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Abstract: Large-scale lending data often combine pre-origination borrower information with post-origination
servicing and outcome fields, which can create data leakage and misleading model performance. This study
proposes a leakage-safe borrower-segmentation framework for LendingClub data. The framework constructs
an ex-ante analytical matrix, compares direct K-Means/Gaussian Mixture Model (GMM) baselines with deep
latent-space clustering using Deep Embedded Clustering (DEC), Improved Deep Embedded Clustering
(IDEC), and Deep Clustering Network (DCN), and evaluates supervised operationalization using XGBoost,
Logistic Regression (LR), Support Vector Machine (SVM), and Random Forest (RF) . The final matrix
contained 2,168,488 observations and 89 features. Conventional clustering showed weak separation, with the
best Silhouette (SIL) value of 0.120454, whereas DEC achieved SIL = 0.851837, Davies-Bouldin index
(DBI) = 0.179926, and Calinski-Harabasz index (CH) = 1.349271 x 1076. XGBoost achieved the strongest
recoverability performance for the DEC-derived labels. The results support leakage-safe preparation followed
by latent deep clustering, while supervised learning is interpreted as operational recoverability of cluster-
derived labels rather than direct default prediction.

Keywords: Autoencoder; Borrower Segmentation; Deep Clustering; Ex-Ante Credit Risk; Machine Learning; Supervised
Operationalization.

1. Introduction

Credit-risk analytics increasingly depends on machine-learning models capable of processing
large, heterogeneous, and high-dimensional lending records [1]. In lending environments, borrower
data may include loan terms, affordability indicators, credit-history variables, categorical
descriptors, temporal attributes, and underwriting-related information [2]. Although such data
richness can improve analysis, it also introduces sparsity, correlation, imbalance, and weakly
informative variables that may distort learning if the dataset is not prepared within a clear
methodological boundary [3], [4]. In ex-ante credit-risk analysis, temporal validity is essential
because underwriting-oriented models must rely only on information available at or before loan
origination [5]. Including post-origination variables, such as repayment behavior, servicing
updates, recoveries, or outcome-dependent fields, can lead to deceptively strong results while
violating the real lending-decision context [6]. Therefore, leakage-safe data preparation is a
necessary foundation for credible borrower analysis.

A further challenge is that large lending datasets are not only predictive resources but also
contain latent borrower structures that may not be visible through direct supervised classification.
Traditional credit-risk modeling often emphasizes default prediction [7], [8], whereas
segmentation-oriented analysis can reveal borrower groups with similar financial, behavioral, and
application-level characteristics. Such segmentation can support portfolio understanding, borrower
profiling, and operational grouping, provided that the resulting clusters are generated from leakage-
safe information and interpreted without overstating their relationship to observed default outcomes
[9]. Borrower segmentation is also challenging because conventional methods such as K-Means
and Gaussian Mixture Model (GMM) may struggle with sparse, correlated, and mixed-type credit data
[10], [11]. Latent representation learning offers an alternative by transforming the prepared
borrower matrix into a compact nonlinear space before clustering [12], [13]. Despite recent
progress in credit-risk machine learning and representation learning, few studies connect leakage-
safe ex-ante construction, direct-versus-latent clustering comparison, and supervised recoverability
of cluster-derived borrower segments within one compact workflow [14]. This gap is important
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because a clustering solution may appear strong internally but still require operational testing to
determine whether the learned segmentation can be reproduced at the record level by supervised
models [15]. Therefore, evaluating supervised recoverability provides an additional practical check
while avoiding the incorrect interpretation of cluster-derived labels as observed default-risk labels
[16].

This paper compares direct conventional clustering with deep latent-space clustering using
Deep Embedded Clustering (DEC), Improved Deep Embedded Clustering (IDEC), and Deep
Clustering Network (DCN) [17], [18], then evaluates whether XGBoost, Logistic Regression (LR),
Support Vector Machine (SVM), and Random Forest (RF) can learn the resulting cluster-derived
target classes [19], [20], [21]. The novelty is not claimed as a new clustering algorithm; rather, it
lies in the integrated and leakage-aware workflow that links ex-ante data construction, direct-
versus-latent clustering comparison, and supervised recoverability of cluster-derived labels. The
contributions are threefold:

o Constructing a leakage-safe ex-ante analytical dataset for borrower segmentation;

e Comparing direct feature-space clustering with latent-space deep clustering as practical
segmentation pipelines; and

e Evaluating supervised operationalization of DEC-derived cluster labels without
claiming direct default prediction.

The remainder of the paper presents related work, methodology, results, limitations, and
conclusions.

2. Related Work
2.1 Ex-Ante Credit-Risk Machine Learning

Credit-risk prediction is commonly addressed as a supervised learning problem in which
borrower and loan characteristics are used to estimate repayment risk or classify creditworthiness
[22], [23]. Recent studies show that boosted models, ensemble learners, and neural approaches can
outperform simpler linear methods in complex credit environments because they capture nonlinear
relationships and heterogeneous borrower profiles [24]. However, strong predictive performance
alone does not guarantee methodological validity, especially when feature eligibility, leakage
control, and borrower-structure discovery are not explicitly addressed [3], [6]. This motivates
treating data preparation and segmentation as core analytical stages rather than routine
preprocessing steps.

2.2 Data Leakage and High-Dimensional Credit Data

Data leakage is a critical issue in lending analytics because loan databases may contain both
pre-origination variables and post-origination fields such as payment behavior, servicing updates,
recoveries, and outcome-dependent indicators [5]. For ex-ante analysis, these variables must be
excluded to preserve the underwriting-time decision context [25]. High-dimensional credit data
also include numeric, categorical, temporal, sparse, and correlated variables that can distort feature-
space geometry if they are not properly encoded, normalized, and filtered [10]. Therefore, leakage-
safe construction and dimensional control are necessary before reliable clustering or supervised
learning can be performed.

2.3 Clustering for Borrower Segmentation

Clustering can reveal borrower substructures that may not be captured by direct supervised
prediction, since it identifies groups based on similarity rather than observed repayment labels [26].
However, conventional clustering may perform weakly in high-dimensional mixed-type credit data,
where distances are affected by scale variation, redundancy, and correlated noise [27].
Representation learning provides an alternative by transforming borrower records into compact
latent spaces that preserve dominant structure while reducing irrelevant variation [13]. Deep
clustering extends this idea by combining learned representations with cluster refinement [18]. Few
studies connect leakage-safe ex-ante construction, direct-versus-latent clustering comparison, and
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supervised recoverability of the resulting segments within one workflow; this gap motivates the
present study.

Table 1 provides a compact state-of-the-art positioning of the proposed workflow against
closely related study directions while keeping the manuscript within the journal page limit.

Table 1. Compact positioning against related state-of-the-art study directions

Study direction Compact positioning of this study

Credit-risk ML Focuses on leakage-safe borrower segmentation, not only default/risk prediction.
Leakage-aware analytics  Links leakage control with clustering evaluation and supervised recoverability.

Latent clustering Compares K-Means/GMM with DEC/IDEC/DCN and tests operational learnability.

3. Methodology

Figure 1 summarizes the proposed methodology, which is organized into three stages: leakage-
safe ex-ante data preparation, clustering and algorithm comparison, and supervised
operationalization with evaluation. Algorithm 1 presents the corresponding stepwise procedure.

r N B
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Figure 1. Proposed methodology workflow for leakage-safe borrower segmentation

Algorithm 1. Proposed leakage-safe borrower-segmentation framework

Input: Raw LendingClub loan records D_raw.

Output: Cluster-derived segmentation labels C and supervised recoverability metrics M.

Begin

1: Load D_raw and define the original borrower-feature matrix.

2: Retain only variables observable at or before loan origination.

3: Remove post-origination leakage-prone variables, identifiers, free-text fields, and non-informative administrative
attributes.

4: Harmonize missing values and encode binary, ordinal, nominal, and temporal variables into a numeric analytical
matrix.

5: Apply z-score normalization, PCA-based stabilization, Isolation Forest screening, and redundancy filtering to obtain
X _exante.

6: Evaluate direct K-Means and GMM baselines on the prepared feature space using SIL, DBI, and CH.

7: Train an autoencoder on X exante and extract the selected 20-dimensional latent representation Z.
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8: Apply DEC, IDEC, and DCN to Z and evaluate their clustering quality using the same internal criteria.

9: Select the strongest clustering solution and assign cluster-derived labels C.

10: Train XGBoost, LR, SVM, and RF using C as the supervised target.

11: Report Accuracy, Precision, Recall, Macro-F1, Balanced Accuracy, and multiclass AUC as M.

12: Interpret M as operational recoverability of borrower segmentation, not as direct default-prediction validity.
End

3.1 Ex-Ante Data Construction and Analytical Preparation

The first stage constructs a valid ex-ante analytical dataset from the original LendingClub
records, which contain 2,260,701 loan records and 151 attributes covering borrower, financial,
credit-history, application, and servicing-related information. This stage is not merely a cleaning
step; it establishes pipeline validity by ensuring that clustering and supervised learning use only
information observable at loan origination.

The first operation is temporal eligibility control. Each variable is examined according to its
time of availability, and only attributes observable at or before loan origination are retained.
Variables related to repayment dynamics, servicing updates, recoveries, or post-origination
outcomes are excluded before preprocessing, representation learning, clustering, and supervised
modeling. This separation prevents leakage and preserves the underwriting-time decision context.

After eligibility control, retained variables are cleaned and transformed into a unified numeric
matrix. Missing-value indicators, empty strings, and placeholder codes are standardized, while
identifiers, free-text fields, and non-informative variables are removed. Numeric variables are
imputed using robust strategies, binary variables by mode, ordinal variables through order-
preserving encoding, nominal variables through one-hot encoding, and eligible dates through
numeric temporal components.

The resulting matrix is standardized using z-score normalization to reduce scale dominance.
PCA is used only as an intermediate stabilization space to reduce redundancy and noise before
anomaly detection, not as the final representation. Isolation Forest is then applied to remove
atypical observations that could distort cluster geometry, followed by low-variance and high-
correlation filtering to reduce residual redundancy. Table 2 summarizes these steps and their
analytical purpose. The output is a leakage-controlled ex-ante dataset of 2,168,488 observations
and 89 features.

Table 2. Dataset analytical preparation summary

Component Input / examples Action Output

Raw dataset 2,260,701 records; 151 attributes Define empirical source Original LendingClub

matrix
loan status, recoveries, collections, last-payment L. .
Leakage control Remove post-origination variables Ex-ante feature space
and outcome-dependent fields
Non-inft i . .. . L .
on 1Ee?£rsnatlve Identifiers, free text, administrative fields Remove false-similarity sources Cleaner matrix
Missingness & Numeric, binary, ordinal, nominal, temporal . . . Unified numeric
. . Imputation and semantic encoding .
encoding variables matrix
Scahng & Mixed scales, redundancy, atypical observations Z-score, PCA stabilization, lsplatlon Stable borrower space
screening Forest, redundancy filtering
. . . . 2,168,4 ;
Final matrix Prepared analytical data Retain leakage-safe features 168,488 records; 89

features

3.2 Clustering and Algorithm Comparison

The second stage evaluates whether the prepared borrower space can be partitioned into
coherent groups. The study compares two legitimate but different segmentation pipelines. The first
pipeline applies conventional K-Means and GMM directly to the prepared ex-ante feature space,
including raw and z-score standardized variants. These models do not use the autoencoder, and
they are retained as transparent direct-clustering baselines.

The second pipeline uses an autoencoder to learn a compact 20-dimensional latent
representation of the ex-ante borrower matrix, followed by deep clustering in the learned space.
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The autoencoder is treated as a nonlinear representation-learning module rather than a supervised
classifier; its adequacy is assessed through reconstruction behavior, validation-loss stability,
reconstruction-error distribution, and downstream clustering quality. Candidate latent dimensions
of 10, 15, and 20 were examined, and the 20-dimensional representation was retained because it
provided the best available balance between compression and structural preservation. The deep
models include DEC, IDEC, and DCN. For the conventional K-Means baseline, the number of
clusters was guided using the elbow method. Based on the visible bend in the inertia curve, K =3
was retained as a controlled and interpretable experimental setting that supports comparable
evaluation across the candidate models and reflects a practical three-segment portfolio view. In this
study, K = 3 is therefore treated as an elbow-supported working choice rather than as a universally
optimal value.

All clustering models are evaluated using internal validation metrics. The Silhouette (SIL)
score measures cohesion and separation, with larger values indicating better clustering. The
Davies-Bouldin index (DBI) measures average similarity between clusters, with smaller values
indicating more compact and better separated partitions. The Calinski-Harabasz index (CH)
measures between-cluster dispersion relative to within-cluster dispersion, with larger values
indicating stronger separation.

3.3 Supervised Machine-Learning Operationalization

In the third stage, the DEC-derived cluster identifier is used as the supervised target to evaluate
whether the selected segmentation can be reproduced at the record level. The models therefore do
not predict observed loan default; they learn cluster-derived borrower segmentation labels. This
stage measures operational recoverability rather than default-prediction validity.

The evaluated algorithms are XGBoost, LR, SVM, and Random Forest (RF), representing
boosted nonlinear learning, linear probabilistic classification, margin-based separation, and bagged
tree ensembles.

The supervised models are evaluated using Accuracy, Precision, Recall, Macro-F1, Balanced
Accuracy, and multiclass AUC under a one-vs-rest macro-averaging interpretation. These metrics
assess overall correctness, class-level reliability, class recovery, balanced classification quality, and
probability-ranking ability.

For reproducibility, Table 3 summarizes the experimental settings that are available in the
compact journal version. Where implementation-level details were not preserved in the current
reporting package, the manuscript avoids unsupported claims and states the limitation explicitly
rather than inventing hyperparameter values.

Table 3. Compact experimental settings

Item Compact reporting
Data 2,168,488 records; 89 ex-ante features
Baselines K-Means/GMM on fixed 200,000-record sample
Latent space Candidates: 10, 15, 20; selected: 20-D
Clustering K = 3; metrics: SIL, DBI, CH
Supervised Target: DEC labels; XGBoost, LR, SVM, RF

Limits Full hyperparameters, seeds, profiles, and SHAP require extended reporting

4. Results and Discussion

4.1 Data Preparation Outcomes

The preprocessing stage produced a complete leakage-controlled matrix with no residual
missing values after cleaning and imputation. This is important because incomplete records can
distort normalization, representation learning, and cluster formation. The figures in this subsection
evaluate completeness, semantic encoding, and outlier handling as the empirical foundation for the
clustering comparison.
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ing-value status after cleaning and imputation

As shown in Figure 2, the prepared ex-ante matrix contains no residual missingness across the
retained features. The uniform dark pattern indicates that missing-value handling was completed
before clustering and supervised learning, reducing the risk that the results are driven by
incomplete records or inconsistent imputation artifacts.
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e.g.: ['Yes’, 'No’, ‘Yes']
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Figure 3. Encoding framework for heterogeneous ex-ante variables

As shown in Figure 3, the semantic encoding framework converts heterogeneous raw variables
into a fully numeric input vector. Binary variables are mapped directly, ordinal variables preserve
their ranking, nominal variables are one-hot encoded, and temporal variables are transformed into
numerical components, reducing the risk of artificial borrower similarities caused by inappropriate

coding.
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Figure 4. Isolation Forest outlier-screening results

As shown in Figure 4, the Isolation Forest screening is targeted rather than destructive:
removed observations are concentrated in low-density outer regions, while the central borrower
mass is preserved. This improves geometric coherence for clustering without erasing the dominant
borrower population.

4.2 Conventional Clustering Baselines

Before evaluating deep clustering, direct conventional baselines were examined to establish
how well K-Means and GMM could segment the prepared feature space without autoencoder-based
representation learning. Table 4 reports the conventional configurations applied to raw and z-score
standardized versions of the ex-ante matrix. This section is placed before the deep-clustering
diagnostics to clarify the baseline level of structural separation achieved by traditional clustering
alone.

Due to computational constraints, K-Means and GMM were evaluated on a fixed 200,000-
record sample, whereas the deep clustering results represent the final latent-space solution.
Therefore, the comparison is interpreted as a practical segmentation-pipeline comparison rather
than a strictly identical-sample algorithmic benchmark. This framing is intentionally conservative:
the results support the usefulness of the latent deep-clustering route in this workflow, but they do
not claim that DEC is universally superior under every possible identical-input experimental
design.

Table 4. Conventional K-Means and GMM results

Model SIL DBI CH Cluster sizes

KM-raw 0.073 2.673 20299.279 [77,543;6,835; 115,622]
GMM-raw 0.120 5.612 14097.439 [64,724; 8,665; 126,611]
KM-z  0.075 2.742 18678.917 [76,743;6,740;116,517]
GMM-z 0.120 3.187 9534375 [26,736; 16,743; 156,521]

The conventional results in Table 4 indicate limited separation. The best SIL score among these
models is 0.120454 for GMM-z, suggesting weak cohesion and separation. K-Means performs
poorly in both raw and standardized settings, indicating that scale normalization alone is
insufficient for discovering a stable borrower partition. GMM improves SIL slightly, but the DBI
values remain high, especially in the raw feature space, which indicates overlapping or poorly
separated mixture components. The uneven cluster-size distributions further suggest that direct
feature-space clustering is useful as a transparent baseline but insufficient as the main segmentation
route.

4.3 Deep-Clustering Diagnostics
Journal of Al-Farabi for Engineering Sciences (JFES)
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After establishing the conventional baseline, the next step examined whether autoencoder-
based representation learning produced a latent space suitable for deep clustering. The selected 20-
dimensional representation was retained because it balanced compression, reconstruction fidelity,
and visible structural organization. The following diagnostics evaluate convergence, reconstruction
quality, neighborhood structure, and DEC optimization behavior. As shown in Figure 5, both
training and validation losses decline steadily, indicating that the autoencoder learned a usable
representation rather than merely memorizing the training data. This supports the use of the 20-
dimensional latent space as the basis for deep clustering.

— Training Loss
0.225 - —— Validation Loss

Epochs

Figure 5. Autoencoder training and validation loss

As shown in Figure 6, most observations have low reconstruction error, while only a small portion
exhibits higher error. This pattern suggests that the 20-dimensional latent representation retains the
dominant borrower structure, with the high-error tail reflecting atypical or complex borrower
profiles rather than a general representational failure.
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Figure 6. Reconstruction-error distribution of the autoencoder

As shown in Figure 7, the elbow curve exhibits a pronounced reduction in inertia from K =2 to K
= 3, followed by a more gradual decline for larger values of K. This pattern indicates that the three-
cluster solution provides a reasonable balance between within-cluster compactness and model
simplicity. Accordingly, K = 3 was retained as the experimental setting used for the clustering
comparisons reported in this study.
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Figure 7. Elbow method for selecting the number of clusters

As shown in Figure 8, the DEC loss drops sharply at the beginning and then moves toward a
more stable region. This pattern indicates rapid refinement from an informative initial partition,
while later non-monotonic behavior is expected because soft assignments and target distributions
are updated iteratively.

0.081

0 250 500 750 1000 1250 1500 1750 2000
Iterations

Figure 8. DEC training loss curve across clustering iterations

4.4 Deep Clustering Results and Comparison with Traditional Clustering

The deep clustering results show a stronger partitioning structure than the conventional
baselines. As reported in Table 5, DEC achieved the best values across all three internal validation
metrics: SIL = 0.851837, DBI = 0.179926, and CH = 1.349271 x 1076. DCN ranked second, while
IDEC ranked third. Because the baselines and deep models use different segmentation pipelines,
the results should be interpreted as practical pipeline evidence rather than a strictly identical-input
benchmark.

Table 5. Deep clustering performance

Model SIL DBI CH

DEC 0.851837 0.179926 1.349271e6
IDEC 0.451576 0.778803 1.922603e5
DCN 0.686198 0.383358 4.517298e5

These results suggest that DEC benefited most from the learned latent geometry. Its target-
distribution refinement mechanism sharpens soft assignments after an initial clustering structure
has been formed. IDEC, which preserves reconstruction regularization during clustering, may have
maintained representational fidelity at the expense of stronger separation under the present data
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conditions. DCN produced a stronger result than IDEC but remained below DEC, suggesting that
centroid-aware representation learning was useful but less effective than DEC refinement for this
borrower space. As shown in Figure 9, DEC provides the highest SIL score by a wide margin. The
conventional K-Means and GMM baselines remain close to zero, indicating weak cohesion and
separation, while IDEC and DCN improve over the traditional baselines but remain below DEC.

0.8+
0.7

KMeans KMeans GMM GMM IDEC DCN DEC
raw z-score raw z-score

Figure 9. SIL comparison between clustering models

As shown in Figure 10, the DBI results confirm the same conclusion from the opposite direction.
DEC achieves the lowest DBI, indicating better compactness and separation, whereas the
conventional baselines show higher DBI values and therefore weaker internal cluster structure.

KMeans KMeans GMM GMM IDEC DCN DEC
raw z-score raw z-score

Figure 10. DBI comparison between clustering models

As shown in Figure 11, the logarithmic CH comparison highlights the magnitude of DEC
improvement. Since CH reflects between-cluster dispersion relative to within-cluster dispersion,
the much larger DEC value indicates a substantially stronger separation structure than both
conventional and alternative deep clustering models.

1064

105

CH INDEX

KMeans KMeans GMM GMM IDEC DCN DEC
raw Z-score raw Z-score

Figure 11. CH comparison between clustering models
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As shown in Figure 12, the cluster-size distribution provides a plausibility check beyond metric
values. The conventional settings produce highly uneven partitions, whereas DEC avoids extremely
degenerate separation and yields three large borrower groups, making it more defensible for
supervised operationalization.

Taken together, the figures show that the difference between traditional and deep clustering is
not marginal. Using the best conventional result as the baseline, DEC increases the SIL score from
0.120454 to 0.851837, an improvement of approximately 7.07 times. DEC also reduces the best
conventional DBI from 2.672802 to 0.179926, indicating far better compactness and separation.
For CH, DEC reaches 1.349271 x 10”6 compared with the best conventional value of
20,299.278772, which is approximately 66.47 times larger. These results show that the deep latent-
space clustering pipeline provides a substantially stronger borrower segmentation than direct
traditional clustering on the prepared feature matrix.
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Figure 12. Cluster-size distribution

Table 6 summarizes the best conventional clustering result against DEC to provide a direct
metric-by-metric comparison between the strongest traditional baseline and the selected deep
clustering model. Although the internal metrics favor DEC, external credit-risk validity should be
examined through post-hoc cluster profiling using ex-ante characteristics such as loan amount,
interest rate, income, debt-to-income ratio (DTI), grade, purpose, and employment length. The
present compact version does not assign semantic labels such as low-, medium-, or high-risk to the
clusters without those profile statistics, because doing so would over-interpret an unsupervised
segmentation. This analysis is therefore identified as a priority for future empirical extension.

Table 6. Best conventional clustering result versus DEC

Metric Best conv. value Best conv. model DEC value Interpretation
SIL 0.120454 GMM-z 0.851837 Stronger cluster separation
DBI 2.672802 KM-raw 0.179926  Lower DBI indicates better compactness
CH  20,299.278772 KM-raw 1.349271e6 Higher CH indicates stronger separation

4.5 Machine-Learning Results

The final empirical stage evaluates whether the selected segmentation can be learned by
supervised models. This step is important because a clustering output may be internally coherent
but still difficult to reproduce at the record level. In this stage, the cluster-derived class is used as
the target variable for supervised operationalization. Therefore, the results should be interpreted as
evidence of recoverability of the selected segmentation structure, not as direct default-prediction
performance.

Table 7 reports supervised recoverability results for XGBoost, LR, SVM, and RF. XGBoost
achieved the strongest performance, with Accuracy = 0.966, Precision = 0.958, Recall = 0.966,
Macro-F1 = 0.962, Balanced Accuracy = 0.966, and AUC = 0.998. Because the supervised target is
derived from clusters, these metrics indicate recoverability of the selected segmentation rather than
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true default-prediction validity. Future extended evaluations should include a confusion matrix and
class-level precision, recall, and F1 scores to verify that performance is not dominated by the
largest cluster. The supervised comparison shows that XGBoost is the strongest operational model,
suggesting that nonlinear boosted interactions are well aligned with the selected borrower
segmentation. LR and SVM are close in overall performance, while RF shows lower classification
scores but remains competitive in AUC. Thus, the segmentation is not merely a geometric output; it
can be translated into a supervised target for operational use.

Table 7. Supervised machine-learning performance

Model  Accuracy Precision Recall Macro-F1 Balanced Accuracy AUC

XGBoost  0.966 0958 0966  0.962 0.966 0.998
LR 0.906 0.885  0.901 0.892 0.901 0.979
SVM 0.905 0.889  0.889  0.889 0.889 0.962
RF 0.890 0.880  0.879  0.879 0.879 0.974

4.6 Integrated Analytical Interpretation

Across the three stages, the findings support a coherent analytical workflow. Leakage-safe
preparation ensures that clustering and supervised learning use information available at loan
origination. Conventional K-Means and GMM provide transparent baselines, but DEC on the
learned latent representation substantially improves internal clustering quality. In practice, the
framework could support borrower profiling, portfolio segmentation, underwriting-time grouping,
and risk-based customer management, provided that fairness, transparency, and responsible use of
borrower data are maintained.

4.7 Limitations

The study has four main limitations. First, the supervised labels are DEC-derived clusters rather
than observed default outcomes; therefore, the supervised stage measures segmentation
recoverability, not default-risk prediction. Second, the conventional baselines were evaluated on a
fixed sample, so the comparison should be interpreted as a practical segmentation-pipeline
comparison rather than a strict identical-sample benchmark. Third, validation mainly relies on
internal clustering metrics, while full post-hoc cluster profiles are not reported in this compact
version. Fourth, full autoencoder hyperparameters, repeated-seed results, confusion matrices, class-
level diagnostics, and SHAP explanations are not reported as completed results due to page-limit
and reporting constraints. Future work should address external default-outcome validation, cluster
profiling, k-sensitivity, robustness testing, detailed hyperparameter reporting, class-level
evaluation, and explainability analysis.

5. Conclusion

This paper presented a compact framework for ex-ante lending analytics that integrates
leakage-safe data preparation, borrower clustering, and supervised operationalization. Its
contribution is a workflow that constructs a valid ex-ante feature space, compares direct clustering
with deep latent-space clustering, and tests whether the selected segmentation can be reproduced by
supervised models. The preparation stage produced a leakage-safe dataset of 2,168,488
observations and 89 features by excluding post-origination variables, handling missingness,
encoding heterogeneous attributes, standardizing features, screening outliers, and reducing
redundancy. The clustering comparison showed that the deep latent-space pipeline was stronger
than direct conventional clustering. K-Means and GMM produced weak results, whereas DEC
achieved SIL = 0.851837, DBI = 0.179926, and CH = 1.349271 x 10”6, supporting the value of
learning a nonlinear borrower representation before cluster refinement. Practically, the framework
can support borrower profiling and portfolio segmentation before supervised deployment. XGBoost
provided the strongest recoverability of the selected cluster-derived labels; however, these labels
are not observed default outcomes. Future work should validate clusters against external credit-risk
outcomes, test stability across datasets and random seeds, perform k-sensitivity analysis, add

Journal of Al-Farabi for Engineering Sciences (JFES)


https://doi.org/10.59746/z76aad94

208 ISSN: 2617-5517 | DOL: https://doi.org/10.59746/276aad94

borrower-level cluster profiles, report class-level supervised diagnostics, and introduce SHAP or
feature-importance analysis for operational interpretability.
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