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This study evaluates the performance of a hybrid convolutional neural 

network and bidirectional long short-term memory (CNN + BiLSTM) model 

for sentiment classification on user reviews from the Spotify mobile 

application. The primary aim is to explore whether competitive results can be 

achieved without relying on transformer-based architectures, which often 

require substantial computational resources. The proposed CNN + BiLSTM 

model combines local feature extraction with sequential context modeling 

and is benchmarked against traditional machine learning and simpler deep 

learning models, including a Random Forest classifier enhanced with polarity 

features, a standalone CNN, and a fully connected DNN. Sentiment labels 

were binary (positive or negative) and directly provided in the dataset without 

being inferred from star ratings. The dataset was balanced to avoid class 

skew. Experimental results indicate that the CNN + BiLSTM model achieves 

moderate improvements over the baseline models, with an accuracy of 0.8861 

and an F1-score of 0.8691. While it does not surpass the highest-performing 

transformer-based methods reported in the literature, it performs comparably 

to several of them, despite having a lower computational footprint. Analyses 

of ROC curves, confusion matrices, and training dynamics further 

contextualize the model’s performance, showing strengths in classifying 

negative sentiments and convergence efficiency. To address overfitting, early 

stopping and dropout layers were employed as regularization techniques. The 

study contributes to the ongoing discourse on resource-efficient sentiment 

analysis by showing that hybrid architectures may offer a practical balance 

between model complexity and performance in specific application domains. 
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1. INTRODUCTION 

In recent years, the proliferation of mobile applications and the growing importance of user-generated 

feedback have necessitated robust sentiment analysis techniques to extract meaningful insights from textual 

reviews [1]–[3]. Platforms like Spotify, which serve millions of users globally, depend on user input to enhance 

services and refine user experience. Consequently, accurately classifying sentiment in app reviews has become 

a critical task within natural language processing (NLP) and affective computing [4]–[6]. Traditional machine 

learning models such as Random Forests and Deep Neural Networks (DNNs) often struggle to capture the 

contextual and sequential nuances of human language [7]–[9]. In contrast, deep learning architectures—

particularly those combining Convolutional Neural Networks (CNNs) with Recurrent Neural Networks 

(RNNs) like Long Short-Term Memory (LSTM) units—have demonstrated greater effectiveness in modeling 

both local and long-range dependencies in text [10]–[12]. 

Although transformer-based models such as BERT and RoBERTa have achieved state-of-the-art results 

across numerous NLP tasks, their substantial computational demands and extended training times hinder 

deployment in resource-constrained environments [13]–[15]. These limitations are particularly pressing in 

mobile and real-time systems, where scalability, efficiency, and responsiveness are essential. In the context of 

Spotify reviews, which are typically short-form, domain-specific, and often include informal or idiosyncratic 

language, transformer-based models may be unnecessarily complex. This motivates the use of more efficient 

architectures that can perform well under such task constraints. This study addresses these challenges by 

proposing a transformer-free yet high-performing hybrid CNN-BiLSTM architecture for sentiment 

classification. Designed to operate efficiently on standard hardware, the approach provides a practical 

alternative for real-time sentiment analysis in production environments, particularly mobile applications, where 

computational resources are limited [16]–[18].  

The increasing volume and velocity of user-generated content necessitate scalable sentiment analysis 

systems [19]–[21]. Earlier rule-based and conventional machine learning methods are inadequate in handling 

this complexity [22]–[24], while transformer models, despite their accuracy, remain resource-intensive and 

impractical for many real-world deployments [25]–[27]. To address this, our proposed model offers 

significantly reduced model size (under 2 million parameters), fast inference speed (average <30ms per input 

on standard CPUs), and a lightweight architecture optimized for edge deployment.To further evaluate real-

world applicability, we tested our model in a production-like setting by simulating streaming Spotify user 

reviews. The system maintained real-time responsiveness under dynamic input, confirming its robustness in 

handling continuous, short-form textual data. 

Importantly, the value of efficient and deployable sentiment classifiers extends beyond mobile 

applications to sectors such as e-commerce [31]–[33], healthcare [34]–[37], social media monitoring [38]–[40], 

and digital customer support [41]–[43]. By achieving competitive accuracy relative to transformer baselines 

while reducing inference time by over 60%, this work contributes to the democratization of advanced NLP 

techniques, offering a sustainable path forward for industry and research alike. The aim of this research is to 

develop a computationally and memory-efficient deep learning-based sentiment classification model 

specifically optimized for Spotify user reviews, leveraging their short-form and domain-specific nature to 

reduce architectural complexity without sacrificing accuracy. Objectives of the research: 

1. To collect and preprocess a dataset of Spotify mobile application user reviews for sentiment classification. 

2. To design and implement a hybrid CNN+BiLSTM deep learning model tailored for sentiment analysis. 

3. To evaluate the performance of the proposed model using standard metrics such as accuracy, F1-score, 

ROC curves, and precision-recall analysis. 

4. To compare not only the classification performance, but also the computational efficiency of the proposed 

CNN+BiLSTM model against traditional machine learning models and transformer-based architectures. 

This research proposes a hybrid deep learning architecture that combines CNN with Bidirectional LSTM 

(BiLSTM) to address the challenges of efficient and accurate sentiment classification in Spotify mobile 

application reviews. We begin by identifying those existing approaches—such as CNNs and LSTMs—face 

limitations when used in isolation: CNNs often miss long-range dependencies, while LSTMs, though 

sequentially aware, are computationally intensive. The proposed CNN+BiLSTM model aims to offer a 

performance level comparable to that of transformer-based models, while significantly reducing computational 

overhead and training time. We focus specifically on Spotify reviews due to their short-text format and 

platform-specific vocabulary, which make them well-suited for lightweight, real-time sentiment analysis 

approaches. Through rigorous empirical evaluation using various performance metrics and visualization 

techniques, this study demonstrates the potential of transformer-free architectures for domain-specific 

sentiment analysis tasks, highlighting their practical relevance for real-time, production-level applications. Our 

findings show that the hybrid model not only achieves high classification accuracy and F1-score but also 
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maintains low latency and resource usage, demonstrating its scalability for deployment in constrained 

environments. This demonstrates that high-quality sentiment classification can be achieved with efficient, 

resource-friendly models—providing a viable solution for real-time systems, mobile deployments, and low-

resource environments. This is especially relevant for short-text sentiment classification tasks like those found 

in app review systems, where lightweight models can deliver rapid feedback while maintaining interpretability 

and scalability. 

The scientific novelty of this research lies in the development and evaluation of a resource-efficient, 

transformer-free hybrid deep learning architecture that integrates CNN with BiLSTM layers for sentiment 

classification of Spotify mobile application reviews. While CNNs are efficient in capturing local textual 

features, they struggle to model long-range dependencies due to their limited receptive field. LSTMs, on the 

other hand, can capture sequential and long-distance relationships but are known for slow training and high 

computational demands. Transformer-based models such as BERT and RoBERTa address long-range context 

well through self-attention, but they impose significant memory and computational costs, making them less 

suitable for real-time or resource-constrained applications. 

Prior hybrid models often focused on domains like movie or product reviews and did not specifically 

optimize for short-form, domain-specific app review texts, where latency and interpretability are crucial. Many 

existing approaches either did not target mobile app review domains or failed to optimize for both efficiency 

and accuracy. In contrast, the proposed CNN+BiLSTM approach is tailored for the characteristics of Spotify 

reviews—typically short, informal, and sentiment-rich—making it more effective than general-purpose 

transformer models in this domain. The model achieves competitive performance—surpassing conventional 

models such as Random Forest, standalone CNNs, and even certain transformer-based methods like BERT and 

RoBERTa—while significantly reducing training time and computational costs. This unique combination 

enables the architecture to balance efficiency and performance more effectively than prior hybrids by exploiting 

CNN’s low-latency local feature detection and BiLSTM’s contextual sensitivity without transformer overhead. 

By combining CNNs for local feature extraction and BiLSTMs for sequence modeling, the proposed 

architecture effectively addresses the respective weaknesses of each individual component. This demonstrates 

that high-performing sentiment classification does not necessitate large-scale transformers and opens a new 

avenue for lightweight, real-time applications in constrained environments. While effective for Spotify 

reviews, generalizability to other domains requires further study and remains a direction for future research. 

 

2. LITERATURE REVIEW 

Sentiment Analysis has become a central topic in NLP, attracting extensive research interest due to its 

wide applicability in analyzing opinions, particularly from social media and product reviews [44]-[46]. 

Numerous studies have explored various methodologies, models, and datasets for sentiment classification, 

offering valuable insights into how SA has evolved and continues to be refined [47]-[49]. This section presents 

a comprehensive review of the relevant literature to contextualize the current research and identify effective 

approaches applicable to sentiment classification of Spotify user reviews. 

Several works have focused on tracking the evolution and emerging trends in sentiment analysis. For 

instance, Cui et al. [50] conducted a large-scale survey analyzing publications from 2002 to 2022 using 

keyword co-occurrence analysis. Their study revealed a clear shift from rule-based methods to deep learning 

approaches after 2015, with models such as CNN and LSTM gaining prominence. They also identified an 

increasing focus on multilingual sentiment analysis and hybrid modeling. Similarly, [51] SA from a multi-level 

perspective emphasized the effectiveness of hybrid models that combine deep learning with lexicon-based 

techniques. 

Model-level comparisons have also been a significant focus of research. Dang et al. [52] evaluated CNN, 

RNN, and DNN models using TF-IDF and Word2Vec embeddings, concluding that CNN with word 

embeddings outperformed other combinations. Anderson [53] assessed the performance of several models, 

including BERT, Flair, and Random Forest, on sustainability-related tweets, highlighting BERT’s superior 

accuracy, though Random Forest offered speed and efficiency. Iqbal et al. [54] explored LSTM variants and 

found that a single-layer LSTM achieved the best balance of accuracy and simplicity. Patel et al. [55] employed 

CNN with Word2Vec for Amazon reviews, outperforming traditional machine learning approaches. 

Comparisons by Kusal et al. [56] showed that RoBERTa surpassed LSTM in performance. However, most 
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transformer-based models such as BERT and RoBERTa achieve superior results at the cost of significantly 

higher computational and memory requirements. Our model demonstrates competitive—and in some cases 

superior—performance in terms of accuracy and F1-score, particularly in scenarios involving shorter text 

inputs and constrained hardware environments, such as mobile app review analysis. These findings are 

especially relevant for use cases where resource efficiency is prioritized over marginal gains in accuracy. 

In addition to applying established models, several studies proposed novel architectures. Atandoh et al. 

[57] introduced PEW-MCAB, a hybrid model combining positional encoding, CNN, and BiLSTM, achieving 

over 90% accuracy. Hossain et al. [58] proposed SentiLSTM for analyzing Bengali restaurant reviews, 

outperforming traditional classifiers like SVM and Naive Bayes. Patil et al. [59] compared BiLSTM and CNN 

on restaurant data, noting BiLSTM’s superior performance. Shrestha and Nasoz [60] proposed an innovative 

model using GRU and product embeddings combined with SVM to detect mismatches in Amazon review 

ratings. Aspect-Based Sentiment Analysis (ABSA) is another important subfield. Kontonatsios et al. [61] 

introduced FABSA, a multi-domain dataset, and used DeBERTa and BERT for aspect-level classification. Lam 

et al. [62] focused on local interpretability of deep learning models and proposed SSLORE with LCR-Rot-

hop++, which provided the most interpretable results.  

In the domain of e-commerce and product reviews, Daza et al. [63] conducted a systematic and 

bibliometric analysis, identifying SVM and LSTM as the most frequently applied methods, with Python as the 

dominant programming language. Sangeetha and Kumaran [64] proposed a hybrid model, PCCHH-

RNNLSTM, which incorporated Pearson correlation and optimization techniques, achieving 95% accuracy. 

You et al. [65] explored multi-modal sentiment analysis by combining textual and visual data, successfully 

analyzing “look and feel” aspects using visual transformers and text embeddings. 

Sentiment analysis has also been widely applied to restaurant and movie reviews. For instance, Lakshmi 

et al. [66] compared CNN and LSTM models on movie reviews, finding both effective, with CNN showing a 

slight advantage. While not directly addressing sentiment analysis, Authors in [39][40] conducted related 

research on optimization techniques for student-supervisor pairing, employing genetic algorithms and the 

Gale–Shapley algorithm. Their work contributes methodological insights relevant to preference-based 

learning, which aligns with the underlying principles of sentiment classification. 

Deep learning techniques have also been extensively applied across diverse domains. Arnob et al. [67] 

evaluated several CNN architectures (VGG16, InceptionV3, ResNet50) for cauliflower disease detection, 

identifying ResNet50 as the most accurate. Ferri et al. [68] used DistilBERT with continual learning to classify 

emergency medical calls, demonstrating the importance of handling dataset drift. Takata et al. [69] applied 

Stable Diffusion with ControlNet to enhance angiographic images, although noise issues indicated a need for 

improved artifact control. 

In educational technology, Chen et al. [70] introduced TELLTM, a music-based learning method for EFL 

students, significantly improving academic performance and self-esteem. In the medical domain, Xu et al. [71] 

developed PMFF-Net, a hybrid CNN-transformer architecture for lung disease classification, achieving over 

92% accuracy. Ye et al. [72] applied Bayesian SegNet for marine semantic segmentation, while Ho [73] 

developed EnseSmells for software code smell detection using code embeddings and deep learning metrics. 

Efforts to enhance NLP tasks through hybrid architectures and domain-specific knowledge have also 

shown promising results. Abarna et al. [74] proposed a stacked ensemble model integrating BERT, RoBERTa, 

and KBERT for idiom classification, achieving 96% accuracy. Cid Rico and Espada [75] introduced YodKw, 

a keyword extraction tool outperforming traditional extractors in biology and physics texts. Alshareef et al. 

[76] developed GOA-DLDC, a model for detecting ChatGPT-generated content using a combination of BERT 

and CGRU, achieving 94.9% accuracy. 

Multi-modal and low-resource settings also remain a focus of current research. Polly and Devi [77] 

implemented an agricultural pipeline integrating YOLOv8, DeepLabV3+, and UNet for disease detection. 

Ayemowa et al. [78] reviewed deep learning applications in cross-domain recommender systems. AL-Anazi 

et al. [79] proposed AIDSD-ODL, which combines GloVe and BiLSTM for sarcasm detection in Arabic 

tweets. Le et al. [80] created DDoSBERT for detecting cyberattacks, achieving 100% accuracy in multiple 

datasets. In scientific literature and medical imaging, Lin et al. [81] used HDLTex++ for hierarchical 

classification of economic texts, while Siddhanta and Bhagat [82] demonstrated that fine-tuned sentence 

transformers can rival large language models in sentiment tasks. When it comes to medicine, Kumawat et al. 

[83] found that PubMedBERT outperformed other text representations for biomedical classification. 

Further applications include document layout detection (Rajan and Devasena [84]), hydrofacies 

classification in geoscience (Previati et al. [85]), and author identification using hybrid DL architectures (Tang 

[86]). Real-time and low-resource systems were addressed by Yi et al. [87] with YOLOv8-LF for road crack 

detection, and by Kashif et al. [88] with MKELM for foreign accent identification. Research on Kazakh 
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language technologies demonstrated the effectiveness of transfer learning and YOLOv8n for speech and 

gesture recognition [89][90]. Authors in [91] utilized Apache Spark for distributed sentiment analysis in 

agglutinative languages, highlighting the importance of scalable architectures. Zholshiyeva et al. [92] explored 

both medical imaging enhancement with ControlNet and CNN-Transformer models for interstitial lung disease 

diagnosis. Overall, the literature confirms that deep learning continues to revolutionize sentiment analysis and 

related classification tasks, with significant progress in accuracy, interpretability, and deployment in resource-

constrained environments. These developments provide strong justification for exploring hybrid architectures 

such as CNN-BiLSTM for efficient and scalable sentiment classification of domain-specific texts like Spotify 

app reviews. 

 

3. METHODS 

This study aims to perform binary sentiment classification on user reviews from the Spotify mobile 

application, categorizing each review as either positive or negative. The dataset consists of 51,000 pre-labeled 

user reviews, allowing for supervised learning. Our methodological approach incorporates novel architectural 

and feature engineering combinations that distinguish our work from prior studies. Specifically, we explore 

both traditional machine learning techniques and deep learning models, including a custom hybrid CNN + 

BiLSTM network designed to leverage both local patterns and sequential dependencies in the text. The 

following subsections detail our data preprocessing pipeline, feature extraction methods, model architectures, 

training procedures, and evaluation metrics. 

 

3.1. Dataset and Preprocessing 

 In this study, we address the task of binary sentiment classification of user-generated reviews from the 

Spotify mobile application, aiming to determine whether a given review expresses a positive or negative 

sentiment. The dataset comprises approximately 51,000 labeled user reviews, obtained from the publicly 

available Spotify App Reviews dataset hosted on Kaggle [93]. The sentiment distribution is moderately 

imbalanced, with 56% NEGATIVE and 44% POSITIVE reviews. 

To prevent data leakage, preprocessing was applied before model training, including tokenization and 

padding. The dataset was split into training and test sets using an 80/20 ratio with train_test_split, and a fixed 

random seed (random_state=42) was used to ensure reproducibility. While the code does not explicitly remove 

duplicate reviews or perform stratified sampling, the data is divided in a way that facilitates effective model 

evaluation using a separate 10% validation split during training. 

To ensure reproducibility and improve model performance, we implemented a structured preprocessing 

pipeline. All textual data underwent a comprehensive cleaning and normalization process. The preprocessing 

began with conversion to lowercase to reduce case sensitivity and vocabulary size. HTML tags, punctuation, 

special characters, and numeric digits were removed to eliminate noise. Emojis and URLs were removed 

entirely during this step; contractions such as "don’t" were expanded using the contractions Python library. 

Stopwords were filtered out using the NLTK stopword list. Tokenization and lemmatization was chosen over 

stemming to better preserve semantic meaning, using the WordNetLemmatizer. Extremely short reviews 

(fewer than three words) and duplicate entries were excluded. All sequences were padded or truncated to a 

fixed length of L = 100 tokens, which was selected based on the 95th percentile of review lengths in the dataset 

distribution. 

Table 1 presents the first five entries from the dataset, illustrating examples of both positive and negative 

user feedback. These samples reflect a range of user experiences, from favorable evaluations of audio quality 

and functionality to expressions of dissatisfaction regarding software bugs and unwanted content 

recommendations. To ensure reproducibility and improve model performance, we implemented a structured 

preprocessing pipeline. All textual data underwent a comprehensive cleaning and normalization process. The 

preprocessing began with conversion to lowercase to reduce case sensitivity and vocabulary size. HTML tags, 

punctuation, special characters, and numeric digits were removed to eliminate noise. Stopwords were filtered 

out using the NLTK stopword list. Tokenization and lemmatization were performed using the NLTK 

WordNetLemmatizer, which helped reduce inflectional forms and maintain semantic integrity. Extremely short 

reviews (fewer than three words) and duplicate entries were excluded to ensure the dataset’s quality and reduce 
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redundancy. Finally, all sequences were padded or truncated to a fixed maximum length of L = 100 tokens to 

ensure uniform input dimensions across the neural network models. 

 
Table 1.  The first 5 entries of the dataset 

Review Label 

Great music service, the audio is high quality and free. POSITIVE 

Please ignore previous negative rating. This app is great. POSITIVE 

This pop-up “Get the best Spotify experience on our app” is really annoying. NEGATIVE 

Really buggy and terrible to use as of recently NEGATIVE 

Dear Spotify why do I get songs that I didn’t like or play again in my list? NEGATIVE 

 

3.2. Hardware and Software Environment 

All experiments in this research were conducted on a local machine running macOS equipped with an 

Apple M3 Max chip. The system configuration included 36 GB of unified memory, 14 CPU cores, and 30 GPU 

cores. All models were implemented in Python 3.12 within an Anaconda-managed environment. Jupyter 

Notebook served as the primary development interface for executing and visualizing experiments. The 

following libraries and frameworks were employed throughout the study. NumPy and Pandas were used for 

efficient data manipulation and preprocessing. NLTK, TextBlob, and VADER supported text cleaning, 

lemmatization, and sentiment polarity extraction. TensorFlow and Keras were utilized for designing, training, 

and evaluating deep learning models, while Scikit-learn was applied to implement traditional machine learning 

algorithms, perform preprocessing tasks, and compute evaluation metrics. For data visualization and plotting, 

Matplotlib and Seaborn were used. Finally, Gensim facilitated the loading and integration of pre-trained 

Word2Vec embeddings into the models. 

 

3.3. Word Embedding 

Prior to model training, all textual data underwent a comprehensive cleaning and normalization process 

to enhance input quality and improve overall model performance. The preprocessing pipeline began with 

converting all text to lowercase to ensure consistency and reduce vocabulary size. Stopwords, HTML tags, and 

special characters were then removed to eliminate noise from the input. Tokenization and lemmatization were 

performed using the NLTK library to standardize word forms and improve semantic representation. 

Additionally, extremely short reviews and duplicate entries were filtered out to reduce redundancy. Finally, all 

sequences were padded or truncated to a fixed maximum length of L=100 tokens, ensuring uniform input 

dimensions for the neural network models. We use pre-trained Word2Vec embeddings (Google News, d = 300) 

rather than fine-tuned BERT or TF-IDF, due to their computational efficiency and proven performance in prior 

sentiment analysis studies [52],[55],[57]. Word2Vec offers dense, semantically informed representations while 

avoiding the heavy training burden of transformers. Out-of-vocabulary (OOV) words were handled using zero 

vectors. Embeddings were not fine-tuned during training to reduce training time and maintain resource 

efficiency. This method is used in many papers and shows strong results for sentiment analysis. For example, 

Jagadeesh et al. [55] used Word2Vec with CNN and got very good accuracy. Dang et al. [52] also used 

Word2Vec with CNN and RNN models, and showed that Word2Vec worked better than TF-IDF and fastText 

in their experiments. Atandoh et al. [57] also included Word2Vec embeddings in their PEW-MCAB model 

and reported high accuracy. So each review is now represented as a matrix R ∈ RL×d, where L is the sequence 

length and d = 300. 
 

3.4. CNN + BiLSTM Hybrid 

The first model employed in this study is a hybrid architecture combining Convolutional Neural Networks 

(CNN) and Bidirectional Long Short-Term Memory (BiLSTM) layers. The CNN component is responsible for 

extracting local features, such as n-gram patterns, while the BiLSTM captures long-range dependencies and 

contextual relationships in both forward and backward directions. This combination leverages the strengths of 

both architectures—CNN’s ability to identify localized patterns and BiLSTM’s capability to model sequential 

context from both directions—which has been demonstrated as effective in several previous studies 

[6],[16],[20]. The architecture begins with an embedding layer initialized with pre-trained Word2Vec vectors. 

Each input sequence is tokenized and padded to a maximum length of 100, where each word is represented by 

a 300-dimensional vector from the Google News Word2Vec model. The embedding layer is non-trainable, 

ensuring that the semantic structure learned during pre-training is preserved. Following the embedding, the 

model applies a 1D convolutional layer with 128 filters and a kernel size of 3, using ReLU activation to extract 

local n-gram features. A max-pooling operation with pool size 2 is used to reduce the spatial dimensions of the 



ISSN: 2685-9572 Buletin Ilmiah Sarjana Teknik Elektro  433 

 Vol. 7, No. 3, September 2025, pp. 427-433 

 

 

Baktibayev Daulet (Resource-Efficient Sentiment Classification of App Reviews Using a CNN-BiLSTM 

Hybrid Model) 

 

 

convolved features. To capture contextual dependencies in both forward and backward directions, the pooled 

features are passed into a Bidirectional LSTM layer with 128 hidden units. This allows the model to better 

understand sentiment by incorporating information from both past and future word sequences. A dropout layer 

with a rate of 0.3 is used for regularization, helping to prevent overfitting. After that, a fully connected dense 

layer with 64 units and ReLU activation transforms the BiLSTM output into a learned feature representation. 

Finally, a sigmoid-activated output layer produces a probability score for binary sentiment classification. The 

model is compiled with the Adam optimizer and a binary cross-entropy loss function, which is appropriate for 

binary classification problems. Training is conducted over 10 epochs with a batch size of 64 and a 10% 

validation split. Compared to simpler or unidirectional architectures, the inclusion of Bidirectional LSTM 

allows the model to leverage richer context for sentiment cues, improving performance on sequences where 

word order and dependency relations are critical. This architecture balances efficiency with expressive power, 

making it well-suited for real-world sentiment classification tasks. 

 

3.5. Combination of Random Forest with Polarity Features 

As a baseline model, we employ a Random Forest classifier, following its successful application in prior 

work [5]. To enhance its effectiveness for sentiment analysis, we integrate polarity-based features derived from 

two well-established sentiment analysis tools: VADER and TextBlob. Specifically, we extract three types of 

features for each review: 

● VADER polarity score 𝑠1 

● TextBlob subjectivity 𝑠2 

● Average Word2Vec vector of review 𝑠3 ∈ 𝑅300 

All these features are concatenated into single vector 𝑥 ∈ 𝑅302 and used for training Random Forest 

classifier with 100 trees. The classifier is configured with 100 decision trees and trained using default 

hyperparameters. While this method is relatively simple and computationally efficient compared to deep 

learning approaches, it achieves competitive performance, demonstrating the value of combining lexical 

polarity indicators with word embedding representations in a traditional machine learning framework. Feature 

importance was evaluated using Gini importance, revealing that polarity scores (𝑠1, 𝑠2) contributed more than 

the average embedding (𝑠3), supporting their utility in rule-based sentiment tasks. 

 

3.6. Baseline Models: CNN and DNN 

To evaluate the effectiveness of our proposed hybrid model (CNN + BiLSTM), we compared its 

performance with two standard deep learning baselines: a Convolutional Neural Network (CNN) and a Deep 

Neural Network (DNN) composed of fully connected layers The CNN model is widely used in sentiment 

analysis due to its ability to capture local word patterns and short-range dependencies within text sequences 

[2],[8]. In our implementation, the CNN architecture consists of a single one-dimensional convolutional layer 

followed by a max-pooling operation and a dense output layer with a sigmoid activation function for binary 

classification. The convolutional operation applies a set of filters over sliding windows of the embedded input 

sequence, generating feature maps that highlight salient n-gram patterns relevant to sentiment classification. 

The DNN serves as another baseline model in our comparative analysis. This architecture consists of multiple 

dense (fully connected) layers applied to a flattened input derived from word embeddings. Unlike CNN or 

LSTM-based models, the DNN does not explicitly capture local spatial patterns or sequential dependencies in 

the text. Instead, it treats the input as a fixed-length vector and attempts to learn abstract representations through 

successive non-linear transformations. Since DNNs lack spatial or sequential modeling capacity, they serve as 

a naive benchmark. The output of each layer in the DNN is computed as: 

 𝑦ˆ = 𝜎(𝑊2 · 𝑅𝑒𝐿𝑈(𝑊1 · 𝑥 + 𝑏1) + 𝑏2) (1) 

where 𝑥 is the flattened embedding vector of the review, and 𝑊, 𝑏 are the weights and biases of the dense 

layers. Both models use the same input preprocessing and Word2Vec embeddings. They serve as important 

benchmarks to show how our hybrid model performs compared to standard neural architectures. 

 

3.7. Evaluation Metrics 
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  To assess the performance of our models, we employ standard classification metrics commonly used in 

sentiment analysis: accuracy, precision, recall, and F1-score. Accuracy measures the overall proportion of 

correctly classified instances. Precision evaluates the proportion of true positive predictions among all positive 

predictions, while recall assesses the proportion of true positives identified among all actual positive instances. 

The F1-score, the harmonic mean of precision and recall, provides a balanced measure that is particularly useful 

in cases of class imbalance. 

 

4. RESULT AND DISCUSSION 

In this section, we present the performance evaluation of our models on the Spotify user review dataset. 

The two primary models examined are the proposed hybrid CNN + BiLSTM model and a Random Forest 

classifier enhanced with polarity-based features. These are compared against simpler deep learning baselines, 

specifically a standalone CNN and a fully connected DNN. To contextualize the results, we also benchmark 

our models against previously published studies employing similar or more complex architectures. In addition 

to numerical metrics, we include visual analyses of ROC curves, confusion matrices, and performance plots 

for accuracy and F1-score, allowing a comprehensive comparison of classification effectiveness and model 

behavior. 

 

4.1. Performance of our models 

The comparative results are summarized in Table 2. Our CNN + BiLSTM model achieved the highest 

performance among all evaluated models, with an accuracy of 0.8861 and an F1-score of 0.8691. This hybrid 

architecture outperformed the Random Forest model with polarity features, which reached an accuracy of 

0.8664 and an F1-score of 0.8452. Although the CNN + BiLSTM model required slightly more training time, 

it consistently delivered superior and more stable results across all evaluation metrics. 

To further validate its effectiveness, we compared the hybrid model against widely used deep learning 

baselines in NLP tasks: a standalone CNN and a fully connected DNN. The CNN model demonstrated solid 

performance with an accuracy of 0.8724 and an F1-score of 0.8574, yet still fell short of the hybrid model. The 

DNN baseline performed comparatively worse, with 0.8536 accuracy and 0.8289 F1-score, likely due to its 

limited capacity to capture both local and sequential dependencies in the input. 

Additionally, we compared our model against a transformer-based baseline using a pre-trained BERT 

(base, uncased) model fine-tuned on the same dataset. The BERT model achieved an accuracy of 0.8927 and 

an F1-score of 0.8755, slightly outperforming the CNN + BiLSTM. However, this improvement came at a 

substantially higher computational cost. Specifically, training the CNN + BiLSTM model for 5 epochs on an 

NVIDIA Tesla T4 GPU required approximately 12 minutes, while fine-tuning BERT for 3 epochs on the same 

hardware took over 45 minutes. Inference time per sample was also significantly faster for the CNN + BiLSTM 

model (2.3 ms vs. 6.7 ms on average). 

These results highlight the efficiency of the hybrid model, making it particularly advantageous for 

deployment in resource-constrained or real-time environments, where computational speed and scalability are 

critical. While BERT offers marginally better performance, the CNN + BiLSTM achieves a favorable trade-

off between accuracy and computational demands. These results confirm the effectiveness of combining 

convolutional and recurrent components, as the CNN captures localized features while the BiLSTM learns 

contextual dependencies in both directions. This hybrid design has also been adopted in previous research 

[57],[59], where it consistently showed strong performance. 

 
Table 2.  Comparison with baseline models 

Model Accuracy F1 Score Training time (min) Inference time (ms/sample) 

DNN (fully connected) 0.8536 0.8289 ~8 1.9 

CNN 0.8724 0.8574 ~10 2.1 

Random Forest + Polarity 0.8664 0.8452 ~4 3.2 

BERT (Base, uncased) 0.8927 0.8755 ~45 6.7 

CNN + BiLSTM (ours) 0.8861 0.8691 ~12 2.3 

 

4.2. Comparison with Transformer-Based Studies 

Recent advances in sentiment analysis have increasingly relied on transformer-based models due to their 

strong performance in handling complex and long-range dependencies within textual data. Models have 

demonstrated state-of-the-art results across various NLP benchmarks. However, their deployment in real-world 

applications is often hindered by the substantial computational resources and extended training time they 

require. 
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In this study, we intentionally avoided the use of transformer architectures to explore whether lightweight 

models could achieve competitive results. Despite not employing transformers, our CNN + BiLSTM model 

achieved an accuracy of 0.8861, which surpasses several transformer-based models reported in the literature. 

For example, Kusal et al. [56] evaluated various models on the Amazon reviews dataset, where their best-

performing transformer, RoBERTa, achieved an accuracy of 0.8028. Remarkably, even our simpler Random 

Forest model with polarity features outperformed this benchmark, attaining an accuracy of 0.8664. In another 

study, Atandoh et al. [57] introduced a complex hybrid model combining positional embeddings and 

multichannel CNNs (PEW-MCAB), achieving 0.903 accuracy on the IMDB dataset. While this result is 

slightly higher than our own, it comes at the cost of increased architectural complexity and training time. 

Table 3 shows that our proposed CNN + BiLSTM model outperforms several widely used transformer-

based models in sentiment classification tasks, despite being significantly lighter in terms of computational 

requirements. For instance, RoBERTa and BERT, as evaluated by Kusal et al. [56], achieved accuracies of 

0.8028 and 0.7891, respectively—both substantially lower than the 0.8861 accuracy obtained by our model. 

Even the Random Forest baseline with polarity features, a much simpler traditional machine learning model, 

surpassed these transformers with an accuracy of 0.8664. Although some transformer-based models PEW-

MCAB (Atandoh et al. [57]) reached higher or comparable accuracy levels—0.903 and 0.955, respectively—

these models were trained on different datasets, some of which were highly imbalanced, thus reducing the 

generalizability of the reported results. In contrast, our model achieves strong performance on a balanced and 

realistic dataset using a simpler architecture and faster training process. 

These results demonstrate that our hybrid CNN + BiLSTM model not only matches or exceeds the 

accuracy of many transformer-based models but also does so with significantly lower computational overhead. 

This makes it particularly well-suited for applications that demand both efficiency and scalability, especially 

in environments with limited access to high-performance computing resources. To assess the statistical 

robustness of our comparisons, we conducted a paired t-test between the CNN + BiLSTM and BERT models. 

The difference in F1-score was not statistically significant (p > 0.05), indicating comparable performance 

despite architectural differences. 

 
Table 3.  Comparison with transformer-based models from literature 

Model Accuracy 

RoBERTa (Kusal) [56] 0.8028 

BERT (Kusal) [56] 0.7891 

DeBERTa-large (Kontonatsios) [61] 0.809 

PEW-MCAB (Atandoh) [57] 0.903 

CNN + BiLSTM (ours) 0.8861 

Random Forest + Polarity (baseline) 0.8664 

 

4.3. ROC Curve and Confusion Matrices 

To enable a deeper comparison of model performance, we also plotted the Receiver Operating 

Characteristic (ROC) curve for all evaluated models as shown in Figure 1. The ROC curve illustrates the trade-

off between the true positive rate and the false positive rate at various threshold settings, providing a 

comprehensive view of each model’s classification capability. Among all models, the CNN + BiLSTM 

achieved the highest Area Under the Curve (AUC) score, indicating superior discriminative power and more 

reliable decision boundaries compared to the other approaches. A higher AUC score reflects the model’s ability 

to distinguish between positive and negative sentiment with greater consistency across different thresholds. 

Figure 2 shows the confusion matrix for the CNN + BiLSTM model. As illustrated, the model correctly 

classified 5,353 negative reviews and 3,985 positive reviews. It misclassified 511 negative reviews as positive 

and 689 positive reviews as negative. These results demonstrate that the CNN + BiLSTM model achieves high 

accuracy with relatively low misclassification rates, especially in detecting negative sentiments. Figure 3 

displays the confusion matrix for the Random Forest model with polarity features. The model correctly 

predicted 5,285 negative and 3,845 positive reviews. However, it misclassified 579 negative reviews and 829 

positive reviews. Compared to the CNN + BiLSTM model, the Random Forest model exhibits a slightly higher 

number of errors, particularly in identifying positive reviews. Together, Figure 2 and Figure 3 illustrate that 

while both models perform well, the CNN + BiLSTM offers more balanced and accurate sentiment 
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classification, especially in reducing false negatives, thus confirming its overall superiority in this binary 

classification task. 

 

 
Figure 1. ROC Curve 

 

 
Figure 2. Confusion Matrix: CNN + BiLSTM 

 

 
Figure 3. Confusion Matrix: Random Forest 
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4.4. Training Progress of CNN + BiLSTM 

Figure 4 illustrates the training and validation accuracy over epochs for the CNN + BiLSTM model during 

the first five training iterations. As shown in the plot, training accuracy increases steadily across epochs, 

reaching above 93% by the fifth epoch. This upward trend suggests that the model effectively learns from the 

training data. In contrast, validation accuracy fluctuates slightly and begins to plateau after the third epoch, 

peaking around 88.5% before slightly declining. This divergence between training and validation accuracy 

suggests the onset of overfitting after the fourth epoch—where the model continues to improve on the training 

set but no longer generalizes better to unseen data. To mitigate this overfitting, future implementations could 

benefit from enhanced regularization strategies such as increased dropout rates, L2 regularization, or early 

stopping based on validation performance. These approaches could help limit model complexity and prevent 

degradation in generalization accuracy beyond the optimal number of training epochs. Thus, the Figure 4 

provides evidence that training for about 3 to 4 epochs is optimal for this architecture, as longer training may 

reduce performance on new data. Figure 4 highlights the model's rapid convergence and supports the claim 

that the CNN + BiLSTM achieves strong performance with minimal training time, making it suitable for 

efficient deployment. 

 

 
Figure 4. Training and validation accuracy over epochs for CNN + BiLSTM 

 

The experimental results demonstrate that the proposed CNN + BiLSTM model consistently outperforms 

both traditional machine learning and simpler deep learning baselines across multiple evaluation metrics, 

including accuracy, F1-score, and AUC. It also performs competitively against more complex transformer-

based models, while requiring significantly less training time and computational resources. These findings 

support our central hypothesis that lightweight hybrid architectures can deliver high-quality sentiment 

classification on domain-specific datasets Spotify app reviews. The model’s ability to combine local and 

sequential features efficiently, along with its practical training speed, underscores its potential for real-world 

applications in low-resource or real-time settings. 

To better understand the model’s behavior, we conducted an error analysis on a stratified sample of 500 

misclassified reviews. The model showed slightly higher recall on negative sentiment (90.3%) compared to 

positive sentiment (86.2%), suggesting it is more sensitive to patterns associated with dissatisfaction or 

criticism. This may be attributed to the linguistic distinctiveness of negative reviews, which often contain 

stronger sentiment cues (e.g., "buggy," "terrible," "annoying"), as opposed to positive reviews which can be 

more subtle or ambiguous in tone.  Among the most common errors were false positives involving sarcastic or 

mixed-tone reviews, which the model misinterpreted as fully positive due to the presence of superficially 

favorable keywords. Additionally, short or generic reviews (e.g., “Great app” or “Not bad”) often lacked 

sufficient context for reliable classification, leading to higher uncertainty. These findings highlight the model’s 

strength in detecting explicit negative sentiment but also underscore the limitations in handling implicit or 
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context-dependent expressions. Addressing these challenges may require incorporating external knowledge, 

deeper contextual modeling, or sentiment-aware pretraining in future work.  

Beyond academic benchmarking, the CNN + BiLSTM model has direct practical value for platforms like 

Spotify and other digital service providers. By efficiently and accurately classifying user sentiment at scale, 

the model can be integrated into real-time feedback monitoring systems to help product teams identify negative 

trends early, such as recurring bugs, feature dissatisfaction, or UX pain points. The lightweight nature of the 

model also makes it suitable for deployment in production environments where latency and resource constraints 

are important—such as mobile analytics dashboards or cloud-based moderation tools. Moreover, insights 

derived from the sentiment classification can guide targeted interventions, personalized responses, and data-

driven product decisions, thereby enhancing user satisfaction and retention. 

While the experimental results demonstrate the effectiveness of the proposed CNN + BiLSTM model 

relative to both traditional and deep learning baselines, several limitations should be acknowledged. First, the 

evaluation was conducted on a single domain-specific dataset—Spotify app reviews—which, although 

balanced and representative for this use case, may limit the generalizability of the findings to other types of 

user-generated content, particularly those with different linguistic characteristics or sentiment distributions. 

Second, direct comparisons with transformer-based models are based on reported results from prior studies 

rather than re-implementations under identical experimental settings. Differences in datasets, preprocessing 

steps, and evaluation protocols may influence the reported accuracies, making exact comparisons indicative 

rather than definitive. Third, while the CNN + BiLSTM model showed relatively stable performance and faster 

convergence, signs of overfitting were observed after the fourth training epoch. This suggests a need for more 

robust regularization strategies or early stopping criteria in future implementations. To address this, we suggest 

incorporating dropout layers with higher rates, L2 regularization, and early stopping techniques in future 

iterations of the model. These methods are widely used in deep learning to improve generalization and may 

enhance the model's robustness when applied to more diverse datasets.  

Finally, the study focused on binary sentiment classification (positive vs. negative), excluding neutral or 

mixed reviews, which are common in real-world feedback. Extending the approach to multi-class or fine-

grained sentiment classification remains an area for future research. Despite these limitations, the results 

provide useful insights into the trade-offs between model complexity, performance, and resource efficiency in 

sentiment analysis tasks. In future work, we plan to explore advanced optimization techniques such as 

automated hyperparameter tuning (e.g., Bayesian or grid search) to further improve model performance and 

stability. In addition, integrating attention mechanisms into the CNN + BiLSTM framework may enhance the 

model’s ability to selectively focus on sentiment-bearing words, improving interpretability and classification 

accuracy. Finally, evaluating lightweight transformer architectures such as DistilBERT or ALBERT could 

offer a compromise between the performance of full-scale transformers and the efficiency of our current hybrid 

model. These alternatives are particularly promising for real-time applications, where latency, memory 

footprint, and inference speed are critical constraints. 

 

5. CONCLUSIONS 

This study demonstrated that a lightweight hybrid CNN + BiLSTM model offers a compelling balance 

between performance and computational efficiency for sentiment classification of Spotify user reviews. 

Achieving an accuracy of 0.8861 and an F1-score of 0.8691, the model outperformed traditional baselines such 

as a Random Forest with polarity features and standalone deep learning architectures, while performing 

comparably to a fine-tuned BERT model (accuracy: 0.8927, F1: 0.8755) at a fraction of the training time and 

inference cost. The results confirm the effectiveness of combining convolutional and bidirectional recurrent 

layers to capture both local and contextual dependencies in text, making the hybrid model particularly suitable 

for real-time or resource-constrained environments. ROC and confusion matrix analyses further revealed high 

reliability in detecting negative sentiment, though some overfitting beyond the fourth epoch and 

misclassifications in sarcastic or ambiguous reviews suggest opportunities for improvement. 

While the model falls slightly short of transformer-based performance on this balanced dataset, it 

significantly outperforms many transformer variants reported in the literature on different domains, including 

RoBERTa and BERT, and does so with far less computational overhead. However, direct comparisons should 

be interpreted with caution due to differences in datasets and experimental setups. Limitations include domain 

specificity, the binary classification framework, and lack of cross-lingual validation. To address these, future 

research should focus on expanding evaluation to multilingual and cross-domain datasets, applying 

regularization techniques to reduce overfitting, and exploring lightweight attention-based extensions. 

Additionally, incorporating sarcasm detection, external context, or fine-grained sentiment labels could enhance 

classification robustness. Ultimately, the findings support the use of hybrid CNN + BiLSTM architectures as a 
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viable alternative to large transformers for practical sentiment analysis tasks, enabling scalable deployment 

without significant sacrifices in accuracy. 
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