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Abstract—This work presents a cognitively inspired feature
engineering framework for predicting online product review
polarity, emphasizing interpretable and psychologically grounded
representations of text. Using the UCSD Amazon “Electronics”
dataset, a balanced subset of 40,000 reviews was constructed and
formulated as a binary classification task (negative vs. positive).

The proposed approach integrates multiple cognitively mo-
tivated lexical representations, including emotion mapping via
the NRC Emotion Lexicon (EmoLex), sentiment polarity via
Bing Liu’s lexicon, and contextual sentiment progression using
Valence Aware Dictionary and sEntiment Reasoner (VADER)
compound scoring. To enable controlled comparisons of feature
representations, twelve model configurations were constructed
across Random Forest and XGBoost machine learning (ML)
classifiers, including baseline and Optuna-optimized variants
spanning emotion-only, emotion + sentiment, and emotion +
sentiment + VADER feature sets.

Results show a consistent performance progression across
feature sets, with emotion-only models demonstrating relatively
worse results while the addition of contextual sentiment yielded
the largest gains. The optimized XGBoost model achieved a
multi-seed average 75.04% accuracy and 0.825 ROC-AUC, with
comparable Random Forest performance, indicating that feature
design may contribute more strongly to predictive outcome than
differences in model architecture.

SHAP analysis reveals that global sentiment signals dom-
inate predictions, while emotional features provide secondary
refinement. Overall, the results demonstrate that structured,
cognitively informed feature design can improve classification
performance while maintaining interpretability.

Keywords—Sentiment Analysis, Feature Engineering, Explain-
able Machine Learning, Product Review Classification.

I. INTRODUCTION

Online product reviews play a central role in modern
consumer decision-making, with a majority of customers con-
sulting reviews prior to purchase [1]. As a result, the ability to
automatically interpret and classify review content has become
an important problem in both natural language processing
(NLP) and applied machine learning. However, review text is
not simply a collection of words conveying polarity; it reflects
underlying human cognition, including emotional expression,
evaluative reasoning, and the progression of sentiment across
a narrative [2]. Interpreting review text relative to an assigned
rating can therefore be viewed as a complex cognitive task
involving the integration of emotional, evaluative, and contex-
tual signals.

Traditional sentiment analysis methods often rely on bag-
of-words or lexicon-based representations that treat words
as independent signals, ignoring structure, context, and tem-
poral progression. While these approaches are interpretable
and computationally efficient, they may fail to capture how
sentiment evolves within a review. In contrast, modern deep
learning methods can model contextual dependencies but often
sacrifice interpretability, limiting their applicability in domains
where transparency and explainability are required [3].

This work explores an intermediate approach: leverag-
ing interpretable, lexicon-based features while structuring
them to reflect cognitively meaningful signals. The ap-
proach is conceptually motivated by Thagard’s Computational-
Representational Understanding of Mind (CRUM) paradigm,
which characterizes cognition as arising from interactions
among representations, emotions, and decision processes [4].
In lieu of treating cognitive theory as a predictive model,
this work uses it to guide feature construction, embedding
interpretable proxies for emotional and evaluative reasoning
into machine learning inputs.

To transact this idea, review text is represented through three
complementary components: (1) emotion mapping via the
NRC Emotion Lexicon (EmoLex) [5], aligned with structured
models of emotional categories [6]; (2) sentiment polarity
scoring using Bing Liu’s lexicon [7]; and (3) contextual sen-
timent per Valence Aware Dictionary and sEntiment Reasoner
(VADER) compound scoring, which incorporates linguistic
modifiers, negation, and limited ordering effects [8]. These
features are transformed into normalized lexical counts and ag-
gregate sentiment measures, enabling consistent representation
of emotional tone, polarity, and contextual sentiment across
reviews. This approach evaluates alignment between linguistic
content and user ratings, where accurate classification reflects
effective sentiment alignment, and misclassification highlights
ambiguity or complexity. Ekman’s theory of basic emotions
provides a foundational methodology for interpreting these
outcomes [9].

Using the Amazon “Electronics” dataset from the University
of California San Diego (UCSD), this study presents a binary
classification task distinguishing negative (1–2 star) from
positive (4–5 star) reviews [10]. A balanced subset of the data
was constructed to support controlled evaluation, and the full
experimental pipeline was repeated across multiple random



seeds to improve statistical reliability.
To evaluate the contribution of feature design and modeling

choices, twelve model configurations were constructed across
Random Forest and XGBoost classifiers, including baseline
and Optuna-optimized variants spanning emotion-only, emo-
tion + sentiment, and emotion + sentiment + VADER feature
sets. This design enables controlled comparisons that isolate
the effects of feature representation from those of model
architecture and optimization. Tree-based models were se-
lected to balance predictive performance with interpretability,
allowing feature contributions to be analyzed directly [11].
Model performance is evaluated using standard classification
metrics, while interpretability of the top-performing model is
examined using SHapley Additive exPlanations (SHAP) [12].

The primary contribution of this work is the structured
integration and evaluation of cognitively motivated, inter-
pretable feature representations within a controlled experi-
mental system. By combining emotion, sentiment, and con-
textual progression with systematic multi-model comparison
and repeated sampling, this study demonstrates how feature
design influences both predictive performance and model
interpretability. More broadly, it examines whether structured
feature engineering can approximate meaningful aspects of
human sentiment judgment in an online review context.

II. MODEL AND TOOL DESIGN

A. Data Preparation

This study utilizes the Amazon “Electronics” review dataset
from UCSD, comprising approximately 1.7 million reviews.
To construct a balanced and controlled experimental dataset, a
stratified sampling approach was applied, randomly sub-setting
10,000 reviews each from 1-, 2-, 4-, and 5-star categories,
resulting in a total population of 40,000 reviews. This subset
balances computational efficiency with sufficient data diver-
sity. Neutral (3-star) reviews were excluded to focus the task
on binary classification of negative (1–2 stars) versus positive
(4–5 stars), with labels encoded as 0 and 1, respectively. The
experimental pipeline was repeated across five independent
random seeds, with performance metrics averaged across trials.

Review text for EmoLex and Bing Liu scoring was prepared
using standard natural language processing techniques. Text
was tokenized and lemmatized using the NLTK WordNetLem-
matizer, whereby part-of-speech tagging was applied to im-
prove lemmatization accuracy (such as “received” to “receive”)
[13]. The fix method of the Python contractions library was
applied to expand terms like “don’t” into “do not”. Then,
the NLTK English stop word removal process was applied
to eliminate high-frequency, low-information terms (such as
“the” or “and”) that contribute limited semantic value and
may introduce noise [14]. This approach standardizes com-
municative forms while preserving semantic content needed
for lexicon-based mapping. For VADER scoring, the original
review text was used with minimal preprocessing (contraction
expansion only), ensuring that word order, negations, and
contextual modifiers were preserved.

B. Feature Engineering

Feature construction was designed to capture complemen-
tary aspects of sentiment and emotion while preserving inter-
pretability and alignment with cognitively motivated represen-
tations of text. Guided by CRUM-inspired principles, features
were organized to reflect interacting components of evaluation:
emotional state (EmoLex categories), evaluative polarity (Bing
Liu sentiment scores), and contextual sentiment progression
(VADER compound scoring). This structure approximates how
humans integrate contextual signals when forming judgments,
consistent with CRUM’s emphasis on combining representa-
tions in cognitive processing.

This study’s feature groups were defined as:
1) Emotion Features (EmoLex): Each review was mapped

to eight core emotional categories (“joy”, “trust”, “fear”,
“surprise”, “sadness”, “disgust”, “anger”, and “anticipation”)
using the NRC Emotion Lexicon. Token-level matches were
counted and normalized by total token count to produce
relative measures of emotional intensity, enabling comparison
across reviews of varying length.

2) Sentiment Polarity Features (Bing Liu): Review tokens
were matched against Bing Liu’s positive and negative senti-
ment lexicons. Counts were normalized to produce relative
proportions of positive and negative terms, capturing overall
evaluative polarity based on the presence of sentiment-bearing
words.

3) Contextual Sentiment Feature (VADER): Each review
was scored using the VADER sentiment analyzer, which pro-
duces a normalized compound score in the range [-1, 1] reflect-
ing overall sentiment. Unlike the count-based polarity features,
VADER considers linguistic modifiers, negation, punctuation,
and word order, providing a context-aware representation of
how sentiment is expressed within a review.

While the EmoLex and Bing Liu features capture sentiment
through aggregated lexical signals independent of order (akin
to a bag-of-words approach), the inclusion of VADER intro-
duces a complementary context-sensitive measure. Together,
these features form a hybrid representation that balances
interpretability with sensitivity to linguistic structure.

C. Analytical Model Design

Two supervised, tree-based ensemble methods were selected
for classification: Random Forest (per scikit-learn) and XG-
Boost. These models were chosen for their strong performance
on tabular data and their ability to support interpretable anal-
ysis of feature contributions. In contrast to transformer-based
approaches (e.g., BERT or XLNet), which prioritize predictive
performance at the cost of transparency, this study emphasizes
controlled evaluation of cognitively inspired features within a
simplified and interpretable modeling framework [11].

To explore the effects of feature design and model tuning,
twelve model configurations were constructed across:

• Feature sets: Emotion only; Emotion + Sentiment; Emo-
tion + Sentiment + VADER

• Algorithms: Random Forest and XGBoost
• Model types: Baseline and Optuna-optimized



This experimental design enables controlled comparisons
that isolate the contribution of each feature group while
assessing the impact of hyperparameter optimization. Optuna
was used for tuning, employing adaptive sampling and pruning
to identify improved configurations within each model [15].
Optimization was intentionally limited to model parameters
rather than to the introduction of additional features, ensuring
that performance gains reflect the effectiveness of the selected
cognitively inspired feature representations only. For each ex-
perimental run, an 80–20 stratified train-test split was applied,
resulting in 32,000 training samples and 8,000 test samples
per trial. Given the balanced nature of the dataset, accuracy
is considered to provide a meaningful primary evaluative
metric. ROC-AUC offers a threshold-independent measure of
discriminative performance of the top-performing model (#9).

D. Model Interpretability

To analyze feature contributions and support interpretability,
SHAP was applied using the TreeExplainer method. SHAP
values quantify the contribution of each feature to individual
predictions, enabling both local and global analysis of model
behavior. This analysis serves two purposes. First, it verifies
that model predictions align with expected sentiment patterns,
such as positive polarity contributing to positive classifications
and negative polarity contributing to negative classifications.
Second, it provides a structured template for evaluating the
role of cognitively inspired features, illustrating how emotional
and contextual signals influence classification outcomes. While
SHAP does not model human cognition directly, it enables
transparent examination of how cognitively motivated feature
representations may be utilized within the model for review
category prediction.

III. RESULTS

Model performance was evaluated across five independent
random seed trials, with all reported metrics representing
the mean and standard deviation across runs. This repeated
sampling approach reduces sensitivity to train-test splits and
provides more stable estimates of model performance, consis-
tent with established resampling and evaluation practices [16].

A. Model Configurations

Feature contributions and modeling choices were system-
atically evaluated across six baseline configurations spanning
feature sets and algorithms, as defined in Table I. Correspond-
ing Optuna-optimized variants were subsequently developed
for each configuration; see Table II.

TABLE I: Baseline Model Configurations

Model Algorithm Features
1 XGBoost Emotion Only
2 XGBoost Emotion + Sentiment
3 XGBoost Emotion + Sentiment + VADER
4 Random Forest Emotion Only
5 Random Forest Emotion + Sentiment
6 Random Forest Emotion + Sentiment + VADER

TABLE II: Optimized Model Configurations

Model Algorithm Features
7 XGBoost Emotion Only
8 XGBoost Emotion + Sentiment
9 XGBoost Emotion + Sentiment + VADER

10 Random Forest Emotion Only
11 Random Forest Emotion + Sentiment
12 Random Forest Emotion + Sentiment + VADER

B. Performance Results

Tables III–VI represent average performance across feature
sets, algorithms, and optimization strategies in percent (%)
along with standard deviation across the trial population for
all five random seeds.

TABLE III: XGBoost Baseline Performance (%)
Features Acc. Prec. Recall F1
Emotion 63.44 ± 0.34 61.87 ± 0.92 70.26 ± 3.86 65.74 ± 1.18
Emotion + Sent. 70.12 ± 0.72 69.04 ± 0.90 72.98 ± 0.31 70.95 ± 0.54
Emotion + Sent.
+ VADER 72.98 ± 0.99 72.65 ± 1.40 73.79 ± 1.52 73.20 ± 0.88

TABLE IV: Random Forest Baseline Performance (%)
Features Acc. Prec. Recall F1
Emotion 64.26 ± 0.40 62.76 ± 0.34 70.15 ± 1.10 66.25 ± 0.55
Emotion + Sent. 70.28 ± 0.71 69.35 ± 0.76 72.71 ± 1.02 70.99 ± 0.71
Emotion + Sent.
+ VADER 73.88 ± 0.46 74.97 ± 0.87 71.71 ± 1.09 73.30 ± 0.47

TABLE V: XGBoost Optimized Performance (%)
Features Acc. Prec. Recall F1
Emotion 64.98 ± 0.31 63.10 ± 0.41 72.14 ± 0.46 67.32 ± 0.17
Emotion + Sent. 71.14 ± 0.64 70.19 ± 0.87 73.53 ± 0.85 71.82 ± 0.52
Emotion + Sent.
+ VADER 75.04 ± 0.52 75.26 ± 0.59 74.63 ± 0.58 74.94 ± 0.51

TABLE VI: Random Forest Optimized Performance (%)
Features Acc. Prec. Recall F1
Emotion 64.93 ± 0.37 63.00 ± 0.49 72.38 ± 0.95 67.36 ± 0.34
Emotion + Sent. 70.95 ± 0.77 70.16 ± 0.96 72.93 ± 1.07 71.51 ± 0.71
Emotion + Sent.
+ VADER 74.82 ± 0.52 75.38 ± 0.60 73.73 ± 0.51 74.54 ± 0.51

Across all models, a consistent progression in performance
is observed. In an ablation-style evaluation of feature sets,
emotion-only models produce the weakest results, while the
addition of sentiment polarity yields substantial improvements.
The inclusion of contextual sentiment by means of VADER
produces the largest performance gains across both algorithms,
reflecting the added value of incorporating contextual and
compositional information. The optimized XGBoost model
using Emotion + Sentiment + VADER features achieves the
best overall performance, reaching 75.04% accuracy, 75.26%
precision, 74.63% recall, and 74.94% F1 score. Comparable
Random Forest models produce slightly lower but competitive
results, indicating that feature design may contribute more
strongly to performance than algorithm selection alone. While
overall performance plateaus near 75%, this likely reflects the
inherent complexity of human language and the limitations of
primarily lexicon-based representations.



C. ROC Analysis
The receiver operating characteristic (ROC) curve for model

#9 is shown in Fig. 1. The average AUC of 0.825 ± 0.005
indicates strong discriminative capability well above random
baseline, recognizing that an AUC for a binary response
model between 0.8 and 0.9 is considered to embody “excellent
discrimination” according to Hosmer et al. [17].

Fig. 1: Average ROC curve for the optimized XGBoost model
using all features (model #9).

D. Confusion Matrix Analysis
The averaged confusion matrix for the optimized XGBoost

model is shown in Fig. 2. The model demonstrates balanced
classification performance, with comparable true positive and
true negative rates.

Fig. 2: Average confusion matrix for the optimized XGBoost
model using all features (model #9).

E. Model Interpretability

SHAP analysis for the optimized model is shown in Fig. 3.
Results indicate that global sentiment features, particularly
the VADER compound score, serve as the primary drivers
of model predictions, while emotional dimensions such as
“sadness”, “fear”, and “joy” provide consistent secondary
contributions. “Disgust” was found to be the most significant
emotion in the average dataset considered.

Fig. 3: SHAP summary plot showing feature contributions for
the optimized XGBoost model using all features (model #9).

F. Feature Importance

Feature importance rankings for the optimized model are
shown in Fig. 4. The VADER compound score is found to be
the most influential model feature, again followed by “disgust”
and normalized sentiment polarities derived from Bing Liu.

Fig. 4: Mean absolute SHAP values indicating feature im-
portance for the optimized XGBoost model using all features
(model #9).



G. Key Findings

Five primary findings emerge:
• Including sentiment (per Bing Liu mapping and contextu-

ally via VADER) features to emotion-only representations
improves predictive performance by >8%.

• Within the combined feature set, contextual sentiment
emerges as the dominant predictor, exhibiting the highest
contribution in SHAP analysis.

• Feature engineering plays a more critical role in predic-
tive accuracy than model tuning or algorithm selection.

• The combined feature set not only enhances predictive
results but also produces stable and interpretable impor-
tance patterns across varied random seed-based runs.

• Predictive outcomes are influenced by the interaction be-
tween local lexical cues and global contextual sentiment,
with errors arising from conflicts between these signals.

IV. DISCUSSION

The results of this study emphasize that feature represen-
tation, rather than model complexity, is the primary driver
of performance in sentiment-based classification tasks and
that online product review polarity can be predicted with
reasonable accuracy based on a cognitively-inspired feature
set. In particular, the inclusion of contextual sentiment by
means of VADER compound scoring produced the largest
gains in the study’s primary evaluative metric, accuracy, across
both Random Forest and XGBoost models.

This pattern suggests that the structure and progression
of sentiment within an online product review provide more
informative signals than static counts of emotional or polarity-
based terms. While lexicon-based approaches such as EmoLex
and Bing Liu offer interpretable and structured representations,
they treat words as independent signals [2]. In contrast,
VADER captures contextual effects such as negation, empha-
sis, and limited word ordering effects, allowing the model to
account for how sentiment evolves across a review [8].

Examples drawn from the UCSD Amazon dataset illustrate
this behavior. A review such as “This is a great little speaker
and does what it is supposed to...however...this is not the case.
The description is flawed” may be misclassified as positive
due to strong positive lexical cues early in the text, despite
an overall negative evaluation. This reflects a conflict between
local lexical signals and global contextual sentiment; in con-
trast, clearly positive reviews such as “This is a nice mount
for a smaller TV...the price is great” are consistently classified
correctly, reflecting agreement across emotion, polarity, and
contextual sentiment features [10].

It is also observed how “disgust” was an influential emotion
per SHAP; this may align with frustration or disappointment
with a product (negative review polarity) or a transition to
relief or satisfaction (positive review polarity). “Disgust” may
also function as a stronger signal of expectation violation
in consumer contexts, where perceived product failure or
deception evokes more critical language than more general
dissatisfaction, thereby increasing its influence on polarity
predictions.

From a cognitive perspective, these findings are consistent
with the motivating principles of Thagard’s CRUM concept
[4]. Although the models do not explicitly simulate cognitive
processes, the integration of emotional categories, polarity
signals, and contextual sentiment constitutes a structured ap-
proximation of multi-signal cognitive evaluation, in which
contextual sentiment establishes overall direction and affective
cues refine judgment. The VADER compound score emerges
as the most influential factor in SHAP analysis, while emotion
features contribute meaningful affective signals that refine
predictions.

At the same time, emotion features such as “sadness,”
“surprise,” and “fear” remain important secondary predictors,
providing discriminative value in cases where overall senti-
ment is less definitive. This hierarchical contribution pattern
is consistent across both tree-based algorithms considered
in this study, further reinforcing the stability of the feature
representations across model architectures.

The experimental design strengthens these conclusions. By
evaluating twelve configurations across two algorithms and
averaging results over five random seeds, this study isolates the
effects of feature augmentation and model optimization while
reducing sensitivity to sampling variability. The relatively
low variance observed in optimized models further suggests
that the reported improvements are stable and reproducible
compared to artifacts of a specific train-test split.

The comparison between XGBoost and Random Forest
models further supports this conclusion. Although XGBoost
achieved the highest performance, Random Forest produced
closely comparable results, indicating that well-structured fea-
ture representations contribute more to predictive performance
than differences between tree-based algorithms.

These results also have practical implications beyond pre-
dictive accuracy. Discrepancies between predicted sentiment
and assigned ratings may indicate anomalous or low-quality re-
views, particularly in cases involving sarcasm, colloquialisms,
or ambiguous language [18]. More broadly, models built
on transparent, cognitively informed feature representations
may support applications such as content moderation, spam
detection, and review validation in modern online systems.

V. CONCLUSION

This study presented a cognitively inspired feature-
engineering architecture for predicting online product review
polarity using Amazon “Electronics” review data. By integrat-
ing emotion-based representations (EmoLex), sentiment polar-
ity features (Bing Liu), and contextual sentiment (VADER),
interpretable machine learning models were developed and
evaluated.

Across twelve model configurations and five independent
random seed trials, results demonstrate that feature design,
as opposed to model architecture, is the primary driver of
predictive performance. Ablation-style evaluation shows that
progressively richer feature representations yield consistent
improvements, with the optimized XGBoost model achieving
75.04% accuracy and 0.825 AUC.



SHAP analysis reveals a stable and interpretable structure
of feature contributions, with contextual sentiment serving
as the dominant signal and emotion-based features providing
complementary refinement. This pattern is consistent with
cognitively motivated representations in which multiple signals
are integrated to support evaluation and judgment [4]. Overall,
the findings demonstrate that structured, interpretable feature
engineering can achieve strong performance while preserving
transparency, providing a viable alternative to possibly opaque
or more complex deep learning approaches.

VI. LIMITATIONS AND FUTURE WORK

While this study demonstrates the effectiveness of com-
bining emotion, sentiment, and contextual features, several
limitations highlight opportunities for further development.
Although the inclusion of VADER introduces a degree of
contextual awareness, reliance on simple lexicon-based feature
mappings may not be sufficient to account for linguistic phe-
nomena such as sarcasm, domain-specific vernacular, and nu-
anced phrasing which may not be fully captured. Future work
could explore hybrid approaches that integrate transformer-
based representations such as BERT [19] with the interpretable
features developed in this study.

This study intentionally prioritizes interpretability and con-
trolled feature design over state-of-the-art performance. The
use of tree-based models and structured lexical features en-
ables transparent analysis of feature contributions, versus
direct competition with deep learning approaches. Future work
may examine how these cognitively grounded features perform
within more complex architectures and whether similar gains
persist in higher-capacity models. Thresholding by prediction
classification confidence and the impact on accuracy is another
potential enhancement to this study.

This analysis is also limited to a single product domain
(“Electronics”) within the UCSD Amazon dataset, reflecting
historical consumer language patterns [10]. Given that the
dataset spans reviews from May 1996 through July 2014,
it may not fully represent modern online discourse. This
limitation may also introduce sampling bias, as the dataset may
not capture broader consumer language patterns, product cate-
gories, or evolving review behaviors. Evaluating the proposed
approach on more recent datasets, additional product domains,
or cross-domain corpora would provide stronger evidence of
generalizability.

Finally, this approach provides a foundation for applications
beyond product review polarity classification. Future work
could investigate the detection of misalignment between re-
view text and assigned ratings to identify anomalous, mis-
labeled, or potentially misleading reviews, including through
human-in-the-loop validation frameworks. Extending the ap-
proach to non-English languages is also recommended. Over-
all, these directions suggest that the proposed approach can
be extended while preserving its core objective: demonstrat-
ing that structured, cognitively informed feature design can
improve model performance while maintaining explainability.
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