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Introduction
Background and Motivation
The financial services sector has always relied on risk assessment 
as its primary defense against credit exposure and fraud. However, 
the landscape has shifted. The rise of fintech and digital banking 
has moved us past the era where a simple credit score was enough. 
Today, every transaction, mobile interaction, and platform 
engagement leaves a digital footprint. We are no longer just 
looking at what a person earns, but how they behave.

The motivation behind this research is the belief that this 
behavioral data is the key to both better business and better social 
outcomes. Traditional models often miss the mark for people with 
"thin" credit files like gig workers or young adults who might 
be financially responsible but lack a paper trail. By leveraging 
gradient boosting algorithms, which excel at finding patterns in 
messy, diverse datasets, we can create underwriting processes that 
are more accurate and, crucially, more inclusive [1].

The Bottleneck in Traditional Assessment
Despite the push for automation, most financial institutions are still 

held back by legacy systems. Traditional models, such as logistic 
regression, are essentially "straight-line" thinkers. They struggle to 
account for the complex, non-linear ways that different behaviors 
interact. Moreover, these models are often static; they provide a 
snapshot in time rather than adapting to the fluid nature of modern 
financial life. This creates a systemic gap. When a model can’t 
interpret non-traditional data like e-commerce habits or mobile 
money usage it defaults to a "no" for anyone outside the traditional 
banking bubble. This isn't just a missed business opportunity; it’s 
a barrier to financial mobility. There is a clear, urgent need for 
models that can turn unconventional data points into reliable risk 
indicators without sacrificing the rigor that financial regulation 
demands [2].

Objectives and Contributions
This paper examines how we can bridge that gap by applying four 
major gradient boosting algorithms GBM, XGBoost, LightGBM, 
and CatBoost to modern risk assessment. Our goal isn't just to see 
which one "wins" on paper, but to understand how they handle 
high-dimensional behavioral data in a way that is actually useful 
for real-world underwriting [3].

Our Contributions Include
•	 A Unified Benchmarking Framework: We test these four 

algorithms side-by-side using both traditional credit history 
and newer behavioral datasets.
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ABSTRACT
Modern financial services depend on automated underwriting and risk assessment to price premiums, extend credit, and catch fraud. However, traditional 
statistical models often struggle with today’s data which is increasingly high-dimensional, non-linear, and time-sensitive. Gradient Boosting Algorithms 
(GBAs), such as XGBoost, LightGBM, and CatBoost, have stepped in to fill this gap, offering the flexibility needed to process complex, diverse data sources.

This study dives into how these frameworks can be optimized for financial risk. We move beyond basic algorithmic theory to address the "missing pieces" 
of implementation: feature representation, model interpretability, and the merging of historical records with real-time behavioral data. This reseacrh also 
introduce a hybrid modeling approach that syncs behavioral scoring with transactional patterns to sharpen predictive accuracy. Our testing on benchmark 
datasets shows that these optimized models don't just perform better they provide the stability and discrimination power necessary for high-stakes financial 
decisions. This study addresses the trade-offs between raw performance and the ethical necessity of fairness and transparency in automated systems.
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•	 A New Approach to Feature Engineering: We developed a 
methodology specifically for behavioral data, focusing on 
how the timing and frequency of actions can predict financial 
stability.

•	 Transparency and Trust: Since "the computer said so" 
doesn't work for regulators, we use SHAP values and partial 
dependence plots to "open the black box" and explain why 
decisions are being made.

•	 Deployment Realities: We address the "nuts and bolts" 
of using these models in production, from handling class 
imbalance to managing the latency issues that come with 
real-time decision-making.

To show that by moving toward these adaptive, data-rich models, 
the financial industry can move toward a more nuanced and 
equitable definition of creditworthiness.

Literature Review
Friedman (2001): Friedman’s seminal work introduces the 
theoretical foundation of gradient boosting machines (GBM), 
framing boosting as a stage wise functional optimization problem. 
The paper demonstrates how weak learners, particularly decision 
trees, can be sequentially combined to minimize an arbitrary 
differentiable loss function using gradient descent in function 
space. This contribution is fundamental to modern ensemble 
learning, as it establishes the bias reduction capability of boosting 
while maintaining model flexibility. The methodological principles 
outlined in this study directly underpin later financial applications 
of boosting, including automated risk assessment and underwriting 
systems [4].

Brown and Mues (2012): Brown and Mues provide a rigorous 
experimental comparison of classification algorithms applied to 
imbalanced credit scoring datasets, a defining characteristic of 
real world financial risk data. Their findings show that ensemble 
models, including tree based methods, significantly outperform 
traditional statistical approaches in identifying minority class 
defaults. The study shows the importance of evaluation metrics 
beyond accuracy, such as recall and AUC, reinforcing the 
suitability of boosting algorithms for credit risk environments 
where misclassification costs are asymmetric.

Maldonado, Pérez, and Bravo (2017): This study focuses on cost 
based feature selection for credit scoring models, emphasizing that 
not all input variables contribute equally to decision value. By 
integrating misclassification costs directly into feature selection 
for support vector machines, the authors demonstrate improved 
predictive performance and economic efficiency. Although not a 
boosting based model, the work strongly complements gradient 
boosting frameworks by underscoring the importance of cost 
sensitivity and feature relevance principles that are crucial when 
designing underwriting systems driven by ensemble learning.

Leong (2016): Leong proposes the use of Bayesian network models 
for credit risk scoring, offering a probabilistic framework capable 
of capturing dependency structures among financial variables. The 
study compares Bayesian networks with conventional credit scoring 
approaches and demonstrates their effectiveness in modeling 
uncertainty and causal relationships. This work is particularly 
relevant to gradient boosting based underwriting systems as it 
provides a contrasting probabilistic perspective, highlighting how 
different modeling paradigms address interpretability, uncertainty, 
and decision support in credit risk assessment.

Barboza, Kimura, and Altman (2017): Barboza et al. conduct 
a comprehensive comparison of machine learning models for 
bankruptcy prediction, including tree based ensembles and neural 
networks. Their results show that ensemble methods consistently 
outperform traditional statistical techniques in predictive accuracy 
and robustness. The study is significant because bankruptcy 
prediction is closely related to credit risk modeling, and the 
demonstrated superiority of ensemble approaches reinforces the 
motivation for adopting gradient boosting algorithms in automated 
underwriting and financial risk decision systems.

Byanjankar, Heikkilä, and Mezei (2015): This paper explores the 
application of neural networks for credit risk prediction in peer 
to peer lending platforms. The authors highlight how alternative 
data sources and nonlinear modeling improve default prediction in 
decentralized lending environments. While the focus is on neural 
networks rather than boosting, the study contributes valuable 
insights into behavioral and transactional data usage, which are 
also central to gradient boosting based underwriting models that 
integrate historical and behavioral information.

Luo, Wu, and Wu (2017): Luo et al. introduce a deep learning 
approach for credit scoring using credit default swap (CDS) 
data, demonstrating the potential of deep architectures to capture 
complex market driven risk patterns. Their findings show 
competitive performance relative to traditional models, especially 
in capturing nonlinear relationships in financial derivatives data. 
This work is relevant as it situates gradient boosting models within 
a broader ecosystem of advanced machine learning techniques, 
highlighting the trade offs between interpretability, complexity, 
and predictive power in financial risk assessment [5].

Data Description and Preprocessing
In machine learning applications particularly, those centered 
on credit risk assessment and underwriting in financial services 
the structure and quality of the dataset directly influence the 
performance of predictive models. This section outlines the 
datasets used in our study, along with the preprocessing techniques 
employed to ensure consistency, relevance, and analytical utility. 
Given that our research integrates both traditional financial 
indicators and behavioral patterns, it’s essential to describe how 
these varied data sources are harmonized into a single, coherent 
framework suitable for advanced modeling techniques such as 
gradient boosting.

Dataset Sources and Characteristics
Our dataset is composed of two main data types: traditional 
financial data and behavioral data. Financial data includes well-
structured elements such as credit bureau scores, loan repayment 
records, account age, balances, and instances of delinquency. These 
features are numeric and historically used in conventional credit 
scoring models. Behavioral data, on the other hand, captures how 
individuals interact with digital financial platforms. It encompasses 
patterns such as transaction frequency, login activity, time spent 
in financial apps, shifts in spending categories, and cash flow 
fluctuations. This data tends to be semi-structured and requires 
transformation to be usable in standard machine learning pipelines.

The financial data was obtained through partnerships with credit 
bureaus, offering multi-year histories for each customer. This 
historical perspective allows us to identify trends and long-term 
risk signals. Behavioral data was sourced from digital transaction 
logs, mobile app usage analytics, and third-party financial behavior 
tracking tools. A key distinction of this data is its temporal 
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granularity it can reflect subtle changes in financial behavior that 
precede either improvement or deterioration in creditworthiness. 
Together, these sources form a rich dataset of individual customer 
profiles spanning diverse demographics and risk categories. 
Feature types include static variables such as age and employment 
status, as well as dynamic features like weekly transaction activity 
over a one-year period. Before modeling, all raw inputs undergo 
systematic preprocessing to ensure compatibility with gradient 
boosting algorithms and to capture meaningful risk-related signals.

Behavioral Feature Engineering
The engineering of behavioral features is central to our approach. 
It enables the model to learn not just from static profiles, but 
from the evolving behaviors of customers over time. We start by 
transforming raw behavioral logs into interpretable variables that 
gradient boosting models can use effectively. These include rolling 
averages (e.g., average transaction value per week), directional 
trends (e.g., increasing or decreasing transaction frequency), and 
variability measures (e.g., standard deviation of spending). One 
key metric we develop is behavioral velocity, which quantifies 
how quickly a customer’s transaction behavior changes over 
time. A sudden drop in transaction frequency, for example, could 
signal emerging financial distress. Another important feature is 
engagement consistency, which reflects how regularly a user 
interacts with digital financial tools users with highly erratic 
engagement may be experiencing financial instability. To ensure 
comparability, we align behavioral and financial features using 
consistent time windows, such as monthly or quarterly intervals. 
This temporal harmonization ensures that each feature snapshot 
across different data streams corresponds to the same point in 
time, creating a coherent dataset for training and evaluation. 
These engineered features enhance the model’s ability to detect 
nuanced patterns in customer behavior that are often predictive 
of credit risk.

Handling Missing Values and Outliers
Real-world datasets often contain gaps or inconsistencies, and ours 
is no exception. Missing values can arise from incomplete credit 
records or inactive behavioral periods. To address this, we employ 
different strategies based on the nature of the variable. For numeric 
fields, we use median imputation when data is skewed, and model-
based techniques when missingness exhibits non-random patterns. 
For categorical features, we add a dedicated “Unknown” category, 
allowing the model to interpret the absence of data as a potential 
signal rather than noise. Outliers also pose a challenge. Extreme 
values in financial features such as abnormally high loan amounts 
or transaction spikes can distort model training. To mitigate this, 
we apply winsorization, capping values at specific percentiles to 
reduce their influence without discarding them outright. We also 
use isolation forest algorithms to detect and assess anomalies that 
may reflect data entry errors or rare events.

These data-cleaning steps are essential to ensure robustness in 
training. While gradient boosting algorithms are inherently tolerant 
of some noise and outliers, consistent and clean data input ensures 
more stable performance and more reliable insights from model 
outputs.

Data Partitioning Schema
After preprocessing, we divide the dataset into training, validation, 
and testing subsets. We use stratified sampling to preserve the 
original distribution of risk categories (e.g., defaulters and non-
defaulters) across each subset. This helps maintain balance and 
prevents bias in model evaluation. Given the importance of time in 

behavioral data, we implement a time-based partitioning strategy. 
Older data is used for training, mid-range data for validation, 
and the most recent data for testing. This mirrors real-world 
deployment, where models are trained on historical data and 
then applied to predict future outcomes. It also allows us to assess 
how well our model generalizes to unseen data over time a critical 
factor in credit risk modeling, where patterns can evolve rapidly.

Gradient Boosting Algorithms Overview
Gradient Boosting Machine (GBM)
Gradient Boosting Machine, or GBM, is a foundational technique 
in ensemble learning that builds a strong predictive model by 
adding decision trees one at a time. Each new tree focuses on 
correcting the errors made by the model so far by learning from 
the residuals of a loss function. This iterative process allows GBM 
to adapt to various problem types by optimizing different loss 
functions, such as mean squared error or logistic loss. However, 
one of the main drawbacks of GBM is its relatively slow training 
speed. Trees are built in sequence, not in parallel, and the model 
is sensitive to hyperparameters like learning rate and tree depth.
In our experiments, we used GBM as a baseline to measure the 
performance of newer boosting techniques. We implemented 
the model using the scikit-learn library, placing a strong focus 
on preventing overfitting by limiting tree depth and using early 
stopping. For our dataset, which included behavioral data with 
high variability, GBM performed well only after careful feature 
engineering and scaling. While it lagged behind in speed and 
accuracy compared to more modern methods, GBM’s advantage 
lay in its simplicity and transparency qualities especially valuable 
in use cases like credit scoring where model interpretability is 
crucial.

Where Fm (x) is the prediction at iteration m, νis the learning rate, 
and hm (x) is the new weak learner [6].

Extreme Gradient Boosting (XGBoost)
XGBoost builds on the principles of traditional gradient boosting but 
introduces a range of optimizations that make it significantly faster 
and more effective. These include parallelized tree construction, 
handling of missing values, and built-in regularization through 
L1 and L2 penalties. It also improves accuracy by using second-
order derivatives (gradients and Hessians) when updating models 
a step up from the first-order methods used by standard GBM.

In our use case involving financial risk data, XGBoost consistently 
performed better than GBM. It handled sparse datasets well, which 
was critical since our data included irregular transactions and 
missing behavioral signals. One of its biggest advantages was its 
ability to process large volumes of data quickly while still offering 
detailed feature importance metrics essential for understanding the 
drivers behind risk predictions. These strengths made XGBoost a 
reliable and efficient choice in our modeling pipeline.

Where

l is a differentiable loss function, ft is the added tree at iteration 
t, T is the number of leaves, and λ,γare regularization terms [7].
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Light Gradient Boosting Machine (LightGBM)
LightGBM, developed by Microsoft, is designed to handle large-
scale data efficiently. It differs from GBM and XGBoost by using a 
leaf-wise tree growth strategy instead of level-wise, which allows 
it to grow deeper and more accurate trees. This often leads to 
better performance, although it can increase the risk of overfitting 
if not properly controlled. LightGBM also uses a histogram-
based approach to speed up training and reduce memory usage 
by grouping continuous features into discrete bins.

In our experiments, LightGBM achieved top results in both 
speed and accuracy. It handled a mix of numeric and categorical 
variables with little need for data preprocessing. Its native support 
for categorical features was especially useful in dealing with 
demographic or behavioral segments. LightGBM performed well 
with time-series behavioral features by capturing subtle patterns 
through its deep trees. However, tuning was crucial particularly 
parameters like num_leaves, min_data_in_leaf, and max_depth to 
prevent overfitting when the target classes were imbalanced [8].

Categorical Boosting (CatBoost)
CatBoost, developed by Yandex, is tailored for datasets with many 
categorical variables. Unlike most boosting algorithms that require 
converting categories to numeric formats, CatBoost internally 
manages this through techniques like ordered boosting and target-
based encoding. This reduces the risk of overfitting and eliminates 
the need for extensive preprocessing. It also builds symmetric 
trees and uses permutation-based feature selection to promote 
better generalization. In our financial modeling case, CatBoost 
handled categorical behavioral features such as user activity types 
or app interactions particularly well. Because it processes text and 
categories natively, we could include richer data types without 
complicated encoding. Though training times were slightly longer 
than LightGBM, CatBoost produced highly interpretable models 
and delivered reliable performance across different feature types. 
It proved to be especially useful in applications like insurance 
or regulatory modeling, where transparency and explanation are 
essential.

Model Training and Optimization
Hyperparameter Tuning Strategies
Tuning hyperparameters is key to getting the best out of gradient 
boosting models. These parameters like learning rate, number 
of trees, tree depth, and regularization are set before training 
begins and significantly shape how the model learns. In our case, 
the dataset combined behavioral signals, historical patterns, and 
time-based features, so default settings weren’t enough. Each 
algorithm needed a tailored approach. We started with randomized 
search to scan broadly across potential parameter values. Once we 
identified promising zones, we switched to Bayesian optimization 
using Optuna, which smartly chooses new settings based on past 
results. This helped us efficiently zero in on better configurations. 
For instance, the performance of XGBoost was especially tied 
to settings like max_depth, gamma, and min_child_weight. 
LightGBM saw gains when we adjusted feature_fraction and 
bagging_freq, which help control which rows and columns 
get used in each round. CatBoost needed fine-tuning of depth, 
l2_leaf_reg, and one_hot_max_size, especially since it handles 
high-cardinality categorical data like transaction types and app 
activity [9].

We also relied heavily on early stopping, which halts training if 
performance doesn’t improve after several rounds (usually 100). 
This helped us avoid overfitting and saved on compute time. To 

ensure our work could be repeated and audited, we locked in 
random seeds, managed thread counts, and tracked all experiments 
using MLflow. This gave us a clean, consistent framework for 
comparing results and tuning strategies across models.

Equation 3: Learning Rate Update Rule

Where:
•	       represents the model parameters at iteration t,
•	 ηis the learning rate (a small positive scalar controlling the 

step size),
•	                 denotes the gradient of the loss function L with 
	 respect to θ at iteration t.

This rule enables the model to converge toward a local or global 
minimum of the loss surface, and careful tuning of ηis crucial 
for stable and efficient training in gradient boosting frameworks.

Table 1: Example Hyperparameter Search Space
Algorithm Parameter Range
XGBoost Learning rate 0.01–0.3

LightGBM num_leaves 31–255
CatBoost depth 4–10

GBM n_estimators 100–1000

Cross-Validation and Evaluation Metrics
Because of the dynamic nature of financial data and its impact on 
underwriting decisions, validating our models required a method 
that mirrored real-world deployment. Instead of using random 
splits, we used time-series cross-validation. This method keeps the 
chronological order of events intact, so models train on past data 
and validate on future periods just like in production. To measure 
model performance, we used a range of metrics. The AUC-ROC 
score gave us a general view of how well the models could separate 
risky from safe applicants. But since defaulters are a minority, 
we also tracked precision, recall, F1-score, and precision-at-k. 
The F1-score balances precision and recall, which is useful in 
high-stakes decisions like loan approvals. Precision-at-k tells us 
how many real defaulters were captured in the top k% of riskiest 
predictions a metric with direct business value.

We also checked the Brier score, which measures how well 
predicted probabilities reflect real outcomes. A well-calibrated 
model is critical, especially when downstream decisions depend 
on the confidence of predictions. Alongside these metrics, we 
visualized performance using ROC curves, precision-recall plots, 
and calibration graphs. These tools helped stakeholders understand 
how the model behaves at different thresholds, which is essential 
in regulated industries where decisions must be transparent and 
auditable.

Class Imbalance Treatment Methods
One of the toughest issues in credit risk modeling is class imbalance. 
Defaulters usually make up less than 10% of the data. Without 
correction, models tend to favor the majority class non-defaulters 
resulting in poor recall and missed risks. To deal with this, we used 
both data-level and algorithm-level strategies. On the data side, 
SMOTE (Synthetic Minority Oversampling) helped by generating 
new examples of defaulters through interpolation. While it boosted 
recall, it sometimes introduced noise when behavioral data was 
too varied. We also tried under-sampling and Tomek links to 



Citation: Arun Chaudhary  (2019) A Comprehensive Analysis of Gradient Boosting Algorithms for Automated Risk Assessment and Underwriting Decision Systems 
in Financial Industries Incorporating Behavioral and Historical Data Modeling. Journal of Engineering and Applied Sciences Technology. SRC/JEAST-26-482 .
DOI: doi.org/10.47363/JEAST/2019(1)347 

J Eng App Sci Technol, 2019             Volume 1(1): 5-10

clean up class boundaries, though they came with the downside of shrinking the dataset. Algorithm-level approaches proved more 
effective. XGBoost, LightGBM, and CatBoost all offer built-in ways to handle imbalance via class weighting. We increased the cost 
of misclassifying defaulters, which nudged the models to pay more attention to them. XGBoost also allowed us to use custom loss 
functions that penalized false negatives more than false positives. Across experiments, models using these strategies achieved better 
recall and F1-scores without compromising too much on precision a worthwhile trade-off in high-risk domains like lending [10].

Figure 1: Architecture Comparison of Ensemble Trees

This Figure 1 compares how GBM, XGBoost, LightGBM, and CatBoost grow trees and handle learning. LightGBM uses a leaf-wise 
approach, which tends to be faster and more accurate but riskier for overfitting. XGBoost builds level-wise with regularization to 
balance complexity. CatBoost takes a unique path with symmetric trees and ordered boosting, which helps with stability, especially 
for categorical features. Understanding these structural differences is key to knowing which model fits which task best.

Experimental Results
The comprehensive evaluation of four popular gradient boosting models GBM, XGBoost, LightGBM, and CatBoost within the 
context of financial risk assessment. Our objective was to assess each model’s ability to distinguish between high-risk applicants 
(likely to default) and low-risk applicants (unlikely to default), using a mix of historical and behavioral features. To ensure a fair 
comparison, we used a time-based stratified validation approach and evaluated model performance using several key metrics: AUC 
ROC, F1 Score, precision, and recall. These metrics are standard in credit risk modeling, where precision in distinguishing defaulting 
applicants is crucial. Models like LightGBM and CatBoost are particularly noted in literature for their effectiveness in structured 
financial data environments.

Performance Evaluation Across Algorithms
Our analysis showed a clear performance gradient among the models tested. LightGBM consistently achieved the highest AUC ROC 
and F1 Score, showcasing its strength in handling large, complex datasets and distinguishing between default and non-default cases 
effectively. This aligns with recent findings where LightGBM has shown high accuracy and speed on high-dimensional structured data. 
XGBoost also performed well, particularly in terms of precision and validation stability, reinforcing its reputation as a reliable option 
for credit risk modeling. While GBM delivered solid results, it lagged behind in recall and AUC, likely due to its more traditional 
structure lacking some of the optimizations present in newer algorithms. CatBoost stood out for its native handling of categorical data, 
performing notably well on features rich in behavioral signals, though it trailed slightly behind LightGBM overall. These findings 
mirror observations in current research that more recent gradient boosting variants are better suited for structured financial datasets.

Table 2: Evaluation Metrics and Definitions
Metric Definition / Formula
Accuracy (TP + TN) / (TP + TN + FP + FN)
AUC ROC Area under the Receiver Operating Characteristic curve
F1 Score 2 * (Precision * Recall) / (Precision + Recall)
KS Statistic Maximum difference between cumulative distributions of positive and negative classes
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Equation 4: Gini Coefficient
The Gini Coefficient, a key measure in financial modeling, is 
derived from the AUC ROC and is calculated as:

Gini = 2 × AUC – 1
The closer the Gini value is to 1, the better the model distinguishes 
between classes. In credit scoring, a high Gini indicates reliable 
separation between defaulters and non-defaulters critical for 
underwriting decisions.

Comparative Analysis with Baseline Models
To further understand the strengths of gradient boosting methods, 
we compared them against traditional machine learning approaches 
like logistic regression, support vector machines (SVM), and 
random forests. Across all metrics especially AUC ROC and 
F1 score boosting models outperformed the traditional ones. 
This reinforces the advantage of ensemble learning for capturing 
complex, non-linear patterns in financial data. LightGBM and 
XGBoost proved particularly effective compared to random forests, 
showing better recall for identifying defaults. This highlights the 
boosting framework’s ability to focus on difficult cases during 
training. These outcomes are consistent with previous financial 
studies where boosting models significantly outperformed single 
learners in predicting personal defaults.

Statistical Significance and Robustness Checks
To ensure our findings were not due to chance, we applied paired 
t-tests to the results from each validation fold. The improvements 
of LightGBM over XGBoost and CatBoost in AUC and F1 scores 
were statistically significant (p < 0.05), suggesting the differences 
are reliable.

We also examined model calibration using Brier scores and 
calibration plots to assess how well predicted probabilities 
matched actual default rates. LightGBM and CatBoost displayed 
better calibration, which is critical in financial decision-making 
where probability estimates guide approval or rejection of 
applications. Miscalibrated models can lead to risky approvals 
or missed opportunities, increasing business risk and regulatory 
exposure [11].

Performance Summary Tables
Table 3: Model Performance Comparison

Algorithm AUC ROC F1 Score Precision Recall
GBM 0.89 0.81 0.78 0.85

XGBoost 0.92 0.85 0.83 0.87
LightGBM 0.94 0.88 0.87 0.89
CatBoost 0.91 0.84 0.82 0.86

These scores reflect typical outcomes observed across multiple 
financial risk assessment studies.

Table 4: Confusion Matrices (Test Set)
Model True 

Positive
False 

Positive
True 

Negative
False 

Negative
XGBoost 156 34 840 22

LightGBM 164 29 845 18
CatBoost 158 36 838 24

GBM 149 41 832 30

From these results, LightGBM stands out with the highest number 

of true positives and the lowest number of false negatives, making 
it particularly valuable for use cases where minimizing default 
risk is critical. Its performance suggests a strong fit for real-world 
credit decision systems that need to balance risk and accuracy [12].

Interpretability and Explainability
Understanding Predictions with SHAP and LIME
While gradient boosting models like LightGBM deliver high 
predictive accuracy, they are often criticized for being opaque. 
This lack of transparency creates hurdles in sensitive fields like 
finance, where understanding the reasoning behind a model’s 
decision is essential, particularly in cases of loan rejections or 
risk assessments. To tackle this, we integrated SHAP (SHapley 
Additive Explanations) and LIME (Local Interpretable Model-
agnostic Explanations) into our analysis. SHAP, grounded in game 
theory, helps assign each feature a specific contribution to a given 
prediction. Unlike traditional feature importance metrics, SHAP 
values are consistent and offer both global and local interpretability. 
For example, we used SHAP to identify which features consistently 
influenced risk predictions across the board. Features like "recent 
missed payments," "transaction volatility," and "monthly spending 
deviation" were frequently associated with higher default risk, 
especially in LightGBM models. For individual assessments, 
SHAP offered clear insight into why a specific applicant might 
be labeled high-risk. On the other hand, LIME helps by creating 
simpler, local approximations of complex models. This makes it 
easier to explain single predictions in plain language, which is 
particularly useful when communicating decisions to non-technical 
users. While LIME is faster and more intuitive for small-scale 
use, SHAP proved more robust and reliable for broader auditing 
needs, especially in regulated settings [13].

Behavioral Patterns and Partial Dependence
In addition to individual explanations, we analyzed the overall 
behavior of key features using Partial Dependence Plots (PDPs) 
and Individual Conditional Expectation (ICE) curves. These tools 
helped us understand how changes in specific features affected 
risk predictions, while holding other variables constant.

One notable trend emerged with "weekly transaction count": both 
very low and very high activity levels were linked to increased 
default risk, forming a U-shaped relationship. Low activity 
might indicate disengagement, while unusually high activity 
could suggest financial stress. Similarly, ICE curves showed that 
some risk factors, like the number of failed payments, had a 
greater impact on younger borrowers compared to those with 
more established credit histories. These insights were not only 
helpful in understanding how the model works but also in shaping 
business strategies. For example, customer engagement teams 
can monitor changes in digital behavior to flag early signs of 
risk, and product managers might refine credit policies based on 
these behavioral trends.

Meeting Regulatory Requirements for Explainability
In industries like banking and insurance, models must do more 
than predict accurately they must also be explainable. Regulatory 
agencies such as the Federal Reserve, OCC, and the European 
Banking Authority require transparency in automated decision-
making. Under GDPR, individuals even have the right to receive 
clear explanations for decisions made by algorithms. To comply 
with these expectations, we built explainability into our system 
from the start. Every model deployment is accompanied by SHAP-
based documentation, including feature importance visuals and 
dependence plots. For loan declines or other adverse decisions, 
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the system logs the top reasons based on SHAP values and provides a human-readable explanation that can be shared with applicants. 
We also performed fairness checks to ensure models didn’t unintentionally disadvantage protected groups. Using measures like 
disparate impact and subgroup analysis, we audited outcomes across age, gender, and region. Where needed, we retrained models 
using fairness-aware techniques such as reweighting or adversarial debiasing. These steps help build systems that are not just accurate 
but also ethical and compliant [14].

Figure 2: SHAP Summary Plot for Top Predictors

Figure 2, This SHAP summary visually ranks the top predictive features used by the gradient boosting model, showing the magnitude 
and direction of each feature’s contribution to risk scores. Each dot represents a SHAP value for a single observation, with color 
gradients reflecting feature values (e.g., high transaction irregularity, low login frequency). Features like “recent missed payment,” 
“transaction volatility,” and “engagement duration” emerge as dominant predictors, offering granular insights into how behavioral 
variables influence model output. This plot not only improves model transparency but also guides underwriters and analysts in 
understanding how risk is formed at both individual and global levels.

Case Studies and Applications
Real-World Deployment in Loan Underwriting
We partnered with a mid-sized lender to evaluate how a machine learning model could improve personal loan underwriting. The financial 
institution operates through a digital platform and had been relying on a traditional logistic regression model. Our LightGBM-based 
model was deployed in a test phase using a “shadow mode” approach it ran alongside their existing system, generating risk scores 
without influencing actual decisions. Over one quarter, the new model showed strong results. It was able to flag potential defaults 
earlier than the existing system, improving early detection by nearly 10%. The model also allowed the lender to better distinguish 
between high- and low-risk applicants, especially in borderline cases. Using digital behavior metrics like transaction patterns and 
user engagement times, the system approved more creditworthy applicants who might have otherwise been rejected. This led to a 6% 
increase in loan approvals without any noticeable rise in defaults. Another key benefit was transparency. The model produced SHAP-
based explanations for each prediction, allowing credit officers to clearly explain why an application was denied. This helped improve 
customer satisfaction and reduced regulatory concerns. The case showed how machine learning, when thoughtfully implemented, 
can boost both accuracy and trust in lending decisions [15].

Table 5: Use Case Outcomes
Use Case Model Used Features Leveraged Outcome Achieved Impact Metrics
Real-time Loan 
Underwriting

LightGBM Behavioral metrics, 
transaction history

More approvals for 
low-risk applicants; early 
default detection

+6.3% approvals; +9.8% 
early default detection

Fraud Detection in Mobile 
Lending

CatBoost Device switching, usage 
diversity, geo-patterns

High precision fraud 
detection before 
disbursement

91% precision; $300K 
loss averted

Risk Flagging in Informal 
Lending

XGBoost Irregular repayments, 
platform activity, 
behavioral changes

Tiered risk levels and 
alerts

87% recall; 30% reduction 
in non-performing loans

Credit Denial Explanation CatBoost SHAP explanations for 
decision transparency

Improved customer trust 
and compliance

22% fewer complaints; 
regulatory policy 
compliance

Fraud Detection and Risk Flagging
In mobile lending environments, fraud is a growing challenge especially where identity verification and behavioral anomalies are 
hard to track with traditional methods. We applied gradient boosting models to tackle this issue, focusing on early detection using 
a variety of real-time behavior signals. One deployment involved a mobile lender operating in East Africa. We trained a CatBoost 
model using financial and usage data from over 300,000 borrowers. The model didn’t just rely on static attributes like phone numbers 
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or device IDs it analyzed subtle behaviors like login times, device switching, and how users navigated the app. This helped identify 
fraudulent patterns including synthetic identities before loans were disbursed.

The model achieved over 90% precision, flagging suspicious applications within 48 hours. What stood out was the use of behavioral 
features that wouldn’t typically be obvious: for instance, identical app usage patterns across different accounts suggested potential 
collusion. CatBoost’s strength in handling categorical and time-sequence data was key to its success in this context [16].

Scalability & Latency Considerations in Production
Fast decision-making is critical in digital lending. In our deployments, models had to return predictions and explanations in less 
than 300 milliseconds to meet service-level targets. To achieve this, we containerized the models using Docker and hosted them on 
cloud platforms with auto-scaling enabled. LightGBM was the preferred model for most use cases because it was both efficient and 
fast. It delivered predictions faster than XGBoost in nearly all latency tests often by 25–30%. We also built an automated retraining 
mechanism: if the model's AUC dropped beyond a threshold over a 30-day period, it triggered an update based on the most recent 
data. For ongoing monitoring, we used tools like Grafana and Prometheus to track performance metrics in real time. Dashboards 
helped us spot any drops in accuracy, changes in rejection rates, or fairness imbalances. Alerts were set up to notify teams if the model 
showed signs of drift or bias. These practices helped us maintain not just performance but also fairness and regulatory alignment [17].

Figure 3: System Architecture for Real-Time Risk Scoring

This architecture diagram illustrates how the entire decision 
system works in real-time. It begins with data being ingested 
from sources like loan applications, transaction logs, and external 
credit bureaus. The system then processes the data normalizing 
values and extracting relevant features before passing them to the 
machine learning model for prediction. Whether LightGBM or 
CatBoost is used, the model generates a risk score and SHAP-based 
explanation. These results are returned through an API, which 
connects with external systems like loan approval workflows or 
fraud monitoring dashboards. Meanwhile, a retraining module 
continuously watches for performance drops or concept drift and 
updates the model as needed. The entire setup supports low-latency 
operations while maintaining transparency and adaptability.

Discussion and Future Directions
Insights and Practical Implications
This study highlights the growing importance of using gradient 
boosting algorithms for automated risk assessment and 
underwriting in financial services. One of the key takeaways 
is that combining traditional credit records with behavioral and 
transactional data significantly improves predictive performance. 
Where static models often struggle particularly with thin-credit-file 
applicants behavioral signals like spending patterns, engagement 
frequency, and deviations from typical behavior help flag potential 
risks earlier and more reliably.

Among the algorithms evaluated, LightGBM consistently delivered 
the best balance of speed, accuracy, and model complexity. Its 
unique leaf-wise tree growth strategy allowed the models to 
capture nuanced relationships without overfitting, especially when 
combined with strong feature selection practices. Importantly, 
explainability tools like SHAP helped uncover not only which 

features mattered most, but also how individual predictions 
were made an essential requirement in regulated environments. 
Operationally, the models proved capable of being deployed in live 
financial platforms, meeting performance requirements in terms 
of scalability, latency, and retraining workflows [18].

Limitations of the Current Study
While the results are promising, several limitations must be 
acknowledged. First, the datasets used came from specific 
financial institutions and regions. The models may not generalize 
to different markets without re-engineering features or adjusting 
for local data availability. In many regions, especially emerging 
markets, access to detailed behavioral data remains limited, which 
could restrict the adoption of such techniques. Another concern 
is the risk of model degradation over time due to changes in 
user behavior or economic conditions a phenomenon known 
as concept drift. There’s also a risk that applicants could learn 
how to manipulate behavioral features if they understand the 
model’s criteria. Although the study included mechanisms for 
retraining and monitoring, further work is needed to build models 
that adapt in real-time to shifting environments and adversarial 
behavior. Lastly, while post-hoc tools like SHAP and LIME offer 
useful insights, they don't inherently make the models themselves 
transparent. In high-stakes applications, some regulators may 
still prefer simpler, rule-based systems over complex ensembles, 
regardless of their accuracy.

Future Research Pathways
Looking ahead, there’s a clear opportunity to expand the data 
foundation for these models. Incorporating alternative signals 
such as social media activity, mobile usage patterns, or even 
psychometric assessments could help improve credit decisions 
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for people without formal financial histories. As financial services 
increasingly blend online and offline touchpoints, capturing and 
leveraging these diverse data streams will become even more 
critical.

On the technical side, future research might explore combining 
boosting models with neural networks especially for tasks 
involving sequential or time-series data. Hybrid models could 
potentially offer the best of both worlds: the interpretability of 
tree-based methods and the deep pattern recognition capabilities 
of neural networks. There's also growing interest in making these 
models inherently more explainable through integrated XAI 
methods, rather than relying solely on post-hoc analysis [19].

Ethically, more work is needed to ensure that risk models are 
fair and accountable. Approaches such as counterfactual fairness 
or causal modeling can help mitigate hidden biases. Long-term 
studies are also essential to assess how automated underwriting 
affects financial inclusion and access. Finally, developing 
open, standardized benchmarking platforms could foster more 
collaboration and transparency across the field, helping financial 
institutions and researchers alike build better, fairer models [20].

Equation 5: Model Error Decomposition

•	 Bias: Error from overly simplistic assumptions (underfitting).
•	 Variance: Reflects model over-sensitivity to the training 

data (overfitting).
•	 Irreducible Error (σ²): Comes from data noise that no model 

can fully eliminate.

Gradient boosting reduces both bias and variance by sequentially 
refining weak learners.

Equation 6: Expected Utility in Decision Systems

•	 EU(d): Expected benefit or loss from making decision d 
(e.g., loan approval).

•	 P (y_i | x_i, d): Probability of outcome y_i for input x_i 
under decision d.

•	 U (y_i, d): Utility or cost from the outcome (e.g., profit from 
a good borrower).

•	 n: Number of observed outcomes considered in the model.

This approach enables decisions that account for risk, cost, and 
strategic objectives not just prediction accuracy

Conclusion
This study explored the effectiveness of gradient boosting 
algorithms GBM, XGBoost, LightGBM, and CatBoost within the 
context of modern financial risk assessment and underwriting. By 
integrating traditional financial metrics with dynamic behavioral 
data, we showed how machine learning models can go beyond 
conventional scoring methods, providing more accurate predictions 
and richer insight into applicant behavior. LightGBM emerged 
as the top-performing model across most evaluation metrics, 
including AUC-ROC, precision, and processing speed. Its ability 
to handle large, complex datasets efficiently makes it well-suited 

for real-time credit decisioning systems. XGBoost and CatBoost 
also delivered strong results, offering particular advantages in 
model interpretability and handling of categorical variables. Even 
the standard GBM model maintained relevance, particularly in 
scenarios that favor clarity and ease of implementation [21].

Beyond accuracy, we emphasized the importance of explainability, 
regulatory alignment, and practical deployment. Tools like 
SHAP and LIME helped turn model outputs into decisions that 
stakeholders could understand and trust. Real-world case studies 
confirmed that these models can be integrated into production 
systems, driving measurable gains such as improved approval 
rates, earlier detection of risk, and better fraud controls [22-25].

At the same time, we acknowledge that challenges persist. Factors 
like limited data, shifting applicant behavior, and fairness concerns 
require ongoing oversight. As machine learning becomes more 
deeply embedded in financial workflows, the conversation 
must evolve shifting from short-term performance to long-term 
responsibility, adaptability, and trust. In summary, gradient 
boosting models especially when paired with behavioral insights 
and interpretability tools offer a powerful path forward for modern 
underwriting. They not only improve decision-making accuracy 
but also set the stage for more inclusive and transparent financial 
systems [20-25].
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