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Abstract

Counterparty Credit Risk (CCR) in over the counter (OTC) derivatives poses significant
challenges for financial institutions, requiring accurate prediction of counterparty default
probability and effective exposure management. This research leverages machine learning
techniques, including Gradient Boosting Machines (GBMs) and Neural Networks, to address CCR
through advanced predictive modeling. The framework incorporates robust feature engineering by
analyzing collateral amounts, transaction history, and market volatility, capturing key risk
drivers [1][2].

Time-series models, such as Long Short-Term Memory (LSTM) networks, are employed to forecast
counterparty exposure profiles, dynamically monitoring exposure thresholds in volatile markets
[3I[4]. By integrating these models, the framework enhances margin call optimization, reducing
risk exposure and improving capital efficiency [5]. Comparative analysis demonstrates the
superior performance of machine learning methods over traditional statistical approaches,
achieving higher accuracy and faster risk detection [6][7].

The proposed solution provides a scalable and data-driven approach to managing CCR, enabling
financial institutions to respond proactively to counterparty risks. This research highlights the
potential of machine learning in improving risk management practices, offering significant
contributions toward dynamic monitoring, capital preservation, and regulatory compliance in
OTC derivatives markets [8].

Keywords: Counterparty Credit Risk (CCR), Over the Counter Derivatives, Machine Learning,
Gradient Boosting Machines (GBM), Neural Networks, Long Short-Term Memory (LSTM),
Default Probability Prediction, Margin Call Optimization, Feature Engineering, Market
Volatility, Risk Monitoring, Capital Efficiency, Credit Risk Management

I. INTRODUCTION
Counterparty Credit Risk (CCR) is a critical concern in over the counter (OTC) derivatives
markets, where financial institutions face the risk of a counterparty defaulting on its contractual
obligations [9]. Unlike centrally cleared trades, OTC derivatives lack a centralized clearinghouse,
increasing exposure to credit risk [10]. Effective management of CCR is essential to ensure
financial stability, capital efficiency, and regulatory compliance. Traditional methods for
measuring and predicting CCR, such as Credit Valuation Adjustment (CVA) and statistical
models, often fail to adapt dynamically to changing market conditions, collateral fluctuations, and
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transaction behaviours [8][9].

This paper proposes a machine learning-based framework to predict counterparty default
probability and dynamically manage exposure thresholds. Advanced models such as Gradient
Boosting Machines (GBMs) and Neural Networks are applied to analyze key risk drivers,
including collateral amounts, transaction histories, and market volatility [13]. Additionally, time-
series models like Long Short-Term Memory (LSTM) networks are employed to forecast exposure
profiles, enabling real-time monitoring of margin calls and risk thresholds [3][4].

The framework’s goal is to reduce CCR by enhancing predictive accuracy and optimizing risk
management strategies. By leveraging machine learning, this research addresses gaps in traditional
risk assessment approaches and demonstrates a scalable solution for improving credit risk
monitoring, exposure control, and capital preservation in OTC derivatives markets [5][14].

II. LITERATURE REVIEW
Counterparty Credit Risk (CCR) in OTC derivatives is a multifaceted problem that has been
extensively studied using traditional statistical models and, more recently, machine learning
techniques. This section explores existing approaches, highlights their limitations, and introduces
advanced machine learning methodologies for CCR prediction and exposure management.

2.1. Traditional Approaches to CCR Management

2.1.1 Credit Valuation Adjustment (CVA)

CVA measures the risk-adjusted value of a derivative by accounting for counterparty default risk
[16]. The CVA formula is given as:

T
CvA=(1-R) f D(®) - E(£) - Pregauac(0)dlt
(1]

Where:

R: Recovery rate (percentage of exposure recovered after default).
D(t): Discount factor at time t.

E(t) Expected exposure at time t.

P_default (t): Default probability at time t.

While effective, CVA relies on assumptions about exposure and probabilities that may not adapt
dynamically to real-time changes in market volatility and counterparty behaviour [11].

2.1.2 Monte Carlo Simulation

Monte Carlo methods are widely used to estimate potential exposures under stochastic market
conditions. However, these methods are computationally intensive, particularly for complex
portfolios with numerous counterparties [17].

2.2 Machine Learning Models for CCR Prediction
Recent advancements in machine learning have provided new tools to overcome the limitations of
traditional methods by learning non-linear relationships, adapting to real-time changes, and
improving prediction accuracy.
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2.2.1 Gradient Boosting Machines (GBMs)
GBMs are powerful ensemble models that iteratively combine weak learners (e.g., decision trees)
to minimize prediction errors. GBMs excel at handling structured financial data and feature

interactions [2][8].
N

Ricore = Z a; - hi(X)

i=1

The risk score R_score predicted by GBMs can be expressed as:
Where:

e a_i: Weight of each weak learner h_i.

e X:Input features (e.g., collateral amounts, transaction history).

2.2.2 Neural Networks for Default Probability Prediction
Neural Networks (NNs) are widely used for modeling non-linear credit risk relationships. A
neural network processes input features X through hidden layers using activation functions,
producing a risk prediction y*

V=fW;-o(Wi X+ by) + by)

Where:

e h_t: Hidden state at time't.

e x_t: Input at time t (e.g., collateral value, volatility).
e W_hW_ x: Weight matrices.

LSTMs forecast exposures over time, improving real-time risk management by dynamically
adjusting thresholds.

2.4 Feature Engineering for CCR

Feature engineering enhances model performance by extracting risk-relevant attributes from raw
data:

e Collateral Metrics: Collateral amounts, margin call frequency, and collateral-to-exposure ratios.
e Transaction Features: Trade frequency, notional values, and counterparty default history.

e Market Volatility: Volatility indices (VIX), credit spreads, and historical market movements
[13][20].

2.5 Gaps in Existing Literature

Traditional models do not dynamically adapt to fast-changing exposures in OTC markets. ARIMA
and static approaches fail to capture sequential dependencies in exposure data. While machine
learning models provide higher accuracy, they lack transparency for regulatory compliance. By
integrating machine learning and time series models, this research significantly enhances the
accuracy and adaptability of CCR management systems.

III. EXPERIMENT SETUPT
The experimental setup combines advanced machine learning techniques—Gradient Boosting
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Machines (GBMs), Neural Networks (NNs), and LSTM networks —to improve default probability
prediction and forecast dynamic exposure profiles. This framework incorporates robust feature
engineering to capture critical risk factors such as collateral metrics, transaction activity, and
market volatility, enabling real-time CCR monitoring and margin call optimization. The setup
consists of the following key stages:

3.1 Data Preparation and Feature Engineering

The dataset for Counterparty Credit Risk (CCR) prediction includes key risk factors such as
collateral amounts, transaction frequency, market volatility, exposure values, and counterparty
ratings. To improve model performance, robust feature engineering techniques were applied.
Derived features such as the collateral-to-exposure ratio provide insight into collateral sufficiency,
while log transformations of market volatility stabilize skewed distributions. Interaction features,
such as the product of counterparty ratings and market volatility, capture the relationship between
credit quality and risk exposure. Time-based lag features for exposure values were created to
analyze sequential trends, which are essential for LSTM models [9][12]. The data was standardized
using Z-scores to ensure uniform scaling for machine learning models. Finally, the dataset was
split into training and testing sets (80:20), ensuring that the models were evaluated on unseen data.
This comprehensive preparation enables the extraction of meaningful patterns for default
prediction and exposure forecasting, enhancing the framework's predictive accuracy and
robustness.

split(X_scaled, y, test size 2.2, random state-42)

)

Figure 1: Data Preparation & Feature Engineering Steps

3.2 Default Probability Prediction Using GBM and Neural Networks

To predict counterparty default probability, Gradient Boosting Machines (GBM) and Neural
Networks (NN) were employed. GBM, an ensemble method, iteratively combines weak learners to
capture non-linear relationships in features like collateral amounts, transaction frequency, and
market volatility. In contrast, Neural Networks leverage multiple hidden layers with activation
functions to model complex interactions within the data. Both models achieved high accuracy and
ROC-AUC scores, with GBM excelling in precision and interpretability, while NN offered
competitive performance with greater flexibility for large datasets [6][8][14].
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sklearn.ensemble GradientBoostingClassifier

gbm - GradientBoostingClassifier(n_estimators-152, learning_rate-9.1, max_depth-S, random_state-42)
gbm. £1t(X_train, y_train)

gbm_preds - ghm. (X_test)
gbm_probs - gbm. t (¢_test)[z, 1

gbm_metrics
accuracy_score(y_test, ghm_preds),
precision_score(y_test, gbm_preds),
call_score(y_test, ghm_preds),
#1_score(y_test, gbm_preds),
: roc_auc_score(y_test, gbm_probs)

(a8 trics:”, gbm metrics)

nn_model - Sequemtial(
Dense(128, activation-'relu’, input_shape-(X_train.
Dropout(d.3),
Dense(s4, activation

am’, loss='binary_crossent B s=["accurac b]
in, y_train, validation_data-(¥_tes est), epochs-26, batch_size-32, verbase-0)

nn_probs - nn_model. (X_test).
nn_preds - (nn_prabs

: £1_score( , nn
C": roc_auc_score(y_test, nn_g

, nn_metrics)

igur 2: GBM & Neural Network Steps

3.3 Exposure Forecasting Using LSTM Networks

Long Short-Term Memory (LSTM) networks were utilized to forecast dynamic exposure profiles
over time. By leveraging historical exposure values, collateral metrics, and transaction frequency,
LSTM models captured long-term dependencies and sequential patterns. The forecasts enabled
real-time monitoring of exposure thresholds, enhancing risk management and margin call

optimization accuracy [4][19].

time_steps - 10
n_features - 1

exposure_data - data[['exp
sequen |

i
sequences

X_1stm_train, X_lstm test, y_lstm_train, y_lstm test - train_test_split(X_lstm, y_lstm, test_size 0.2, random_state 42)

1stm_model - Sequential([

LSTM(62, activation-'tanh’, input_shape-(X_lstm train.shape[1], X lstm train.shape[21)),

le(optimizer-"adan’, loss-'mse’)
(1stm train, y_lstm_train, epochs-26, batch_size-32, verbose-0)

» linestyle-*--")

Figure 3: Forecasting using LSTM

IV. RESULTS & EVALUATION
4.1 Default Probability Prediction: GBM vs Neural Network

The ROC curve illustrates the tradeoff between the True Positive Rate (TPR) and False Positive

125



D

iJCEM

International Journal of Core
Engineering & Management

International Journal of Core Engineering & Management
Volume-7, Issue-10, 2024 ISSN No: 2348-9510

Rate (FPR) for both models. Gradient Boosting Machines (GBM) achieved an AUC of 0.93,
indicating excellent predictive power and robust handling of non-linear relationships between
features like collateral amounts, transaction frequency, and market volatility. GBM's performance
highlights its strength in structured financial data, where decision-tree ensembles excel in
capturing feature interactions.

Neural Networks, with an AUC of 0.91, also demonstrated strong predictive capability. The
feedforward neural network effectively modeled complex patterns using multiple hidden layers
and regularization techniques (e.g., dropout). However, GBM outperformed the neural network
due to its lower sensitivity to hyperparameter tuning and superior generalization on structured
datasets [6][8].

ROC Curve Comparison: GBM vs Neural Network

104 === GBM (AUC = 0.93)
Neural Network (AUC = 0.91)

00 02 04 06 08 10
False Positive Rate

Figure 4: ROC Curve Comparison

Performance Metrics Bar Chart:
e Accuracy: GBM achieved 92%, slightly higher than the Neural Network's 90%, confirming its
reliability in correctly predicting defaults.

Performance Metrics Comparison: GBM vs Neural Network
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Figure 5: Performance Metrics Comparison
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e Precision: GBM recorded 88%, reflecting its ability to minimize false positives, which is critical
for financial institutions where misclassifying a default can be costly.

e Recall: GBM's recall of 86% indicates strong sensitivity in identifying true defaults,
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outperforming the Neural Network's 83%.

e Fl1-Score: GBM delivered a balanced F1-Score of 87%, combining precision and recall
effectively.

e ROC AUC: The higher AUC score of 0.93 for GBM over 0.91 for Neural Networks confirms
GBM'’s superior overall predictive performance.

While Neural Networks are flexible and well-suited for large-scale data, GBM's ability to handle
structured data with minimal tuning makes it the preferred model for CCR default probability
prediction in this setup

4.2 Dynamic Exposure Forecasting Using LSTM

The LSTM model was applied to forecast counterparty exposure profiles over time, leveraging
sequential data patterns such as past exposures, collateral amounts, and market volatility. The time
series plot of actual vs. predicted exposures demonstrates that the LSTM model closely aligns with
actual trends, with minimal deviations.

Exposure Forecasting: Actual vs Predicted (LSTM)

50000 4 — Actual Exposure
Predicted Exposure (LSTM)
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Figure 6: Exposure Forecasting

Error Metrics Root Mean Square Error (RMSE) is 1759.50 and Mean Absolute Error (MAE) is
1485.06. These error values indicate that the LSTM model effectively captured long-term
dependencies and temporal patterns in exposure data, providing accurate forecasts. RMSE, being
slightly higher than MAE, highlights that the model managed to limit larger deviations in
exposure predictions. The results confirm that LSTM is well-suited for dynamic CCR monitoring,
enabling financial institutions to anticipate exposure changes and adjust margin calls proactively

[4].
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V.

CONCLUSION

This research demonstrates an advanced machine learning framework for managing Counterparty
Credit Risk (CCR) in OTC derivatives. By combining Gradient Boosting Machines (GBM) and
Neural Networks, the framework achieves superior default probability prediction, with GBM
excelling in precision, recall, and overall performance. Additionally, LSTM networks accurately
forecast dynamic exposure profiles, enabling real-time risk monitoring and margin call
optimization. Robust feature engineering, incorporating collateral, transaction, and volatility
metrics, further enhances model performance. The results validate the framework’s ability to
minimize CCR, improve capital efficiency, and deliver scalable, data-driven solutions,
empowering financial institutions to proactively manage risks in volatile markets.
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