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Abstract: This research aims to develop a classification model
for edible and poisonous mushrooms by applying the feature
selection approach together with the decision tree technique. Two
feature selection methods were applied, including 1) Chi-square
and 2) Information Gain, while the effectiveness of the model was
compared by three decision tree methods such as Iterative
Dichotomiser3, C4.5 and Random Forest. The data used for
classifying the edible and poisonous mushrooms derived from the
Encyclopedia of Thai mushrooms and the book entitled “Diversity
of Mushrooms and Macrofungi in Thailand”. The results of the
model’s effectiveness evaluation revealed that the model using the
Information Gain technique alongside with the Random Forest
technique provided the most accurate classification outcomes at
94.19%; therefore, this model could be further applied in the
future studies.
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I. INTRODUCTION

Humans have appreciated and consumed mushrooms

throughout the history. Apart from being used as cooking
ingredients, mushrooms aso help the ecosystem by
decomposing plant residues and animal droppings, they are
beneficial to the growth of plants and reduce the amount of
waste created by plants and animals. In general, there are
mushrooms depending on other living organisms or nutrients
from various types of plant roots in the nature; these
mushrooms can be either edible or poisonous [1]. In
Thailand, mushrooms have been consumed for centuries.
Statistically, a number of Thai citizens have died or gotten
sick because of poisonous mushrooms each year.
Nonetheless, mushrooms are a source of food which can be
easily found and is full of nutrients, so it is better to resolve
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the problem by promoting saf e consumption. There should be
public communication on poisonous mushrooms to help the
population differentiate them from edible mushrooms.
Presently, the information about mushrooms available on
most websites focuses on the characteristics of mushrooms
and whether they are poisonous or not, but it still takes time
for the consumers to identify poisonous mushrooms.

Data mining is a popular technique used for analyzing big
data. It is the process of sorting through large data sets to
identify patterns and establish relationships within them.
expert system for diagnosing rice diseases was developed by
applying the C4.5 decision tree technique to create a model
analyzing 16 rice diseases; according to the test results of the
model, the model’s analysis achieved 94.5% accuracy when
compared to the experts’ analysis [2].

To tackle the problem of mushroom consumption based on
the review of literatures, the research team has developed a
model classifying edible and poisonous mushrooms by
applying the feature selection approach and the decision tree
technique. This model is expected to help the users to
differentiate edible mushrooms from poisonous mushrooms
faster.

[I. RELATED WORKS

A. Feature selection

Feature selection [3] is akey procedure in the data mining

process since it is likely to increase the accuracy of a
classification model. There are different feature selection
methods, but they all select the most significant data sets.
These data sets fasten the model synthesization and enhance
the effectiveness of data selection. In this study, two feature
selection methods were selected, including:
» Chi-square(X?):[3] is a feature selection method which
compares the values of the features andX;;derived from the
calculation of the entire data sets in order to find the
significance level of the variables of each feature. The final
value indicates the significance order of the features as
formulated in (2).

x2 =g,y Gkl &)
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WhereXU = i Cj
By whichm refersto the number of dataranges andkrefersto
the number of data samples. To illustrate, ifiis the number of
data samples andj is the class, then:

R; refersthe number of data setsin i range.

C; refersto the number of data setsin j range.

Nrefersto the total number of data sets.

Therefore, X;jisthe expected frequency ofA;;. If the output
has the highest value of X2, it means thatfeatureis the most
significant among the data sets.

= |nformation Gain (1G):is afeature selection method based
on thelnformation theorywhich identifies the feature
variables by ranking the feature variables according to
thelnformationGain value as formulated in (2) [3].

1G(Y,X) = H(Y) — H(Y|X) 2)
Where:
Y indicatesclass.
X indicates features.
H(Y)refersto Entropy of Y.
H(Y|X) refers to Entropy of Ywhen following the condition
ofX.

The caculation of H(Y) is formulated in (3), and the
calculation of H(Y | X)isformulated in (4).
HY)=—Xyerp(¥) logzp () ©)

HY|X)= = YxexP(X) Xyey p(71%) log p (¥|x)  (4)

Where:

p(y)indicatesthe probability ofy.

p(x)indicates the probability of x.

p(y|x)indicatesthe probability of ywhen following the

condition of x.

B. Decisiontree

Decision tree [3],[4] isatree-like classification method. A
tree consists of decision nodes and end nodes. Each decision
node represents a decision to be made, while each branch
represents the final outcome of a decision path and each |eaf
node represents a class label. There are severa decision tree
methods such as:
= |terative Dichotomiser 3 (ID3):is an algorithm used for
creating a decision tree based on the Information Theory by
which the Information Gain value is used for sorting data.
The information value is used to measure the variables for
sorting data. This method constructs the tree structure by
selecting the data set by order or setting the attribute that has
the maximum information gain as the starting data, following
by the attributes with lower information gain value,
respectively. According to the Information Theory, the
information gain value depends on the probability of the data,
asformulated in (5) [3],[4].

Info(D) = =X, p; log:(p) ©)
Where:
p; is the probability of having a data set of Ddatabase in
ClassC; whichisequal to |C; |/ID].
m indicates the total number of different classes in that data
Set.
C; indicates the class at Sequence i by whichi is betweenl
andm.
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|C; p|indicates the number of data sets of D database in
Class C;.

|D| indicates the number of data setsinDdatabase.

Info(D) refers to‘Entropy’ ofD database. The information
gain value, according to the Information Theory, contributes
to the classification as it reduces the number of tests.
Moreover, it also guarantees the simplicity of the decision
tree. Once a feature is selected as the test choice, the
information gain value can be formulated asillustrated in (6)

[3].[4].
k |Dj'x]nfo(Dj) (6)

Info, = j=17p|

Where:

k indicates the probability value of the feature.

|D| indicates the number of data setsin D database.

|D;| indicates the number of data sets inD database that

have A feature valued atj.

The standard gain value used for selecting A feature asatree

node is equal to the difference between the information gain

from Information Theory and the information gain from the

Feature Information Theory. Thisisformulatedin (7) [3],[4].
Gain(A) = Info(D) — Info,(D) @)

= C4.5:[3], [5] is an agorithm used for creating decision

trees, which was developed by Ross Quinlan. It has the same

foundation asthe ID3 agorithm by which the devel opment of

decision trees for classification is based on the Information

Gain principle same as ID3, but it adds the Gain Ratio

criterion to select the root nodes or nodes at different levelsin

the tree, as shown in (8).

Splitinfo(A) = —Zﬁl%lx log, (lll;—jl|> (8)
Where:
k indicates the level of data dispersion.
|D| indicates the number of data setsin D database.
|D;| indicates the number of datasetsinD database that have ]
asthe level of data dispersion of Adata.
The split information value indicates the level of data
dispersion. When dividing the Gain value with it, the gain
ratio standard value will be calculated, as shown in (9).

, , Gain(4)
GainRatio(D) = m 9

The gain ratio standard value is used for resolving the
problem of gain bias by reducing the gain ratio that hasahigh
rate of dispersion.

» Random Forest:is a feature randomization technique. It
randomizes features from various data sets and then use the
randomized features to build a model by using the decision
trees based on the Random Forest technique. This technique
was originally proposed in 1998 by Kam and then devel oped
by Breiman [6]. The features of trees in the Random Forest
are controlled by 3 stages. 1) each tree is trained by the
sub-set of sample data. 2) When the tree grows up, it can find
the nodes from the best branches by randomizing from N
features. 3) Each tree will not be excluded. The trees are |eft
to grow continuously in order to get the best outputs. After
the forest is created, the trees are voted for developing a
model by which the tree receiving the highest number of
votes will be selected asamodel.
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Data mining technique in order to create a model
predicting the chances of readmission of diabetes patients.
The effectiveness of the model was compared by three
techniques, including Decision tree, Naive Bayes and
K-Nearest Neighbors. The findings showed that the model
developed by the decision tree technique had prediction
effectiveness with 85.5% accuracy [7], meaning it could be
used for supporting medical care in the future. Development
of a model for predicting the youth’s internet addiction, and
then compared the model with decision trees crested by J48,
ID3, LMT, CART and Random Forest with 10-fold cross
validation, in order to sort the data into instruction data sets
and test data sets. The evaluation of the model’s prediction
effectiveness demonstrated that the Random Forest technique
could provide better prediction than 348, ID3, LMT and
CART with 87.15% accuracy [8]. A model for predicting
basic diseases in cows was developed by applying the
decision tree technique in order to create an application for
diagnosing basic diseases in cows on smartphones. This was
done by comparing three agorithms, including J48,
RandomTree and REPTree. The findings reveaed that the
RandomTree agorithm provided the most effective
prediction with 99.47% accuracy, showing that the devel oped
application was effective at ahigh level.

I11. RESEARCH METHODOLOGY

Based on the Cross-Industry Standard Process for Data
Mining (CRISP-DM) [9], the research process in this study
consists of 6 stages asillustrated in Figure 1.

A. Business understanding

In Thailand, there are patients and casualties of mushroom
poisoning annually. This trend tends to grow since
mushrooms are a source of food that can be easily found in
the nature and is full of nutrients. Therefore, there should be
the public communication on safe mushroom consumption
and how to identify poisonous mushrooms in order to solve
the problem. At present, the information about poisonous
mushrooms on the existing websites mostly required the
users a lot of time to study in order to be able to identify
poisonous mushrooms. The research team have collected
information about edible and poisonous mushrooms to
analyze the features of poisonous mushrooms and devel oped
a classification model to warn the users to avoid poisonous
mushroom consumption faster and more conveniently.
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1. Business Understanding

Dataset

=

2. Data Understanding

3. Data Preparation

Feature Selection

Chi-square Information Gain
4. Modeling
ID3 C4.5 Random forest
5. Evaluation
6. Deployment

Fig. 1. Theresearch process based on the CRISP-DM
data mining development standards.

B. Data understanding

This research has collected data on edible and poisonous
mushrooms from the Encyclopedia of Thai mushrooms [10]
and the book entitled “Diversity of Mushrooms and
Macrofungi in Thailand [11]” which provided a list of 75
mushrooms show as Figure 2 as well as the features for
classifying edible and poisonous mushrooms show as Tablel.

diavaln e wialan diafiuh @ulild) diatsuuzeds @ulnld
dianngs dandn diaouIng datay @ulld dhaamanszany (Fulald)
diaume winfnuss dinszlam daveuan [@hh dimndalaiia Tulid
diada il diavmimdadon dimarmy @l ot @ululd)
g iy Aandunszima diamayu (WS |denszquden @ulild
dhawiia fiaRnoon diansenizatuiha dinging diulald) fanszqunoandes ciululd)
iadyFu diauasiaa fi ieduzan @ lnld i (Pl
iy aupanaiy dimaziyn (il Mamds Gululd)
diandsun aunsiin diavinglny @Wlld)  |dieRuiatudn @ulid
amenes iannnuaanraty | dadue dndrnonde @lil®  [deiubhaiudot @0
wierhanas iiiaszTanam dianszueamyades  [Weangnln (ulild | dlednandede @ulild
aufoun iinsz Tanmdae inneninilasdodiviy thenendiu diululd) davnatudoooy @yl
i o adnnnfosonsin | Fanonnssiy @R | desitounne @uuld
[ P e @ d diarzlanfiu Al [Fawmifundes Gululd)
diadnnen A o @il damfoarsy (uWlld | dewiueas @b
Fig. 2.List of Thai name of mushrooms.
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Table- I: Featuresused for classifying edible and

poisonous mushrooms _ _ _
Features FeatureVar|ab|es (.azsjzpe Cao-j:\:lfa:e Callp:-chor lel-:-'-tiue Gle?:lm S-::ze Fl:e_jh Vol.va R\Fr-vg Cb?ss
Cap Shapes - round Capt0 =
- ¢ylindrical . B,
- conical . o
- oval 2 i o e
- paraboloid s R
- ovate stis R1
- plane m
- flat = -
- depressed o o
- bellshaped Cags st4 A1
- funnel shaped Cacs 5 . s o
- hemispherical - .
- campanulate stz a1
- umbonate . .
Cap Textures - smooth Fig. 3.Data used for modeling.
- flat sceles
- raised scales .
- velvety D. Modeling
:Eggr‘g'bmus This stage is the development of the model classifying
Cap Colors “white edible and poisonous mushrooms. Before using the data to
- red develop the classification model, the research team had
- pink applied two feature selection methods which were 1)
:Oéalnge Chi-square and 2) Information Gain. After selecting the
yellow . . . .
- green features, the data was used for modeling with three decision
- purple tree techniques, including D3, C4.5 and Random Forest, by
e Weka software in order to discover the most effective model.
Giils :fr':gk E. Evaluation
-attached The model’s effectiveness was evaluated by the 10-fold
) ggf;’]’gt Cross validation approach. Three decision trees were created
Gill Colors Ttransiucent by ID3, C4.5 and Random Forest, respectively. Next, they
-white were compared in order to find the most effective one.
-“?dk Finaly, the most effective decision tree was applied for
:g'rgnge developing the edible and poisonous mushrooms
- yellow classification model.
- green The evaluation applied the accuracy calculation formulaas
e formulated in (10) [5].
- brown Accuracy = S L L — (10)
Stems _none ) gTP+FP+FN+TN) ) ]
—cylindrical The equation above describes the following variables:
- venticose True Positive (TP), True Negative (TN), False Positive (FP),
- atenuated doft and False Negative (FN).
- rooting
Stem Bodies - none
- stuffed IV. EXPERIMENTAL RESULTS
- hollow
Volva none The result of presents the development of the edible and
- topshaped poisonous mushrooms classification model by using the
e :nmoar:g'”ate feature selection and the decision tree techniques. Two
¢ -pendent feature selection methods were applied, which were
- flaring Chi-square and Information Gain, while three decision tree
- g‘e?)tlf“”g techniques were employed, including 1D3, C4.5, and
:ngwgbby Random Forest. The research methodology was conducted
- ring zone based on CRISP-DM. Theresearch findings revealed that the
Class - edible, model developed by Information Gain integrated with
- poisonous

Random Forest achieved the highest accuracy is 94.19%.

C. Datapreparation

After collecting the data on edible and poisonous
mushrooms (Figure 1 and Table I), the research team
analyzed and cross-checked the data. Then, the data was
transformed into .CSV file in order to be loaded in Weka
version 3.8.3 (See Figure 3).
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Fig. 4.Results of the evaluation of the model’s
effectiveness.

After obtaining the most effective decision tree, which was
created by the Information Gain method and the Random
Forest method, the research team applied the decision tree to
develop the prototype model of edible and poisonous
mushrooms classification. At this stage, the most effective
decision tree was applied for developing the edible and
poisonous mushrooms classification model that was available
on Android smartphonesfor Thai user, asillustrated in Figure

3and 4.

&a,
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nsan@ondnusfwuii

oy

Fig. 5.The screen displaying the edible and poisonous
mushr ooms classification system.
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Fig. 6.The screen displaying the classification results.

V. CONCLUSION AND DISCUSTION

This article presents the development of the edible and
poisonous mushrooms classification model by using the
feature selection and the decision tree techniques. Two
feature selection methods were applied, which were
Chi-square and Information Gain, while three decision tree
techniques were employed, including 1D3, C4.5 and Random
Forest. The research methodology was conducted based on
CRISP-DM. The research findings revealed that the model
developed by Information Gain integrated with Random
Forest achieved the highest accuracy (94.19%). After
applying the model to the development of an edible and
poisonous mushrooms classification model, it was found out
that the model worked effectively. This conformsto the study
conducted by Palwisut [8], which introduced the application
of the decision tree technique to the youth’s internet addiction
prediction and compared the effectiveness of several decision
tree techniques such as J48, ID3, LMT, CART and Random
Forest; the research results showed that the Random Forest
technique could provide better prediction than J48, ID3,
LMT and CART.
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