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ARTICLE INFO ABSTRACT

Machine learning has experienced notable advancements in recent times.
Furthermore, this field facilitates the automation of human evaluation and
processing, leading to a reduced demand for manual labor. This research
paper employs data mining techniques and Knowledge Discovery in
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Accepted 4 April 2023 Databases (KDD) to conduct an evaluation and classification of various
X 4 algorithms for pattern extraction and soil suitability prediction. The study
eyworas: utilizes experimental data, data transformation, and pattern extraction

Data mining

Machine learning algorithms
Pattern extraction

Soil-crop suitability

techniques on diverse soil samples obtained from different regions of Negros
Occidental, Philippines. Specifically, the Naive Bayes, Deep Learning, Decision
Tree, and Random Forest algorithms are selected for the classification and
prediction of soil suitability based on the available datasets. The assessment
of soil-crop suitability is based on data sourced from the Philippine Rice
Research Institute, considering 14 parameters including inherent fertility,
soil pH, organic matter, phosphorus, potassium, nutrient retention (CEC),
base saturation, salinity hazard, water retention, drainage, permeability,
stoniness, root depth, and erosion. The findings indicate that the Random
Forest algorithm achieved the highest accuracy rate at 94.6% and the lowest
classification error rate at 5.4%, suggesting a high level of confidence in the
model's predictions. The model's predictions reveal that most soil samples in
the area are only marginally suitable for banana, maize, and papaya crops.
Furthermore, the study demonstrates that the majority of soil samples have a
low fertility rating, which significantly impacts crop suitability. The
information obtained from this study can serve as a basis for local farmers to
develop improved soil management programs aimed at ensuring more
productive soil. Simultaneously, it can contribute to active soil protection
initiatives addressing issues such as acidity and salinity in Negros Occidental,
Philippines.

© 2023 The Authors. Published by IASE. This is an open access article under the CC
BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction improvement (Bhimanpallewar and Narasingarao,
2022). The origin, features, and significance of the

Crop suitability indices are innovative soil in relation to crop growth are known through
management techniques that can be used to pinpoint the classification of soil and crop suitability. The
the best agricultural production regions at the farm, main elements considered when determining
tribal, or regional levels. They are a crucial step in whether a plot of land is suitable for growing crops
achieving sustainable intensification (Smith et al., include the land-use-land-cover (LULC), TW],
2022). For many farmers, in particular, soil-crop altitude, level, precipitation, soil properties,
suitability is a requirement for agricultural landform, groundwater, and land surface
temperature (Ramu et al,, 2022).

Problems related to organic matter, salinization,
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Arafat, 2020). On the other hand, Machine Learning
is a computer science field where new developments
have recently been developed, which also helps to
automate assessment and processing carried out by
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mankind so that human manual power is reduced.
Artificial intelligence (AI) known as machine
learning enables computers to learn without being
explicitly programmed (Martis et al., 2022). In this
paper, the researchers aim to utilize the Knowledge
Discovery in Database (KDD) to perform an
evaluation and classification of the different
algorithms for pattern extraction and prediction of
soil suitability. Knowledge discovery in databases
(KDD) is the method of acquiring knowledge from a
collection of data. This popular data mining
technique is a procedure that includes data selection,
cleansing, and incorporation prior knowledge of data
sets and accurate interpretation solutions based on
the measured outcome (Hlaing and Thaw, 2019).

This paper also employs experimental data, data
transformation, and pattern extraction techniques
on varied soil samples from different parts of Negros
Occidental, Philippines. The Naive Bayes, Deep
Learning, Decision Tree, and Random Forest are the
chosen algorithms that will derive new data sets.
With the derived data sets and model prediction
framework, this study would be a great benefit to
farmers to plant crops that are suitable for soil
qualities in their areas.

2. Related works

According to Agarwal and Tarar (2021), plant
weeds are defined as plant species that are present
at the incorrect time and location. Selecting a crop
that is not suitable for a particular type of location is
one of the causes of low crop yield production. Since
the sample dataset includes growth information, it
will assist in deciding on the best type of soil for
seeds. The extracted features are compared to the
characteristics of the sample dataset. In this
approach, prediction is only made following the
expansion of results in a decline in the crop's growth
quality. The seeds are categorized by a machine
algorithm based on their growth and forecasting of

accomplishes this by comparing the characteristics
of newly harvested seeds to those of sample seeds
and forecasting the development of illnesses in the
crop.

Meanwhile, John et al. (2020) utilized AI
algorithms will lessen the farmers' difficulties in
obtaining losses in their farms as a result of their
ignorance of how and what plants to grow in
different types of soil and climates. The algorithm
identifies the perfect crops that should be planted on
the least expensive land out of all the crops that are
currently available after looking at the prediction
parameters.

The study of Kalichkin et al. (2021) showed that
when building the models, decision trees were
developed using varied techniques to forecast the
spring wheat output based on qualitative
characteristics. The manner of soil cultivation, the
placement of the crop following steam, and agro
meteorological resources were among the
qualitative data that were taken into account; like
the sum of active air, temperature, and precipitation.
The system's generality and adaptability to various
natural and agricultural situations, the fewest
possible input parameters (public data) were used.

The study of Rahman et al. (2018) led to the
creation of a model for forecasting soil series and
offering acceptable crop yield suggestions for a
certain type of soil. They discovered that SVM was
94.95% accurate and can provide the best level of
soil categorization among other predicting models.

3. Methodology

To perform the evaluation and classification of
the different algorithms for pattern extraction and
prediction of the soil suitability results the
researchers used the Knowledge Discovery in
Database (KDD) methodology. Fig. 1 shows the step-
by-step process in KDD.

agricultural diseases. Training the dataset
Data Mining Tool e.g. RapidMiner
A —
— —~
Data Mining
OA < =
£ Vi QA
Data Selected Data Transformed Data Patterns Knowledge

Fig. 1: Knowledge discovery in databases process

3.1. Experimental data

The dataset used in this study was obtained from
the Philippine Rice Research Institute and soil data
from local agriculture office of the different cities
and municipalities which consists of soil fertility
indicators and physical soil qualities from eighteen
(18) different places in Negros Occidental namely:
Bago, Bantay, Batuan, Bolinao, Cadiz, Faraon,
Guimbalon, Isabela, La Castellana, Luisiana, Manapla,

Obando, Pulupandan, Silay, San Manuel, Tupi,
Umingan, and Victorias with a total of 111 soil
samples. The following soil fertility indicators serve
as the source for the metrics that are used:
Phosphorus; pH; organic matter; base saturation;
inherent fertility; hazard for salinity, potassium; and
nutrient retention (CEC). Physical and soil qualities
were also included in the parameters, namely: water
retention, drainage, permeability, stoniness, root
depth, and erosion.
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As bases for the soil-crop suitability, soil fertility
and qualities were matched based on three (3) crops
namely: Banana, Maize, and Papaya. Suitability
ratings are based on the data from the Philippine
Rice Research Institute and local agriculture offices
of the different locations. The suitability rating is
used as a label for processing data using a data
mining algorithm for pattern extraction and
prediction as shown in Table 1.

Table 1: Suitability ratings

3.2. Data transformation

In transforming the data, a series of steps were
followed. This started with data selection of soil
fertility indicators and physical soil quality
parameters. Data cleaning was also done to ensure
no missing values and incorrect data were included
in the selected data. Out of 118 soil samples, 111 soil
samples was selected for data analysis. The dataset
has 16 parameters in total, of which the crop
suitability parameter was the target variable for

Label Description prediction. Data was encoded using MS Excel
S1 Highly suitable X )
s2 Moderately suitable application and then saved as a Comma Separated
S3 Marginally suitable Values (CSV) file. The description of the dataset is
N1 Currently not Sult':.ib]e shown in Table 2.
N2 Permanently not suitable
Table 2: Dataset description
Parameters Description
Location The place where the soil samples were collected
Crop Suitability Rating The rating based on Simplified Keys to Soil Series
Inherent Fertility 1-none; 2-very low; 3-low; 4-moderate; 5-high; 6-very high
Soil pH 1-acidic; 2-slightly acid; 3-neutral; 4-slightly alkaline; 5-alkaline

Organic Matter
Phosphorus (P)
Potassium (K)

CEC (Nutrient Retention)
Base Saturation
Salinity Hazard
Water retention
Drainage
Permeability

Stoniness

Root Dept
Erosion

1-none; 2-very low; 3-low; 4-moderate; 5-high; 6-very high
1-none; 2-very low; 3-low; 4-moderate; 5-high; 6-very high
1-none; 2-very low; 3-low; 4-moderate; 5-high; 6-very high
1-none; 2-very low; 3-low; 4-moderate; 5-high; 6-very high
1-none; 2-very low; 3-low; 4-moderate; 5-high; 6-very high
1-none; 2-very low; 3-low; 4-moderate; 5-high; 6-very high

1-very low; 2-low, 3-moderate; 4-high; 5-very high
1-very slow; 2 moderate; 3 good; 4 excessive
1-very slow; 2-slow; 3-moderate; 4-rapid

1-none; 2-common; 3-many; 4-abundant; 5-pebbles and outcrops; 6-stones and boulders; 7-boulder

outcrops

1-very shallow; 2-shallow; 3-moderate; 4-deep; 5-very deep

1-none; 2-moderate; 3-severe

3.3. Pattern extraction

To illustrate the process of pattern extraction and
prediction, the researchers adopted the model
prediction framework from S.Y. Muhammad et al.
(2015) as shown in Fig. 2 (Muhammad et al.,, 2015).
This study used pre-processed data needed. This

Input

study used different algorithms as classifiers for
model prediction and pattern extractions namely the
Naive Bayes, Deep Learning (H20), Decision Tree,
and Random Forest. After running the different
models, the accuracy and performance of each
algorithm were then evaluated and interpreted.

Data
Target Data
Preprocessed Data

CLASSIFIERS

Accuracy Performance
Measure

Transformation of Data

Data Mining

Patterns

Interpretation / Evaluation

Knowledge

Fig. 2: Model prediction framework (Muhammad et al,, 2015)
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4. Results and discussion

The soil fertility and soil physical qualities data
were collected from 18 different locations in Negros
Occidental. The locations were the following: L1
(Bago), L2 (Bantay), L3 (Batuan), L4 (Bolinao), L5
(Cadiz), L6 (Faraon), L7 (Guimbalaon), L8 (Isabela),
L9 (La Castellana), L10 (Luisiana), L11 (Manapla),
L12 (Obando), L13 (Pulupandan), L14 (Silay), L15
(San Manuel), L16 (Tupi), L17 (Umingan), L18
(Victorias).

None Very low Low

4.1. Exploratory data analysis

Inherent fertility indicates the capacity of soil to
retain and release nutrients for the plant. It is noted
that majority of the soil samples has low inherent
fertility level (Guimbalon, Obando, and Victorias)
followed by moderate and high as shown in Fig. 3. No
soil sample with none, very low and very high level
of inherent fertility.

Moderate High Very high

Fig. 3: Inherent fertility distribution

Soil pH or Soil Acidity lowers the availability of
certain nutrients for plants, like phosphorus and
molybdenum, while raising the supply of other
elements to unsafe levels (Ni et al, 2018). Fig. 4
shows that out of 18 locations, 7 locations (81 soil

Alkaline

Slightly Alkaline

Neutral

Slightly Acidic

Acidic

0 5 10 15

20

samples) were found to have acidic soil based on soil
samples namely: Batuan (L3), La Castellana (L9),
Luisiana (L10), Manapla (L11), Silay (L14), Tupi
(L16) and Victorias (L18).

Fig. 4: Soil acidity distribution

Having high level of Phosphorus may tend to
cause harm to the overall plant health since this may
cause deficiencies in other minerals in the soil like
zing and iron. It is well noted that several soil
samples (47) contain a high level of phosphorus as
shown in Fig. 5. These samples are from Bago (L1),
Bantay (L2), Bolinao (L4), Isabela (L8), Silay (L14),
San Manuel (L15), Tupi (L16), and Umingan (L17).

Soil Salinity greatly affects plant growth and
production (Hafez et al., 2021). Salinity affects plants
by interfering the nitrogen uptake thus reducing
growth and reproduction. In Fig. 6, twelve (12) soil
samples from Obando (L12) was identified with a
moderate level of Salinity Hazard which may be
considered a limiting factor in crop growth and
production.
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Fig. 5: Phosphorus distribution
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Fig. 6: Salinity hazard distribution

Based on the result as shown in Fig. 7, the This demonstrates that the majority of soil samples
marginally suitable (S3) rating is 78.18%, the are adequate for the banana crop, but some may
currently not suitable (N1) rating is 16.36%, and the need appropriate soil management that concentrates
permanently not suitable (N2) rating is 5.45%. There on improving soil fertility, lowering soil acidity, and
was no sample with a rating of moderately suitable reducing salinity risks.

(S2) and highly suitable (S1) for the banana crop.

Permanently not suitable .
Currently not suitable -
Harginallysuitable _

0 10 20 30 40 50 60 70 80 90

Fig. 7: Summary of Banana suitability rating
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The result shows (Fig. 8) that the rating of
marginally suitable is 89.1%, currently not suitable
is 5.45%, and permanently not suitable is also
5.45%. Still, there was no sample with ratings of
moderately suitable (S2) and highly suitable (S1) for

Permanently not suitable

Currently not suitable

Marginally suitable

o
-
o

the maize crop. The maize crop is generally suitable
in most sampled soil, though the same with the
banana crop, soil management will play a vital role in
ensuring better suitability.

Fig. 8: Summary of maize suitability rating

Generally, most of the soil samples were rated as
currently not suitable with 38.18%, followed by
marginally suitable with 34.55%, moderately
suitable with 16.36%, and permanently not suitable
with 10.91%. No sample with a highly suitable (S1)
rating as shown in Fig. 9. This shows that most

Permanently not suitable

Currently not suitable

Moderately suitable

Marginally suitable

0 5 10

15

sampled soil were currently not suitable for papaya
crop but was followed by a marginally suitable
rating. Inherent fertility, water retention, and, CEC
(nutrient retention) has the highest weight in the
ranking.

20 25 30 40 45

Fig. 9: Summary of papaya suitability rating

4.2. Algorithm results

Among the different algorithms, the random
forest has the highest accuracy (average of 94.6%)-
having the lowest classification error when used on
three (3) different crops as shown on Table 3. This is

followed by deep learning (H20) (average of 89.4%),
decision trees, and naive Bayes. The accuracy of the
classification signifies how correct the prediction of
each algorithm is in determining crop-soil suitability.

Table 3: Algorithm performance

Algorithm Accuracy (banana suitability) Accuracy (maize suitability) Accuracy (papaya suitability) Average accuracy
Naive Bayes 77.1% 90.5% 45.7% 71.1
Deep learning (H20) 96.7% 90.5% 81.0% 89.4
Decision tree 93.3% 90.5% 78.1% 87.3
Random forest 96.7% 90.5% 96.7% 94.6
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The confusion matrix and models shown in the
following tables were based on Random Forest given
that this algorithm showed the highest accuracy and
precision.

Table 4 presents the precision of the prediction.
The class label is the suitability rating based on
Table 1. Table 1 shows that marginally suitable (S3)
got 100%, and currently not suitable (N1) got
83.33% which were all acceptable predictions.
Permanently not suitable (N2) got 0% due to not
balanced data for each label.

Table 4: Confusion matrix-banana suitability

True S3 True N1 True N2 Class precision
pred. S3 24 0 0 100.0%
pred. N1 0 5 1 83.33%
pred. N2 0 0 0 0.0%
class recall 100% 100% 0.00%

Table 5 shows that marginally suitable (S3) got
90.32% accuracy which is an acceptable prediction.
N1 and N2 has no result, still due to imbalanced data
for each label and since most data is leaning on S3-
marginally suitable.

Table 5: Confusion matrix-maize suitability

True N1 True S3 True N2 Class precision
pred. N1 0 0 0 0.0%
pred. S3 2 28 1 90.32%
pred. N2 0 0 0 0.0%
Class recall 0.0% 100% 0.0%

Table 6 shows that the rating currently not
suitable (N1) got 100%, marginally suitable (S3) got
100%, permanently not suitable (N2) got 100% and
moderately suitable got 75%, which are all good and
acceptable predictions.

Table 6: Confusion matrix-papaya suitability

True True True True Class
N1 S3 N2 S2 precision
pred. N1 15 0 0 0 100%
pred. S3 0 9 0 0 100%
pred. N2 0 0 2 0 100%
pred. S2 0 1 0 3 75%
Class 100%  90%  100%  100%

recall

The overall result of prediction accuracy is
generally acceptable thus the model is considered
acceptable. The developed model is shown in Table
7, Table 8, and Table 9. As shown in Table 7, Salinity
Hazard (SH) has a higher weight in determining the
suitability of the banana crop, this is followed by P
(phosphorous) and the inherent fertility (IF) of soil.

For  maize crop suitability, stoniness,
phosphorous, permeability, root deep, drainage, and
CEC play a vital role (Table 8). Having a low CEC
greatly contributes to the soil’s suitability for maize
crops. The model for Papaya crop suitability shows
that salinity hazard (SH), pH, drainage, base
saturation (BS), permeability (PERM), CEC, and
stoniness (S) of soil greatly affects its suitability.

5. Conclusion

The utilization of data mining techniques for
extracting concealed knowledge from a dataset is
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widely employed to harness the derived information
for specific fields of study. In this particular
investigation, data mining techniques are employed
to assess the suitability of soil for different crops
based on soil samples obtained from Negros
Occidental. The researchers considered 14
parameters, namely inherent fertility, soil pH,
organic matter, phosphorus, potassium, nutrient
retention (CEC), base saturation, salinity hazard,
water retention, drainage, permeability, stoniness,
root depth, and erosion, to analyze soil-crop
suitability. The soil-crop suitability ratings were
derived from data provided by the Philippine Rice
Research Institute.

For pattern extraction and prediction purposes,
the researchers employed four models. Among these
models, the Random Forest algorithm achieved the
highest accuracy (94.6%) and the lowest
classification error (5.4%), indicating a high level of
confidence in the model's predictive capabilities. The
results revealed that the majority of the soil in the
area is marginally suitable for banana cultivation
(with 100% prediction accuracy for S3 and 83.33%
prediction accuracy for N1), maize cultivation (with
90.32% prediction accuracy for S3), and papaya
cultivation (with 100% prediction accuracy for N1,
S3, N2, and 75% prediction accuracy for S2).
However, it should be noted that the papaya crop
exhibited a relatively higher proportion of
unsuitability.

The study also uncovered that the majority of the
soil samples had low fertility ratings, significantly
impacting crop suitability. This information can
serve as a foundation for the development of
enhanced soil management programs aimed at
ensuring increased soil productivity and active soil
protection in terms of acidity and salinity in Negros
Occidental, Philippines.

Table 7: Developed model for banana crop suitability

If Then

SH>3.5 Currently not suitable
SH<=3.5 and D>1.5 and PH>1.5 Marginally suitable
SH<=3.5 and D<=1.5 and P<=4 and
PERM>2.5
SH<=3.5 and D<=1.5 and P<=4 and
PERM>2.5
PH<=3.5 and PERM>2.5 and P>4
PH<=3.5 and PERM >2.5 and P<=4 and
SH<=3.5 and D>2.5
PH<=3.5 and PERM>2.5 and P<=4 and
SH<=3.5 and D<=2.5

Marginally suitable

Permanently not suitable
Marginally suitable

Currently not suitable

Marginally suitable

K>3.5 Marginally suitable
K<=3.5 and SH<=3.5 and SH>2.5 and P d t suitabl
PH>1.5 ermanently not suitable
K<=3.5 and SH<=3.5 and SH>2.5 . .
PH<=15 Marginally suitable

S$>1.5 and PERM>2.5
S<=1.5 and P<=4.5 and WR>1.5
S<=1.5 and P<=4.5 and WR<=1.5
IF>3.5 and D>1.5 and BS>3.5
IF>3.5 and D<=1.5 and P>4
IF>3.5 and D<=1.5 and P<=4
IF<=3.5 and BS>4.5
IF<=3.5 and BS<=4.5 and S>1.5 and

Marginally suitable
Currently not suitable
Marginally suitable
Marginally suitable
Marginally suitable
Permanently not suitable
Currently not suitable

Marginally suitable

D>1.5
IF<=3.5 and B]S)<<=:41.55and $>1.5 and Permanently not suitable
IF<=3.5 and BS;::léSSand S<=1.5and Marginally suitable
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Table 8: Developed model for maize crop suitability

If

Then

CEC>4.5
CEC<=4.5 and PERM>3.5 and D>3.5
CEC<=4.5 and PERM>3.5 and D<=3.5
CEC<=4.5 and PERM<=3.5 AND PERM>2.5
CEC<=4.5 and PERM<=3.5 and PERM>2.5 and S>3
S>7.5
S<=7.5 and WR>3.5 and OM>3.5
S<=7.5 and WR>3.5 and OM<=3.5
S <=7.5 and WR<=3.5
P >3.5and RD>2.5 and BS>4
P>3.5 and RD>2.5 and BS<=4
P<=3.5 and S>3.5 and PERM>2.5
P<=3.5 and S>3.5 and PERM<=2.5
P<=3.5and S<=3.5
WR>2.5 and RD>1.5
WR>2.5 and RD<=1.5
WR<=2.5 and K<=3.5 and D>3.5

Marginally suitable
Currently not suitable
Marginally suitable
Marginally suitable
Permanently not suitable
Currently not suitable
Marginally suitable
Permanently not suitable
Marginally suitable
Marginally suitable
Currently not suitable
Marginally suitable
Permanently not suitable
Marginally suitable
Marginally suitable
Permanently not suitable
Currently not suitable

WR <=2.5 and K<=3.5 and D<=3.5 Marginally suitable
D<=1.5 and K<=3.5 and pH>2.5 Permanently not suitable
D<=1.5 and K<=3.5 and pH<=2.5 Marginally suitable
Table 9: Developed model for papaya crop suitability
IF Then
PH>1.5 Currently not suitable

K<=3.5 and PERM>1.5 and CEC>4.5

Moderately suitable

S<=7.5 and OM>2.5 and E>2.5 and S>5.5 and K>3.5
S<=7.5 and OM>2.5 and E<=2.5 and OM>3.5 and SH>2.5
S<=7.5 and OM>2.5 and E<=2.5 and OM>3.5 and SH<=2.5 and WR>2.5 and P>4.5 and PH>2.5

Marginally suitable
Currently not suitable
Permanently not suitable

S<=7.5 and OM>2.5 and E<=2.5 and OM>3.5 and SH<=2.5 and WR>2.5 and P>4.5 and PH<=2.5

CEC>4.5 and S<=7.5 and SH>3.5

CEC>4.5 and S<=7.5 and SH<=3.5 and D>2.5 and BS>2.5 and PERM>3.5
CEC>4.5 AND S<=7.5 and SH<=3.5 and D>2.5 and BS>2.5 and PERM<=3.5

CEC>4.5 and K>3.5 and SH>2
CEC>4.5 and K>3.5 and SH<=2
CEC>4.5 and K><=3.5

CEC<=4.5 and PERM>1.5 and OM>3.5 and PERM>2.5 and E>2.5 and WR>3.5
CEC<=4.5 and PERM>1.5 and OM>3.5 and PERM>2.5 and E>2.5 and WR<=3.5
CEC<=4.5 and PERM>1.5 and OM>3.5 and PERM>2.5 and E<=2.5 and D>3.5
CEC<=4.5 and PERM>1.5 and OM>3.5 and PERM>2.5 and E<=2.5 and D<=3.5 and SH>2
CEC<=4.5 and PERM>1.5 and OM>3.5 and PERM>2.5 and E<=2.5 and D<=3.5 and SH<=2 and K<=3.5
SH<=2.5 and WR>2.5 and K>3.5 and IF>4.5

SH<=2.5 and WR>2.5 and K>3.5 and [F<=4.5

SH<=2.5 and WR>2.5 and K>3.5 and BS >3.5 and CEC>4.5

Moderately suitable
Currently not suitable
Marginally suitable
Currently not suitable
Currently not suitable
Marginally suitable
Moderately suitable
Currently not suitable
Marginally suitable
Moderately suitable
Currently not suitable
Currently not suitable
Marginally suitable
Permanently not suitable
Moderately suitable
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