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Abstract

Online product reviews combine unstructured narratives, star ratings, and helpfulness
votes, but these signals answer different managerial questions and require different valida-
tion strategies. This study presents a reproducible multi-branch analytical framework for
the Amazon Fine Food Reviews dataset (568,454 records; October 1999-October 2012). The
framework includes exploratory text mining, LDA topic modeling, rating-derived polarity
classification, structured-feature score prediction, and rule-based rating-helpfulness seg-
mentation. To address sampling bias and leakage, the revised experiments use reproducible
random sampling, product-grouped holdout sets, and feature estimation only on training
data. LDA models with K = 3-8 were compared on a random sample of 20,000 reviews
across three seeds; K = 3 showed the best held-out perplexity and the strongest topic stabil-
ity among the tested solutions. For rating-derived polarity, class-weighted TF-IDF Logistic
Regression achieved 94.55% accuracy, 94.04% balanced accuracy, 90.47% macro-F1, 93.29%
negative recall, and 93.27% negative-class PR-AUC on an independent product-grouped
test set (n = 104,282). A regression tree using structural review features outperformed a
mean predictor but remained modest (MAE = 0.884, RMSE = 1.194, R? =0.175), limiting
its use to exploratory analysis. Helpfulness analyses treated the 270,052 reviews with
no votes as Unrated rather than NotHelpful. Sensitivity analysis across thresholds of
0.50-0.80 and minimum-vote requirements of 1, 2, 5, and 10 showed that the estimated
Helpful share depends materially on both choices. The revised evidence therefore supports
descriptive screening and hypothesis generation, not causal claims or autonomous manage-
rial decisions. The contribution is a transparent comparison of complementary analytical
branches under leakage-aware evaluation, together with explicit construct, sampling, and
external-validity limits. The findings show why class-sensitive metrics, topic stability
checks, independent test sets, and separate treatment of unexposed reviews are necessary
before review analytics can inform practice.

Keywords: online product reviews; text analytics; sentiment analysis; topic modeling;
logistic regression; review-score prediction; review helpfulness; rule-based segmentation
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1. Introduction

Online product reviews have become an important source of customer feedback and
market intelligence because they contain both numerical ratings and detailed descriptions
of customers’ experiences. Previous research has demonstrated that the content, sentiment,
and numerical characteristics of online reviews can influence product sales, purchase
decisions, and perceptions of product quality [1-4]. Nevertheless, the rapid accumulation
of reviews across e-commerce platforms creates substantial challenges for businesses. The
large volume of data makes manual examination costly and impractical. In contrast, the
unstructured nature of review text makes it difficult to consistently identify customer
needs, emerging complaints, and changes in product perception. Businesses must therefore
move beyond collecting ratings and reviews and transform them into predictive, actionable
information. Predicting customer sentiment or review scores, for example, may enable
organizations to identify potential dissatisfaction earlier, prioritize product-related issues,
and allocate resources to the aspects of products and services that most affect customer
experience and business performance [1-4].

An effective review analytics mechanism is therefore needed to integrate textual
content, numerical ratings, temporal information, and review-helpfulness indicators to
support business decision-making. Text mining of online reviews can reveal the dimen-
sions that shape customer satisfaction and guide improvements in competitiveness and
service quality [5-7]. The resulting analysis can help businesses identify product or service
attributes customers appreciate or complain about, detect negative reviews that require
timely attention, and monitor topics that appear frequently in customer discussions [5-8].
In addition, the increasing volume and redundancy of online reviews can cause information
overload, making it necessary to identify, rank, or separate helpful reviews from less infor-
mative feedback [9-11]. These capabilities allow organizations to use customer-generated
information not only for descriptive reporting but also for improving products, services,
complaint-handling strategies, customer communication, and managerial responses [7-11].

To address these needs, this study organizes five established methods as a multi-branch
analytical framework rather than claiming a new end-to-end model. Review text, ratings,
and helpfulness votes provide different signals for analysis [1,9-11]. The rating-derived
polarity task gives particular attention to negative-class recall because missing a negative
review may be more consequential for the proposed screening use case. The technical
contribution is therefore methodological transparency: the same review population is
examined through lexical, thematic, predictive, and descriptive lenses, while the validity
limits of each output are kept explicit.

2. Materials and Methods

RQ1. Which lexical and latent thematic patterns are reproducible across random
samples and model specifications?

RQ2. How accurately can review text recover rating-derived polarity when class
imbalance, grouped holdout evaluation, and leakage control are applied?

RQ3. How much out-of-sample rating variation can structural review features explain
relative to a mean-prediction baseline?

RQ4. How sensitive are rating-helpfulness segments to the helpfulness threshold,
minimum vote count, and treatment of reviews with no votes?

This study employed a multi-branch analytical framework comprising five comple-
mentary methods distributed across three workflows. The branches share a common
dataset and managerial objective, but they use task-specific representations and are evalu-
ated independently. The framework is not presented as a single end-to-end model.

https://doi.org/10.3390/jtaer21100351


https://doi.org/10.3390/jtaer21100351

J. Theor. Appl. Electron. Commer. Res. 2026, 21, 351 30f 20

2.1. Data Source

The study used the public Amazon Fine Food Reviews dataset (Reviews.csv). It
contains 568,454 review records posted from 8 October 1999 to 26 October 2012 and ten
original variables [12]. A reproducibility audit found 831 exact duplicate records under
the combined key Userld, Productld, Score, Time, Summary, and Text; we removed these
duplicates for predictive analyses, leaving 567,623 records. Because repeated text and
shared products can inflate random-split performance, predictive holdouts were grouped
by Productld.

Score: numerical product rating from 1 to 5 stars;

Summary: short review title or summary;

Text: complete review text;

HelpfulnessNumerator: number of users who considered the review helpful;
HelpfulnessDenominator: total number of helpfulness votes;

A

Time: review-posting time represented as a Unix timestamp.

Additional identification variables included Id, Productld, Userld, and ProfileName.
We retained these identifiers during data import but removed them when they were not an-
alytically relevant. Online reviews combine unstructured textual feedback with structured
information such as ratings, timestamps, and helpfulness votes. This combination permits
the analysis of customer language, latent themes, expressed sentiment, expected ratings,
and the perceived usefulness of individual reviews [13-16].

2.2. Analytical Environment

The original analyses were implemented in MATLAB R2024b. The supplied train-
RegressionModel.m file specifies a regression tree fitted with fitrtree, MinLeafSize = 36,
Surrogate = ‘off’, and five-fold cross-validation. The revision independently reproduced the
evaluation pipeline in Python 3.12 with pandas 2.2.3 and scikit-learn 1.8.0, using random
seed 20260919. All vocabulary construction and TF-IDF weighting were fitted on training
data only. We provide the complete scripts, split logic, model settings, and result tables in
Data Availability Statement section.

The overall design contained:

a.  Workflow A: Text Analysis and Sentiment Classification;
b. Workflow B: Review Score Prediction;
c.  Workflow C: Rule-Based Review Segmentation.

The workflows are complementary analytical branches rather than a sequential pre-
dictive pipeline. Outputs are compared at the interpretation stage. Rating-derived polarity
scores are not passed into rating prediction because both originate from the same star-
rating target and such integration would create circularity or target leakage. Future work
may integrate topic proportions or independently derived text embeddings using nested,
out-of-fold estimation.

2.3. Data Preparation

The dataset was first read into a MATLAB table. We removed variables not required
for a particular workflow. Missing-value handling was workflow-specific:

1.  Workflow A removed observations with missing values in Score, Summary, or Text;

2. Workflow C removed observations with missing Score values and replaced missing
helpfulness counts with zero;

3. The available implementation did not explicitly document the missing-value handling
procedure for Workflow B.
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Workflow-specific preprocessing is reasonable because text mining, regression, and
segmentation require different data representations.

2.4. Overview of the Multi-Branch Framework
The framework combined five methods:

Exploratory Text Mining;

LDA Topic Modeling;

TF-IDF-Based Logistic Regression for Sentiment Classification;
Regression-Based Review Score Prediction;

© oo o

Rule-Based Review Segmentation.

The first two are primarily NLP and exploratory methods. The third and fourth are
supervised machine-learning methods, whereas the fifth uses predefined analytical rules.
Prior work has separately examined visualization of review sentiment for e-commerce
business intelligence, product-specific helpfulness prediction, interpretable helpfulness
determinants, cumulative helpfulness prediction, neural helpfulness modeling, review
credibility, and topic-assisted rating prediction. The present study does not treat these
distinct tasks as one integrated end-to-end model; its workflows share a dataset and
reporting layer but are trained and interpreted separately.

2.5. Workflow A: Text Analysis and Sentiment Classification
2.5.1. Text Corpus Construction and Preprocessing

Workflow A selected the Score, Summary, and Text variables. Records containing
missing values were removed. The summary and the full review text were concatenated
into a new document variable:

Doci = Summary_i + Text_i

Combining these fields preserved both the concise expression in the review title and
the detailed explanation in the review body.

We did not select the revised corpus by taking the first N records. Descriptive counts
used the full eligible dataset. Computationally intensive LDA used a reproducible simple
random sample of 20,000 reviews (seed 20260919), with 80% used for model fitting and
20% held out for perplexity evaluation. The polarity classifier used all eligible non-neutral
reviews after exact-record deduplication and a product-grouped 80/20 holdout.

tokenization;

conversion to lowercase;

punctuation removal;

stop-word removal;

removal of words with two or fewer characters;

G T O

lemmatization.

Text preprocessing standardizes the text and creates a consistent vocabulary for Bag-
of-Words, topic modeling, and supervised classification [13,15,16]. Studies of text-based
sentiment classification show that feature representation and model choice can affect
performance [15-18].

Workflow A comprises three parallel analytical methods: exploratory text mining,
LDA topic modeling, and TF-IDF-based Logistic Regression. The revised analysis compares
LDA models and applies Productld-grouped holdout evaluation for rating-derived polarity
classification, as illustrated in Figure 1.

https://doi.org/10.3390/jtaer21100351


https://doi.org/10.3390/jtaer21100351

J. Theor. Appl. Electron. Commer. Res. 2026, 21, 351 5 of 20

Review Dataset and Preprocessing

Text preprocessing for Workflow A
Structured feature preparation for Workflows B and C

[ Method1 | Method 2 Method 3

Exploratory Text Mining LDA Topic Modeling TF-IDF Logistic Regression
Techniques: Bag-of-Words Candidates: K =3-8 Labels: 4ll_§ stars = ycgayivc
Word Cloud N _ -5 stars = Positive
Selected: k=3 3-star reviews excluded
Purpose: Explore keywords Perplexity: 1457.35 Split:  Productld-grouped
and term patterns Stability: Jaccard = 0.721 80/20 holdout

Workflow A Text Analysis and Rating-Derived Polarity Classification

Model: Class-weighted LR

Metrics: Accuracy 94.55%
Balanced accuracy 94.04%
Macro-F1 90.47%

Outputs
keywords, reproducible topics, and rating-derived polarity classes

Figure 1. Workflow A: Text Analysis and Rating-Derived Polarity Classification.

2.5.2. Method 1: Exploratory Text Mining

Exploratory Text Mining identified frequently occurring words and broad lexical
patterns in the review corpus. This method provided an initial descriptive view of the
language customers used before formal topic or predictive analysis.

1.  Bag-of-Words Representation

We created a Bag-of-Words model from the cleaned, tokenized documents. In this
representation, each review was represented by how many times each vocabulary term
appeared in that document. Word order and sentence structure were not modeled.

Let d; denote review i and let w; denote vocabulary term j. The document-term matrix
contained:

x;j = count of w; in d;

Terms occurring in fewer than five documents were removed, and documents that
became empty after vocabulary pruning were excluded. Exploratory term summaries were
generated from the reproducible simple random sample of 20,000 reviews (seed = 20260919)
used for the topic-model comparison.

Bag-of-Words provides directly interpretable term-frequency information, although
it does not retain semantic context or word order. Count-based features are used here for
exploratory term analysis; TF-IDF features are used separately for the supervised polarity
classifier [19].

2. Word Cloud Visualization

We generated a word cloud from the Bag-of-Words representation of the reproducible
random sample of 20,000 reviews. Word size represented the relative frequency of each
term within this sample.

Separate word clouds were also constructed for:

o Positive reviews with scores of 4-5 stars;
o Negative reviews with scores of 1-2 stars.

https://doi.org/10.3390/jtaer21100351
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This positive-negative comparison did not include three-star reviews. The word
clouds provided a visual summary but were not treated as inferential results. Because
high frequency does not necessarily imply high business importance, support word-cloud
interpretations with term frequencies, TF-IDF weights, or topic-model probabilities.

3. Output

Method 1 produced: an overall vocabulary:

Document-term frequencies;
An overall word cloud;
Positive-review and negative-review word clouds;

o O O O

An initial set of candidate customer concerns and preferred product attributes.

Exploratory text mining of review data has been applied to reveal satisfaction dimen-
sions, frequently discussed attributes, and customer issues.

2.5.3. Method 2: LDA Topic Modeling

LDA Topic Modeling was used to discover latent themes in the reviews. Whereas
Method 1 identified individually frequent terms, Method 2 modeled groups of words that
tended to co-occur and interpreted those groups as topics.

Topic models are unsupervised probabilistic methods designed to identify hidden
thematic structures within document collections. Researchers have applied them to on-
line reviews to extract customer-experience dimensions, product attributes, satisfaction
factors, and topic-linked polarity [20-22]. Topic-coherence research also shows that model
assessment depends on corpus representation and evaluation choices [23].

1. Data Subset

LDA model selection used a reproducible random sample of 20,000 preprocessed
reviews. Candidate topic counts K =3, 4, 5, 6, 7, and 8 were fitted under three random seeds
(20260919-20260921). We compared models using held-out perplexity and the stability of
the 15 highest-probability words, measured by optimal topic matching and mean Jaccard
similarity across seeds.

We constructed a new Bag-of-Words representation from this subset. We removed
terms occurring fewer than five times, then removed empty documents.

2. Topic Model Specification

The candidate number of topics ranged from K =3 to K = 8.
K=3

We fitted the model using MATLAB's fitlda function with the stochastic approximate
variational Bayes solver.
Conceptually, LDA assumes that:

o  Every document consists of a mixture of topics;
o  Every topic consists of a probability distribution over words.

For review d, the topic-mixture vector can be expressed as:

0s = (041,042, ---,04K)

where 0 represents the estimated proportion of topic in document d.
For topic k, the word-probability vector is:

Ok = (P, P Prv) (Pr1s Pras - Pivr)

https://doi.org/10.3390/jtaer21100351
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where V is the vocabulary size and ¢y, is the probability of a vocabulary term v under
topic k.

3. Topic Interpretation

We extracted the ten highest-probability words for each topic. We generated topic-
specific word clouds. The topic labels were not assigned automatically by LDA. The
researchers must interpret them after examining:

The highest-probability terms;
Representative reviews with high topic proportions;
Coherence among the words;

O O O O

Distinctions from other topics.

Previous review-mining studies have demonstrated that LDA can reveal interpretable
dimensions of tourist satisfaction, service experiences, and recurring customer con-
cerns [20-22]. However, topic quality depends on preprocessing, sample composition,
vocabulary filtering, the selected number of topics, and the evaluation measure [20-23].

4.  Selection of K

We selected the number of topics empirically. Across the tested values, K = 3 pro-
duced the lowest mean held-out perplexity and the highest mean top-word stability
(Jaccard = 0.721). Because automated topic scores do not guarantee semantic interpretability,
topic labels remain provisional and are not used to support strong managerial claims.

5. Output
Method 2 produced:

A preferred three-topic solution and candidate solutions for K = 4-8;
Top words associated with each topic;
Topic-specific word clouds;

o O O O

Document-topic membership proportions.

2.5.4. Method 3: TF-IDF-Based Logistic Regression for Rating-Derived Polarity
Classification

The third method classified reviews as positive or negative using review text. The
approach combined TF-IDF feature weighting with Logistic Regression.

Classical supervised sentiment classifiers can provide transparent text features and
efficient baselines. This study uses TF-IDF with Logistic Regression as a conventional
rating-derived polarity baseline, drawing on prior studies of review sentiment classifica-
tion [15-18].

1. Label Construction
Sentiment labels were derived from review scores:

v — Negative, Score; € {1,2}
' | Positive, Score; € {4,5}

We excluded reviews with a score of 3 because we treated them as neutral or am-
biguous. This is therefore a rating-derived sentiment classification. The labels were not
independently annotated from the semantic content of the reviews. A potential limitation
is that textual polarity and star rating may occasionally be inconsistent.

2. TF-IDF Feature Construction

Productld split records before text feature construction. The TF-IDF vocabulary (uni-
grams and bigrams; min_df = 5; max_df = 0.98; maximum 60,000 features; sublinear term

https://doi.org/10.3390/jtaer21100351
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frequency) was fitted only on the training partition and then applied unchanged to the
test partition. This order prevents test documents from influencing vocabulary selection or
inverse-document-frequency estimates.

A common TF-IDF formulation is:

tfidf(w, d) = tf(w, ) x log (djcz(\]w)>

where

o tf(w,d) is the frequency of term w in document d;
e df(w) is the number of documents containing w;
e N is the number of documents.

TF-IDF reduces the influence of terms common across documents while assigning
greater weight to terms that distinguish documents. Here, the resulting text features
are inputs to Logistic Regression; performance is evaluated on the independent product-
grouped test set.

3. Train-Test Partition

The labeled data were divided using an 80/20 holdout:

o 80% training data;
o 20% testing data.

The eligible data were divided into product-grouped training (n = 420,764) and inde-
pendent test (n = 104,282) partitions using seed 20260919. This design prevents reviews of
the same product from appearing in both partitions. Exact duplicate records were removed
before splitting. Both unweighted and class-weighted Logistic Regression models were
evaluated against a majority-class baseline.

4.  Logistic Regression Model

Alinear classifier was trained using a logistic learner and the limited-memory Broyden-—
Fletcher-Goldfarb—Shanno optimizer.
For a binary outcome, the estimated probability of a positive review was:

1
P(Y; = Positive | x;) =
l 7 Ttep[-(fo+px)]
where x_i is the TF-IDF vector of review i.
The predicted class was obtained from the fitted probability or decision score.

5. Evaluation

We evaluated the revised classifier on the independent Productld-grouped test set.
Because the test data were imbalanced, overall accuracy was interpreted together with
balanced accuracy, macro-F1, ROC-AUC, negative-class PR-AUC, class-specific recall, and
the confusion matrix.

However, accuracy should not be the only reported measure because the supplied
result contains substantially more positive than negative test instances.

Precision = L
"~ TP+ FP
TP
Reeall = 7p PN

Precision x Recall
F1=2
(Precision + Recall)

https://doi.org/10.3390/jtaer21100351
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Evaluation included accuracy, balanced accuracy, macro-F1, ROC-AUC, negative-class
PR-AUC, class-specific recall, confusion matrices, and 95% bootstrap confidence intervals
for balanced accuracy and macro-F1. Because labels were created from star ratings, the
task is described consistently as rating-derived polarity classification, not independently
annotated sentiment recognition.

6. Output
Method 3 produced:

Positive or negative labels for unseen reviews;
A confusion matrix;
Overall accuracy;

o O O O

A trained sentiment-classification model.

2.6. Workflow B: Review Score Prediction

The regression tree predicts review scores from structural review features using
Productld-grouped training, validation, and test partitions. Performance is evaluated
against a mean-prediction baseline using MAE, RMSE, and R?. The revised workflow is
shown in Figure 2.

Workflow B Review Score Prediction

Method 4

Regression Tree Review Score Prediction

Learner: MATLARB fitrtree

Settings: MinLeafSize = 36; Surrogate = off

Input features: SummaryLength, TextLength, HelpfulnessRatio, LogVotes
Target: Score (1-5)

Data split: Productld-grouped train/validation/test 70/15/15
Evaluation: Mean-prediction baseline and independent test set

Independent Test Performance
MAE 0.884 (95% CI 0.878-0.890) RMSE 1.194 (95% CI 1.187-1.201) R20.175

Figure 2. Workflow B: Review Score Prediction.

Method 4: Regression-Based Review Score Prediction

We conducted a preliminary regression-based score-prediction experiment using
structured review attributes. Earlier work has predicted review ratings from aspect-level
sentiment or topic information [24,25]; the present experiment instead tests how much
variation can be explained by structural features alone.

1.  Data Preparation

The Id, Userld, and ProfileName variables were removed. Productld was retained
solely for constructing the grouped training, validation, and test partitions and was ex-
cluded from the regression predictor set.

https://doi.org/10.3390/jtaer21100351
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2. Feature Construction

Two length-based variables were created:

SummaryLength; = number of characters in Summary;

TextLength; = number of characters in Text;

The original text fields were then removed from this workflow. Consequently,
Method 4 used text length but not its semantic content. The helpfulness ratio was calculated

as:
Help fulnessNumerator;

max (Help fulnessDenominator;, 1)

Help fulnessRatio; =

To represent vote exposure while reducing the influence of highly skewed vote counts,
we defined LogVotes as:

LogVotes; = log(1 + Help fulnessDenominator;)

where HelpfulnessDenominator represents the total number of helpfulness votes received
by review i.

We bounded the denominator below by 1 to avoid division by zero. Under this rule,
reviews receiving no votes were assigned a ratio of zero.

Review length, rating, linguistic features, and contextual information have been
examined in studies of review helpfulness and credibility [26-32]. For the regression
workflow, zero-vote reviews were assigned a structural HelpfulnessRatio value of zero to
permit numerical modeling. For the segmentation workflow, however, these reviews were
classified separately as Unrated because no observed helpfulness judgment was available.

3. Predictors and Target

The predictor set was:
X = {SummaryLength, TextLength, Help fulnessRatio, LogVotes}
The target variable was:
Y = Score € {1,2,3,4,5}

The score was treated as a numerical response, allowing the regression model to
produce decimal predictions such as 4.61.

4. Model Training
The code called:

[trainedModel, validationRMSE] = trainRegressionModel(ReviewData);

Inspection of trainRegressionModel.m confirmed that the learner is a regression tree
fitted by fitrtree with MinLeafSize = 36 and Surrogate = ‘off’. The exported function uses
SummaryLength, TextLength, and HelpfulnessRatio and reports five-fold cross-validation
RMSE. In the revised independent evaluation, LogVotes was added to distinguish vote ex-
posure from the helpfulness ratio, and Productld-grouped train/validation/test partitions
of approximately 70/15/15 were used.

https://doi.org/10.3390/jtaer21100351
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The revised analysis explicitly reports the hyperparameters, validation scheme, feature
definitions, model-selection criterion, random seed, grouped data split, and evaluation
procedure. Feature normalization was not applied because the selected regression tree is
invariant to monotonic rescaling of individual predictors.

5. Prediction and Error Calculation

The trained model generated predicted scores:
i = f(xi)
Prediction error was calculated as:
Diffi=yi =i

and absolute error as:
AbsDiff; = | yi — i |

The intended evaluation measures included validation RMSE and mean absolute error:

1 R
RMSE = ;Z(yi—yi)z
i=1

14 .
MAE = =Y |y — i |
ni3

We removed the workspace-name collision that shadowed MATLAB’s mean function.
We calculated MAE, RMSE, and R? on the independent test set, with 95% bootstrap confi-
dence intervals for MAE and RMSE. A training-set mean predictor served as the baseline.

6. Evaluation Limitation

The revised evaluation does not score the training data as if it were unseen. Model
selection is confined to the training/validation partitions, and final metrics are reported
once on the product-grouped test partition.

7. Interpretation Limitation

Because this method uses only review length, helpfulness ratio, and vote exposure, it
cannot directly distinguish positive from negative language. A long negative review may
have structural features similar to a long positive review. This explains why some 1-star
observations in the example were predicted near 4-5 stars.

Previous research has used aspect-level sentiment and topic membership in review-
rating prediction [24,25].

8. Output

Method 4 produced test-set predictions and complete MAE, RMSE, R?, and uncertainty
estimates under the grouped evaluation design.

2.7. Workflow C: Review Segmentation

Workflow C classifies reviews by rating group and helpfulness status, with zero-vote
reviews treated separately as Unrated. The resulting nine groups are analyzed using
cross-tabulation and sensitivity analysis across helpfulness thresholds and minimum-vote
requirements, as summarized in Figure 3.

https://doi.org/10.3390/jtaer21100351
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Workflow C Exposure-Aware Review Segmentation

Rule-Based Review Segmentation

Inputs: Score, HelpfulnessNumerator, HelpfulnessDenominator
Rating groups: Bad < 2; Neutral = 3; Good > 4
Vote exposure: Denominator = 0 = Unrated
Eligible reviews: Helpful if ratio > 0.70; NotHelpful if ratio < 0.70
Sensitivity: Thresholds 0.50—0.80; minimum votes 1, 2, 5, and 10
Helpful NotHelpful Unrated
Bad_Helpful Bad_NotHelpful Bad_Unrated
Neutral_Helpful Neutral_NotHelpful Neutral_Unrated
Good_Helpful Good_NotHelpful Good_Unrated

Output Review structure by rating group, helpfulness status, and sensitivity setting

Nine exposure-aware groups from a 3 x 3 cross-tabulation

Figure 3. Workflow C: Exposure-Aware Review Segmentation.

Method 5: Rule-Based Review Segmentation
Method 5 summarized the structure of the review population by jointly considering:

o  Rating-derived sentiment;
o Review helpfulness.

The groups were formed using predefined thresholds rather than an unsupervised clus-
tering algorithm; therefore, the procedure was classified as rule-based review segmentation.

1.  Sentiment Segmentation
Each review was assigned one of three sentiment categories based on its score:
Bad, Score; < 2

Sentiment; = < Neutral, Score; =3
Good,  Score; > 4

These categories are based on ratings and should not be confused with the text-derived
sentiment predictions produced by Method 3.
2. Helpfulness Segmentation

The helpfulness ratio was calculated as:

Help fulnessNumerator;
max(H, elpfulnessDenominator;1)

For reviews with at least one vote, we retained 0.70 as a descriptive reference threshold
rather than a universal cutoff. Reviews with zero votes were assigned to a separate Unrated
category. Sensitivity analysis varied the threshold (0.50, 0.60, 0.70, and 0.80) and minimum
vote requirement (1, 2, 5, and 10). Review age is acknowledged as an imperfect proxy for
exposure because page position and impressions are unavailable.

Helpful, H;>0.70

Help fulLabel; =
elpfulLabel; {NotHelpful, H; < 0.70
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Prior work has studied review helpfulness using textual and contextual features
and models of voting behavior [26-32]. In this study, the helpful-vote ratio is calculated
only for reviews with at least one vote. We predefined a 0.70 threshold as an analytical

cutoff to distinguish Helpful from NotHelpful reviews and did not treat it as a universally
established threshold.

3. Nine Exposure-Aware Groups

The rating and exposure-aware helpfulness labels were cross-classified into nine
descriptive categories, including a separate Unrated status for each rating group.
Conceptually, the cross-classification can be expressed as:

Group; = Sentiment; x HelpfulLabel;

This segmentation makes it possible to distinguish, for example:

o Negative reviews that users nevertheless found informative;
o  Highly rated reviews that received strong helpfulness support;
o Neutral reviews with limited or substantial perceived usefulness.

4. Descriptive Analysis

A 3 x 3 cross-tabulation was computed:
C; j = number of reviews in sentiment s and helpfulness category &

Within-sentiment proportions were calculated as:

_ Cs,h
Zh Cs,h

P s,h

The results were visualized using;:

o A3 x 3table of counts;
o A 100% stacked bar chart of within-sentiment proportions;
o  Sensitivity tables for threshold and minimum-vote choices.

Because rating categories are constructed from Score, no score-by-segment boxplot is
interpreted as independent evidence.

5. Treatment of Reviews with No Votes

The revised method does not assign a helpfulness ratio to reviews with Helpfulness-
Denominator = 0. These 270,052 records (47.51% of the dataset) are labeled Unrated and
excluded from ratio-based Helpful versus NotHelpful comparisons.

The earlier rule combined low helpfulness ratios with absence of votes; the revision
separates these situations.

6. Output
Method 5 produced:

Nine exposure-aware descriptive categories;

Group counts and percentages;

A sentiment-by-helpfulness cross-tabulation;
Threshold and minimum-vote sensitivity summaries;

O O O O O

An overall profile of the review population.
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2.8. Relationship Among the Five Methods

1.  Methods 1-3 comprise three complementary analyses within Workflow A:
Text preprocessing — Exploratory terms — Latent topics — Sentiment classes
2. Method 4 constitutes a separate supervised regression workflow:
Structured review features — Predicted score
3. Method 5 constitutes a descriptive rule-based workflow:
Score + HelpfulnessRatio — Review segments

Thus, the five methods share a dataset, theoretical motivation, and reporting layer,
but they remain separate analytical branches. The article consistently uses the term “multi-
branch framework” and does not claim that the analytical branches form a single integrated
learner. This scope improves interpretability and prevents rating-derived labels from
leaking into rating prediction.

3. Results

The revised experiments used the full eligible data for classification, regression, and
segmentation, and a reproducible random sample of 20,000 reviews for LDA model selec-
tion. All predictive results below are from independent Productld-grouped test partitions.

3.1. Exploratory Text-Mining Results

Exploratory term summaries were recomputed on the reproducible 20,000-review
random sample used for topic-model comparison. Because word clouds are illustrative
rather than inferential, the revision does not treat vocabulary size or font size as evidence
of prevalence in the full population.

The overall Word Cloud indicated that frequently occurring words included good,
like, taste, great, product, flavor, food, coffee, buy, and price. These terms suggest that
customers commonly discussed taste and flavor, general product quality, purchasing
decisions, beverages, and value-related considerations.

Separate Word Clouds were also generated for positive reviews rated 4-5 stars and
negative reviews rated 1-2 stars. The positive-review Word Cloud prominently contained
favorable terms such as good, great, love, and delicious. The negative-review Word Cloud
included unfavorable terms such as bad and disappointing, although neutral or favorable
words such as good, like, taste, and product also appeared.

This overlap demonstrates that the presence of an individual word does not necessarily
determine the sentiment of an entire review. For example, a negative review may state
that a product tasted good but arrived damaged, was overpriced, or did not match its
description. Therefore, Word Clouds are useful for exploratory interpretation but should
not be treated as a complete sentiment-analysis method.

Objective assessment: The objective of identifying frequently discussed terms
and broad customer concerns was achieved. The results revealed recurring product-
related vocabulary and provided an interpretable overview of how customers described
their experiences.

3.2. Topic-Modeling Results

We evaluated candidate LDA solutions from K = 3 to K = 8 on a held-out subset
under three random seeds. Mean held-out perplexity was lowest for K = 3 (1457.35) and
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increased for larger solutions; K = 3 also achieved the highest top-word stability (mean
Jaccard = 0.721), compared with 0.628 for K = 4 and 0.586 for K = 5. The earlier fixed K =5
solution was therefore not retained as the preferred model.

The stability analysis indicates that increasing K produced less reproducible top-word
sets. The preferred K = 3 result is treated as a broad exploratory partition rather than a
definitive taxonomy. Representative-review inspection and independent human labeling
remain necessary before assigning business-facing topic names.

The comparison resolves the arbitrary-K concern but does not by itself establish
semantic validity. Consequently, LDA answers RQ1 at an exploratory level, and no causal
or prescriptive managerial conclusion is based solely on its topics.

A cautious interpretation is that broad themes concern product taste, food types,
purchasing experience, price, and customer preference. The preferred K = 3 solution is ex-
ploratory; specific topic labels require inspection of representative reviews and independent
human validation.

Objective assessment: The objective of identifying latent review topics was partially
achieved. The model produced topic-word distributions and document-topic proportions,
but stronger topic separation is needed before the results can be translated into reliable
managerial categories.

We removed the former fixed-K topic figures because they no longer reflect the se-
lected specification. Detailed K-by-seed results are provided in the Data Availability
Statement section.

Figure 4 shows the candidate LDA models evaluated across three random seeds. The
K = 3 model achieved the lowest mean held-out perplexity and the highest mean topic-
word stability and was therefore selected for the revised analysis. Error bars represent +1
standard deviation across random seeds.

Mean held-out perplexity

1650 1

15501

1500 1

1450 1

1400

LDA Model Selection across Candidate Topic Numbers

Mean results across three random seeds; lower perplexity and higher stability are preferred
A Held-Out Perplexity B Topic-Word Stability
0.75
0.721 Selected K =3
0.70 4
2z
E
= 0.651
£
7
=
5 0601 0.586
g 0.570
=3
=
=
g 0551
=
0.495
0.504
Selected K =3
0.454
5 6 7 8 3 4 5 6 7 8
Number of topics K Number of topics K

Error bars in Panel A show +1 SD across seeds 20260919-20260921. Stability uses optimally matched top-15-word sets.

Figure 4. LDA Model Selection across Candidate Topic Numbers.

3.3. Rating-Derived Polarity Classification Results

The revised rating-derived polarity experiment used product-grouped holdout evalu-
ation. The unweighted model achieved 95.66% accuracy, 88.91% balanced accuracy, 91.25%
macro-F1, and 79.10% negative recall. Class weighting increased negative recall to 93.29%
and balanced accuracy to 94.04%, while overall accuracy decreased modestly to 94.55%.
The majority-class baseline achieved 84.41% accuracy but only 50.00% balanced accuracy
and 45.77% macro-F1.
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For the selected class-weighted model, the negative/positive confusion matrix was
[[15,165, 1090], [4591, 83,436]]. ROC-AUC was 98.35%, and negative-class PR-AUC was
93.27%. The 95% bootstrap interval was 93.83-94.22% for balanced accuracy and 90.26—
90.70% for macro-F1. These measures show that accuracy alone would materially under-
state the imbalance problem and the benefit of cost-sensitive learning.

The class-weighted model is preferable when missing a negative review carries greater
operational cost. Nevertheless, its labels are rating-derived and therefore measure recovery
of star-rating polarity from text, not independent psychological sentiment.

Objective assessment: RQ2 was answered under leakage-aware, product-grouped
evaluation. The classifier substantially outperformed the majority baseline, but construct
validity remains limited by rating-derived labels.

Table 1 reports the primary performance metrics for the revised product-grouped
evaluation. The previous confusion-matrix figure was removed because the complete
revised evaluation is reported in the table and accompanying text.

Table 1. Rating-Derived Polarity Classification Performance.

Metric Selected Model 95% CI or Note
Accuracy 94.55% Class-weighted LR
Balanced accuracy 94.04% 93.83-94.22%
Macro-F1 90.47% 90.26-90.70%
Negative recall 93.29% Unweighted: 79.10%
Negative PR-AUC 93.27% Majority accuracy: 84.41%

3.4. Review-Score Prediction Results

The revised regression workflow used SummaryLength, TextLength, HelpfulnessRatio
(zero only for the structural feature calculation), and LogVotes. Productld-grouped train,
validation, and test partitions contained 402,224, 82,939, and 82,460 records, respectively.

Summary length;
Full-text length;
Helpfulness Ratio.

o O O O

Log-transformed Vote Count.

The mean-prediction baseline produced MAE = 1.046, RMSE = 1.314, and R? approxi-
mately 0.000. The regression tree (MinLeafSize = 36) improved performance to MAE = 0.884
(95% C10.878-0.890), RMSE = 1.194 (95% CI 1.187-1.201), and R? = 0.175 on the independent
test set (Table 2).

Table 2. Score Prediction Results.

Model Test Metrics Interpretation
Mean predictor MAE 1.046; RMSE 1.314; R2~0 Baseline
Regression tree MAE 0.884; RMSE 1.194; R? 0.175 Modest improvement

The positive but modest R? indicates that structural review features explain only a
limited share of rating variation. The model should not be used to replace observed ratings
or infer customer satisfaction at the individual-review level.

The remaining error is consistent with the absence of semantic text features and the
concentration of ratings at four and five stars. Future work could test integrating topic
proportions; rating-derived polarity probabilities must be generated strictly out of fold,
and even then their circular relationship to the score target must be disclosed.
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We corrected the MAE calculation bug by removing the workspace variable named
mean and evaluating the final model on the independent test set.

The regression algorithm, hyperparameters, split sizes, baseline, and uncertainty
intervals are now reported in full.

Objective assessment: RQ3 was answered. The regression tree improved on a mean
predictor, but the low R? supports only a cautious, exploratory interpretation.

3.5. Rule-Based Review-Segmentation Results
The segmentation workflow divided reviews according to rating-derived sentiment
and Helpfulness Ratio.
Sentiment was defined as:
o  Bad: 28.97%/43.15%/27.88%;
o  Neutral: 29.07%/27.72%/43.21%;
o Good: 39.44%/9.01%/51.55%.
Helpfulness status was defined only for reviews with at least one vote:

o Helpful: Helpfulness Ratio of at least 0.70; NotHelpful: ratio below 0.70; Unrated: no
helpfulness votes.
The revised cross-tabulation used three exposure-aware statuses. At the 0.70 threshold,
Bad reviews comprised 23,767 Helpful, 35,400 NotHelpful, and 22,870 Unrated records;
Neutral reviews comprised 12,397, 11,820, and 18,423; and Good reviews comprised 175,043,
39,975, and 228,759, respectively (Table 3).

Table 3. Rule-Based Review-Segmentation Results.

Rating Group Helpful Not Helpful Unrated
Bad 23,767 35,400 22,870
Neutral 12,397 11,820 18,423
Good 175,043 39,975 228,759
Total 211,207 87,195 270,052

Among voted reviews, the Helpful share changed materially with the analytical
choices:

o At minimum one vote: 83.23% (threshold 0.50), 75.46% (0.60), 70.80% (0.70), and
67.62% (0.80).

o Atminimum five votes: 81.74% (0.50), 77.11% (0.60), 69.56% (0.70), and 63.70% (0.80).

o  Atminimum ten votes: 81.91% (0.50), 77.69% (0.60), 72.73% (0.70), and 65.69% (0.80).

Because 47.51% of all reviews had no helpfulness votes, treating them as NotHelpful
would conflate lack of exposure with an unfavorable evaluation. Segment sizes are therefore
descriptive and conditional on exposure.

At the 0.70 reference threshold, within-category percentages for Helpful /NotHelpful /
Unrated were:

e Bad: 23,767/82,037 = 29.0%.
e Neutral: 12,397/42,640 ~ 29.1%.
e  Good: 175,043 /443,777 ~ 39.4.

The association between rating category and observed helpfulness does not establish
causality. Page position, visibility, product popularity, and review age may affect vote
exposure but are not fully observed in the dataset.
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RQ4 was answered by explicitly separating Unrated reviews and reporting threshold/
minimum-vote sensitivity. The 0.70 result is retained only as one reference specification.

The crosstab output mapping was corrected. Revised tables use verified category
order and labels; we removed the erroneous heatmap and legend.

Objective assessment: The objective of describing the review population according
to sentiment and helpfulness was achieved at a descriptive level. However, the method
should be presented as rule-based segmentation rather than unsupervised clustering.

4. Discussion
4.1. Complementary Value of the Multi-Branch Framework

The contribution is not a new predictive architecture. It is a transparent, reproducible
comparison of complementary branches that expose different aspects of review data and
their limits of validity. Lexical and topic analyses describe content; rating-derived polarity
classification quantifies how well rating valence can be recovered from text; structural
regression tests whether nonsemantic attributes explain ratings; and exposure-aware seg-
mentation summarizes observed helpfulness patterns.

The branches are intentionally not fused through rating-derived polarity because
doing so would reintroduce the score target into score prediction. Future integration should
use genuinely independent text representations, nested out-of-fold estimation, and ablation
tests demonstrating value beyond each standalone branch.

4.2. Interpretation of the Text-Mining Results

The exploratory text-mining results showed that frequently occurring terms included
taste, flavor, good, product, price, and coffee. These words suggest that customers com-
monly focused on product taste, flavor, general quality, value, and beverage-related charac-
teristics. The findings therefore provide an initial overview of the product attributes and
experiences that customers frequently mentioned in their reviews.

Nevertheless, Word Clouds reflect only word frequency and do not fully capture the
context in which the words were used. The same word may occur in both positive and
negative reviews. For example, a customer may describe a product as having a good taste
but still complain about its price, packaging, or delivery. Therefore, interpret word cloud
findings alongside sentiment classification and topic modeling, rather than using them as
standalone evidence of customer satisfaction or dissatisfaction.

4.3. Practical Implications

The evidence supports human-in-the-loop screening. The class-weighted model may
surface potentially negative reviews for staff review, and topic summaries may support
exploratory monitoring. These outputs should not trigger automated customer or product
decisions without contemporary external validation.

Helpfulness segments are conditional on receiving votes. Unrated reviews must
remain separate, and conclusions should be checked across thresholds and minimum-vote
rules. The Bad-Helpful segment can be inspected as a candidate queue, but the present
data do not show that prioritizing it improves business outcomes.

Accordingly, managerial implications are limited to descriptive prioritization and
hypothesis generation. Claims about product development, complaint resolution, sales, or
customer relationships require prospective validation and outcome data not available here.

5. Conclusions

This paper presents a multi-branch framework for review analytics. It revises the
evaluation to address sampling bias, data leakage, class imbalance, arbitrary topic selection,
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regression validation, and no-vote handling. The class-weighted rating-derived polarity
model achieved 94.04% balanced accuracy and 93.29% negative recall on a product-grouped
test set. K = 3 was the most stable of the tested LDA solutions. The regression tree improved
on a mean baseline but explained only 17.45% of test-set variance. Helpfulness conclusions
changed with threshold and vote-count rules, and 47.51% of reviews were Unrated.

The dataset ends in October 2012, so external validity for current platforms, interfaces,
recommendation systems, and consumer language is unproven. Future research should
preregister tests on newer platforms and product categories; use independently annotated
sentiment; compare LDA [20,23] with BERTopic [33], using BERT or Sentence-BERT embed-
dings [34,35] where appropriate under the same grouped splits; validate topic labels with
human coders; model vote exposure; and evaluate whether review prioritization improves
real managerial outcomes. Interpret the present findings as a reproducible benchmark on a
historical dataset.
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