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Abstract:

Sentiment analysis of Arabic hotel reviews remains challenging due to the morphological richness and dialectal
diversity of the Arabic language, a complexity compounded by methodological inconsistencies in prior literature.
Specifically, previous studies frequently exhibit discrepancies in rating scale descriptions, rely on unvalidated
single-fold train/test splits, and report point estimates devoid of variance metrics. To address these gaps, this study
introduces a fully reproducible benchmark evaluating four classical machine learning algorithms (Logistic
Regression, Support Vector Machine, Multinomial Naive Bayes, and Random Forest), two deep learning
architectures (Long Short-Term Memory networks and Convolutional Neural Networks), and the optimized
Arabic Transformer model, AraBERTvO02, utilizing the official Hotel Arabic Reviews Dataset (HARD). Model
evaluation employed stratified k-fold cross-validation, utilizing five folds for the classical and deep learning
models and three folds for the computationally intensive Transformer—a methodological deviation that is
explicitly justified. Furthermore, out-of-fold predictions were leveraged to conduct McNemar’s tests, enabling
comprehensive pairwise statistical comparisons across all models irrespective of fold count. Evaluated on a
balanced, binary-classified subset of 49,973 reviews, AraBERTv02 achieved the highest mean F1 score of
95.84% + 0.21. This performance significantly surpasses the strongest classical baseline, Logistic Regression
(McNemar’s y*> = 506.99, p <0.001).

Keywords: Arabic Natural Language Processing, Sentiment Analysis, Cross-Validation, AraBERT, Hospitality
Analytics, HARD Dataset
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1.Introduction

Online guest reviews serve as a critical conduit for granular, real-time feedback regarding hotel service quality.
Consequently, automated sentiment analysis has become the standard computational paradigm for distilling this
unstructured textual data into actionable operational insights [1], [2]. For Arabic-language reviews, however, this
analytical process is inherently hindered by the language's morphological complexity, orthographic ambiguities,
and the pervasive diglossia between Modern Standard Arabic and diverse regional dialects [3], [4].

Beyond these entrenched linguistic hurdles, this study is directly motivated by a secondary, methodological
deficit: a significant portion of existing literature in this sub-domain reports findings that lack verifiability and
internal consistency. Recurring flaws include the mischaracterization of underlying rating scales relative to the
dataset's true architecture, the reliance on solitary train/test splits devoid of cross-validation or variance metrics,
and—most strikingly—the presentation of ostensibly distinct model architectures yielding numerically identical
confusion matrices. This anomaly, observed during our preparatory literature review, represents a clear statistical
impossibility that highlights a severe lapse in methodological rigor. Collectively, these inconsistencies
fundamentally obscure whether reported performance differentials reflect genuine, reproducible algorithmic
improvements or mere artifacts of stochastic data partitioning.

Accordingly, this paper does not introduce a novel model architecture. Rather, it offers a rigorous methodological
contribution: a fully transparent, independent benchmarking of established approaches—spanning linear classical
models to fine-tuned Transformers—on the official Hotel Arabic Reviews Dataset (HARD). We implement a
cross-validation protocol meticulously calibrated to balance statistical rigor with the computational constraints
inherent to each model family. Crucially, all pairwise model comparisons are substantiated by formal statistical
significance tests, moving beyond the reliance on nominal score differentials that currently undermine
reproducibility in this field. Specifically, the principal contributions of this study are as follows:

e A fully reproducible preprocessing and label-construction pipeline that meticulously details the
transformation of the dataset's native 1-5 rating scale into a binary classification format.

e  Arrigorously calibrated stratified k-fold cross-validation protocol—utilizing five folds for classical and
deep learning models, and three folds for the computationally intensive AraBERTv02—with this
methodological variation explicitly justified by documented computational constraints.

e  Comprehensive out-of-fold prediction vectors generated for all models, enabling the application of
McNemar'’s test for robust pairwise statistical comparisons across the entire dataset, independent of individual

fold configurations.
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2. Related Work

2.1 Sentiment Analysis in the Hospitality Domain The classification of sentiment in guest reviews has undergone
a distinct paradigm shift, evolving from rudimentary lexicon-based heuristics to sophisticated supervised
machine learning, and subsequently to deep learning architectures [5], [6], [19]. This trajectory is largely
motivated by the well-documented misalignment between numeric star ratings and the actual qualitative
sentiment expressed within the review text [7], [8], establishing textual analysis as an essential complement to
traditional metric-based evaluations.

2.2 Arabic Sentiment Analysis Research in Arabic Sentiment Analysis (ASA) has been facilitated by the curation
of dedicated corpora, most notably LABR [9], ASTD [10], and HARD [11]. Initial methodological approaches
predominantly relied on TF-IDF feature extraction paired with classical classifiers, such as Support Vector
Machines (SVM) and Naive Bayes [12]. The field has since transitioned toward more complex architectures,
including recurrent neural networks (e.g., LSTM, GRU) and pretrained Arabic language models. Prominent
among these transformer-based approaches are AraBERT [13], MARBERT, ARBERT [14], and
CAMEeLBERT [15]. While specialized NLP toolkits like Farasa [16] and CAMeL Tools [15] remain the
standard for Arabic-specific tokenization and morphological segmentation, this study deliberately diverges
from this norm. As detailed in Section 7, we opt for a more lightweight normalization pipeline, circumventing
the computational overhead of deep morphological disambiguation.

2.3 Reproducibility in Machine Learning While the reproducibility crisis is a widely acknowledged challenge
across machine learning, its impact is acutely felt in specialized NLP sub-fields where baseline comparisons
are often inconsistent. Dodge et al. [18] and Pineau et al. [21] famously highlighted the pervasive discrepancies
between reported results and independent replication attempts, prompting the adoption of standardized
reproducibility checklists across major academic venues. Aligning with this imperative, the present study
operationalizes these principles through strict methodological controls: every reported performance metric is
accompanied by a rigorous variance estimate, and every comparative claim is anchored to a formal statistical
significance test. These methodological safeguards are designed to guarantee that the findings are fully
verifiable and readily extensible to accommodate future open-source implementations.

3. Dataset

This study utilizes the official balanced partition of the Hotel Arabic-Reviews Dataset (HARD) [11], sourced
directly from the authors' original repository to ensure strict data provenance and independent verifiability. Table
1 details the empirical composition of the dataset upon acquisition. Notably, the dataset employs a native 1-to-5
star rating scale—a detail we specify explicitly to rectify a documented discrepancy in the existing literature,
wherein the HARD dataset has occasionally been mischaracterized as utilizing a 1-to-10 scale.

Table 1. Dataset composition (values obtained directly from the downloaded file).

Statistic
Total raw reviews (official balanced release) 105,698
Rating scale 1-5 (integer stars)

Reviews with rating = 1 14,382

Reviews with rating = 2 38,467

Reviews with rating = 4 26,450

Reviews with rating = 5 26,399

Reviews with rating = 3 (neutral) 0 (not present in this release)

Positive class before balancing (rating > 4) 52,849

Negative class before balancing (rating < 2) 52,849
Final balanced sample (after undersampling to ~49,973 (after removing empty post-normalization

25,000/class) strings)

Positive : Negative ratio after balancing ~1:1(49.99% / 50.01%)
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4. Methodology

4.1 Label Construction Reviews yielding a rating of > 4 are assigned a positive label, while those < 2 are
assigned a negative label, reviews rated 3 are excluded (notably, this neutral rating is absent from the official
balanced release, as detailed in Table 1). To preclude confounding effects from class imbalance during model
comparison, random undersampling is applied to yield a strictly balanced subset of exactly 25,000 reviews per
class prior to preprocessing.

4.2 Arabic Text Preprocessing The text normalization pipeline is sequentially applied as follows:
e Elimination of HTML artifacts, URLS, numeric digits, and non-Arabic characters.

e Orthographic standardization: unifying alef variants (! — 1,) 1), yeh forms (s — ), hamza carriers
(s — ,5), and normalizing teh marbuta (o — 3).

e  Stripping of Arabic diacritics (tashkeel), alongside the reduction of character elongation (tatweel) and
repeated-character sequences.

e Whitespace-based tokenization. Notably, no external morphological segmentation tools (e.g., Farasa
[16] or CAMeL Tools [15]) are employed [17], a deliberate scope limitation further contextualized
in Section 7.

4.3 Models and Hyperparameters Classical models (Logistic Regression, Linear SVM, Multinomial Naive
Bayes, and Random Forest with 200 estimators) are trained on TF-IDF features (unigrams and bigrams, capped
at 20,000 maximum features with a minimum document frequency of 2). To prevent data leakage, feature
extraction and model training are encapsulated within a single scikit-learn Pipeline per fold, ensuring that TF-
IDF statistics are fit exclusively on the respective training partition. The LSTM and CNN architectures utilize
a 128-dimensional embedding layer initialized from scratch (diverging from pretrained AraVec vectors, as
discussed in Section 7), followed by a single recurrent or convolutional layer (64 LSTM units or 128
convolutional filters of width 5, respectively), culminating in a sigmoid output layer. These are trained for 4
epochs per fold using the Adam optimizer. The AraBERTv02 [13] (aubmindlab/bert-base-arabertv02) model
is fine-tuned for 2 epochs per fold, utilizing a learning rate of 2x10~°, a maximum sequence length of 128, and
a batch size of 16.

4.4 Cross-Validation Protocol Classical and deep learning models are evaluated via 5-fold stratified cross-
validation, whereas AraBERTV02 is evaluated under a 3-fold stratified regime. This methodological
asymmetry represents a deliberate trade-off, iteratively fine-tuning a 136-million-parameter transformer across
five folds was assessed as risking the exceedance of practical GPU session limits without yielding a
proportionate gain in the precision of the performance estimates. This rationale aligns with standard practices
when contrasting model families with disproportionate computational costs. Crucially, all folds utilize an
identical random seed and underlying stratified split generator, differing strictly in fold count. Furthermore, a
full-length out-of-fold (OOF) prediction vector is constructed for each model, wherein each sample is predicted
exactly once by the fold in which it was held out. Because this vector uniformly spans the entire dataset
irrespective of a model's fold count, it enables direct, equitable pairwise comparisons—such as a 5-fold model
against a 3-fold model—via McNemar's test (Section 4.6) and shared confusion matrices, circumventing the
limitations of comparing models evaluated on disparate validation splits.

4.5 Evaluation Metrics Performance is quantified using Accuracy, Precision, Recall, and F1-score (binary,
focusing on the positive class). Rather than reporting isolated point estimates, all metrics are presented as the
mean and standard deviation across the respective cross-validation folds.

4.6 Statistical Significance Testing Pairwise model comparisons are conducted using McNemar’s test (with
continuity correction, oo = 0.05), applied to the OOF prediction vectors against the shared ground truth [20].
This approach directly tests whether the asymmetry in the models' disagreement patterns is inconsistent with
chance, providing a more robust validation than relying solely on differences in mean accuracy metrics.
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4.7 Software and Computational Environment All experiments were executed in Python 3, leveraging scikit-
learn [23] for classical models and TF-IDF extraction, TensorFlow/Keras for LSTM/CNN architectures, and
the Hugging Face Transformers library [24] for AraBERTV02 fine-tuning. Training was conducted on a single
NVIDIA T4 GPU (via Google Colab). While deterministic random seeds are enforced throughout the pipeline,
residual non-determinism stemming from GPU floating-point operations is acknowledged as a limitation in
Section 7.

5. Results

5.1 Descriptive Statistics Figure 1 delineates the distribution of star ratings and review lengths within the
unprocessed dataset. Subsequently, Figure 2 visualizes the exact class balance achieved following the random
undersampling procedure. Furthermore, Figure 3 maps the twenty most frequent content words for each class
after the elimination of high-frequency function words (stopwords). The lexical landscape of the positive class
is predominantly characterized by terms semantically aligned with "excellent,”" "clean," and "reception,"
whereas the negative class is anchored by lexemes reflecting "weak," "disappointing,” and "room.
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Figure 1. Original rating distribution (1-5 stars) and review-length distribution (word count) of the raw HARD
dataset.
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Figure 2. Class distribution after undersampling to 25,000 reviews per class

16 | African Journal of Academic Publishing in Science and Technology (AJAPST)



Top 20 Words - Positive Reviews Top 20 Words - Negative Reviews

v I -
™
y—=

o = P
oy o I 7
o I ~ I
o0 I oo I
i E— s I o0
o [ 7 vs I e
o T - St NN 0se
e | a1 cus I 1017
pa ar s [ o
sy L] o = | wo
s E pax &9
o 500 1000 1500 2000 2500 3000 o 1000 2000 3000 4000
frequency Frequency

Figure 3. Twenty most frequent content words per class after stopword removal.

5.2 Model Performance Table 2 synthesizes the cross-validated performance of all evaluated architectures. Each
metric is reported as the mean accompanied by the standard deviation across the respective folds, with the
models hierarchically ranked by their mean F1-score to facilitate direct comparative analysis.

Table 2. Cross-validated performance of all evaluated models (mean + standard deviation across folds).
Accuracy (%)

Folds Precision (%0) Recall (%) F1-Score (%)

3 95.79+021 | 9463029 | 97.09+0.37 | 95.84+0.21
Logistic Regression 5 93.61+021 | 93.08+024 | 94.24+037 | 93.65+0.21
LSTM 5 92.98+052 | 9227+051 | 93.82+134 | 93.03+057

SVM (Linear) 5 92.89+0.19 | 9260+042 | 93.22+028 | 92.91+0.17

CNN 5 9249+031 | 9203+025 | 93.04+0.63 | 9253+0.33

Random Forest 5 92.01+0.13 | 91.44+019 | 92.69+037 | 92.06+0.15
Multinomial Naive Bayes 5 9150 +0.13 | 9227+0.15 | 90.59+0.20 | 91.42+0.13
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Figure 4. Cross-validated Accuracy, Precision, Recall, and F1-score (mean + std across folds) for all seven
models, sorted by F1-score.
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Figure 5. Multi-metric radar comparison of all evaluated models.

5.3 Statistical Significance Table 3 presents the outcomes of McNemar’s test for the primary pairwise
comparisons, utilizing the out-of-fold prediction vectors detailed in Section 4.6 to rigorously validate the
observed performance differentials.

Table 3. McNemar significance tests: AraBERTV02 (the best-performing model) versus every baseline,
computed on out-of-fold predictions (o = 0.05).

Comparison p-value Significant

(@=0.05)

AraBERTVvO02 (best model) vs. Logistic Regression 506.99 2 87x10-12 Yes
(runner-up / best classical)

AraBERTVO02 (best mpdel) vs. LSTM (best deep- 732 30 2 84x10-16! Yes

learning model)

AraBERTVO02 (best model) vs. SVM (LinearSVC) 774.19 2.21x10717 Yes

AraBERTVO02 (best model) vs. CNN 916.86 2.12x1072! Yes

AraBERTVO02 (best model) vs. Random Forest 1114.27 2.62x10724 Yes

AraBERTV02 (best model) vs. Mqltlnomlal Naive 1268.63 7 41x10-278 Yes
Bayes (weakest baseline)

5.4 Confusion Matrix Analysis To provide granular insight into classification behaviors, Figure 6 presents the
out-of-fold confusion matrices for all evaluated architectures. Each matrix is dual-annotated with absolute
instance counts and their proportional representation relative to the entire dataset.
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Figure 6. Out-of-fold confusion matrices for all seven models, with raw counts and percentage of the full dataset
(N = 49,973).

6. Discussion

The top-performing model, AraBERTVO02, achieved a mean F1-score of 95.84% + 0.21. Its margin over the runner-
up, Logistic Regression (93.65% + 0.21), stands at 2.19 percentage points. Crucially, this gap is approximately
ten times larger than the fold-to-fold standard deviation of either model, indicating a substantial advantage in both
absolute and variance-adjusted terms, rather than a marginal, noise-driven fluctuation.

Application of McNemar’s test to the AraBERTv02 and Logistic Regression out-of-fold predictions yielded > =
506.99 (p < 0.001) (Table 3). This statistical significance extends uniformly across all pairwise comparisons
involving AraBERTVO02 (all p < 0.001), demonstrating that the transformer's superiority is not merely an artifact
of outperforming the weakest baselines, it decisively outperforms both the strongest classical and the strongest
deep learning architectures. Unlike conclusions derived from a solitary train/test split, this finding is firmly
anchored in full-coverage out-of-fold predictions and formal significance testing—precisely the methodological
standard advocated in Section 1.

Furthermore, the standard deviations reported in Table 2 offer critical contextual insight: a model exhibiting a
nominal mean advantage, but with a standard deviation comparable to or exceeding that advantage, cannot be
definitively deemed superior without the corroboration of the significance tests presented in Table 3. This is a
crucial analytical distinction that a single, un-replicated data split is inherently unequipped to provide.

Nevertheless, a pragmatic cost-benefit analysis of these results is warranted. AraBERTv02 comprises
approximately 136 million parameters, requiring roughly 1,735 seconds of fine-tuning per fold. In contrast, the
strongest deep learning baseline (LSTM) utilizes 3.9 million parameters and trains in 88 seconds, while Logistic
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Regression requires under a minute. Consequently, AraBERTv02 demands roughly 35 times the computational
investment of Logistic Regression to secure a two-point F1 improvement—a margin that is statistically significant,
yet achieved at a computational cost that scales disproportionately to the accuracy gain [22]. It is also noteworthy
that AraBERTV02 was evaluated under a reduced 3-fold protocol due to computational constraints (Section 4.4),
thus, its reported variance is estimated from fewer observations than the baselines, yet it still cleanly separates
from all contenders under McNemar’s test. Ultimately, for deployment scenarios where computational budget and
inference latency are secondary to peak predictive accuracy, AraBERTVO02 represents the empirically justified
choice. Conversely, for resource-constrained environments, Logistic Regression delivers performance within two
F1 points of the transformer at a marginal fraction of the computational cost, remaining a highly robust baseline.

7. Limitations

e Embedding Initialization: Word embeddings for the LSTM and CNN architectures are trained from
scratch rather than leveraging pretrained Arabic vectors (e.g., AraVec). Consequently, the reported
performance for these models likely represents a conservative lower bound of what is achievable with
optimized transfer learning.

e Morphological Processing: The preprocessing pipeline is restricted to surface-level orthographic
normalization, deliberately excluding deep morphological segmentation tools such as Farasa or CAMeL
Tools. While computationally efficient, this constraint may limit the models' capacity to capture complex
morphological nuances.

e Variance Estimation for Transformers: Due to the computational constraints detailed in Section 4.4,
AraBERTVO02 is evaluated under a 3-fold cross-validation protocol rather than the 5-fold regime applied to
other architectures. As a result, its variance estimates are derived from a smaller sample of folds, rendering
them slightly less granular.

e Domain Specificity: The empirical scope of this study is confined to a single dataset (HARD) within a
specific domain (hospitality). Therefore, the generalizability of these findings to broader Arabic sentiment
analysis domains or differently structured corpora remains unevaluated.

e Class Balancing Strategy: Achieving class balance via random undersampling (25,000/25,000)
necessitates the exclusion of a substantial volume of majority-class instances. This study does not explore
alternative class-imbalance mitigation strategies, such as cost-sensitive learning or synthetic oversampling
techniques.

e  Computational Non-Determinism: Residual non-determinism inherent in GPU floating-point operations
prevents exact, bitwise reproduction of metrics across independent runs, despite the strict enforcement of
fixed random seeds. However, fold-level aggregate metrics are expected to remain stable within a negligible
tolerance margin.

8.Conclusion

This study has established a rigorously cross-validated benchmark of classical, recurrent/convolutional, and
transformer-based architectures for Arabic hotel review sentiment classification, utilizing the official HARD
dataset. The fine-tuned AraBERTv02 model achieved the highest mean F1-score (95.84% % 0.21). Crucially, its
margin over the strongest classical baseline, Logistic Regression (93.65% + 0.21), was statistically validated via
McNemar’s test (3> = 506.99, p < 0.001)—a significance that extended uniformly across all evaluated baselines.
However, this performance premium necessitates a training cost approximately 35 times greater than that of
Logistic Regression. Consequently, computationally efficient classical models remain a highly viable alternative
in resource-constrained deployment scenarios. More broadly, we assert that the reporting of variance metrics
(mean + standard deviation) and pairwise significance testing via full-coverage out-of-fold predictions must be
adopted as a minimum methodological imperative for future research in this domain, thereby rectifying the
reproducibility deficits that currently characterize the literature.
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