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Abstract

Accurate precipitation forecasting is important for mitigating the impacts of climate variability
in Kenya, where erratic rainfall events considerably affect agriculture, water control, and disaster
preparedness. Traditional methods such as ARIMA (Autoregressive Integrated Moving Average) and
NWP (Numerical Weather Prediction) have been shown to struggle with complex weather patterns
due to linearity assumptions, high computational demands and limited spatial resolution. This
paper developed and evaluated an XGBoost-based machine learning model to enhance precipitation
predictions both long-term and short-term. Utilizing a 20-year weather dataset (2004 - 2024) with
7300 daily data records sourced from online Visual Crossing Weather Data, key features include
temperature, humidity, wind speed, lagged precipitation (1-7), rolling means and seasonal encoding
to capture bimodal rainfall patterns of the months of march-May, and October-December. Data
processing involved min-max normalization of 0-1 range, feature selection, sin/cosine transformations
for seasonal patterns, and temperature- humidity interactions for connective modeling processes.
The dataset used was split with 80% for training and 20% for testing and a temporal split < 2020
for training and > 2020 for testing maintaining the chronological data order. The initial attempts
exhibited poor performance with low R2 = 0.066 and a high RMSE=1.06. The model again was
re-evaluated using XGBoost binary classification shift to predict the likelihood of rain/no-rain
tomorrow. Bayesian optimization and GridSearchCV hyperparameter tuning was applied with default
0.5 threshold adjustment for improved rain class sensitivity using classification metrics and resulted
76.76% accuracy, 70.14% precision, 33.36% recall, 45.12% F1- Score and ROC-AUC 0.75. Post-
tuning accuracy by reducing the threshold to 0.3 to capture missed rainfall events: 73% accuracy,
no-rain precision and recall 81%, 53% rain precision, 54% recall, F1 Score 54%. Temperature-
humidity interaction as the top predictor in feature importance. The results indicated that the
XGBoost-based model with 73% accuracy and 54% recall in forecasting rain/no-rain occurrences
forecasting to support agricultural planning, water resource management and early warning for
disaster preparedness in Kenya’s climate vulnerable regions.
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CHAPTER ONE:INTRODUCTION

1.1 Introduction

Accurate precipitation forecasting is critical for mitigating the impacts of climate change,
especially in Kenya, which is vulnerable to extreme weather events. Many areas in Kenya ,
face challenges such as food insecurity and water scarcity caused by unpredictable rainfall
patterns. Due to ever-increasing uncertainty about global climate changes, precipitation
variability poses a significant effect on the local communities dependent on natural resources,
agricultural practices, and the region’s socio-economic stability (IPCC, 2022) (KMD, 2023).
Kenya’s Climatic and weather conditions extremely contribute to food insecurity and
water scarcity and about 75% of Kenya’s country’s marks . Due to erratic and poor rainfall
patterns, agricultural practices in these regions tend to be unreliable. Scarcity of rainfall
contributes to worsening the situation by increasing frequent and severe droughts influenced
by change of climate hence affecting water availability and agricultural productivity. Surprisingly,
during the rainy seasons, various regions experience floods that disrupt livelihoods, and
damage crops polluting water sources, hence leading to food challenges and water insecurity
(Affoh et al., 2022). Traditional approaches to weather forecasting though valuable, have
shown to fail due to historical reliance on statistical methods to establish correlations between
rainfall and various meteorological factors, such as temperature, wind speed, and humidity,
based on geographic coordinates. Weather prediction has seen a variety of approaches in
recent years based on, traditional approaches Genetic Algorithms and Neural networks but
these fail to capture the complex relationships between various factors that affect weather.
However, rainfall dynamics’ complex and non-linear nature presents inherent difficulties
for accurate weather forecasting due to the complexity of capturing complications of the
growing climate changes. Hence, the need to deploy the use of advanced machine learning
models to develop an accurate weather forecasting model is essential to enhance precipitation

forecast abilities in the regions. The task of unpredictability of climate events poses threats to



local communities and interferes with the communities’ sustainable development. Machine
learning models particularly XGBoost, offer a data-driven approach to enhance forecasting
accuracy due to their ability to handle complex relationships and their ability to handle
large datasets, which has shown promising outcomes in precipitation prediction across
various areas. Despite these strides, there remains potential for refining the accuracy of this
machine-learning algorithm. This proposal outlines the study to develop and evaluate an
XGBOOST model to enhance precipitation forecasting in Kenya focusing on key climatic
variables such as temperature, humidity, wind speed, lagged precipitations (1-7), rolling

means and seasonal encoding.

1.2 Background of the Study

Forecasting precipitation plays a significant role in various sectors including agriculture,
water resource management, and disaster preparedness. In Kenya, many regions frequently
experience extreme weather events that lead to erratic rain patterns, including prolonged
droughts and floods, which intensify food insecurity, hinder economic development, and
disrupt livelihoods (SAMWEL, 2021). Climate change cannot be ignored because its impacts
lead to changes in rainfall and weather patterns, water resources, agriculture, and ecosystems
(Kogo et al., 2021). Traditional forecasting methods, such as (NWP) Numerical Weather
Prediction and ARIMA models, often struggle with data limitations, high computational
costs, and low accuracy in localized forecasts (Rojas-Campos et al., 2023). The increasing
variability in rainfall patterns necessitates advanced data-driven approaches to improve
precipitation prediction accuracy. Kenya is located in East Africa. It is part of the Eastern
region of the African continent, located below the Sahara desert, defining the characteristics
of sub-Saharan Africa. Most of its regions are susceptible to the effects of climate change
which affect precipitation due to the mono-culture of rain-fed agriculture and minimal
water resources (Pello et al., 2021) (Owino, 2022). For years, forecasts of this nature such

as Autoregressive Integrated Moving Average (ARIMA) models and General Circulation



Models (GCMs) have been used severally for decades in weather patterns, particularly
precipitation forecasting. ARIMA models are quite popular in the business domain mainly
because they are easy to use and give better results in time series compared to other models
however, they are very basic and limited for the non-linear climate dynamics and interactions
(Kontopoulou et al., 2023). Since GCMs forecast the specifics of the global climate, they
may provide complex simulations of climate change. However, because of their high
computational requirements and lack of visibility for regional rainfall forecasting, they
have several limitations. Utilizing historical weather datasets, the machine learning models
seek to provide reliable climate forecasts to help in managing water resources, as well as

agriculture planning for people living in these areas.

1.3 Statement of the Problem

Regardless of climate science advancement, many traditional forecasting models seem to
struggle in incorporating various datasets and adjusting to the rapidly climate conditions
changes. The application of the XGBoost modeling technique is crucial to improve climate
predictions and facilitate effective preparedness. The ever-growing vulnerability to climate
change and variability in Kenya poses threats to agricultural productivity and livelihoods due
to water scarcity. In many cases, traditional water management and agriculture fail to adjust
the rainfall pattern unpredictability, extreme droughts, and floods. The effects of weather
variability and change in Kenya’s regions lead to land degradation, insufficient weather
data access, and poor infrastructure, which cause the communities to struggle to create
sustainable strategies for water management, food security, and adaptation to weather change.
As a result, communities in semi-arid regions struggle to develop sustainable strategies for
water conservation, food security, and resilience to climate change. The competency by
the currently employed traditional weather forecasting techniques like Numerical Weather
Prediction (NWP), synoptic forecasting, and analog methods to sufficiently predict the

short and medium weather patterns within the regions and understanding that the numerical



weather prediction is dependent on extensive observational data that may be lacking, its
substantial computational demands making real-time prediction a problem, and its coarse
spatial resolution, which usually fails to accurately capture localized weather phenomena.
This problem presents a need to address this gap by applying the XGBoost Machine learning-
based forecasting model to improve the reliability and accuracy of precipitation forecasts,

hence aiding stakeholder decision-making and disaster preparedness in Kenya.

1.4 Project Objectives

1.4.1 General objective

To develop and evaluate XGBoost Machine Learning models to improve the accuracy of
precipitation forecasting in Kenya.

1.4.2 Specific objectives

i. Evaluate the performance of the XGBoost model in precipitation prediction trends

using temperature, humidity, wind speed, and lagged precipitation as key variables.

ii. Optimize the XGBoost model via hyperparameter tuning to enhance precipitation

forecasting accuracy.

i1i. Assess the implications of the enhanced forecasts in agriculture, water control management,

and catastrophe preparedness in Kenya.

1.5 Research Questions

i. How can XGBoost be used to predict precipitation based on humidity, temperature,

wind speed, and lagged precipitation as key variables?

ii. The performance of XGBoost in precipitation forecasting can be enhanced using

which optimization method?



iii. Agricultural planning, water control management, and catastrophe preparedness can

be informed how using the improved precipitation forecasts.

1.6 Significance of the Study

This research significantly contributes to the field of precipitation forecasting by addressing
the traditional prediction techniques and promoting Machine Learning algorithms (ML).
Enhanced forecasting capabilities can be can inform irrigation practices, schemes for crop
rotation and measure water conservation hence improving food security. By identifying
and forecasting the extreme weather occurrences such as drought and floods, the study
also provides actionable insights for mitigating the effects of climate variability affecting
vulnerable communities (Gleick and Cooley, 2021). The findings can aid policymakers
in developing strong preparedness and strategies for allocating resources hence promoting
resilience to climate change. Applying Machine Learning models offers a scalable solution
that expands climate resilience to Kenya regions facing environmental challenges. The use
of Machine Learning algorithms for precipitation forecasting in this study offers a better
approach to overcoming the limitations of traditional techniques, setting a benchmark for the
advanced machine learning models’ performance in precipitation prediction, hence leading
to insightful effectiveness for short-term, medium-term, and long-term predictions. The
findings of this research will establish vital assumptions regarding agricultural planning
and water control management in Kenya through precise precipitation forecasts from the
XGBoost model which enhances agricultural planning by predicting weather factors that
impact water resources and crop yields in targeted regions ((Sarma et al., 2024)). Mainly used
in crop production and irrigation scheme decision-making processes Enhanced Prediction
allows better decision support. This research establishes dependable precipitation forecasting
to help regions in Kenya effectively manage their water resources since they practice rain-fed
agricultural systems (Deo et al., 2022). The study results enable policymakers together

with stakeholders to recognize why advanced forecasting methods are vital for building



climate resilience and disaster readiness (Abisha et al., 2022). The research evaluates how
these models affect computational resources as well as resource constraints so scientists can
create a practical implementation path for advanced prediction methods in areas of limited
resources. The research study fills an existing gap in the literature review by demonstrating
experimentally that Machine Learning algorithms deliver effective precipitation forecasting
results in Kenya. The application of XGBoost Machine learning model in environmental

science research becomes more comprehensive through this study. This fills the gap in the

literature review, providing empirical proof of the effectiveness of using Machine Learning
algorithms for precipitation forecasting in Kenya. This provides a broader understanding
of how the XGBoost Machine learning model can be applied in environmental science

research.

1.7 Expected Outcomes of the Study

This study aims to develop an XGBoost-based model for precipitation forecasting to improve
the precipitation accuracy of precipitation predictions in Kenya. The XGBoost model is
expected to outperform the traditional and statistical approaches, hence providing dependable

short-term and long-term precipitation forecasts.
1. Enhanced precipitation prediction accuracy.
ii. Optimize the model using Hyperparameter tuning.
iii. Improve agricultural and water resource planning.
iv. Scalability and applicability for real-world use.

v. Contribution of machine learning in precipitation prediction



1.8 Justification of the Study

There are gaps and challenges that exists in the study in precipitation prediction and strategies
to adapt due to climate differences in Kenya regions. Traditional techniques fail to handle
complex dynamic climate conditions, they rely on past weather events and are statistical
based ARIMA, and struggle to predict short, and Medium-term precipitation patterns.
Therefore XGBoost machine learning algorithm offers a data-driven solution to these
challenges because of the models ability to handle non-linear interactions and enhance

prediction accuracy.

1.9 Scope

The research utilizes a 20-year historical weather data with temperature, humidity, wind
speed, lagged precipitations as the key variables. The study involves collecting and analysing
historical weather data to develop and optimize the XGBoost Model. It will consider the
possible limitations and challenges associated with Machine Learning (ML) models in
the current weather prediction system. The study research imply the model development,
training and evaluation employing historical weather data from Visual Crossing weather data

web, to show hoe the XGBoost Model can enhance precipitation prediction successfully.

1.10 Limitations of the Study

While this study aims to improve precipitation forecasting, it is crucial to acknowledge the
limitations that may affect the research outcomes. The accuracy of ML models depends
on the quality and the totality of historical weather data, which may be incomplete or
noisy. Machine Learning models require significant computational resources for training
and evaluation. Limited access to such resources may restrict the complexity of the models
that can be implemented and affect the study’s ability to explore the full range of model

configurations. The findings derived from the study may apply differently to different



regions due to climate disparities. Further research may be required to apply the results to
different places with different precipitations patterns. The study is restrained by a specified
period for collecting, model development, analysis. The research period may limit the
scope of the study, affecting the interpretation of the analysis and the models that can be
tested. The availability of time may not allow the thorough exploration of hyperparameters
that are possible for the model. The interactions between the variables which include
temperature, humidity, wind speed, and lagged precipitations can be tedious to model due to
the complex interactions between these variables. Weather systems are inherently complex
and influenced by many factors, making accurate predictions challenging. Capturing the
effects of micro-climates or local weather variations may not be fully captured, as machine
learning methods rely on historical data patterns, and may struggle with rare or high weather

irregularities.



CHAPTER TWO: LITERATURE REVIEW

2.1 Introduction

The main subject of this chapter involves the development process for machine learning
models including the examination of the XGBoost Model Approach to boost precipitation
forecast accuracy, and the XGBoost Model serves as the primary focus to develop precipitation
prediction capabilities within Kenya. General Circulation Models and Autoregressive
Integrated Moving Average (ARIMA) have been extensively used for over years but they
have experienced challenges because they struggle when operating with complex datasets
or complex climate patterns. Autoregressive models represent a common solution for time
series forecasting because data linearity is one of their core assumptions as they make
predictions by combining previous observations with error terms. The main limitations of
Autoregressive models lead to substantial performance issues which occur during model
predictions of non-linear climate changes together with complex meteorological system
relationships (Khodakhah et al., 2022). Advanced modeling systems such as General
Circulation Models (GCMs) serve as tools that stimulate climate processes in the Earth
System, and their approach takes various physical sea and land phenomena into account. A
detailed simulation of worldwide climate appears in GCMs yet their performance comes with
large computational needs. Systems experience two primary limitations which include heavy
computing needs and restricted ability to predict small geographic areas. The XGBoost
machine learning model represents one of several data-driven tools that use XGBoost as their
primary data-processing system. XGBoost enables processing of enormous data volumes
and excels at detecting complex patterns so it produces better predictions. The machine
learning models find applications as their domain expands through forecasting performance
operations. This review investigates precipitation forecasts with XGBoost models on top
of their ability to predict. It investigates modern machine models and their use in climate

forecasting as well as their implementation in weather prediction systems of Kenya. These



algorithms handle specific challenges that occur throughout different regions of Kenya,

which face unique difficulties caused by significant variations across this area.

2.2 Machine Learning Algorithms in Precipitation Forecasting

Machine Learning (ML) has transformed has transformed predictions by enabling the models
to capture complicated relationships between precipitation variables, and making predictions
more improved in terms of accuracy. Support Vector Machine (SVM) , Random Forest
(RF) , and XGBoost machine learning models have critically expressed their potential in
recording non-linear relationships and the improvement of prediction accuracy. But, the
XGBoost model outperforms them as the leading model because it is more robust, more
scalable, and excellent in handling tabular datasets (Mishra et al., 2024). On the other hand,
combining multiple machine learning algorithms to make an ensemble model, the XGB
model as a standalone which inherently incorporates Gradient Boosting to boost the model’s

performance, hence improving the prediction accuracy.

2.2.1 XGBoost in Machine Learning

XGB is an advanced implementation of gradient boosting that via system optimization
and algorithm enhancement, increases performance and speed. (Sagi and Rokach, 2021).
XGBoost machine learning algorithm has been defined by scholars as a high-performing
machine learning algorithm that has been used in different field successfully including
finance, healthcare and in metrology field, because of its ability to handle non-linear
relationships, ability to handle missing data values efficiently, thus managing overfitting
and providing accurate predictions, making it fit specifically for precipitation forecasting
(Babu Nuthalapati et al., 2024). Studies show that XGBoost builds decision trees sequentially,
with each tree correcting the errors of its predecessor and adjusting the prediction accordingly.
This iterative process enables the gradient boosting to calculate the residual errors and fit

new trees to minimize the errors while optimizing feature selection, hence making it a robust
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choice for climate forecasting. Scientists have also pointed out the ability of the XGBoost to
handle missing values effectively because it incorporates inbuilt imputation methods, which
expand the degree of data integrity without requiring a specific imputation approach. L1 and
L2 standardization techniques play an important role in controlling overfitting and hence

securing the models’ standardization to hidden weather data.

2.2.2 Identifying Climate Vulnerabilities and Risks

This sub-section identifies the particular vulnerabilities and risks associated with climate
variability, using the forecasting results. The attention is on a focus on climate risks
associated with droughts and floods, and other extreme weather events, and how the reliable

forecasts can aid climate risk management strategies (Affoh et al., 2022).

2.2.3 Formulating Agricultural Adaptation Strategies

Forecasting data can also be applied to agricultural decision-making and, thus, formulating
improvement strategies to maximize crop yield and food security is essential. Factors such as
crop rotation, selecting drought resistant crops, and sustainable irrigation (based on climate

forecast) are important for implementing viable strategies (Habib-ur Rahman et al., 2022).

2.2.4 Water Resource Management Strategies

Developing Water Resource Allocation Strategies Water resources required for rain-fed
dependence are essential and require effective management strategies. This is a sub-section
that provides viable and sustainable water use practices including developing resource
allocation practices, irrigation practices and building water storage facilities based on

precipitation forecasts (Gleick and Cooley, 2021).
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2.2.5 Policy Development and Implementation

The information generated by using precipitation forecast data can provide increased
resilience policies towards climate vulnerability. For example, useful frameworks that
can be developed as part of policy frameworks would be disaster preparedness, resource
efficiency and community (Parmesan et al., 2022). Reliable precipitation forecasting can
provide increased resilience policies that can enhance decision making related to climate
vulnerability. Reliable forecasting can stimulate and develop disaster preparedness, manage
and ambiguous water resources and use crops and manage crop production according to
the proper seasons and not in situations of urgency. Furthermore, it is widely accepted
that reliable forecasting would provide enhanced early warning capability to communities
and provide smart resource allocation as well as support the implementation of community
engagement adaptation strategies. Studies have demonstrated that policy frameworks can
focus on sustainable adaptation factors related to rainfall variability when further increasing
the knowledge that has been generated from machine learning-based rainfall forecasting
(Anwar et al., 2021) (Mishra et al., 2024). The various policy opportunity development can
utilize water precipitation forecasts that includes innovative approaches using XGBoost as a
single model to formalize policy tools using drought and flood-based climate predictions to

ensure better data generation and evidence-based decisions.

2.2.6 Community-Based Initiatives

Local communities must actively participate in adaptation strategies for them to achieve
success. The implementation of community-based programs features farmer training as
well as joint local weather pattern assessment through Indigenous techniques and scientific
measurements to strengthen resilience (Kilonzo, 2022) (Okedele et al., 2024). The local
community has mapped regions that require precipitation forecasts to develop adaptation
strategies (Oino and Musau, 2024). In addition, integrating Indigenous knowledge with

scientific forecasts has been acknowledged as an important element in formulating effective
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adaptations to weather emergencies in Africa, particularly in Kenya. This method improves
the reliability of the forecast, ensuring that local communities can better anticipate and
respond to irregular precipitation. Also, there has been community-led mapping that

highlighted areas needing precipitation forecasts for the preparation of adaptation schemes.

2.3 Theoretical Framework

This study uses the theoretical framework of supervised learning, which is trained with
labeled historical weather data to make predictions of future precipitation. Gradient boosting
theory underpins the work of XGBoost to show how sequential decision trees combined will
perform better than a single decision tree, adding new sequential decision trees that correct
each other’s errors. Finally, feature selection theory informs the approach by emphasizing the
importance of identifying the subset of important weather variables that can help optimize
certain aspects of prediction accuracy (e.g., temperature, humidity, wind speed, and lagged

precipitation).

2.4 XGBoost Theory

XGBoost is an enhanced ML algorithm that uses the framework of gradient boosting.
XGBoost maximizes forecasting performance by building decision trees sequentially,
where each successive tree corrects for errors made by the worse performing trees. At
its core, XGBoost uses additional standardization methods such as L1 (lasso) and L2 (ridge)
regularization techniques which help to avoid overfitting the model while also maximizing
generalization during the model building process. The additional regularization used by
XGBoost also allows for processing by handling missing values and can process more data
efficiently than other methods, justifying the need to use it for precipitation prediction.
XGBoost differs by reducing a loss function and uses gradient descent and adaptive learning
to build the model to provide accurate and reliable precipitation forecasting based on

historical weather data.
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2.5 Conceptual framework

The conceptual framework determines the link between weather variables, ML methods,
and predictions/outputs. Weather independent variables such as temperature, humidity,
wind, and lagged precipitation, rolling means and seasonal encoding are input features to be
generated into the model. The XGBoost feature is the predictions method for the processor
of the inputs, which will be able to provide accurate precipitation forecasts. The dependent
variable is the predicted precipitation parameter then can enable better decision making
related to agricultural management practices, water resource management, and disaster

management in the broader sense.

HISTORICAL WEATHER DATA (2004 - 2014)

INDEPENDENT
VARIABLES
DEPENDENT

- Temperatu XGBOOST MODEL

VARIABLE
=
- Humidity Predicated
- Wind Precipitation
Speed (Output)
- Lagged
e MEDIATING VARIABLE

precipitati

@l Cloud Cover

- Rolling

Figure 1: Conceptual Framework.
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2.6 Research Gap

The analysis of existing precipitation forecasting systems shows considerable development
and also significant gaps that this study aims to fill. Most of the current literature uses
statistical approaches or machine learning models for the purpose of rainfall predictions.
These systems have limitationsin their ability to manage the complexity and variability of
weather data. For example, traditional time series approaches such as ARIMA or natural
singular machine learning methods (the list ofwhich is long) may prove insufficient at the
task of taking into account the various interactions between weather variables. Individual
application of recent algorithms such as XGBoost, although very promising, also suffers from
lack of accuracy and reliability. While powerful, it suffers from overfitting, missing data,
and computational inefficiencies on ever-more-burgeoning big climate datasets. However,
recent advances especially in machine learning

XGBoost offer a promising choice however have not been largely studied in the context
of regional precipitation forecasting in Kenya. Therefore, this study seeks to bridge this gap
by developing and optimizing an XGB model customized for Kenya’s weather conditions

while addressing forecasting accuracy and computational efficiency challenges.

2.7 Empirical Study

This section provides some relevant empirical studies regarding precipitation prediction
in predicting the weather using advanced ML Models like RF, XGBoost, and SVM. The
studies related to weather forecasting, discussing approaches, results, and the factors that

played a role in model development.
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Table 1: Summary of Empirical Study

Author(s) Study Title | Methodology | Findings Gap
&Year
Aydin & | Performance | XGBoost- Shown Further
Ozturk analysis  of | based improved validation s
(2021) (2022 | XGBoost imputation classification | needed for
classifier with | for handling | accuracy with | large-scale
missing data | missing XGBoost’s meteorological
values native weather
handling of | datasets.
missing data
Anwar, M. | Rainfall Gradient Discovered Need for
&Winarno prediction boosting for | that XGBoost | additional
(2021) using extreme | weather improves comparison
Rainfall gradient forecasting both  short- | with deep
prediction boosting term and | learning
using extreme long-term models for
gradient precipitation | long-term
prediction precipitation
accuracy forecasting
accuracy
Kontopoulou | A Review of | Comparative | ML Need for
et al. (2023) | Traditional analysis  of | techniques, region specific
Models Traditional particularly model
(ARIMA, Models and | XGBoost, optimizations
GCMs)  vs. | ML models generally
Machine outperform
Learning other ML
Approaches model  and
for Time traditional




Serie Models in
precipitation
prediction
Mishra et al. | A Review of | Time series | XGBoost Limited
(2024) Traditional modeling provided high | evaluation of
Models using predictive feature
(ARIMA, XGBoost accuracy for | selection
GCMs)  vs. rainfall impact on
Machine forecasting climate
Learning forecasting
Approaches
for Time

Series




3 CHAPTER THREE: METHODOLOGY

3.1 Introduction

This chapter details the approach of the methodology to achieve the study objectives,
basically developing and implementing an XGBoost-based ML model for improving
precipitation forecasting in Kenya. The study employs a quantitative, data-driven paradigm
using historical weather data to predict daily precipitation amounts through regression-based
forecasts and to classify whether events result in rain or no rain, utilizing a temporal split
(< 2020 > 2020) for temporal realism. It details the research paradigm, emphasizing the data
collection, preprocessing and analysis, population and sampling techniques, feature selection,
model design, model development, evaluation criteria, and development, addressing the
challenges faced in Kenya regions due to bimodal rainfall events of long rains during
the months of may to march and October to December short rains . The chapter also
outlines details on the basic learner used in XGBoost, the tools and software used in the
implementation process utilized, and the Ethical considerations relevant to the research,
ensuring a structured and reproducible workflow, compliant with the Kenya Data Protection

Act (2019).

3.2 Research Design and Paradigm

The research project used a quantitative research design under the positivist paradigm,
focusing on predictive modeling using the XGBoost algorithm. The approach involved
training and testing the model on historical weather data to forecast rainfall occurrence (rain
= 1, no rain = 0). This design enabled objective model evaluation based on performance
metrics, including accuracy, precision, recall, and F1-score, and benchmarking against

multiple linear (Ridge) regression and ARIMA to assess performance.
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3.3 Population, Train-Test Split Technique
3.3.1 Population

In this time series dataset, population refers to all observations available for the research
project, that include all historical records for temperature, wind speed, humidity, lagged
precipitations, seasonal encoding, etc. with a given period of time. The population for
this study comprised approximately 7,300 daily weather observations recorded between
January 2004 and March 2025. To ensure temporal integrity, a chronological train—test split
was applied. Approximately 80% of the data (2004—2020) was used for training, while the

remaining 20% (2021-2025) served as the test set to evaluate model performance.

3.3.2 Train-Test Split Technique

The methodology employed a Chronological Split approach to maintain chronological order.
The dataset was divided between train and test subsets as j=2020 train and ; 2020 test,

preserving the temporal sequential weather observations.

3.4 Data Collection

Data collection involved sourcing a 20-year weather dataset from the historical Visual
Crossing National Weather Database which provides both historical and real-time weather
data (Visual Crossing, 2025). The data sourced includes daily temperature measurements,
humidity, wind speed, and data points of previous precipitation that directly impact precipitation.
The data was carried through legit meteorological report verification by confirming consistency

and completeness.
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3.5 Data Processing
3.5.1 Data Cleaning

Data Cleaning involved missing data handling using the intrinsic XGBoost imputation
methods, outlier detection using box plots to maintain data quality, inconsistencies, and
correction using the available patterns contained in the data to predict missing information
(Aydin and Ozturk, 2021) This technique was used to maintain data integrity and improve
the accuracy of predictions. Redundant records and sensor faults were verified and excluded
for enhanced quality of data. It has an inbuilt process that can cope up with missing values
during training as it does not involve explicit imputation, but it learns the optimal direction
for missing trees when building decision trees automatically. This technique was used to
maintain data integrity and improve the accuracy of predictions. Redundant records and
sensor faults were verified and excluded for enhanced quality of data. It has an inbuilt
process that can cope up with missing values during training as it does not involve explicit
imputation, but it learns the optimal direction for missing trees when building decision trees

automatically

3.5.2 Data Transformation

Data normalization process was applied to achieve data consistency for different climate
variables. The normalization procedure reduces data distortions that stem from varying units
and measurement scales between variables. Through min-max scaling techniques data values
were transformed to a range from zero to one to prevent domain-biasing by maintaining
equal contribution of all features during the learning process, and feature engineering using
lag-1 to lag-7 to record persistence of rainfall, sin/cosine transformations of month and
day of the year was applied to record the bimodal periodic variations of March to May and
the October to December and the relationship such as Humidity-temperature to model the

convective interactions.
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3.5.3 Scaling and Normalization

Normalization via min-max scaling transforms values into a range from O to 1 applied to
prevent high variables from controlling the model while maintaining feature equality for the

learning process

3.6 Feature Selection:

The most crucial predictors for accurate climate predictions are selected through feature
selection methods. Features will be engineered to record temporal, seasonal and meteorological
patterns for predicting precipitation using 7-lagged features for bimodal model seasonality,
the interaction feature will capture convection changes of rainfall, Regression handling
precipitation and classification for binary whether it will rain tomorrow or not. The
intrinsic feature importance ranking of XGBoost enables identification of critical variables
which results in keeping only relevant features. The model becomes more efficient after
successively removing irrelevant features (Awad and Fraihat, 2023) who describe this
technique as a dimensionality reduction method. Seasonal The final set of parameters used
in the model include temperature, humidity, wind speed, and precipitation, which are the

most powerful variables for climate prediction.

3.7 Model Development

The precipitation (rainfall) variable was transformed to predict next day rain. The first step
involved preprocessing through parsing the date column into a standard date-time format,
setting it as the index, converting column names to lowercase, and removing the white-
spaces trailing. All recorded zeros in the precipitation days were retained to maintain the
balance between no-rain and rain categories. Thereafter, feature engineering was conducted
to improve the predictive capability of the model. This involved creating lag variables

to capture the persistence of rainfall over the previous week. Using the sine and cosine
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transformation of the month and day-of-year, seasonal characteristics were represented to
model the bimodal patterns of rainfall. A further interaction feature integrating temperature
and humidity was added; this was key in reflecting their joint impact on convective rainfall.
Through shifting the precipitation column backwards by one day and assigning 1 to values of
precipitation above 0, the target variable was generated. Thereafter, rows containing missing
values that resulted from lag creation and shifting were deleted. The numeric variables
were then normalized to a range of 0 and 1 using MinMaxScaler. The set was then split
into training 80% and testing 20% subsets without shuffling; this helped preserve temporal

ordering.

3.7.1 XGBoost Model Performance Evaluation

The initial XGBoost model via regression metrics aimed to predict daily precipitation
amounts, however it reflected low results thus low predictive capability using the same
engineered features. The model was re-evaluated to XGBoost binary classification to
forecast the occurrence of rain/no-rain and the XGBoost binary classification simplifies
the forecasting while maintaining the practical applications such as agriculture and water

management practices.
3.7.2 Classification Formulas Metrics

3.7.3 C(lassification Formulas and Metrics

The XGBoost via binary classification predicts rain probability using a logistic function

based on the ensemble of decision trees. The probability P(y = 1|X), calculated as:

1

Ply=1X)=1""7x

)

where f(X) = boosted tree ensemble output; to classify rain 1 / no rain 0
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1 ifP>46
Predicted Class = (2)

0 iftP<4

The XGBoost model performance was evaluated using binary classification metrics, with

F1-Score showing the balance between precision and recall for the imbalanced rain class.

Precision: Measures the accuracy of positive predictions:

. True Positives
Precision = — — 3)
True Positives + False Positives

Recall: Measures the ability to detect all positive instances:

Recall — ."ljrue Positives ‘ @
True Positives + False Negatives

F1 Score: Balances Precision and Recall, critical for the imbalanced rain class:

Precision x Recall
F1 Score = 2 x rec%s%on cca 5
Precision + Recall

ROC = Area Under the curve (True Positive Rate vs False Positive Rate)

3.8 Model Validation and Evaluation

The evaluation of machine learning models were made possible through the Python libraries
Scikit-learn and also through Pandas and NumPy alongside Matplotlib and Seaborn. The
essential package for this study is Scikit-learn because it provides tools for model evaluation
and cross-validation and performance metrics functions. The data manipulation components
use Pandas libraries while numerical operations run under NumPy libraries. To visualize
results Matplotlib and Seaborn serve as the selected packages which help present work

efficiently through Pandas data loading. The code implements a function for model testing
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purposes. The XGBoost Binary Classifier model was validated using a chronological train-
test split, with 80% of the 7,300 daily weather records (< 2020) allocated for training
and 20% (> 2020) for testing. This method successfully preserved the temporal sequence
of the data, ensuring the integrity of lagged precipitation features (Lag 1 - lag 7) and
seasonal encoding, a critical achievement for accurate forecasting in Kenya’s climate-
vulnerable regions. Validation included threshold tuning to optimize the decision boundary
for rain/no-rain classification, minimizing overfitting by maintaining temporal consistency
and optimizing model complexity. Performance was evaluated using accuracy, precision,
recall, F1 score, and ROC AUC to assess the model’s ability to distinguish rain from no-rain

events.

3.9 Optimizing the XGBoost Model via Hyperparameter Tuning

Hyperparameter tuning was performed via GridSearchCV and adjusting the parameters along
with the number of estimators and learning rate, with maximum depth and a subsample of
0.8. The classification threshold was tuned to improve rain detection, balancing the precision
and recall considering the dataset imbalance. The XGBoost binary classification model

demonstrated good performance in distinguishing between rain and no-rain cases.
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Practical Implications: The practical use of XGBoost machine learning technology
for climate forecasting extends across multiple commercial industries. Individuals engaged
in agriculture employ improved precipitation forecasting to set both planting dates and
irrigation periods which minimize crop damage from weather uncertainties. Water management
reservoirs benefit from exact predictions through their use to allocate water resources
properly and develop protective water-saving strategies. Severe weather alerts in disaster
preparedness allow authorities to take immediate action which minimizes the effects of
floods droughts and storms. Various industry stakeholders can achieve sustainable and

precipitation-resilient goals through using reliable prediction information.

3.10 Ethical Considerations

The study adhered to ethical guidelines and legal policies using secondary data from Visual
Crossing weather data. Data privacy was ensured by complying with the terms and use
and proper citing. Permission for conducting the research was obtained from the National
Commission for Science, Technology and Innovation (NACOSTI). To minimize bias, the
model (XGBoost Binary Classifier) was developed using min-max normalization for fair
scaling, ensuring transparent and reliable precipitation predictions for Kenya’s climate-

vulnerable regions.
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4 CHAPTERFOUR: MODEL DEVELOPMENT, ANALYSIS

AND RESULTS

4.1 Introduction

The chapter presents the findings of the machine learning model used to forecast precipitation
patterns in Kenya, covering between 2004 and 2024, with 7300 daily data records sourced
from online Visual Crossing Weather Data, and including the key meteorological features:
Temperature, Humidity, Wind speed and Lagged Precipitation values, seasonal encoding
and rolling means. This study applied a binary classification approach to predict rainfall
occurrence on the next day using historical weather data. The original goal was to forecast
daily precipitation amounts using XGBoost for time series regression. However, preliminary
experiments revealed limitations in the model, particularly in capturing extreme rainfall
events and seasonal dynamics within the dataset. Evaluation of the model performance
was done using four primary metrics including Root Mean Squared Error (RMSE), Mean
Absolute Error (MAE), and the R-squared (R2). Regression-based forecasts exhibited
low R-squared values and high root mean squared error (RMSE), making it less suitable
for operational decisions in disaster preparedness and agricultural planning. Due to poor
outcomes using XGB regression, the model shifted to XGBoost binary classification to
predict the likelihood of rain, that is, whether it will rain tomorrow or not. This shift

improved model interpretability, robustness, and relevance for real-world decision-making.

4.2 Data Analysis

4.3 Data Cleaning

Dates were parsed and converted into a proper date-time format to enable time-based
operations, and the dataset was sorted chronologically. Only records with precipitation

greater than zero were retained to focus on rainfall events. The date-time column was set as
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the index to facilitate time series analysis, and column names were standardized by stripping
spaces and converting them to lowercase for consistency. Missing values were checked, and

any incomplete records were removed to ensure data quality before modeling.

4.4 Exploratory Data Analysis
4.4.1 Descriptive Statistics

The first step involved summary statistics for the four variables of interest. As expressed in
table 1, the average temperature for the country was 66.94 (SD = 2.41) with the minimum
and maximum records being 58.20 and 76.20 respectively. The small deviation, though
showing steadiness in the value of temperature, is large enough to express worry in terms
of climate change. The second variable, humidity, recorded 77.03 (SD = 7.56) on average
with maximum and minimum values of 37.60 and 96.40 correspondingly. In terms of
precipitation, the average was .29 (SD = .60) with the large standard deviation expressing
irregularity in rainfall patterns, suggesting the need to establish accurately predicting models.
The final wind speed, recorded an average of 15.68 (SD = 6.13) with a large variation
recorded in minimum and maximum values of 2.90 and 117.40, a factor attributed to the

different wind patterns within Kenya.
Table 2: Summary Statistics of Weather Dataset
Statistic Temp Humidity  Precipitation Windspeed

Count 2246.000000 2246.000000 2246.000000 2246.000000
Mean 66.940338 77.030855 0.288359 15.675334

Std 2.409488 7.559530 0.603790 6.130008
Min 58.200000 37.600000 0.004000 2.900000
25% 65.500000 72.600000 0.020000 12.100000
50% 66.900000 77.900000 0.079000 15.000000
75% 68.500000 82.400000 0.311000 18.200000
Max 76.200000 96.400000 8.661000 117.400000

27



4.4.2 Time Series Analysis

The second analysis involved time series analysis for the four variables of interest. As
expressed in figure 1, there were inconsistent patterns in the values of temperature, humidity,
precipitation, and wind speed. The level of irregularity, specifically in terms of precipitation,
suggest the need of models that capture complex and non-linear patterns, justifying the use

of XGBoost ML modeling in prediction.

Time Series of Weather Variables

Temperature Humidity

62.5 4

60.0

575

Precipitation Windspeed
120
&8
100
51 80
] ]
=2 = 60
i -
40
2
20
1 0
2004 2008 2012 2016 2020 2024 2004 2008 2012 2016 2020 2024

Figure 3: Time series analysis for Weather Variables

Precipitation was highly skewed to the right, showing that most values were low while
temperature values were skewed on both tails. Humidity on the other hand, was skewed to
the left showing that most values were high, while wind speed values were mainly low as

observed from the upper tail skewness.
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4.4.3 Data diagnostic and transformation

Having understood the data patterns, the next step involved checking for outliers, extreme
values within the data. This was important in confirming whether standardization is needed to
enhance precision. he existence of outliers called for Min-Max scaling which was conducted
prior to model development. Other than outliers, the data was checked for missing values

which were O for all variables.
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4.5 Model Development

The precipitation (rainfall) variable was transformed to predict next day rain. The first step
involved preprocessing through parsing the date column into a standard date-time format,
setting it as the index, converting column names to lowercase, and removing the white-

spaces trailing. All recorded zeros in the precipitation days were retained to maintain the
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balance between no-rain and rain categories. Thereafter, feature engineering was conducted
to improve the predictive capability of the model. This involved creating lag variables
to capture the persistence of rainfall over the previous week. Using the sine and cosine
transformation of the month and day-of-year, seasonal characteristics were represented to
model the bimodal patterns of rainfall. A further interaction feature integrating temperature
and humidity was added; this was key in reflecting their joint impact on convective rainfall.
Through shifting the precipitation column backwards by one day and assigning 1 to values of
precipitation above 0, the target variable was generated. Thereafter, rows containing missing
values that resulted from lag creation and shifting were deleted. The numeric variables
were then normalized to a range of 0 and 1 using MinMaxScaler. The set was then split
into training 80% and testing 20% subsets without shuffling; this helped preserve temporal
ordering. XGBoost was then developed and configured with 300 estimators, a learning rate
of 0.05, a maximum tree depth of 5. Both columns and rows sub-sampling rates were set at

0.8. Log loss and used as the assessment metric during training.

4.5.1 Data Preprocessing

This included data cleaning and data standardization to prepare it for analysis. This includes
parsing the date column into a standard date-time format and set as the index to maintain the
temporal sequence. Column names were converted to lowercase, and trailing white spaces
were removed for consistency. All zero-precipitation records were retained to preserve the
balance between rain and no-rain categories, preventing class imbalance that could bias the

model.

4.5.2 Feature Engineering

Feature engineering was conducted to improve the predictive capability of the model. This
involved creating lag variables to capture the persistence of rainfall over the previous

week. Using the sine and cosine transformation of the month and day-of-year, seasonal
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characteristics were represented to model the bimodal patterns of rainfall. A further
interaction feature integrating temperature and humidity was added; this was key in
reflecting their joint impact on convective rainfall. Through shifting the precipitation
column backwards by one day and assigning 1 to values of precipitation above 0, the target
variable was generated.

Feature Importance: The final model was further analyzed to display strong predictors
of rainfall. As shown in figure 4, indicated that temperature-humidity interaction was the top
precipitation predictor followed by humidity, and temperature, aligning with local weather
cycles. The lag, cosine and sine variables created were poor predictors of precipitation,

suggesting that previous rainfall patterns do not necessarily determine the future incidences.

Top Feature Importances (XGBoost)
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Figure 5: Feature Importance Results

4.5.3 Handling Missing Values and Scaling

Rows containing missing values, which resulted from lag creation and the one-day shift
of the target variable, were removed to ensure data integrity. The numerical features were
then normalized to a uniform range between 0 and 1 using the MinMaxScaler technique.

This scaling step ensured that no variable dominated others due to differences in magnitude,
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improving model convergence and stability during training.

4.5.4 Data Splitting

Data Splitting After cleaning dataset was divided into 80% train and 20% test without
shuffling to preserve the chronological order of weather records, which is an important
characteristic of time-series data. Train-test chronological split method enabled the model
to learn from past weather patterns and be evaluated on future data, while ensuring real

performance assessment.

4.5.5 Model Training

The model was configured with 300 estimators, a learning rate of 0.05, and a maximum tree
depth of 5. Both column and row subsampling rates were set at 0.8 to reduce overfitting and
improve generalization. The log loss function was employed as the evaluation metric during

training since the task involved binary classification of rain and no-rain events

4.6 XGBoost Model Evaluation Performance

The initial regression approach using regression metrics aimed to predict daily precipitation
amounts, however it reflected low results hence indicating low predictive capability using
the same engineered features (Temperature, humidity, wind speed, lagged precipitation,
temperature-humidity interaction, rolling means and seasonal encoding). The low-poor

results reflected the regression approach irrelevant for the prediction.

Tuned XGBoost - R?: ©.86579746431625888
Tuned XGBoost - MSE: 1.124557246672206
Tuned XGBoost - RMSE: 1.86845143531998

Figure 6: XGB (Regression showing low prediction results)
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Due to suboptimal results of the XGB via regression approach, the model was re-
evaluated to XGBoost binary classification to forecast whether there will be occurrence
of rain the next day or no-rain and the shift to XGBoost binary classification simplifies
the forecasting while maintaining the practical applications such as agriculture and water
management practices.

XGBoost Binary Classification Via binary classification approach, the XGBoost model
was evaluated on the test dataset using accuracy, precision, recall, F-1 score, and ROC
AUC as performance evaluators. The model before tuning attained an accuracy of 76.76%,
correctly classifying no-rain and rain periods in over 75% of cases. The resulting precision
was 70.14%, suggesting that model correctly predicted around seven out of 10 cases. The
value of recall was 33.26%; this indicated that the model recognized only about one-third of
actual rainfall events, meaning data imbalance was due to unequal or too many number of
no-rain events in the dataset, which biases the model in predicting no-rain patterns frequently
and thus expressing under-performance in detecting all positive cases. The high precision
but low recall shows a conservative behavior fo the XGB model. The next metric, F-1 score,
was 45.12%, showing a balance between precision and recall while the ROC AUC score
of 0.75 suggesting a moderate capacity to differentiate between rain and no-rain classes.
Whereas the model expressed strong precision and overall accuracy, the imperatively low
recall shows the potential for missed rainfall forecasting. This constraint may be substantial
in high-stakes usage such as flood early warning systems, where the cost of false negatives
is high. As such, there was need for further hyperparameter tuning to enhance the model

performance.
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from xgboost import XGBClassifier

clf = XGBClassifier(
n_estimators=300,
learning_rate=0.05,
max_depth=5,
subsample=0.8,
colsample bytree=0.8,
use_ label encoder=False,
eval _metric="logloss',
random_state=42

)

clf.fit(X _train, y train)

Q, XGBoost Binary Classifier Performance:
Accuracy : ©.7675919948353777
Precision: 0.7014218009478673
Recall : 0.3325842696629214
F1 Score : 0.45121951219512196
ROC AUC : 0.7486362156000652

Figure 7: XGB Binary Classifier before tuning

The ROC curve representing the accuracy rate is displayed as below:
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1.0 1 -
-
,/
-~
-~
-
”~
”~”
-~
0.8 o7
-~
-
— P
= -~
S e
& -7
u 0.6 7 ,,’
2 -
-~
2 R
= ”
g -
= 0.4 L
g g
= e
-~
4
e
,f
0.2 - Pt
-~
-~
~
’,’ ROC curve (AUC = 0.75)
P == Chance line
0.0 1 T T r
0.0 0.2 0.4 0.6 0.8 1.0

False Positive Rate (1 - Specificity)

Figure 8: ROC Curve

The results show that the XGBoost model’s ability to balance sensitivity correctly
detecting rain events and specifically correctly identify no rain days. Achieving an overall

0.75 AUC indicates a good discriminatory performance.

4.7 Optimizing the XGBoost Model via Hyperparameter Tuning

Hyperparameter tuning was done via GridSearchCV and adjusting the parameters along
with number of estimators (n=300), 0.05 learning rate, with maximum depth of 5, and a sub-
sample of 0.8. After the model shifting to XGBoost binary classification, the classification
was tuned by reducing the the default adjustment to 0.5 to increase the rain occurrence
sensitivity and to balance the precision and recall considering the dataset imbalance. After
tuning using via reduced threshold, the model attained an overall accuracy of 73%, correctly
classifying nearly three-quarters of rain and no-rain cases, a value less than the initial model
by 2%. The model recorded a precision and recall of 81% for the no-rain class (0), resulting

in an F-1 score of 0.81 across 1,104 instances. The rain class precision for the rain class
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(1) was 53% with improved recall for rain 54%, and F-1 score of 0.54 over 445 cases. The
model further resulted in a 0.67 macro average for precision, recall, and F-1 score and the
weighted averages of 0.73, reflecting class distribution. From the perspective of binary
classification, the precision of the model precision (70.14%) and ROC AUC (0.75) suggested
good discriminatory capacity. However, the critical lower recall for the rain class shows that
the model missed a significant percentage of actual rainfall events, which may constrain its

application effectiveness where capturing all possible rain incidences is pivotal.

precision recall fl-score  support

0.81 .81 0.81 11e4

1 9.53 ©.54 9.54 445

accuracy 0.73 1549
macro avg 0.67 0.67 0.67 1549
weighted avg 0.73 .73 8.73 1549

Figure 9: Refined Model

Interpretation The tuned XGBoost model (threshold 0.3) achieved a balance trade-off
between precision recall after tuning. Despite a slight drop in overall accuracy, the model
became better in identifying rain events, indicating improved sensitivity and prediction

fairness.

4.7.1 Benchmark Results

The tuned performance of the XGBoost Binary Classifier, ARIMA, and Ridge models was
compared using key classification metrics, as visualized in Figure ??. The XGBoost model
achieved a recall of 0.5573, outperforming ARIMA and supporting enhanced rain detection
for early warning systems.

The XGBoost model achieved a recall of 0.5573, outperforming ARIMA and supporting

enhanced rain detection for early warning systems.
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Table 3: Benchmark Model Results with Thresholds

Model Accuracy Precision Recall F1 Score ROC AUC
XGBoost Binary ~ 0.7308 0.5299  0.5573  0.5433 0.7549
ARIMA 0.6979 0.3175  0.0449  0.0787 0.4552
Ridge 0.7082 0.4941  0.6629  0.5662 0.7610

Benchmark Model Results
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Figure 10: Histogram Benchmark Model Results

4.8 Assessment of the Implications of the enhanced forecasts in agriculture,

water control management,and catastrophe preparedness in Kenya

With 0.73 accuracy and 0.54 recall for rain, the optimized XGBoost Binary Classification
Model supports the practical applications across various sectors: In Agriculture, accurate
predictions of rain or no-rain events, for instance,81% no rain precision aid farmers in
planning for planting schedules during Kenya’s bimodal patterns for March-May and
October-December rain. For water resource management, the predictions inform reservoir

efficiency hence reducing flood likelihood due to reliable no-rain forecasting. The recall
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of 0.54 show rather successful rain event detection thus providing early warning for
disaster preparedness, although there is a need for further improvement of extreme events

improvement.

38



S CHAPTER FIVE: DISCUSSION, CONCLUSION, AND

RECOMMENDATION

5.1 Introduction

This chapter presents the interpretation and discussion of the study findings in relation to
the stated objectives and the broader body of knowledge. The analysis moves beyond the
numerical outputs provided in the results section to explain the meaning, implications, and
potential applications of the findings. It combines the results with insights from existing
literature, highlighting areas of agreement and divergence, and considers the underlying
factors that may have influenced the outcomes. Furthermore, the discussion explores the
extent to which these findings can be generalized to similar contexts, while acknowledging
the scope and limitations of the study. This structured approach ensures that the results are

critically examined and positioned within the wider academic and practical discourse.

5.2 Discussion

The initial XGBoost model using regression method focused on predicting continual
precipitation amounts which reflected poor performance with low R? (0.066) and a high
RMSE (1.06). The shift to XGBoost Binary Classification modeling to predict the occurrence
of rain or no rain next-day precipitation prediction exhibited more effectively; from the
results, it was found that the model learned to distinguish dry and wet conditions consistently,
showing reliable performance when identifying non-rain days while taking a more conservative
stance when predicting rain events. Qualitatively, this pattern indicates that the model
successfully captured dominant signal structures in the input variables particularly recent
precipitation patterns, seasonal cycles, and humidity—temperature interactions yet found finer
distinctions that separate marginal wet cases from dry cases more challenging to resolve.

The model’s behaviour therefore reflects a sound capacity to map meteorological predictors
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to binary rainfall outcomes while exhibiting a trade-off in sensitivity that is common when
minority events are less frequent or less distinct in predictor space. Interpreting these
outcomes to the study objectives, the first objective (evaluating model performance using
key meteorological variables) is supported by evidence that engineered lag features and
seasonally smoothed temporal descriptors contributed materially to the classifier’s decision
rules. The prominence of lagged precipitation and humidity—temperature interactions among
the model’s influential features aligns with meteorological theory concerning convective
processes and persistence effects, suggesting the model’s learned patterns are physically
plausible. Relative stability of performance across held-out data indicates that the modeling
pipeline feature engineering, temporal split, and algorithmic choice provided a robust
framework for translating observed weather dynamics into actionable classifications, meeting
the study’s aim of producing operationally relevant short-term forecasts.

Comparison with existing literature shows substantial convergence in both method and
outcome. The adoption of gradient boosting for precipitation or event classification is
well represented in regional studies where ensemble tree methods commonly outperform
simpler parametric models on structured meteorological data (Papacharalampous et al.,
2023). Several regional analyses have reported behaviour comparable to the present
findings: ensemble methods reliably identify the prevailing (more frequent) conditions
while showing reduced sensitivity to less frequent extremes, unless additional predictors or
resampling strategies are introduced. Work that focused on East and West African contexts
likewise emphasizes the utility of lagged rainfall and humidity variables as core predictors
(Noorbakhsh, 2022) which corroborates the present model’s feature importance profile.

There are also studies that both support and nuance these parallels. Research that
incorporates satellite-derived cloud and moisture indices, atmospheric pressure fields, or
high-resolution reanalysis data tends to report improved detection of rare or extreme events
relative to models restricted to surface station inputs. In those comparisons, gradient boosting

remains competitive but the inclusion of richer spatial or vertical atmospheric information
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frequently narrows or reverses the sensitivity gap for positive events. Conversely, where
datasets are purely tabular and station-based, gradient boosting often matches or exceeds the
performance of more complex neural architectures, owing to its efficiency with engineered
features and its implicit handling of nonlinear interactions. These contrasting findings
indicate that algorithmic choice and data richness jointly determine whether boosting
methods will be optimal or whether hybrid/deep approaches are warranted. Similar findings
in the literature reinforce the argument that careful feature engineering particularly the
use of temporal lags and seasonally aware encoding can deliver strong predictive power
for short-horizon precipitation classification. Multiple studies have reported that models
which definately encode seasonality and recent persistence produce more interpretable
and transferable decision rules than those that rely solely on raw temporal indices. At the
same time, contrasting literature suggests that where the objective is to prioritize detection
of infrequent events, additional input modalities (satellite, radar, pressure tendencies)
or targeted modeling strategies (resampling, cost-sensitive learning, ensemble stacking)
can materially change the balance between sensitivity and specificity. To generalization,
the study’s qualitative alignment with regional and cross-domain findings implies that
the modeling framework is well suited for replication across climatologically similar
areas, particularly where the same core predictor set is available and station density
is adequate. The underlying meteorological drivers captured by lagged precipitation
and humidity—temperature interactions are broadly relevant across many parts of East
Africa, which supports potential portability. That said, practical generalization requires
local calibration: transfer to distinct micro-climates or regions with different rainfall
generation mechanisms should be accompanied by site-specific model tuning and validation
against local observations. Where richer data sources exist, incorporation of additional
atmospheric predictors will likely improve sensitivity to positive events and extend the
model’s operational utility.

The qualitative results substantiate that an XGBoost-based approach with thoughtfully
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engineered temporal and interaction features provides a competent and interpretable solution
for next-day precipitation classification. The findings are consistent with a body of literature
that recognizes gradient boosting as a powerful method for structured meteorological data,
while also echoing the wider evidence that data richness and task framing determine whether
boosting alone suffices or must be augmented with complementary data and methods. The
study thus contributes to a growing consensus that practical precipitation forecasting benefits
from the combined application of sound feature design and robust ensemble learning, with
local validation guiding broader generalization.

Limitation While the study achieved its objectives and provided meaningful insights,
certain limitations must be acknowledged. First, the analysis relied on a single dataset,
which, although comprehensive, may not fully capture the variability present in broader
contexts. As such, the generalizability of the findings to other populations or settings may be
limited. Additionally, the study’s design was observational, meaning that causal relationships
cannot be conclusively established; the results should be interpreted as indicative rather
than definitive. Another limitation lies in the potential influence of unmeasured variables.
Although the model incorporated relevant predictors, factors not included in the dataset
could have affected the results, leading to residual confounding. Moreover, the binary
classification framework employed may have oversimplified complex relationships within
the data, potentially affecting the precision of the findings. Finally, while the methods and
algorithms applied are robust, they are also sensitive to hyperparameter tuning and data
preprocessing choices. Different parameter configurations or preprocessing strategies might
yield slightly different results. Recognizing these constraints, future research should employ
larger, more diverse datasets, consider alternative modelling approaches, and incorporate

additional variables to enhance the robustness and applicability of the findings.

5.3 Conclusions and Recommendations

Conclusion
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The effectiveness of the machine learning model was evaluated, analyzing and forecasting
patterns within the weather dataset with a goal to support decision making and to improve
operational efficiency. The model successfully captured interactions within the key variables,
aligned with the research objectives. The results showed the capability of using advanced
analytics to allow data-driven and practical insights that can inform measures. The structure
and the quality of the input variables showed an important role in determining the model’s
performance, thus emphasizing the need for thorough preparation of data in predictive
analytics.

Recommendation

Future research should explore hybrid approaches for modeling that integrate the strengths
of multiple algorithms to improve prediction accuracy and robustness. The Kenya Meteorological
Department to integrate the machine learning models as complementary tools with existing
systems for accuracy and reliability enhancement. Integrate domain-specific knowledge into
the modelling process to ensure findings remain in practical use and are interpretable for
operational purposes. To adapt to changing conditions, ensure regular model training and

monitoring of the models’ performance and predictive accuracy maintenance periodically.
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Abstract

Accurate precipitation forecasting is important for mitigating the impacts of climate variability in Kenya, where erratic
rainfall events considerably affect agriculture, water control and disaster preparedness. Traditional methods such as
ARIMA (Autoregressive Integrated Moving Average) and NWP (Numerical Weather Prediction) have shown to struggle
with complex weather patterns due to linearity assumptions, high computational demands and limited spatial
resolution. This research develops and evaluates an XGBoost-based machine learning model to enhance precipitation
predictions both long-term and short-term. Utilizing a a 20-year weather dataset (2004 - 2024) with 7300 daily data
records sourced from online Visual Crossing Weather Data, key features include temperature, humidity, wind speed,
lagged precipitation (1-7), rolling means and seasonal encoding to capture bimodal rainfall patterns of the months of
march-May, and October-December. Data processing involved min-max normalization of 0-1 range, feature selection,
sin/cosine transformations for seasonal patterns and temperature-humidity interactions for connective modelling
processes. The dataset used was split with 80% for training and 20% for testing and a temporal split < 2020 for training
and > 2020 for testing maintaining the chronological data order. The initial attempts exhibited poor performance with
low R*= 0.066 and a high RMSE=1.06 hence leading to XGBoost binary classification shift to predict the likelihood of
rain/no-rain tomorrow. Bayesian optimization and GridSearchCV hyperparameter tuning was applied with default 0.5
threshold adjustment for improved rain class sensitivity using classification metrics and resulted 76.76% accuracy,
70.14% precision, 33.36% recall, 45.12% F1-Score and ROC-AUC 0.75. Post-tuning accuracy by reducing the threshold
to 0.3 to capture missed rainfall events: 73% accuracy, no-rain precision and recall 81%, 53% rain precision, 54% recall,
F1-Score 54%. Temperature-humidity interaction as the top predictor in feature importance. The results contribute to
improved precipitation prediction accuracy hence supporting decision making in agriculture, water resource
management and early disaster preparedness in Kenya’s climate vulnerable regions.

Keywords: Machine Learning; Climate variability; Precipitation forecasting; XGBoost; Binary Classification

1. Introduction

Accurate precipitation forecasting is critical for mitigating the impacts of climate change, especially in Kenya, which is
vulnerable to extreme weather events. Many areas face challenges such as food insecurity and water scarcity due to
unpredictable rainfall patterns. Precipitation variability poses a significant effect on the local communities dependent
on natural resources, agricultural practices, and the region’s socio-economic stability (IPCC, 2022) (KMD, 2023).
Kenya’s Climatic and weather conditions extremely contribute to food insecurity and water scarcity in about 75% of the
country, and with erratic rainfall leading to droughts and floods that disrupt livelihoods (Affoh et al., 2022). Traditional
approaches to weather forecasting though valuable, struggle with non-linear dynamics due to historical reliance on
statistical correlations and have shown to struggle with non-linear dynamics, recent approaches such as Genetic
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