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Abstract

Soil fertility is a crucial aspect of agricultural productivity and sustainability, determines the soil's capacity to provide essential
nutrients necessary for plant growth and development. This study focuses on the analysis and prediction of soil fertility using
ensemble learning techniques in the South Gondar Zone. By examining various soil parameters, including macro and
micronutrients, soil structure, pH, and organic matter content, the research aims to develop predictive models that accurately
assess soil fertility levels. The objective of this study is to analyze and predict soil fertility using machine learning techniques,
specifically targeting the south Gondar Zone, in the Amhara region of Ethiopia. The dataset for this study comprises 20,168
instances, including both fertile and non-fertile samples, with 17 selected attributes. Several machine learning models were
evaluated on both the original and SMOTE-balanced datasets. The models included Random Forest, AdaBoost, and XGBoost
classifiers. I applied Random Forest classifier consistently demonstrated the highest performance, with testing accuracies of
94.55% on the original dataset and 94.37% on the SMOTE-balanced dataset. AdaBoost also showed strong performance,
achieving testing accuracies of 94.6% and 94.31% on the original and SMOTE-balanced datasets, respectively. XGBoost
performed well but was slightly less accurate compared to the ensemble methods. However, XGBoost showed robust
performance on both datasets, with testing accuracies of 94.04% and 94.27%. Feature importance analysis using the Random
Forest classifier has shown that factors such as Clay, CEC, CaCO3, Sand, and Mn significantly impact soil fertility prediction.
as a conclusion Random Forest classifier, an ensemble-based learning technique, was the most reliable and accurate model for
predicting soil fertility. These results highlight the importance of specific soil properties in determining fertility and can guide
targeted soil management practices to improve agricultural productivity.
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1. Background and Problem Statement

The increasing global demand for food and energy, cou- growing population exceeding 110 million, faces mounting
pled with limited access to essential agricultural resources pressure to enhance agricultural productivity while preserv-
such as land and water, poses a significant challenge to sus- ing soil health and natural resources. Declining soil fertility,

tainable agricultural production, particularly in developing driven by continuous cultivation, reduced fallowing, and
regions like sub-Saharan Africa. Ethiopia, with a rapidly
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competing uses of organic inputs such as dung and crop res-
idues for energy, has further intensified the need for efficient
nutrient management [1, 2, 14, 15]. The judicious use of fer-
tilizers, combined with appropriate agronomic practices, has
been shown to improve crop yields and nutrient use effi-
ciency while minimizing environmental impacts. However,
effective nutrient management requires accurate assessment
of soil properties and site-specific recommendations. Ad-
vances in smart farming, particularly through machine learn-
ing and data science, provide new opportunities to analyze
complex soil and environmental data for improved soil fer-
tility prediction [3, 4]. By leveraging historical and real-time
data such as temperature, rainfall, humidity, and soil pH, ma-
chine learning models can estimate key soil nutrients like ni-
trogen, phosphorus, and potassium, enabling data-driven de-
cision-making. Therefore, this study aims to conduct a com-
parative analysis of soil fertility prediction using various ma-
chine learning algorithms, evaluating their performance in
assessing soil fertility and supporting sustainable agricul-
tural productivity.

Ethiopia is rich in agricultural products that significantly in-
fluence the country’s economy, yet traditional farming prac-
tices on the same plots over time have led to soil nutrient de-
pletion and imbalance, reducing farmers’ yields and nega-
tively impacting national economic performance. To address
this, scholars have recommended the use of chemical fertiliz-
ers, especially given the scarcity of organic alternatives, and
awareness campaigns have helped many farmers adopt them
[5, 7]. However, the effectiveness of chemical fertilizers var-
ies by location due to differences in initial soil fertility, and
improper application can lead to lodging, high production
costs, and reduced benefits. To optimize fertilizer use, agricul-
tural researchers have conducted field experiments, collecting
soil samples from representative farms across various woredas
to assess initial soil fertility [8]. Numerous studies have ex-

plored machine learning techniques for soil fertility prediction:

for instance, Random Forest algorithms have been applied to
predict soil grades based on macro- and micro-nutrients,
though linear models often lacked accuracy for predicting nu-
trient quantities from environmental factors. Other research
compared Decision Tree, Random Forest, Gradient Boosting,
and K-Nearest Neighbors, finding showed that Random For-
est generally superior in AUC accuracy, though Phosphorous
prediction remained challenging due to dataset limitations.
Some studies also used Decision Tree, KNN, and Naive Bayes
to predict crop yields from factors like soil pH, moisture, sun-
light, and temperature, yet these datasets were often imbal-
anced and provided limited insight into the influence of these
factors on fertility. Importantly, few studies in Ethiopia’s ag-
ricultural sector have incorporated feature engineering to cre-
ate new predictive features, relying instead on pre-existing da-
tasets from the Ministry of Agriculture or other sources. Ex-
isting research also suffers from limitations in study area, data
size, predictor variables, feature selection methods, and han-
dling of imbalanced data. To address these gaps, this study

74

aims to employ advanced machine learning techniques to
identify key characteristics influencing soil fertility in Ethio-
pia, focusing on the Amhara Region (South Gondar zone), and
will explore which attributes are most important for prediction,
which classification algorithms are most suitable, and the pre-
dictive performance of the proposed models [6].

2. Objectives of the Study

2.1. General Objective

The main objective of this research was to analyze soil
properties and predict soil fertility using machine learning
techniques, particularly ensemble learning methods.

2.2. Specific Objectives

1) To identify important soil attributes that affect fertility.

2) To compare different machine learning classification
models.

3) To develop a predictive model that accurately predicts
soil fertility.

4) To improve prediction accuracy using data prepro-
cessing and sampling techniques.

3. Research Methodology

3.1. Dataset Preparation

Collecting and structuring the data that is used for analysis
is one of the tasks that needs close attention in the process of
data mining. The data for this specific research was collected
from National Soil Testing Center in south Gondar Zone
(SGZNSTC). NSTC is established to develop guideline for
fertilizer recommendations based on initial soil fertility status
requirement as one of its major objectives. This in return
achieves one of the goals of the government which is ensuring
food security. In this connection, NSTC work hard with dif-
ferent laboratories in different parts of Ethiopia. These labor-
atories keep data in different soil parameters after field and
laboratory experiments. In the soil, there are different nutri-
ents in different proportion. Soil pH, nitrogen, phosphorous
and organic matter are some of the soil properties (nutrients).
These properties can contribute for effective growth of crops
if they are in sufficient proportion, otherwise, they may cause
damage on the growing crop. Moreover, the most important
crops in South Gondar zone (woreta zuria wereda) such as
wheat, rice, teff and other crops in terms of production and
area coverage. So far, there are a number of records collected
from experiments that have been made in different years.
Among these, 2003 to 2013 data which is recent were chosen
for this particular research since many of the soil parameters
are there and they are also helpful to know the current situa-
tion. The record includes different crops. The original soil
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prosperity data contain 20168 both fertile and not fertile in-
stances and 16 features.
In general the dataset used in this study contained:
1) 20,168 soil samples.
2) 17 soil features such as clay, sand, pH, calcium car-
bonate, and other nutrients.
3) Two classes: fertile soil and non-fertile soil.

3.2. Data Preprocessing

Several preprocessing steps were performed to prepare the

dataset for model training, including handling missing and du-
plicate values to ensure data quality, selecting relevant fea-
tures using correlation analysis, removing highly correlated
features to reduce redundancy and improve model efficiency,
and balancing the dataset using SMOTE (Synthetic Minority
Over-Sampling Technique) to address class imbalance and en-
hance model performance; as shown in the following figure,
the dataset contains sixteen different attributes, and a detailed
explanation of each attribute is provided in the the following
Figure 1.

df = pd.read_csv{ "5G5FFDataset2816.c5v")
df .head()
pH EC 0OC OM H P K Zn Fe Cu Mn Sand Sik Clay CaC03 CEC Fertility
0 774 040 001 001 75 200 27Y90 043 64 021 47 84353 68 5.9 672 7.3 Fertile
1 002 031 002 003 856 157 2470 027 &84 016 56 B804 30 57 451 710 Fertile
2 780 017 002 003 77 G356 2650 046 82 051 &1 8456 4608 =] 1.83 12.52 Fertile
3 836 002 003 005 106 64 1270 060 31 025 253 839 17 4.4 000 180 Non Ferile
4 5356 103 003 005 o5 105 960 031 32 023 441 91.5 41 4.4 8005  7.21 MNon Ferile
Figure 1. Dataset Preparation.
The following Table 1 shows the attributes with their description and data type.
Table 1. Missing Values Handling Method.
S. No Attribute name Data type Description
1 PH Number Soil pH Value
2 EC Number Electric Conductivity
3 oC Number Organic Carbon
4 oM Number Organic Matter
5 N Number Nitrogen Content
6 P Number Phosphorous Content
7 K Number Potassium Content
8 Ze Number Zinc Content
9 Fe Number Iron Content
10 Cu Number Copper Content
11 Mn Number Manganese Content
12 Slit Number Soil Composition
13 Clay Number Clay content of the soil
14 Sand Number Sand content of the soil
15 CaCOs Number Sodium Bi-Carbonate Content
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S. No Attribute name
16 CEC
17 Fertility

It refers to fill in missing values, smooth noisy data, identify
or remove outliers, and resolve inconsistencies. Fill in missing
attribute or class values can be performed by using the attribute

In [78]:

PH
EC
ac
oM

M

p

K

Zn
Fe
Cu
Mn
Sand
5ilt
Clay
Caco3
CEC

Fertility

Data type Description
Number Cation Exchange Capacity
Number Fertile (1) or not fertile (0)

mean (or majority nominal value) or by using the attribute mean
(majority nominal value) for all samples belonging to the same
class.

df .isnull(y . sumi)

e e B B T e % B e e %

o
o oo
@ om m

moE

dtype: intéd

Figure 2. Checking Dataset for null values.

From the above figure, we observed the attribute sand and
silt have a Missing value 180 and 360 respectively. Describe
the above dataset, which shows the minimum value, maxi-
mum value, mean value, count, standard deviation, etc.

Finally, we filled the missing values in our features using
the mean value of each feature, which means we filled the
mean value to handle missing data. Check once more to see if
there are any null values.

In [F1]: df.describe()
out[71]:
pH EC oc oM N P K Zn Fe Cu
count 20165.000000 20165000000 20168000000 20163.000000 20168.000000 20165000000 20167.000000 20165000000 20168.000000 20168000000 201
mean 5.205100 0206200 0106250 0.335445 173.404042 136035601 215455636 0406623 4.5608463 0512631
std 0.541552 0265754 Q172215 0.286620 §1.3750586 5.514757 56.512570 0.265082 1.576525 0.175082
min 6.520000 0.020000 0.010000 0.010000 75.000000 1500000 70.000000 0.040000 1.000000 0010000
26% 5.060000 0.130000 0.030000 0.130000 124.000000 7.800000 145.000000 0.310000 5.200000 0.1530000
60% 8.340000 0180000 0.140000 0.240000 164.000000 10.500000 157.000000 0.460000 4.200000 0280000
76% 3.620000 05360000 0.240000 0410000  215.000000 15700000 265.000000 0640000 6.100000 0440000
max 9.450000 1.550000 0.740000 1270000  275.000000 35600000 450.000000 1.300000 5.100000 0730000

Figure 3. Describe the dataset which shows the minimum value, maximum value, mean value.
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In [74]: 1odf.isnulldy . sum)

out[74]: pH
EC
oc
oM
M
P
k.
Zn
Fe
Cu
M
Sand
5ilt
Clay
CaCo3
CEC
Fertility
dtype: 1nted
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Figure 4. The existence there are any null values.

As shown Figure 3. we observe that there are no null values in any column indicating that the dataset is complete and does not
require any sort of treatment for missing values.

3.3. Identify Outliers

Cleaning data can also be done by correcting inconsistent data.

] [} 95 [] []

’ 90

13 125

100
80

75

00 65 '

[ [ 0 o

Figure 5. The data cleaning to identify possible outliers.

The data of this research share these problems. Hence it is a big loss in the research work. In this specific research,
needs cleaning; without cleaning the data, analysis become data cleaning was performed by consulting the domain ex-
under question and one may arrive at defective output which pert as well as based on the researcher’s own observation.
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There were a number of records whose values of many at- 3.4. Exploratory Data Analysis and Data
tributes were missed. In this case, it is unadvisable to fill all Visualization

these values of attributes.
1) Fertility vs PH

Fertility vs PH

121

10 A

0.8 1

Density

0.4 1

0.2

0.0 T T U T T T T
65 70 15 8o B85 8.0 8.5

pH

Figure 6. The value difference between Fertility vs PH.

From the above figure we observed between pH factor 6 and 8.5 has high forcibility indicators.
2) To understand the dataset's size and as shown Figure 6 below Dataset comprises of 20168 rows and 17 columns and there
were 11168 fertile and 9000 not soil fertile.

10000 4
BOOD 1
E 5000
8
4000 1
2000 -
.D p
Fertility
Figure 7. Understand the dataset's size.
Over-sampling Technique (SMOTE) was used to correct class
3.5. Handling Class Imbalance imbalance in the dataset. SMOTE works by generating syn-
thetic data for the minority class using a nearest neighbor al-
Sampling imbalance can be addressed using under-sam-  gorithm while maintaining the majority class. After applying
pling, which removes instances from the majority class, over- SMOTE, the minority class increased from 9,000 to 11,168
sampling, which increases the minority class, or a combina-  samples, while the majority class remained unchanged.

tion of both techniques. In this study, the Synthetic Minority
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Fertility=1, n=11168 ({50.086%)
Fertility=8, n=11168 (50.0888%)

10000 4

8000 4

G000 4

4000

2000 4

-0.25 0.00 0.25 050 075 100

Figure 8. SMOTE resembling Technique.

the model evaluates the significance of each feature at this stage.
3.6. Feature Correlation We saw in the Figure 9 bellow, the Heatmap and Scatterplot; we
can easily observe that N, OC and OM are highly correlated with
Visualize the correlation of all the features using the heat map 88% and also OC and OM are highly correlated 100.
function of Seaborn. Using filtering metrics (Pearson correlation),

100

075

-0s0

-025

- 000

--0325

-0.50

z
£

e EC oc oM N 3 K n Fe 1} Mn Sand Silt day  Cal03  CEC  Fertiity
075

Figure 9. This figure illustrates feature selection processes.
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3.7. Tools for Predictive Analysis

Python is a free, open-source, generic language that can be
ecasily integrated and improved with additional code, com-
pared to tool suites. In addition, it has good visualization, plot-
ting capabilities, and libraries with complete statistical algo-
rithms. Since Python met all the needs and was easier to use
for the author of the thesis, it was selected as the tool for the
project. The Anaconda environment and Python programming
language were used by the researcher, with label encoding via
the Scikit-Learn package and Python code written within Ju-
piter Notebook.

The researchers attempt to evaluate the three categorization
models in this part using various evaluation indicators. Using
the classification techniques, we developed prediction models
and trained them with training data, then ran test data for each
model and validated them using the confusion matrix, recall,
precision, F1-measure, and Roc curve. Following the evalua-
tion, the results of the categorization models are discussed,
and the research questions are attempted to be answered.

3.8. Building the Predictive Model

The main objective of this study is to use pre-processed la-
beled data to train supervised machine learning classification
models that learn the relationship between input features and
soil fertility status, identify the most relevant attributes, eval-
uate suitable algorithms, and accurately classify soil samples
as fertile (1) or not fertile (0) to determine the best-performing
model for soil fertility prediction.

3.8.1. Dividing the Data Set into Two Parts:
Training and Testing

The researcher will separate the data used to train a model
into two categories: "Training data" and "Testing data." The
'training data set' is used to train the classifier, while the 'test
data set' is used to test it. The researcher wants to divide the
dataset into a training set and a testing set using the function
train test split (). Features, target, and test-size are the three
parameters that must be passed. For consistency and fair com-
parison, we randomly split the dataset into a training set (80%)
and a test set (20%). We used the same test set for all of the
studies to ensure uniformity and fairness in the comparison.
The dataset is separated into two halves in 80:20 ratios. Ac-
cording to this, 20% of the data is utilized for model testing,
and 80% is used for model training.

3.8.2. Proposed Model Development

In this study, three classification algorithms—Random For-
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est, XGBoost, and AdaBoost—were trained and evaluated us-
ing cross-validation on both the original dataset and SMOTE
up-sampled data, optimized through grid search hyperparam-
eter tuning, assessed with a confusion matrix, and the most
accurate model was selected to answer the soil fertility predic-
tion research questions.

(i). Random Forest Classifier

According to [9] to the researchers, the ensemble ma-
chine learning method known as Random Forests (RF) can
aid in classification and regression. It expands the funda-
mental idea of a single classification tree by increasing the
quantity of classification trees used in the training phase.
To classify an instance, each tree in the forest generates its
own answer (vote for a class), and the model selects the
class with the most votes from the forest's trees. One of the
most significant advantages of RF over typical decision
trees is its protection against over fitting, which allows the
model to perform well.

(ii). AdaBoost

AdaBoost is a popular ensemble machine learning algo-
rithm that improves classification accuracy by sequentially
combining multiple weak learners into a strong learner, reduc-
ing bias and variance while iteratively correcting misclassifi-
cation errors, making it an efficient and effective solution for
predictive modeling tasks [10, 13].

(iii). XGBoost Classifier

XGBoost is an efficient and scalable ensemble algorithm
that iteratively combines weak learners using gradient
boosting with regularization to reduce overfitting, improve
prediction accuracy, and minimize residual errors, while in
this study the classification models were trained and eval-
uated on both the original and SMOTE-resampled datasets
using resampling techniques to assess their performance
[11,12].

3.9. Evaluation Model Performance

In this study, model performance was evaluated using ac-
curacy, precision, recall, and F1-score, where accuracy repre-
sents the proportion of correctly classified samples, and the
confusion matrix is used as a performance evaluation tool to
summarize and assess the classification results by comparing
the predicted and actual values of the test data™73¢.

The following Table 2 shows Confusion Matrix for Evalu-
ating Classifier Accuracy.
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Table 2. The classifier accuracy for the confusion matrix of the model.

Predict 1

fertility will be fertile, and it is fertile

or fertile but it is not fertile (type I error)

The confusion matrix evaluates classification performance
by categorizing predictions into true positive (TP), true nega-
tive (TN), false positive (FP), and false negative (FN), which
are then used to compute key performance metrics such as ac-
curacy, precision, recall, F1-score, and area under the preci-
sion—recall curve to assess the effectiveness of the trained ma-
chine learning model [14, 15].

Accuracy = (TP+TN)/(TP+FP+FN+TN)

Precision:-

Precision is a performance metric derived from the confusion
matrix that measures the proportion of correctly predicted pos-
itive cases out of all cases predicted as positive by the model. It
indicates how accurately the model identifies positive samples
and reflects its ability to minimize false positive (FP) errors. A
low precision value means the model incorrectly classifies
many negative (0) samples as positive (1), showing poor relia-
bility in positive predictions.

Precision = (TP) / (TP + FP)

In terms of mathematics, the sole difference between preci-
sion and recall is that recall considers false negatives rather than
false positives.

Recall:-

The recall is the benchmark that can be obtained from the
confusion matrix. This statistic represents the percentage of
positive samples (1) that are properly identified out of all posi-
tive (1) samples fed into the model. To put it another way, this
statistic illustrates how well the model recognizes the positive
cases in the dataset. Equation 3.11 illustrates this metric's math-
ematical representation.

Recall =(TP) / (TP + F N)

Precision, on the other hand, refers to the proportion of rele-
vant results that are correctly classified by the algorithm, whilst
recall refers to the total number of relevant results successfully
categorized by the algorithm. The F1 Score is the harmonic
mean of precision and recall. The precision and recall impacts
are combined to produce the value shown by the F1 score.

F1 Score = 2*Precision*Recall / (Precision + Recall)

True positives (TP): Cases in which prediction is "1," soil

False positives (FP): Cases in which the prediction is "1,"
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0

False negatives (FN): Cases in which prediction is " not
fertile," but actually it is fertile (type II error)

True negatives (TN): Cases in which prediction is "not fertile,"
and it is not fertile

Classification error/misclassification: is defined as the ratio
of the incorrectly recognized (either positive or negative) in re-
lation to the whole sample size. In our study this shows if the
classifiers classify the soil fertility as ‘not fertile (0) and fertile

a

Error Rate (%) = ((FP + FN) / (TP + TN + FP + FN))*

3.10. Implementation Tools

The study was implemented using the Python programming
language within the Jupyter Notebook environment, supported
by the Scikit-learn machine learning library for model develop-
ment and evaluation, and managed through the Anaconda envi-
ronment for package management and reproducibility. These
tools were used for data preprocessing, visualization, and model
development.

4. Key Findings

Important Soil Factors Affecting Fertility

The most important predictors of soil fertility were:

1) Clay content

2) CEC (Cation Exchange Capacity)

3) Calcium Carbonate (CaCO3)

4) Sand content

5) Manganese (Mn)

These variables had the strongest influence on soil fertility
prediction

Model Performance

The performance evaluation of the tested machine learning
models showed that the Random Forest classifier performed
the best among all models used in the study. It achieved an
accuracy of approximately 94.37%, demonstrating its strong
capability in predicting soil fertility accurately. In addition to
Random Forest, the AdaBoost and XGBoost classifiers also
showed high performance, with accuracy levels above 94%,
indicating that these ensemble learning techniques are highly
effective for classification tasks involving soil data. The high
accuracy achieved by all three models confirms that machine
learning approaches are reliable and efficient tools for predict-
ing soil fertility. These results highlight the potential of ma-
chine learning to analyze complex soil characteristics and pro-
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vide accurate predictions, which can support better agricul-
tural planning and soil management decisions.

5. Conclusion

The study successfully demonstrated that machine learning
techniques, particularly ensemble models such as Random For-
est, are highly effective for predicting soil fertility. The results
showed that machine learning models can predict soil fertility
with high accuracy by analyzing complex relationships among
soil properties. Ensemble models, which combine multiple
learning algorithms, provided better performance and more re-
liable predictions compared to single models because they re-
duce errors and improve generalization. Additionally, the study
confirmed that proper data preprocessing, including feature se-
lection and handling class imbalance using sampling techniques
such as SMOTE, significantly improves model performance
and prediction accuracy. These findings indicate that machine
learning can serve as a powerful tool to support farmers and ag-
ricultural experts in making informed decisions about fertilizer
application, soil management, and crop planning, ultimately im-
proving agricultural productivity and sustainability.

6. Importance of the Study

This research is important because it contributes signifi-
cantly to improving agricultural productivity by providing ac-
curate and data-driven methods for predicting soil fertility. By
using machine learning techniques, the study enables more ef-
ficient and precise fertilizer application, ensuring that farmers
apply the right type and amount of fertilizer based on the ac-
tual condition of the soil. This helps reduce unnecessary ferti-
lizer use, which in turn lowers farming costs and minimizes
environmental impact. Additionally, the predictive model de-
veloped in this research serves as a valuable decision-support
tool for farmers, agricultural experts, and policymakers, help-
ing them make informed decisions regarding soil management,
crop planning, and resource allocation. Ultimately, the study
supports sustainable agriculture in Ethiopia by promoting ef-
ficient soil management practices, improving crop yields, con-
serving resources, and enhancing long-term agricultural
productivity.

7. Recommendation

The study recommends the use of machine learning models
as a decision-support tool in agricultural practices to improve
soil fertility assessment and fertilizer management. By inte-
grating machine learning into agricultural decision-making,
farmers and agricultural experts can make more accurate and
data-driven decisions, which can lead to increased productiv-
ity and efficient use of resources. The study also suggests ex-
panding the dataset by including additional soil properties, en-
vironmental factors, and climatic variables to further improve
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the accuracy and reliability of the prediction models. Incorpo-
rating more diverse and comprehensive data will enhance the
model’s ability to generalize across different soil conditions.
Furthermore, the study recommends applying the developed
model to other geographic regions to evaluate its effectiveness
in different agricultural contexts and ensure its broader ap-
plicability. Finally, it emphasizes the importance of develop-
ing real-world applications, such as software systems or mo-
bile-based decision-support tools, that can help farmers easily
access soil fertility predictions and receive recommendations
for improving soil management and crop production.

Abbreviations
AdaBoost Adaptive Boosting
CaCO; Calcium Carbonatefp False Positives
CEC Cation Exchange Capacity
FN False Negative
KNN K-Nearest Neighbors
Mn Sand Content, and Manganese
TN True Negative
TP True Positives
SMOTE  Synthetic Minority Over-sampling Technique
XGBoost  Extreme Gradient Boosting
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