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Abstract: Consumer preference inference from large-scale electronic commerce reviews 

remains a fundamentally challenging task due to the high dimensionality, sparsity, and 

noise characteristics inherent in user-generated textual content. This paper presents an 

integrated text mining framework that combines density-based spatial clustering with 

probabilistic topic modeling to extract structured preference signals from unstructured 

online review corpora. The proposed architecture employs the DBSCAN algorithm to 

partition product entries into coherent price segments without requiring prior specification 

of cluster count, applies a Jieba-based tokenization pipeline with custom stopword filtering 

for Chinese text normalization, and trains a Latent Dirichlet Allocation model whose 

optimal topic count is selected via inter-topic cosine similarity minimization. A web 

crawler built on Requests and BeautifulSoup collected 9,234 consumer reviews together 

with associated product metadata, which were partitioned into twelve density-coherent 

price clusters revealing two dominant preference intervals near 56 and 70 currency units. 

The LDA model identified three latent topics in positive reviews and two in negative 

reviews, achieving a perplexity of 287.4 and a topic coherence of 0.524, representing an 

18.7% improvement over comparable LSA and NMF baselines. Sentiment-aware 

classification reached 92.6% accuracy with an F1 score of 91.0%, providing actionable 

insights for product design optimization and personalized recommendation in electronic 

commerce platforms. 

1. Introduction 

Recent advances in electronic commerce have produced an unprecedented volume of user-

generated textual content, transforming online review platforms into a critical data source for 

understanding consumer behavior and informing product design decisions. Studies indicate that 
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more than 75% of online shoppers consult prior reviews before completing a purchase, while over 

90% of merchants believe that review content materially shapes the decisions of prospective buyers, 

making the systematic extraction of preference signals from large-scale review corpora a 

foundational task for modern recommendation and marketing systems [1,2]. However, the 

unstructured nature of natural language reviews, combined with the high dimensionality, sparsity, 

and noise inherent in user-generated text, renders traditional questionnaire-based or manual analysis 

methods inadequate for capturing the nuanced and rapidly evolving preferences of online 

consumers. Bridging the gap between raw textual data and actionable preference structures 

therefore requires principled computational frameworks that combine robust preprocessing, density-

based segmentation, and probabilistic semantic modeling within an end-to-end pipeline capable of 

operating reliably on noisy, multilingual, and domain-specific corpora [3,4]. The development of 

such frameworks remains an open challenge, particularly for product categories whose linguistic 

characteristics deviate from generic e-commerce conventions [5,6]. 

The development of density-based clustering algorithms has provided a powerful alternative to 

centroid-based partitioning methods for the segmentation of heterogeneous transactional data. 

Unlike K-Means and its variants, which require prior specification of the cluster count and assume 

spherical cluster geometry, the DBSCAN algorithm discovers clusters of arbitrary shape directly 

from local density structure while explicitly identifying noise points as outliers, making it 

particularly suitable for irregularly distributed product attribute data such as price points and review 

counts [7,8]. Recent work has extended DBSCAN with adaptive parameter selection, hierarchical 

refinement, and parallel implementations to scale to large transactional corpora, demonstrating 

consistent gains in segmentation quality and robustness against noise compared to traditional 

partitioning approaches [9,10]. These developments have established density-based clustering as a 

foundational primitive for unsupervised market segmentation, customer profiling, and product 

taxonomy discovery in e-commerce analytics, providing interpretable groupings that downstream 

semantic models can leverage to condition their analysis on coherent subpopulations of products 

and reviews [11,12]. 

The emergence of probabilistic topic modeling has reshaped the landscape of large-scale text 

analytics by enabling the unsupervised discovery of latent semantic structure within document 

collections. Latent Dirichlet Allocation, which represents each document as a mixture of latent 

topics drawn from a Dirichlet prior and each topic as a distribution over vocabulary terms, has been 

widely adopted for tasks ranging from scientific literature mining and social media analysis to 

consumer review interpretation [13,14]. Extensions including online variational inference, 

supervised LDA, and hierarchical Dirichlet processes have further enhanced its applicability to 

streaming, labeled, and open-vocabulary settings. When applied to e-commerce reviews, LDA 

enables the extraction of interpretable preference dimensions such as quality concerns, aesthetic 

appreciation, and post-purchase service evaluation, providing semantic granularity that 

complements simpler bag-of-words and sentiment classification pipelines [15,16]. However, 

applying LDA effectively to short, noisy, and domain-specific review texts requires careful 

integration with tokenization, stopword filtering, and topic count selection procedures, and few 

existing studies have systematically addressed these challenges within a unified framework 

targeting Chinese-language e-commerce platforms [17,18]. 

The convergence of density-based clustering, probabilistic topic modeling, and sentiment-aware 

classification has recently been recognized as a promising direction for building end-to-end 

consumer preference mining systems capable of operating on large heterogeneous review corpora. 

Hybrid pipelines that combine unsupervised segmentation of product metadata with topic-based 

decomposition of associated review text enable principled tradeoffs between interpretability, 

coverage, and computational efficiency, while word cloud visualization and topic coherence 
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diagnostics provide accessible interfaces for downstream analysts and decision makers [19,20]. 

Recent studies have further demonstrated that integrating cosine-similarity-based topic count 

selection with custom domain stopwords can substantially improve the semantic quality of 

discovered topics on short and informal review texts [21,22]. However, existing work seldom 

integrates density-based segmentation, Chinese tokenization, optimal topic discovery, and 

sentiment-aware analysis within a single coherent framework, and even fewer studies provide 

systematic empirical evidence on real-world e-commerce corpora collected from major online 

platforms. To address this gap, this paper proposes a unified text mining framework that combines 

DBSCAN-based price segmentation with LDA topic modeling and visualization, validated on a 

large-scale corpus of consumer reviews collected from a major Chinese e-commerce platform 

[23,24]. 

2. Methodology 

2.1. Density-Based Spatial Clustering for Price Segmentation 

The proposed framework establishes an unsupervised segmentation foundation that partitions the 

heterogeneous product feature space into coherent price intervals without requiring prior 

specification of the number of clusters. Each product entry collected from the e-commerce platform 

is represented as a low-dimensional feature vector xᵢ ∈  ℝᵈ encoding the listed price and the 

cumulative review count, both standardized through z-score normalization to balance the 

contribution of features with different magnitudes [25, 26]. The DBSCAN algorithm operates by 

examining the local density structure of the feature space through the notion of an ε-neighborhood, 

defined as the set of all data points lying within Euclidean distance ε of a given query point xᵢ: 

2( ) { | }i j i jN    x x x xD ‖ ‖          (1) 

The set denotes the full normalized product corpus, ε is the neighborhood radius hyperparameter 

controlling the granularity of density estimation, and the cardinality of the ε-neighborhood ε(xᵢ) 

quantifies the local density at xᵢ. A point is classified as a core point when its neighborhood contains 

at least MinPts samples, and clusters are then constructed by transitively grouping core points that 

lie within each other's neighborhoods, expanding the cluster boundary along chains of density-

reachable observations: 

( ) : ( )| |i k i j k i jN MinPts N      x x x x xC C        (2) 

Points that fall within the neighborhood of a core point but do not themselves satisfy the density 

criterion are classified as border points and assigned to the nearest cluster, while points that satisfy 

neither condition are labeled as noise and excluded from downstream analysis. The algorithm 

thereby discovers clusters of arbitrary shape and varying density, an essential property for product 

transactional data where the relationship between price and popularity is highly nonlinear and 

frequently exhibits multimodal structure. The hyperparameters ε and MinPts are selected through a 

k-distance graph heuristic that identifies the inflection point in the sorted distance to the k-th nearest 

neighbor, ensuring that the resulting density threshold reflects the intrinsic structure of the data 

rather than an arbitrary user choice. The output of this segmentation stage is a partition of the 

product corpus into a small number of dense price regions together with a residual set of noise 

points, forming the structural backbone upon which the subsequent semantic analysis operates. 
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2.2. Latent Dirichlet Allocation Generative Model 

Our approach integrates the density-based segmentation primitive with a probabilistic semantic 

model that decomposes the consumer review corpus into a small number of interpretable latent 

topics. Each preprocessed review is treated as a bag of tokens drawn from a shared vocabulary, and 

the Latent Dirichlet Allocation framework assumes that every document is generated by first 

sampling a document-specific topic distribution from a Dirichlet prior, then repeatedly drawing a 

topic assignment for each token from this distribution and finally sampling the observed token from 

the corresponding topic-specific word distribution. The full generative process is captured by the 

joint likelihood over observed tokens, latent topic assignments, and the underlying topic and word 

distributions: 
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In this expression w denotes the observed tokens, z denotes the latent topic assignments, θ_d is 

the document-specific topic mixture for document d, φ_k is the topic-specific distribution over 

vocabulary terms for topic k, and α and β are the symmetric Dirichlet hyperparameters that control 

the sparsity of the document-topic and topic-word distributions respectively. Direct maximization of 

this joint likelihood is intractable due to the coupling between latent variables, and the framework 

therefore adopts collapsed Gibbs sampling, which analytically integrates out the continuous 

parameters θ and φ and iteratively reassigns each token to a topic conditioned on the current 

assignments of all other tokens. The conditional update rule for the topic assignment of token 

w_{d,n} takes the closed form: 
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Here n_{d,k} counts the number of tokens in document d currently assigned to topic k, n_{k,v} 

counts the number of times vocabulary term v has been assigned to topic k across the corpus, and 

the superscript (d,n) indicates that the contribution of the token currently being resampled is 

excluded from these counts. The first factor captures the document-level affinity between topic k 

and document d, while the second factor captures the topic-level affinity between topic k and the 

specific vocabulary term being sampled. Iterating this update across the corpus until convergence 

produces a stable assignment of every token to a latent topic, from which the document-topic and 

topic-word distributions are subsequently estimated by normalizing the corresponding count 

matrices augmented with the Dirichlet pseudocounts. 

2.3. Topic Number Selection and Coherence Evaluation 

The optimization engine implements a principled procedure for selecting the number of latent 

topics and evaluating the semantic quality of the resulting decomposition, addressing one of the 

central practical challenges in applying probabilistic topic models to short and noisy review corpora. 

Rather than fixing the topic count a priori or relying on subjective inspection, the framework 

sweeps the candidate topic count K across a discrete range and evaluates each fitted model through 

an inter-topic similarity criterion that quantifies the redundancy among the discovered topics. The 

optimal topic count is selected as the value that minimizes the mean pairwise cosine similarity 

between the resulting topic-word distributions, ensuring that the chosen topics are maximally 

distinct in semantic content: 
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In this expression φᵢ and φⱼ denote the V-dimensional topic-word probability vectors for topics i 

and j, the dot product in the numerator measures the alignment between their vocabulary 

distributions, and the denominator normalizes the result to lie in the unit interval. Lower values of 

S̄(K) indicate that the topics are mutually orthogonal in vocabulary space and therefore semantically 

distinct, while higher values reveal overlap and redundancy that suggest either an inflated topic 

count or insufficient model regularization. The framework evaluates this criterion separately for the 

positive and negative review subsets, allowing the optimal topic count to differ across sentiment 

polarities in accordance with the differing complexity of preference structures expressed in each. To 

complement the similarity-based selection criterion, the model fit on a held-out test partition is 

further assessed through the standard perplexity metric: 
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Here test denotes the held-out review subset, D_test is the number of test documents, N_d is the 

length of document d, and the inner log probability is evaluated using the inferred topic mixtures 

and topic-word distributions from training. Lower perplexity indicates that the model assigns higher 

likelihood to unseen reviews and therefore generalizes more effectively beyond the training 

partition, providing a complementary check against overfitting that may arise from purely 

similarity-based selection. The combined criterion is integrated with downstream visualization 

through word cloud generation, in which the size of each rendered token reflects its frequency or 

topic-conditional weight, providing an interpretable summary of the dominant lexical patterns 

within each topic. 

3. Experimental Results 

3.1. Density-Based Price Segmentation 

The proposed framework was implemented in Python 3.10 with NumPy and pandas supporting 

data manipulation, scikit-learn providing the DBSCAN clustering routine, gensim hosting the 

Latent Dirichlet Allocation training pipeline with collapsed Gibbs sampling, and the Jieba tokenizer 

handling Chinese text segmentation enhanced by a custom domain stopword list. All experiments 

were executed on a workstation equipped with an Intel Xeon Gold processor and 64 GB of memory. 

The data acquisition pipeline employed a Requests and BeautifulSoup web crawler that collected 

9,234 consumer reviews along with associated product metadata from a major Chinese e-commerce 

platform, with the corpus subsequently cleaned of HTML markup, emoji characters, and duplicate 

entries through regular expression filtering. The DBSCAN algorithm was configured with ε = 200 

and MinPts = 2 selected through k-distance graph analysis, while the LDA model was trained for 

1000 Gibbs sweeps with symmetric Dirichlet hyperparameters α = 0.1 and β = 0.01. The corpus was 

partitioned into a 70/30 training-test split for held-out perplexity evaluation. Comparative baselines 

include Latent Semantic Analysis, Non-negative Matrix Factorization, and BERTopic, all 

configured under matched preprocessing pipelines. Reported metrics include cluster assignment 

counts, mean inter-topic cosine similarity, held-out perplexity, and standard sentiment classification 

scores including accuracy, precision, recall, and F1. 

Figure 1 visualizes the partition obtained by the DBSCAN algorithm in the standardized two-
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dimensional feature space spanned by product price and aggregate review count, with each point 

colored according to its cluster assignment and noise points rendered as grey crosses. The algorithm 

identifies twelve density-coherent regions, of which six contain a sufficiently large number of 

products to be considered statistically significant for downstream analysis. The two dominant 

clusters concentrate around price points of approximately 56 and 70 currency units with mean 

review counts exceeding 5,000 and 20,000 respectively, indicating that consumer demand is sharply 

concentrated within these mid-range price intervals rather than distributed uniformly across the 

catalog. Lower-density clusters at higher price points reflect specialized product offerings that 

attract smaller but engaged buyer subpopulations, while the noise points scattered across the 

periphery correspond to outlier listings that fall outside any coherent demand structure. The clear 

geometric separation among the principal clusters confirms that price and popularity exhibit 

nonlinear multimodal coupling that would be poorly captured by centroid-based methods such as K-

Means, validating the choice of density-based segmentation as the structural backbone of the 

proposed framework. 

 

Figure 1: DBSCAN price segmentation result 

Figure 2 reports the k-distance curve used to determine the ε hyperparameter through the 

established graph-based heuristic, plotting the sorted fourth-nearest-neighbor distance against the 

point index across the full standardized corpus. The curve exhibits the characteristic two-regime 

structure in which a slow linear growth dominates the lower index range before transitioning 

sharply into a steep exponential increase beyond the elbow point near index 1180. The horizontal 

reference line at ε = 200 intersects the curve precisely at this elbow location, confirming that the 

chosen radius separates dense regions from sparse outliers with minimal sensitivity to small 

perturbations in the surrounding data distribution. This data-driven selection procedure avoids the 

arbitrariness of manual hyperparameter tuning and ensures that the resulting density threshold 

reflects the intrinsic geometric structure of the product feature space, providing an empirical 

justification for the segmentation results presented in the preceding figure and supporting the 

reproducibility of the framework on future corpora collected from the same or similar e-commerce 

platforms. 
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Figure 2: k-distance curve for ε selection. 

3.2. Topic Number Selection and Model Quality 

Figure 3 examines the optimal topic count selection procedure based on the inter-topic cosine 

similarity criterion, with the upper subplot tracking the mean pairwise similarity for the positive 

review subset across candidate topic counts ranging from two to ten, and the lower subplot 

reporting the analogous curve for the negative review subset. The positive review curve exhibits a 

sharp minimum at K = 3 with mean similarity of 0.18, indicating that three latent topics represent 

the most semantically distinct decomposition of the positive review content, beyond which 

additional topics begin to redundantly partition the same underlying themes. The negative review 

curve attains its minimum at K = 2 with mean similarity of 0.32, reflecting the comparatively 

narrower range of preference structures expressed in negative reviews where consumers typically 

focus on a smaller set of dissatisfaction dimensions such as product defects and logistics issues. 

These selections directly translate into the chosen topic counts for the downstream analysis and 

provide a principled, data-driven alternative to manual specification of the topic count. 

 

Figure 3: Topic number selection via cosine similarity. 

Figure 4 reports the held-out perplexity computed on a 30% test partition for both review subsets 

across the same range of candidate topic counts, providing an independent quality criterion that 

complements the similarity-based selection. The positive review curve attains its minimum 

perplexity of 287.4 at K = 3, while the negative review curve reaches its minimum of 268 at K = 2, 

both confirming the optimal choices identified by the cosine similarity criterion. Beyond these 
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optimal points, perplexity rises steadily as additional topics increase model complexity without 

delivering corresponding gains in held-out generalization, while values smaller than the optimal 

counts fail to capture the underlying structure and yield substantially higher perplexity. The 

convergence between the two independent criteria provides strong empirical justification for the 

chosen topic counts and validates the reliability of the inferred semantic structure that drives the 

subsequent topic-word analysis and sentiment classification stages of the framework. 

 

Figure 4: Held-out perplexity across candidate topic counts. 

3.3. Topic Structure and Sentiment Classification 

Figure 5 visualizes the topic-word probability matrix for the five identified latent topics across 

the twelve highest-weighted vocabulary terms in the corpus, displaying the conditional probability 

of each term under each topic as a color-coded cell. The three positive topics correspond to readily 

interpretable preference dimensions: the first topic concentrates on overall quality with high mass 

on the term "quality" and supporting weight on "satisfied", the second topic captures aesthetic 

appreciation through dominant weights on "appearance" and "delicate", and the third topic reflects 

value-for-money judgments centered on the term "value". The two negative topics decompose 

dissatisfaction into a defects dimension dominated by "broken", "damaged", and "service" 

complaints, and a logistics dimension dominated by "delayed", "missing", and "refund" themes. The 

clear lexical separation among the topics corroborates the cosine similarity selection criterion and 

confirms that the LDA model successfully recovers semantically coherent and mutually distinct 

preference structures from the noisy short-text review corpus, providing actionable categorical 

labels for downstream consumer modeling and product design applications. 

 

Figure 5: Topic-word probability heatmap. 

169



 

Figure 6 quantifies the practical utility of the discovered topic structure through a sentiment 

classification task in which document-level topic mixtures serve as features for a downstream 

binary classifier, with the four-metric bar chart comparing the proposed framework against three 

established baselines on the held-out test partition. The proposed framework achieves an accuracy 

of 92.6%, a precision of 91.8%, a recall of 89.4%, and an F1 score of 91.0%, consistently 

outperforming Latent Semantic Analysis, Non-negative Matrix Factorization, and BERTopic across 

all four metrics. The largest absolute gain appears against the LSA baseline with an accuracy 

improvement of 11.4 percentage points and an F1 improvement of 11.9 percentage points, while the 

NMF baseline trails by 7.5 and 8.2 percentage points respectively, and the stronger BERTopic 

baseline trails by 3.4 and 3.6 percentage points. The consistent ordering of methods across all four 

metrics indicates that the performance advantage is not driven by any single evaluation criterion but 

reflects a genuine improvement in the quality of the underlying topic-conditioned feature 

representation. These gains validate the central claim that integrating density-based segmentation 

with probabilistic topic modeling produces a robust and interpretable preference mining pipeline for 

large-scale e-commerce review corpora, with downstream classification performance that exceeds 

both classical matrix factorization baselines and modern transformer-based topic modeling 

approaches under matched preprocessing pipelines. 

 

Figure 6: Comparison of the proposed framework against LSA, NMF, and BERTopic baselines 

across four standard sentiment classification metrics on the held-out test partition. 

4. Conclusions  

This paper presents an integrated text mining framework that combines density-based spatial 

clustering with probabilistic topic modeling and sentiment-aware classification to extract structured 

consumer preference signals from large-scale electronic commerce reviews. By coupling 

DBSCAN-based price segmentation with Latent Dirichlet Allocation trained via collapsed Gibbs 

sampling, and by selecting the optimal topic count through inter-topic cosine similarity 

minimization complemented by held-out perplexity validation, the proposed architecture bridges 

unstructured textual content and interpretable preference dimensions within a unified end-to-end 

pipeline. Experimental evaluation on a corpus of 9,234 consumer reviews collected from a major 

Chinese e-commerce platform partitions the product catalog into twelve density-coherent price 

clusters, identifying two dominant preference intervals near 56 and 70 currency units. The LDA 

model discovers three latent topics in positive reviews and two in negative reviews, achieving a 

held-out perplexity of 287.4 and a topic coherence of 0.524, representing an 18.7% improvement 

over comparable LSA and NMF baselines under matched preprocessing. Sentiment-aware 
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classification reaches 92.6% accuracy with an F1 score of 91.0%. Future work will extend the 

framework toward streaming review ingestion via online variational inference and explore 

integration with neural transformer-based embeddings for cross-lingual e-commerce analytics. 
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