recall F1-Score
Anger 0.41 0.54 0.47
Fear 0.57 0.29 0.38
Happiness 0.34 0.25 0.29
Love 0.46 0.70 0.55
Sadness 0.38 0.35 0.37
Accuracy 0.72

of 0.57, indicating that when the model predicts fear,
it is relatively confident. HoweVe, it is often in¢orrect
when confidence is present. Happiness has the lowest
scores through all of these,metrics:“precision (0.34),
recall (0.25), and Fl1-score (0.29)"if the lack of classi-
fication is even greater, Conversely, love has the best
performance with a preeision of 0.46, a high recall of
0.70, and an F1-score of 0.55; indicating that the model
correctly tags this emotion ‘frequently. The sadness
prediction has mediocre results, with precision of 0.38,
recall of 0.35, and Fl-score of 0.37. Ultimately, the
model achieves 0.72 accuracy, a pretty good general
performance but lacking the uniformity required for
an emotion classification problem.

Figure 9 shows performance evaluation for BERT-
CNN model. Then, Table VII shows performance eval-
uation for sentiment and emotion classification using
BERT-CNN model. The total of loss test is 2.0135. It
is the sum error on the testing data. In particular, the
results for sentiment loss and emotion loss tests are
0.6493 and 1.3641, respectively. These results show
that the model performs better at sentiment prediction
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Fig. 9. Bidirectional Encoder Representations from Transformers —
Convolutional Neural Network (BERT-CNN) training loss.

TABLE VII
MODEL EVALUATION RESULTS FOR BIDIRECEIONAL ENCODER
REPRESENTATIONS FROM TRANSFORMERS —|CONVOLUTIONAL
NEURAINETWORK (BERT-CNN).

Metric Value
Loss test 2.0135
Sentiment loss test 0.6493
Emotionyloss_test 1.3641
Sentiment accuracy test  0.4243
Emotion accuracy test 0.7285

because it ‘has a lower loss. The model achieves
higherhaceuracy of 0.4243 than 0.7285, proving that
the model can handle emotional categories processing
sub-functions more effectively than sentiment polarity
and emotional category. The research can infer that
even though sentiment prediction has a lower loss,
emotion classification obtains a higher accuracy. A
trade-off may exist related to label complexity and
training dynamics.

B. Convolutional Neural Network-Long Short-Term
Memory (CNN-LSTM)

The confusion matrix in Fig. 10 shows the results
of the sentiment classification model in three classes
(negative, neutral, and positive). The model performs
well overall, especially in identifying negative (51,529
cases), neutral (46,679 cases), and positive (51,671
cases) sentiments accurately, indicating strong discrim-
inative capability across sentiment categories. How-
ever, few misclassifications are found. They reflect
the robustness of the proposed approach. For instance,
243 negative sentiments are predicted as neutral and
259 as positive. Likewise, 234 neutral data points are
classified as negative and 182 as positive. Even for
positive, few data are predicted with wrong labels.
Around 185 instances are predicted as negative and
175 as neutral. Overall, the model is correct and
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Fig. 10. Sentiment confusion matrix for Convolutional Neural
Network-Long Short-Term Memory (CNN-LSTM)

TABLE VIII
SENTIMENT EVALUATION MATRIX DETAILS USING
CONVOLUTIONAL NEURAL NETWORK-LONG SHORT-TERM
MEMORY (CNN-LSTM).

Sentiment  Precision Recall F1-Score
Negative 0.99 0.99 0.99
Neutral 0.99 0.99 0.99
Positive 0.99 0.99 0.99
Accuracy 0.99

performs well in sentiment classification,) achieving
high reliability in distinguishing’polar sentiments. ‘At
the same time, there is room for imprevement in the
separation of neutral sentiment as the, model has a
slightly higher degree ‘©f) confusion, which may be
attributed to the ambiguoushlinguistic patterns com-
monly found in neutsal expressiens. Table VIII shows
sentiment evaluatiomymatrix details:

The analysis) resultsy in Table VIII clearly show
that CNN-LSTM achieves, the best performance in
sentiment classification. The model attains the pre-
cision, recall, and FI<score metrics of 0.99 for the
negative, neutral, and positive sentiments. The results
show uniform reliability prediction across all senti-
ment categories. This consistent performance indicates
that the proposed architecture is highly effective in
capturing sentiment-related features from text data.
The CNN-LSTM model achieves an accuracy of 0.99
and approaches no misclassification error regardless
of classes. It demonstrates robustness and stability
in handling diverse sentiment expressions commonly
found in user-generated content.

Figure 11 shows the confusion matrix for the CNN-
LSTM in emotion classification model. It has five basic
level emotions: anger, fear, happiness, love, and sad-
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TABLE TX
EMOTIONGEVALUATION MATRIX DETAILS USING
CONVOLUTIONAL NEURAL NETWORK-LONG SHORT-TERM
MEMORY (CNN-LSTM).

Emotion Precision ~ Recall ~ F1-Score
Anger 0.95 0.94 0.94
Fear 0.94 0.96 0.95
Happiness 0.86 0.85 0.86
Love 0.88 0.95 091
Sadness 0.94 0.87 0.90
Accuracy 0.91

ness. The model is quite impressive in terms of anger
(28,510 cases classified correctly), love (27,737), and
sadness (27,172). Feelings like hapiness (26,280) and
fear (28,214) display good classification scores equally.
However, some of them may be wrong. For example,
some instances of happiness are wrongly classified as
sadness (1,296) or fear (683), and anger is incorrectly
identified as fear (466) or sadness (469). With a few
shortcomings, the model is generally reliable enough,
while most categories have a coherent emotional clas-
sification. Table IX shows emotion evaluation matrix
details.

Overall, in Table IX, it is a thorough comparison
of CNN-LSTM model performance on emotion clas-
sification. The model has high precision, recall, and
F1-score concerning all five emotions. For example,
the best result is obtained on fear, with a precision
of 0.94, a recall of 0.96, and Fl-score of 0.95. Anger
also yields a performance of high precision of 0.95
and F1-score of 0.94. Emotions, such as happiness and
sadness, are slightly lower but still robust, with F1-
scores of 0.86 and 0.90, respectively. Love also shows
high metrics, with a recall of 0.95 and an Fl-score of
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TABLE X
MODEL EVALUATION RESULTS FOR CONVOLUTIONAL NEURAL
NETWORK-LONG SHORT-TERM MEMORY (CNN-LSTM).

Metric Value
Loss test 0.3151
Sentiment loss test 0.0523
Emotion loss test 0.2628
Sentiment accuracy test  0.9130
Emotion accuracy test 0.9915

CNN-LSTM Model Loss - Sentiment & Emotion Classification

—— CNN-LSTM Train (Sentiment)
—— CNN-LSTM Train (Emotion)

— — CNN-LSTM Validation (Sentiment)
— = CNN-LSTM Validation (Emotion)

Fig. 12. Convolutional Neural Network-Long Short-Term Memory
(CNN-LSTM) training loss.

0.91, meaning that the model captures this categety
well. In general, the model achieves an accuraéy,of
0.91, indicating the reliability of the model eyen for.a
wide range of emotions with low misclassification.

Table X also shows that the CNN4LSTM model
performs well on sentiment and emotion‘€lassification
tasks. The loss test (to be averaged over the test data)
is 0.3151. It shows good gefieralization. Then, the
test sentiment loss is only 0.0523, which confirms
the method’s capability f, sentiment eharacterization.
The emotion loss test is higher thami0:2628. However,
the result is still inh a, satisfactory range. Regarding
accuracy, the method obtains 91.30% for sentiment and
99.15% for emotion classifieation:” Combined with the
learning curves in Fig. 12, the results show that CNN-
LSTM exhibits excellent results in accuracy perfor-
mance and error reduction, particularly when capturing
emotional subtleties in text data tasks.

The results show that CNN-LSTM is the best model
with superior performance compared to BERT-CNN in
both tasks (sentiment: 99% vs. 73%, emotion: 91%
vs. 42%), indicating that for short informal Indonesian
texts with code-switching and slang characteristics, an
architecture combining local feature extraction (CNN)
and sequential modeling (LSTM) is more effective
than complex transformer models. The research sug-
gests that for low-resource and informal language data,
hybrid architectures that explicitly combine local and

sequential feature extraction outperform transformer-
based models that rely heavily on contextual em-
beddings trained on formal, high-resource corpora.
The underperformance of BERT-CNN may stem from
its dependence on pre-trained contextual embeddings
that are less effective for informal, code-switched In-
donesian text. In contrast, CNN-LSTM’s hierarchical
processing allows the model to adapt to noisy, user-
generated content with limited linguistic normalization.
This finding implies that lightweight hybrid models can
offer a more practical alternative for real-time senti-
ment and emotion monitoring in mobile app ecosys-
tems.

IV. CONELUSION

The research presents @ novel.eontribution by devel-
oping a multi-task learninggSystem for sentiment and
emotion classificafionon 500,000 Imdonesian TikTok
reviews. The CNN-LSTM, model“achieves unprece-
dented accuraey, 0of«99% for sentiment and 91% for
emotiong outperforming BERT-CNN (73% and 42%,
respeetively). The originality of the CNN-LSTM model
liesCin its ability to capture both local features and
sequential dependeficies, making it particularly effec-
tive, for “processing informal Indonesian texts filled
with slang and code-switching. This approach advances
séntiment,and emotion classification in low-resource
languages, particularly for Indonesian mobile app re-
Views.

The research introduces a large-scale annotated
dataset within the framework of Shaver’s emotion the-
ory, enhances sentiment analysis with a tailored 6-step
preprocessing pipeline for Indonesian, and proposes
a CNN-LSTM architecture specifically designed for
sentiment and emotion classification in low-resource
languages. The emoji analysis and lexicon-based la-
beling approach allows efficient automatic tagging in
light of resource constraints in Indonesia. The research
successfully achieves its objectives by demonstrating
that a CNN-LSTM hybrid architecture can effectively
perform joint sentiment and emotion classification on
large-scale Indonesian reviews, addressing the lim-
itations of existing single-task or transformer-based
approaches. The proposed framework holds practical
potential for real-world implementation in applica-
tion reputation monitoring systems, customer feedback
analysis, and academic research on multilingual and
low-resource NLP.

Nevertheless, the researchers acknowledge several
limitations that should be addressed in future research.
First, the dataset is limited to TikTok reviews, which
may not be representative of other mobile applications
or social media platforms. Second, the lexicon-based
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labeling approach may introduce bias, particularly for
complex emotions like love, which often overlap with
happiness in user expressions. Third, despite using
SMOTE for balancing, the original emotion distribu-
tion shows significant imbalance with happiness com-
prising over 60% of the dataset. Fourth, the research
lacks cross-domain generalization testing, which limits
the applicability of findings to other domains or appli-
cations.

Further research can be done on expanding the
multi-domain dataset, integrating the attention mech-
anism, manual validation to minimize labeling bias,
exploring more categories of emotions from Shaver’s
framework, and Indonesian regional language adap-
tation. By developing sarcasm detection, temporal
sentiment shift, and real-time analysis systems, the
research can contribute to the practical application
for app reputation monitoring and customer feedback
analysis. Future studies may also investigate cross-
lingual transfer learning approaches to improve model
robustness for Indonesian and other low-resource lan-
guages. In addition, incorporating transformer-based
attention mechanisms or hybrid architectures may fur-
ther enhance the model’s capability in capturing long=
range contextual dependencies within informal user-
generated text.
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