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Abstract

Customer segmentation is a prerequisite for evidence-based decision-making and for designing marketing
strategies-aligned with the heterogeneous characteristics of customer groups. The traditional RFM model,
based on Recency, Frequency, and Monetary value, has been widely used for this purpose; however, it
focuses on transactional indicators and does not capture the emotional and experiential information
expressed in customer reviews. This study develops the four-dimensional RFMSA framework, which
integrates RFM with sentiment analysis to incorporate behavioral and emotional information into a unified
segmentation process. Following data preprocessing and exploratory analysis, RFM indicators were
calculated and customers were initially segmented using predefined thresholds. Logistic regression was
then applied to examine the reproducibility and internal consistency of the RFM groups. Since the target
labels were defined by the same RFM thresholds rather than clustering outputs, the results were interpreted
as a consistency check rather than independent validation. Subsequently, sentiment scores were extracted
from customer reviews using the VADER sentiment analysis tool and aggregated at the customer level.
The aggregated sentiment score was normalized to the [0,1] interval and incorporated as a fourth dimension
alongside the three RFM indicators to construct the RFMSA framework. Customers were then clustered
based on the four RFMSA features using the K-means algorithm, with the number of clusters assessed using

\



the elbow method and silhouette index. Analysis of variance (ANOVA) and Tukey’s test were used to
examine differences in sentiment across the resulting groups. The findings indicate that incorporating
sentiment provides information not captured by traditional RFM indicators and enables behavioral and
emotional characteristics to be considered simultaneously. In particular, customers with high monetary
value and negative sentiment, as well as those with moderate monetary value and positive sentiment, could
be distinguished through the integrated framework. Overall, RFMSA provides a structured approach for
combining transactional and textual customer information, offering a more differentiated representation of
customer profiles and supporting the development of marketing strategies aligned with the characteristics
of different customer groups.

Keywords: Customer segmentation, Sentiment analysis, RFM model, ANOVA, K-means clustering,
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Metric Name Calculation Method Description
1+¢€
The ratio of all correct predictionsi(both positive and
TP+TN negative) to all predictions. A general measure of the
Accuracy )
TP+TN + FP+FN model’s overallyperformance.
P Shows what percentage of allésamples predicted as
Precision positive by thesmodel were actually positive.
TP+ FP
P The ratio of actual positive samples that the model
Recall —_— correctly identified.
TP+ FN
o The harmonic'mean of Precision and Recall, showing the
2 *Precision*Recall .
F1-Score balance between these two metrics.
Precision *Recall
A 2x2 table that contains TP, TN, A numerical and visual representation of the model’s
Confusion FP, and FN, showing how the correct.and incorrect predictions for each class; helps
matrix model’s predictions compare. to highlight the model’s weaknesses clearly.

the actual classes.
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47 Recall
48 F1-Score
49 Confusion Matrix
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Precision  Recall Score Support
Need 0.99 100 099 1601
Attention
Potential 1.00 0.96 0.98 1606
Champions 0.99 1.00 0.99 4800
accuracy 0.99 8007
Macro avg 0.99 0.99 0.99 8007
Weighted avg 0.99 0.99 0.99 8007
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NA P Ch
Need Attention 1596 0 5
Potential 0 1549 57
Champions 12 0 4788
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F-statistic: 30686.20383329558

p-value: 0.0
Multiple Comparison of Means - Tukey HSD, FWER=0.05

Gpl Gp2 meandiff lower upper  reject
Ch' . NA  -0.4235 -0.4279 -0.4191  True
Ch P -0.0896  -0.0931 -0.0860 True
NA P 0.3339_ 043303 0.3375  True
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Distribution of RFMSA Clusters
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Rece requency  Monetary  Sentiment
C
0  410.604 1.273 4.975 0.877
1 512.131 1.089 4.665 0.459
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Potential 1.00 0.99 1.00 1601
Champions 0.99 1.00 1.00 4804
accuracy 1.00 8007
Macro avg 1.00 0.99 1.00 8007
Weighted avg 1.00 1.00 1.00 8007
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Champions 3 0 4801
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Customer Main Features (RFM
Grozp /Cluster ! + Su A) ( Analysis and Status Managerial and Marketing Strategies
Cluster 0/ High recency, high Key loyal customers Maintaining loyalty through special discounts and
Similar to the  monetary value, and  with a high likelihood programs, premium services, enhancing positive
Golden G ” fiment ¢ ; h customer experience, and encouraging word-of-
olden Group positive sentimen of repeat purchases mouth promotion.
Cluster 1/ Medium monetary Poor purchase Analyzing customer experience issues, improving
Similar Needs value, low purchase experience with a high after-sales services, offering incentive-based
Attention frequency, and risk of churn proposals, and providing personalized
negative sentiment communication.
) High-value but inactive
Low recency, high & . . . .
Cluster 2/ monetary value, and customers with Targeted reminder campaigns, personalized
Near potential ositive sentirr’lent potential for discounts, and reactivating customer engagement.
P reactivation
High purchase .
Cluster 3/ gip VIP customers with . ) )
Part of frequency, moderate high loyalty and high Exclusive loyalty programs, dedicated services, and
Golden recency, and positive monetary valus preventing churn among key customers.
sentiment 'y
Cluster 4 /
Low monetary value, . . . . .
Close to low frequency, and Low economic return Low-cost actions (notifications, free samples) with
needing negative sent}i,;nent and low priority focused efforts to increase purchase motivation.
v
attention &
. Customers with
Cluster 5/ Medium monetary potential for growth Loyalty and incentive programs, motivating
Part of the value and positive and uberadifie to a customers to increase purchasing, and leveraging
potential sentiment . N & positive feedback.
higher-value segment
Very high purchase \
Y ugh pu Special or corporate ) )
Cluster 6/ frequency, small clients with strategic Dedicated and personalized management, close
Special Group  customer count, and interaction, and individualized analysis.

high monetary value

importance
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