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Abstract- The k-Nearest Neighbors (k-NN) algorithm is a widely used non-parametric method for classification tasks, where 

the selection of the optimal value of k (the number of neighbors) plays a critical role in model performance. Traditional 

methods for selecting k, such as cross-validation or heuristic approaches, can be time-consuming and computationally 

expensive. This paper proposes an alternative approach to determining the optimal k for k-NN using polynomial regression. By 

treating the relationship between the value of k and the performance metric (such as classification accuracy) as a continuous 

function, we use polynomial regression to model this relationship and identify the k that results in the best performance. The 

polynomial regression model is trained on a set of performance data for different values of k, allowing for a smooth and 

accurate estimation of the optimal k across various datasets. Our experimental results demonstrate that the polynomial 

regression-based approach provides an efficient and effective method for selecting k, outperforming traditional techniques and 

reducing the computational cost associated with hyperparameter tuning. The proposed method also offers several advantages 

over traditional hyperparameter optimization techniques. By modelling the performance of k-NN as a continuous function of 

k, polynomial regression avoids the need for exhaustive grid search or cross-validation, making it particularly suitable for 

scenarios where computational resources are limited or time is constrained. Furthermore, the flexibility of polynomial 

regression allows for capturing complex, non-linear relationships between k and model performance, which can lead to more 

accurate predictions of the optimal value. Our approach is demonstrated one dataset, where it not only achieves higher 

accuracy but also reduces the overall time spent on model selection, making it a practical and scalable solution for 

hyperparameter tuning in machine learning applications. 

 

Index Terms- k-Nearest Neighbors, polynomial regression, hyper parameter tuning, Non-parametric method, machine learning 

application. 

 
 

I. INTRODUCTION 

 
The k-Nearest Neighbors (k-NN) algorithm is a widely used 

supervised learning method for classification and regression 

tasks due to its simplicity and intuitive approach. In k-NN, an 

input sample is classified by finding the k nearest points in the 

feature space and assigning the most common label among 

them (for classification) or averaging their values (for 

regression). However, selecting the optimal value of k, which 

determines the number of neighbors to consider, is critical to 

achieving balanced model accuracy. If k is too small, the 

model may be sensitive to noise (over fitting), while a large k 

value can lead to under fitting by averaging over too many 

points. The k-Nearest Neighbor (K-NN) classifier is widely 

used across various domains due to its simplicity and 

effectiveness. It has been successfully applied in areas such as 

text categorization on detection systems [1], handwritten digit 

recognition [2], and even in the alternative designs within 

energy simulation tools [3] . The performance of the classifier 

is influenced by the number of neighbors (k value) used in the 

classification. A major challenge with this classifier is 

selecting the appropriate k value. Different k values can 

significantly affect the algorithm's predictive accuracy, and 

choosing an optimal value is not easily discernible from the 

data set [4]. 

 

Polynomial regression, on the other hand, is a statistical 

technique that models the relationship between an 

independent variable and a dependent variable as an nth-

degree polynomial. It is especially useful in capturing non-

linear relationships, making it a versatile approach in various 

predictive modelling scenarios. When the degree of a model is 

too high, it can lead to over fitting. Over fitting occurs when a 

statistical model starts to capture the random noise in the data 

instead of the actual relationships between variables [5]. As a 

result, the model performs exceptionally well on the training 

data but struggles to generalize to new, unseen data outside of 

the dataset. By fitting a polynomial curve to the relationship 
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between model accuracy and different values of k, polynomial 

regression can potentially predict an optimal k value, reducing 

the need for exhaustive searches. 

 

K-NN Flowchart 

 
 

Polynomial Regression Flowchart 

 

This paper investigates a novel approach for determining the 

optimal k value in the k-NN algorithm by employing 

polynomial regression. The aim is to provide a more efficient, 

predictive framework for choosing k, which could minimize 

computational resources while maintaining model 

performance. Through a case study and analysis, we 

demonstrate how this polynomial regression-based approach 

can effectively streamline the k-NN tuning process, offering a 

valuable alternative to conventional methods. 

 

II. METHODOLOGY 
 

The methodology for this research paper follows a systematic 

approach. Initially, data relevant to the study is gathered to 

ensure balanced representation across classes and features, 

which is essential for robust training and testing. In the pre-

processing phase, any missing data is handled, while 

normalization or scaling is applied as needed, and additional 

feature engineering is done to improve model accuracy. 

Subsequently, the data is divided into training and testing sets, 

typically using a 70-30 or 80-20 ratio, to enable reliable 

validation on unseen data. 

 

Next, a K-Nearest Neighbors (KNN) classifier is configured, 

and a range of knn-values is tested to observe their impact on 

performance metrics like accuracy, precision, recall, or F1-

score.  

 

This initial analysis lays the groundwork for determining the 

optimal knn-value. Polynomial regression is then applied to 

model the relationship between different knn-values and the 

chosen performance metric. An appropriate polynomial 

degree—often second or third—is chosen to capture the non-

linear trend without over fitting. 

 

To pinpoint the best knn-value, the polynomial regression 

model’s output is analyzed to find the knn-value that 

maximizes the performance metric. Testing multiple 

polynomial degrees helps ensure consistency in identifying 

the optimal knn-value. This optimal value is then used to train 

the final KNN model, which is tested on the test dataset to 

gauge its true performance. 

 

A comparative analysis is conducted to confirm the 

effectiveness of the optimized KNN model, contrasting its 

results with models trained on arbitrary knn-values. 

Additional models may also be used as benchmarks to further 

validate this approach.  

 

In conclusion, the paper summarizes the findings, highlighting 

the advantages of using polynomial regression to optimize the 

knn-value, while also discussing limitations and directions for 

future research. This structured methodology ensures a clear 

and coherent research process. 
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III. MACHINE LEARNING METHODS 
 

K-NN Algorithm 

The k-nearest neighbors (KNN) algorithm is a basic, 

similarity-driven machine learning method that often delivers 

solid results in certain applications [6]. Machine learning has 

become extremely popular due to its ability to make rapid and 

accurate predictions, especially when working with large 

datasets [7]. The k-nearest neighbors (KNN) algorithm is a 

straightforward and popular machine learning method used 

primarily for classification and regression tasks. KNN 

operates by identifying the "k" closest data points in the 

feature space to a given input, based on a chosen distance 

metric (like Euclidean distance). For classification, KNN 

assigns the input to the most common class among these 

neighbors, while for regression; it predicts the output by 

averaging the values of the neighbors[8]. 

 

Key characteristics of KNN include: 

 Instance-Based Learning: KNN does not involve 

training a model but instead uses the entire dataset as a 

reference, making it a type of "lazy learner." 

 Similarity-Based: KNN relies on similarity (or distance) 

to find relevant neighbors, making it effective in cases 

where data points with similar features have similar 

labels. 

 Sensitive to "k" Value: The algorithm's performance 

depends on the choice of "k" – a small "k" can make it 

sensitive to noise, while a large "k" may blur class 

boundaries. 

 KNN is simple and effective but can become 

computationally expensive with large datasets, as it 

requires computing distances for each query. 

 

The paper explores how different k-values impact model 

performance and aims to identify the optimal value that 

maximizes accuracy. By leveraging polynomial regression, the 

study seeks to uncover non-linear patterns in the relationship 

between k-values and performance metrics, offering a more 

robust approach to model optimization. The findings are 

expected to enhance the predictive power of KNN in real-

world applications. 

 

Polynomial Regression  

Polynomial regression is a type of regression analysis that 

models the relationship between a dependent variable and one 

or more independent variables as a polynomial equation. It is 

useful when the relationship between variables is non-linear. 

Regression analysis is a statistical method used to explore the 

relationships between variables. Multiple regression is 

particularly useful when there are several variables involved, 

enabling the creation of mathematical models. Polynomial 

regression, on the other hand, extends this approach by adding 

successive power terms, allowing it to model more complex, 

non-linear relationships between the variables [9]. Polynomial 

regression, captures essential learning theory concepts and is 

widely applied in signal and image processing, e.g., [10], [11]. 

 

In this algorithm: 

 Higher-Order Terms: Polynomial regression 

incorporates higher-degree terms (e.g., x2x^2x2, 

x3x^3x3), allowing it to capture more complex patterns 

than simple linear regression[12]. 

 Degree Selection: The degree of the polynomial (e.g., 

quadratic, cubic) is crucial—higher degrees fit the data 

more flexibly but may lead to overfitting. 

 Optimization: By using techniques like least squares, the 

model identifies coefficients that minimize the difference 

between the predicted and actual values. 

 

Polynomial regression is widely used in fields where non-

linear trends are observed, such as economics, biology, and 

machine learning for prediction and optimization tasks. 

 

Implementation 

Collect and pre-process the dataset of ―city_day.csv‖ from Air 

Quality Data in India [13] into the ML models.. 

 
 

Implement KNN with different k-values and evaluate 

performance metrics and then apply polynomial regression to 

model the relationship between k-values and performance. 

Identify the optimal k-value based on the regression results. 
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Train KNN with the optimal k-value and assess its accuracy. 

Compare the optimized KNN model with those using arbitrary 

k-values to demonstrate improved performance. 

 
 

IV. RESULT AND CONCLUSION 
 

The analysis of the K-Nearest Neighbors (KNN) algorithm on 

the City.csv dataset revealed that the optimal k-value for 

maximizing model performance was 5. Using polynomial 

regression to model the relationship between k-values and 

accuracy, the optimal value of 5 resulted in an impressive 

KNN R² score of 0.92, indicating a strong fit to the data. This 

suggests that the KNN model with k=5 effectively capture the 

underlying patterns in the dataset. A comparison with models 

using other k-values showed that this configuration provided 

the most accurate predictions, demonstrating the value of 

polynomial regression in model optimization. 

 

The findings from this study underscore the significance of 

selecting the optimal k-value in the K-Nearest Neighbors 

(KNN) algorithm to enhance prediction accuracy. By 

leveraging polynomial regression, the optimal k-value of 5 

was identified, which led to a notable improvement in model 

performance.  

 

The results indicate that the use of polynomial regression not 

only helps in fine-tuning the k-value but also provides a more 

accurate and reliable model for analyzing complex datasets, 

thus contributing to more precise predictive outcomes in 

various applications. 

 

V. CONCLUSION 
 

This study effectively optimized the K-Nearest Neighbors 

(KNN) algorithm by using polynomial regression to identify 

the best k-value. The analysis of the City.csv dataset revealed 

that a k-value of 5 produced the highest performance, 

achieving an R² score of 0.92. This demonstrates the power of 

polynomial regression in selecting the optimal k-value and 

enhancing model accuracy. The results suggest that selecting 

the k-value through polynomial regression can substantially 

improve KNN’s ability to make accurate predictions for 

complex datasets. 

 

Future Scope 

Future research could explore optimizing KNN with 

alternative methods, such as genetic algorithms or grid search, 

to refine the selection of the optimal k-value[14]. Additionally, 

the application of polynomial regression can be extended to 

multi-dimensional datasets, improving performance in more 

complex, high-dimensional spaces[15]. Further studies could 

also investigate the use of different distance metrics, such as 

Manhattan or Minkowski distance, to determine their impact 

on the optimal k-value. Moreover, real-time applications, such 

as predictive maintenance or dynamic recommendation 

systems, could benefit from integrating these optimization 

techniques. 
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