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Abstract. The mushroom classification problem, as a typical binary classification problem, has 
become a widely studied object in the field of machine learning. Traditional mushroom classification 
methods typically rely on manual feature extraction and rule-based criteria establishment, which are 
often susceptible to human factors, resulting in relatively low classification accuracy. With the 
development of machine learning technology, especially the emergence of ensemble learning 
methods, based on various machine learning models, particularly tree-based models, it is possible 
to efficiently distinguish edible mushrooms from poisonous ones. This article focuses on discussing 
the application of eXtreme Gradient Boosting (XGBoost) classifier in mushroom classification. This 
paper compares the performances of different classification models, including Random Forest (RF), 
Gradient Boosting Machine (GBM), and XGB classifier. It demonstrates the advantages of XGB-
based classification methods in mushroom classification, using the Matthews correlation coefficient 
(Matthews Correlation Coefficient, MCC) as the primary evaluation metric. Additionally, we further 
explored in depth the crucial roles of data preprocessing, feature selection, and hyperparameter 
tuning strategies in model optimization, and ultimately determined the best application practices of 
XGB in mushroom classification problems. 
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1. Introduction 

Mushroom classification[1] is a classic binary classification[2] task, aimed at distinguishing edible 
mushrooms from poisonous ones. This task not only has significant academic research value, but also 
extensive practical application significance in the fields of food safety, ecological protection, and 
wilderness survival. Mushrooms have numerous species with complex and variable morphological 
characteristics. Traditional artificial classification methods[3] rely on expert experience or rule-based 
systems, but these methods are often inefficient and prone to errors when dealing with a large number 
of species and complex environments. With the rapid development of machine learning 
technology[4][5], especially with the rise of data-driven approaches, mushroom classification has 
gradually become an important research direction in the field of machine learning. 

1.1 Mushroom Classification: Background and Challenges 

Mushrooms, as a type of fungus widely distributed in nature, have numerous species and complex 
morphological characteristics. According to statistics, the known species of mushrooms worldwide 
exceed 10,000. Among them, there are not only delicious and edible delicacies but also highly toxic 
and deadly dangerous species. Before the widespread application of machine learning technology, 
mushroom classification primarily relied on manual feature extraction and rule-based systems. While 
these methods can address classification issues to some extent, they have limitations that are readily 
apparent.. Dependence on manual feature extraction: Traditional methods require experts to manually 
extract mushroom features, such as color, shape, and odor. This process is not only time-consuming 
and labor-intensive but also prone to omitting important feature information. Limitations of rule 
formulation: Rule-based systems typically rely on classification rules established by experts. These 
rules often struggle to cover all situations when faced with complex mushroom species[6] and diverse 
environments, resulting in suboptimal classification performance. Insufficient generalization ability: 
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Traditional methods exhibit poor generalization performance when faced with new mushroom species 
or unknown environments, and they struggle to adapt to complex and variable real-world scenarios. 

1.2 Application of Machine Learning in Mushroom Classification 

With the rapid development of machine learning technology, especially the emergence of data-
driven methods[7], the mushroom classification problem has been effectively addressed. Machine 
learning methods[8] can effectively overcome the limitations of traditional methods by automatically 
learning features and patterns from large amounts of data. In recent years, tree-based ensemble 
learning methods[9] (such as Random Forest (RF)[10], Gradient Boosting Machine (GBM)[11], and 
eXtreme Gradient Boosting (XGB)[12][13]) have shown outstanding performance in mushroom 
classification tasks. Automatic feature extraction: Machine learning models can automatically extract 
features from data, without relying on manual feature extraction, thus greatly improving classification 
efficiency. Handling complex data: Machine learning methods can handle complex nonlinear data, 
capture the complex relationships between mushroom features, thereby improving classification 
accuracy. Adapting to data imbalance: By introducing appropriate sampling methods or adjusting the 
loss function, machine learning models can effectively address data imbalance issues and improve 
the prediction performance on minority classes. 

2. Related work 

2.1 Tree-Based Classification Algorithms 

Tree models are widely applied in classification problems, particularly suitable for handling 
complex and nonlinear data. Decision Trees (GBDT)[14] and ensemble learning methods (e.g., RF 
and XGB) tend to demonstrate superior performance when handling large-scale datasets. XGB 
classifier is one of the popular machine learning models in recent years. XGB, by integrating multiple 
decision tree models and adopting the gradient boosting method to optimize model performance, has 
been widely applied in various binary classification problems. 

In the mushroom classification task, the XGB classifier has advantages over traditional methods. 
For instance, on the Mushroom dataset [15][16], we compared the performance of XGB with other 
mainstream classification algorithms (such as RF, LGBM, etc.). The results showed that the MCC 
coefficient of XGB was significantly higher than that of other models, particularly when dealing with 
imbalanced data, XGB demonstrated better robustness. XGB employs the Gradient Boosting 
Algorithm for iterative training, capable of capturing the complex relationships in data with high 
precision, thereby providing higher accuracy in classification tasks. 

2.2 Gradient Boosting Machine (LGBM) and Random Forest (RF) 

LGBM, as an algorithm based on gradient boosting decision trees, possesses low memory usage 
and fast training speed, therefore performing exceptionally well on large-scale datasets. In 
comparison with XGB, LGBM employs a different optimization approach, utilizing histogram-based 
computation and the Gradient-based One-Sided Sampling technique, making it more efficient when 
handling large-scale data. However, while LGBM has a high training speed, research indicates that 
XGB may have a slight performance advantage in binary classification tasks with higher feature 
complexity, particularly when addressing imbalanced data issues. 

Random Forest (RF) is a classical ensemble learning method, it constructs multiple decision trees, 
and determines the final classification result through a voting mechanism. RF has strong 
generalization ability and high accuracy, but compared to XGB and LGBM, its training time is longer, 
and it is more dependent on feature selection. Although RF performs well in the mushroom 
classification problem, in some tasks, XGB and LGBM perform better, especially in model tuning 
and feature selection aspects. 
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3. Data preprocessing 

3.1 Data Cleaning 

 
Figure 1: Missing Value Distribution. 

The figure illustrates the distribution of missing values in the mushroom classification dataset, 
which is crucial for data preprocessing and feature engineering. Researchers can improve data quality 
by appropriately handling missing values, thereby constructing a more accurate and reliable 
mushroom classification model. This not only helps improve the accuracy of classification but also 
provides deeper insights into mushroom classification research. 

In the data cleaning phase, processing of missing values is a core task for ensuring data integrity 
and quality. By first calculating the percentage of missing values in each column of the dataset, it is 
possible to quickly identify the features that have missing values. The specific method is to call the 
missing value calculation function on the training set and test set respectively, generating the 
proportion of missing values for each column. Next, filter out the columns with a missing value 
proportion greater than 0 (i.e., features that have missing values), and record the names of these 
columns along with their corresponding missing value percentages. This step aims to identify the 
severe features of missing value issues, for example, columns where the missing value ratio exceeds 
a certain threshold (e.g., 10%). Depending on the specific situation, one can choose to either delete 
or impute missing values for these features. For these features, you can choose to either delete or fill 
in the missing values based on specific circumstances. It is possible to consider deleting features with 
a high proportion of missing values. While for features with a low proportion of missing values, the 
mode, mean, or other statistical methods can be used for filling. This process provided a clear 
direction for subsequent missing value handling. To more reasonably fill in the missing values, we 
also defined a missing value filling function based on the K-nearest neighbor (KNN) [17] algorithm. 
This function accepts a dataset and the number of neighbors as input parameters, with the number of 
neighbors being 5 by default. Within the function, first, perform label encoding on the categorical 
features in the dataset, convert string-type category values to integer encodings so that the KNN 
algorithm can process them. Next, use KNNImputer to perform missing value imputation on the 
encoded data. KNNImputer estimates missing values based on the feature values of the K nearest 
samples, thus preserving the local structural information of the data. After the filling is complete, the 
function restores the integer-encoded categorical features to their original category labels, ensuring 
the readability and consistency of the data. Finally, invoke this function on the training set and test 
set to complete the filling of missing values and return the processed datasets. 
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3.2 Feature engineering 

In the feature engineering phase, understanding the relationships between features and handling 
high-missing-value features are key steps to improve model performance. First, by calling the 
correlation computation function, compute the correlation matrix among features in the dataset. This 
function supports both numerical and categorical features, and can automatically handle the encoding 
issues of categorical features, ensuring the accuracy of correlation calculations. The relevance matrix 
reflects the linear relationship between features, with a range of [-1, 1]. Positive values indicate 
positive correlation, negative values indicate negative correlation, and the larger the absolute value, 
the stronger the correlation. Next, use visualization tools to plot the heatmap of the relevance matrix. 
A heat map displays the intensity of correlations between features through color depth and numerical 
values. Warm colors indicate positive correlations, while cool colors represent negative ones. By heat 
map, strongly correlated feature pairs can be quickly identified, redundant features can be detected, 
and the relationship between features and target variables can be understood. This step provided an 
important basis for subsequent feature selection. To handle features with a high proportion of missing 
values in the dataset, we established a threshold for the missing value proportion (e.g., 95%). By 
calculating the missing value proportion of each column in the dataset, screening out columns with a 
missing value proportion exceeding the threshold. These columns, due to an excessive number of 
missing values, may have no practical significance for model training and prediction, and therefore 
need to be deleted. Next, remove these high-missing-value columns from both the training set and 
test set to ensure that the features retained in the dataset have practical value for the task. This step 
not only reduced the dimensionality of the dataset but also improved the quality of the data, laying a 
solid foundation for subsequent model training and prediction. 

 
Figure 2: relevance matrix 

This figure is a correlation matrix between features in a study on mushroom classification. The 
relevance matrix demonstrates the association of different features with mushroom classification 
(class). By analyzing these correlations, researchers can better understand which characteristics are 
most important for mushroom classification and whether there is any redundant information between 
these characteristics. From the correlation matrix, it can be seen that gill-attachment (manner of gill 
attachment) and gill-spacing (spacing between gills) have a very high correlation (0.71), which 
suggests that these two characteristics may play similar roles in mushroom classification. Similarly, 
the correlation is also high between stem-root and stem-width (0.63), which may indicate that they 
are equally important in classification. Feature redundancy: veil-type (veil-type) with all other 
features is 0, this may indicate that it is an independent feature, or it has a very weak correlation with 
mushroom classification. Impact of classification features: Classification features such as class 
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(mushroom species), cap-shape (cap shape), habitat (habitat type), etc., have a lower correlation with 
other features, which may indicate that they play a unique role in classification. 

4. Dataset 

This study used a public mushroom dataset, which was composed of mushroom data from the UCI 
Machine Learning Repository [20]. This dataset contains multiple features of mushrooms, such as 
color, shape, odor, texture, and brown patches. Each sample is labeled as 'edible' or 'poisonous.' 

4.1 Feature Distribution Visualization 

 
Figure 4 Sunrise Diagram 

This image is a visualization of mushroom cap shape (Cap Shape) and cap color distribution in a 
sunburst chart (Sunburst Chart). A Sunburst Chart is a visualization tool for displaying hierarchical 
data, representing the proportional relationships of data through the size of wedge segments. The 
outer ring represents different categories of cap colors, with colors ranging from purple to yellow, 
each color representing a specific cap color. The legend is on the right, indicating the correspondence 
between color and mushroom cap color categories. The inner circle represents different categories of 
cap shape, such as x (irregular shape), f (flat shape), s (bell-shaped), b (convex shape), etc. Color 
distribution: The yellow portion represents cap color n (unspecified or missing), which occupies the 
largest sector, indicating that cap color unspecified or missing is the most common situation in the 
dataset. Other colors such as purple, blue, green, etc., represent specific cap colors, such as y (yellow), 
w (white), e (gray), etc. Shape distribution: cap shape x (irregular shape) occupied the largest sector 
area, indicating that irregular-shaped caps are the most common in the dataset. Other shapes such as 
f (flat shape), s (bell-shaped), b (convex shape), etc., are also distributed to some extent, but in smaller 
proportions.  
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4.2 Dynamic Relationship Between Cap Shape and Color 

 
Figure 5 Sankey diagram 

This image is a Sankey Chart showing the flow relationship from Cap Shape to Cap Color. A 
Sankey diagram is a special type of flowchart, where the width of the flows is proportional to their 
size. This makes it particularly suitable for showing transfer or relationships between different 
categories. By observing the size and direction of traffic, we can identify which combinations of 
shapes and colors are more common, as well as which pieces of information may be missing or 
unrecorded in the dataset. Left (source): Represents different cap shapes, including C (convex), X 
(irregular), f (flat), S (bell-shaped), and d (unspecified or missing). Right (target): Represents different 
cap colors, including b (blue), n (unspecified or missing), p (pink), (orange). Flow lines: The lines 
connecting the cap shapes on the left and the cap colors on the right represent transitions or 
associations from one shape to one color. The width of the line represents the quantity or proportion 
of such transfers. Traffic label: In the figure, some traffic labels can be seen, such as "2.14K source: 
X target: n", this indicates that the transfer from the shape of the cap X to the color of the cap n is 
approximately 2140 times. Main flow: As can be seen from the figure, the transition from cap shape 
X (irregular shape) to cap color n (unspecified or missing) is very significant, with a quantity of 2.14K. 
This indicates that in the dataset, there are many cases where the color of irregularly shaped caps is 
either missing or unspecified. Other flows: Other cap shape to color flows are relatively few, the lines 
are finer, indicating that the number of transfers from these shapes to colors is relatively small. Color 
distribution: The cap color n (not specified or missing) appears to be the most common target color, 
which may indicate that a large amount of color information is missing in the dataset. 
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4.3 Cap Shape and Color Contingency Table Analysis 

 
Figure 6 Contingency Table 

This image is a crosstab chart (Crosstab Chart), showing the relationship between the cap shape 
(Cap Shape) and cap color (Cap Color) of mushrooms. In the figure, the height of each bar represents 
the number of mushrooms corresponding to cap shape and color combinations (Count). Cap shape: 
The x-axis of the chart represents different cap shapes, including: b (convex), c (flat top), f (flat), o 
(bell-shaped), p (conical), s (spherical), x (irregular), and d (unspecified). Cap color (Cap Color): The 
legend on the right side of the chart indicates different cap colors, including: e (white), g (gray), k 
(yellow), l (pink), n (not specified), o (orange), p (purple), r (red), u (brown), w (cream), y (green), 
and b (blue). Quantity distribution: In the chart, colored bars under each cap shape represent the 
number of mushrooms of different colors under that shape. 

5. Experimental Indicator 

To comprehensively evaluate the model's performance, we employed Matthews correlation 
coefficient (MCC) as the primary evaluation metric. 

5.1 Definition of Matthews correlation coefficient (MCC) 

The Matthews correlation coefficient (MCC) is a measure used to assess the performance of binary 
classification models, with a range of [-1, 1]. MCC = 1: indicates model perfect prediction, all samples 
are correctly classified. MCC = 0: indicates that the model's predictive performance is equivalent to 
random guessing. MCC = -1: indicates that the model's prediction results are completely incorrect, 
and all samples are misclassified. 

The Matthew's correlation coefficient (MCC) comprehensively considers true positives (TP), false 
positives (FP), true negatives (TN), and false negatives (FN), providing a comprehensive reflection 
of the model's classification performance. Where TP: true positives, refers to the number of samples 
that are correctly predicted as positive by the model. FP: false positives, i.e., the number of samples 
that are incorrectly predicted as positive by the model. TN: True negative, the number of samples 
correctly predicted as negative by the model. FN: False Negatives, i.e., the number of samples 
incorrectly predicted as negative by the model. 

The Matthew Correlation Coefficient (MCC) considers all four prediction outcomes (TP, FP, TN, 
FN), and even in the case of imbalanced categories, it still provides a reliable assessment. In 
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comparison, MCC imposes stricter penalties on false positives and false negatives, better reflecting 
the model's overall performance. 

5.2 MCC's Calculation Method 

First, based on the model's prediction results and true labels, construct the confusion matrix and 
calculate the values of TP, FP, TN, and FN. Substitute TP, FP, TN, and FN from the confusion matrix 
into the MCC formula, and calculate the numerator and denominator values. 

Molecule: 
 𝑇𝑃 ൈ 𝑇𝑁 െ 𝐹𝑃 ൈ 𝐹𝑁                                                            (1) 

Denominator: 
 ඥሺሺ𝑇𝑃 ൅ 𝐹𝑃ሻሺ𝑇𝑃 ൅ 𝐹𝑁ሻሺ𝑇𝑁 ൅ 𝐹𝑃ሻሺ𝑇𝑁 ൅ 𝐹𝑁ሻሻ                                  (2) 

Substitute the numerator and denominator values into the formula to obtain the final result of MCC. 
The calculation formula of MCC is as follows:  

𝑀𝐶𝐶 ൌ   ሺ 𝑇𝑃 ൈ 𝑇𝑁 െ 𝐹𝑃 ൈ 𝐹𝑁ሻ/ට൫ሺ𝑇𝑃 ൅ 𝐹𝑃ሻሺ𝑇𝑃 ൅ 𝐹𝑁ሻሺ𝑇𝑁 ൅ 𝐹𝑃ሻሺ𝑇𝑁 ൅ 𝐹𝑁ሻ൯    (3) 

5.3 Application of MCC in Mushroom Classification 

In the mushroom classification task, MCC can effectively evaluate the model's performance when 
distinguishing between edible and poisonous mushrooms. Due to the potential class imbalance issue 
in the mushroom dataset (e.g., fewer samples of poisonous mushrooms), MCC can comprehensively 
consider true positives, false positives, true negatives, and false negatives, thereby providing a more 
comprehensive performance evaluation. By calculating MCC, we can evaluate the overall 
performance of a model. The higher the MCC value, the better the classification effect of the model. 
Analyzing the class imbalance problem: MCC can effectively reflect the model's performance in 
handling minority classes (e.g., poisonous mushrooms). Compare the performance of different 
models: by comparing the MCC values of different models, the optimal classification algorithm can 
be selected. 

6. Experiment Results and Analysis 

In this section, we compared through experimental the performance of XGB, LGBM, and RF 
classification models in the mushroom classification task. 

Table 2 Experimental results 

Model MCC 
Training 

Time(seconds) 
Memory usage 

(MB) 
Prediction Speed (samples per 

second) 

RF[10] 0.93 200 400 8000 

LGBM[11] 0.92 80 250 15000 

XGB[12][13] 0.96 120 350 10000 

6.1 MCC index analysis 

Experimental results show that the XGB classifier performs best in terms of the MCC metric, with 
its MCC value being 0.96, significantly higher than LGBM (0.92) and Random Forest (0.93). This 
result demonstrates the advantage of XGB in handling mushroom classification tasks, particularly in 
capturing complex features and addressing class imbalance issues. The MCC value of XGB is 0.96, 
indicating its high accuracy and stability in predicting edible mushrooms and poisonous mushrooms. 
XGB iteratively optimizes the model through the gradient boosting algorithm, effectively capturing 
nonlinear relationships in data, thus excelling in classification tasks. The MCC value of LGBM is 
0.92, although slightly lower than that of XGB, but it still demonstrates a relatively high classification 
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performance. LGBM employs a histogram-based computation method and gradient unilateral 
sampling technology, enabling it to process large-scale data rapidly; however, it is slightly inadequate 
in handling complex features. The MCC value of RF is 0.93, and its performance is between XGB 
and LGBM. RF, by integrating multiple decision trees, has strong generalization capability, but when 
processing high-dimensional data, its performance is slightly inferior to XGB. 

6.2 Model Performance Comparison 

From the table, it can be seen that XGB shows optimal performance in terms of MCC value and 
prediction speed, but has higher training time and memory usage. LGBM has significant advantages 
in training time and memory usage, making it suitable for handling large-scale datasets. However, its 
MCC value is slightly lower than that of XGB. Random Forest performs well in terms of MCC value, 
but has a long training time and high memory usage. 

7. Conclusion 

In this experiment, we completed a comprehensive mushroom classification task, from data 
loading, cleaning, and preprocessing to model training, evaluation, and result generation. By using 
an XGB classifier, and incorporating the Matthews correlation coefficient (MCC) as the primary 
evaluation metric, we successfully built an efficient mushroom classification model. The 
experimental results demonstrate that XGB performs exceptionally well in the mushroom 
classification task, with an MCC value of 0.95. In the future, model performance can be further 
improved through methods such as addressing class imbalance, analyzing feature importance, 
constructing a confusion matrix, and optimizing hyperparameters. In summary, this experiment has 
provided a reliable solution for mushroom classification tasks and laid the foundation for future 
research and applications. It is hoped that through continuous optimization and improvement, greater 
contributions can be made to food safety, ecological protection, and scientific research. 
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