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Abstract: 

This study investigates the use of the K-Nearest Neighbors (KNN) algorithm for the binary classification of mushroom 

edibility using a cleaned version of the UCI Mushroom Dataset. The dataset underwent pre-processing techniques such as 

modal imputation, one-hot encoding, z-score normalization, and feature selection to ensure data quality. The model was 

trained on 80% of the dataset and evaluated on the remaining 20%, achieving an overall accuracy of 99%. Evaluation 
metrics, including precision, recall, and F1-score, confirmed the model's effectiveness in distinguishing between edible and 

poisonous mushrooms, with minimal misclassification errors. Despite its high performance, the study identified scalability 

as a limitation due to the computational complexity of KNN, suggesting that future research should explore alternative 

algorithms for enhanced efficiency. This research underscores the importance of pre-processing and hyperparameter 

optimization in building reliable classification models for food safety applications. 

Keywords: Binary Classification, Data Pre-processing, Food Safety, K-Nearest Neighbors, Mushroom 

Classification 

Dataset link: https://www.kaggle.com/datasets/prishasawhney/mushroom-dataset 

 

1. Introduction 

Mushrooms have been a vital component of global diets due to their nutritional value and unique culinary 

applications. However, identifying whether a mushroom is edible or poisonous remains a significant challenge, as 

visual inspection and traditional identification methods are often unreliable and prone to human error [1], [2]. 

Misidentification can lead to severe health consequences, including fatal poisoning. With the advent of machine 

learning, there is an opportunity to develop automated, data-driven approaches to mushroom classification, which can 

provide a safer and more accurate alternative to traditional methods [3], [4]. 

The UCI Mushroom Dataset, a widely used resource for such studies, offers a comprehensive set of features 

describing various mushroom characteristics. However, the dataset's raw form presents challenges, such as missing 

values and categorical attributes, which can affect the performance of machine learning models if not properly 

addressed. Furthermore, the overlap in physical features between edible and poisonous mushrooms highlights the need 

for robust pre-processing techniques and careful algorithm selection. Addressing these challenges is crucial to enhance 

the reliability of automated classification systems. 

This study explores the application of the K-Nearest Neighbors (KNN) algorithm for binary classification of 

mushroom edibility. KNN, a simple yet effective machine learning technique, classifies data points based on their 

proximity to neighboring points in the feature space [5]–[7]. The primary objective of this research is to pre-process 

the dataset using techniques such as modal imputation, one-hot encoding, and z-score normalization, and subsequently 
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train and optimize a KNN model to accurately classify mushrooms as either edible or poisonous. By focusing on 

binary classification, this research aims to demonstrate the effectiveness of KNN in a controlled environment while 

highlighting the impact of pre-processing on model performance [8]–[10]. 

The scope of this study is limited to the cleaned version of the UCI Mushroom Dataset, consisting of nine features 

selected for their relevance to classification. While the KNN algorithm is well-suited for small- to medium-sized 

datasets, its computational complexity for larger datasets remains a limitation. Despite these constraints, this research 

contributes to the field by providing a replicable methodology for mushroom classification and showcasing the 

potential of machine learning in addressing food safety challenges. 

The remainder of this paper is organized as follows. The next section details the methodology, including dataset 

pre-processing, normalization, splitting, and model training. The results section presents the performance of the KNN 

model along with visualizations of key findings. This is followed by a discussion that compares the results with 

previous research and explores their practical implications. Finally, the conclusion summarizes the study's 

contributions and offers recommendations for future research directions. 

2. Method: 

This section describes the detailed steps undertaken to pre-process the dataset, train the K-Nearest Neighbors 

(KNN) model, and evaluate its performance [11]. Each stage of the methodology was designed to ensure robust pre-

processing and effective model training for the classification of mushroom edibility, show in Figure 1. 

  
 

Figure 1. General Research Design Stages 

 

Data Collection Process 

The dataset used in this study is a cleaned version of the UCI Mushroom Dataset, specifically designed for binary 

classification. It contains nine features that describe various morphological characteristics of mushrooms, show in 

Table 1 and Figure 2. 
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Table 1. Feature Descriptions 

Feature Name Data Type Description Example Values 

Cap Diameter Continuous Diameter of the mushroom cap measured in 

centimeters. 

3.5, 5.2, 7.1 

Cap Shape Categorical Shape of the mushroom cap (e.g., bell, 

convex, flat). 

Bell, Flat, Convex 

Gill Attachment Categorical Describes how the gills are attached to the 

mushroom stem. 

Free, Attached 

Gill Color Categorical Color of the mushroom gills. White, Brown, Pink 

Stem Height Continuous Height of the mushroom stem measured in 

centimeters. 

5.0, 7.3, 10.2 

Stem Width Continuous Width of the mushroom stem measured in 

centimeters. 

1.0, 1.5, 2.1 

Stem Color Categorical Color of the mushroom stem. White, Yellow, Brown 

Season Categorical Season during which the mushroom is 

typically found. 

Spring, Summer, Autumn 

Target Class Binary Indicates whether the mushroom is edible 

(0) or poisonous (1). 

0 (Edible), 1 (Poisonous) 

 

Figure 2. Scatter plots 

Pre-processing Steps 

Proper data pre-processing was critical to ensure the dataset was well-prepared for classification using KNN. The 

steps included: 

1. Handling Missing Values: Missing categorical data was imputed using modal imputation, where missing values 

were replaced by the most frequently occurring value in the respective column. 
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2. One-Hot Encoding: Categorical variables, such as Gill Color and Cap Shape, were converted into numerical 

format using one-hot encoding. This transformation allowed the KNN algorithm to interpret categorical 

features during distance calculations. 

3. Z-Score Normalization: Continuous features, such as Cap Diameter, Stem Height, and Stem Width, were 

normalized using the z-score formula [12]–[14]: 

𝑧 =
𝑥 − 𝜇

𝜎
 (1) 

Where: 

𝑥 is the raw feature value 

𝜇 is the mean of the feature 

𝜎 is the standard deviation 

This step ensured all features had equal weight in the distance computation used by KNN, Figure 3 show 

distribution of dataset. 

 

Figure 3. Visualization of Dataset 

4. Feature Selection: Feature importance was analysed, and nine key features were retained for the model. This 

step reduced noise in the data and improved model interpretability, results of feature selection show in Figure 

4. 

 
Figure 4. Correlation Heatmap 
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Data Analysis Methods 

The pre-processed dataset was split into training and testing subsets: 

• Training Set: 80% of the dataset for model training. 

• Testing Set: 20% of the dataset for evaluating performance. 

The split was stratified to maintain the proportion of classes (edible vs. poisonous) in both subsets. This approach 

ensured a balanced evaluation of the model, detailed show in Figure 5. 

 
Figure 5. Split Data 

Model Training 

1. Algorithm Choice: The K-Nearest Neighbors (KNN) algorithm was selected for its simplicity and effectiveness 

in classification tasks. The algorithm predicts the class of a data point based on the majority class of its 𝑘-

nearest neighbors in the feature space [6], [15]–[17]. 

2. Distance Metric: The Euclidean distance was used to measure the similarity between data points: 

𝑑(𝑥, 𝑦) = √∑(𝑥𝑖 − 𝑦𝑖)2

𝑛

𝑖=1

 (2) 

Where 𝑥𝑖 and 𝑦𝑖 represent feature value of two data points, and 𝑛 is the number of features. 

3. Optimizing 𝑘: The optimal value of 𝑘 was determined by training the model with values of 𝑘 ranging from 1 

to 20. For each value, the model's accuracy on the validation set was evaluated, and the 𝑘 yielding the highest 

accuracy was selected. 

4. Cross-Validation: A 5-fold cross-validation strategy was employed to ensure the reliability of the model's 

performance metrics [18], [19]. 

CV(𝐾) =
1

𝐾
∑ Error𝑖

𝐾

𝑖=1

 (3) 

Performance Evaluation 

• Accuracy: The ratio of correctly predicted instances to the total instances [20]: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
(𝑇𝑃 + 𝑇𝑁)

(𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁)
 (4) 

 

• Precision: The ratio of true positive predictions to the total positive predictions [21]: 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

(𝑇𝑃 + 𝐹𝑃)
 (5) 

 

• Recall: The ratio of true positive predictions to the total actual positives [22]: 
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𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

(𝑇𝑃 + 𝐹𝑁)
 (6) 

 

• F1-Score: The harmonic mean of precision and recall [23]: 

𝐹 − 𝑚𝑒𝑎𝑠𝑢𝑟𝑒 =  
2(𝑝𝑟𝑒𝑠𝑖𝑠𝑖 × 𝑟𝑒𝑐𝑎𝑙𝑙)

(𝑝𝑟𝑒𝑠𝑖𝑠𝑖 + 𝑟𝑒𝑐𝑎𝑙𝑙)
 (7) 

Where 𝑇𝑃 is True Positive, 𝑇𝑁 is True Negative, 𝐹𝑃 is False Positive, and 𝐹𝑁 is False Negative. These metrics 

provided a comprehensive understanding of the model's performance, highlighting its strengths and areas of 

improvement. 

3. Results and Discussion 

The performance of the KNN algorithm in classifying mushrooms as edible or poisonous was highly effective, as 

demonstrated by the evaluation metrics. The model achieved an impressive accuracy of 99%, indicating that the 

majority of predictions were correct. Precision values for edible mushrooms (class 0) and poisonous mushrooms (class 

1) were 98% and 99%, respectively, suggesting that the model made very few false positive errors. Similarly, the 

recall values were 98% and 99%, showing the model's ability to correctly identify both edible and poisonous 

mushrooms with high reliability. The F1-scores for both classes were nearly 99%, reflecting a strong balance between 

precision and recall across the dataset. 

 

Figure 6. Confusion Matrix 

Figure 6 provides a clear visualization of the model's performance. Out of 10,807 instances, the model correctly 

classified 4,829 edible mushrooms and 5,822 poisonous mushrooms. Only 76 edible mushrooms were misclassified 

as poisonous, and 80 poisonous mushrooms were misclassified as edible. These results highlight the robustness of the 

KNN model in distinguishing between the two classes with minimal errors. 

The high performance of the KNN model can be attributed to several factors. The pre-processing steps, including 

one-hot encoding for categorical features and z-score normalization for continuous features, ensured that the input 

data was well-suited for distance-based calculations. Feature selection further contributed by focusing on nine relevant 

features, reducing noise and improving the model's interpretability. Moreover, optimizing the 𝑘-value allowed the 

model to strike a balance between underfitting and overfitting, which is crucial for achieving high accuracy. 

Despite the promising results, the study faced some limitations. The computational cost of KNN increases with 

larger datasets, as the algorithm requires distance calculations for every training instance during prediction. 

Additionally, although the misclassification rate was low, certain edge cases with overlapping features, such as 

similarities in gill or cap characteristics, posed challenges for the model. These limitations suggest the need for 

exploring more advanced algorithms, such as Support Vector Machines (SVM) or ensemble methods like Random 

Forest, to further enhance classification accuracy and scalability. 
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4. Conclusion 

This study explored the application of the K-Nearest Neighbors (KNN) algorithm for the binary classification of 

mushrooms as either edible or poisonous. By utilizing a cleaned and pre-processed version of the UCI Mushroom 

Dataset, the research emphasized the importance of pre-processing steps such as modal imputation, one-hot encoding, 

z-score normalization, and feature selection in enhancing the performance of machine learning models. The dataset 

was split into training and testing subsets, and the KNN model was trained with optimal hyperparameters to achieve 

maximum accuracy. The findings revealed that the KNN model performed exceptionally well, achieving an overall 

accuracy of 99%, with high precision, recall, and F1-scores across both classes. The confusion matrix confirmed that 

the model effectively distinguished between edible and poisonous mushrooms, with only a small number of 

misclassifications. These results highlight the algorithm's robustness and reliability in handling this classification task, 

making it a viable solution for real-world applications in food safety and mushroom identification. 

However, the study also identified certain limitations. The computational cost of KNN increases with larger 

datasets due to the reliance on distance-based calculations, and certain edge cases with overlapping features led to 

minor misclassifications. These challenges suggest opportunities for further research to explore advanced 

classification algorithms, such as Support Vector Machines (SVM) or ensemble approaches like Random Forest, 

which could address scalability and improve classification accuracy. Additionally, incorporating domain knowledge 

into feature engineering may further refine the model's performance. In conclusion, this research demonstrates that 

the KNN algorithm, when combined with robust pre-processing techniques, is highly effective for the binary 

classification of mushroom edibility. The methodology and findings provide a strong foundation for future studies 

aiming to enhance food safety and automate mushroom classification processes. Future research should focus on 

optimizing scalability and exploring alternative algorithms to build even more reliable and efficient classification 

models. 
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