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Abstract 
This study examines the evolution of customer segmentation from rule-based systems to multimodal AI architectures, 
emphasizing the necessity for transparent and context-aware CRM strategies. Despite the widespread adoption of RFM 
models, organizations often struggle to synthesize transactional metrics with multifaceted qualitative feedback, creating a 
numerical paradox that this research addresses by capturing the authentic voice of the customer within high-dimensional 
analytical spaces. This paper presents the Contextual-RFM (C-RFM) framework, an innovative multimodal architecture aimed 
at bridging the representational divergence between quantitative metrics and qualitative feedback. 
The research operationalizes a comprehensive five-phase pipeline to ensure methodological transparency and replicability: 
(1) establishment of a statistical baseline, (2) narrative synthesis for tabular serialization, (3) multimodal vectorization 
utilizing advanced embeddings, (4) semantic analysis through Latent Dirichlet Allocation (LDA) and (5) implementation of the 
C-RFM Expert chatbot. This entire workflow is implemented using KNIME Analytics and Langflow, providing a robust and 
replicable process for both scholars and practitioners. A key distinction of the framework is its early-fusion approach. Unlike 
traditional late-fusion models that integrate data streams only at the final analysis stage, early-fusion retains critical cross-
modal correlations during the initial processing phase, effectively addressing the semantic opacity common in traditional 
numerical-only datasets. 
Empirical findings indicate that the C-RFM framework adeptly organizes linguistic complexity, evidenced by a significant 
improvement in structural validity when transitioning from purely transactional environments to topic-validated contexts. 
Moreover, this study introduces the Discrepancy Detection Rate (DDR) as a novel performance metric to quantify the 
misalignment between transactional behaviour and qualitative feedback, thereby identifying critical churn risks that 
conventional quantitative analyses often overlook. 
The primary contribution of this research lies in the synergy achieved between human expertise and Artificial Intelligence. 
By deploying dynamic persona chatbots grounded in Retrieval-Augmented Generation (RAG), the framework facilitates a 
shift from opaque analytical outputs to actionable, customized recovery strategies. This glass-box methodology transforms 
intricate numerical complexities into auditable business narratives, empowering decision-makers to transcend statistical 
constructs and foster a deeper, dialogue-based understanding of consumers. The C-RFM framework represents a significant 
advancement in human-centred AI, promoting strategic marketing intelligence that is not only transparent but also finely 
tuned to the authentic voices of real-world consumer archetypes, thereby paving the way for the next generation of 
customer-centric strategies. 
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1  Introduction
Artificial Intelligence is fundamentally transforming the Customer Relationship Management (CRM) 

landscape by enabling a significant shift from standardized marketing approaches to highly personalized 
interactions (Naderipour and Hosseini Nasabian, 2025; Bukhari et al., 2022; Kandi and Basani, 2024). In this 
evolving framework, segmentation continues to play a crucial role, allowing organizations to effectively manage 
market density by identifying and isolating specific behavioural groups (Syahra, Fadlil and Yuliansyah, 2025; 
Akande, Asani and Dautare, 2024). Historically, the theoretical foundation of this field has been the Recency, 
Frequency, and Monetary (RFM) model. However, its evolution from rule-based systems to unsupervised 
machine learning, notably K-means clustering, has exposed a persistent numerical paradox: a reliance on purely 
transactional data that lacks the contextual depth necessary to capture the multifaceted nuances of the modern 
consumer journey (Lewaa, 2023; Gopakumar et al., 2021). 

The technical roots of this limitation lie in traditional One-Hot Encoding (OHE), which often suffers from the 
dimensionality curse and statistical instability (Chung, 2024). More critically, OHE induces a condition of 
semantic opacity within datasets. As Bayrak (2022) and Liang (2025) highlight, by treating all categories as 
mathematically independent, this method fails to recognize latent behavioural similarities between consumer 
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actions. Contemporary analytical frameworks are transitioning toward deep semantic embeddings to resolve 
these structural flaws. Smutek et al. (2024) utilize encoder-decoder structures to compress high-dimensional 
inputs into dense vectors where numerical proximity reflects semantic relationships.  Validating these learned 
representations presents a significant challenge: while the Silhouette score is traditionally utilized as the primary 
metric for cluster validation, assessing structural quality by measuring both intra-cluster cohesion and inter-
cluster separation (Gagolewski, Bartoszuk and Cena, 2021; Shutaywi and Kachouie, 2021), its effectiveness is 
often diminished in embedding spaces. The dimensionality curse and latent space sparsity make data points 
appear nearly equidistant, rendering traditional distance-based validation unreliable (Simpson et al., 2025). 
Researchers have increasingly adopted Latent Dirichlet Allocation (LDA) as a robust alternative to overcome 
these geometric limitations, thereby overcoming geometric limitations while demonstrating remarkable stability 
even when semantic relationships are intricate or data is sparse (Sidek and Ahmad, 2026). 

Treating transactional data as a linguistic structure (Woltmann, Thiele and Lehner, 2018) positions Large 
Language Models (LLMs) as the next transformative frontier, leveraging their emergent abilities for data 
synthesis and optimization-based feature engineering (Nam et al., 2024). Despite this potential, LLM integration 
into analytical workflows faces a significant numerical paradox, where standard Byte-Pair Encoding (BPE) 
tokenizers fragment digits into subunits without inherent meaning, which, as Penttala (2025) states, strips 
numerical values of their quantitative significance. Hegselmann et al. (2023) demonstrate that serializing tabular 
data into natural language strings allows models to leverage their extensive prior knowledge to mitigate these 
errors, effectively interpreting transactional records as coherent behavioural narratives. This trajectory 
culminates in multimodal fusion strategies, which merge structured metrics with unstructured insights through 
sophisticated transformer-based architectures to capture cross-modal interactions and improve predictive 
transparency (Hangloo and Arora, 2025). Yet, even as these models enhance analytical depth, the transition 
from opaque outputs to actionable managerial trust remains a critical hurdle. This difficulty is primarily driven 
by the inherent lack of transparency in high-dimensional clustering, which frequently generates skepticism 
among strategic decision-makers (Wang and Ding, 2024). In critical CRM contexts, Explainable AI (XAI) offers a 
vital methodological framework for converting opaque computations into narratives that are comprehensible 
to humans (Patil, 2024). Beyond merely achieving predictive accuracy, XAI employs post-hoc tools such as SHAP 
and counterfactual analysis to uncover behavioural drivers, thereby bridging the gap between statistical 
constructs and strategic marketing intelligence while ensuring ethical and accountable insights (Almtrf, 2025). 
This integration is exemplified in dynamic persona chatbots, which transform the interaction between decision-
makers and consumer archetypes from static descriptions to engaging, real-time dialogues (Salminen et al., 
2026). By leveraging text embeddings models and direct LLM prompting to create persona chatbots, these 
agents accurately simulate consumer preferences, fostering a trust-based synergy between humans and AI to 
address complex marketing challenges (Li, Liu and Yu, 2025; Huang, Markovitch and Stough, 2024). This paper 
introduces the Contextual-RFM (C-RFM) framework to reconcile quantitative rigor with semantic interpretation. 
In addressing the heterogeneity gap that arises when comparing distinct representation spaces (Hangloo and 
Arora, 2025), C-RFM employs an early-fusion approach. By integrating transactional and semantic data during 
the initial preprocessing phase, the framework produces robust embeddings that overcome both the semantic 
limitations of traditional models and the numerical paradox associated with tokenization (Avnat et al., 2024). 
This methodology equips LLMs with a deeper contextual understanding while alleviating the information loss 
and managerial distrust often linked to high-dimensional clustering. By combining XAI with interactive chatbots, 
C-RFM enables an interactive data interpretation, addressing the following research questions: 

 RQ1: Which methodological approaches prove most effective for validating the multimodal 
segmentation of integrated transactional and semantic data?

 RQ2: How can an LLM-embedding framework, implemented through Explainable AI and interactive 
persona chatbots, effectively bridge the divide between opaque analytical outputs and actionable, 
transparent strategies?

2  Methodology
The C-RFM framework is operationalized through a comprehensive five-phase pipeline, which serves as a 

procedural structure for converting the theoretical early-fusion strategy into a replicable analytical process. 

2.1 Phase 1: Statistical baseline
This phase establishes a quantitative benchmark utilizing the Olist Brazilian E-Commerce dataset. A refined 

sample of 4,783 profiles was processed in KNIME Analytics, incorporating relational data from customers, orders, 
payments, and reviews. Procedural filters were applied to remove low-density reviews, while stratified sampling 
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was employed to maintain variance within high-value segments. A baseline RFM analysis was performed using 
K-means clustering, optimized through a two-stage methodology, which identified three segments as the 
optimal configuration. Cluster validation was carried out using the Silhouette score, resulting in a mean 
coefficient of 0.474. Although this outcome is considered acceptable, it highlights the structural ambiguities and 
boundary overlaps present in raw transactional data. 

2.2 Phase 2: Narrative synthesis
The limitations of traditional tokenization are mitigated by replacing statistical grouping with row-level 

textual representations. The dimensions of RFM were redefined through quantile binning into semantic 
categories, transforming numerical variance into contextually significant data for LLMs. As suggested by 
Hegselmann et al. (2023), this serialization enables models to utilize extensive prior knowledge to interpret 
transactional records as coherent behavioural narratives. By integrating these categories with the verified 
customer perspective, the framework preserves cross-modal correlations prior to high-dimensional processing. 

2.3 Phase 3: Multimodal vectorization
This phase implements the early-fusion strategy by embedding synthesized narratives into a high-

dimensional space using the OpenAI text-embedding-3-small model. To avoid data leakage and facilitate the 
identification of new latent relationships, narratives were cleansed of Phase 1 RFM labels. Dimensionality was 
managed through Principal Component Analysis (PCA), which retained 100 components, accounting for 76% of 
the variance, followed by K-means clustering with three clusters to ensure stable segmentation. The analysis 
indicated a notable transition between transactional and semantic profiles. As illustrated in the migration matrix 
(Figure 1), RFM clusters are predominantly aligned with embedding cluster 0, an occurrence attributed to the 
specific feedback distributions found within the Olist dataset. Despite this skewness, cross-tabulation analysis 
revealed a p-value of 0.001, indicating that high-value transactional segments are distributed across diverse 
semantic contexts. This finding highlights the limitations of relying solely on raw numerical data and emphasizes 
the need for enhanced semantic depth (Li, Liu and Yu, 2025). 

Figure 1 – Migration matrix of RFM and embeddings clusters.

2.4 Phase 4: Semantic analysis
Topic modelling using LDA revealed behavioural communities within the high-dimensional vector space. 

Following a text mining workflow designed to minimize linguistic noise and an evaluation of the perplexity index, 
three distinct themes emerged. Labels for these topics were assigned based on the semantic relevance of the 
most representative terms identified during the modelling process (Figure 2). Topic 0 was labelled as delivery 
excellence and reliability, indicating positive logistical experiences; topic 1 was characterized as product 
discrepancy and material quality, which highlighted concerns regarding the physical attributes of products; and 
topic 2 was designated as logistic and administrative friction, focusing on post-sale and bureaucratic challenges. 
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Figure 2 – Representative terms extracted for each topic
 
The assignment of narrative identities to the embedding clusters was informed by their distribution across 

these themes (Figure 3). As a result, cluster 0 was classified as effortless brand ambassadors, cluster 1 as quality-
focused skeptics, and cluster 2 as administrative hostages. The structural integrity of these segments was further 
substantiated through unigram and bigram validation, culminating in the development of a high-fidelity 
customer narrative. 

Figure 3 – Distribution of embeddings clusters across semantic topics
 
This format serves as the foundational contextual input for the persona chatbot, integrating transactional 

data, experience scores, and semantic analysis into a cohesive behavioural profile (Figure 4). 

Figure 4 – Prompt engineering template for customer stories

2.5 Phase 5: Implementation of the C-RFM Expert
The final phase focuses upon the deployment of the C-RFM Expert through a RAG architecture, which serves 

as the primary interface for narrative explainable AI. The implementation is structured around three core 
processes: knowledge base construction, orchestration via Langflow, and agentic deployment. 

The construction of the knowledge base began with 1,000 representative vectorized narratives. A distributed 
processing approach utilizing a LLMs was employed to conduct a discrepancy analysis, aligning transactional 
metrics with sentiments derived from qualitative feedback. This methodology facilitates the categorization of 
customers into semantic clusters and the development of recovery plans that are specifically tailored to the 
unique behavioural nuances identified within each profile narrative. 

System orchestration was executed in Langflow, utilizing Chroma DB for long-term multidimensional storage 
and a gpt-4o-mini agent to independently search the vector store. The resulting C-RFM Expert persona operates 
under a system prompt designed to identify friction points and rationalize strategic interventions. This approach 
guarantees that strategic recommendations are both auditable and grounded in empirical customer narratives, 
effectively converting numerical complexity into actionable business intelligence. 

3  Results and Discussion 
The following sections outline the empirical findings of the C-RFM framework, emphasizing the validation of 

the multimodal approach and its strategic advantages compared to conventional transactional models. By 
integrating quantitative metrics with generative insights, the results illustrate how the numerical paradox can 
be effectively addressed through both structural and semantic alignment. 

3.1 Quantitative performance and validation
The validation of the C-RFM framework employed a multi-faceted statistical approach, incorporating the 

Silhouette score to assess segment cohesion, the Adjusted Rand Index (ARI) to measure model novelty, and the 
Discrepancy Detection Rate (DDR), a novel metric specifically developed and implemented through this study, 
to quantify the business value of uncovering latent attrition risks. 
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3.1.1 Multimodal structural validation
A significant finding emerged when traditional RFM clusters were projected onto the PCA-derived semantic 

space, resulting in a Silhouette score of 0.000. This outcome suggests that transactional segments are statistically 
indistinguishable from random noise when assessed through customer feedback, thereby providing empirical 
evidence that purely quantitative models lack semantic richness. Within this conventional framework, RFM 
categories do not share a unified linguistic or experiential narrative, highlighting that high spending does not 
necessarily equate to customer satisfaction and that transactional loyalty can often obscure underlying 
administrative challenges. In contrast, the C-RFM framework effectively organized this linguistic complexity. As 
illustrated Table 1, the transition from raw PCA space to probabilistic topic distributions significantly improved 
structural validity. 
 
Table 1 – Comparative analysis of Silhouette scores across multimodal analytical spaces 

Model/Space Silhouette score Interpretation

RFM clusters on PCA space 0.000 Total semantic opacity 

C-RFM clusters on PCA space 0.161 Emergence of latent structure 

C-RFM on topic matrix (LDA) 0.249 Probabilistic consolidation 

3.1.2 Innovation and risk: ARI and DDR
The scientific novelty of the model was evaluated by calculating the Adjusted Rand Index (ARI) between the 

RFM clusters from Phase 1 and the semantic clusters from Phase 4. The primary aim of the ARI analysis was to 
assess the degree of similarity, or lack thereof, and potential redundancy between the established transactional 
model and the proposed multimodal framework (Sundqvist, Chiquet and Rigaill, 2023). 

The computed ARI of 0.005 represents a significant finding, indicating that the two partitioning methods are 
stochastically independent. This near-zero value underscores a phenomenon of semantic opacity, suggesting an 
almost non-existent correlation between a customer's spending behaviour and their qualitative experiences. 
While an ARI close to 1 would indicate redundancy, this outcome confirms that the C-RFM framework reveals 
distinct behavioural dimensions, demonstrating its capacity to provide a non-redundant and unique strategic 
perspective. 

Additionally, the framework presents the DDR as an innovative performance metric, which is established 
through the statistical cross-validation of transactional RFM segments and semantic topic clusters. This metric 
is defined by the following ratio: 

=  
|{c (c) }|

| |

 Starget: this refers to the group of customers identified within the highest transactional value segment. 
 Crisk: this denotes the subset of semantic clusters that highlight critical friction points. 
 (c): this is the semantic mapping function that assigns a customer, denoted as c, to a specific cluster 

based on their textual feedback. 
 : this operator indicates cardinality, representing the total number of individuals within the specified 

set. 
Derived from the empirical values within the dataset, the computed DDR of 0.515 exposes a significant latent 

churn crisis, indicating that 51.5% of the company’s most valuable customers are classified within high-risk 
clusters. This underlying threat underscores the fundamental limitations of conventional RFM analysis, which 
often fails to identify these critical churn risks (Lewaa, 2023). LDA topic modelling validates the internal 
differentiation within traditional RFM clusters, proving that customers are not a homogeneous entity but are 
instead fragmented across diverse experiential themes. 

3.2 Managerial interpretability
The evolution from abstract clusters to persona chatbots signifies the peak of Human-Computer Interaction 

(HCI) (Salminen et al., 2026). By transforming statistical groupings into strategic archetypes, the framework 
effectively connects data science with actionable marketing strategies. The deployment of the C-RFM Expert 
agent illustrates that LLMs, when supported by a RAG vectorized knowledge base, can conduct discrepancy 
analysis and generate prescriptive strategies with high accuracy. 
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This interpretability is implemented within the Langflow playground, where the agent enables interactive 
segmentation. Unlike conventional dashboards that present static data lists, the agent empowers managers to 
query the database using context-sensitive criteria. A pertinent example of this functionality is illustrated by the 
following strategic inquiry: 

“Identify a high-value customer in the database who had a negative experience with the last purchase and 
provide a brief report specifying their exact numerical Recency, Frequency, and Monetary values, their Semantic 
Cluster name, a quote of their actual Review Text, and a concise 3-step recovery plan to resolve the discrepancy 
between their high transactional value and negative feedback”.

As demonstrated in Figure 5, the agent successfully retrieved a high-value profile, accompanied by feedback 
expressing significant frustration with delivery failures. 

Figure 5 – C-RFM Expert prescriptive response
 
The output generated by the C-RFM agent represents a significant shift in analytical detail and segmentation 

effectiveness. While traditional RFM clustering provides a purely quantitative perspective on consumer value, 
remaining semantically opaque regarding the underlying causes of attrition, the C-RFM framework leverages the 
agent's ability to integrate transactional significance with detailed linguistic feedback. 

By following the agent's reasoning, managers could obtain an auditable and evidence-based understanding 
of the proposed strategy. This glass-box methodology ensures that each recommendation is underpinned by a 
clear rationale, enabling decision-makers to transition from descriptive insights to prescriptive interventions in 
real-time (Patil, 2024). Such transparency effectively alleviates the managerial skepticism commonly associated 
with black-box automated systems (Wang & Ding, 2024). 

3.3 Academic and practical implications
The results of this study provide a dual-layered contribution, connecting advanced data science with strategic 

marketing management. 
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3.3.1 Academic implications
This research resolves the numerical paradox by demonstrating that early-fusion textualization enables LLMs 

to preserve and interpret cross-modal correlations. The shift from a Silhouette score of 0.000 to 0.249 illustrates 
that semantic signals can be mathematically structured to enhance transactional data. 

However, it is important to acknowledge the absolute value of these structural metrics. Although this 
transition signifies a measurable improvement, scores remain lower than traditional RFM baselines, aligning 
with literature on the dimensionality curse in high-dimensional embedding spaces. This structural compression 
arises because the Silhouette score on Euclidean distance, which often fails to capture true proximity within 
high-dimensional contexts where latent space sparsity complicates rigid partitioning (Simpson et al., 2025). The 
framework addresses this challenge by shifting from geometric rigidity to the probabilistic logic of LDA, 
supplemented by the ARI and DDR metrics. While ARI provides empirical proof of the framework’s novelty by 
confirming the stochastic independence of transactional and semantic spaces, the DDR offers a non-geometric 
validation of the model’s strategic utility. By modelling the relationship between documents and topics as a 
distribution, the framework navigates the inherent ambiguity and polysemy of natural language more effectively 
than traditional distance metrics. Thus, the observed spatial overlap should not be interpreted as a failure of the 
model, but rather as a reflection of the fuzzy and continuous nature of semantic meanings (Petukhova et al., 
2024). 

3.3.2 Practical implications
The C-RFM framework effectively addresses hidden customer attrition by shifting from aggregate, 

retrospective segmentation to proactive, hyper-personalized recovery strategies. While traditional RFM models 
often lack insight into the emotional and logistical challenges that accompany high-value transactions, this 
framework functions as a scalable tool that converts passive data points into dynamic, conversational 
intelligence. 

Organizations can implement interventions that are both semantically and economically tailored by 
automating the identification of strategic archetypes. Such a transformation ensures that recovery efforts 
directly address the root causes of dissatisfaction, tackling specific friction points that numerical metrics alone 
may overlook. Additionally, the introduction of an agentic interface effectively mitigates the managerial 
skepticism. The framework establishes AI as an advanced strategic partner by integrating complex 
multidimensional insights into actionable and verifiable business narratives, thereby ensuring a human-centred 
and evidence-based response. 

4  Conclusions and Future Research
The C-RFM framework operationalized in this study effectively reconciles the quantitative inconsistencies 

inherent in traditional segmentation methods with a transparent model of XAI through the implementation of 
an early-fusion architecture. Its primary contribution lies in the practical validation of this early-fusion approach, 
which minimizes information loss and generates integrated semantic embeddings, thereby preserving semantic 
richness. 

In addressing RQ1, the study illustrates that a comprehensive validation strategy is crucial for effective 
integrated multimodal segmentation. By merging structured narrative synthesis with LDA topic modelling and 
structural metrics, the framework identifies behavioural segments that are both statistically robust and 
semantically distinct. This methodology ensures that the resulting clusters transcend mere mathematical 
constructs, representing meaningful and interpretable consumer archetypes. 

Concerning RQ2, the framework bridges the divide between opaque analytical outputs and actionable 
strategies through an agentic RAG architecture. The C-RFM Expert persona exemplifies how interactive chatbots, 
rooted in validated narratives, can automate discrepancy assessments and generate customized recovery plans. 
This shift from static categorizations to dynamic dialogue guarantees that marketing strategies are contextually 
transparent, data-driven, and auditable by human stakeholders. 

Additionally, the introduction of the DDR signifies a foundational innovation for identifying latent customer 
attrition. As a novel metric, it serves as a crucial starting point for iterative development, facilitating further 
refinement as it is applied across various organizational contexts to quantify the misalignment between 
transactional value and consumer sentiment. 

Future research could enhance the C-RFM framework by tackling current challenges related to data 
acquisition and the computational demands associated with commercial LLM interface. By incorporating socio-
demographic variables, subsequent studies can further enrich the depth and detail of customer narratives, 
yielding more comprehensive contextual insights. This framework can also serve as a significant advancement 

1027

Book of Papers presented at the IFKAD 2026 
Intelligent Knowledge for Sustainable Organizations 

Budapest, Hungary 1-3 July 2026 
ISBN: 978-88-96687-20-8



in human-centred CRM, fostering a more ethical and accountable approach that aligns data-driven accuracy with 
the complex realities of human behaviour. 
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