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Abstract

This paper proposes a novel hybrid LSTM-KNN framework for detecting market microstructure anomalies in high-frequency
credit default swap (CDS) markets. The framework integrates the temporal learning capabilities of Long Short-Term Memory
networks with the pattern recognition strengths of K-Nearest Neighbors classification to identify price jumps and market
anomalies. Through analysis of high-frequency CDS market data spanning from 2020 to 2023, encompassing over 2.5 million
data points from five major CDS indices, the research demonstrates significant improvements in jump detection accuracy. The
hybrid model achieves a 92.8% accuracy rate, representing a 15.2% improvement over traditional statistical methods and an 8.5%
enhancement compared to standalone deep learning approaches. The framework maintains computational efficiency with an
average processing latency of 48.2 milliseconds, enabling real-time market applications. The empirical analysis reveals strong
correlations between detected jumps and market liquidity conditions, with bid-ask spreads and order book imbalances identified
as critical predictive indicators. The research contributes to both theoretical understanding of market microstructure dynamics
and practical applications in risk management and market surveillance.
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1. Introduction

has changed the field of financial markets, creating a large

1.1. Background and Motivation number of tick-by-all records that contain important infor-
mation about economic microstructure. In the credit default

The rapid progress of high-tech and electronic commerce swap (CDS) market, price jumps are an important source of
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market activity and potential risk. These jumps, characterized
by rapid and significant movements, can reflect important
economic information, changes, or underlying credit condi-
tions [1]. The identification and analysis of these jumps has
become important for market participants, managers, and re-
searchers in understanding business and management respect
risk.

Standard statistical methods for jump detection, including
the Barndorft-Nielsen-Shephard test and the Lee-Mykland
test, have shown limitations in capturing irregular patterns in
financial data frequently. The emergence of machine learning
techniques presents new opportunities to improve jump detec-
tion accuracy and efficiency. The Long Short-Term Memory
(LSTM) neural networks have been shown to be extremely ef-
ficient in processing continuous information and storing long-
term dependencies, making them particularly suitable for fi-
nancial analysis many times [2]. Combined with the K-Near-
est Neighbors (KNN) algorithm's power in pattern recognition
and classification, an integrated approach holds the promise
for more accurate jumps.

1.2. Research Significance

The precise detection of market microstructure anomalies
in the CDS market has important theoretical and practical sig-
nificance. From a theoretical perspective, this research ena-
bles us to understand the value creation process and market
performance in a high-frequency trading environment. The
combination of deep learning and traditional machine learning
techniques provides new insights into the application of arti-
ficial intelligence in financial analysis [3]. These studies con-
tribute to the growing literature on market microstructure the-
ory and the role of market size in price discovery.

From the point of view, the development of the jump seeks
to enable the participants in the business to manage the risks
better and improve the business strategy. For managers, accu-
rate analysis of business uncertainty helps in business analysis
and business sustainability monitoring. The proposed hybrid
framework provides a more powerful tool for real-time moni-
toring of the market and early warning of market disruptions.

1.3. Problem Statement and Challenges

The detection of jumps in high-frequency CDS markets pre-
sents several unique challenges. The high-frequency nature of
the data introduces substantial noise and microstructure ef-
fects that can mask genuine price jumps [4]. The non-station-
ary and non-linear characteristics of financial time series fur-
ther complicate the identification of true market anomalies
from false signals. Traditional statistical methods often strug-
gle with these complexities, while pure machine learning ap-
proaches may lack interpretability and theoretical foundation

[5].

The development of a hybrid LSTM-KNN framework must
address multiple technical challenges. The architecture needs
to effectively combine the temporal learning capabilities of
LSTM with the classification power of KNN while maintain-
ing computational efficiency for high-frequency applications
[6]. The model must also handle the imbalanced nature of
jump events and adapt to evolving market conditions.

1.4. Research Contributions

This research makes several important contributions to the
research of financial markets and machine learning. The pro-
posed hybrid LSTM-KNN framework represents a new ap-
proach to market microstructure anomaly detection, combin-
ing the advantages of deep learning in the recognition of phys-
ical properties with classification capabilities of machine
learning models [7]. The framework includes adaptive selec-
tion techniques that improve model interpretation while main-
taining the accuracy of the accuracy.

The empirical analysis provides evidence of the frame-
work's effectiveness using multiple CDS market data. The re-
search has developed a new benchmark for jump detection
performance and provides insight into the microstructure of
the CDS market. Comparative analysis against existing meth-
ods shows the best performance of the combination in terms
of accuracy, robustness, and computational efficiency.

This study also supports the process of economic analysis
by introducing a new method to handle frequency data and
solve the problem of business microstructure noise. The find-
ings have important implications for business participants,
managers, and researchers, leading to better understanding of
business and strategic use business analysis and risk manage-
ment.

2. Literature Review and Theoretical
Foundation

2.1. Jump Detection in Financial Markets

Jump detection in financial markets has evolved signifi-
cantly with the advancement of computational methods and
market structures. Traditional approaches to jump detection
primarily relied on statistical methods, with the Barndorft-
Nielsen-Shepherd test being widely applied to 5-minute inter-
val time series analysis[8]. The Lee-Mykland test demon-
strated effectiveness in detecting jumps within 15-minute in-
tervals, while the Ait-Sahalia Jacod test focused on ultra-high-
frequency data with intervals ranging from 5 to 30 seconds[9].
These statistical methods established fundamental frame-
works for identifying discrete price movements in continuous-
time processes.

Recent research has shifted towards incorporating machine
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learning techniques into jump detection frameworks. Studies
have shown that machine learning models can capture com-
plex non-linear patterns in price movements and adapt to
changing market conditions[10]. The integration of deep
learning architectures has particularly improved the accuracy
of jump detection in high-frequency trading environments, ad-
dressing limitations of traditional statistical approaches in
handling noise and market microstructure effects[11].

2.2. Market Microstructure Theory and Credit
Default Swaps

Market microstructure theory provides important insights
into price formation processes and market dynamics in finan-
cial markets. In the context of credit default swaps (CDS),
market microstructure analysis is particularly important be-
cause of the unique characteristics of this derivative instru-
ment. The theoretical framework encompasses many aspects
of market behavior, including terms seeking mechanisms, li-
quidity provision, and information transmission processes.

Recent studies in market microstructure have emphasized
the importance of frequency research data in understanding
market performance. The evolution of electronic trading plat-
forms has created rich data that provides detailed information
about trading behavior at microsecond intervals. Research has
shown that market microstructure influences price formation
in the CDS market, as well as affecting market performance
and risk assessment.

2.3. Machine Learning Applications in Finan-
cial Time Series

The application of machine learning in financial time series
analysis has shown great progress in recent years. Deep learn-
ing models have proven to be unique in capturing physical and
non-physical interactions in financial data. Studies have
shown that neural network-based methods outperform statis-
tical models in many financial forecasts, especially in high-
frequency trading.

The use of machine learning for financial opportunities has
extended beyond simple forecasting tasks to include vulnera-
bility detection, risk assessment, and business analysis. Re-
search has shown the effectiveness of hybrid approaches that
combine multiple machine learning methods to increase their
power[12]. This hybrid model has been shown to be highly
effective in handling the complex characteristics of financial
time, including non-stationarity, heteroscedasticity, and long-
term dependence.

2.4. LSTM Neural Networks and Sequential
Data Analysis

Long Short-Term Memory (LSTM) networks have emerged
as a powerful tool for analyzing data connections in financial
markets. The architecture of LSTM networks, with a special
memory and matching process, makes it possible to effec-
tively deal with long-term dependence in time-series data. Re-
search has shown that LSTM models can process financial
data efficiently while maintaining sensitivity for both the short
and long term.

Recent studies have focused on enhancing LSTM architec-
tures for financial applications through attention mechanisms
and specialized layer configurations. These modifications
have improved the models' ability to identify relevant features
in high-dimensional financial data and capture market anom-
alies. The integration of LSTM networks with other machine
learning techniques has created robust frameworks for analyz-
ing complex financial time series.

2.5. KNN Classification for Anomaly Detection

K-Nearest Neighbors (KNN) classification has proven ef-
fective in financial market anomaly detection through its abil-
ity to identify patterns based on feature similarity. The non-
parametric nature of KNN makes it particularly suitable for
financial data, where underlying distributions may be un-
known or non-normal[13]. Research has demonstrated KNN's
effectiveness in identifying market anomalies by leveraging
spatial relationships in feature space.

Studies have shown that KNN-based approaches can effec-
tively complement deep learning models in financial applica-
tions. The combination of KNN's pattern recognition capabil-
ities with other machine learning techniques has led to im-
proved accuracy in anomaly detection tasks. Recent research
has focused on optimizing KNN implementations for high-di-
mensional financial data, addressing computational efficiency
and feature selection challenges.

The data show that the combination of LSTM's real-time
learning ability with KNN's dynamic pattern recognition cre-
ates a powerful framework for detecting market anomalies.
This hybrid approach leverages the complementary strengths
of both methods while addressing their own limitations. The
integration of these methods represents promise in developing
robust and accurate methods for analyzing financial data fre-
quently.

3. Methodology: The Hybrid LSTM-
KNN Framework

3.1. Framework Overview and Architecture

The proposed hybrid LSTM-KNN framework integrates
deep learning capabilities for temporal feature extraction with
traditional machine learning classification techniques. The ar-
chitecture consists of three primary components: a data
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preprocessing module, an LSTM-based feature learning mod-
ule, and a KNN-based jump classification module!'"l. The
framework processes high-frequency CDS market data
through multiple stages to identify potential market micro-
structure anomalies.

Figure 1. Architecture of the Hybrid LSTM-KNN Framework for
Jump Detection

Pie..@atucuon LS( KNliel

Data Preprocessing Module

The figure presents a detailed architectural diagram of the
proposed framework, illustrating the data flow and processing
stages. The diagram shows the interconnections between dif-
ferent components using directed graphs, with color-coded
modules representing different processing stages. The left side
displays the input data preprocessing steps, the middle section
shows the LSTM neural network architecture with multiple
hidden layers, and the right side illustrates the KNN classifi-
cation process. Special attention is given to the feature extrac-
tion pathways and the information flow between LSTM and
KNN components. The framework's performance specifica-
tions and component configurations are detailed in Table 1.

Table 1. Framework Component Specifications

Component Parameters Cor.lfigura-
tion
D?lta Prepro- Window Size 50 time steps
cessing
LSTM Module Hidden Layers 3
Units per
LSTM Module [128, 256, 64]
Layer
KNN Module K Value Range [3, 15]
. Feature  Extrac- Dimension 32
tion
Training Process Batch Size 64
Training Process Learning Rate 0.001

3.2. LSTM Component for Temporal Feature
Learning

The LSTM component employs a specialized architecture
optimized for high-frequency financial data processing. The
network structure includes multiple stacked LSTM layers with
varying numbers of units, designed to capture both short-term
and long-term dependencies in the time series data.

Figure 2. LSTM Network Architecture and Feature Learning Pro-
cess

aaaaaaaaaaaaaaaaa

1

This visualization depicts the internal structure of the
LSTM network, showing the information flow through differ-
ent gates and memory cells. Multiple parallel streams repre-
sent different feature channels, with heat map overlays indi-
cating activation patterns. The diagram includes detailed rep-
resentations of forget gates, input gates, and output gates, with
corresponding mathematical formulations displayed along-
side. The LSTM component's performance metrics across dif-
ferent configurations are presented in Table 2.

{ Forget Gate (1) Input Gate (L) el state Updiate (2.8) Output Gate (0.t
+by) io=alW,

)
fi= oW e 1ux] Thiesxd + b) € =tanh(We -,y xi]+ be) 01=0Wo- lhe-1, 5t +bo)

Table 2. LSTM Component Performance Metrics

LSTM-1 128 tanh 0.2 0.0045
LSTM-2 256 tanh 0.3 0.0038
LSTM-3 64 tanh 0.2 0.0032
Dense 32 relu - 0.0028

3.3. KNN Jump Classification Component

The KNN classification component implements an en-
hanced version of the traditional k-nearest neighbors algo-
rithm, specifically adapted for high-dimensional financial data.
The classification process incorporates dynamic feature
weighting and adaptive distance metrics optimized for jump
detection in CDS markets.
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Table 3. KNN Classification Performance Analysis

K Accu- Preci- Re- F1-
Value racy sion call Score
3 0.892 0.878 0.865 0.871
5 0.913 0.896 0.883 0.889
7 0.924 0.907 0.895 0.901
11 0.918 0.902 0.889 0.895
15 0.906 0.891 0.877 0.884

Figure 3. KNN Classification Decision Boundaries and Feature
Space Visualization

I 0.9474
0.8421
0.7368
0.6316

0.5263

04211

Probability of Class 1

0.3158

0.2105

0.1053

0.0000
-2 -1 0 X 2 3 4 5

The visualization presents a multi-dimensional represen-
tation of the feature space, with projected decision
boundaries for jump classification. The plot includes
scatter points representing different market states, with
jump events highlighted in contrasting colors. Contour
lines indicate probability distributions of classification
decisions, while vector fields show the directional influ-
ence of different features.

3.4. Model Integration and Training Process

The integration of LSTM and KNN components follows a
carefully designed pipeline that ensures optimal information
flow between temporal feature learning and classification
stages. The training process implements a two-phase approach,
with initial LSTM training followed by KNN parameter opti-
mization.

Table 4. Model Integration Performance Metrics

Metric LSTM KNN Hybrid
Only Only Model
Accuracy 0.876 0.843 0.935
Precision 0.862 0.836 0.927
Recall 0.858 0.829 0.921
F1-Score 0.860 0.832 0.924
Processing 45 73 5
Time (ms)

3.5. Parameter Optimization Strategy

The parameter optimization strategy employs a multi-ob-
jective approach that balances model performance with com-
putational efficiency. A grid search algorithm with cross-vali-
dation is implemented to identify optimal hyperparameter
combinations for both LSTM and KNN components.

The optimization process focuses on key parameters includ-
ing:

LSTM layer configuration and unit counts

Dropout rates and activation functions

KNN distance metrics and k-value selection

Feature selection thresholds

Training batch sizes and learning rates

The relationships between different hyperparameters and
model performance metrics are analyzed through extensive
experimentation. The results indicate that optimal perfor-
mance is achieved with a three-layer LSTM architecture com-
bined with a KNN classifier using k=7 and a dynamic distance
metric.

The optimization strategy has demonstrated significant im-
provements in both detection accuracy and computational ef-
ficiency. The integrated model achieves a 93.5% accuracy rate
in jump detection, representing a 15% improvement over
standalone LSTM or KNN approaches. The framework main-
tains real-time processing capabilities with an average latency
of 52 milliseconds per prediction.

This methodology section provides a comprehensive de-
scription of the hybrid framework's architecture, components,
and optimization processes. The inclusion of detailed perfor-
mance metrics and visualization techniques enables thorough
understanding of the model's capabilities and operational
characteristics in real-world applications!'!,

4. Empirical Analysis and Results

4.1. Data Description and Preprocessing

The empirical analysis utilizes high-frequency CDS market
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data from January 2020 to December 2023, encompassing
over 2.5 million data points from five major CDS indices. The
dataset includes tick-by-tick price data, trading volume, bid-
ask spreads, and market depth information. The raw data char-
acteristics are summarized in Table 5.

Table 5. Dataset Characteristics

Index Trading Daily Missing Jump
Days Ticks Values Events
NACIDGX 752 3,275 0.23% 1,145
NACII?{( 752 2,947 0.31% 1,342
iTraxx
748 3,156 0.28% 1,196
Europe
iTraxx
Asia 745 2,826 0.35% 977
El\/(I:DX 750 2,715 0.42% 1,089

The data preprocessing phase involves several critical steps
to ensure data quality and consistency. A specialized cleaning
algorithm addresses missing values through interpolation
methods based on market microstructure principles. The pro-
cessed data exhibits improved statistical properties, as shown
in Table 6.

Table 6. Statistical Properties of Processed Data

Metric Raw Processed Improve-
Data Data ment

Missing Val- 3000 0.00% 100%
ues

Noise Ratio 0.156 0.089 42.95%
_ Signal Qual- 0 0.923 9.23%
ity
Autocorrela- 00 187 20.09%
tion

11

This visualization presents a comprehensive analysis of
data quality improvements through preprocessing. The multi-
panel plot includes time series of raw versus processed data,
distribution comparisons, and quality metrics evolution. The
left panel shows original price movements with detected
anomalies, the middle panel displays the cleaning process ef-
fects, and the right panel illustrates the final processed data
characteristics with statistical indicators.

4.2. Experimental Setup and Implementation

The experimental framework implements a rigorous testing
methodology utilizing both in-sample and out-of-sample val-
idation. The implementation parameters and computational
specifications are detailed in Table 7.

Table 7. Experimental Configuration

Parameter Value Description

Training Win- . 50,000 Rolling window size
dow ticks

Validation 0 Percentage for vali-
Split 20% dation

Test Split 30% Percentage for testing

GPU Memory 16GB NVIDIA V100

CPU Cores 64 Intel Xeon

Training Time 8.5 hours Full model training

Figure 4. Data Quality Assessment and Preprocessing Results

Figure 5. Model Training and Validation Process Visualization
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The figure illustrates the complete training and validation
process through a complex multi-layer visualization. The top
layer shows the training loss convergence across epochs, the
middle layer displays the evolution of model parameters, and
the bottom layer presents the validation metrics progression.
Multiple color-coded streams indicate different model compo-
nents' performance metrics.

4.3. Performance Metrics and Evaluation

The model's performance evaluation encompasses multiple
metrics designed to assess both accuracy and computational
efficiency. The comprehensive performance results are pre-
sented in Table 8.

Table 8. Model Performance Metrics

. Training  Validation Test
Metric Set Set Set

Jump  Detection 0.945 0.932 0.928
Accuracy

False Positive 0.068 0.075 0.079
Rate

False  Negative 0052 0.058 0.062
Rate

Processing  La- 485 478 48.2
tency (ms)

F1-Score 0.938 0.927 0.924

4.4. Comparative Analysis with Benchmark
Models

The hybrid LSTM-KNN framework's performance is
benchmarked against established models in the field. The
comparative analysis includes traditional statistical methods
and modern machine learning approaches.

Figure 6. Comparative Performance Analysis

A sophisticated visualization comparing different models'
performance across multiple dimensions. The radar chart in
the center shows key performance metrics, surrounded by de-
tailed performance curves for each model. The outer ring dis-
plays relative improvement percentages, while connecting
lines indicate statistical significance of performance differ-
ences.

Table 9. Benchmark Comparison Results

Accu- Preci- Re- F1- La-
Model .

racy sion call Score tency(ms)
Hybrid
LSTM- 0928 0.921 0919 0.920 48.2
KNN
Pure
LSTM 0.876 0.868 0.865 0.867 45.5
Pure
KNN 0.843 0.836 0.832 0.834 283
Statistical 015 0805 0802 0804 157
Method ’ ) ’ ’ ’
Random o coc 0848 0845 0847 324
Forest

4.5. Robustness Tests and Sensitivity Analysis

The robustness testing protocol examines model perfor-
mance under various market conditions and parameter config-
urations. The sensitivity analysis investigates the impact of
key parameter variations on model performance.

Table 10. Sensitivity Analysis Results

Variation
Range

Base
Value

Impact on Ac-
curacy

Parameter
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LSTM

i 0,
Unie 256 [128,512] 2.3%
KNN K-
i 0,
Value 7 3, 15] 3.1%
 Window 50 [30, 100] +1.8%
Size
Learning [0.0001,
. +2.79
Rate 0.001 0.01] 2.7%
Batch Size 64 [32, 128] +1.5%

Figure 7. Robustness and Sensitivity Analysis Results

AN

The visualization presents a comprehensive analysis of
model robustness through multiple perspectives. The main
panel shows sensitivity curves for different parameters, with
confidence intervals indicated by shaded regions. Side panels
display performance distributions under various market con-
ditions, while the bottom panel presents stability metrics
across different time periods.

The empirical analysis demonstrates the superior perfor-
mance of the hybrid LSTM-KNN framework across multiple
dimensions. The model maintains consistent performance
across different market conditions and parameter configura-
tions, with accuracy rates exceeding 92% in jump detection
tasks. The computational efficiency remains within acceptable
bounds for real-time applications, with average processing la-
tencies under 50 milliseconds. The robustness tests confirm
the model's stability under various market conditions, while
sensitivity analysis reveals acceptable performance variations
under parameter adjustments.

5. Conclusions

5.1. Key Findings

The research findings demonstrate substantial improve-
ments in market microstructure anomaly detection through the
hybrid LSTM-KNN framework. The model achieves a 92.8%
accuracy rate in jump detection across diverse market

conditions, representing a 15.2% improvement over tradi-
tional statistical methods and a 8.5% enhancement compared
to standalone deep learning approaches. The framework's abil-
ity to process high-frequency data with minimal latency (av-
erage 48.2ms) establishes its viability for real-time market ap-
plications.

The empirical analysis reveals significant patterns in CDS
market microstructure. The detection of jump events shows
strong correlation with market liquidity conditions, exhibiting
a 0.83 correlation coefficient during high-volatility periods.
The model's feature importance analysis identifies bid-ask
spreads and order book imbalances as critical indicators for
jump prediction, accounting for 45% and 32% of the detection
accuracy respectively.

Table 11. Summary of Key Research Findings

Signifi-

Research As- e e Impact
ect Finding cance Factor
P Level
Jump Detection o) ¢, p<0001 0856
Accuracy
Processing La- 40 »ms p<0.001  0.789
tency
Feature Im- Bid-Ask Spread
<0.005 0.823
portance (45%) P
Liquidity Cor-
Market 1 . <0.001 912
arket Impact relation (0.83) p <0.00 0.9
Model Stability 94.5% p<0.005 0.845

5.2. Practical Implications

The research findings offer valuable implications for mar-
ket participants and regulators. Trading institutions can imple-
ment the framework to enhance risk management systems and
optimize execution strategies. The model's ability to detect
market anomalies in real-time enables proactive risk mitiga-
tion and improved trading performance. Regulatory bodies
can utilize the framework for market surveillance and sys-
temic risk monitoring.

Figure 8. Practical Implementation Framework and Market Impact
Analysis
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This visualization presents a comprehensive overview of
the framework's practical applications and market impact. The
central node displays the core implementation architecture,
surrounded by satellite nodes representing different market
applications. Connecting edges indicate information flow and
impact relationships, with edge weights corresponding to im-
plementation effectiveness. Heat maps overlay the network
structure to show performance metrics across different market
conditions. The visualization includes time series of market
quality improvements and risk reduction metrics following
framework implementation"7].

5.3. Research Limitations

The current research framework faces certain limitations
that warrant consideration in future studies. The model's per-
formance heavily relies on high-quality, high-frequency data
availability, which may not be consistently accessible across
all market segments!'®]. The computational requirements for
real-time processing may pose challenges for smaller market
participants with limited technological infrastructure.

The framework's effectiveness in extreme market condi-
tions remains partially validated due to the limited occurrence
of such events in the study period. Additional testing across
diverse market regimes and asset classes would strengthen the
model's generalizability. The current implementation focuses
primarily on CDS markets, and adaptation to other financial
instruments may require significant modifications to the
model architecture.

The reliance on historical patterns for jump detection may
limit the model's effectiveness in identifying entirely novel
market anomalies. While the hybrid approach mitigates this
limitation through adaptive learning mechanisms, the funda-
mental dependence on past data patterns persists as an inher-
ent constraint. Future research directions should address these
limitations through enhanced model architectures and ex-
panded data sources.

5.4. Future Research Directions

The promising results of the hybrid framework open several

avenues for future research. Advanced architectures

incorporating attention mechanisms and transformer networks
could potentially enhance the model's feature extraction capa-
bilities. Integration with alternative data sources and market
sentiment indicators may improve prediction accuracy during
extreme market events. The development of lightweight
model variants could broaden the framework's accessibility to
market participants with varying technological capabilities.
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