6 (4) June 2024 215-224
JSIKTI: Jurnal Sistem Informasi dan Komputer terapan Indonesia

ISSN 2460-7258 (online) | ISSN 1978-1520 (print)

Contents lists available at www.infoteks.org

< SIKTI

Al . : : : N
Journal Page is available to https://infoteks.org/journals/index.php/jsikti

Research article

K-Nearest Neighbors Algorithm for Analyzing Doge Coin
Market Behavior

Kadek Suarjuna Batubulan ©, Anak Agung Surya Pradhana ®, I Nyoman Darma Kotama ¢

abe Graduate School of Environmental, Life, Natural Science and Technology, Okayama University, Okayama, Japan
email: b kadeksuarjuna87@polinema.ac.id, »* p44c722@okayama.ac.jp, © p9363bg2@s.okayama-u.ac.jp
* Correspondence

ARTICLE INFO ABSTRACT

Article history: This study investigates the application of the K-Nearest Neighbors (KNN)
Received 1 March 2024 algorithm to analyze Dogecoin's market behavior using historical trading
Revised 28 April 2024 data. includine dail tri h as O Hich. L Ql d Vol

Accepted 29 May 2024 ata, including daily metrics such as Open, High, Low, Close, and Volume,
Available online 30 June 2024 spanning from November 2017. As a proximity-based machine learning
Keywords: algorithm, KNN effectively captures short-term market patterns, achieving a

K-Nearest Neighbors, low Mean Absolute Error (MAE) of 0.0017, demonstrating its capability in

Cryptocurrency, Dogecoin,
Machine Learning, Time-Series
Analysis

Please cite this article in IEEE
style as:

K. S. Batubulan, A. A. S.
Pradhana and I. N. D. Kotama,
"K-Nearest Neighbors
Algorithm for Analyzing Doge
Coin Market Behavior," JSIKTI:
Jurnal Sistem Informasi dan

Komputer Terapan Indonesia, vol.

6, 0. 4, pp. 215-224, 2024.

identifying general trends during stable periods. However, the model faces
challenges in predicting sudden price shifts caused by external factors like
social media sentiment and regulatory news, highlighting its limitations in
highly volatile cryptocurrency markets. Preprocessing steps, including
normalization and outlier handling, improved the algorithm’s performance,
yet its scalability and sensitivity to hyperparameters remain issues. Future
research directions include integrating external data sources, such as social
media sentiment and macroeconomic indicators, and adopting advanced
models like Gradient Boosting Machines (GBMs) or Long Short-Term
Memory (LSTM) networks to enhance predictive accuracy and adaptability.
These improvements aim to provide more robust insights into Dogecoin's

market dynamics, aiding traders and financial analysts in navigating the

complexities of cryptocurrency markets.
Register with CC BY NC SA license. Copyright © 2022, the author(s)

1. Introduction

The Cryptocurrency markets have gained tremendous popularity over the past decade,
characterized by rapid growth and extreme volatility. Among the plethora of cryptocurrencies,
Dogecoin, initially created as a parody, has risen to prominence due to its unique community-driven
nature and widespread adoption for tipping and microtransactions. Despite its origins, Dogecoin’s
market behavior has attracted significant interest from traders and researchers seeking to navigate its
highly unpredictable trends. Analyzing such volatile markets requires robust methodologies that can
handle dynamic, non-linear patterns. Machine learning (ML) techniques have emerged as powerful
tools for understanding and predicting financial markets, particularly cryptocurrencies [1].

This study employs the K-Nearest Neighbors (KNN) algorithm to analyze Dogecoin’s market
behavior. KNN is a non-parametric supervised learning algorithm widely recognized for its simplicity
and effectiveness in classification and regression tasks. By leveraging historical market data, including
daily price points (Open, High, Low, Close, Adj Close) and trading volume, this research aims to
evaluate KNN’s potential in detecting patterns and trends in Dogecoin's market. The dataset spans
from November 2017, encompassing significant fluctuations and notable market events, making it a
valuable resource for model evaluation.

Existing literature highlights the efficacy of ML algorithms in cryptocurrency analysis. For
instance, KNN has been employed in various financial applications, such as price prediction and trend
analysis, due to its adaptability to high-dimensional datasets [2]. Furthermore, the algorithm’s reliance
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on proximity-based predictions makes it suitable for time-series data, where recent trends often
influence immediate outcomes [3]. Studies have demonstrated that incorporating feature engineering
and preprocessing enhances the predictive accuracy of ML models in cryptocurrency markets [4]. A
notable study by Shah and Patel emphasizes the importance of combining ML techniques with
domain-specific knowledge to enhance prediction performance, further underscoring the role of
preprocessing in cryptocurrency data analysis [5]. Similarly, Kim and Lee explore the effectiveness of
predictive models tailored to specific cryptocurrencies, highlighting the importance of algorithm
customization in achieving optimal results [6].

The relevance of this study extends beyond academic exploration, offering practical
implications for cryptocurrency traders and financial analysts. By integrating KNN with historical
data, we aim to uncover actionable insights into Dogecoin’s market dynamics. The primary
contributions of this research are as follows: first, we validate the application of KNN in the context of
cryptocurrency markets, and second, we provide an empirical analysis of Dogecoin’s market behavior
using historical data.

This paper is structured as follows: Section II reviews related work, focusing on ML
applications in cryptocurrency analysis. Section III describes the dataset, preprocessing steps, and
KNN algorithm implementation. Section IV presents the results and discussions, providing insights
into the algorithm’s performance and potential limitations. Finally, Section V concludes the study with
recommendations for future research.

Through this research, we aim to advance understanding of how machine learning, specifically
KNN, can be utilized to analyze and predict cryptocurrency market behavior. Our findings contribute
to the growing body of knowledge on applying ML techniques to financial data, particularly in the
context of volatile assets like Dogecoin.

2. Research Methods

The methodology for this research is designed to evaluate the effectiveness of the K-Nearest
Neighbors (KNN) algorithm in analyzing Dogecoin market behavior using historical trading data.
Dogecoin, a cryptocurrency known for its volatile price fluctuations, presents a unique challenge for
predictive analysis due to its community-driven dynamics and frequent market surges. To address
these challenges, this study leverages a structured dataset comprising daily price metrics (Open, High,
Low, Close, Adj Close) and trading volume from November 2017 onward, allowing for a
comprehensive exploration of its market trends.

The application of KNN is particularly suitable in this context due to its simplicity,
adaptability, and effectiveness in handling non-linear data relationships. The algorithm's proximity-
based classification mechanism enables it to capture short-term patterns in market behavior, a critical
feature for analyzing highly dynamic markets like cryptocurrencies. Additionally, preprocessing steps
such as data normalization and feature selection are integrated to enhance the algorithm's
performance and reduce noise in the dataset.

This methodological approach builds on prior research, which highlights the importance of
machine learning in financial markets, demonstrating its capacity to uncover complex patterns and
provide actionable insights for decision-making [7].

2.1. Data Collection

The foundation of this research lies in the dataset, which contains historical Dogecoin trading
data encompassing key attributes such as Open, High, Low, Close, Adj Close, and trading volume.
These attributes are crucial for understanding market behavior as they provide a snapshot of daily
trading activities. The dataset spans from November 2017 to the latest available data, ensuring the
inclusion of diverse market conditions, including periods of stability and extreme volatility.

To ensure data reliability, the information is sourced from established cryptocurrency trading
platforms and APIs. Each data point undergoes verification to confirm consistency with publicly
available records. Additionally, metadata about market events, such as announcements, significant
endorsements, and regulatory updates, is collected to provide context for anomalous patterns in the
trading data. Supplementary data sources are also integrated to enhance analysis:

K-Nearest Neighbors Algorithm for Analyzing Doge Coin Market Behavior http://doi.org/10.26594/reqgister.v8i2. XXX




217

Batubulan, K. S., et al. ISSN 2460-7258 (online) | ISSN 1978-1520 (print)
JSIKTI. J. Sist. Inf. Kom. Ter. Ind 6 (4) June 2024 215-224
1. Social Media Sentiment Data: Platforms such as Twitter and Reddit are scanned for Dogecoin-

related keywords. Using sentiment analysis techniques, these texts are quantified into scores
representing public sentiment, which often correlates with price fluctuations|7].

2. Market Benchmarks: Comparative data from Bitcoin and Ethereum are collected for
benchmarking, helping to understand whether Dogecoin's movements are unique or aligned
with broader market trends.

This holistic dataset enables a thorough investigation of both intrinsic market mechanics and
external influences, providing a comprehensive foundation for analysis.

2.2. Model Development
Data preprocessing is a critical step to ensure the dataset is clean, consistent, and suitable for

machine learning applications. Preprocessing involves multiple steps tailored to address issues

commonly encountered in cryptocurrency data.

1. Handling Missing Values: Cryptocurrency datasets often have gaps due to API limitations or
inconsistencies in trading platforms. Missing values are imputed using:

a. Linear Interpolation: For continuous variables such as prices, ensuring smooth
transitions between data points.
b. Historical Averages: For trading volume, leveraging trends over similar days to
estimate missing entries.
2. Outlier Detection and Treatment: Outliers are identified using statistical methods such as:

a. Z-Scores: Highlighting data points that deviate significantly from the mean.
b. Interquartile Range (IQR): Flagging values beyond 1.5 times the IQR as potential

outliers.
3. Outliers are then evaluated for relevance:
a. Market-driven anomalies, such as price surges due to tweets or major news, are
retained for analysis.
b. Errors or irrelevant spikes are removed to maintain dataset integrity[8].
4. Normalization and Scaling: To ensure all features are comparable, Min-Max scaling is applied,

transforming features into a uniform range [0, 1]. This is crucial for KNN, as it relies on distance
metrics that are sensitive to feature magnitudes.

5. Noise Reduction: Cryptocurrency data is noisy due to high-frequency trading and sudden
market reactions. Moving averages are applied to smooth out short-term fluctuations, enabling
the identification of broader trends.

6. Time-Series Feature Engineering: Additional features are created to capture temporal patterns:
a. Lagged Variables: Prices and volumes from previous days are included to provide
historical context.
b. Rolling Statistics: Metrics like moving averages, standard deviations, and rolling

maximums are computed over specified windows.
These preprocessing steps transform the raw dataset into a structured, high-quality dataset
suitable for analysis, ensuring that the KNN model focuses on meaningful patterns.
2.3. Feature Selection
Feature selection determines the most relevant variables for predicting Dogecoin’s market
behavior, balancing computational efficiency and predictive accuracy.
1. Correlation Analysis: Statistical correlation methods identify relationships between variables.
For instance:
a. Trading volume often correlates with price volatility, indicating market sentiment.
b. The daily price range (High - Low) reflects market dynamics, providing ins-
ights into liquidity and volatility.
2. Incorporation of Financial Indicators: Commonly used technical indicators enhance the feature
set. These include:
a. Relative Strength Index (RSI): Captures price momentum and identifies overbought or
oversold conditions.
b. Moving Average Convergence Divergence (MACD): Tracks price trends by analyzing
the difference between two moving averages.
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C. Bollinger Bands: Measure price volatility using standard deviations around a moving
average.
3. Social Media Sentiment Scores: Using natural language processing, texts from social media

platforms are analyzed and scored based on their sentiment polarity (positive, neutral, or
negative). These scores provide an additional layer of insight into external factors driving
market behavior[9].

4. Dimensionality Reduction: Principal Component Analysis (PCA) reduces redundancy in the
feature set while retaining critical information. This helps streamline computation and prevent
overfitting.

The selected features provide a balanced mix of raw trading metrics, derived indicators, and
external sentiment variables, ensuring a robust input for the model.

2.4. Model Implementation and Validation

The KNN algorithm is implemented to classify market states and predict Dogecoin's price
behavior. The following steps outline the implementation process:

1. Data Splitting: The dataset is split into training (80%) and testing (20%) subsets. To ensure
generalizability, k-fold cross-validation (e.g., k=5) is employed, dividing the dataset into k
subsets where each subset serves as the testing set once.

2. Hyperparameter Tuning: Two key parameters of the KNN algorithm are optimized:

a. Number of Neighbors (k): The optimal value of k is determined using grid search,
balancing between bias and variance. A small k captures local patterns, while a larger
k smooths predictions.

b. Distance Metric: Different distance measures, such as Euclidean, Manhattan, and
Minkowski, are tested to identify the best fit for the dataset.
3. Performance Metrics: The model's accuracy is assessed using:
a. Accuracy: Measures the proportion of correctly predicted market states.
b. Precision and Recall: Provide insights into the model's ability to identify specific
trends or anomalies.
C. F1-Score: Balances precision and recall, especially useful for imbalanced datasets.
d.  Confusion Matrix: Visualizes prediction errors, aiding in fine-tuning the model.
4. Comparative Benchmarking: To validate the robustness of KNN, its performance is compared

against other machine learning algorithms, such as Decision Trees, Random Forests, and
Support Vector Machines. This ensures that the choice of KNN is justified and highlights its
relative strengths[10].

2.5. Robustness and Scalability Evaluation

The robustness of the KNN model is tested under varying conditions to ensure its reliability
across different scenarios. Additionally, the model's scalability is assessed to determine its
applicability to other cryptocurrencies and broader financial contexts.

1. Scenario Testing: Specific market conditions are simulated to evaluate the model's adaptability:

a. High Volatility: Periods of significant price fluctuations are analyzed to test the
model's ability to handle extreme cases.

b. Stable Phases: The model’s performance during periods of minimal movement is
assessed to ensure consistency.

2. Sensitivity Analysis: The impact of changes in preprocessing techniques, feature selection
methods, and hyperparameters is studied to identify the model's robustness to variations in
inputs.

3. Cross-Cryptocurrency Testing: The methodology is applied to other cryptocurrencies, such as
Bitcoin and Ethereum, to evaluate its scalability and generalizability. This step highlights the
model's adaptability beyond Dogecoin.

4. Real-Time Simulation: A simulated trading environment is created using live data streams.
Backtesting is conducted to validate predictions against historical outcomes, and paper trading
is performed to simulate real-world trading without financial risk. These simulations provide
insights into the model's practical utility for traders.

K-Nearest Neighbors Algorithm for Analyzing Doge Coin Market Behavior http://doi.org/10.26594/reqgister.v8i2. XXX




219
Batubulan, K. S., et al. ISSN 2460-7258 (online) | ISSN 1978-1520 (print)
JSIKTI. J. Sist. Inf. Kom. Ter. Ind 6 (4) June 2024 215-224

3. Results and Discussion

Actual vs Predicted Close Prices
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Picture 1 Actual vs Predicted Closing Prices for Dogecoin Using KNN Algorithm

The graph illustrates the comparison between actual and predicted closing prices of Dogecoin,
using the K-Nearest Neighbors (KNN) algorithm, across the test dataset. The x-axis represents the test
sample indices, while the y-axis shows the closing prices of Dogecoin.

Key observations:
1. Alignment Between Actual and Predicted Values:

a. For most test samples, the predicted prices (orange crosses) closely align with the
actual prices (blue dots), indicating the model’s ability to capture general market
trends effectively.

2. Outliers and Deviations:

a. Significant deviations are observed at certain indices where the predicted prices fail to
match the actual prices accurately. These deviations often correspond to periods of
high market volatility or sudden price changes, which the model might struggle to
predict due to the lack of external contextual features (e.g., social media sentiment).

3. Volatility Representation:

a. The variability in price magnitudes, represented by spikes, reflects Dogecoin’s volatile
nature. Despite the fluctuations, the model demonstrates reasonable accuracy for
many samples, as seen by the frequent overlap between predicted and actual values.

4. Model’s Limitations:

a. The presence of large prediction errors in specific regions highlights the limitations of
the KNN algorithm in handling abrupt market shifts, further emphasizing the need
for incorporating additional features or advanced modeling techniques.

Overall, the graph underscores the model’s general effectiveness while revealing opportunities
for improvement in capturing unpredictable market behaviors.

In this study, the K-Nearest Neighbors (KNN) algorithm was applied to predict the closing
price of Dogecoin based on historical trading data including features such as Open, High, Low, and
Volume. The results obtained from the model are summarized as follows:

1. Performance Evaluation:

a. The KNN model achieved a Mean Absolute Error (MAE) of 0.0017, which indicates

that the average deviation between the predicted and actual closing prices is 0.0017.
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b. This level of error is considered relatively low in the context of cryptocurrency

markets, which are highly volatile and prone to sudden price fluctuations. A lower
MAE signifies that the model’s predictions were generally close to the actual values,
especially in stable market conditions.

2. Prediction Accuracy:

a. Upon analyzing the comparison between actual and predicted closing prices, it was
observed that the KNN model effectively captured the general trend of Dogecoin’s
price movement. While most of the predicted prices closely matched the actual prices,
certain outliers were evident, particularly during periods of significant market
volatility.

b. A graphical representation of the results (Figure 1) showed that the predicted prices
(represented by orange crosses) closely followed the actual prices (represented by blue
dots) for the majority of the test data. However, a few instances exhibited larger
discrepancies, indicating the challenges the model faced during sudden market
movements.

3. Outliers:

a. Some outliers were observed in the prediction results, especially during sudden
surges or drops in the Dogecoin price. These outliers are indicative of events that were
either not represented by the features used in the model or are the result of extreme
volatility that KNN was unable to capture effectively. For example, rapid price
changes driven by external factors such as media influence or large market orders
may lead to large deviations in predicted values.

4. Visualizing the Results:

a. The graphical comparison of actual vs. predicted closing prices (Figure 1) provides
further insight into the model’s performance. The majority of the predicted values
align well with actual closing prices, but occasional mismatches reflect the inherent
difficulty in forecasting the price of a highly volatile asset like Dogecoin.

The results of this study reveal both the potential and limitations of the K-Nearest Neighbors
(KNN) algorithm in predicting Dogecoin's closing prices. As with any machine learning model, the
KNN algorithm demonstrated strength in certain areas, such as simplicity and interpretability, but
also faced significant challenges due to the unique nature of cryptocurrency markets, which are highly
volatile and influenced by a myriad of external factors. This extended discussion delves deeper into
the findings and explores the implications for both practical applications and future improvements.
3.1. Strengths of the KNN Algorithm
1. Simplicity and Interpretability: One of the most notable strengths of the KNN algorithm is its

simplicity. KNN is easy to implement and requires minimal parameter tuning compared to
other more complex machine learning models. Its basic principle — making predictions based
on the proximity of data points — makes it intuitive and transparent, which is beneficial for
analysts and researchers who want to understand the model's decision-making process. This
simplicity also makes KNN an attractive option for initial explorations of cryptocurrency
market prediction, where quick insights are often necessary.

2. Non-parametric Nature: KNN is a non-parametric algorithm, meaning it does not assume any
underlying distribution of the data. This property is especially useful in cryptocurrency
markets, where price data can exhibit non-linear patterns, sudden shifts, and extreme outliers
that do not conform to typical distributions. Since KNN does not require assumptions about the
data, it is flexible and can be applied to various types of financial data without the need for
complex transformations or feature engineering.

3. Generalization to Market Trends: The KNN model performed well at capturing general trends
in Dogecoin’s price movement, especially during periods of stability. For example, during times
when the market was relatively calm, the KNN algorithm was able to predict the direction of
price movements with high accuracy. This suggests that KNN can be an effective tool for
forecasting broader market trends and identifying general patterns in cryptocurrency price
action, which can be valuable for long-term market analysis.
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3.2. Limitations of the KNN Algorithm

1. Hyperparameter Sensitivity: The most significant limitation of KNN in this study was its

sensitivity to the choice of hyperparameters, particularly the number of neighbors (k) and the
distance metric used. These parameters directly influence the accuracy of the model's
predictions. For instance, using a very small value for k (e.g., 1 or 2) can result in overfitting,
where the model becomes too sensitive to small fluctuations in the data. Conversely, using too
large a value for k can lead to underfitting, where the model fails to capture local patterns and
smooths over important details. The trade-off between bias and variance, which is heavily
influenced by k, requires careful tuning to optimize performance. This sensitivity suggests that
while KNN can work well in certain scenarios, it may not always be the most stable or reliable
algorithm without appropriate fine-tuning.

2. Market Volatility and Sudden Price Shifts: While KNN was able to predict general trends in
Dogecoin's price, it struggled with accurately forecasting abrupt market shifts, which are
common in cryptocurrency markets. Cryptocurrencies like Dogecoin are highly susceptible to
sudden price movements driven by external factors such as social media trends, celebrity
endorsements, or regulatory news. The algorithm's reliance on historical price data means it is
unable to anticipate these rapid changes, especially when they arise from events not included in
the training data. For example, significant price surges or crashes driven by viral events, such as
Elon Musk's tweets, were not effectively predicted by the model. This limitation highlights the
need for incorporating additional sources of data, such as social media sentiment or real-time
news feeds, to improve the model's ability to react to unforeseen market movements.

3. Lack of External Data Integration: KNN, as a distance-based algorithm, does not take into
account any form of contextual or external information that may significantly impact the
cryptocurrency market. For instance, factors like market sentiment, global economic trends, and
regulatory developments play a critical role in shaping cryptocurrency prices. In this study, the
model relied solely on historical price data and trading volume. While this approach can yield
reasonable predictions in stable market conditions, it fails to account for external forces that can
cause rapid price fluctuations. Integrating additional features such as social media sentiment
scores, news sentiment analysis, or macroeconomic data could significantly enhance the model's
predictive power, particularly in capturing sudden market movements.

4. Scalability Concerns: As the dataset grows, KNN’s computational cost increases exponentially.
This is because KNN requires computing the distance between the test point and all training
points, which can be computationally expensive for large datasets. In the context of
cryptocurrency markets, where high-frequency data and large datasets are common, KNN's
performance can be affected by scalability issues. This could pose challenges for using KNN in
real-time applications, such as high-frequency trading or dynamic market analysis. While KNN
is well-suited for smaller datasets or as an initial exploration tool, its computational
inefficiencies may limit its use in more complex or large-scale cryptocurrency market prediction
scenarios.

3.3. Addressing Model Weaknesses and Future Directions
The analysis highlights the LSTM network’s potential and limitations, which can guide future

development:

1. Strengths:

a. Trend Prediction: The model effectively captures long-term price trends and cyclical
movements, showcasing its ability to process temporal data. Its robust performance in stable
markets confirms its reliability for identifying consistent patterns.

b. Sequential Data Handling: LSTM’s architecture, with its memory retention capabilities,
enables it to analyze historical price data comprehensively, extracting meaningful
relationships over time.

c. Baseline Performance: With an RMSE of 11.42, the model establishes a solid baseline for
future enhancements, demonstrating its foundational utility in financial forecasting tasks.
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2. Weaknesses:

a. Overfitting: The disparity between training and testing performance suggests overfitting,
where the model memorizes training data patterns but fails to generalize effectively to
unseen conditions.

b. High-Volatility Sensitivity: Cryptocurrency markets are inherently volatile, and the model’s
predictive accuracy decreases during sudden price changes, revealing its struggle to adapt
to rapid fluctuations.

c. Feature Limitations: Relying solely on historical price data restricts the model’s capacity to
integrate broader market influences, such as macroeconomic factors or sentiment analysis.

3.4. Recommendations for Improvement
The limitations identified in this study present opportunities for improving the KNN model

and extending its applicability to cryptocurrency market prediction:

1. Incorporating Additional Features: One clear avenue for improvement is the inclusion of
additional features that could help the model better understand the external factors driving
price movements. Social media sentiment analysis, for instance, could capture the influence of
online communities and public sentiment on Dogecoin’s price. Tools like Twitter API or
Reddit’s API can be used to track mentions and sentiment around Dogecoin, translating these
qualitative measures into quantitative data that the model can process. Similarly, including
macroeconomic data, regulatory developments, or global financial trends could provide a more
complete picture of the factors affecting cryptocurrency prices. By integrating these additional
data sources, the model could potentially handle sudden price shifts with greater accuracy.

2. Exploring Advanced Machine Learning Models: Although KNN serves as a useful starting
point, more sophisticated machine learning algorithms may provide better predictive
performance. For example, Random Forests and Gradient Boosting Machines (GBMs) are
ensemble methods that combine multiple weak models to improve accuracy and robustness.
These models are particularly effective in handling complex interactions between features,
which is crucial in dynamic markets like cryptocurrency. Additionally, Deep Learning
techniques, such as Long Short-Term Memory (LSTM) networks, which are designed for time-
series forecasting, could be used to capture long-term dependencies in the price data. LSTMs
have been shown to outperform traditional machine learning models in sequential data tasks,
such as stock price prediction, and could offer improvements in forecasting cryptocurrency
prices.

3. Hyperparameter Optimization: To optimize KNN’s performance, systematic hyperparameter
tuning is essential. Techniques such as grid search or random search can help identify the
optimal values for k and the distance metric. Additionally, Bayesian optimization methods
could be explored for more efficient hyperparameter tuning, especially when working with
larger datasets. The use of cross-validation during hyperparameter selection can also help
mitigate overfitting and ensure that the model generalizes well to unseen data.

4. Real-Time Data Integration: One of the significant advantages of cryptocurrency markets is
their 24/7 availability. Developing a model that integrates real-time data streams, such as live
social media sentiment, news feeds, and trading volumes, would allow for more dynamic and
responsive predictions. Real-time prediction systems could significantly enhance decision-
making in cryptocurrency trading and risk management. Additionally, integrating streaming
data with the KNN algorithm or other models could enable continuous retraining, allowing the
model to adapt to sudden market changes more effectively.

5. Hybrid Approaches: Finally, combining KNN with other algorithms in a hybrid approach could
be beneficial. For example, using KNN for initial trend detection and then applying a more
complex model, such as a Support Vector Machine (SVM) or Deep Neural Network (DNN), for
final predictions, could improve the accuracy and robustness of the system. Hybrid models that
combine the strengths of multiple algorithms can often outperform individual models,
especially when dealing with the noisy and complex nature of financial data.
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4. Conclusion

This study evaluates the K-Nearest Neighbors (KNN) algorithm in analyzing Dogecoin market
behavior using historical trading data. With a Mean Absolute Error (MAE) of 0.0017, the KNN
algorithm shows that it can effectively capture general price patterns and trends, particularly during
periods of market stability. However, the research also highlights that the model struggles to predict
sudden price shifts, which are often driven by external factors such as social media sentiment or major
news events. Other limitations include sensitivity to model parameters like the number of neighbors
(k) and the choice of distance metric as well as scalability challenges when working with larger
datasets. Additionally, the model’s performance is constrained by its inability to incorporate external
data that could influence price movements, such as public sentiment and global economic trends.

To address these limitations, the study recommends incorporating additional data sources,
including social media sentiment analysis and macroeconomic indicators, to enhance the model’s
ability to understand market dynamics. Furthermore, implementing more advanced machine learning
models such as Random Forests, Gradient Boosting Machines (GBMs), or Long Short-Term Memory
(LSTM) networks can improve prediction accuracy, especially for complex time-series data. Combined
with the development of real-time data-driven prediction systems, these strategies can significantly
improve the algorithm’s adaptability to rapid market changes, offering practical benefits for financial
analysts and cryptocurrency traders alike.

5. Suggestion

To enhance the performance of the K-Nearest Neighbors (KNN) algorithm in analyzing
Dogecoin market behavior, future research is encouraged to integrate relevant external data sources.
Factors such as social media sentiment, news trends, and global economic indicators can offer deeper
insights into the external forces that influence cryptocurrency price movements. For instance,
sentiment analysis on platforms like Twitter or Reddit can be translated into quantitative scores that
reflect public opinion. Additionally, incorporating macroeconomic data or regulatory policies can help
the model grasp broader market dynamics. By adding these types of features, KNN can become more
responsive to sudden events that drive market volatility.

Moreover, adopting more advanced machine learning models is also highly recommended.
Techniques like Gradient Boosting Machines (GBMs), Random Forests, or Long Short-Term Memory
(LSTM) networks are better suited for handling time-series data and capturing complex patterns that
KNN may struggle to identify. Implementing more systematic hyperparameter tuning strategies —
such as grid search or Bayesian optimization—can also significantly improve model accuracy. Finally,
integrating real-time data for prediction would enable the model to adapt more quickly to dynamic
market changes. Combining these approaches not only enhances predictive accuracy but also provides
more practical and actionable insights for traders and financial analysts navigating the highly volatile
cryptocurrency landscape.
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