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ABSTRACT:

Consumer complaint texts constitute a rich source for analyzing customer experiences and
assessing service quality in the financial sector, as they provide direct indicators of service
deficiencies and sources of dissatisfaction. This study aims to develop a framework that
extracts sentiment features based on unsupervised clustering algorithms from consumer
complaint texts and integrates these features into a supervised classification model to predict
consumer dispute cases, using the Consumer Financial Protection Bureau (CFPB) complaint
dataset from the United States.

Complaint texts were represented using the TF-IDF approach, after which KMeans and
hierarchical Agglomerative Clustering were applied to extract cluster—based representations
reflecting the underlying semantic structure of the texts. Each cluster was then associated
with a sentiment indicator derived using TextBlob, and the resulting cluster-based sentiment
was transformed into a numerical feature integrated into a Random Forest classifier.
Experimental results showed that the KMeans—-based model achieved a classification
accuracy of 80.31%, while the Agglomerative Clustering—based model achieved an accuracy
of 80.57%. Given the class imbalance between disputed and non—disputed cases, the F1-
weighted metric was adopted to provide a more realistic performance evaluation, reaching
approximately 77% for both approaches. The results confirm the effectiveness of integrating
clustering—based sentiment features into supervised classification models for analyzing
consumer complaints in imbalanced data environments. The research contribution of this
work lies in proposing an unsupervised framework for extracting more stable sentiment
features from unstructured texts and integrating them into a supervised classification model

to predict consumer disputes without the need for labeled data..

Keywords: Consumer complaint analysis, sentiment analysis, unsupervised clustering,
KMeans, Agglomerative Clustering, Random Forest, imbalanced data, CFPB.
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