International Journal of Informatics and Communication Technology (1J-1CT)
Vol. 15, No. 1, March 2026, pp. 138~151
ISSN: 2252-8776, DOI: 10.11591/ijict.v15il.pp138-151 a 138

A decision support system for mushroom classification using

Naive Bayesian algorithm

Vilchor G. Perdido!, Thelma D. Palaoag?

!Department of Computer Science, College of Information Technology Education,

Nueva Vizcaya State University, Nueva Vizcaya, Philippines

2College of Information Technology and Computer Science, University of the Cordilleras, Baguio City, Philippines

Article Info

ABSTRACT

Article history:

Received Nov 28, 2024
Revised Jul 29, 2025
Accepted Oct 7, 2025

Keywords:

Area under the curve
Classification model
Cross-validation
Decision support system
KabuTeach

Naive Bayes algorithm

Mushrooms are rich in vitamins and proteins, a well-known superfood,
however, cases of harmful mushroom consumption worldwide result in
hallucinations, illness, or death. A significant challenge is that some
poisonous mushrooms closely resemble edible varieties, making it difficult
for mushroom foragers to distinguish between them. This study introduced
KabuTeach, a decision support system (DSS) designed to classify
mushrooms based on their morphological characteristics using the Naive
Bayes (NB) algorithm. The classification model was applied to a real-world
dataset of 8,124 instances from Kaggle, containing 23 attributes. Evaluation
metrics, including accuracy, recall, precision, specificity, and F1-score, were
used to assess the classifier’s performance. Results indicated that the NB
classification algorithm integrated into KabuTeach achieved a high accuracy
level of 89.13%, using a 70:30 data split and 5-fold cross-validation
approaches. The 0.98 AUC (area under the curve) value further concluded
that the model was excellent in classifying between edible and poisonous
mushrooms. These findings showed that KabuTeach is a reliable
classification tool that aids mushroom foragers in differentiating mushrooms
and promoting safer consumption practices. This innovation in agricultural
technology could potentially reduce health risks by minimizing accidental
ingestion of toxic mushrooms, ultimately contributing to public health
safety.
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1. INTRODUCTION

Mushrooms are increasingly recognized as one of the healthiest foods due to their rich nutritional
content, including calcium, phosphorus, vitamins, and proteins. They offer numerous health benefits, such as
boosting immunity, aiding in weight loss, and combating cancer [1]. Despite their benefits, distinguishing
between edible and poisonous mushrooms remains a significant challenge, as many species resemble one
another, and incorrect identification can lead to severe health consequences [2].

The national poison data system in the United States recorded 133,700 cases of mushroom exposure
between 1999 and 2016, with an additional 6,136 cases reported in 2017 [3]. In Germany, hospital data from
2000 to 2018 documented 4,412 hospitalizations and 22 fatalities caused by the toxic effects of mushroom
consumption [4]. Distinguishing between edible and poisonous mushrooms is challenging and requires
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specialized knowledge. Since most mushrooms are inedible, consuming foraged mushrooms without proper
identification is a serious mistake. The consequences of eating poisonous mushrooms could range from
mild symptoms to death. As mushrooms become increasingly popular as a food source, the difficulty in
visually distinguishing poisonous varieties from edible ones might explain the rising number of poisoning
incidents [5].

The classification of objects is an important area within the field of data mining, and its application
extends to a variety of areas. With advancements in emerging technologies, machine learning (ML) has
become a powerful tool for learning from large, problem-specific training datasets, enabling the automation
of intelligent model building and solving associated tasks [6]. ML has become a pivotal tool in classification
tasks, enabling computers to learn from data and make predictions without explicit programming.
Classification involves predicting categorical outcomes based on input features [7] and is widely used in
image classification, predictive modeling, and data mining domains. For instance, when ML models are
applied to mushroom classification, they could help identify edible and poisonous species based on
morphological features [8]. With these massive collections of mushroom data available, classifying
poisonous or toxic and edible mushrooms is important to address the global issue of mushroom poisoning
[9], especially to the local communities. Several classification algorithms are commonly used in ML, each
with its strengths and weaknesses. These include Bayesian networks, decision tree (DT) induction, K-nearest
neighbor (KNN) classifiers, and support vector machines (SVM) [10], [11]. More advanced techniques like
random forests (RF), extreme gradient boosting (XGBoost), and Naive Bayes (NB) are frequently employed
for their computational efficiency and accuracy in specific tasks [12], [13]. Additionally, with the help of
decision support systems (DSS) and the integration of these various ML algorithms, it provides an interactive
platform to assist users in making informed decisions. A DSS architecture mostly consists of the database (or
knowledge base), the model or algorithm, and the user interface [14].

This study developed a DSS application to classify mushrooms depending on their morphological
features or characteristics. The analysis was based on the end-user’s interaction with the system. Then the
mushroom was classified using the NB classification algorithm, and the results were presented as a final
decision on whether it was an edible or poisonous mushroom. The study also would like to determine the
performance of the system with the selected classifier model applied to a real-world dataset. Common
evaluation measures sometimes referred to as performance metrics, were employed to measure the efficacy
or effectiveness of the classification model.

2. RESEARCH METHOD

This section delves into the mushroom dataset and the methods used for classification. The goal of
this study was the classification if mushrooms were edible or poisonous by integrating a machine-learning
technique. This could be achieved by developing KabuTeach, a DSS that analyzed the input characteristics
and concluded precise decisions that led to mushroom classification. The classification methods were divided
into four stages: i) data source; ii) sampling; iii) mushroom classification; and iv) model performance
evaluation. The general flow of the process is illustrated in the conceptual framework shown in Figure 1.
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Figure 1. The conceptual framework of the study
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The process began with the data preparation. The data source of the system used a mushroom
dataset downloaded from an open-source mushroom repository on the internet. Data profiling and data
cleaning activities are done in the first stage. The first activity is done to analyze the statistical features
including the data size and type of the data. The latter is conducted to avoid data anomalies and irregularities
in decision-making and ensure the reliability of data for more accurate predictive models. Next, the enriched
data is uploaded into the system and split into training and testing datasets. These sample datasets are stored
in a separate table in the database. In the mushroom classification, the training dataset is used to build and
train the ML classification algorithm to come up with a trained model. In addition, a hyperparameter tuning
mechanism is added to reveal whether the model is overfitting or underfitting. This validation model selects
the best model configuration to improve the reliability of the model evaluation (classifier model). Once the
final model is tuned up, then, the KabuTeach with the help of the classifier model learns some kind of
patterns from the training dataset and applies them to the test dataset to build a decision in predicting or
classifying whether an instance of the test data is edible or a poisonous mushroom. Performance metrics such
as the confusion matrix, accuracy, precision, recall, specificity, and F1-score, including the area under curve
(AUC) receiver operating characteristics (ROC) score are presented through a visualization page of the
developed system.

2.1. Data source

The dataset used in this study was collected from the UC irvine machine learning (UCI ML)
repository through the Kaggle web portal, a popular online platform for data scientists and ML experts or
professionals [15]. This dataset was donated to UCI ML by Jeffrey Schlimmer on April 27, 1987, including
descriptions of hypothetical samples corresponding to 23 species of gilled mushrooms in the Agaricus and
Lepiota Family of mushrooms [16], [17].

Data preprocessing: morphological features are extracted and used in the training. These
morphological features (attributes) as summarized in Table 1 were used in the classification of mushrooms.
Data pre-processing involves preparing the data for the ML model. This data mining technique is used to
convert raw data into a more interpretable and structured format intended for use as training data before the
mining process [18], [19]. This study employed two data pre-processing stages. Data profiling was the first
stage which was done by examining and analyzing instances of the collected mushroom dataset to collect
statistics about its data content. There were 22 attributes that represented the morphological characteristics of
the mushroom used as the basis for designing the classifier module of the DSS.

Table 1. Attributes of mushroom description in the dataset

No Attribute Description and values

1  capshape b=bell, c=conical, x=convex, f=flat, k=knobbed, s=sunken

2 capsurface f=fibrous, g=grooves, y=scaly, s=smooth

3 capcolor n=brown, b=buff, c=cinnamon, g=gray, r=green, p=pink, u=purple, e=red, w=white,
y=yellow

4 bruises t=bruises, f=no

5 odor a=almond, I=anise, c=creosote, y=fishy, f=foul, m=musty, n=none, p=pungent, s=spicy

6  gill attachment a=attached, d=descending, f=free, n=notched

7 gill spacing c=close, w=crowded, d=distant

8  qillsize b=broad, n=narrow

9  gill color k=black, n=brown, b=buff, h=chocolate, g=gray, r=green, o=orange, p=pink, u=purple,
e=red, w=white, y=yellow

10  stalk shape e=enlarging, t=tapering

11 stalkroot b=bulbous, c=club, u=cup, e=equal, z=rhizomorphs, r=rooted, ?=missing

12  stalk surface abovering  f=fibrous, y=scaly, k=silky, s=smooth

13  stalk surface below ring  f=fibrous, y=scaly, k=silky, s=smooth

14  stalk color above ring n=brown, b=buff, c=cinnamon, g=gray, o=orange, p=pink, e=red, w=white, y=yellow

15  stalk color below ring n=brown, b=buff, c=cinnamon, g=gray, o=orange, p=pink, e=red, w=white, y=yellow

16 veil type p=partial, u=universal

17 veil color n=brown, o=orange, w=white, y=yellow

18  ring number n=none, o=one, t=two

19  ring type c=cobwebby, e= evanescent, f=flaring, I=large, n=none, p=pendant, s=sheathing, z=zone

20  spore print color k=black, n=brown, b=buff, h=chocolate, g=green, o=orange, u=purple, w=white, y=yellow

21 population a=abundant, c=clustered, n=numerous, s=scattered, v=several, y=solitary

22 habitat g=grasses, I=leaves, m=meadows, p=paths, u=urban, w=waste, d=woods

23 class This is the target variable that must predict or forecast; a value of ‘e’ denotes a mushroom is

edible whereas a value of ‘p” indicates a poisonous mushroom.
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The attribute class was used by the NB algorithm to compute the probability and predict an instance
(mushroom) whether it was an edible or poisonous class. Each attribute or character had values to select, and
values were coded or represented by texts. The gill color attribute had the highest number of values with 12
values while bruises, gill size, stalk shape, veil type, and ring number attributes consist of two values. Data
cleansing was the second stage and was conducted using Python libraries. This was done to prevent data
anomalies by eliminating or removing missing (null) values and duplicated features in the mushroom dataset
[20], [21]. Data transformation (categorical to numerical or vice versa) was no longer performed in this stage
since values of the instances in the dataset were in categorical form. The NB algorithm is a classifier that was
mostly applied in text classification, so performed well with categorical input variables compared to
numerical values [22].

2.2. Sampling

The effectiveness of ML models could be tested using cross-validation (CV) techniques. This could
be performed by splitting the whole data into training and testing datasets [23]. To get reliable findings from
all of the data, the accuracy of each K-model’s results is then averaged. The purpose of K-fold CV was to
remove bias from the data. In this paper, a 5-fold CV method with a 70:30 balance ratio for training and
testing was applied where the whole data was divided into five (5) folds and repeated five (5) times.

2.3. Mushroom classification using the Naive Bayesian algorithm

There was no “best” ML algorithm and usually critical and difficult to choose, however, the correct
selection was necessary [24]. Finding a suitable algorithm depends on the type of problem to solve [25] and
on many factors such as the size, quality, and type or nature of datasets [26]. The NB algorithm was chosen
as the classification model for several reasons. First, since the main objective of this study was to develop a
DSS in training a model for prediction, therefore a supervised learning type of ML algorithm was needed.
Second, the publicly available mushroom dataset contained 22 attributes (independent variable) which were
used to classify a target variable (class) whether edible (‘e’) or poisonous (‘p’) category, thus a classification
technique was necessary. In addition, datasets that had many attributes could be handled by the NB algorithm
[16]. Third, instances (rows) in the dataset were organized by specific morphological features or attributes as
shown in Table 1, each with categorical values (text) representing the physical characteristics of mushrooms.
The NB algorithm was commonly applied in various applications which was often highly applied in text
classification, spam filtering, sentiment analysis, medical diagnosis, and recommender systems. Lastly, with
over 8,000 rows of data found in the dataset, this algorithm was known for its simplicity, efficiency, and
effectiveness with high accuracy and speed in handling large datasets [17], [20].

Model training and decision building: the NB model was not only simple but also easy to build. This
classification algorithm operated on the principle of conditional independence, meaning it assumed that the
value of each attribute within a specific class did not depend on the values of other attributes [27].
Implementing the NB algorithm to the DSS system involved several key steps that ensured accurate model
training and effective classification:

1) Load the mushroom dataset for data profiling and cleaning.
2) Divide or split the dataset into two: training and testing subsets.
3) Apply the classification algorithm to train the training subsets.
4) Tune up the trained model using a validation technique to come up with a final model.
5) The final (classier) model classifies mushrooms using the following procedures:
a. Calculate the prior probability for each class (‘e’ or ‘p”) by finding the proportion of each target class
in the training data.
b. For each feature in the dataset, determine the probability (likelihood) of each possible value occurring
within each class.
c. For anew instance, calculate the posterior probability using the formula in (1) derived from Bayes’
Theorem.

P(B|A). P(A
P(4|B) = Z2LEED 1)

The formula of NB classification with multiple features X;, X,, X5, ... X;, could be extended in (2).

Likelihood Class Prior Probability \

P(Xy |Class). P(X |Class) . P(X3 |Class)...P(Xy |Class) . P(Class) (2)
P(X1,X2,X3,..Xn)

P(ClaSS | Xl,Xz,X3, Xn) =

v

Posterior Probability Predictor Prior Probability
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where, P(Class|X;,X,, X5, ... X,) was the posterior probability of a mushroom being in a specific
class (either ‘e’ for ‘edible® or ‘p’ for poisonous) given the features X;,X,, X3, ...Xn,
P(X,|Class), P(X,|Class), P(X5|Class) ...P(X,|Class) were the conditional probabilities
(likelihood) of how likely it was to observe each feature (mushroom attributes) if the mushroom
belongs to that class, P(Class) was the prior probability of the class, representing the likelihood of a
mushroom being in that class (‘¢ or ‘p’) without considering any features, and
P(X,|Class), P(X,|Class), P(X5|Class) ... P(X,,|Class) was the total probability of observing the
features XX, X,, X3, ... X, across all classes.
6) Test the testing subsets into the classier model. The classification outcome (‘edible’ or ‘poisonous’) was
determined by the class with the highest posterior probability.

2.4. Performance measures and evaluation

The final accuracy of the model was assessed through a confusion matrix (error matrix). Typically,
the performance of classification algorithms was evaluated based on their overall results on the test dataset
[17], [28]. In this case, the number of edible and poisonous mushrooms that were correctly and incorrectly
classified by the classifier could be summarized and generated through a confusion matrix. Table 2 shows the
confusion matrix, a tabular representation that illustrates the performance of an algorithm or model in
classification tasks.

Table 2. Visualization of the confusion matrix
Classification Value predictions
Edible Poisonous
Actual value Edible True positive (TP)  False negative (FN)
Poisonous  False positive (FP)  True negative (TN)

Based on the data shown in the confusion matrix, there were common evaluation metrics that could
be used to measure the performance of the NB algorithm specifically to its accuracy, indicating the precision
or correctness in classifying edible or poisonous mushrooms from the given dataset. Accuracy was computed
using the formula in (3).

(TP+TN)

Accuracy = ————
y (TP+TN+FP+FN)

x 100% (3)

Other metrics were also applied in this study. Precision could be computed in (4), recall was calculated in (5),
and Specificity could be solved using the formula in (6).

Precision = (TE’T+P13P) x100% 4)
Recall = mﬁi—?m x 100% (5)
Specificity = % x100% (6)

On the other hand, the F1-score was the harmonic mean of precision and recall which can be computed using
the formula in (7).

(Precision x Recall)

F1— Score= 2x x 100% (7)

(Precision + Recall)

The performance of the model was further evaluated using the ROC curve and the AUC metrics,
which were most used in ML to evaluate the effectiveness of a two-class classification model [29]. The ROC
curve was created by plotting the true positive rate (TPR), also known as recall/sensitivity, against the false
positive rate (FPR) at different threshold levels, while the AUC score was a single scalar value that gave an
overall indication of how accurate the classifier can differentiate between classes [30].

The AUC score could be computed using the trapezoidal rule [31] after generating the ROC curve
because the AUC represented the area beneath the curve [32]. The area of the trapezoid was calculated for
each adjacent pair of points (FPR;, TPR;) and (FPR;,,, TPR;,,) using the formula shown in (8). To get the
total AUC score, sum the area of each trapezoid across all adjacent points.
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FPRi41— FPR;) X (TPR;41+ TPR;
Areal — ( i+1 l) ( i+1 l) (8)

2

Where, (FPR;,; — FPR;) represented the difference in FPR between two consecutive points, (TPR;;; +
TPR;) represented the difference in FPR between two consecutive points, 1/2 averages the combined height
of the trapezoid to account for the formula for the area of a trapezoid, Area; denoted the calculated AUC for
the interval between the i-th and (i 4+ 1)-th points.

In ML, the AUC score for a ROC curve was typically evaluated on a scale from 0 to 1 [31], [33],
with different ranges often interpreted using a Likert-style rating as shown in Table 3. A score just above 0.5
showed the model has minimal predictive power, which was usually insufficient for practical applications.
Generally, an ROC AUC score over 0.8 was regarded as good, and above 0.9 was considered excellent.
This rating system was used to interpret AUC values to evaluate classifier effectiveness across different
probability thresholds.

Table 3. AUC-ROC performance measurement

AUC range Rating Description

0.90 - 1.00 Excellent Outstanding discrimination between classes.

0.80-0.90 Good Strong classifier, reliable for most applications.

0.70-0.79 Fair Moderate discrimination, useful in many scenarios.

0.60 - 0.69 Poor Weak classifier; some improvement might be necessary.

0.50 - 0.59 Very poor Barely better than random; generally unacceptable.
<0.50 No discrimination ~ The model performs no better than random chance.

3. RESULTS AND DISCUSSION

This study primarily focused on the development of a DSS highlighting the potential of an
embedded algorithm for the precise classification task. The DSS is a web application designed for mushroom
pickers or foragers, allowing them to interact with the system by selecting predefined morphological
characteristics. The system then automatically classifies the mushroom as either edible or poisonous. Several
studies have utilized DSS for mushroom classification; however, most of these were designed and deployed
as mobile applications using image processing [34]-[37], while others were purely comparisons of
algorithms with no actual application development [38]-[41]. The study followed the common components
involved in building a DSS, which include data selection, the designing of user interfaces, and the training of
the model and testing of its performance. The present study explains the results of these components, as it is
detailed in the following three sub-sections.

3.1. Data preparation and preprocessing

A raw data of mushrooms obtained from Kaggle [17], an online data source, was used as the dataset
of this study. This raw data is originally stored in a comma-separated values (CSV) file and 374 KB of file
size. This study utilized Python to create a dataset from the raw data commanded in the Jupyter Notebook. It
had a total number of 8,124 data samples [42], [43] with 23 columns as shown in Figure 2. These columns
were the 22 morphological characters (attributes) of mushrooms [8], [16], [18] which were important to
classify one (1) target feature (class), either an edible (‘e’) or a poisonous (‘p’) type of mushroom. It was
found that there were 4,208 (51%) instances belonging to the edible category while a total number of 3,916
(49%) instances were included in the poisonous category as shown in Figure 3.
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Figure 3. Count of the edible and poisonous classes

Additionally, see Figure 4, the data type of these columns was found objects as shown in
Figure 4(a), where values contained texts, thus the expected type of data for each instance (row) of the
dataset was in categorical form. As mentioned, the NB algorithm was highly applied in text classification. In
data cleaning, identifying missing was necessary in this study prior to the training and testing of the
classification algorithm. By using built-in functions in Python, it found out that there were no null values
shown in Figure 4(b), thus the dataset had good data quality.

13 stalk-surface-below-ring 8124 non-null object
14 stalk-color-above-ring 8124 non-null  object
15 stalk-color-below-ring 8124 non-null object
16 wveil-type 8124 non-null  object

stalk-color-below-ring
veil-type
veil-color

df.info() df.isnull().sum()
<class ‘pandas.core.frame.DataFrame’>
Rangelndex: 8124 entries, @ to 8123 class a
Data columns (total 23 columns): cap-shape a
#  Column Non-Null Count Dtype cap-surface )
[} class 8124 non-null object cap:color @
1 cap-shape 8124 non-null object bruises @
2 cap-surface 8124 non-null  object odor @
3 cap-color 8124 non-null  object gill-attachment 2]
4 bruises 8124 non-null object gill-spacing ]
5  odor 8124 non-null  object gill-size %]
3 g%ﬁ-atta?hment :ﬁ: nun-nuﬂ uzj:ec: gill-color 8
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9 gill-color 8124 non-null  object stalk-root 8
18 stalk-shape 8124 non-null  object stalk-surface-above-ring @
11 stalk-root 8124 non-null  object stalk-surface-below-ring =]
12 stalk-surface-above-ring 8124 non-null object stalk-color-above-ring a
e
e
a
17 veil-color 8124 non-null  object ring-number 8
18 ring-number 8124 non-null  object ring-type =]
19 ring-type 8124 non-null  object spore-print-color @
26 spore-print-color 8124 non-null object population %)
21 population 8124 non-null  object habitat @
22 habitat 8124 non-null object

dtypes: object(23) dtype: int64

(@) (b)

Figure 4. The extracted mushroom variables from the dataset to be used in classification consist of
(a) object data types and (b) non-null values

3.2. The DSS for mushroom classification using Naive Bayes algorithm

The developed DSS was known as KabuTeach, designed to differentiate or classify a mushroom,
either edible (eatable) or poisonous (toxic) based on its morphological features as the inputs. The
functionalities were mainly developed using Laravel 11, an open-source PHP framework, while user
interfaces were generally designed in Bootstrap 5. The MariaDB database was used to store the datasets used
during the training and testing of the NB classification algorithm.

The classifier module of the system was used by the forages (mushroom pickers) to test the
classification of a collected and characterized mushroom. All morphological characters were encoded by
carefully selecting values in the combo boxes. After selecting all the necessary characters, the system
matched these characters with all the instances (records) from the historical dataset in the database. If none of
the examples matches, then the NB classification algorithm classifies them in Figure 5, as edible (see
Figure 5(a)) or poisonous (see Figure 5(b)), depending on which category has the highest posterior
probability, and stores them in the test data set in the database.
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Figure 5. The classification of mushrooms using the Bayes’ Theorem integrated into the classifier module of
KabuTeach predicts two classes (a) edible and (b) poisonous

3.3. Performance results

To measure the efficacy of the performance of the NB classification algorithm (model), KabuTeach
provided a module where it could train and test the model. The splitting of data into two datasets and K-fold
cross-validation approaches were applied in this study. This study applied the 70:30 ratio [43] random
splitting mechanism, where 70% (5,686) of the data were used in training the NB classification model. The
remaining 30% (2,438) were employed to test or evaluate its performance on the trained model. The
evaluation metrics were derived from the resulting confusion matrix of the testing data fed to the algorithm
shown in Figure 6 generated by the KabuTeach system.

Predicted Edible Predicted Poisonous

Actual Edible 1245 (D) 2 (FN)

Actual Poisonous (FP) m (TN)

Figure 6. The confusion matrix

From this confusion matrix, the actual number of edible mushrooms is 1,274, while the number of
poisonous mushrooms was 1,164, both stored in the testing dataset. In this figure, the NB classification
model correctly classified 97.72% (TP) of the edible mushrooms, with 2.28% (FN) classified incorrectly. On
the other hand, 77.66% (TN) of the poisonous mushrooms were correctly identified. However, it
misclassified 22.34% (FP) as edible, which is a significant number given the risk of consuming poisonous
mushrooms. With these figures indicated from the confusion matrix, the NB classifier performed well with
edible mushrooms but struggled with poisonous ones, which could lead to potential health risks. While the
TP rate for edible mushrooms is promising, the FP rate for poisonous mushrooms highlights a risk area that
needs improvement. This study suggests that the model could improve the model’s accuracy, especially for
identifying poisonous mushrooms, which could involve refining features, gathering more data, or exploring
other classification models.

Moreover, the overall model’s Accuracy rate derived from the confusion matrix and computed using
the formula in (9).

(1245 + 904)

(1245 + 904 + 260 + 29)

Accuracy = % x 100 = 88.15

Accuracy = 0.8814602132895816 x 100 = 88.15% (rounded to two decimal places) 9)

x 100

Accuracy =
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Based on this computation, the model yielded a high accuracy rate of 88.15% correct classification.
This indicated that the classifier performed effectively and reliably in distinguishing between edible and
poisonous mushrooms. This level of accuracy implied that the model served its intended purpose and was
good enough to be used in real-world applications, following the evaluation standards in Table 3 applied in
the study of Cruz [27].

On the other hand, the accuracy of the NB classification model in classifying mushrooms was
enhanced with the integration of the 5-fold CV technique. The result obtained an 89.13% high accuracy rate.
Several studies have used the NB classification model in mushroom classification [16], [18], [44], which
closely resembles the accuracy rate achieved in this study, good enough to be applied in classifying the types
of poisonous and edible mushrooms. The results obtained from the cross-validation accuracy and the testing
accuracy implied that the model performed consistently across different subsets of the data and was well-
suited for practical applications. Other metrics, such as precision, recall, specificity, F1-score, [44], [45] and
K-fold cross-validation, were automatically computed by KabuTeach, as shown in Figure 7.

TEST ACCURACY PRECISION RECALL
88.15% 82.72% 97.72%
SPECIFICITY F1SCORE K-FOLD CROSS-VALIDATION

Figure 7. The performance metrics of the NB classification model

In terms of precision, the model correctly identified 82.72% edible mushrooms as shown in (10)
when it predicted a mushroom to be edible. A lower precision indicated some FP (poisonous mushrooms
classified as edible), which could be risky.

.. 1245
Precision,gipie = m x 100
Precision.gipie = (1245 %100 = (0.8272425249169435 x 100) = 82.72% (rounded to two
(1505)
decimal places) (10)

On the other hand, a high precision of 96.89% computed in (11) for poisonous mushrooms meant
that the model was generally accurate when it predicted a mushroom as poisonous. This high precision
reduced the likelihood of edible mushrooms being falsely classified as poisonous, which was generally
preferable. This result implies that the higher precision for poisonous mushrooms suggested that the classifier
was conservative, prioritizing safety by leaning towards classifying mushrooms as poisonous unless it was
highly confident. This was a beneficial trait for health-sensitive applications, as it minimized the chance of
poisonous mushrooms being misclassified as edible.

(904)

Precision,oisonous = 01+ 29 x 10
Precision,gisonous = % x 100 0.9689174705251876 x 100 = 96.89% (rounded to two
decimal places) (11)

The recall result computed in (12) was very high with 97.72%, indicating that nearly all edible
mushrooms were correctly identified by the model. This reduced the chance of edible mushrooms being
misclassified as poisonous, which helped foragers avoid mistakenly discarding safe mushrooms.

(1245)

Recall = ————— x 100

(1245 + 29)
Recall = % x 100 = (0.9772370486656201) x 100 = 97.72% (rounded to two decimal
places) (12)
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Specificity, or the true negative rate (TNR) computed in (13), indicates that the classifier correctly
identifies poisonous mushrooms 77.66% of the time. This is a significant metric because it reflects the
model’s effectiveness in rejecting dangerous mushrooms. While the result is moderately high, enhancing
specificity could further ensure user safety by minimizing the number of poisonous mushrooms classified as
edible.

e e (904)
Specificity = (904 + 260) x 100
Specificity = ((191023) x 100 = (0.7766323024054983 x 100) = 77.66% (rounded to two
decimal places) (13)

The F1-score calculated using the formula in (14), which was the harmonic mean of recall and
precision yielded 89.60%, highlighted that both metrics performed well and were balanced in the model’s
classifications. This further explained that high recall was particularly critical because misclassifying a
poisonous mushroom as edible could result in serious health risks. The high recall (97.7%) indicates that the
model could minimize such risks. On the other hand, precision (82.7%) was good but could be improved to
ensure fewer edible mushrooms were incorrectly classified as poisonous.

(82.72 x 97.72)

(8272 + 97.72)) x 100

s _(2 (8083.3984)) 100
core= (2x (180.44) X

F1— Score = (2 x44.79826202615828 ) x 100
F1— Score = (89.59652405231656 ) x 100 = 89.60% (rounded to two decimal places) (14)

F1 — Score = (Zx

To further determine the degree of performance or effectiveness of the NB algorithm, KabuTeach
plotted a chart of the ROC curve applied to the test data showing the TPR in the y-axis against the FPR in the
x-axis for the different thresholds as shown in Figure 8. This helped the ability of the algorithm to
differentiate between edible and poisonous classes in the dataset.

From this ROC curve presented, the AUC [46]-[48] was summarized, computed using the
Trapezoidal rule, and obtained a score of 0.98. The effectiveness of a model using this metric was measured
from 0 to 1. A higher AUC score (close to 1) indicated better model performance, like the study of [49]
which all the four models used exhibited a high AUC score of above 0.90. In this study, with the AUC value
computed, it clearly showed that the NB classification model was “excellent” in classifying between edible
and poisonous mushrooms as indicated in Table 3. Furthermore, the achieved AUC score means that there is
a very high probability (98%) that the NB classification model correctly distinguishes a randomly chosen
edible mushroom and a randomly chosen poisonous one. Given this high AUC score, this study strongly
agrees with the model’s ability to correctly classify mushrooms. However, the present study still suggests
further validation and potential improvements for even greater reliability, especially in real-world
applications.

ROC Curve

> B8 & & o A AP & P \_Lx_.i\w-. PP P _:_.\\,‘)‘_ R R S :"a\"'l' P v:_, & /\_ﬁ\,} __g\?\\f‘\‘“? > .:"?\V\i\"? @ o

False Positive Rale

Figure 8. The testing data plotted in the ROC curve
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To sum up, this study implemented the NB algorithm with a 70:30 data split and 5-fold cross-
validation mechanisms. With all the results presented through the confusion matrix, the mushroom classification
model demonstrates a strong performance with high recall, precision, and an excellent AUC score. Moreover,
the model is particularly effective at identifying edible mushrooms, as indicated by the high recall rate.
However, it is suggested that there is a need to enhance the specificity to reduce the risk of misclassifying
poisonous mushrooms and help achieve a more balanced and reliable mushroom classification model.

4. CONCLUSION

This paper presented a DSS designed using the Laravel 11 framework to classify mushrooms as
edible or poisonous based on their physical characteristics. The system achieved a high testing accuracy of
88.15%, which improved to 89.13% with 5-fold CV. The developed DSS, named KabuTeach, effectively
utilized the NB algorithm to distinguish between edible and poisonous mushrooms. With a recall rate of
97.72%, the model accurately identified almost all edible mushrooms, reducing the risk of discarding safe
ones. Furthermore, its high precision of 82.72% for poisonous mushrooms highlighted its safety-oriented
approach, minimizing the likelihood of misclassifying toxic mushrooms as edible. The balanced F1-score of
89.60% and an AUC value of 0.90 confirmed the model’s excellence in classification tasks.

The development of KabuTeach promoted innovation in agricultural technology and food safety.
The study concluded that the NB classifier is a highly effective model for mushroom classification,
particularly when safety is prioritized. The DSS proved to be a practical tool for mushroom foragers and
could be extended to other applications requiring categorical data classification. KabuTeach enhanced safe
access to edible mushrooms, ensuring people could safely forage for mushrooms to reduce hunger and
malnutrition, especially in rural and low-income communities where wild mushrooms are an accessible and
sustainable food option. Additionally, KabuTeach is a reliable classification system that could reduce health
risks associated with mushroom poisoning and minimize the likelihood of accidental consumption of toxic
mushrooms, which could cause illness or death.

While the results are promising, future work could focus on improving the model’s specificity and
further reducing the misclassification of poisonous mushrooms as edible for enhanced safety. To enhance the
model, particularly in terms of specificity, it is recommended to balance the dataset to ensure an equal
representation of edible and poisonous mushrooms. Additionally, exploring new features or transformations
through feature engineering could help the model better distinguish between the two categories.
Experimenting with different hyperparameters or algorithms might also improve performance. Implementing
ensemble methods, such as RF or gradient boosting, can combine the strengths of multiple models for better
results. Finally, applying regularization techniques will help prevent overfitting, ensuring the model
generalizes well to new data. These steps will contribute to a more accurate and reliable mushroom
classification model. Incorporating other classification models and techniques to compare performance using
different evaluation metrics could yield the best results.
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