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Abstract

Counterparty credit risk (CCR) represents the possibility that a counterparty to a financial contract will default
before fulfilling its contractual obligations. With the increasing complexity of financial markets, more than the
traditional methods for assessing CCR are required to capture non-linear dependencies and complex risk
dynamics. In this study, we explore applying deep learning techniques to enhance CCR modeling, focusing
on implementing recurrent neural networks (RNNs) using real-world datasets. We detail the dataset
characteristics, model architecture, training process, and evaluation metrics. The results indicate that deep
learning models can outperform traditional approaches regarding accuracy, flexibility, and adaptability.

The below chart depicts the lifetime costs of an OTC derivative.
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1. Introduction Counterparty credit risk has become a focal point for financial institutions due to the

systemic risks posed by derivatives trading, securities lending, and other complex financial instruments.
Traditional models, such as Monte Carlo simulations and Credit Valuation Adjustment (CVA), often fail to

accurately capture the risk posed by counterparties, particularly in periods of market stress (Brigo et al.,
2013).
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In this project, we implemented a deep learning approach using an RNN-based model, specifically a Long
Short-Term Memory (LSTM) network, to predict counterparty default probability and credit exposure in a
portfolio of OTC derivatives. The aim was to compare the predictive accuracy of the LSTM model with that
of traditional methods, using real historical market data and counterparty information.

2. Dataset For this project, we used a dataset consisting of five years of daily market data (January
2015 to December 2019) obtained from a financial data provider. The dataset included:

e Market Variables: Interest rates, bond yields, stock indices, and commodity prices.

e Credit Spreads: Daily credit spreads of counterparties, measured in basis points.

e Macro-Economic Indicators: Inflation rates, unemployment rates, and GDP growth data from
multiple geographies.

e Counterparty Information: Financial ratios (e.g., debt-to-equity, current ratio), credit ratings from
agencies like Moody's and S&P, and prior default history.

This dataset was pre-processed to handle missing values, outliers, and normalization, ensuring the data
was in a suitable format for training deep learning models.

3. Model Architecture The model used in this study was a bidirectional LSTM network. LSTMs are
particularly well-suited for time series data because they retain information over long sequences and model
sequential dependencies (Hochreiter & Schmidhuber, 1997). In our architecture:

e Input Layer: The input features were 15-dimensional vectors containing normalized values of
market variables, counterparty-specific financial ratios, and macroeconomic indicators.

e LSTM Layers: Two LSTM layers with 128 units each were used, with ReLU activations and dropout
regularization to prevent overfitting.

e Dense Layer: A fully connected dense layer with 64 units and a sigmoid activation function was
employed for binary classification (default vs. no default).

e Output Layer: The final output layer had a single unit, representing the predicted default probability
for each counterparty.

The model was trained using the Adam optimizer with a learning rate of 0.001 and binary cross-entropy loss
function, given the binary nature of the classification problem (default or no default).
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4, Implementation and Training The dataset was split into a training set (70%), a validation set (15%),
and test set (15%). The training set was used to fit the model, while the validation set monitored the model's
performance during training to prevent overfitting. Early stopping was implemented based on the validation
loss.

During training, the model was exposed to sequences of market variables, credit spreads, and counterparty
financial ratios over a 30-day rolling window. The objective was to predict the probability of default occurring
within the subsequent 30-day period. The sequence length of 30 days was chosen based on
experimentation and cross-validation.

5. Results and Evaluation The LSTM model was compared with a traditional logistic regression model
and a Monte Carlo simulation approach, both of which are commonly used for CCR modeling (Glasserman,
2004). The key evaluation metrics used were:

e Area Under the Receiver Operating Characteristic Curve (AUC-ROC): This measures the
model's ability to discriminate between default and non-default events.

e Accuracy: The percentage of correctly classified cases.

e Precision and Recall: To assess the model's performance in predicting defaults.
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Results:

e AUC-ROC: The LSTM model achieved an AUC of 0.87 on the test set, outperforming the logistic
regression model (AUC: 0.76) and Monte Carlo simulation (AUC: 0.70).

e Accuracy: The LSTM model achieved an accuracy of 84%, compared to 78% for logistic regression
and 72% for the Monte Carlo method.

e Precision/Recall: The LSTM model exhibited higher precision (0.80) and recall (0.77) than the
traditional models, indicating a stronger ability to identify defaults without excessive false positives.
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These results suggest that deep learning techniques, particularly LSTM networks, can significantly improve
the accuracy of counterparty credit risk assessments.
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This histogram shows the frequency of different exposure levels within a portfolio.

6. Case Study: Application to Interest Rate Swaps We applied our LSTM model to a portfolio of
interest rate swaps involving 20 counterparties. The goal was to predict potential future exposure (PFE) and
the probability of default over a 6-month horizon. Using historical interest rate data and credit spreads, we
ran simulations to estimate exposure profiles under different market conditions.

The LSTM model's predictions were compared to those obtained from a traditional exposure simulation
framework using Monte Carlo methods. The deep learning model provided more accurate exposure
estimates during periods of market stress, such as significant interest rate fluctuations. For example, during
a simulated interest rate spike, the LSTM model predicted a 10% higher default probability for counterparties
with lower credit ratings, aligning more closely with actual market outcomes observed during back-testing.

7. Challenges and Limitations Despite the promising results, there were several challenges
encountered during the project:

e Data Quality and Quantity: While the dataset used was comprehensive, deep learning models
require large amounts of high-quality data to generalize effectively. Some counterparty-specific data,
such as financial ratios, were incomplete, which may have affected the model’s predictions.

e Interpretability: Deep learning models, particularly LSTMs, are often viewed as "black boxes" due
to their complex internal structures. This lack of interpretability can be problematic in highly regulated
industries like finance, where transparency is critical (Doshi-Velez & Kim, 2017).
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e Computational Complexity: Training the LSTM model was computationally expensive, particularly
when using large datasets. Financial institutions with limited computational resources may find it
challenging to implement such models at scale.

8. Conclusion This study demonstrates the effectiveness of deep learning techniques, specifically
LSTM networks, in modeling counterparty credit risk. The results show that deep learning models can
outperform traditional methods in terms of predictive accuracy, particularly in complex financial markets with
dynamic dependencies among variables. However, challenges related to data quality, model interpretability,
and computational costs must be addressed before these models can be widely adopted in the financial
industry.

As financial markets continue to evolve, the integration of Al and deep learning techniques into risk
management frameworks offers significant potential for improving the robustness and accuracy of
counterparty credit risk assessments. Future research could focus on hybrid models that combine the
strengths of traditional statistical methods with the flexibility and adaptability of deep learning.
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