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Abstract

Customer churn remains one of the most consequential problems facing business enter-
prises globally. Compared with the enticement and acquisition costs associated with
acquiring new customers, retaining an existing subscriber is substantially cheaper. Due to
its significance to business sustainability, various studies have analysed churn using vari-
ous predictive analytics approaches. However, the majority of the proposed models rarely
consider the key contribution of class imbalance issues, present controlled comparisons
across single and ensemble models, or provide explanations and interpretation contexts
to the predictions. In this study, nine classification algorithms, including six single learn-
ers (Logistic Regression (LR), Decision Tree (DT), Gaussian Naive Bayes (Gaussian NB),
K-Nearest Neighbours (K-NN), Support Vector Machine (SVM), Random Forest (RF)) and
three boosting ensembles (Gradient Boosting Machine (GBM), Extreme Gradient Boosting
(XGBoost), Light Gradient Boosting Machine (LightGBM)), are evaluated under an iden-
tical preprocessing and validation protocol using the publicly available churn dataset of
7043 subscribers, with repeated stratified fivefold cross-validation and five random restarts.
Class imbalance is addressed through Adaptive Synthetic Sampling (ADASYN), with its
contribution compared against no resampling, class weighting, and Synthetic Minority
Over-sampling Technique (SMOTE). The best-performing configuration, LightGBM under
ADASYN, achieved a mean F1 of 0.7212, an ROC-AUC of 0.9094, and a PR-AUC of 0.7916,
outperforming other models by a statistically detectable but practically modest margin.
The LightGBM is further subjected to a two-level interpretability analysis using SHapley
Additive exPlanations (SHAP) for global reasoning and Local Interpretable Model-agnostic
Explanations (LIME) for case-level reasoning. The resulting insights are translated into a
retention framework that links churn drivers to practical business decisions.

Keywords: customer churn prediction; ensemble learning; explainable artificial intelligence;
ADASYN; class imbalance; customer relationship management

1. Introduction

In competitive service industries, retaining existing customers is a strategic priority
because switching costs are low and substitutes are abundant [1]. Against this backdrop,
customer churn, which refers to the voluntary discontinuation of a service relationship,
constitutes a major economic threat for service providers. Modest reductions in churn
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can produce disproportionate revenue effects. A five percent reduction in churn rate can
potentially increase revenue from 25% to 85%. This positions customer retention from
an operational concern to a key strategic one [2,3]. Advances in predictive analytics and
the growing availability of granular customer data have created favourable conditions
for viable options in the form of data-driven churn intelligence [4]. Data-driven models
such as DT, SVM and neural networks have improved on statistical baselines in identifying
customers at risk of attrition [5]. More recently, ensemble learning has gained attention
because combining multiple learners tends to improve predictive robustness and reduce
variance [6-8]. Despite these advances, two issues nonetheless continue to limit the practical
applications of churn prediction studies. First, churn datasets are typically imbalanced,
with churned customers often representing only 15% to 30% of observations. When this
data asymmetry is not explicitly addressed, classifiers tend to favour the majority class
and under-detect churners [9]. Resampling techniques, especially SMOTE, remain the
most common response to class imbalance. However, SMOTE's interpolation mechanism
does not account for the density heterogeneity of churn data. As a viable alternative,
ADASYN provides a density-aware option that concentrates synthetic sample generation
on harder-to-learn boundary instances [10].

Second, many studies emphasise predictive performance without converting model
outputs into decision-relevant reasoning. Although single and ensemble models relatively
perform well in churn prediction, [11,12], practitioners still require transparent explanations
that justify retention actions. The opacity of high-performing models therefore constrains
their adoption because managers must base decisions on interpretable and defensible
evidence [13]. Hence, the need to include interpretability and explainability features in
the prediction model is crucial for translating model behaviour and performance into
instance-level explanations that support managerial comprehension [14].

The key contribution of this study lies in the methodological rigour. While the six
single learners (LR, DT, Gaussian NB, K-NN, SVM, RF) and the three ensemble learners
(GBM, XGBoost, LightGBM) are established algorithms, this study places them under one
leakage-controlled and reproducible benchmark, isolates imbalance treatment through a
four-arm comparison approach, and tests model differences with repeated paired statistical
comparisons. The best-performing model is then examined with SHAP and LIME, with
explanation fidelity, stability and cross-technique agreement quantified. This combination
links predictive benchmarking, imbalance analysis and validated explainability within one
customer-retention workflow. The main contributions are summarised as follows.

1. Evaluates nine established classifiers spanning linear, probabilistic, instance-based,
kernel-based, bagging, and boosting paradigms under a common preprocessing
pipeline, repeated stratified cross-validation, and paired statistical testing.

2. Evaluates four imbalance conditions—no resampling, class weighting, SMOTE, and
ADASYN—within the training folds, together with a confirmatory holdout set. This
design isolates the contribution of imbalance treatment rather than assuming that a
particular resampling method is beneficial.

3.  Examine the selected model using SHAP and LIME, with explanation quality assessed
through local fidelity, stability under repeated sampling, and rank agreement between
the two explanation techniques.

4. Adopts a two-level interpretability design in which global feature attributions support
strategic decision-making, while case-level explanations support operational customer
interventions. The identified churn drivers are further linked to actionable retention
rules and intervention options within a customer-retention workflow.

The remainder of the paper is organised as follows. Section 2 presents related work
on churn prediction analysis. Section 3 presents the methodology. In this section, the
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deployed dataset, data preprocessing, models and evaluation metrics are comprehensively
discussed. Section 4 discusses empirical results, while Section 5 concludes the study with
contributions, limitations and directions for future research.

2. Related Works

Over the past decades, the methodological trajectory of churn prediction has evolved
from transparent statistical models towards increasingly advanced machine-learning (ML)
architectures that often provide greater predictive performance at the expense of inter-
pretability. Early studies relied on traditional ML models, mainly LR and DT, which offered
simplicity but captured nonlinear customer behaviour patterns weakly, particularly in
large customer datasets [15]. The emergence of advanced ML techniques in the mid-2000s
shifted this trajectory, as neural networks provided improved predictive accuracy in churn
classification [16].

Contemporary churn prediction increasingly centres on ensemble learning. While
conventional ensembles such as RF demonstrated the value of bagging-based variance
reduction for churn modelling [17], sequential boosting architectures such as XGBoost [18]
and LightGBM [19] proffer advanced performance by iteratively fitting the residual errors
of preceding learners. The study in [20] showed that XGBoost combined with Bayesian hy-
perparameter search outperformed benchmark methods across several telecommunications
datasets under a profit-driven objective.

Although ensemble methods have strengthened predictive performance, typical churn
analytics face recurrent class imbalance issues that are associated with churn datasets. In
typical churn datasets, the minority churn class accounts for only 15% to 30% of obser-
vations. Classifiers trained on such a distribution tend to favour the majority class and
therefore fail to identify many churners’ imbalance [21]. Researchers often address this
imbalance issue through resampling such as SMOTE and ADASYN. SMOTE, introduced
by [22], generates synthetic minority instances by linear interpolation between existing
samples and their K-NN. This has been widely applied in churn research [9,13]. On the
other hand, ADASYN, proposed by [10], extends this logic by assigning synthetic sample
weights in proportion to the local learning difficulty of each minority instance, measured
by the proportion of majority class instances in its k-nearest-neighbourhood. This density-
aware mechanism concentrates augmentation where classifier confusion is greatest and
therefore better reflects the empirical difficulty structure of the data.

A second unresolved issue is interpretability concern. High-performing single and
ensemble models can be difficult to operationalise in CRM systems. Their black-box
nature may hinder adoption because managers need to understand why a customer is
classified as high risk. SHAP provides theoretically grounded feature attributions that
can be aggregated across the customer base and inspected for individual cases, while
LIME provides a local surrogate that presents case-level drivers in a compact, practitioner-
reader form [23-25]. Recent work also shows the value of local explanation for complex
predictive systems [26]. Thus, the study showed that explanation can reveal the direction
and importance of influential factors rather than merely report predictive accuracy. In
customer analytics, this distinction is important because explanation is the mechanism
through which a risk score can be translated into defensible retention strategies. Recent
customer-rating research similarly demonstrates how SHAP can move analysis beyond
prediction toward identifying actionable drivers or strategies that can be implemented [27].

Refs. [28,29] compared three to seven classifiers, incorporating SMOTE variants, bor-
derline over-sampling, and class weighting. The studies reported SHAP-based attribution
as an additional output. However, neither study tested the resulting model rankings for
statistical significance, and neither treated the resampling method itself as an ablated exper-
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imental factor. Some studies isolated imbalance handling without pairing it with statistical
model comparison or an explainability layer. Reference [30] evaluated an ADASYN and
NearMiss combination on retail banking transaction data using distributional tests. In
contrast, [31] and [5] examined two-level stacking and cross-company data transforma-
tion, respectively. However, the study did not consider class imbalance nor provide an
explanation of individual predictions. Reference [9] evaluates only one SMOTE configura-
tion based on the ratio scale and does not compare treatment alternatives. Reference [20]
optimises model selection for profit but does not include an adaptive resampling arm or
an explainability layer. Reference [24] mentions explainability but treats it as an auxiliary
output rather than as an object whose reliability requires evaluation.

Three gaps therefore remain apparent across the reviewed studies. First, prior studies
rarely treat resampling as an ablated intervention against no treatment and class-weighted
controls. Instead, they often applied one imbalance correction and assumed its value.
Second, prior studies seldom test whether observed model rankings remain significant
across repeated partitions. This leaves open the possibility that algorithm orderings reflect
sampling variability. Third, when studies report explainability, they rarely quantify expla-
nation quality through fidelity, stability, or cross-technique agreement. This often limits
confidence in the interpretive claims.

The present study addresses these gaps directly. It isolates imbalance treatment
through ADASYN across nine classifiers, namely LR, DT, Gaussian NB, K-NN, SVM,
RF, GBM, XGBoost and LightGBM. The study tests the resulting model rankings using
repeated stratified cross-validation with Holm-corrected paired comparisons. Lastly, the
study evaluates the selected model’s explanations quantitatively rather than presenting
them as self-evidently reliable. Table 1 summarises recent studies’ contributions to the
literature, in comparison to the present work.

Table 1. Positioning of the present study relative to recent churn prediction research.

Methodological Imbalance N Statistical
Study Models Used Contribution Handling Explainability Testing
NB, LR, SVM, RF, SHAP and mRMR Ri%ig/[&f E
[28] XGBOOSt’ featurg selec’aon{' Borderline- SHAP Not reported
LightGBM, systematic resampling
) SMOTE, class
CatBoost comparison .
weights
XGBoost, Genetic algorithm
[29] LightGBM, tuning with SHAP SMOTEENN SHAP Not reported
GA-XGBoost interpretation
Scalable preprocessing ADASYN
XGBoost, Elastic W.lth RFM fea‘fure follovyed b}.’ Distribution tests
[30] engineering, validated =~ NearMiss, with None
Net . o only
on large transaction distributional
volumes testing
Two-level stacking with
Stacked XGBoost, .
[31] LR DT, NB equ1dlstant. feature Not addressed None Not reported
grouping
Cross-company churn
[5] NB, K-NN, GBT prediction with data None None Not reported
and others :
transformation
[20] XGBoost Pmﬁt_dr.w?n Bayesmn Class weights None . Wilcoxon
optimisation signed-rank test
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Table 1. Cont.

Methodological Imbalance N Statistical
Study Models Used Contribution Handling Explainability Testing
RF, XGB, SVM, Ratio-based balancing SMOTE with
& ANN technique custom ratios None Not reported
4 DTREboosted Exfﬁ?ﬁ;gﬁgﬂb None LIME and SHAP  Not reported
MLP; proposed
weighted MLP .
with enhanced PK/E)I?I? Zerilaemf;fciiid 5-fold validation
multipath back- multipath reported; formal
[32] propagation; back-pro pa ation SMOTE Not reported significance
comparisons architectirel:;of telecom testing not
with LR, DT, RF, churn prediction reported
NB and p
AdaBoost
Classification Comparative
methods, evaluation of churn
including prediction methods ASS/I AE)S{{?\/T
traditional ML, across three highly !
[33] ensemble, imbalanced datasets, two-phase Not reported Not reported
deep-learning with emphasis on the risainplirrlg,hind
and LSTM-based effectiveness of O resamping
approaches resampling strategies
Repeated
LR. DT. NB Controlled nine model None, class SHAP and s‘:c:iat;:ﬁecier;/
A benchmarks with weights, LIME, with Jpatre
Present K-NN, SVM, RE, . . 1 1e iy testing of
resampling ablation SMOTE and fidelity, stability .
study GBM, XGBoost, Wilcoxon
LightGBM and m.easured. ADASYN and agreement signed-rank test
explanation quality compared measured with Holm
correction

As shown in Table 1, the contribution of the present study lies not in introducing
new individual algorithms or explainability techniques but in their controlled integra-
tion and empirical evaluation. While prior studies have examined cost-sensitive learning,
synthetic resampling, ensemble modelling, optimisation, and/or SHAP/LIME-based inter-
pretation, these contribution components are generally evaluated separately. The present
study combines a common leakage-controlled benchmarking pipeline across nine classi-
fiers with systematic comparison of four imbalance treatments, paired statistical testing,
and complementary SHAP-LIME analysis. Importantly, ADASYN is evaluated as an
empirical treatment rather than assumed to be superior, while explanation quality is as-
sessed quantitatively rather than presented solely as illustrative feature attribution. This
positioning extends existing churn benchmarks by providing a more controlled basis for
determining whether differences in predictive performance, imbalance treatment, and
model explanations are sufficiently robust to support practical CRM decision-making.

3. Materials and Methods

This study adopts a quantitative experimental design, which comprises nine key
sequential stages, as depicted in Figure 1. As shown in Figure 1, the nine stages include
data collection, preprocessing, exploratory analysis, partitioning, imbalance treatment,
model development, statistical evaluation, model evaluation and explainability analysis.
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Figure 1. Proposed methodology approach.

3.1. Dataset

The study uses the open-source Maven Analytics Telecom Customer Churn dataset [34]

available on IBM Cognos Analytics. The dataset contains information relating to telecom

subscriptions for 7043 customers. It includes 38 features covering geographical and demo-

graphic attributes, account characteristics, and service usage measures such as monthly

charges, total revenue, tenure, referrals and average monthly data consumption. The

records specifically identify whether customers churned, remained, or joined the service.

Recent churn prediction studies have widely used and validated this dataset [32,33,35].

Table 2 summarises the attributes.

Table 2. Dataset attributes and description.

No Attribute Type Description
1 Customer ID Object Unique customer identifier
2 Gender Object Customer gender
3 Age Integer Age in years
4 Married Object Marital status
5 Number of Dependents Integer Number of dependents
6 City Object City of customer’s residence
7 Zip Code Integer Postal customer’s code
8 Latitude Float Latitude of .the customer’s
residence
9 Longitude Float Longitude of customer’s

residence
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No Attribute Type Description
10 Number of Referrals Integer Number of customers referred
11 Tenure in Months Integer Months retained
12 Offer Object Different pr(z)rfrflsli(énal activities
13 Phone Service Object Phone service subscription
14 Avg Monthly Long-Distance Float Mean monthly long-distance
Charges charges
15 Multiple Lines Object Multiple line indicator
16 Internet Service Object Internet service subscription
17 Internet Type Object Connection type
18 Avg Monthly GB Download Float Meigﬂ?ﬁ;?:i}; gata
19 Online Security Object Online security subscription
20 Online Backup Object Online backup subscription
21 Device Protection Plan Object Device protection indicator
22 Premium Tech Support Object Premium support subscription
23 Streaming TV Object Television streaming usage
24 Streaming Movies Object Film streaming usage
25 Streaming Music Object Music streaming usage
26 Unlimited Data Object Unlimited data plan indicator
27 Contract Object Contract type
28 Paperless Billing Object Electronic billing indicator
29 Payment Method Object Payment mechanism
30 Monthly Charge Float Monthly service charge
31 Total Charges Float Cumulative charges
32 Total Refunds Float Cumulative refunds
33 Total Extra Data Charges Integer Charges for excess data
34  Total Long-Distance Charges Float Cumulati:}faic;rég-distance
35 Total Revenue Float Cumulative revenue
36 Customer Status Object Stayed, churned or joined
37 Churn Category Object Category explaining churn
38 Churn Reason Object Specific reason for churn

3.2. Data Preprocessing
3.2.1. Leakage Control and Pipeline Construction

The analysis implements all preprocessing steps within a single Scikit-learn pipeline
fitted only on the training fold. The pipeline estimates imputation statistics, encoder
categories, and scaling parameters from the training data. This was then applied to
validation and test partitions without refitting. This design prevents information leakage
by ensuring that no evaluation data influences preprocessing decisions.
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The target variable codes churned customers as 1 and stayers or joiners as 0. Before
modelling, the pipeline removes irrelevant features, including ‘Customer ID’, ‘Churn Cate-
gory’, ‘Churn Reason’, ‘City’, ‘Zip Code’, ‘Latitude’, and ‘Longitude’, because they appear
only for churned customers and therefore constitute direct target leakage. The dataset com-
prises 7043 customer records and 38 columns, where ‘Customer Status’ is the target variable
and is recoded so that both stayed and joined count as non-churners. After these exclusions,
which include (1) target variables and (7) irrelevant features, the modelling dataset contains
30 predictors, which include 12 numeric variables and 18 categorical variables.

The dataset was binarised into churn and retain classes. The churned class accounts
for 26.5 percent of observations against 73.5 percent for the retained class. This gives an
imbalance ratio of approximately 1:2.77. This asymmetry can lead to bias towards the
majority class, hence the need for imbalance treatment described in Section 3.2.5.

3.2.2. Missing-Value Treatment

A systematic missing-value audit identified structurally missing observations across
several service-related attributes. The ‘offer” variable had the highest proportion of missing
values (55.05%), reflecting customers for whom no promotional offer applied. A further
21.67% of observations were missing across internet service attributes, including Avg
Monthly GB Download, Internet Type, Online Security, Streaming TV, Streaming Movies,
Device Protection Plan, Premium Tech Support, Streaming Music and Unlimited Data.
These missing values correspond to customers without internet service and were there-
fore treated as structurally inapplicable rather than conventional missing observations.
Similarly, Avg Monthly Long Distance and Multiple Lines had 9.68% missing values, cor-
responding to customers without phone service. For categorical variables, the pipeline
encodes structurally inapplicable values as an explicit “not applicable” category in addition
to the mode. For numeric variables, it imputes the median and adds an indicator flag to
distinguish structural absence from ordinary missingness. All missing-value treatment was
performed within the modelling pipeline to prevent information leakage across training
and validation partitions.

3.2.3. Feature Encoding and Scaling

The categorical predictors are nominal rather than ordinal; therefore, the pipeline
applies one-hot encoding rather than label encoding. This choice avoids imposing artificial
distances or rank orderings that can distort linear, distance-based, and probabilistic models,
including LR, SVM, K-NN, and Gaussian NB. Each categorical level is represented by a
binary indicator, and unseen validation categories are handled by assigning zeros across
the corresponding encoded indicators.

For numeric predictors, the pipeline standardises features to zero mean and unit
variance using statistics estimated from the training fold. Standardisation makes feature
magnitudes comparable for scale-sensitive algorithms. Because tree-based models are
invariant to monotonic rescaling, the pipeline applies scaling only in branches connected to
scale-sensitive learners and leaves boosting-model inputs unscaled.

3.2.4. Data Partitioning and Validation Design

Model comparison is performed using repeated stratified fivefold cross-validation at
five epochs, giving twenty-five train and validation pairs. Repetition uses distinct random
seeds so that the reported dispersion reflects partition variability rather than a single
arbitrary division of the data. Hyperparameter selection is performed by inner threefold
stratified cross-validation nested within each outer training fold. This is done to prevent
the selection procedure from observing the data on which the resulting model is scored.
In addition, a single stratified holdout of twenty percent, drawn with a fixed seed and
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never used for model selection, is retained as a final confirmatory test set. It is scored once,
after all modelling decisions have been fixed, and it supplies the instances used for the
explainability analysis reported in Sections 4.6 and 4.7.

3.2.5. Class Imbalance Treatment

Class imbalance was addressed comparably using four treatment conditions: no
resampling as the untreated baseline, class weighting, standard SMOTE, and the proposed
ADASYN. Each treatment was applied only within the training portion of every outer fold.
This four-arm design directly evaluates whether the observed performance of ADASYN
is attributable to adaptive over-sampling or if it can be reproduced by other imbalance
strategies. The final confirmatory holdout and explainability analyses used the prespecified
ADASYN configuration. The number of synthetic samples G is generated according to [10]
in Equations (1)—(5).

G = (npm—nm) X B 1)

where 1), is the number of majority class instances, 1, is the number of minority class
instances, and $ € [0, 1] is a parameter used to specify the desired balance level after gener-
ation of the synthetic data. § = 1 corresponds to full balance after the generation process.

The learning difficulty of each minority instance x; is estimated from its neighbourhood
as shown in Equation (2).

ri = i=1,...1ny4 (2)

A;

k

where A; is the number of majority class instances among the k-nearest neighbours of x;.
The difficulty scores are normalised to a probability distribution using the standard

summation form in Equation (3), where 7; is a density distribution | }_r; = 1)
i

. .
= (©)
Yt
i=1

The number of synthetic samples to be generated for each minority instance follows

in Equation (4).
8i=1ixG (4)
Each synthetic sample is then produced by interpolation between the minority instance

x; and a randomly selected minority neighbour x,;. The interpolation coefficient A is
sampled from the continuous uniform distribution U(0, 1) as shown in Equation (5).

Xnew = Xi + (xzi—xi) XA (5)

where x;¢y is the generated synthetic sample, x; is the selected minority class instance, x;,
is a randomly selected minority class neighbour, and A is a random interpolation coefficient
sample from € [0, 1]. The difference (x;, — x;) vector defines the direction of interpolation
in the n dimensional feature space.

3.3. Classification Models

The nine classifiers that were developed and compared under an identical protocol
are discussed briefly as follows:
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3.3.1. Single ML Models

LR: A linear model that estimates the probability of the positive class by passing a
linear combination of features through the logistic function, given in Equation (6), with
parameters estimated by maximum likelihood [36].

1

P(y=1Jx) = T3 o Wit

(6)
where P(y = 1]x) is the conditional probability that the output target variable y equals 1,
i.e., the positive class, given the input feature vector x. WTx + b is the linear combination
of input features, x is the vector of input features, W' is the transpose of the weight vector,
i.e., coefficients assigned to each feature, and b is the bias term.

DT: A recursive partitioning method that splits the feature space on the most dis-
criminative attribute at each node [37]. Node impurity is measured by the Gini index in
Equation (7), where K is the total number of classes in the dataset and py, is the proportion
of an item belonging to class k at node .

K
Gy =1-Y pi, (7)
k=1

Gaussian Naive Bayes: A probabilistic classifier that applies Bayes theorem under
the assumption of conditional independence between features given the class label [38].
The assumption rarely holds exactly, but it permits low-variance parameter estimation and
provides a useful probabilistic reference point.

K-NN: A non-parametric method that assigns each instance the majority label among
its k-nearest neighbours in feature space [39]. Because the method depends on distance
computation, uniform feature scaling is required.

SVM: A margin-based classifier that identifies the separating hyperplane maximising
the margin between classes [40]. A radial basis function (RBF) kernel was used, with proba-
bility estimates obtained through Platt scaling. The SVM decision function is expressed in
Equation (8).

flx) = wTp(x) +b 8)

where f(x) is the SVM decision function, x is the input feature vector, and w is the weight
vector in the transformed feature space. ¢(x) is the feature mapping induced by the
kernel function, and b is the intercept. The f(x) determines the predicted class, while its
magnitude indicates the distance from the separating hyperplane. Platt scaling was used to
convert the decision scores into class probabilities.

RF: A bagging ensemble that constructs multiple decision trees on bootstrap samples
with randomised feature subsets and aggregates their predictions by majority vote, as in
Equation (9) [41]. Where y is the final predicted class for input x, /1(x) is the prediction of
an individual decision tree t, T is the total number of trees in the ensemble, and mode () is
the majority vote operator such as bagging, majority vote, and so on.

y = mode{hy(x),hy(x),..., hr(x)} )

3.3.2. Ensemble Models

GBM: A sequential ensemble learning method that combines multiple weak learners,
typically DT, to form a strong predictive model [42]. Each new learner is fitted to reduce
the errors of the current ensemble by following the negative gradient of the specified loss
function. The learners are then added sequentially to the existing model, with the learning
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rate controlling the contribution of each new learner. The stage-wise approach is expressed
as in Equation (10)
Fn(x) = F1 (%) + 17l () (10)

where F;,(x) is the prediction of the GBM after the m-th iteration, F,,_1(x) is the prediction
from the previous iteration, &, is the weak learner added at stage m and 7 is the learning
rate that controls the contribution of the newly added learner. Through this iterative process,
GBM progressively minimises the loss function and improves the predictive performance
of the ensemble.

XGBoost: An extension of gradient boosting with a regularised objective that penalises
model complexity. It is given in Equation (11), while the regularisation term is shown in
Equation (12) [18].

n ~(t-1)
L® = ZZ(yi,yi +ft(xi)> +Q(fi) (11)
i=1

where L(t) is the total regularised objective function at iteration t, ! is the differentiable train-

ing loss function that measures the error between the actual target and model prediction, y;
~(t-1)
is the true label for the i-th data instance, and y; is the aggregated prediction for the

i-th instance after the previous (t — 1) boosting rounds. f;(x;) is the structure and output
of the new tree being added at the current round ¢, and Q(f;) is the regularisation term
controlling model complexity.

T
Q(fr) =T+ %)\Zw]z (12)
j=1

where Q(f;) is the regularisation term for the newly added tree, T is the total number of
leaves in the newly added tree, w; represents the output score for leaf j, -y is the complexity
penalty associated with adding leaves and represents the minimum loss reduction required
for a split, and A is the regularisation parameter applied to the leaf weights to prevent them
from growing too large. These parameters control the balance between fit to the training
data and model complexity.

LightGBM: A gradient boosting framework employing histogram-based split finding,
gradient-based one-side sampling and leaf-wise tree growth, which reduce training time
and memory consumption while preserving accuracy [19]. Its prediction is the weighted
sum of tree outputs in Equation (13).

M

Fp(x) = Z Vfm(x) (13)

m=1

where Fj;(x) is the final ensemble prediction for input x after all M trees have been eval-
uated and combined, M is the total number of trees constructed in the ensemble, v is the
shrinkage weight (or learning rate), which scales down the contribution of each individual
tree to prevent overfitting, and f;,(x) is the prediction output of the individual weak learner
(leaf-wise tree) trained at stage m.

3.4. Model’s Parameter Configuration

As shown in Table 3, hyperparameters are selected by randomised search within each
outer training fold using inner threefold stratified cross-validation and F1 as the selection
criterion. F1 is used because the churn class represents only 26.5% of observations and the
study prioritises balanced identification of churners rather than accuracy dominated by the
majority class. The search ranges were chosen to cover low, moderate and higher model
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complexity while keeping the search computationally tractable. For LR and SVM, C controls
regularisation strength; for DT and RF, depth and split controls regulate tree complexity;
for K-NN, neighbourhood size and distance weighting control local smoothness; for GBM,
XGBoost and LightGBM, the search jointly varies the number of boosting stages, learning
rate and tree complexity. The final configuration is therefore selected from data-driven
validation rather than manual selection or optimisation against the test set. The modal
configuration across the 25 outer folds is reported in Table 3.

Table 3. Model categories and selected hyperparameters.

Model Hyperparameter Search Space Model Selected Configuration

LR C €{0.01,0.1, 1, 10, 100} {“C”: 10}

min_samples_split € {2, 5, 10}; " o ”.

DT max_depth € (3, 4, 5,8, 10, None] {“min_samples_split”: 2, “max_depth”: 4}

Gaussian NB var_smoothing € {1 x 1079,1x1078,1 x 1077,1 x 1076} {“var_smoothing”: 1 x 10~%)

. weights € {uniform, distance}; P e o . .
K-NN n_neighbors € (3,5,7,9, 11, 15) {“weights”: “distance”, “n_neighbors”: 11}
SVM gamma ec{io{%ﬁ,ofllb?'l’ scale}; {“gamma”: 0.01, “C”: 10}

n_estimators & {100, 200, 500}; {“n_estimators”: 200, “max_features”: “sqrt”,

RF max_features € {sqrt, log2}; “max_depth”: 10}

max_depth € {5, 10, 20, None} ~aepthc:
n_estimators € {100, 200, 300}; P . . P ”.
GBM max_depth € {3, 4, 5}; { n_est113}zgc;;sm. 122;ef?gx(;5?ept 4
learning_rate € {0.01, 0.05, 0.1} & o
subsample € {0.8, 1.0};
XGBoost n_estimators € {100, 200, 300}; {“subsample”: 1.0, “n_estimators”: 100,
max_depth € {3, 6, 9}; “max_depth”: 6, “learning_rate”: 0.05}
learning_rate € {0.01, 0.05, 0.1}
num_leaves € {15, 31, 63}; “ ”. u . ",
LightGBM n_estimators € {100, 200, 300}; (“num_leaves" 15, “n_estimators™: 100,
learning_rate”: 0.05}

learning_rate € {0.01, 0.05, 0.1};

All twenty-five outer folds used identical partitions across classifiers, ensuring paired
comparisons. Differences between the selected model and each competing classifier were
evaluated using the Wilcoxon signed-rank test on fold-level F1-scores. Multiple compar-
isons were controlled using the Holm correction. Effect size was quantified using Cohen’s
(d;), calculated as the mean of the paired fold-level differences divided by the standard de-
viation of those differences. Effect sizes were reported alongside the statistical tests because,
with twenty-five paired observations, statistical significance may not necessarily indicate
practically meaningful performance differences. Given that repeated cross-validation obser-
vations are not fully independent, the Wilcoxon results were interpreted as supplementary
paired evidence rather than definitive confirmatory inference, consistent with concerns
regarding resampling-based statistical testing [43].

3.5. Evaluation Metrics

The model performance is assessed using the following key metrics: accuracy, preci-
sion, recall, F1-score and ROC-AUC. Accuracy measures the percentage of correct classifi-
cations to the total classifications made. Precision estimates the probability that a positive
prediction is correct. High precision means a low false-positive rate. Recall measures the
positive instances that are correctly classified. F1-score combines precision and recall. It can
be defined as the average value of precision and recall. ROC-AUC measures discriminative
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ability across all classification thresholds. PR-AUC summarises the trade-off between
precision and recall across all classification thresholds. Mathematically, the six metrics can
be expressed in Equations (14)—(19), respectively.

TP+ TN

A = 14
Y = TP TN+ FP+ IN (14)
. . TP
Precision = TP+ P (15)
TP
Recall = TPLEN (16)
Precision x Recall
F1 = Score =2 % <Precision + Recall) 17
1
ROC — AUC = / TPR(FPR)d(EPR) (18)
0
1
PR — AUC = / P(R)dR (19)
0

where TP refers to true positives, TN is true negatives, FP is false positives and FN is
false negatives.

PR-AUC is reported because, under class imbalance, ROC-AUC is insensitive to
changes in the false positive count relative to a large majority class, and it can present
an optimistic picture of minority class performance. The baseline PR-AUC for a random
classifier equals the positive class prevalence, which is 0.265 for this dataset; the reported
PR-AUC values should be interpreted relative to this baseline. Threshold-dependent
metrics were calculated using an Fl-optimised threshold selected on the training folds
rather than the default 0.5, which may be inappropriate after resampling. Brier Score
evaluates the accuracy of predicted churn probabilities, with lower values indicating better
probability calibration. The classification threshold determines the probability cutoff used
to classify customers as churners and influences the trade-off between precision and recall.

3.6. Explainability Design

The interpretability layer is applied to the best-performing model, based on the
deployed performance metrics. The interpretability layer is designed to serve two organisa-
tional decision levels, namely:

e At the strategic level, SHAP TreeExplainer is applied to the fitted model to obtain
global feature attribution. Four complementary views are generated, namely (a) a
beeswarm summary showing the distribution and direction of feature effects, (b) a bar
plot ranking features by mean absolute Shapley value, (c) a waterfall plot decomposing
an individual prediction relative to the model base value, and (d) dependence plots
showing the interaction structure for the two highest-ranked features.

e At the operational level, LIME is configured as a tabular explainer in classification
mode. The model is fitted on the unresampled training distribution. This approach
ensures that the resulting explanations reflect the characteristics of real customers
rather than those of a synthetically augmented population. Instance-level explanations
are generated for a correctly classified churner and for a misclassified churner. The
latter is chosen because FN correspond to the customers that a retention programme
would fail to reach.

The rationale for retaining both techniques is that they are complementary in form as
well as in scope. SHAP provides attribution with a defined axiomatic basis, while LIME
produces coefficient-like output that resembles the regression summaries familiar to CRM
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analysts. The division is architectural rather than decorative: global attribution informs
policy design, and local attribution informs case-level communication.

Explanations were treated as empirical outputs and not assumed reliable to make the
explainability framework trustworthy. Three complementary properties were evaluated:
local fidelity, stability and cross-technique agreement. Local fidelity was quantified by
comparing LIME surrogate predictions to model predictions on 200 test instances sampled
locally via the coefficient of determination (R?). To assess stability, each LIME explanation
was regenerated 10 times with different random seeds, and the consistency of the rankings
of features from each LIME explanation was quantified by calculating the Jaccard similarity
and rank correlation. The Spearman rank correlation was calculated between SHAP and
LIME feature attribution vectors at each instance.

3.7. Computational Environment and Reproducibility

All experiments were conducted in Python 3.13.5 using Scikit-learn, imbalanced-learn,
XGBoost, LightGBM, SHAP and LIME, with NumPy 2.1.3 and pandas 2.2.3 for data handling
and Matplotlib 3.10.0 and Seaborn 0.13.2 for visualisation. The complete pipeline, including
preprocessing, resampling, tuning, evaluation, statistical testing and figure generation, is
executed by a single script. Algorithm 1 summarises the experimental procedure.

Algorithm 1. Experimental procedure

Step  Operation

1 Load dataset; binarise target as churned = 1, stayed or joined = 0

Drop identifier and leakage bearing columns

For each of 5 repetitions and each of 5 stratified outer folds:

Fit preprocessing pipeline on the training fold: impute, one-hot encode, scale
Apply the assigned imbalance treatment to the training fold only; assert
disjointness from the validation fold

Select hyperparameters by inner threefold cross-validation optimising F1
Train each model on the resampled training fold

g G b~ PN

Select the decision threshold on the training fold by maximising F1
Score the validation fold; record accuracy, precision, recall, F1, ROC-AUC,

? PR-AUC and the Brier score

10 Aggregate across folds; report mean and standard deviation; apply Wilcoxon
signed-rank tests with Holm correction

1 Refit the selected model on the full development set; score the confirmatory
holdout once

1 Apply SHAP and LIME to the refitted model; compute fidelity, stability and

agreement
13 Write all tables and figures to file

4. Results and Discussion

4.1. Exploratory Data Analysis
4.1.1. Customer Status and Churn Distribution

Figure 2 presents the original dataset’s distribution of customer churn status. The
original dataset comprises 7043 customers, of whom 67.0% (n = 4720) remained with
the provider, 26.5% (n = 1869) churned and 6.4% (n = 454) had newly joined. Initial
preprocessing towards binary labelling yields 73.5% (n = 5174) non-churn and 26.5% churn
(n = 1869). This asymmetric data structure motivates the imbalance treatment described in
Section 3.2.5.
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Figure 2. Original dataset distribution of customer churn status.

4.1.2. Churn Patterns Across Categorical Attributes

Figure 3 reports churn rates across categorical attributes. Contract type provides the
clearest categorical separation: “month-to-month” customers churn at a markedly higher
rate than “one-year” customers (10.71%) and “two-year” customers (2.95%). This gradient
indicates that contractual commitment increases switching costs and reduces attrition risk.
Other categorical variables reveal complementary risk patterns. “Fibre optic” subscribers
record the highest churn rate (40.72%), followed by “cable” (25.66%) and “DSL"” (18.58%).
This suggests that service technology differentiates perceived value or service experience.
Payment method shows a similar gradient: “mailed cheque” (36.86%) and “bank withdrawal”
(34.00%) substantially exceed “credit card” (14.48%). This indicates that automated digital
payment may operate as a retention-supportive behaviour. Promotional offers also differ
sharply, ranging from 52.92% churn under “Offer E” to 6.73% under “Offer A”, which
suggests that retention incentives may vary materially in quality or customer targeting.

o -

Contract Internet Type
45.84% Fiber Optic 40.72%
10.71% Cable 25.66%
2.55% DSL 18.58%
10 20 30 40 50 0 10 20 30 40
Churn rate (%) Churn rate (%)
(a) (b)
Payment Method Offer
52.92%
36.88%
34.00%
Offer B | 12.26%
S e offera{ | 6.73%
0 10 20 30 40 0 0 20 30 40 50 60
Churn rate (%) Churn rate (%)
(c) (d)

Figure 3. Churn rate by categorical attribute.
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The correlation structure in Figure 4 confirms strong collinearity between “Total
Charges” and “Total Revenue” (r > 0.85) and between “Monthly Charge” and “Total Charges” (x
> 0.70). While this does not impair tree-based gradient boosting (which handles correlated
inputs internally), it does explain the proximity of these attributes in the attribution rank-
ings reported in Section 4.6, since they encode a single underlying economic dimension
rather than independent signals.

Correlation matrix of numeric attributes
(coefficients shown where |r| = 0.30)

Age 1.00
Number of Dependents A 0.30
0.75
Number of Referrals
Tenure in Months 0.83 0.67  0.85 [BVKL - 0.50
Avg Monthly Long Distance Charges - 4 0.25
- - 025 §
Avg Monthly GB Download {M 0.30 1.00 ©
(]
-
Monthly Charge - 0.56 - 0.00 S
c
Total Charges - 0.83 061 XY &
[
- -0.25 ¢
Total Refunds | 1.00 =
Total Extra Data Charges -
-0.50
Total Long Distance Charges
Total Revenue - -0.75
churn
-1.00

Figure 4. Feature correlation matrix.

4.2. Effect of ADASYN on the Imbalance Dataset

Figure 5 provides a validated accounting of the ADASYN resampling results on the
training set. Within a representative inner training fold (1 = 4507), the pre-resampling
class distribution comprised 3311 non-churned and 1196 churned instances (an imbalance
ratio of 2.769:1). Achieving exact parity as defined in Equation (1), with 3 = 1, would
require 2115 additional synthetic minority samples. Consistent with the density-adaptive
weighting described in Equations (2)—-(4), ADASYN generated 2207 synthetic samples
(92 more than the exact-parity target). This brings the post-resampling training distribution
to 3403 churned versus 3311 non-churned instances (ratio ~ 1:1.028). This overshoot reflects
the neighbourhood-weighted generation mechanism described in Section 3.2.5.
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Figure 5. Class distribution after addressing class imbalance issue using ADASYN.
4.3. Comparative Analysis of Imbalance Treatment Methods
Table 4 reports the F1-score and PR-AUC of the nine classifiers under the four imbal-
ance treatment methods. The results are averaged across the twenty-five outer folds with
no resampling serving as the baseline. The effect of imbalance treatment varied across the
nine classifiers. ADASYN achieved the highest F1-score for LightGBM (0.7212) and XG-
Boost (0.7316). For LightGBM, ADASYN also produced the highest PR-AUC (0.7916), with
SMOTE (0.7912) being second best. These results demonstrate that the effect of imbalance
treatment is classifier-dependent. Also, these results showed that improvement in F1-score
does not necessarily occur uniformly across evaluation metrics. Lastly, findings indicate
that the effectiveness of imbalance treatment is model-dependent rather than universally
improved by adaptive over-sampling. Class weighting was evaluated only where the
corresponding weighting mechanism was explicitly configured. LightGBM supports a class
weight parameter because it was not independently configured in the reported analysis.
Consequently, its class-weighting results are identical to the no resampling baseline and
are not interpreted as an independent class-weighting experiment. For models without this
capability, the class-weighting and no resampling conditions are therefore identical.
Table 4. Mean F1-score and PR-AUC of nine classifiers under four imbalance-treatment conditions
across 25 outer folds.
Model F1 Cfl F1 F1 PR-AUC PI({:'IAUC PR-AUC PR-AUC
ode None oS SMOTE ADASYN None 208 SMOTE ADASYN
Weights weights
DT 0.6521 0.6774 0.6563 0.6515 0.6480 0.6689 0.6182 0.6069
Gaussian NB 0.6716 0.6716 0.6748 0.6691 0.6825 0.6825 0.6872 0.6800
GBM 0.7146 0.7146 0.7097 0.7105 0.7892 0.7892 0.7859 0.7863
K-NN 0.5867 0.5867 0.5703 0.5346 0.6604 0.6604 0.6148 0.5708
LightGBM 0.7159 0.7159 0.7189 0.7212 0.7884 0.7884 0.7912 0.7916
LR 0.7060 0.7027 0.7042 0.7035 0.7598 0.7573 0.7564 0.7509
RF 0.7013 0.7020 0.6955 0.6944 0.7696 0.7628 0.7423 0.7461
SVM 0.7049 0.6824 0.6957 0.6850 0.7661 0.7459 0.7416 0.7246
XGBoost 0.7110 0.7110 0.7111 0.7136 0.7888 0.7888 0.7869 0.7855
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4.4. Model Performance Comparison

Table 5 reports the full evaluation for all nine classifiers after using ADASYN to
address the class imbalance. This was aggregated across the twenty-five outer folds.
Figure 6 presents the repeated-cross-validation fold-level performance, whereas Figure 7
shows the receiver operating characteristic and precision-recall curves computed on the
independent 20% confirmatory holdout set. Therefore, the ROC-AUC and PR-AUC values
shown in Figure 7 are not expected to equal the cross-validated means reported in Table 5
because they are based on different evaluation sets. This also presents a slight difference
in the ranking of LightGBM and GBM: LightGBM achieved a higher mean ROC-AUC
than GBM in the repeated cross-validation results (0.9094 versus 0.9068), whereas GBM
achieved a slightly higher ROC-AUC than LightGBM on the independent holdout set
(0.902 versus 0.899). This difference shows variation between the cross-validation estimates
and the independent holdout evaluation rather than an inconsistency in the reported
results. The repeated cross-validation results in Table 5 were used as the primary basis
for comparative model evaluation, while Figure 7 provides an independent confirmatory
assessment. As shown in Table 5, LightGBM achieved the highest mean F1-score (0.7212)
and the highest mean ROC-AUC (0.9094) and PR-AUC (0.7916) and the lowest Brier score
(0.1054). This superior performance can be attributed to its efficient gradient boosting
architecture, leaf-wise tree growth, and ability to capture complex feature interactions and
nonlinear relationships [19]. The three boosting ensembles consistently ranked among the
strongest classifiers across the evaluation metrics, with relatively small differences in their
F1-scores. The other models also demonstrated competitive performance, with LR trailing
the best-performing ensemble by only 0.018 F1 points. On the other hand, K-NN had a high
fold-to-fold variability and a poor ranking, as seen by its low PR-AUC (0.5708). The PR-
AUC achieved by LightGBM was approximately three times the random-classifier baseline
of 0.2654, demonstrating strong ability to rank customers according to their estimated
churn risk.

Table 5. Performance of nine classifiers under ADASYN, reported as mean values with standard
deviations across 25 folds.

Model Accuracy Precision Recall F1 ROC-AUC PR-AUC Brier Threshold
LR 0.8325 0.6642 0.7489 0.7035 0.8958 0.7509 0.1436 0.6890
(0.0123) (0.0252) (0.0307) (0.0198) (0.0108) (0.0316) (0.0067) (0.021)
DT 0.7892 0.5815 0.7429 0.6515 0.8477 0.6069 0.1472 0.3940
(0.0130) (0.0225) (0.0411) (0.0190) (0.0129) (0.0278) (0.0075) (0.050)
Gaussian 0.7927 0.5812 0.7893 0.6691 0.8644 0.6800 0.2108 0.9040
NB (0.0135) (0.0218) (0.0248) (0.0169) (0.0117) (0.0251) (0.0133) (0.081)
K-NN 0.5770 0.4051 0.8882 0.5346 0.8246 0.5708 0.2178 0.2100
(0.1236) (0.0972) (0.1654) (0.0421) (0.0212) (0.0407) (0.0090) (0.291)
SVM 0.8257 0.6586 0.7155 0.6850 0.8876 0.7246 0.1340 0.6520
(0.0101) (0.0207) (0.0442) (0.0225) (0.0114) (0.0336) (0.0074) (0.030)
RE 0.8282 0.6579 0.7361 0.6944 0.8915 0.7461 0.1178 0.4720
(0.0124) (0.0236) (0.0319) (0.0223) (0.0120) (0.0292) (0.0069) (0.024)
GBM 0.8384 0.6803 0.7469 0.7105 0.9068 0.7863 0.1080 0.4580
(0.0131) (0.0372) (0.0392) (0.0167) (0.0102) (0.0233) (0.0062) (0.031)
XCBoost 0.8405 0.6828 0.7493 0.7136 0.9063 0.7855 0.1084 0.4620
(0.0114) (0.0287) (0.0357) (0.0189) (0.0098) (0.0224) (0.0059) (0.041)
LiehtGBM 0.8430 0.6827 0.7659 0.7212 0.9094 0.7916 0.1054 0.4170
8 (0.0109) (0.0245) (0.0375) (0.0193) (0.0101) (0.0232) (0.0059) (0.026)

https://doi.org/10.3390/informatics13100159


https://doi.org/10.3390/informatics13100159

Informatics 2026, 13, 159

19 of 30

Fold level F1 across 25 folds (adasyn)

Threshold free discrimination

0.75 4 LightGam -4
XGBoost -
0.70 4 |
m Gradient Boosting -
o
0.65 4 Logistic Regression -§
4
(=3
3 Random Forest i
-
= 0.60 -
Support Vector Machine g
Gaussian Naive Bayes -4
0.55
Decision Tree
0.50 K-Nearest Nelghbours - ROC-AUC
EE PR-AUC
T T T T T T T T T '2 0'4 0'6 0'8 1 o
14 Q un [} ki c o)) k] = o 0 ) . . .
5 Qo ﬂ>)‘ = @ o < o ) Area under curve
o = © K= 5 0 i o ]
Q - 0 %} L2 o 3 oM 2
A ) o © o ° [G] " =
=) T g = £ o 0 X =)
] ‘G 2 52 o Q o —
z & o S © o c
) [a) = o} = = v
0 c ] L B 5
1] © > o %] ©
= e o 8
@ 4] g o U]
=2 g o ~
;
o
¥ O =
n
Figure 6. Comparison of classifier performance with fold-level dispersion.
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Figure 7. Receiver operating characteristics and precision-recall curves for all classifiers on the
independent 20% confirmatory holdout set; values are distinct from the repeated cross-validation
estimates reported in Table 5.

4.5. Statistical Comparison of Models

Table 6 presents a structured comparison of the overall best performer (LightGBM)
against each competing classifier, combining repeated nested cross-validation with paired
Wilcoxon signed-rank tests and Holm correction.

As shown in Table 6, Wilcoxon signed-rank results detect significant paired differences
between LightGBM and all competing classifiers after Holm correction. However, the
25-fold-level estimates generated through repeated cross-validation are paired but are not
statistically independent because observations can recur across training and validation
partitions. Accordingly, these p-values are interpreted as supplementary evidence rather
than definitive confirmatory inference. This is consistent with established concerns regard-
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ing resampling-based significance testing [43]. The magnitude of the observed differences
is therefore considered alongside the effect sizes. In particular, the F1-score advantages
of LightGBM over XGBoost (0.0075) and Gradient Boosting (0.0106) are modest despite
statistically significant paired differences. The Wilcoxon analysis therefore does not estab-
lish clear superiority of LightGBM over the leading boosting models. Rather, the results
support the interpretation that the boosting classifiers form the strongest-performing group,
with relatively small performance differences among the leading models.

Table 6. Paired comparison of LightGBM against each competing classifier with Wilcoxon signed-rank
tests and Holm correction with effect sizes across 25 outer folds.

. . Wilcoxon p Effect Size (Cohen’s Effect Size (Rank Wilcoxon p (Holm
Comparison Mean F1 Difference (Uncorrected) dz) Biserial r) Corrected)
LightGBM vs. DT 0.0697 0 4.8426 1 0
LightGBM vs.
Gaussian NB 0.0521 4.0795 1 0
LightGBM vs. K-NN 0.1866 0 4.7002 1 0
LightGBM vs. SVM 0.0362 0 22744 1 0
LightGBM vs. RF 0.0267 0 1.7892 1 0
LightGBM vs. LR 0.0177 0 1.3339 0.92 0
LightGBM vs. GBM 0.0106 0.0005 0.8928 0.7538 0.001
LightGBM vs.
0.0075 0.0038 0.6898 0.6431 0.0038
XGBoost
4.6. Comparison of Previous Studies
Table 7 compares the present study with recently published studies on customer churn
prediction. The present study evaluated nine classifiers (LR, DT, NB, K-NN, SVM, RF,
GBM, XGBoost, LightGBM) under four imbalance methods, while the comparative metrics
reported in Table 7 correspond specifically to the results from the LightGBM-ADASYN
configuration. This configuration achieved an Fl-score of 72.12%, an ROC-AUC of 0.9094
and a PR-AUC of 0.7916.
Table 7. Comparison with previous studies on customer churn prediction using comparable telecom-
munications datasets.
Study Dataset Model Accuracy  Precision Recall F1 ROC-AUC PR-AUC
) Maven Analytics Telecom
[24] Customer Churn RF 86.94 - 85.47 - 95.00 -
[33] Telco Systems RF 82.00 82.00 - 83.00 84.00 -
[9] Telecom customer churn XGBoost (75:25 balancing) 89.60 76.04 62.82 68.81 - -
Present Maven Analytics
study Telecom Customer LightGBM+ADASYN 0.8430 0.6827 0.7659 72.12 90.94 79.16
Churn -

Compared with [9], the F1-score result achieved by the LightGBM model was higher
than 68.81% for XGBoost. Also, [24] reported an accuracy of 86.94% and an ROC-AUC
of 95.00% for RF, while [33] reported an F1-score of 83.00% and an ROC-AUC of 84.00%.
However, these results are not directly comparable because the studies used different
models, imbalance methods, preprocessing procedures and validation protocols. The
present study therefore provides a controlled within-dataset comparison of nine classifiers
across four imbalance method treatments, complemented by SHAP and LIME for model
interpretability.
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4.7. Global Attribution Analysis

SHAP TreeExplainer was applied to the best performer (fitted LightGBM model) over
a sample of holdout instances. Figure 8 reports the mean absolute Shapley value results for
the ten highest-ranked features.
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Figure 8. Global feature attribution result.

Figure 8 depicts the global feature attribution. The analysis demonstrates that the
LightGBM model relies primarily on “contract type” and “referral behaviour” for predicting
customer churn. Also, Figure 9 presents the SHAP beeswarm summary result for the
LightGBM. As shown in Figure 9, “month-to-month contract” exhibits the highest mean
absolute SHAP value, indicating that it contributes more to the model’s predictions than
any other feature. Customers on “month-to-month” contracts generally have positive SHAP
values, reflecting an increased likelihood of churn, whereas customers on longer-term
contracts contribute negatively to the prediction, indicating a lower churn risk. The number
of “referrals” is the second most influential feature, with higher referral counts consistently
associated with lower churn probabilities. This finding suggests that “referral behaviour”
captures customer satisfaction and engagement, making it a valuable behavioural indi-
cator for identifying loyal customers. From a CRM perspective, encouraging customer
referrals may therefore serve not only as an acquisition strategy but also as an indicator of
customer retention.

Figure 10 presents the SHAP-ranked feature importance result. As shown in Figure 10,
the ranked SHAP feature importance result confirms that “contract type” and “referrals”
dominate the prediction process, followed by “dependents”, “monthly charges”, “internet
service”, and “tenure”. Although “tenure” is widely recognised as an important churn
predictor, its relatively lower ranking indicates that its predictive contribution overlaps
with “contract type”. SHAP distributes attribution among correlated variables so that part
of the importance traditionally attributed to “tenure” can be attributed to “contract type”
and not only to tenure.
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Figure 9. SHAP beeswarm summary for LightGBM.
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Figure 10. SHAP ranked feature importance.

Furthermore, the SHAP waterfall plot in Figure 11 provides an instance-level explana-
tion by decomposing an individual prediction into additive feature contributions. Features
with positive SHAP values increase the predicted probability of churn, whereas negative
SHAP values reduce it. The cumulative contribution of these features moves the prediction
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from the model’s baseline output to the final classification, thereby illustrating the rationale
behind the model’s decision for a specific customer. This level of transparency enables
practitioners to understand why a customer is predicted to churn and supports the design
of targeted retention interventions.

A(x) 0.053
'

cat__ Contract_Month-to-Month +0.93

num__Number of Referrals

num__Monthly Charge
cat___Gender_Female
cat___ Online Backup_No
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cat___ Contract_Two Year 0.1
num__Tenure in Months
num__ Age —0.17 -
43 other features —0.01 ‘
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E[AX)] — 0. =282

Figure 11. SHAP waterfall decomposition of a correctly classified churner.

Figure 12 shows that a higher number of “referrals” is generally associated with
increasingly negative SHAP values, indicating a lower predicted churn risk, while “month-
to-month” contracts produce strongly positive SHAP values and therefore contribute sub-
stantially to higher churn risk. The interaction patterns further suggest that the effects
of “referrals” and “contract type” vary across customer characteristics, highlighting the
importance of feature interactions in explaining churn predictions.
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Figure 12. SHAP dependence plots for top two high-ranked features: (a) month-to-month contract
and (b) number of referrals.
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0.00 < cat_Contract_Month-to-Month <= 1.00 -
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num__Monthly Charge > 89.75 1
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cat_ Payment Method_Credit Card <= 0.00

4.8. Case-Level Attribution Analysis

LIME was applied at the operational level to translate individual predictions into
practitioner-readable reasoning. Figure 13a,b present two cases involving correctly and
incorrectly classified churners. Figure 13a demonstrates the reasoning behind a successful
churn prediction, whereas Figure 13b illustrates a misclassified churner drawn from the
119 false negatives, revealing the boundary at which the learned pattern fails.

Local explanation for class churned .
Local explanation for class churned

num_Number of Dependents <= 0.00 1

0.00 < cat_ Contract_Month-to-Month <= 1.00 _
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0.00 < cat_ Paperless Billing_No <= 1.00 1
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, . ' 01 00 01 02 03

(a) (b)

Figure 13. LIME explanation for (a) correctly classified churned and (b) misclassified churner.

The local surrogate for the correctly classified churner attains a fidelity of R? = 0.4071,
and the surrogate for the false-negative case attains R? = 0.3927. These values are reported
alongside the explanations because they bound how much confidence the case narratives
warrant. A surrogate that accounts for roughly 40% of the local variation in model output
provides useful insight into the direction of the principal contributions. However, it does not
fully capture the model’s behaviour at that point. The false-negative case provides greater
diagnostic value than the correctly classified case. When churn-enhancing behavioural
signals are offset by retention-favourable transactional signals, the model may favour the
retention-related evidence and consequently misclassify the customer as a non-churner.
This class of customer is precisely the group for which model scores alone are insufficient
and supplementary qualitative monitoring is warranted. This specifically constitutes
32 percent of the actual churners in the holdout at the tuned threshold.

Table 8 presents the measured explanation quality for LightGBM. The results in Table 8
are computed over 200 sample holdout instances with stability assessed over ten random
restarts on a subset of twenty instances.

Table 8. Measured explanation quality for LightGBM.

Property Mean SD
Local fidelity (surrogate R?) 0.4410 0.0546
Stability (top-5 Jaccard) 0.9567 0.1121
Stability (weight rank correlation) 0.8851 0.0689
SHAP-LIME agreement (Spearman) 0.5245 0.0624
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The interpretability layer was evaluated using local fidelity, stability and cross-
technique agreement as shown in Table 7. The mean top-five Jaccard similarity was 0.9567,
and the mean feature-weight rank correlation was 0.8851, indicating high LIME stability.
Local fidelity was moderate (R? = 0.441), while SHAP-LIME agreement was also moderate
(Spearman p = 0.5245). These results support the use of SHAP and LIME as complementary
tools. SHAP is well suited to global driver analysis, while LIME is useful for case-level
communication. However, neither method should be treated as a causal explanation or as
proof that other methods are correct.

4.9. From Prediction to Strategic Action

The attribution results in Figure 8 were translated into explicit, rule-based CRM heuris-
tics rather than treated solely as descriptive rankings. ‘Month-to-month’ contract status was
the strongest global driver (mean absolute Shapley value = 1.2517), followed by ‘referral ac-
tivity” (1.0273), while monthly charge (0.3424) and tenure (0.2560) also contributed to churn
prediction. These variables can therefore serve as routing signals within CRM systems.
However, they should not be interpreted as causal triggers. The model probability remains
the primary score. SHAP and LIME provide complementary reason codes for selecting

appropriate interventions. Table 9 presents the proposed operational rules and correspond-
ing managerial actions. For the reported LightGBM configuration, the cross-validated F1
threshold was approximately 0.417. This threshold is specific to the model, study dataset
and should not be interpreted as a universal business benchmark. In a production envi-

ronment, the threshold should be recalibrated according to intervention costs, customer

lifetime value (CLV), offer acceptance, retention uplift and available operational capacity.

Table 9. Operational CRM decision rules derived from the LightGBM.

Rule

Predictive Condition

CRM Decision Rule

Managerial Action

Rule 1

Predicted churn probability > 0.417;

‘month-to-month’ contract

IF predicted churn probability > 0.417
AND Contract = ‘Month-to-month” THEN
route the customer to a retention review
queue.

Consider marketing strategies
that target contract migration

Rule 2

Predicted churn probability > 0.417; zero

‘referral activity’

IF predicted churn probability > 0.417
AND Number of Referrals = 0, THEN flag
the customer for engagement or service
-experience review.

Review customer engagement
and encourage post-service
review before considering an
incentive.

Rule 3

Predicted churn probability > 0.417;
‘Month-to-month’ contract; zero or low

‘referral activity’

IF predicted churn probability > 0.417
AND Contract = ‘Month-to-month” AND
Number of Referrals = 0 or low, THEN
assign higher retention priority.

Conduct a targeted customer
review, segment and prioritise
an appropriate retention
strategy.

Rule 4

Predicted churn probability > 0.417;

relatively high monthly charge

IF predicted churn probability > 0.417
AND Monthly Charge is relatively high,
THEN assess plan, bundle, or price
sensitivity.

Review marketing strategies
related to plans, bundles, and
pricing before offering
financial incentives.

The rules in Table 9 provide a direct pathway from model prediction to CRM action.
The broader strategic implications of the identified rules are presented in Table 10. Global
attribution can support resource allocation and policy design, whereas case-level expla-

nations support targeted frontline interventions. For instance, month-to-month contracts

may inform both targeted migration strategies and longer-term review of commitment

structures. Similarly, referral activity can be incorporated as a behavioural monitoring

signal, while elevated monthly charges can trigger value communication and bundle re-

views. These findings should be interpreted as decision-support mechanisms rather than
as evidence of causal effects.
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Table 10. Proposed CRM retention decision framework linking measured churn drivers to tactical
and structural responses.

Identified Driver

Evidential Basis

Tactical CRM Intervention

Structural Business
Response

Month-to-month contract

Highest attribution; mean
absolute SHAP = 1.2517

Targeted migration offers
and commitment
incentives

Redesign commitment
pricing and reduce
switching barriers

Tenure

SHAP = 0.2560;
tenure-related separation

Structured onboarding and
milestone retention
contacts

Establish the first year as a
dedicated customer
lifecycle stage

Elevated monthly charge

SHAP = 0.3424

Value communication,
bundle review and
high-charge alerts

Strengthen value-based
pricing and premium-tier
service commitments

Low referral activity

Second-highest attribution;
mean absolute
SHAP =1.0273

Customer engagement and
advocacy initiatives.

Include referral activity as
a behavioural health
indicator in CRM

Fibre optic service segment

Churn rate = 40.72%

Service-quality monitoring
and proactive
communication

Assess competitive
positioning and service
differentiation

Mixed risk profile

Case-level analysis of false
negatives

Supplement model scores
with qualitative review

Maintain a monitored
segment for cases where
model risk may be

understated

The framework can also incorporate a value-based prioritisation rule. This prevents the
system from treating all high-risk customers equally. Expected net value can be expressed
in (20) as:

Expected Net Value = Probability(churn) x CLV X preventable-churn fraction x

20
offer-acceptance probability — intervention cost (20)

Retention action can be prioritised when the expected net value is positive and suffi-
ciently large to justify the available operational capacity. This extends the framework from
prediction-based targeting to economically informed CRM prioritisation.

Overall, the framework represents a conceptual translation of the model’s predictive
and explanatory findings into CRM decision support. It does not demonstrate that proposed
interventions will reduce churn. No uplift modelling, controlled intervention experiment
or cost-benefit evaluation was conducted. Therefore, the effectiveness of the proposed
retention actions remains to be validated in future research.

4.10. Information Systems and Managerial Implications

The proposed pipeline can be integrated into an enterprise CRM as a decision-support
service comprising five components: (a) a data layer supplying current customer, billing and
service information; (b) a scoring layer generating churn probabilities; (c) an explanation
layer storing global SHAP drivers and case-level LIME reason codes; (d) an action layer
mapping risk scores and reason codes to appropriate retention interventions; and (e) a
feedback layer recording offer acceptance, subsequent retention and realised value for
model monitoring and refinement. This architecture transforms churn prediction from an
isolated analytical model into a repeatable CRM workflow.

The framework also requires explicit management of prediction errors. False negatives
represent customers who may churn but are not flagged by the classifier and should
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therefore be eligible for secondary review, with LIME providing case-level insight into
potentially under-represented risk patterns. False positives, in contrast, may consume
retention resources without a subsequent churn event. Their operational cost can be
controlled by combining predicted churn probability with customer lifetime value (CLV)
and intervention cost, since a high predicted probability alone does not justify an expensive
retention action.

Also, there are three conditions that determine the feasibility of operational deploy-
ment. First, data infrastructure maturity is required to provide clean, integrated and
sufficiently current customer, transactional and behavioural data, supported by governance
for continuous data pipelines. Second, analytical capacity is needed to maintain resampling
procedures, tuned ensemble models and explainability tools, either within the CRM team
or through a dedicated analytics function. Third, decision-making culture must support the
transition from experience-based to model-informed retention through clear protocols for
interpreting model outputs and feedback mechanisms that connect recommendations with
observed customer outcomes. Together, these conditions determine whether the proposed
framework can move beyond predictive analysis into sustainable CRM decision support.

5. Conclusions
5.1. Summary of Contributions

This study addresses three gaps in customer churn analytics: limited controlled com-
parison of established learners, insufficient isolation of imbalance treatment, and limited
validation of explanation quality. The objective was to compare nine classifiers under
one leakage-controlled pipeline, evaluate imbalance treatments beyond ADASYN, and
determine whether SHAP and LIME provide stable and useful explanations for retention
decisions. The methodology used repeated stratified fivefold cross-validation with nested
threefold tuning, a confirmatory 20% holdout, four imbalance treatments, paired statistical
tests and dual XAl evaluation. The results identify LightGBM as the highest-achieving
learner under ADASYN performance (F1 = 0.7212, ROC-AUC = 0.9094, PR-AUC = 0.7916;
Brier = 0.1054). However, the ablation shows that ADASYN provides only marginal F1 gains
for the strongest boosting models and does not consistently improve threshold-independent
ranking. The explanation analysis further shows high stability but only moderate local
fidelity and SHAP-LIME agreement. The main practical contribution is therefore a decision-
support workflow that connects risk scores and reason codes to targeted CRM actions
rather than treating predictive accuracy as the endpoint.

5.2. Limitations

The study has four main limitations. First, it uses a single public telecom dataset,
which limits external generalizability. Second, the cross-sectional nature of the data captures
tenure only at the observation point and does not reflect longitudinal changes in customer
behaviour, concept drift, or time-to-churn. Thus, the findings provide comparative evidence
within the available dataset rather than evidence of temporal stability or future-period
generalisation. Recent telecom research using sliding-window evaluation further highlights
the importance of temporal validation for assessing model robustness over time [44]. Third,
SHAP and LIME describe model associations and should not be interpreted as causal
effects. Lastly, the proposed retention rules have not yet been evaluated against realised
retention, intervention cost or CLV outcomes.

5.3. Directions for Future Research

Future studies should incorporate longitudinal and sequential architecture, including
recurrent and transformer-based models, together with time-based validation to capture
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changing customer behaviour and assess temporal robustness. Profit and CLV-based
evaluation could align model selection and retention targeting with financial outcomes,
while causal approaches such as uplift modelling and double machine learning could
identify the customers most likely to respond to interventions. These extensions would
shift churn analytics from predictive detection toward prescriptive retention optimisation
and measurable business value.
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K-NN K-Nearest Neighbours
SVM Support Vector Machine
RFE Random Forest

GBM Gradient Boosting Machine
XGBoost Extreme Gradient Boosting

LIGHTGBM  Light Gradient Boosting Machine
ADASYN Adaptive Synthetic Sampling

SMOTE Synthetic Minority Over-sampling Technique

SHAP SHapley Additive exPlanations
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