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Soil salinity is a major abiotic stress affecting maize (Zea mays L.) production, leading to reduced
germination and vyield. Traditional breeding methods are resource-intensive and limited by
environmental variability. This study explores machine learning (ML) algorithms to classify salinity
stress levels based on germination parameters, aiming to enhance breeding efficiency for salt-
tolerant genotypes. Germination data from 39 maize genotypes were collected under three salinity
conditions (0 mM, 100 mM, 200 mM NaCl). Parameters included T10, T50, T90, T10-90, MGT,
and Gmax. Data preprocessing involved normalization and feature selection using Correlation-
based Feature Selection (CFS). Five ML models BayesNet, Decision Table, Bagging, J48, and
Random Forest were evaluated using 10-fold cross-validation, with performance metrics of
accuracy, precision, and F-measure. Results: Using all features, Random Forest achieved the highest
accuracy (92.02%), followed by BayesNet (89.74%). After CFS (removing genotype and T10-90),
BayesNet performed best (89.74%), while Random Forest slightly declined (87.46%). All models
exceeded 87% accuracy, demonstrating robust classification of salinity levels. Conclusions: ML
models effectively classify salinity stress in maize germination, even without certain parameters,
supporting rapid genotype selection. This approach offers a scalable tool for improving agricultural

resilience against salinization.
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Introduction

Soil salinity ranks among the primary environmental
stressors impacting crop yields globally, especially in arid
and semi-arid areas. Research suggests that salinity affects
20-50% of irrigated lands, with some studies indicating
that 33% of such lands worldwide face salinity and sodicity
issues (Isik et al., 2023; Mohanavelu et al., 2021; Pitman
& Léuchli, 2002). This environmental issue adversely
affects plant growth, germination, and yield due to the
toxic buildup of sodium (Na*) and chloride (CI") ions and
osmatic stress, posing a significant threat to food security
and sustainable agriculture (Collado et al., 2016; Isik et al.,
2023). For maize (Zea mays L.), a crucial cereal crop,
salinity severely hampers cultivation and leads to notable
global production losses. Despite its vast genetic diversity,
the limited understanding of salt tolerance mechanisms
complicates breeding efforts (Guo et al., 2023; lbrar et al.,
2024; Zulkadir, 2025).
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Elevated salinity levels lead to delayed germination,
decreased viability, and low emergence rates by disrupting
osmotic balance, ion homeostasis, and enzymatic functions
(Khan et al., 2006). Previous research has shown that
salinity stress extends germination parameters like T50 and
MGT while decreasing Gmax. Sensitive maize varieties
are significantly affected at NaCl concentrations above 100
mM, and even tolerant varieties are inhibited at 200 mM
and higher (Khalid et al., 2023; Zulkadir, 2025).

Traditional agricultural methods depend on labor-
intensive and time-consuming field trials for selecting
genotypes under salt stress. However, these approaches
have limited applicability due to strong genotype-by-
environment (GXE) interactions (Atanda et al., 2021; Luo
etal., 2017). At this juncture, machine learning algorithms
offer significant advantages in plant breeding by
effectively integrating high-throughput phenotyping and
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genotyping data, thereby enhancing prediction accuracy
and breeding efficiency.

Machine learning techniques can identify relevant traits
from extensive genomic, phenotypic, and environmental
datasets and develop robust prediction models using cross-
validation methods. Genomic selection supported by
machine learning reduces the need for extensive
phenotyping, shortens breeding cycles, and improves the
selection of superior genotypes (Tong & Nikoloski, 2021).
Among the commonly used algorithms, Random Forest
(RF) generally achieves high accuracy in yield prediction.
Additionally, combinations of XGBoost and RF using soft
voting techniques have shown superior performance with
over 98% accuracy in some studies (Altaf et al., 2026;
Maheswari & Ramani, 2023; Premasudha et al., 2022).

However, machine learning applications in sustainable
agriculture still face significant generalization challenges
due to data quality issues and high field variability, which
limit their practical implementation across different
conditions (Botero-Valencia et al., 2025; Chintakunta et
al., 2023).

This study aims to assess the performance of several
ML-based classification models (BayesNet, Decision
Table, Bagging, J48, and Random Forest) using
germination data from 39 different maize genotypes under
various salinity levels. The goal is to enable rapid and
accurate selection of salt-tolerant genotypes, thereby
increasing the efficiency of maize breeding programs
through metrics such as Accuracy, Precision, and F-
Measure. This approach is expected to contribute to
strengthening agricultural resilience against the growing
threat of soil salinization due to climate change.

Materials and Methods

In this study, experimental data obtained to evaluate the
germination performance of corn genotypes under
different environmental conditions (no salinity, low
salinity, and salinity) were used. Different corn genotypes
were tested in the experiments wunder different
environmental conditions. The basic steps of the study are
shown in Figure 1. Pre-processing steps were first applied
to the dataset, and then classification was performed using
different machine learning methods.

Seeds from thirty-nine maize genotypes were selected
based on homogeneity and viability. Germination tests
were conducted in a controlled growth chamber at 25°C
and 70% relative humidity. Salinity treatments were
performed using NaCl solutions: 0 mM (salt-free, control),
100 mM (low salinity), and 200 mM (high salinity),
reflecting common stress thresholds in the literature
(Carpici et al., 2009; Khalid et al., 2023). For each
treatment-genotype combination, 50 seeds were placed on
filter paper in Petri dishes moistened with the relevant
solution, and three replicates were performed per
treatment. Germination was defined as root emergence >2
mm and monitored daily for 14 days. Parameters were
calculated using standard formulas: T10, T50, T90 as
cumulative germination percentages; T10-90 as T90 - T10;
MGT as Z(Dn)/2n (D = days, n = number of seeds
germinating per day); Gmax as the final germination
percentage (ISTA, 2015).

Data Description

A new dataset was collected to analyze the germination
performance of maize genotypes under different
environmental conditions in this study. The dataset
contains seven different germination parameters:
genotype, Time (days) until 10% germination occurs
(T10), Time (days) until 50% germination occurs (T50),
Time (days) until 90% germination occurs (T90), Time
(days) between 10% and 90% occurs (T10-90), Mean
Germination Time (days) (MGT), and Maximum
Germination Percentage (Gmax). These parameters were
considered important biological indicators representing the
germination dynamics of each environment. The
parameters were used as input variables in the
classification models. The original dataset consists of 351
samples. 117 samples were in a non-saline environment,
117 in a low-saline environment, and the remaining 117 in
a saline environment. The classes in the dataset are well-
balanced. Thus, all three classes are equally represented in
the dataset. The attributes in the dataset are described in
detail in Table 1.

Table 1 presents attribute name, type of attribute, and
basic statistical data such as mean, standard deviation,
minimum, and maximum of the parameters in the data set.

Pre-Processing

The purpose of data preprocessing is to increase the
accuracy rates of machine learning methods by performing
some statistical analyses on raw data in order to produce
high-performance machine learning models. This process
attempts to improve data quality by employing methods
such as normalization and feature selection. In this study,
the germination parameters were normalized by scaling
them between 0 and 1. Furthermore, feature selection was
performed to remove unnecessary and irrelevant features
from the data. Table 2 indicates the mean and standard
deviation values for each attribute after this process.

In this study, the performance of a dataset containing
germination parameters in environments with varying
salinity was evaluated using machine learning methods.
The models used in this study include Bayesian Net, Naive
Bayes, and Decision Tree, as well as a number of ensemble
and tree-based methods such as Bagging, J48 Tree, and
Random Forest. A 10-fold cross-validation technique was
used to reliably measure the overall performance of the
models. This technique allowed for accurate comparisons
of classifier performance on the dataset.

Corn
Genotypes
Dataset

Classification
(Al attributes)
Apply Feature
Selection
Classification
(Without some
attributes)

Figure 1. The basic steps of the study
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Table 1. The basic statistical information of the dataset attributes.

Attribute Name Type of Data Min Value Max Value Mean Value  Standard deviation
Genotype Categorical 1 39 -
T10 Numerical 0 11.3 5.308 2.582
T50 Numerical 0 12.5 7.096 2.845
T90 Numerical 0 13.7 9.496 3.009
T10-90 Numerical 0 8.6 4,188 1.37
MGT Numerical 0 14 8.323 2.923
Gmax Numerical 0 100 69.957 27.413
Table 2. Mean and Standard Deviation after Normalization Process.

Attribute Mean Standard Deviation

T10 0.47 0.229
T50 0.568 0.228
T90 0.693 0.22
T10-90 0.487 0.157
MGT 0.594 0.209
Gmax 0.7 0.274

Bayesian Network

The Bayesian Net method is based on Bayes' theorem. Frag(X) = % (3)

This method is a powerful and successful algorithm for
dealing with high-dimensional data containing complex
relationships (Condon & Revelle, 2014).

P(B/A).P(A)
) 1)

P(A/B) =

P(A) denotes the probability of event A, P(B)
represents the probability of event B occurring under all
possible scenarios, and P(B|A) refers to the probability of
observing event B given that event A has occurred.

Decision Table

A Decision Table is a classification algorithm that
generates decisions by generating results corresponding to
logical conditions in a table format. In this method, each
row is assumed to represent a specific combination of
conditions, and when these conditions are met, the relevant
decisions are made. Conditions and outcomes are defined
based on specific attributes, and the columns in the table
represent possible scenarios (Gitmez et al., 2019; Keles &
Keles, 2018). This model is widely used in the field of
machine learning because it simplifies complex decision-
making processes.

Fer,orn) = Bhomy Ap- I (1, s €3) &)

Here, I, denotes the indicator function that specifies
whether rule k is satisfied, A, represents the action(s) to be
applied, and c; corresponds to the value of the i-th
condition for rule k.

Bagging

Bagging is a classification algorithm that combines
multiple versions of the same model. This method uses
majority voting for categorical predictions, while for
numerical data, it averages these versions of the same
model. These multiple versions are constructed using
learning sets generated by random sampling from the
training data (Breiman, 1996).

Here, h;, denotes the trained models and B denotes the
number of models.

J48

Bagging is a classification algorithm that combines
multiple versions of the same model. This method uses
majority voting for categorical predictions, while for
numerical data, it averages these versions of the same
model. These multiple versions are constructed using
learning sets generated by random sampling from the
training data (Breiman, 1996).

16(5,4) = H(S) - X H(S,) 4)

Here, S denotes the dataset, H(S) represents the
entropy, and S,, corresponds to the subset of S that takes
the value v.

Splitinfo (A) = —Z%logz% (5)
_ 1G(S,A)
J48=arg max SpliEinf ol (6)

Random Forest

Random Forest is an ensemble learning method that
combines multiple decision trees to increase classification
accuracy and minimize overfitting. Each tree is trained
using a random subset of features, and the classification
result is determined by a majority vote among the
predictions of all the trees (Belgiu & Dragut, 2016). This
method is popularly preferred for large and complex data
because it can handle overfitting (Breiman, 2001). The
Random Forest method is successful due to its ability to
independently construct multiple decision trees under the
umbrella of a strong learner (Sun et al., 2018).

y = mode{h,(x), hy(x), ..., hg(x)} (7

Here, h;, (x) represents the b-th tree.
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Performance Evaluation

In this study, statistical metrics such as accuracy,
precision, and F-measure were used to understand how
well classification models provide reliable and balanced
predictions. A confusion matrix is used to analyze the
performance of a classification model in detail. Analyzes
were carried out using WEKA 3.6 program using machine
learning systems (Hall et al., 2009). The confusion matrix
is shown in Table 3.

In this context, FP represents False Positive, while FN
means False Negative. TN stands for True Negative, while
TP indicates True Positive. An evaluation is made by
measuring the performance of the classification models
using equations 8-15.

(TP+TN)

Accuracy = (TP+TN+FN+FP) ©
o TP
Precision = (TP+FP) ©
F — Measure = zx(Pre,Ci.s o R 10
(Precision+Recall)
Recall = —— a
TP+FN

TPR = —~ w2
TP+FN

FPR = —=~ )
FP+TN

ROC Area = ¥} (FPRy,y — FPR). T2 (14)

Precision;yq +Precisioni(15)

PRC Area = Y=} (Recall;,, — Recall;).

Results and Discussion

This study examines the impact of environments with
varying salinity levels on seed germination using T10, T50,
T90, T10-90, MGT, and Gmax parameters. Based on these
germination characteristics, salinity environments were

Table 3. Confusion Matrix.

classified using five machine learning methods, such as
Bayes Net, Decision Table, Bagging, J48, and the Random
Forest algorithm. A 10-fold cross-validation technique was
used to reliably assess the performance and generalization
ability of the classification models. The results of the study
showed that the parameters in the newly created dataset
exhibited very high performance in distinguishing salinity
levels. Random Forest, Bagging, and BayesNet
classification models successfully classified the data,
achieving higher accuracy compared to other models.
Table 4 shows the performance metrics of all models used
to classify the Corn Genotype dataset.

As seen in Table 4, all classification methods applied to
the dataset achieved an accuracy rate above 88.30%. The
Random Forest algorithm performed better on this dataset
than the other algorithms, achieving 92.02% accuracy,
0.986 roc area, 0.977 prc area, 0.920 precision, and an f-
measure metric, making it the most successful model. The
J48 model exhibited the lowest classification performance
on the dataset, with an accuracy of 88.32%, a precision of
0.882, f-measure of 0.883, a roc area of 0.926, and a prc
area of 0.850.

In the process of classifying the Corn Genotype dataset
based on salinity, a Correlation-based feature selection
(CFS) method was applied to further improve classification
performance by removing irrelevant and unnecessary
attributes from the data. After applying CFS, genotype and
T10-90 attributes were removed from the dataset. The
classification results obtained after applying the CFS are
shown in Table 5.

When Table 5 is examined, after applying the feature
selection method, the most successful classification model
in seed germination in different salinity environments was
Bayes Net with an accuracy rate of 89.74% (a precision of
0.898, f-measure of 0.898, roc area of 0.975, and prc area
of 0.944).

The second most successful model after the Bayes Net
model was the Decision Table with an accuracy rate of
89.17% (a precision of 0.892, f-measure of 0.892, roc area
of 0.948, and prc area of 0.887).

Predicted No (0)

Predicted Yes (1)

Actual No (0) TN FP

Actual Yes (1) FN TP

Table 4. The Performance of all classification models applied to the Corn Genotype dataset.

Accuracy (%) Precision F-Measure ROC Area PRC Area

BayesNet 89.74 0.898 0.898 0.971 0.935
Decision Table 88.89 0.889 0.889 0.948 0.886
Bagging 89.17 0.891 0.891 0.975 0.955
J48 88.32 0.882 0.883 0.926 0.850
Random Forest 92.02 0.920 0.920 0.986 0.977

Table 5. The Performances of all classification methods after the feature selection applied to the Corn Genotype dataset

Accuracy (%) Precision F-Measure ROC Area PRC Area
BayesNet 89.74 0.898 0.898 0.975 0.944
Decision Table 89.17 0.892 0.892 0.948 0.887
Bagging 88.03 0.880 0.880 0.965 0.925
J48 88.60 0.887 0.886 0.928 0.840
Random Forest 87.46 0.875 0.875 0.968 0.936

1966



Actual
Low salinity

Actual
Low salinity

Actual
Low salinity

Actual
Low salinity

Non-Saline

High salinity

Non-Saline

High salinity

Non-saline

High salinity

Non-saline

High salinity

Arslan and Zulkadir / Turkish Journal of Agriculture - Food Science and Technology, 14(7): 1963-1970, 2026

Nen-Saling

Nen-Saling

MNon-saline

Non-saline

Bayeshet

Low salinity
Predicted

J48

Low salinity
Predicted

Figure 2. Confusion matrix heatmap of the models obtained using all attributes.

BayesNet

Low s:alimty
Predicted

Low s:!hnlty
Predicted

High salinity

High salinity

High slalimty

High salinity

100
80
60
-0
I?n
0
|1
&
[

-4

00
0
0

20

-0

=100

Decision Table

Non-Saline

i
FE £

2%

13
-4

z

£
_E - 20

£

-

I

-0

NorrSalne Low salinity High salinity
Predicted

Random Forest

100

Non-Saline

Actual
Low salinity

20

High salinity

e & 2 g

Non-éalme- Low salinity High 5‘a|lnl|y
Predicted

Decision Table

@ - 100
=
2
§
- 80
z
3£ 6
g3
4z
5
40
z
E
" 20
W
=
-
I
' -0
Mon-saline Low salinity High salinity
Predicted
Random Forest
ﬂE.- - 100
2
2
- 80
&
T E &0
2%
4=
5
40
z
E
3 20
=
=
T
-0

Hon-saline Low Slallnlly High salinity
Predicted

Actual
Low salinity

¥
z
"
I
&
2

Non-saline

High salinity

NarrSalene

Non-saline

Bagging

Low salinity
Predicted

Bagging

Low salinity

Predicted

Figure 3. Confusion matrix heat map of the models after applying the CFS

High salinity

High slallmty

100

- 100

1967



Arslan and Zulkadir / Turkish Journal of Agriculture - Food Science and Technology, 14(7): 1963-1970, 2026

The model with the lowest classification performance
was the Random Forest algorithm with an accuracy rate of
87.46%, a precision value of 0.875, an f-measure value of
0.875, aroc area of 0.968, and a prc area of 0.936.

Comparing Tables 4 and 5, the model performance
generally improved after removing the T10-90 and
genotype attributes from the dataset. A slight decrease in
performance was observed in the Random Forest
algorithm. In general, it can be said that the models
performed better on the dataset when the CFS method was
applied, as the data size and complexity were reduced.

In this study, it was observed that after applying the
feature selection method, most models showed an
improvement in performance, but the Random Forest
algorithm experienced a slight decrease in performance.
Gandhi and Prabhune (2017) demonstrated that feature
selection removes irrelevant and unnecessary features,
reduces data size, and potentially improves prediction
performance. The fundamental idea is that strategic feature
reduction using methods such as CFS can optimize
machine learning model performance by focusing on the
most informative features. Current literature emphasizes
that machine learning methods show similar success in
detecting plant stress; Akbari et al. (2024) achieved 98%
accuracy in classifying salinity and drought stress in barley
using the GenPhen ML approach. Madhumitaa et al. (2024)
demonstrated an accuracy rate of 96.79% in soybean stress
classification using SVM. These findings were also
confirmed in corn, and the performance of the XGBoost
model in classification tasks reached 99.3% (Zhang et al.,
2025). The research consistently demonstrates that
machine learning methods offer non-invasive, scalable
solutions for germination screening and stress tolerance
prediction in different grain products, thereby becoming a
promising tool for agricultural research and product
development.

Confusion matrices obtained using all features revealed
that the models generally demonstrated high success in
distinguishing the three classes. Random Forest and
BayesNet models achieved the highest accuracy across all
classes, with minimal misclassification rates, particularly
in the High Salinity class. J48 achieved moderate
classification performance, exhibiting slight cross-
confusion in certain classes.

Critically, all models showed sensitivity to differences
in salinity levels. Thus, germination parameters have been
an important factor in detecting salt stress (Madhumitaa et
al., 2024). This situation demonstrates that morphological
characteristics can be reliably used to classify plants'
responses to salt stress and potentially enable more precise
agricultural stress management (Ozkan & Ozkan, 2025).

After applying the feature selection method CFS, the
confusion matrices obtained with the remaining features
revealed that the classification models were successful in
distinguishing three different environments. While
BayesNet performs particularly well in the High salinity
class, Decision Table performs slightly better in the Non-
Saline class. The performances of BayesNet and Decision
Table are similar in the Low and High salinity classes.
Bagging can be said to offer a generally balanced
performance. While J48 has similar results with BayesNet
in the Non-Saline class, we can say that it is quite balanced
in the Low salinity and High salinity classes. Random

Forest and BayesNet provide the highest accuracy rate in
High salinity. The classification models are robust in the
High salinity class, while there is more confusion in the
Non-Saline and Low salinity classes. J48 and Bagging
appear to be more suitable for balanced prediction across
all classes. If high salinity prediction is critical, it can be
better to choose Random Forest or BayesNet.

The recommendation to select machine learning
algorithms based on specific prediction requirements is
well supported by empirical evidence from numerous
studies. Wang et al. (2020) comprehensively compared
thirteen algorithms and recommended the Random Forest
(RF) method, particularly for salinity mapping in arid
environments. RF and BayesNet demonstrate strong
performance for high salinity sensitivity. Musleh (2024)
further confirmed this by showing that RF and J48
achieved exceptional accuracy (0.993) and sensitivity. For
more balanced, cross-class predictions, the J48 and
Bagging classifiers prove effective, with the latter
achieving 0.992 accuracy. However, studies consistently
emphasize that no algorithm performs ideally on all
datasets, highlighting the importance of careful and
context-specific algorithm selection (Wang et al., 2020).
These findings support the role of ML and Deep Learning
(DL) methods in addressing plant stress in smart
agriculture applications, and a recent review emphasizes
that these approaches are indispensable for data analysis
and stress management (Zarbakhsh et al., 2025).

Conclusion

This study demonstrates that machine learning models
can classify salt stress levels with high accuracy on the corn
genotype dataset. The study particularly highlights the
critical importance of estimating salt stress level without
parameters such as T10-90 and genotype. In the study,
classification was first performed using five different
models using all parameters in the dataset, and accuracies
ranging from 88.32% to 92.02% were achieved. The most
successful model was Random Forest, with an accuracy
rate of 92.02%. The same models were rerun on the dataset
using CFS, a feature selection method, and BayesNet
achieved the highest accuracy rate of 89.74%. Bagging
achieved the lowest accuracy rate of 88.03%. This study
emphasizes that different levels of salt stress can be
classified with high accuracy using different machine
learning models. It also demonstrates that ML models can
successfully predict different levels of salt stress without
considering important parameters such as T10-90 and
genotype. The results obtained will contribute to both
physiological research and agricultural applications.
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