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Abstract. Telecom customer churn prediction must accurately identify clients who are likely to quit or cut back on their
service in the future. In order to increase the accuracy of the telecom customer churn prediction model while maintaining
the interpretability of business choices, this study proposes a novel adaptive feature engineering technique. The new
approach consists of four parts: machine learning classification, adaptive feature selection, behavior-oriented feature
generation, and data cleansing. Predictive features can be extracted from customer profile attributes, service subscription
records, usage patterns, billing fluctuations, past complaints, and contract status. Adaptively choose a method to evaluate
the features' significance, redundancy, and marginal contribution for the churn classifier. After preprocessing, a telecom
customer dataset with 7043 user records and 42 engineered attributes was employed for the experiment. The feature
dimension has been lowered from 42 to 24 while the accuracy is 89.42%, the F1-score is 86.17%, and the AUC is 91.36%.
When compared to static feature engineering, the adaptive approach decreased feature redundancy by 31.6% and raised
the AUC by 3.28 percentage points. Therefore, by using compact and behavior-sensitive customer features, adaptive feature
engineering has improved churn forecast accuracy. The suggested framework for telecom customer retention analysis offers
a workable method to enhance the feature selection.
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Introduction

The rate of client attrition for telecom businesses has increased due to market saturation, intense pricing rivalry,
and growing customer acquisition expenses. Broadband and integrated-service scenarios in mobile
communications will result in lower direct subscription costs and less prospects for future cross-selling to former
clients. With accurate churn prediction, the operator may anticipate which consumers are most likely to depart
and take prompt action to retain them, like tailored promotions or service enhancements [1]. A decrease in
service utilization, billing discontent, an increase in complaints, contract expiration, and decreased use of value-
added services are some behavioral indications of customer churn [2]. Customer relationship management
platforms, billing systems, network usage logs, service records, and marketing response databases are just a few
of the corporate systems that often receive these signals [3]. The fragmented records can be used to create a
prediction model that produces useful features for customer lifecycle management [4]. In real-world telecom
operations, churn prediction is both a binary classification problem and a data-driven decision support challenge;
that is, the selected attributes must help explain why customers are likely to depart and what retention
strategies might work [5]. Feature engineering has been utilized to develop numerous high-reliability churn risk
indicators for the raw customer data due to the ongoing growth in the size and complexity of telecoms data [6].
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To better identify high-risk consumers, previous churn prediction research has employed statistical models,
machine learning classifiers, and ensemble learning techniques [7]. The non-linear link between usage behavior,
service package modifications, and customer complaints cannot be explained by logistic regression, despite its
easy-to-understand coefficients [8]. When it comes to modeling non-linear feature interactions and evaluating
feature relevance, Random Forest, Gradient Boosting Decision Trees, XGBoost, and LightGBM are typically more
successful [9]. These models are still heavily reliant on the caliber of the input features, though. Fixed attributes,
such as length of employment, monthly costs, subscription models, number of support calls and complaint
records, etc., are typically used in static manual feature engineering; nevertheless, these indications might not
reflect changes in user behavior before attrition [10]. Missing values, category service features, unbalanced
churn labels, correlated variables, and redundant behavior indicators are common in telecom data [11]. A high-
complexity model will have poor generalization if the features are unstable or irrelevant [12]. Weak churn
indications may be missed by aggressive feature reduction that disregards business semantics [13]. The
dimensionality of data can be decreased using feature selection techniques including correlation filtering,
recursive elimination, embedded tree significance, and regularized regression; however, many of these
techniques are static and do not change feature contributions in response to model feedback [14]. In order to
prevent multicollinearity and determine whether a customer's characteristics are likely to predict the target
variable, adaptive feature engineering can be used [15].

The steps of feature development, feature transformation, feature selection, and model input should all be
integrated into a single workflow for adaptive feature engineering for telecom churn prediction. Keep
information on user behavior, billing risk, service dependency, and interaction history; remove variables that are
recurring or unstable. In order to create behavior-sensitive features from telecom data and dynamically choose
a high-value subset of features for churn classification, this study builds an adaptive feature engineering system.
The framework's three challenges are how to transform diverse customer data into predictive feature groups,
assess the impact of features under redundancy limitations, and maintain prediction accuracy while using fewer
variables. In a customer retention scenario, the churn prediction model based on the design will be smaller,
more accurate, and simpler to comprehend.

Related Work

Customer Churn Prediction in Telecom Services

Due to the cheap cost of retaining current consumers, telecoms service management has long predicted client
desertion. In order to assess churn risks, early research merely gathered basic information on the reasons for
staying or leaving and billed products. The customer profiles don't always reflect behavioral shifts before service
termination. Changes in usage, payment risk, service interactions, complaint behavior, and customer
involvement have recently been included in numerous research on telecom churn prediction as markers of a
customer's discontent and inclination to depart [16].

In general, telecom churn statistics are irregular. Age group, account type, area, tenure, and contract form are
examples of characteristics of the customer profile. Voice, broadband, streaming, roaming, value-added, and
bundle subscriptions are examples of service qualities. The length of the call, data usage, frequency of recharges,
payment delays, service outages, and customer service interactions are examples of behavioral characteristics
[17]. The overall prediction accuracy will also be determined by the prediction strength of a single factor and its
interactions. For instance, a relatively high monthly fee might not be a sign of a significant churn risk for a long-
term enterprise user; instead, it might be the result of a recent complaint from a short-term user and a decline
in data usage. As a result, feature construction is likewise somewhat complicated.

Class disparity is the other. There is not a significant percentage of churned subscribers in the majority of telecom
statistics. A model that is solely focused on overall accuracy may ignore minority churn samples and still produce
positive outcomes. Thus, in addition to accuracy, churn prediction studies frequently employ recall, F1-score,
AUC, and cost-sensitive evaluation [18]. By developing behavior-change indicators like usage-decline ratios,
complaint density, payment instabilities, and contract-expiry-proximity, feature engineering can enhance the
identification of the minority class. The characteristics lessen reliance on raw information and are more clear
indications of churn.
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Feature Engineering and Feature Selection Methods

Raw business data is transformed into a feature set that is suitable for models through feature engineering.
Missing value imputation, categorical encoding, numerical normalization, time-window aggregation, feature
discretization, interaction creation, and behavioral trend extraction are common processes in telecom churn
prediction [19]. There are other preparation steps as well. They assess the classifier's ability to identify a valuable
pattern in the customer data. An absolute monthly charge, for instance, might be appropriate, but a relative
shift in monthly charges over the previous few billing cycles is frequently more suggestive of a customer's
intention to depart. The frequency of complaints each service month may more accurately reflect the level of
unhappiness than the overall number of complaints.

Feature selection techniques fall into three broad categories: filters, wrappers, and embedding approaches. The
chi-squared score, variance threshold, correlation, and mutual information are statistical filters for features.
Although they may ignore nonlinear feature interactions, they are computationally straightforward. Although
wrapper approaches are computationally costly, they continually train models with various feature subsets and
assess their predictive performance to identify a favorable combination [20]. During model training, embedded
techniques—such as L1 regularization for linear models or feature significance in tree-based models—select
features. The chosen features might not be appropriate if the classifier or data distribution is changed because
the techniques are somewhat straightforward and not heavily reliant on the model.

A generic extension of feature selection, adaptive feature engineering takes into account input from prediction
performance as well as the contribution, redundancy, and stability of features. Instead of choosing the variables
all at once and training the model, adaptively update the feature weights based on the model's response and
validation outcomes [21]. The client groups will have distinct churn indicators, and it is appropriate for churn
prediction. A recharge failure will indicate a prepaid user's risk, whereas an increase in complaints or contract
expiration will indicate a postpaid contract user's danger. Adaptive selection can minimize the number of
variables while retaining those that contribute to the explanation of challenging churn cases.

Machine Learning Models for Churn Classification

Because customer behavior and service parameters frequently have non-linear correlations, many machine
learning models are utilized to categorize customer attrition. Although logistic regression is appropriate for
interpretability, it may underfit due to its inability to capture complicated patterns. Although Support Vector
Machines can use kernel functions to manage non-linear boundaries, their scalability is not very good when
dealing with a lot of features and customers [22]. Although decision trees are simple to comprehend, they
become unstable when noise is present. Through ensemble learning, Random Forests increase the model's
stability and offer feature relevance indications for feature selection.

Gradient Boosting Models are now widely used as baselines for predicting churn. For effective prediction
performance in structured data, XGBoost and LightGBM can effectively handle mixed-type features and
represent non-linear feature interactions [23]. These models are appropriate for adaptive feature engineering
since they also facilitate feature importance analysis. However, the issue of inadequate feature design cannot
be resolved by a powerful classifier. The model will learn unstable rules and perform badly under data drift if
the consumer behavior is expressed as raw or redundant variables.

Neural networks, including multi-layer perceptrons, embedding-based models, and hybrid feature
representation networks, have also been used to structured churn data in recent studies [24]. Although these
methods can discover latent correlations between consumer qualities, they are frequently less interpretable and
require more training data. To prevent non-churners from dominating the minority churn samples, class
imbalance learning has been used [25]. A feature-sensitive churn model has also been constructed by combining
Bayesian churn prediction, large data analysis, sequential feature selection, logistic regression, and information-
gain filtering [26]. In order to increase the accuracy of telecom churn prediction by feature processing of
customer behavior, scale-level analysis has also been carried out on the data [27]. Before building a model,
unnecessary attributes can be removed via sequential feature selection [28]. After the feature space has been
optimized, logistic regression can clearly explain the customer's risk [29]. A few potential predictor variables for
the churn model can be chosen via information-gain filtering [30]. According to the findings, telecom operations
demand business explanations and prediction accuracy. In order to identify customers who are likely to churn
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and maintain the meaning of the chosen characteristics for the creation of a retention strategy, a practical churn
prediction system should use adaptive feature engineering and a trustworthy classifier.

Adaptive Feature Engineering Framework

Overall Framework of Adaptive Feature Engineering

Using organized customer data, a telecom business has developed a novel adaptive feature engineering method
to forecast client attrition. A binary churn indicator, 19 raw variables, and 7043 customer records make up the
initial set of data. 42 candidate variables, including customer profile attributes, service subscription data, billing
information, usage behavior metrics, complaint records, and contract details, have been added to the feature
pool as a result of preprocessing and feature creation. The system consists of four modules: churn model
generation, adaptive feature selection, behavior-oriented feature extraction, and data preprocessing. Sort the
different telecom data into a limited number of features that are not redundant and contain the predictive
information.

First, a heterogeneous feature vector is created from the input customer record. Monthly charges, tenure, total
charges, call durations and data usage are numerical variables that have been standardised; contract types,
payment methods, service packages and customer groups are categorical variables that have been converted
into numerical codes. Impute missing values according to the missing pattern and feature type. The following is
the cleaned feature vector:

Xe = Ynum (%) + l'pcat(xg) + Whis () Eqg.(1)

Here, x, denotes numerical attributes, Xg denotes categorical service attributes, and x, denotes variables
containing missing or irregular records. The transformation functions describe normalization, encoding, and
missing-value correction. This representation prevents raw data inconsistency from directly affecting
downstream churn modeling.

Use a framework to extract behavior-sensitive features from customer usage and service-interaction data. Even
with a high monthly fee, a user with consistent service use and no history of complaints will have a lower churn
risk; on the other hand, a user who has lately cut back on usage and frequently complained will be more likely
to quit. Profile, billing, use, complaint, and contract features make up the candidate feature pool:

FO = cbp(xc) U cbb(xc) U cbu(xc) U cbs(xc) Eq.(2)

In the experiment, 42 attributes make up the final feature pool. Tenure ratio, frequency of payment delays,
monthly charge volatility, service downgrade flag, complaint density, usage decrease ratio, contract remaining
time, and service bundle reliance are the indications mentioned above. The general framework of the suggested
adaptive feature engineering procedure is shown in Figure 1.

The produced features are subjected to Adaptive Feature Selection. Use the framework to dynamically weight
the features according to their predictive strength, redundancy relationships, and stability during the validation
cycle. Train a churn classifier using the chosen subset, then return the validation feedback to update the feature
score. The following are the Framework's objectives:

F* = arg mFaXA(F) —aR(F) + BS(F) Eq.(3)

In this expression, A(F) denotes prediction contribution, R(F) denotes redundancy penalty, and S(F) denotes
feature stability. The coefficients a and 8 control the balance between compactness and robustness. In the
experiment, the adaptive process reduces the feature dimension from 42 to 24 while maintaining strong
predictive performance.

75



Self-Adaptive Feature Engineering Driven Deep Learning Model for Telecom Churn Prediction
https://doi.org/10.64972/jaat.2024v2.250p6e:72-87

( Data Cleaning Behavior-Oriented Feature Construction
. -0 00
L = @ y /\is ‘ i B
— 7 -
« Usage Fluctuation * Billing Variance * Service Dependency ‘
i Analysis V]
« Missing Value —_ .
. 4 N lizat Consistt Check
Imputation ennelization onystency Lhed - Complaint Density + Constructed Time-source Data
& Frequency Behavioral Features Aggregation i
« Categorical " £ 0
Encoding M Anomaly Detection [V] Feature Vector Output - Contract Remaining Mulli-vindica. + Feature Pool with ‘
\ ) \ Time (™ [ Data Integration 42+ Variables
= / \.
—— - - — — — y
ini
Adaptive Feature Selection Model Trainin
BAOO® l__ 2 B @
=
+ Dynamic Feature « Multi-fold :e:::::":':;::"ah"
importance Evaiuation Validation ] Ensemble of ML Models * User Segmentation
. + Subset of High-Value (XGBoost / (: & Interpretability
» Redundancy & + Feature Stability Features 9 LightGBM /RF/SVM/ LR)
Correlation Assessment
i i Retention
+  Multi-fold - Automove Weak or + Data Split (70% ¢ _Multi-metric R B
3 . £ ) ecommendation
Validation & Adaptive Feedback Redundant Vanables/ (70%/10% /20%) Ff?::?:?;r(et?s‘i:o/n) Traceabliity )
y

Figure 1. Overall framework of adaptive feature engineeringrfar”{;lrécom churn prediction

Behavioral Feature Construction and Transformation

Behavior extraction is the initial stage of feature engineering for churn prediction using telecom data. The
customer's existing circumstances are often the raw factors, and any changes to these circumstances could
indicate a higher chance of attrition. More information can probably be obtained from a decline in data use over
the previous few months than from a single total quantity. The overall amount billed may not be as sensitive as
the frequency of payment delays. As a result, the above-mentioned technique uses telecom data to create trend-,
ratio-, and interaction-based features.

A decrease in current service use relative to the historical average is known as a use decline. The experiment's
historical window is set to the preceding ninety days, while the recent window is set to the most recent thirty
days. The design is not overly sensitive to daily variations, but it will detect a brief decline in behavior.

U30

dy=1-—2—
“ Ugg + € Eq.(4)

The feature d,, increases when recent usage drops below the historical level. In churn samples, the average
usage decline score reaches 0.286, while in non-churn samples it remains around 0.117. This difference indicates
that usage reduction is a meaningful behavior-level churn signal.

Monthly charge changes and late payments are the causes of billing instability. Users are more likely to quit if
their expenses have recently increased or if they have repeatedly missed payments. Relative charge variation
and the frequency of delays in the most recent billing cycle combine to create billing risk.

|Bc _Bhl

T, =
b By +¢

+ 1Dy Eq.(5)

Here, B, denotes current monthly charge, B,, denotes historical average charge, and D, denotes payment delay
frequency. The coefficient 77 is set to 0.35 in the experiment to prevent payment delay from overwhelming billing
variation. This feature is especially useful for users with short tenure and flexible contracts.

The purpose of service reliance is to illustrate the degree to which a user is dependent on bundled telecom
services. Users will stay longer if they utilize all of the company's services, including streaming, mobile data,
high-speed internet, and technical assistance. The quantity of active services and contract obligations determine
the service dependency score.
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sq =log (1 +N,)(1+ AC,) Eq.(6)

In this expression, Ny denotes the number of active services, and C; denotes contract commitment strength. The
coefficient A is initialized to 0.4. A higher service dependency score usually indicates stronger retention potential,
but it may also interact with billing pressure when monthly charges become excessive.

Adaptive Feature Selection Strategy

Prediction strength, redundancy with previously chosen attributes, and stability under various validation sets
are the three categories of criteria used to choose candidate attributes. Only when a feature improves churn
discrimination and doesn't include redundant data that has already been included into other variables is it
retained. In this manner, a large number of the linked variables in the 42-dimensional feature pool are
incorporated, including monthly fee, total charge, billing variation, service count, and contract type.

The degree to which the validation loss rises when a feature is altered determines predictive importance. A
feature is deemed to be related to churn prediction if substituting its mean value causes a significant drop in
validation performance.

v; = L(x; < %) — L(x;) Eq.(7)

The feature importance score v; is normalized within each iteration. In the experiment, usage decline ratio,
contract type, complaint density, monthly charge volatility, and payment delay frequency consistently rank
among the top features.

Correlation and contribution overlap are used to illustrate redundancy. Although correlated features are not
intrinsically harmful, the model will become more complex and less interpretable if several variables contain
almost identical information. The set that has been chosen thus far determines a candidate feature's redundancy
penalty.

= maxlo(fu f)l Ea.(8)

A candidate feature with redundancy above 0.85 is retained only if its prediction contribution is higher than the
correlated selected feature. This prevents the framework from removing useful behavioral indicators solely
because they are statistically related to billing or service variables.

Feature stability is evaluated across repeated validation splits. A feature that appears important only in one split
may reflect sampling noise rather than stable churn behavior. The stability score is calculated according to the
selection frequency over K validation iterations.

1 K
si=— ) zf Eq.(9
K k=1

Here, z; indicates whether the feature is selected in the k-th validation iteration. In the experiment, K is set to
5, and features with stability lower than 0.40 are penalized unless they provide a strong contribution to minority
churn samples.

Ultimately, the adaptive score is created by combining the three elements into a single feature rank. Iteratively
add features until the validation set's AUC does not rise for three rounds in a row. The following is the feedback
optimization process: Figure 2.

q; = o(v; — ar; + Bs;) Eq.(10)

The preserved feature's upper bound is set at 0.55. From the initial 42 designed variables, choose 24 features in
an adaptive manner. Usage drop, billing fluctuation, service dependency, complaint density, contract type,
tenure, and payment behavior are among the features that were kept, providing a reasonably succinct but
behavior-rich representation for churn modeling.
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Figure 2. Adaptive feature selection and feedback optimization process

Experimental Scheme and Evaluation Metrics

Dataset Description and Preprocessing Settings

The experiment uses a structured telecom customer churn dataset containing 7043 customer records. Each
record includes customer profile information, service subscription status, contract type, payment method,
monthly charge, total charge, tenure, service usage indicators, and churn label. The churn label is binary, where
churn users account for 26.5% of all samples. After preprocessing and feature construction, the candidate
feature pool contains 42 variables. The dataset is divided into training, validation, and testing subsets according
to a 7:1: 2 ratio, corresponding to 4930 training records, 704 validation records, and 1409 testing records.

The median is used to replace missing values in numerical variables, while a distinct "unknown" category is used
to fill in missing categorical items. Standardize the continuous variables and minimize the dimension of the
categorical variables by using target-aware frequency encoding. Give churn samples a higher training weight to
address the issue of class imbalance.

N
2N

Wi Eq.(11)

Here, N denotes the total number of training samples, and N, denotes the number of samples in the class of
the i-th instance. This weighting strategy reduces the tendency of the classifier to favor non-churn users.
XGBoost, random forest, LightGBM, logistic regression, and support vector machine are used as comparison
models under the same train-test split.

Prediction and Feature Evaluation Indicators

Prediction accuracy, minority class recognition, ranking ability, feature compression, and redundancy reduction
are the evaluation criteria. Because the percentage of non-churners is rather high, accuracy—which gauges the
overall correctness of classification—is not appropriate for churn prediction. In order to balance the trade-off
between recall and precision in churn detection, the Fl-score is used.

_ 2PR
" P+R+e

Recall provides the percentage of actual churners that have been successfully detected, whereas precision
displays the percentage of predicted churners that are truly churners. A comparatively high F1-score shows that

Fy Eq.(12)
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the model has successfully balanced the risk of missing real churners with the requirements of preventing false
alarms.

AUC shows how well churn risk may be ranked. Only high-risk users are being targeted at this moment due to
the operator's limited funding for retention measures. More real-churning users can be assigned to the high-risk
group by a model with a higher AUC.

AUC = l:’r(schum > snonchurn) Eq.(13)

Feature efficiency is evaluated by considering feature compression and redundancy reduction. After adaptive
selection, the number of features decreases from 42 to 24, corresponding to a compression ratio of 42.9%. The
redundancy score is calculated from the average maximum correlation among selected features.

c =1l

If the number of features drops and the prediction performance rises, the chosen feature subset is deemed
superior. In addition to being simpler to comprehend, a small collection of features can be utilized to minimize
computation and streamline data integration for telecom implementation.

Comparative Experimental Design

To ascertain whether the outcomes of churn prediction following adaptive feature engineering are superior to
those attained by conventional preprocessing and static feature selection, a comparison experiment will be
conducted. The raw cleaned features, devoid of any additional behavior building, are the basis of the baseline
setting. The second setting does not use adaptive selection; instead, it makes use of manually constructed
behavior features. The third is the conventional filter-based feature selection technique, which relies on mutual
information and correlation. Behavior-oriented feature construction and adaptive feature selection based on
model feedback are the suggested settings.

The group's classifiers include Support Vector Machine, XGBoost, Random Forest, Logistic Regression, and
LightGBM. Random forest and gradient boosting models are employed as nonlinear classifiers, whereas logistic
regression is chosen as an interpretable linear baseline. Both XGBoost and LightGBM can handle non-linear
correlations between contract, billing, and behavior variables, and they will probably do well on the structured
telecom data. Every model is trained using the same evaluation methodology, class weighting approach, and
data split.

The contribution of each feature engineering component is determined by ablation tests. The complete
framework is contrasted with versions that do not have adaptive feedback, redundancy penalty, stability score,
or behavior modification. It can be concluded that adaptive feature engineering has provided pertinent
predictive information rather than merely increasing feature complexity if the entire framework can increase
the AUC and F1-score by lowering the number of features.

Result Interpretation and Comparative Analysis

Prediction Performance Comparison

The prediction findings show that all models used adaptive feature engineering to characterize customer churn
more accurately. Using XGBoost as the classifier, the suggested method's accuracy, F1-score, and AUC on the
test set are 89.42%, 86.17%, and 91.36%, respectively. The baseline raw feature accuracy is 84.76%, the F1-score
is 79.84%, and the AUC is 86.91%. Although the AUC is improved to 88.08% by manual feature generation
without adaptive selection, there are redundant variables and the feature dimension is 42. Due to the exclusion
of some weak but complimentary churn indicators, the traditional filter-based selection's accuracy of 88.21%
and AUC of 89.04% are lower than those of the adaptive technique [31].

The comparison of the predicted outcomes is displayed in Figure 3. The accuracy with various feature
engineering parameters is displayed in Figure 3(a). When compared to the baseline using raw features, the
adaptive technique raises the overall accurate rate by 4.66%. The Fl-score is shown in Figure 3(b), and the
suggested approach raises it from 79.84% to 86.17%. This indicates that it has enhanced the identification of
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churn consumers compared to only raising the percentage of the majority class. Adaptive feature engineering
increases the churn risk ranking and places more real churn users in the high-risk probability range [32], as shown
by the AUC values in Figure 3(c).

(a) Accuracy comparison. (b) F1-score distribution.
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Figure 3. Prediction performance comparison among churn models. (a) Accuracy comparison. (b) F1-score comparison. (c) AUC
comparison.

Feature Contribution and Redundancy Analysis

Both created behavior-change indicators and direct business indicators have an impact on churn prediction,
according to feature contribution analysis. Contract type, duration, usage drop ratio, monthly fee variation,
frequency of complaints, occurrence of payment delays, service reliance score, and recent downgrading flag are
the top-ranked attributes. Among them, contract type and duration mostly enhance probability calibration, and
usage decrease rate has a significant impact on churn recall. Complaint density can be utilized to detect high-
risk consumers with a short service history, while having a relatively low global relevance value [33].

The feature contributions are shown in greater detail in Figure 4. Adaptive feature construction has contributed
information beyond that included in the original customer attributes, as seen in Figure 4(a), which displays the
top 15 selected features, seven of which are built variables. The distribution of the behavioral feature groups is
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as follows, as seen in Figure 4(b): Of the total importance, billing-related features account for 24.8%, usage-
change features for 22.1%, contract features for 19.6%, and complaint-related features for 13.4%. The stability
of features during five validation iterations is depicted in Figure 4(c); 18 of the 24 chosen features were present
in at least four iterations, indicating that they were not the result of random sampling variations [34].

(a) Importance by feature group.
(b) Top 8 feature contributions.
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Figure 4. Feature importance and contribution analysis. (a) Top-ranked feature importance. (b) Contribution of behavioral feature groups.
(c) Feature stability across model iterations.
Adaptive selection is necessary after feature construction, according to redundancy analysis. The average
maximum feature correlation after retaining all 42 designed variables is 0.71, and certain billing-related variables
include information that overlaps. The average redundancy score is now 0.49 thanks to adaptive selection.
Because the eliminated variables are primarily duplicates of data previously included in charge volatility,
payment delay frequency, or service dependency score, the decrease does not lower prediction accuracy [35].

The results of compression and redundancy are shown in Figure 5. The billing, service count, and tenure-related
variables in the initial engineered feature pool have dense correlation blocks, as seen in Figure 5(a). Adaptive
selection maintains representative variables from each feature group while breaking many of these correlation
blocks, as seen in Figure 5(b). The prediction variations with different feature dimensions are depicted in Figure
5(c); the AUC climbs quickly as the number of selected features increases from 10 to 22, reaches 91.36% at 24
features, and then stays mostly stable after adding more variables [36].
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(a) Feature redundancy matrix. (b) Compression ratio across feature sets.
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Figure 5. Feature redundancy and compression analysis. (a) Redundancy score before selection. (b) Redundancy score after selection. (c)
Prediction changes under different feature dimensions.

Ablation and Robustness Discussion

Every element of the suggested framework is required for churn prediction based on the ablation experiment.
The F1-score drops to 82.43% when the behavior modification is removed, indicating that the raw variables are
insufficient to accurately indicate the intention to depart. The majority of the generated features are retained
when the redundancy penalty is removed, but the AUC drops from 91.36% to 89.72%. This suggests that
frequently used variables may be interfering with the model's ranking. For short-tenure clients, eliminating
feature stability lessens the performance decline following a validation split change. The static subset has 27
characteristics and an AUC of 0.9018 in the absence of adaptive feedback [37].

The prediction and feature-dimension ablation results are displayed in Figure 6. The accuracy under various
module settings is displayed in Figure 6(a); the version without behavior transformation exhibits the biggest
decline, while the whole framework obtains the maximum value. The Fl-score under the same settings is
displayed in Figure 6(b), and it is evident that overall accuracy is less sensitive to feature development than
churn-user recognition. Adaptive selection is rather small, as seen in Figure 6(c), where the full technique has 24
characteristics, the no-redundancy version has 31 features, and the static selection version has 27 features [38].
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(a) Accuracy by ablation module. (b) F1-score for ablation modules.
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Figure 6. Ablation analysis of adaptive feature engineering modules. (a) Accuracy under different module settings. (b) F1-score under
different module settings. (c) Feature number changes under different module settings.

Reduced training samples, missing data, and class imbalance all affect robustness analysis. The suggested
method's Fl-score remains 82.76% when the churn ratio is lowered from 26.5% to 18.0%, although the raw
feature baseline falls to 75.41%. Because reliable information from contract and service dependence groups can
be employed for prediction, the suggested method still achieves 88.03% accuracy when 10% of the billing and
usage records are randomly masked. The AUC is still 0.8874 and greater than the raw baseline of the entire
dataset when the training sample size is lowered to 60% [39].

Three forecasts' robustness results are displayed in Figure 7. The evaluation of class imbalance in Figure 7(a)
demonstrates that adaptive features have higher churn recall when there are less churn samples. The results of
the missing data rate at 5%, 10%, and 15% are displayed in Figure 7(b), and the corresponding AUC values are
91.36%, 89.82%, and 87.63%, respectively. The suggested approach yields an AUC of 88.74% with 60% of the
training data and 90.27% with 80% of the training data [40]. Figure 7(c) compares various training sample sizes.
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(a) Recall vs class imbalance. (b) AUC vs missing data.
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Figure 7. Robustness analysis under different churn prediction scenarios. (a) Performance under class imbalance. (b) Performance under
missing data rates. (c) Performance under different training sample sizes.

Conclusion

The impact of feature construction, feature selection, prediction accuracy, and business interpretability are all
examined in this study on adaptive feature engineering for telecom customer churn prediction. The
methodology dynamically chooses compact variables based on their predictive power, redundancy, and stability
after converting the various forms of telecom customer data into behavior-sensitive characteristics. As
demonstrated by the tests, adaptive feature engineering can improve churn prediction performance while
lowering the number of features. The suggested approach obtained an accuracy of 89.42%, an Fl-score of
86.17%, and an AUC of 91.36% with 24 chosen features; consequently, the quality of the features directly affects
the churn classification performance.

Telecom churn prediction should be done utilizing a combination of raw customer data and other factors,
according to the technical results mentioned above. If a consumer stops utilizing the service, their bills are
inconsistent, they have a lot of complaints, and they no longer require the service, they are likely to quit. The
issues have been resolved by the new behavioral feature building, and an adaptive selection technique has kept
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the stable predictors while eliminating the unnecessary variables. Under class imbalance and missing data, the
two can enhance the model's compactness and churn-user recognition skills.

Telecom businesses can employ a method to determine the reasons behind some customers' departures.
Because they match observed consumer behavior and service conditions, the selected features can be utilized
to create machine-learning prediction models and are also quite simple to comprehend for business decision-
making. Future research will investigate time-series consumer behavior mining, build automated marketing
intervention tactics, and integrate cost-sensitive retention models and adaptive feature engineering. This
method can also be used in multi-service telecommunications settings, allowing for the joint analysis of mobile,
broadband, cloud, and value-added service records.
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