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Abstract— Online review platforms provide valuable data
for evaluating customer perceptions and service quality in
food and beverage businesses; however, such data are
typically unstructured and frequently exhibit naturally
imbalanced sentiment distributions that may influence
classification outcomes. This study analyzes customer
reviews of Fren.co Coffee & Eatery on Google Maps using
Logistic Regression and Random Forest within a
controlled comparative framework. A total of 225 valid
textual reviews were collected and labeled into positive,
neutral, and negative categories based on rating scores.
The data were preprocessed through case normalization,
cleansing, tokenization, stop word removal, and stemming,
and subsequently transformed into numerical feature
vectors using the Term Frequency—Inverse Document
Frequency (TF-IDF) weighting scheme. To preserve the
original sentiment distribution, an 80:20 stratified
sampling strategy was implemented during model
evaluation. Experimental results indicate that Logistic
Regression achieved higher overall accuracy of 0.89
(89%) and demonstrated more balanced precision and
recall across sentiment classes compared to Random
Forest, which achieved an accuracy of 0.87 (87%) and
showed stronger bias toward the majority class. These
findings suggest that, in small-scale and naturally
imbalanced Google Maps review datasets, linear
classification models may provide more stable and
consistent predictive performance than ensemble-based
approaches. The study contributes empirical evidence on
model behavior under realistic imbalance conditions and
strengthens methodological understanding of classical
machine learning applications for sentiment analysis in
regional hospitality businesses.

Keywords—Analysis, Google Maps, Logistic Regression,
Random Forest, Customer Reviews

[. INTRODUCTION

Online review platforms have become an essential
medium for customers to express opinions and evaluate
service quality. Location-based platforms such as Google
Maps allow users to provide ratings and textual feedback

directly associated with physical business visits. In
hospitality and food service contexts, these reviews
influence customer perception and business reputation
(Anisah & Wasesa, 2025). As a result, Google Maps
reviews represent a valuable source of data for
understanding customer satisfaction and identifying
opportunities for service improvement. Unlike structured
surveys, online reviews are voluntarily generated and
reflect spontaneous customer experiences, making them
highly relevant for practical service evaluation (Angel et
al., 2024).

The rapid growth of user-generated content has
produced large volumes of unstructured textual data across
digital platforms. Although these data provide valuable
insights into user perceptions and service experiences,
manual analysis is inefficient and prone to subjective bias.
Automated sentiment analysis is therefore widely applied
to transform textual reviews into structured sentiment
categories (Bachtiar et al., 2026). In practice, this process
involves preprocessing, TF-IDF feature extraction, and
machine learning algorithms such as Logistic Regression
to classify opinions into positive, neutral, or negative
classes (Riswawan, 2025). Through this transformation,
qualitative feedback can be converted into quantifiable
indicators that support data-driven evaluation in digital
service environments.

Machine learning approaches are widely used in
sentiment classification because they efficiently handle
high-dimensional textual features. Supervised algorithms
have demonstrated effective performance in processing
digital reviews through structured preprocessing and TF-
IDF representation (Absari & Wibisono, 2026). Random
Forest improves predictive robustness by aggregating
multiple decision trees and modeling complex non-linear
feature interactions (Sunarya et al., 2024). However,
classification performance depends heavily on dataset
characteristics and experimental configuration (Ashbaugh
& Zhang, 2024). These findings indicate that model
effectiveness must be validated under specific contextual
conditions.

Despite the growing application of sentiment analysis
across digital service platforms and restaurant review
analytics, research specifically focusing on Google Maps
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reviews within regional hospitality contexts remains
limited (Swathi Turai et al., 2025). While several studies
examine marketplace applications or general restaurant
ratings, systematic comparative evaluation of machine
learning algorithms on coffee shop Google Maps reviews
is still scarce.

Another limitation in prior research is the reliance on
overall accuracy as the primary performance indicator. In
real-world review datasets, sentiment distribution is often
imbalanced, with positive reviews dominating (Prayogi &
Masitoh, 2025). Under such conditions, high accuracy may
not reflect true classification effectiveness, particularly in
identifying minority sentiment classes. When imbalance
effects are not carefully examined, model evaluation may
overestimate  predictive  capability and  obscure
performance instability in small-scale datasets.

Although both Logistic Regression and Random Forest
are widely applied in sentiment classification, direct
empirical comparisons under unified preprocessing
procedures and consistent experimental configurations
remain relatively limited. Variations in feature extraction
techniques, model training strategies, and dataset
characteristics often complicate fair cross-study
comparison. Previous research comparing Logistic
Regression with other classifiers under controlled
experimental  settings  demonstrates that model
performance is highly dependent on representation
methods and evaluation design (Hidayat et al., 2021).
Therefore, a controlled comparative framework is
necessary to clarify how model complexity interacts with
dataset size and naturally imbalanced sentiment
distribution.

Based on these considerations, this study analyzes
customer reviews of Fren.co Coffee & Eatery on Google
Maps using Logistic Regression and Random Forest
methods. The objective is to compare classification
performance under imbalanced sentiment conditions and
evaluate the suitability of classical machine learning
models for small-scale, location-based review datasets. By
applying consistent preprocessing procedures, TF-IDF
feature representation, and stratified sampling evaluation,
this research establishes a unified experimental framework
that enables fair performance comparison between linear
and ensemble classifiers.

The findings provide empirical evidence regarding
model stability and classification behavior in realistic
imbalance  scenarios. This  study  contributes
methodological insight into applied sentiment analysis for
regional hospitality businesses and clarifies the
relationship between model complexity, dataset scale, and
predictive consistency in Google Maps-based customer
review analysis.

II. LITERATURE REVIEW

A.  Machine Learning for Online Review Analysis
Online review data require systematic computational
approaches to extract meaningful patterns from
unstructured textual content. Machine learning techniques
have become central to sentiment classification due to their
ability to transform textual feedback into structured

analytical outputs. Applied sentiment analysis studies in
service domains demonstrate that supervised learning
algorithms can effectively model opinion polarity from
user-generated reviews (Putra et al., 2025)

Classical machine learning algorithms remain
relevant in domain-specific contexts, particularly when
dataset size is limited. Traditional supervised classification
approaches have shown reliable performance in applied
computational tasks within local and structured datasets
(Pahrudin & Harianto, 2022). These findings suggest that
model interpretability and computational -efficiency
remain important considerations in practical sentiment
analysis applications.

Comparative evaluations in applied machine learning
contexts indicate that classification performance varies
depending on dataset characteristics and experimental
configuration (Sunarya et al., 2024). Therefore, empirical
validation under control and consistent evaluation settings
is necessary to determine model suitability in specific
review environments.

B. TF-IDF for Text Representation

Feature representation plays a fundamental role in
sentiment classification because model performance
depends heavily on textual transformation quality. Term
Frequency—Inverse Document Frequency (TF-IDF) is
widely used to convert unstructured text into weighted
numerical vectors by emphasizing discriminative terms
while reducing the influence of common words.

Empirical research demonstrates that TF-IDF remains
effective when integrated with classical machine learning
models in sentiment classification tasks (Daza et al., 2024).
In short-text review scenarios, this representation method
efficiently captures relevant sentiment-bearing terms
without requiring complex embedding architectures.

Although deep learning models such as recurrent and
hierarchical networks have achieved strong results in
large-scale datasets (Mehedi et al., 2025), TF-IDF-based
representations remain advantageous for small and
medium-sized datasets due to their transparency and lower
computational requirements (Aakash et al., 2024). This
makes TF-IDF appropriate for structured comparative
evaluation between linear and ensemble classifiers.

C. Logistic Regression and Random Forest in Text

Classification

Logistic Regression is a linear probabilistic classifier
widely applied in sentiment analysis because it estimates
posterior class probabilities and models linear decision
boundaries within high-dimensional feature spaces. In text
classification tasks, where data are typically represented as
sparse TF-IDF vectors, Logistic Regression performs
efficiently due to its ability to handle large feature spaces
without excessive computational complexity. Its
probabilistic framework allows each prediction to be
interpreted in terms of class membership likelihood,
thereby supporting transparent and interpretable decision-
making processes. These characteristics make Logistic
Regression particularly suitable for structured sentiment
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classification tasks in practical applications (Chinnalagu &
Durairaj, 2021).

In addition, Logistic Regression incorporates
regularization mechanisms that help control overfitting,
especially when dealing with limited datasets. This
property is important in small-scale review analysis, where
the number of textual features often exceeds the number of
observations. As a result, the model can maintain stable
generalization performance even under constrained data
conditions.

Random Forest, in contrast, is an ensemble-based
classifier that aggregates multiple decision trees to
improve predictive stability and reduce variance. Each tree
is constructed using bootstrap sampling and random
feature selection, allowing the model to explore diverse
decision boundaries across subsets of the data. By
combining multiple weak learners, Random Forest
captures non-linear feature interactions and enhances
robustness against noise in textual representations.

The ensemble mechanism enables Random Forest to
model complex relationships among features that may not
be captured by linear classifiers. In sentiment analysis
contexts, such non-linear interactions can arise from term
combinations, contextual patterns, and subtle variations in
word usage. Applications of ensemble-based sentiment
classification in digital review environments demonstrate
competitive predictive capability across various service
domains (Setyabudi & Aryanny, 2025). Increased model
complexity does not automatically guarantee superior
performance. In datasets characterized by limited size or
natural class imbalance, ensemble models may emphasize
dominant sentiment patterns, potentially reducing
sensitivity to minority classes. Moreover, complex models
may introduce higher variance if not properly controlled
through evaluation design.

D. Evaluation Metrics for Imbalanced Text Data

Evaluation metrics are essential for assessing
classification performance, particularly when sentiment
classes are unevenly distributed. Accuracy is commonly
used as a general performance indicator; however, it may
provide misleading conclusions in imbalanced datasets
because majority-class dominance can inflate overall
performance scores.

Sentiment classification studies emphasize the
importance of incorporating precision, recall, and F1-score
to obtain a more comprehensive evaluation (Riswawan,
2025). Precision measures the correctness of predicted
instances, recall assesses the model’s ability to identify
relevant instances within each class, and the F1-score
balances both metrics to provide a harmonic assessment of
classification performance.

Imbalance-aware evaluation approaches highlight the
necessity of examining model behavior under realistic
class distribution conditions rather than relying solely on
balanced experimental setups (Sa’adah et al., 2025). Such
evaluation strategies improve the reliability of sentiment
classification analysis in applied business contexts.

Beyond metric selection, careful interpretation of
evaluation results is equally important. In small-scale

review datasets, slight variations in minority-class
prediction can significantly affect recall and F1-score
values. Therefore, analyzing performance across multiple
metrics allows researchers to identify whether a model
consistently performs well across classes or merely favors
dominant sentiment categories. This multidimensional
evaluation perspective supports more transparent
comparison between classification algorithms and ensures
that reported performance reflects realistic predictive
behavior rather than metric bias.

E.  Online Customer Reviews and Google Maps as a Data

Source

Google Maps reviews represent location-based user-
generated content that reflects direct on-site customer
experiences. These reviews often contain detailed
evaluations of product quality, service responsiveness,
ambience, and pricing structures.

Recent studies demonstrate the analytical potential of
digital review data from application platforms for service
evaluation and customer perception analysis (Choirun &
Oktadini, 2025). Recent research on restaurant review
analytics demonstrates that machine learning models can
effectively identify sentiment trends and rating patterns
that influence business evaluation (Swathi Turai et al.,
2025)

Despite its practical relevance, Google Maps remains
underrepresented in structured comparative machine
learning research related to marketplace and mobile
application review datasets. This gap indicates the need for
systematic empirical studies focusing on classification
model behavior in location-based hospitality review
contexts.

F.  Research Gap and Contribution

Existing sentiment analysis research primarily
concentrates on marketplace platforms, tourism
destinations, or mobile application reviews. Structured
comparative evaluation of machine learning models using
Google Maps coffee shop reviews remains limited.

Moreover, variations in preprocessing pipelines,
feature extraction techniques, and evaluation strategies
complicate  cross-study comparison and reduce
methodological consistency. These inconsistencies make it
difficult to determine whether performance differences

arise from model architecture or experimental
configuration.
This study addresses these limitations by

implementing a unified comparative framework using
consistent preprocessing procedures, TF-IDF feature
representation, and stratified sampling evaluation. By
directly comparing Logistic Regression and Random
Forest under naturally imbalanced Google Maps review
conditions, this research provides empirical evidence
regarding model stability and classification behavior in
small-scale hospitality datasets.

The contribution lies in clarifying how model
complexity interacts with dataset size and sentiment
imbalance, thereby strengthening methodological
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understanding in applied sentiment analysis for regional
service businesses.

III. METHODS

The methodological framework follows a structured
sentiment analysis pipeline to ensure consistent
comparative evaluation between classification models.
The process consists of four sequential stages: data
collection, preprocessing, classification model and
classification model evaluation. Each stage was
implemented under controlled experimental conditions to
maintain methodological consistency. The overall

workflow of the proposed method is illustrated in Figure
1.

Data Collection
Classification Model

Classification Model
Evaluation

Figure 1. Research Workflow

A. Data Collection

Customer review data were obtained from the Google
Maps page of Fren.co Coffee & Eatery. The data extraction
process was conducted using the Apify platform, and the
scraping procedure was executed in Google Colab to
retrieve publicly available review texts along with their
corresponding star ratings. In total, 659 reviews were
initially collected.

During data validation, entries containing only rating
scores without textual content, duplicate submissions, or
incomplete records were removed to ensure dataset
quality. Since sentiment analysis requires textual input,
non-textual records were excluded. After the cleaning
process, 225 valid textual reviews were retained as the
final dataset for analysis.

Sentiment labels were assigned based on star ratings
to ensure objective and scalable categorization. Rating-
based labeling strategies are commonly applied in applied
sentiment classification research (Putra et al., 2025). The
final dataset reflects a naturally imbalanced sentiment
distribution, which is typical in real-world review
environments.

B. Preprocessing

Text preprocessing was conducted to reduce noise,
normalize linguistic structure, and improve feature
consistency prior to classification. The preprocessing
pipeline consisted of sequential transformations including

case folding, data cleansing, tokenization, stop word
removal, and stemming.

Such  preprocessing procedures are widely
implemented in supervised sentiment analysis to improve
classification reliability and reduce dimensional
complexity (Daza et al., 2024). Structured preprocessing
also mitigates sparsity issues in high-dimensional text
representations.

After preprocessing, textual data were transformed
into numerical feature vectors using the Term Frequency—
Inverse Document Frequency (TF-IDF) weighting
scheme. TF-IDF emphasizes informative terms while
suppressing overly frequent but less discriminative words.
The effectiveness of TF-IDF in classical machine learning-
based sentiment analysis has been demonstrated in applied
review classification studies (Dhamma & Barus, 2025).

The TF-IDF weight of a term is defined in Equation

(1).
Wae = tfae X idf; (D

C. Classification Model

Following feature extraction, TF-IDF vectors were
used as input features for supervised sentiment
classification. Two classification algorithms were
implemented to enable direct comparative evaluation
under identical preprocessing and feature representation
settings.

Logistic Regression was employed as a baseline linear
classifier. This algorithm estimates posterior class
probabilities using a logistic function and is well suited for
high-dimensional sparse feature spaces typical of TF-IDF
representations. Logistic Regression has demonstrated
reliable performance in applied text -classification
scenarios (Setyabudi & Aryanny, 2025).

Random Forest was implemented as a comparative
ensemble-based classifier. This method constructs
multiple decision trees using bootstrap sampling and
aggregates predictions through majority voting. Ensemble-
based models such as Random Forest have shown
competitive performance in service-oriented predictive
analytics (Windrasari et al., 2025).

D. Classification Model Evaluation

Model performance was evaluated using accuracy,
precision, recall, and F1-score to ensure a comprehensive
assessment of classification behavior, particularly under
imbalanced sentiment distributions. These metrics are
widely applied in comparative sentiment classification
studies involving Logistic Regression and Random Forest
to capture both overall correctness and class-level
predictive balance (Junianto et al., 2024). Relying solely
on accuracy may lead to biased interpretations when one
sentiment class dominates the dataset, as high accuracy
does not necessarily indicate strong minority-class
detection capability.

Accuracy measures the proportion of correctly
classified instances across all sentiment categories.
Precision evaluates the proportion of correctly predicted
instances within each predicted class, reflecting the
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model’s reliability in classification decisions. Recall
measures the model’s ability to identify relevant instances
within each actual class, indicating sensitivity toward
sentiment detection. The F1-score integrates precision and
recall into a harmonic means, providing a balanced metric
that is particularly appropriate for evaluating performance
under class imbalance conditions. The combined use of
these metrics strengthens evaluation reliability and enables
clearer interpretation of comparative model stability.

The mathematical formulations of accuracy,
precision, recall, and F1-score are presented in Equations

2)-(5).

TP+TN

Accuracy = TP+TN+EPIFN * 100% (2)
Precision = ——100% 3)
TP+FP
TP
Recall = o ¥ 100% 4
F1— Score = 2 X Precision X Recall +100% (5)

Precision+ Recall

IV.RESULTS AND DISCUSSION

A. Data Collection

Customer reviews were obtained from the Google
Maps page of Fren.co Coffee & Eatery using the Apify
data extraction platform. The scraping process was
executed in Google Colab to retrieve publicly available
review texts along with their corresponding star ratings. In
total, 659 reviews were initially collected.

All reviews were originally written in Indonesian,
reflecting authentic customer feedback from the Google
Maps platform. Preprocessing and sentiment classification
were performed using the original Indonesian text to
preserve semantic integrity and contextual meaning.

An overview of the collected review data is presented
in Table 1.

Table 1. Customer Review Data (In Indonesian)

Title Text Stars
Fren.co
Coffee & NaN 5
Eatery
Fren.co Jadi tempat yang terbaik buat nongki.
Coffee & Makanan oke, service oke, suasananya 5
Eatery juga oke.
Kopinya enak, suasananya cocok bgt
Fren.co .
buat hangout atau ngerjakan tugas.
Coffee & . o0
Eatery Arqa smoking dan_ non smoking juga
dipisah, area parkir juga cukup luas.
Fren.co
Coffee & NaN 5
Eatery
Fren.co Varian menu sangat banyak, soal rasa
Coffee & oke suasanya adem, bisa santai sambil 4
Eatery main biliard, top

B.  Preprocessing

After the data collection stage, a preprocessing
procedure was conducted to clean and standardize the
textual review data prior to classification. During this
stage, reviews without textual content, duplicate entries,
and incomplete records were removed to ensure data
quality. From the initial 659 collected reviews, 225 valid
textual reviews were retained as the final dataset for further
analysis.

The preprocessing steps included case folding to
convert all characters into lowercase format, cleansing to
remove punctuation, symbols, and irrelevant characters,
tokenization to segment text into individual terms,
stopword removal to eliminate non-informative words,
and stemming to reduce words to their root forms. These
transformations produced more structured and consistent
textual representations suitable for feature extraction and
sentiment classification.

The  preprocessing  results illustrating
transformation of raw Indonesian review texts
normalized representations are presented in Table 2.

the
into

Table 2. Text Preprocessing Results (In Indonesian)

Case Folding Cleansing Tokenization

Stopword Removal ~ Stemming Final Text

jadi tempat terbaik
buat nongki makanan
oke service oke
suasananya juga oke

jadi tempat terbaik
buat nongki makanan
oke service oke
suasananya juga oke

oke, service, oke,

kopi enak suasananya kopi enak suasananya [kopi, enak, suasananya,

cocok banget buat
hangout ngerjakan
tugas

cocok banget buat
hangout ngerjakan
tugas

cocok, banget, buat,
hangout, ngerjakan,
tugas]

varian menu sngat
bnyak soal rasa oke
suasanya adem

varian menu sngat
bnyak soal rasa oke

suasanya adem suasanya, adem]

bagus tempatnya
bersih nyaman

bagus tempatnya
bersih nyaman

[bagus, tempatnya,
bersih, nyaman]

cheese cake chocolate cheese cake chocolate [cheese, cake, chocolate, cheese cake

lavanya enak
tempatnya cozy

lavanya enak
tempatnya cozy

lavanya, enak,
tempatnya, cozy]

[jadi, tempat, terbaik,
buat, nongki, makanan,

suasananya, juga, oke]

[varian, menu, sngat,
bnyak, soal, rasa, oke,

jadi tempat terbaik  jadi tempat baik  jadi tempat baik
buat nongki buat nongki buat nongki
makanan oke service makan oke service makan oke service
oke suasananya oke oke suasana oke  oke suasana oke

kopi enak kopi enak suasana kopi enak suasana
suasananya cocok  cocok banget buat cocok banget buat
banget buat hangout hangout ngerjakan hangout ngerjakan
ngerjakan tugas tugas tugas

varian menu sngat
bnyak soal rasa oke
suasanya adem

varian menu sngat
bnyak soal rasa
oke suasa adem

varian menu sngat
bnyak soal rasa
oke suasa adem

bagus tempatnya
bersih nyaman

bagus tempat
bersih nyaman

bagus tempat
bersih nyaman
cheese cake cheese cake
chocolate lavanya  chocolate lava chocolate lava
enak tempatnya cozy enak tempat cozy enak tempat cozy
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After preprocessing and sentiment labeling, the dataset
was categorized into three sentiment classes: positive,
neutral, and negative. The labeling results show that 196
reviews were classified as positive, 16 reviews as negative,
and 13 reviews as neutral. This distribution indicates a
strong dominance of positive sentiment in customer
reviews of Fren.co Coffee & Eatery.

The comparison of sentiment class distribution is
illustrated in Figure 2.

Customer Review Sentiment of Fren.co Coffee & Eatery

200 1

175 A

150

125

100

75 1

Number of Reviews

50 1

25 A

o4

Positive Negative Neutral

Sentiment

Figure 2. Comparison of Sentiment Distribution

To preserve the proportional distribution of each
sentiment class, the dataset was divided into training and
testing sets using a stratified sampling technique with an
80:20 ratio. As a result, 180 reviews were used for model
training, and 45 reviews were used for testing. The
distribution of the training and testing datasets is illustrated
in Figure 3.

Training and Testing Data Distribution

Number of Reviews

Training Data

Testing Data
Dataset

Figure 3. Training and Testing Data Distribution

C. Classification Model and Model Evaluation

The preprocessed reviews, originally written in
Indonesian, were converted into numerical feature vectors
using the TF-IDF weighting method to capture term
importance within the corpus. This approach assigns
higher weights to informative terms while reducing the
impact of frequently occurring but less discriminative
words. Because the dataset consists of Indonesian-
language reviews, the extracted terms remain in
Indonesian. The TF-IDF weighting results are presented in
Table 3.

Table 3. TF-IDF Term Weighting Results

Term TF-IDF Weight
tempat 0.049675
enak 0.029300
nyaman 0.028004
buat 0.027647
bagus 0.026708

nongkrong  0.024536

1. Logistic Regression Model

The Logistic Regression model achieved an overall
accuracy of 0.89 on the test dataset. The classification
results indicate that all 39 positive reviews were correctly
classified, while neutral reviews and most negative
reviews were misclassified as positive. These findings
suggest that the model performs effectively in identifying
the dominant sentiment class but demonstrates limited
capability in recognizing minority sentiment categories

under imbalanced data conditions. The detailed
classification behavior is illustrated in Figure 4.
Confusion Matrix - Logistic Regression
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Figure 4. Confusion Matrix of Logistic Regression

2. Random Forest Model

The Random Forest model achieved an overall
accuracy of 0.87 on the test dataset. The classification
results indicate that all positive reviews were correctly
identified, while neutral and negative reviews were
misclassified as positive. This behavior demonstrates that
the model exhibits a strong bias toward the majority class
and shows limited capability in recognizing minority
sentiment categories under imbalanced data conditions.
The detailed classification behavior is illustrated in Figure
5.

Confusion Matrix - Random Forest

o
>
= 0 0
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e 30
25
]
®E
~5- 3 0 0 -20
©
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<
< -15
o -10
=
‘gf 2] o 0
53 -5
=
| ' ' -0
Positive Neutral Negative

Predicted Label

Figure 5. Confusion Matrix of Random Forest

To further compare model performance, accuracy,
precision, recall, and Fl-score were used as evaluation
metrics to assess the effectiveness of each classification
model under imbalanced data conditions. Since overall
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accuracy alone may not fully reflect classification
performance across all sentiment categories, weighted-
average precision, recall, and F1-score were analyzed to
provide a more comprehensive evaluation.

Model performance is strongly influenced by the
distribution of sentiment classes within the dataset.
Positive sentiment dominates the corpus, whereas neutral
and negative sentiments appear in considerably smaller
proportions. Such imbalance directs both classification
models to prioritize learning patterns associated with the
majority class, thereby affecting predictive stability across
sentiment categories.

Logistic Regression achieved an overall accuracy of
0.89 and demonstrated more consistent performance
across precision, recall, and Fl-score metrics. Random
Forest reached an accuracy of 0.87 but produced lower
precision and Fl-score values, indicating reduced
effectiveness in detecting minority sentiment classes. The
stronger performance of Logistic Regression is associated
with the relatively small and naturally imbalanced dataset.
As a linear classifier, Logistic Regression is particularly
suitable for high-dimensional and sparse feature spaces
generated by TF-IDF representations. In contrast, Random
Forest, as an ensemble-based model, exhibits greater
sensitivity to majority-class dominance when trained on
limited and imbalanced textual data. These findings
indicate that simpler linear classifiers can provide more
stable and reliable classification behavior than more
complex ensemble models in sentiment analysis tasks
involving small-scale and imbalanced datasets. The
comparative evaluation results are presented in Table 4.

Table 4. Comparison of Classification Model
Evaluation Results

Method Accuracy Precision Recall Fl-
Score

Logistic 0.89 0.83 089  0.85

Regression

Random 0.87 0.75 0.87  0.80

Forest

V.CONCLUSION

TF-IDF-based classical machine learning models
demonstrate effective capability in classifying customer
reviews obtained from Google Maps under naturally
imbalanced sentiment distributions. Logistic Regression
and Random Forest were implemented to categorize
reviews of Fren.co Coffee & Eatery into positive, neutral,
and negative sentiment classes. Logistic Regression
achieved higher overall accuracy and exhibited more
stable performance across evaluation metrics compared to
Random Forest. These findings indicate that linear
classifiers are particularly suitable for high-dimensional
and sparse TF-IDF feature spaces, especially when applied
to relatively small and imbalanced datasets.

Sentiment class distribution plays a substantial role in
shaping classification behavior, particularly in detecting
minority classes such as neutral and negative reviews.
Both models showed sensitivity to majority-class

dominance, confirming the impact of natural -class
imbalance on predictive stability. The comparative results
demonstrate that increased model complexity does not
automatically produce superior performance. Under
limited-data conditions, the simpler Logistic Regression
model provided more consistent and reliable classification
outcomes than the ensemble-based approach.

Future research may incorporate data balancing
strategies or cost-sensitive learning mechanisms to
enhance minority-class detection. Evaluation of deep
learning architectures and expansion of the dataset across
multiple review platforms may further improve robustness
and generalizability. Such developments can strengthen
data-driven service quality assessment frameworks in the
food and beverage sector.
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