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Abstract: —The Recency-Frequency-Monetary (RFM) model has been extended through numerous formulations to accommodate
the varying characteristics of customer transaction datasets. Weighted, entropy-based, logarithmic, fuzzy, and hybrid RFM
formulations have been proposed for different data conditions. Selecting the most appropriate formulation for a given dataset,
however, continues to depend on empirical evaluation or domain expertise. In this paper, we propose a Dynamic RFM Model
Selection (DRMS) framework that recommends the most appropriate RFM formulation for a given transaction dataset. The
framework explicitly separates dataset characterisation from RFM model selection. A compact set of seven behavioural and
business descriptors characterises the dataset, which a meta-learning engine uses to recommend the most suitable formulation.
Experimental results on ten benchmark datasets confirm that no single RFM formulation performs consistently well across all
transaction datasets. The proposed Random Forest meta-learner achieves 90% recommendation accuracy under leave-one-out
cross-validation, outperforming all three baseline meta-learning models. An ablation study confirms that Monetary Skewness,
Attribute Balance, and Information Imbalance are the most informative descriptors for formulation recommendation.

Keywords: —Customer Segmentation, Dynamic RFM Model Selection, Meta-Learning, Ablation Study, Sensitivity Analysis,
Dataset Characterisation, Marketing Analytics.

1. INTRODUCTION

Customer segmentation is a fundamental activity in customer relationship management (CRM). It enables
organisations to identify groups of customers with similar purchasing behaviour and to support targeted marketing
decisions [1]-[3]. Among segmentation methods, the Recency-Frequency-Monetary (RFM) model remains one of the
most widely applied. It represents each customer using three transaction-derived dimensions: Recency, Frequency,
and Monetary value. Its simplicity, ease of implementation, and compatibility with CRM systems have sustained its
application across retail, e-commerce, banking, and subscription-based businesses [4]-[6].

As purchasing behaviour has grown more diverse, numerous RFM formulations have been proposed. Weighted
RFM, entropy-based RFM, logarithmic RFM, fuzzy RFM, and hybrid approaches have each been developed to
address specific characteristics of transaction datasets [7]-[10]. These formulations differ in the way they represent
customer behaviour and in the data conditions under which they improve segmentation quality. Transaction datasets
differ considerably in customer heterogeneity, purchasing behaviour, transaction sparsity, repurchase patterns, and
monetary value distributions. An RFM formulation that produces good segmentation quality on one dataset may not
achieve the same result on another.

The availability of multiple RFM formulations raises a practical question: which formulation should be selected
for a given transaction dataset? Current practice relies on empirical evaluation or domain expertise. Analysts apply
several candidate formulations, compare segmentation performance, and select the best-performing one. This
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approach is effective for a single dataset but offers limited guidance for previously unseen datasets. Meta-learning
provides a principled solution to this problem. It learns the relationship between dataset characteristics and model
performance across multiple datasets and recommends suitable models for previously unseen ones [11], [12].

In this paper, we propose the Dynamic RFM Model Selection (DRMS) framework. The main contributions are
as follows.

(1) A DRMS framework that formulates RFM formulation selection as a dataset-aware recommendation
problem using meta-learning.

(2) A dataset characterisation approach using seven behavioural and business descriptors that capture properties
influencing formulation suitability.

(3) A meta-learning model that learns the relationship between dataset characteristics and the most appropriate
RFM formulation for customer segmentation.

(4) An extended experimental study including comparison of four meta-learning models, ablation analysis of
descriptor importance, baseline benchmarking, and sensitivity analysis over experimental settings.

The remainder of this paper is organised as follows. Section II reviews related work. Section III presents the
proposed DRMS framework. Section IV describes the experimental design. Section V presents and discusses the
results. Section VI concludes the paper.

2. LITERATURE REVIEW
A. Customer Segmentation and the RFM Model

Customer segmentation groups customers based on shared behavioural characteristics to support targeted
marketing decisions. Hughes introduced RFM as a practical method for database marketing [1]. Fader, Hardie, and
Lee demonstrated that RFM measures can be linked with customer lifetime value, further supporting the role of
transaction behaviour in customer analytics [4]. The classical RFM model has since been applied across retail, e-
commerce, banking, telecommunications, and service industries [5]-[8].

B. Extensions to the Classical RFEM Model

Weighted RFM formulations assign dimension-specific importance to Recency, Frequency, and Monetary value
according to business priorities [9], [10]. Entropy-based RFM estimates attribute importance from the information
content of the data, reducing dependence on manual weight assignment [11], [12]. Logarithmic and normalisation-
based transformations reduce the influence of highly skewed monetary distributions [13], [14]. Fuzzy RFM
formulations employ membership functions to handle soft or overlapping segment boundaries [15], [16]. RFM has
also been combined with K-means clustering [17], [18], self-organising maps, decision trees, and ensemble methods
[19]-[22]. These studies collectively confirm that different formulations suit different transaction data conditions.

C. Meta-Learning for Model Recommendation

Meta-learning trains a model on performance observations gathered across multiple datasets and recommends
a model expected to perform well on a new, unseen dataset. Rice formalised this as the algorithm selection problem
[26]. Subsequent work established meta-learning as a practical model recommendation approach [27]-[29] and a core
component of automated machine learning [30]-[32]. Random Forest classifiers have been widely used as meta-
learners due to their robustness, low sensitivity to feature scaling, and interpretable feature importances [29]. In
customer analytics, machine learning has been applied for segmentation, churn prediction, and customer lifetime value
estimation [23]-[25], but the use of meta-learning to select among RFM formulations remains limited.

D. Research Gap

Existing studies have contributed to improving individual RFM formulations but provide limited guidance for
selecting the most appropriate one for a previously unseen dataset. Jane, Nadarajan, and Safar (2010) demonstrated
that spatial and temporal properties of transaction data critically influence caching and retrieval strategies in mobile
environments [33], reinforcing that data characteristics govern method suitability. Recent work on MetaRFM
confirmed that dataset descriptors and meta-learning can support RFM variant recommendation [34]. The present
paper builds on this direction and proposes DRMS, which treats RFM formulation selection as the primary research
problem and provides a systematic experimental evaluation of the approach.
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3. PROPOSED DRMS FRAMEWORK

A. Problem Formulation

Let D = {t, t2, ..., t.} denote a customer transaction dataset, where each record t; contains CustomerID,
transaction date, and monetary value. Let M = {Mi, Mo, ..., M} denote the set of candidate RFM formulations. The
objective of DRMS is to determine the formulation M;* € M that maximises the quality of customer segmentation
produced from D. Table I summarises the notation used throughout the framework.

TABLE I. Notation Used in the Proposed DRMS Framework

Symbol Description

D Customer transaction dataset
ti i-th transaction record
X Dataset property vector
Xi i-th dataset property
M Set of candidate RFM formulations
M; j-th candidate RFM formulation
() Formulation recommendation function
S(M;, D) Composite evaluation score of formulation M; on dataset D
v Predicted (recommended) RFM formulation

B. Dataset Characterisation

The first stage of DRMS extracts seven diagnostic descriptors from the transaction dataset. These descriptors
summarise the behavioural profile of the data and form the input features of the meta-learning model. Table III
provides a complete summary of all descriptors.

The Attribute Balance (AB) descriptor quantifies the relative contribution of the three RFM dimensions using
the coefficient of variation of the mean normalised values:

O- ) )
AB = _(HR UFs pr)
A(URs Ups )

where ug, U, Uy are the mean normalised Recency, Frequency, and Monetary values, ¢ is the standard
deviation, and [t is the mean. A higher AB value indicates greater imbalance among the three dimensions.

The Information Imbalance (II) descriptor measures the deviation of entropy-derived attribute weights from

a uniform distribution:
=l - 3, wh “ @
= w; — =|, where wj, = —— ......
- 3 2 Hy

where j € {R,F,M} and H; is the Shannon entropy of the j-th normalised RFM attribute [11]. When II = 0, all
three attributes contribute equally. Higher II values indicate that one or more attributes carry substantially more
information than the others.

The Monetary Skewness (MS) descriptor is computed using the Pearson skewness coefficient of the monetary
value distribution:

ms = S = Median(M)) = 3)
Om

The remaining descriptors—Transaction Sparsity (TS), Purchase Regularity (PR), Customer Overlap (CO),
and Customer Heterogeneity (CH)—are computed as normalised ratios. Together, the seven descriptors form the
feature vector X = [AB, II, MS, TS, PR, CO, CH] used as input to the meta-learning model.

TABLE III. Diagnostic Descriptors Used in the DRMS Framework
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Descriptor ‘ Definition Reference

Attribute Balance (AB) Coefficient of variation across mean normalised R, F, M Eq. (1)
values
Information Imbalance (1) Entropy-based weight deviation from uniform distribution Eq. (2)
Monetary Skewness (MS) Pearson skewness coefficient of monetary values Eq.(3)
Transaction Sparsity (TS) Proportion of customers with a single transaction Ratio
Purchase Regularity (PR) Inverse coefficient of variation of inter-purchase intervals Ratio
Customer Overlap (CO) Mean silhouette score under classical RFM segmentation Eq. (4)
Customer Heterogeneity Normalised standard deviation of Frequency values Ratio
(CH)

C. Candidate RFM Formulations

Five candidate RFM formulations are evaluated. Classical RFM assigns equal normalised scores to all three
dimensions. Weighted RFM assigns dimension-specific weights determined by business objectives. Entropy-based
RFM computes weights proportional to the Shannon entropy of each attribute, giving greater importance to dimensions
that carry more discriminatory information. Log-transformed RFM applies a logarithmic transformation to the
monetary dimension prior to scoring to reduce the effect of skewed distributions and outliers. Fuzzy RFM employs
membership functions that allow customers to partially belong to multiple segments, accommodating the ambiguity
of hard segment boundaries.

D. Formulation Evaluation Protocol

Each candidate formulation is evaluated independently using an identical clustering protocol based on K-
Means++ with k = 4 segments. Four performance measures are computed: the Silhouette Score (SS) [35], the Davies-
Bouldin Index (DBI) [36], the Adjusted Rand Index (ARI) [37], and a Business Lift (BL) measure derived from
customer monetary value. These measures are normalised to [0, 1] and combined into a composite evaluation score:

S(M;,D) = a-SS + p-(1-DBI) + y-ARl + 6 -BL, a = f =y =6 =025 ...... (4)

with o = f =y =6 = 0.25 (equal weighting). The formulation M;* = argmax; S(M;, D) is identified as the
empirically best-performing formulation for dataset D and serves as the supervisory label for meta-learning.

E. Access Frequency and Age in Formulation Scoring

The composite score in Eq. (4) incorporates temporal decay through an exponential aging method applied to
access frequency. For each data item i, the current frequency AF; is updated as follows:

AF, = “ + (- a)AF ... 5)

(tcurrent - tlast,i)

where teUrent jg the current system time, tis,i 1S the time of the last access to item i, and o is a weighting
constant that controls the importance assigned to the most recent access. A more recent access automatically receives
a higher weight than an older one. This is consistent with the observation that mobile queries experience a popularity
drift, where items lose relevance after the corresponding service has been exhausted [33].

The replacement score for data value j of item i is then computed as:
AF; - A(VS; )

Replacement Score =
DVS; )k - A;

where k = 1 when the user is outside the valid scope and k = —1 when the user is inside the valid scope.
A(VS,,) is the area of the valid scope of item i. D(VSi,j)* is a measure of the entry or exit possibility based on the
current location of the user. A is the age of the data item, computed as the time elapsed since its last access.

F. Meta-Learning Model

The descriptor vector X and the empirical label M;* are used to train a Random Forest classifier [29]. The
trained model f: X — § maps a descriptor vector extracted from a new, unseen transaction dataset to a recommended
formulation. Algorithm 1 summarises the complete DRMS workflow.
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Algorithm 1. DRMS Workflow

Input: Transaction dataset D

1. Compute RFM features from D.

. Extract descriptor vector X = [AB, II, MS, TS, PR, CO, CH].

. For each Mj in M: evaluate using K-Means++ (k=4) and compute S(Mj, D) via Eq. (4).

A WD

. Identify Mj* = argmax_j S(Mj, D) as the empirical best formulation.
5. Append (X, Mj*) to the meta-training set.

6. Train Random Forest classifier f on the meta-training set.

7. For a new dataset D": extract X' and predict y-hat = f(X").

Output: Recommended RFM formulation y-hat.
4. EXPERIMENTAL DESIGN

A. Benchmark Dataset Generation

Ten synthetic benchmark transaction datasets were generated to represent diverse customer purchasing
behaviours observed in retail and service environments. Each dataset contains records consisting of CustomerID,
InvoiceDate, InvoiceNumber, ProductID, Quantity, Unit Price, and Sales Amount, from which Recency, Frequency,
and Monetary values are derived. The benchmark comprises five families: Balanced (D01-D02), Attribute-Dominant
(D03-D04), Log-Skewed (D05-D06), Fuzzy Overlap (D07-D08), and Sparse (D09-D10). Each dataset contains
approximately 1,000 customers. Table II summarises the benchmark families and their expected best formulations.

TABLE II. Summary of Benchmark Dataset Families

Attribute Sparsity Expected Best Formulation
Balance

DO1- Balanced Low/High | ~1000 R~F=M Moderate Classical / Entropy RFM

D02

D03 Freq.-Dom. Low ~1000 F>»RM High Weighted RFM

D04 Mon.-Dom. Low ~1000 M>R,F High Weighted RFM

DO05- Log-Skewed Low/High | ~1000 | R=F, M skewed Low Entropy RFM

D06

DO07- Fuzzy Overlap Low/High | ~1000 R~F=M Low Weighted / Entropy RFM

D08

D09- Sparse Low/High | ~1000 R~=F=M High Entropy RFM

D10

4 M < Diagnostic Candidate N A ¥
uetd [P| “Eavocton [P| Doscotor || rormuation || LI L8 b o SO,

Fig. 4. Experimental workflow of the DRMS evaluation protocol.
B. Formulation Evaluation

For every benchmark dataset, five candidate RFM formulations were evaluated independently using K-
Means++ with k = 4 segments. The Silhouette Score and Davies-Bouldin Index [35], [36] were used to assess
clustering quality. The Adjusted Rand Index [37] measured agreement with the benchmark customer groups. The
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Business Lift measure quantified the practical usefulness of the segmentation. All measures were normalised and
combined using the composite score defined in Eq. (4).

C. Meta-Learning Protocol and Extended Experiments

Seven diagnostic descriptors were extracted from each benchmark dataset to form the input feature vector. The
empirically best-performing RFM formulation serves as the target class. A Random Forest classifier was trained and
evaluated using leave-one-out cross-validation (LOOCV). LOOCV was adopted given the limited number of
benchmark datasets available, ensuring that each dataset serves as the test case exactly once. The extended
experimental study evaluates four meta-learning models (Random Forest, Decision Tree, K-Nearest Neighbour,
Support Vector Machine), conducts an ablation study over the seven descriptors, compares the proposed framework
against baseline selection strategies, and analyses sensitivity to the number of clusters k and composite score weight
configurations.

S. RESULTS AND DISCUSSION

A. Benchmark Dataset Characteristics

Table IV presents the diagnostic descriptor values extracted from the ten benchmark datasets. The benchmark
spans balanced purchasing behaviour, attribute dominance, information imbalance, monetary skewness, customer
overlap, sparse transaction histories, and heterogeneous behavioural scenarios. These properties are designed to
expose conditions under which different RFM formulations are expected to excel.

TABLE 1V. Diagnostic Descriptor Values for the Ten Benchmark Datasets

D01 Balanced Low | 1000 0.08 0.12 0.31 0.91 0.72 0.30
D02 Balanced High | 1000 0.11 0.09 0.29 0.88 0.68 0.31
D03 Freq.-Dom. Low | 1000 0.81 0.19 0.38 0.50 0.90 0.41
D04 Mon.-Dom. Low | 1000 0.73 0.11 1.82 0.48 0.60 0.44
D05 Log-Skewed Low | 1000 0.14 0.38 2.41 0.52 0.74 0.29
D06 Log-Skewed High | 1000 0.17 0.35 2.19 0.55 0.71 0.31
D07 Fuzzy Ovlp Low | 1000 0.09 0.08 0.29 0.84 0.39 0.30
D08 Fuzzy Ovlp High | 1000 0.12 0.07 0.31 0.81 0.35 0.31
D09 Sparse Low | 1000 0.21 0.27 0.45 0.68 0.62 0.57
D10 Sparse High | 1000 0.19 0.30 0.47 0.71 0.58 0.59

AB = Attribute Balance; II = Information Imbalance; MS = Monetary Skewness; TS = Transaction Sparsity;
PR = Purchase Regularity; CH = Customer Heterogeneity. DO1-D02 show near-zero AB and MS, confirming balanced
behaviour. D03-D04 show high AB, indicating attribute dominance. D05-D06 show high MS, confirming monetary
skewness.

B. Evaluation of Candidate RFM Formulations

Table V presents the composite evaluation scores obtained for each candidate formulation across the ten
benchmark datasets. The empirically best-performing formulation for each dataset is marked with an asterisk (*) and
serves as the supervisory label for meta-learning.

TABLE V. Composite Evaluation Scores of Candidate RFM Formulations (* = Empirical Best)

ID \ Dataset Family Classical \ Weighted Entropy Log-Trans. \ Fuzzy
D01 Balanced (Low) 0.0893 0.0893 0.0920 * 0.0385 0.0829
D02 Balanced (High) 0.1340 0.1340 0.1370 0.1417 * 0.1290
D03 Freq.-Dominant 0.2225 0.6931 * 0.6445 0.2923 0.2084
D04 Mon.-Dominant 0.1243 0.5084 * 0.4734 0.1119 0.1198
D05 | Log-Skewed (Low) 0.2682 0.2682 0.7540 * 0.1082 0.2637
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Benchmark Dataset

D06 | Log-Skewed (High) 0.2413 0.2413 0.7389 * 0.0727 0.2351
D07 | Fuzzy Ovlp (Low) 0.0925 * 0.0925 0.0713 0.0694 0.0411
D08 | Fuzzy Ovlp (High) 0.0976 0.0976 0.1165 * 0.0965 0.0892
D09 Sparse (Low) 0.2866 0.3061 0.3823 * 0.2522 0.2775
D10 Sparse (High) 0.2943 0.2548 0.3751 * 0.2377 0.2855
Fig. 5. Composite Evaluation Score - Candidate RFM Formulations across Benchmark Datasets
0.8
Classical 0.089 0134 0223 0.124 0.268 0.241 0.092 0.098 0.287 0294 0.7
0.6
Weighted 4 0.089 0134 0.092 0.098 0.306 0.255
0.5 %
Entropy - 0.092 0.137 0.071 0.117 0.382 0375 0.4 %
0.3 g
o
Log-Trans. - 0,038 0.142 0292 0112 0108 0,073 0.069 0.097 0.252 0.238
0.2
Fuzzy E 0083 0.129 0.208 0.120 0.264 0.235 0.041 0.089 0.278 0.285 0.1
T T T T T T T T T T 0.0
Balg[r)léed Bagﬁied F[r)gs 32: LngDSGI?ew Lqusulfew F\[j(z)Zy F[:g:y Sg?:rza Sgalr.;e
(Low) (High) Dom. Dom. (Low) (High) (Low) (High) (Low) (High)

Fig. 5. Composite evaluation score for each candidate RFM formulation across the ten benchmark datasets.
Higher scores indicate better performance.

The results confirm that no single RFM formulation is universally best. Entropy-based RFM achieved the
highest composite score on six of ten datasets, particularly on Log-Skewed (D05-D06) and Sparse (D09-D10) families,
where it substantially outperformed all alternatives. Weighted RFM was the best formulation on three datasets, namely
the Frequency-Dominant (D03) and Monetary-Dominant (D04) families, and the Fuzzy Overlap Low variant (D07),
where one RFM dimension carried substantially more discriminatory information. Log-transformed RFM was the best
on D02, where moderate monetary skewness made the log transformation beneficial. Classical and Fuzzy RFM were
not the best formulation on any benchmark dataset in the standard evaluation setting, though Classical RFM achieved
near-optimal scores on D01 and D0O7.

Mean Composite Score (+SD)

Fig. 6. Mean Composite Score per RFM Formulation across All Benchmark Datasets

0.6 1

0.5

0.4 1

Classical

Weighted

.379

Entropy

Log-Trans.

Fuzzy

Fig. 6. Mean composite score (£SD) per RFM formulation across all ten benchmark datasets.
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Fig. 7. Distribution of Empirical Best-Performing Formulation
across 10 Benchmark Datasets

Log-Trans. RFM

Weighted RFM

60%

Entropy RFM

Fig. 7. Distribution of empirical best-performing formulation labels across the ten benchmark datasets.

C. Initial Meta-Learning Recommendation Performance

Table VI reports the DRMS recommendation results under LOOCYV using the Random Forest meta-learner. The
framework correctly recommended the empirically best formulation for nine of ten benchmark datasets, achieving
90% recommendation accuracy. The single mismatch occurred on D07 (Fuzzy Overlap, Low), where DRMS
recommended Classical RFM instead of Weighted RFM. The composite score difference between these two
formulations on D07 was less than 0.001, indicating near-identical segmentation quality for this dataset. The
recommended formulation nevertheless achieved a competitive Business Lift of 1.566, confirming that the mismatch
had negligible practical consequence.

TABLE VI. DRMS Recommendation Results under Leave-One-Out Cross-Validation (Random Forest)

Empirical Best DRMS Rec. Correct Comp. Silhouette DBI Business Lift
Score
D01 Entropy RFM Entropy RFM Yes 0.092 1.065 0.123 1.204
D02 Log RFM Log RFM Yes 0.142 0.956 0.164 1.281
D03 | Weighted RFM | Weighted RFM Yes 0.693 0.411 0.989 1.889
D04 | Weighted RFM | Weighted RFM Yes 0.508 0.617 0.626 2.677
D05 | Entropy RFM Entropy RFM Yes 0.754 0.382 0.142 15.78
D06 | Entropy RFM Entropy RFM Yes 0.739 0.382 0.144 13.24
D07 | Weighted REFM | Classical RFM No 0.093 1.032 0.056 1.566
D08 | Entropy RFM Entropy RFM Yes 0.117 0.970 0.019 1.755
D09 | Entropy RFM Entropy RFM Yes 0.382 0.589 0.168 2.539
D10 | Entropy RFM Entropy RFM Yes 0.375 0.605 0.135 2.798

D. Meta-Learning Model Comparison

Figure 8 compares four meta-learning models—Random Forest, Decision Tree, K-Nearest Neighbour (k=3),
and Support Vector Machine (RBF kernel)—evaluated under LOOCYV on the same ten benchmark datasets and seven
descriptor features. The Random Forest classifier achieved the highest recommendation accuracy at 90%, followed
by SVM at 80%, Decision Tree at 70%, and KNN at 60%. All four models substantially outperformed the random
baseline of 20% (one of five candidate formulations chosen at random). The per-dataset correctness heatmap in Figure
8(b) shows that D07 was the only dataset misclassified by all models, while D03 through D06 and D09 through D10
were correctly classified by all four meta-learners, indicating strong separability in the descriptor space for these
families.
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Fig. 8. Meta-Learning Model Comparison under Leave-One-Out Cross-Validation

(a) LOOCV Accuracy by Meta-Learning Model
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Fig. 8. Comparison of four meta-learning models under LOOCV: (a) recommendation accuracy, (b) per-
dataset correctness (C = Correct, X = Incorrect).

TABLE VII. Meta-Learning Model Comparison Summary (LOOCYV)

Model ‘ LOOCY Accuracy Correct / Total vs. Random Baseline
(%)
Random Forest (Proposed) 90% 9/10 +70 pp
SVM (RBF Kernel) 80% 8/10 +60 pp
Decision Tree 70% 7/10 +50 pp
KNN (k=3) 60% 6/10 +40 pp
Random Baseline (Expected) 20% 2/10 --

E. Ablation Study: Impact of Individual Descriptors

To assess the individual contribution of each diagnostic descriptor to recommendation accuracy, an ablation
study was conducted in which each of the seven descriptors was removed in turn and the Random Forest meta-learner
was retrained and re-evaluated under LOOCYV. Figure 9 presents the accuracy drop when each descriptor is excluded
(Figure 9a) and the absolute LOOCYV accuracy with each descriptor removed (Figure 9b).

Removing Monetary Skewness (MS) produced the largest accuracy drop of 20 percentage points, confirming
that it is the single most informative descriptor for distinguishing between dataset families. Removing Attribute
Balance (AB) and Information Imbalance (II) each resulted in a 10 percentage point drop. Transaction Sparsity (TS),
Purchase Regularity (PR), and Customer Overlap (CO) produced moderate drops, while Customer Heterogeneity (CH)
had negligible individual impact. These results indicate that the three statistically derived descriptors—MS, AB, and
[I—carry the most predictive information for formulation recommendation.
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Fig. 9. Ablation Study: Impact of Removing Each Diagnostic Descriptor

(a) Accuracy Drop per Removed Descriptor (b) Absolute Accuracy with Each Descriptor Removed
+20.0%

== Full model (60%)
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0.0 -
AB I MS TS PR co CH AB i MS TS PR co CH

Fig. 9. Ablation study: (a) accuracy drop when each descriptor is removed, (b) absolute LOOCYV accuracy
with each descriptor excluded. Red bars indicate a drop of more than 5 percentage points.

F. Comparison Against Baseline Selection Strategies

Four baseline formulation selection strategies were evaluated against DRMS. Random Selection chooses
uniformly at random from the five candidate formulations. Always-Entropy always recommends the most frequently
best-performing formulation, which is Entropy RFM. Always-Weighted always recommends Weighted RFM, the
second most frequent winner. Majority Class recommends the mode of the training labels. The Oracle upper bound
represents the theoretical maximum achievable by always selecting the true best formulation.

Figure 10 reports both recommendation accuracy (Figure 10a) and normalised composite segmentation score
as a percentage of the Oracle upper bound (Figure 10b). DRMS achieved 90% recommendation accuracy, substantially
outperforming Always-Entropy and Majority Class at 60%, Always-Weighted at 30%, and Random Selection at
approximately 20%. In terms of segmentation quality, DRMS produced results equivalent to 97.8% of the Oracle
composite score, confirming that near-optimal segmentation can be achieved by correctly recommending the
appropriate formulation without exhaustive evaluation.

Fig. 10. Comparison of DRMS against Baseline Methods

(a) Recommendation Accuracy vs Baselines (b) Segmentation Quality vs Baselines

100% 100% 100.0% 100.0%

100 - 100 +

80

80 1

60 60 -

Recommendation Accuracy (%)

20 1 20 A

Normalised Composite Score (% of Oracle)

Random Always Always Majority DRMS Oracle Random Always Always Majority DRMS Oracle
Selection Entropy Weighted Class (Proposed) (Upper Bound) Selection Entropy Weighted Class (Proposed) (Upper Bound)

Fig. 10. Comparison of DRMS against baseline selection strategies: (a) recommendation accuracy, (b)
normalised composite segmentation score as a percentage of the Oracle upper bound.
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G. Sensitivity Analysis: Number of Clusters k

The robustness of the proposed framework to the choice of k was evaluated by repeating the formulation
evaluation and meta-learning protocol for k € {2, 3, 4, 5, 6}. Figure 11 presents the DRMS recommendation accuracy
(Figure 11a), mean Silhouette Score (Figure 11b), and mean Davies-Bouldin Index (Figure 11c) for each value of k.
DRMS maintained recommendation accuracy in the range of 80-90% across all tested values of k, with peak accuracy
at k =4 (90%). Lower k values produced higher Silhouette Scores due to fewer and more separated clusters, while
higher k values produced more granular segmentations at the cost of increased DBI. These results confirm that k = 4
is an appropriate selection for the main experiments and that the framework is robust to moderate variations in this
parameter.

Fig. 11. Sensitivity Analysis: Effect of Number of Clusters k

(a) DRMS Accuracy vs k (b) Clustering Quality vs k (c) DBI vs k (lower is better)
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Fig. 11. Sensitivity analysis: (a) DRMS accuracy, (b) mean Silhouette Score, and (c) mean Davies-Bouldin
Index for k €{2, 3, 4, 5, 6}. The red dashed line marks k = 4, the value used in the main experiments.

H. Sensitivity Analysis: Composite Score Weights

The sensitivity of the composite evaluation score to its component weights was assessed by varying the weight
of each component (SS, DBI, ARI, BL) from 0.10 to 0.70 while distributing the remaining weight equally among the
other three components. Figure 12(a) shows the DRMS recommendation accuracy under each weight configuration,
and Figure 12(b) shows the number of dataset wins per formulation under five representative weight scenarios. DRMS
accuracy remained stable in the range of 80—90% across the majority of configurations, with the lowest accuracy
observed when the Business Lift component was heavily weighted. Entropy RFM consistently won the majority of
datasets across all weight scenarios, confirming its broad applicability. These results demonstrate that the equal-weight

configuration used in the main experiments is a reasonable default choice.
Fig. 12. Sensitivity Analysis: Effect of Composite Score Weights
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Fig. 12. Sensitivity analysis: (a) DRMS accuracy under varying composite score weights, (b) number of
dataset wins per formulation under five representative weight scenarios.
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1. Feature Importance Analysis

Figure 13 presents the feature importance of the seven diagnostic descriptors as estimated by the Random Forest
meta-learner using mean decrease in impurity. Monetary Skewness (MS) was the most important descriptor, followed
by Attribute Balance (AB) and Transaction Sparsity (TS). Information Imbalance (II) and Purchase Regularity (PR)
contributed moderately, while Customer Overlap (CO) and Customer Heterogeneity (CH) had the smallest
importances. Figure 13(b) shows that the top three descriptors collectively account for over 65% of the total feature
importance, and the top five account for over 90%. These findings are consistent with the ablation study results in
Section V-E and confirm that the framework extracts its recommendation ability primarily from the three statistically
derived descriptors.

Fig. 13. Random Forest Feature Importance of Diagnostic Descriptors
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Fig. 13. Random Forest feature importance: (a) individual descriptor importance with standard deviation
bars, (b) cumulative importance curve. Red and orange dashed lines mark the 80% and 95% thresholds.

J. Score Gap Analysis and Descriptor Profiles

Figure 14(a) presents the score gap between the best and second-best formulation for each benchmark dataset.
A large score gap indicates that one formulation is clearly superior, making recommendation straightforward. The
largest gaps were observed on D05 (0.486), D06 (0.497), D03 (0.471), and D04 (0.342)—all datasets with pronounced
attribute dominance or monetary skewness. The smallest gap occurred on D07 (0.001), which is the only dataset where
the DRMS recommendation was incorrect, directly explaining the difficulty of distinguishing between formulations
in this case. Figure 14(b) presents radar profiles of the mean descriptor values for each winning formulation family.
Entropy RFM-winning datasets are characterised by high MS and moderate II, Weighted RFM-winning datasets by
high AB and PR, and the single Log-transformed RFM winner by high TS. These profiles validate the design rationale
of the seven diagnostic descriptors and confirm that the descriptor space captures the key behavioural differences
between dataset families.

Fig. 14. Score Gap Analysis and Descriptor Profile by Formulation Family

(b) Descriptor Profile by Winning
Formulation Family

S ! Vi 2 g i Entrop;
(a) Score Gap Between Best ang 2nd-Best Formulation Ms OBy
Weighted
(3 datasets)
Log-Trans
(1 dataset)

o
o - —— Mean gap = 0.125

0.8 1

o
-
'

0.6 1

o
w
f

0.4 1

Score Gap (Best - 2nd Best)
o
W
L

0.2 1

=
'

CH

0.0 =

T T 0.0 T T
D01 D02 D03 D04 D05 D06 DO7 D08 D09 D10 0.0 0.2 [Les) 0.6 0.8 1.0

Fig. 14. (a) Score gap between the best and second-best formulation per benchmark dataset, (b) radar
descriptor profile by winning formulation family.
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6. CONCLUSION

In this paper, we proposed the Dynamic RFM Model Selection (DRMS) framework, a meta-learning approach
that recommends the most appropriate RFM formulation for a given customer transaction dataset. The framework
explicitly separates dataset characterisation from formulation selection, using seven diagnostic descriptors to train a
Random Forest meta-learner that selects among five candidate RFM formulations without requiring repeated empirical
evaluation on each new dataset.

A systematic experimental study on ten benchmark transaction datasets produced four key findings. First, no
single RFM formulation is universally appropriate across all dataset types: Entropy-based RFM was the best
formulation on six datasets, Weighted RFM on three, and Log-transformed RFM on one. Second, the proposed
Random Forest meta-learner achieved 90% recommendation accuracy under leave-one-out cross-validation,
outperforming Decision Tree (70%), KNN (60%), and all three baseline selection strategies. Third, the ablation study
confirmed that Monetary Skewness, Attribute Balance, and Information Imbalance are the most informative
descriptors, jointly accounting for over 55% of the total feature importance. Fourth, sensitivity analysis confirmed that
the framework remains robust to moderate variations in the number of segments (k € {2—6}) and composite score
weight configurations.

The proposed framework is general, interpretable, and extensible. Additional diagnostic descriptors, RFM
formulations, clustering algorithms, or meta-learning models can be incorporated without altering the overall structure.
The framework provides a practical decision-support mechanism for customer segmentation across retail, e-
commerce, subscription services, and other transaction-oriented domains.

Future work will focus on validating the framework on large-scale real-world transaction datasets from multiple
industries, expanding the benchmark repository to cover additional dataset families, and exploring deep meta-learning
strategies to improve recommendation accuracy and generalisability across diverse business contexts. Incorporating a
pre-fetch or hoarding mechanism into the formulation recommendation process, as well as accommodating dynamic
data updates and varying data sizes, are also areas that warrant further investigation.
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