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ABSTRACT

Traditional lexicon-based and frequency-domain sentiment analysis paradigms exhibit systemic
vulnerabilities when processing syntactic negation windows, resulting in severe polarity inversion and
degraded classification boundaries. While standard Bag-of-Words (BoW) frameworks dominate baseline
Natural Language Processing (NLP), they inherently decouple sequence order, neutralizing contextual
dependencies. This investigation introduces an Enhanced Negation Detection and Scope Resolution
Framework tailored for unstructured electronic and social commerce streaming data. By formulating
negation propagation as a deterministic parse-tree traversal algorithm, the system calculates shift coefficients
over long-range dependencies, resolving semantic polarity inversions before feature extraction. The
methodology evaluates a 62,000-record dataset spanning multi-channel mobile hardware reviews. A robust
Multi-Classifier Ensemble—incorporating Multinomial Naive Bayes, Bernoulli Naive Bayes, and Logistic
Regression with Sigmoid mapping, and Linear Support Vector Classifiers with hinge-loss optimization, and
Stochastic Gradient Descent—is deployed over parameterized validation distributions. Empirical metrics
demonstrate that a prioritized 80:20 training-to-testing tensor partition combined with our negation handler
yields optimal convergence, with Logistic Regression achieving an absolute peak accuracy of 82.74%.
These results provide an empirically verifiable blueprint for protecting e-commerce platforms from
malicious opinion spamming and manipulative market dynamics.

Keywords: Computational Linguistics, Opinion Spam Detection, Negation Scope Resolution, Stochastic
Gradient Descent, Supervised Ensemble Topologies, Convex Optimization.

INTRODUCTION

The contemporary digital architecture is characterized by an exponential expansion of unstructured, user-
generated web content, generating multi-quintillion-byte streaming data arrays daily. Within this landscape,
electronic commerce networks rely heavily on customer feedback arrays to calibrate predictive market
models. However, standard text mining engines face significant bottlenecks due to intrinsic linguistic
phenomena, primarily domain dependency, implicit semantic orientation, and negation handling.

Negation tracking presents a critical bottleneck in sequence classification. When a negation operator (e.g.,
not, never, cannot) is introduced into a text segment, it projects a downstream modification field—known as
the negation window—that can completely invert the underlying polarity of sentiment-bearing tokens.
Standard Bag-of-Words (BoW) representation vectors discard token position matrices, completely ignoring
these polarity shifts. Consequently, sophisticated malicious actors exploit these linguistic vulnerabilities by
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generating deceptive positive feedback sequences that encode underlying negative sentiments, effectively
bypassing traditional fraud detection filters.

This study systematically addresses the challenge of polarity inversion in deceptive opinion spam. The
technical contributions of this work are fourfold:

1) We formalize a deterministic tree-traversal negation scope resolution algorithm that computes semantic
inversion across localized constituent nodes.

2) We clean and construct a specialized 62,000-record streaming review corpus focused on the smartphone
domain utilizing automated web-scraping interface engines.

3) We execute a comprehensive mathematical evaluation of six discrete machine learning optimization
routines to isolate optimal decision boundaries.

4) We perform rigorous hyperparameter partition tuning (70:30, 75:25, and 80:20) to map model
convergence characteristics and eliminate overfitting states.

Mathematical Formalization of Classifiers And System Architecture

The analytical pipeline processes raw text strings through a deterministic pre-processing layer, constructs
numerical token tensors, resolves negation fields, and executes classification via an ensemble system.

The Data Pre-processing Pipeline

Let the raw input corpus be represented as a set of documents D = {d1, d2... dm}. Each document undergoes
a sequential morphological reduction pipeline:

d hat i=psi_lemma( psi_token( psi_stop( psi_punct( psi HTML(d i))))) (1)

Where psi HTML maps the text to an empty string space for all regular expression sequences matching
HTML tags, psi_punct strips non-alphanumeric ASCII vectors, psi_stop filters out high-frequency closed-
class lexical items based on standard NLTK stop-word matrices, psi_token splits continuous text strings into
individual tokens, and psi_lemma projects inflected word forms to their standard dictionary base form using
morphological context analysis.

Multinomial Naive Bayes Classification

The Multinomial Naive Bayes model computes class probabilities by modeling token counts within text
documents under an assumption of conditional independence. Given a document tensor d represented by
feature counts, the posterior probability for class ¢ is formulated as:

P(c|d)=[P(c) * PROD_ {j=1} "n P (x_j|c) " (f )]/ P(d) (2)

Where f j represents the frequency weight of token x_j within document d. To prevent zero-probability
bottlenecks across unobserved terms, Laplacian smoothing is applied to the feature conditional probability
parameters:

P(x j|lc)=(N_jc+alpha) /(N _c+alpha *|V]) (3)

Where N_jc is the cumulative count of feature x_j in class ¢, N_c is the aggregate count of all features in
class c, |V] is the total vocabulary dimensions, and alpha = 1 sets the default smoothing parameter.

Bernoulli Naive Bayes Classification

For feature spaces restricted to multivariate Bernoulli distributions, feature presence or absence is modeled
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as a binary state vector B. The characteristic decision probability calculation is expressed as:
P(c|d)~P(c) * PROD_{j=1}"n[b_j*P(x_j[c)+ (1 -b_j)(1 -P(x_j[c)] (4

Where b _j is a binary indicator variable tracking the occurrence (b_j=1) or non-occurrence (b_j=0) of the
target feature x_j.

Logistic Regression with Sigmoid Mapping

Logistic Regression projects linear combinations of feature vectors into a bounded probability distribution
utilizing a continuous, differentiable transcendental function. Let z = w*T * x + b, where w represents the
primary parameter weight vector and b acts as the bias scalar component. The functional mapping is derived
via:

sigma(z)=1/(1+e*-z)=1/(1 +e-W'T*x+Db)) (5)

The optimization routinely updates the weights by minimizing the negative log-likelihood function governed
by Binary Cross-Entropy Loss optimization metrics.

Linear Support Vector Classifier (SVC)

The core objective of the Linear Support Vector Machine is to maximize the geometric margin separating
the binary classes while introducing a soft-margin penalty for misclassification. The structural optimization
target optimizes a convex objective function governed by hinge loss parameters:

min_{w, b} [ (1/2) * |w|[*2 + C * SUM_{i=1}"N max(0, 1 -y iw"T*x i+b))] (6)

Where C serves as the regularization hyperparameter that balances margin maximization against training
error tolerances.

Stochastic Gradient Descent (SGD) Optimization

For large-scale data arrays, computing full-batch gradients becomes computationally prohibitive. The SGD
optimization engine evaluates the empirical loss function iteratively over randomized single samples or
mini-batches:

wh(k+1) =w(k) - eta * grad wL_i(w™k)) (7)

Where eta > 0 represents the dynamically decaying step-size learning rate, and L 1 indicates the local loss
value computed for the i-th randomized sample vector.

Ensemble Voted Topology

The ensemble configuration aggregates the output arrays of the baseline models to construct a more resilient
voting architecture. For a hard-voting classification framework, the final prediction function is determined
by a majority threshold:

Y hat=mode( M_MNB(x), M BNB(x), M_LR(x), M_SVC(x), M_SGD(x)) (8)
III. ALGORITHMIC NEGATION SCOPE RESOLUTION

Negation phenomena are systematically categorized into syntactic negation (explicit lexical markers like no,
not, deny) and morphologic negation (affixation strings using semantic prefixes such as un-, in-, dis-). To
track negation propagation, we construct a parse tree T for each processed statement segment. Let score(n)
define the sentiment vector returned from the SentiWordNet lexical structure for node n.
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Mathematical Logic Formulation
Let V_L represent the set of active leaf nodes located downstream from a matched parent operator. If a node
satisfies the boolean function neg word(node) -> True, the sentiment score optimization operates via two

operations:

1) The base operator node has its absolute polarity zeroed out to prevent redundant extraction weights:
score(node) =0

2) The downstream directional right-sibling leaf array elements n in r leafs(node) undergo a linear
transformation: score(n) = score(n) * (-1)

B. Programmatic Execution Structure

The explicit algorithmic logic for processing these shifts across the recursive sentence tree nodes is defined
in the foal structure below:

procedure ProcessNegationScope(node: TreeNode; var residual window: Integer);
begin
if IsLeafNode(node) and (residual window > 0) then
begin
if EvaluateNegationMarker(node) then
begin
SetNodeSentimentScore(node, 0.0);
foreach sibling node in ExtractRightLeaves(node) do
begin
InvertNodePolarity(sibling_node);
end;
residual_window :=residual window - 1;
end;
end
else
begin
foreach child node in GetNodeChildren(node) do
begin
ProcessNegationScope(child node, residual window);
end;
end;
end;

Empirical Evaluation and Analytical Results
Corpus Parameters
The system was validated using a 62,000-record mobile electronics dataset collected via the SNScrape API

interface. The feature engineering framework relies on SentiWordNet definitions to calculate base word
tokens into positive and negative index matrices.
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Negation Resolution Metrics

To establish baseline performance values, the negation handling modules were evaluated across all six
machine learning architectures. Table I isolates the exact accuracy profiles obtained during this verification
phase.

TABLE 1. Negation Handling Baseline Accuracy Profiles

Machine Learning Model Topology Model Accuracy (%)
Multinomial Naive Bayes Classifier 72.8096

Bernoulli Naive Bayes Classifier 74.3202

Logistic Regression Classifier 74.6223

Linear Support Vector Classifier 72.6586

Stochastic Gradient Descent Classifier | 73.716

Consolidated Voted Ensemble 74.1691

Framework

Evaluation Over Variable Data Distributions

To optimize structural generalization boundaries and eliminate overfitting trends, the dataset was processed
across three distinct training-to-testing ratio configurations (70:30, 75:25, and 80:20). Performance matrices
were tracked using standard information retrieval metrics across the execution domains.

TABLE II. Fake Review Detection Results across Parameter Partitions

Partition ML Classifier Base Accuracy | Precision | Recall | F1-Score
(%) (o) (%) (%)
70% Train / 30% Test Naive Bayes 79.775 86.7625 | 91.325 | 88.9852
Logistic Regression 81.675 82.475 91.16 86.6002
Support Vector Machine 79.775 86.7625 | 91.325 | 88.9852
75% Train / 25% Test Naive Bayes 80.1125 86.5625 | 91.75 89.0806
Logistic Regression 81.25 81.8375 | 91.16 86.2474
Support Vector Machine 78.9 86.3875 | 91.325 | 88.7876
80% Train / 20% Test Naive Bayes 81.3125 | 87.9375 |92.437590.1312
Logistic Regression 82.7375 | 82.7625 |91.16 86.7582
Support Vector Machine 80.0625 86.6875 | 91.4375 | 88.999

Data Stratification Analysis

An comparative evaluation across the configurations proves that the 80:20 training-to-testing layout delivers
optimal system performance. While constrained training allocations (70%) induce minor underfitting states
due to insufficient sample representation, expanding the training allocation to a robust 80% optimization
window provides the network parameters with enough linguistic context to capture subtle negation
boundaries. This distribution balances model generalization against overfitting constraints, yielding an
absolute peak accuracy of 82.7375% when using the Logistic Regression pipeline.

CONCLUSION

This investigation demonstrates that incorporating a deterministic, graph-theoretic negation handling layer
into text processing pipelines successfully addresses the issue of polarity inversion within e-commerce
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review corpora. Standard sequence analysis methods consistently fail when encountering complex negation
fields, leaving online platforms vulnerable to deceptive opinion spamming. By isolating negation scope
windows and executing directional transformations on downstream token sentiment values before
classification modeling, our methodology establishes clear, highly accurate decision boundaries.

Across all evaluated scenarios, the Logistic Regression model optimization routine systematically
outperformed alternative machine learning structures. It demonstrated superior performance due to its
continuous, differentiable sigmoid mapping design and resilient convergence behavior when processing
multi-dimensional text data. Future research directions will focus on replacing manual lexicographical
dictionary evaluations with automated, deep contextual embeddings using transformer-based attention layer
architectures to further improve classification boundaries.
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