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Abstract: Climate change presents one of the most pressing challenges of the 21st century,
with profound implications for ecosystems, human health, and socioeconomic stability, par-
ticularly in Africa. This study aims to integrate Geographic Information Systems (GIS), data
science, and data modeling techniques to improve climate change forecasting and risk assess-
ment in Africa. Through a comprehensive analysis of climate variables, disaster event data,
and socioeconomic factors, this research develops predictive models that enhance the ability
to forecast climate hazards such as floods, droughts, and heatwaves. Utilizing data from me-
teorological stations and global climate databases, this study implements machine learning
models, time series analysis, and spatial analysis to forecast future climate scenarios. The
methodology used in this study includes data cleaning, correlation analysis, model calibra-
tion and validation to ensure accuracy in predicting the onset of climatic events. The findings
emphasize the role of GIS in visualizing climate impacts across Africa’s diverse geographic
regions, while the data models provide valuable insights for developing evidence-based poli-
cies aimed at disaster preparedness and mitigation. By integrating GIS and advanced data
analysis techniques, this work contributes to a deeper understanding of Africa’s climate dy-
namics and provides tools to support more effective decision-making in the face of growing
climate threats. This interdisciplinary approach underscores the importance of leveraging
technological innovations to build a resilient and sustainable future in Africa.
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1 Introduction

Climate change represents one of the most pressing challenges of the 21st century, posing
significant threats to ecosystems, human health, and economic stability worldwide [I]. It has
a huge potential to undermine years of innovation and progress in global health, social living
and civilization at large [2]. Countries in East Africa are prone to climate variability and
extreme climate events such as droughts and floods [3], [4] with high variability in seasonal
rainfall and daily rainfall extremes [5], [6]. In March 2024, a heat wave in East Africa led
to emergency measures, including a two-week school closure in South Sudan, with temper-
atures projected to reach 41 to 45 degrees Celsius (106 to 113 degrees Fahrenheit). The
said heat wave followed February’s unusually high temperatures, particularly in southern
Africa—Botswana, Namibia, Mozambique, South Africa, Zambia, and Zimbabwe—which
reported temperatures that were 4 to 5 °C above average [7]. For the Sahel region of West
Africa, there is little consistency amongst climate models with regard to the direction of fu-
ture rainfall changes, and most models are not capable of representing the interannual rainfall
variability observed over this region [8]. Current global climate models (GCMs) are known
to exhibit significant systematic errors in representing African climate [9]. These errors in-
clude large biases in representing sea-surface temperatures along the coast of west Africa and
inadequate representations of the African Monsoon [10]. By leveraging robust data analysis
techniques, we can uncover hidden correlations, assess risks and develop evidence-based poli-
cies [II]. Scientific research provides the foundational knowledge necessary to comprehend
the mechanisms driving climate change and its impacts. Through interdisciplinary studies,
we investigate the interactions between atmospheric, oceanic, and terrestrial systems, with
a minimal study on the influence of human activities on these processes [12]. This scientific
understanding is crucial for developing accurate models, assessing the effectiveness of inter-
ventions, and eventually guiding policy decisions [I3]. Following the aforesaid, this study
sought to answer the question of how to mitigate the impact of climate induced events in
Africa by improving preparedness/response strategy through the use of Data Science. The
main objective of this study was to explore the synergistic use of data analysis, science,
and GIS to address climate change and predict future events to facilitate risk management.
Specifically, the objectives were;

1. To study the existing relationship between climatic variables such as temperature and
climate-related events such as floods.

2. To develop a model for predicting future values of climatic variables such as tem-
perature, pressure, wind speed, and cloud cover, among others, for different African
countries.

3. To develop a model for predicting the occurrence of climatic events such as droughts,
heat waves, and floods in different countries.

2 Literature Review

Geographic Information Systems (GIS) and data science are increasingly important for ad-
dressing growing climate-related disaster challenges on the continent of Africa [14]. The
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literature demonstrates the value of spatial data combined with predictive analytics in im-
proving disaster preparedness and risk management. The study in [I5] state that surface
temperatures in Africa are likely to rise faster than any other part of the world, making the
continent particularly vulnerable to climate extremes, such as floods, droughts, or heatwaves.
The adverse effects of these climate extremes tend to be worsened by lack of infrastructure,
rapid urbanization, and limited access to early warning systems, so further 4 data-driven
solutions are urgently needed.

Many studies have shown the promise of statistical and machine learning models for
predicting climatic variables and extreme weather events. One simple example is [16], who
utilized simple linear regression to predict climate changes. This study showed that linear
regression was able to model temperature trends, but due to the complexity of climate
systems where non-linear interactions are present and heavily affect the data, the model
illustrated the limits of linear regression. More complex models like Random Forest and
XGBoost have become more popular due to their complexity and improved accuracy with
the amount of non-linear data in typically large datasets with multiple dimensions. Recent
studies by [17], and [I8] demonstrated the success of using Random Forest and XGBoost
models, respectively, the study [19] also illustrated the application of these models for time
series forecasting to succeed in other real-time forecasting tasks, including the pandemic and
climatic events.

GIS instruments have supported analyses about the identification of hazardous areas and
simulation of risk spread associated with hazards in the field of disaster risk assessment [20].
In a forensic analysis of East African countries, demonstrated how GIS based analyses could
identify patterns of vulnerability and therefore identify the areas of intervention [2I]. The
use of socio-economic characteristics, land use and land cover, and topographic characteris-
tics within a GIS allows for a multi-dimensional context [22]. These methods complement
the increasing amount of research taking place on multi-criteria spatial analysis as part of
risk /multirisk management approaches.

Time series analysis to examine climate variables was broadly discussed and examined.
For example, the Box-Jenkins process remains the basis for modelling temporal compo-
nents particularly ARIMA and SARIMA models [23]. More recently, the study by [24]
noted the importance of stationarity, autocorrelation diagnostics, and model building. Cli-
mate researchers have also been employing the decomposition of time-series data into trend,
seasonal, and residuals, applied to better understand long-term variability and short term
shocked anomalies. In addition, classification models have been used to predict the occur-
rence of discrete disaster events, based on climatic predictors. Although logistic regression
has important limitations on complexity, it has been useful in classifying binary events
[25]. Nevertheless, Support Vector Machines (SVMs) will struggle with real world disaster
datasets and comparatively will fall short pre-preprocessing and feature engineering despite
their theoretical robustness [26]. In addition, ensemble learning methods, especially Random
Forest and XGBoost will outperform other classifiers, because they are capable of modeling
complex and non-linear relationships while handling imbalanced datasets [27].
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3 Research Methodology

3.1 Presentation of the Study Area

This study was conducted across 12 African countries, spanning the biophysical diversity of
the continent. Africa is a diverse continent with a rich tapestry of geography, cultures, and
history. It is the second-largest continent in the world, both in size and population. Africa is
made up of 54 countries and is home to over a billion people and was expected to reach 2.5
billion people by 2005 who speak a vast array of languages and practice numerous traditions
and customs [28].

Africa’s geographical extent is vast, affecting its climate, ecology, and daylight hours
across the continent. The northernmost point in Africa is Ras ben Sakka in Tunisia, lo-
cated at approximately 37°21" North. This places it in the temperate zone, experiencing a
Mediterranean climate. The southernmost point is Cape Agulhas in South Africa, situated at
around 34°50” South. This also experiences a Mediterranean climate, albeit much cooler and
windier. The equator passes through the middle of Africa, crossing countries like Gabon, Re-
public of the Congo, Democratic Republic of the Congo, Uganda, Kenya, and Somalia. This
equatorial crossing contributes to the tropical climates found in these areas, characterized by
consistent temperatures year-round and abundant rainfall. The westernmost point is Pointe
des Almadies in Senegal, at about 17°33" West. This part of Africa experiences a tropical
savannah climate with a pronounced rainy season and a dry season. The easternmost point
is Ras Hafun in Somalia, at 51°27" East. The climate here is arid to semiarid, influenced
by its proximity to the Indian Ocean but shielded from heavy rainfall by highlands. These
latitudinal and longitudinal ranges give Africa its diverse climates and ecosystems, from lush
rainforests near the equator to harsh deserts in the north and south, along with varied day
lengths and seasonal patterns across the continent. The Koppen climate classification, one
of the most widely used climate classification systems [29], identifies thirteen (13) different
climate types in Africa, largely reflected in the combination of different precipitation pat-
terns and vegetation types across different geographical zones of Africa. Based on climatic
diversity and the geographical repartition of each African country, sixteen countries were
selected for this study. Each of these countries uniquely represent at least one climate type
as well as emerge from each zone of Africa i.e Northern, Southern, Western, Central and
Eastern Africa. The selected countries involved in this study all fit into the 13 climate types
as shown in Table [II

3.2 Data

In this study, the need for climate-related data, demographic data and disaster-related data
was assessed and collected for a period of 23 years (2000 - 2023), with a monthly interval
for each country. Climatic data included Surface Temperature, Earth Skin Temperature,
Temperature at 2 meters, Specific Humidity and Relative Humidity at 2 meters, Wind Speed
at 2 meters, Wind Direction at 2 meters, Wind Speed at 10 meters, Cloud Amount, Corrected
Precipitation and Root Zone Soil Wetness, obtained from the NASA POWER Project’s Data
Access Viewer (DAV) which provides solar radiation and meteorological datasets from NASA
research for supporting renewable energy, building energy efficiency and agricultural needs.
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Table 1. Countries involved in our study and their associated Climate Type as per the Koppen
climate classification.

Climate Type

Countries

Tropical Rainforest (Af)
Tropical Monsoon (Am)
Tropical Savanna (Aw/As)

Hot Desert (BWh)

Cameroon, Congo and Nigeria.

Mozambique, Sierra Leone

Kenya, Burkina Faso, Tanzania, South Sudan and
Ethiopia

Algeria, Namibia

Mauritania and Chad
Lesotho

Hot Semi-Arid (BSh)
Subtropical Oceanic High-
land (Cwb)

Hot Mediterranean (Csa)
Temperate Mediterranean

South Africa
Parts of Morrocco and Algeria, western South

(Csb) Africa
Temperate Oceanic Cli- Coastal South Africa
mate (Cfb)

Cold Desert (BWk)
Cold Semi-Arid (BSk)
Humid Subtropical
mate (Cwa)

Hot Oceanic Climate (Cfa)

Parts of Namibia
Morocco and Algeria.
Cli- Mozambique

Coastal South Africa

Additionally, disaster related data was gathered which included Origin of Climatic Event,
Magnitude/Severity of Impact, Magnitude Unit, Presence of River Basin, Start Month of
Event, Start Day of Event, End Year of Event, End Month of Event, End Day of Event, Total
Deaths due to Event, Number of People Injured due to Event, Number of People Affected
due to Event, Number of People Homeless due to Event and Total Affected due to Event.
This dataset was sourced from the EM-DAT database (https://www.emdat.be), an emer-
gency events database which records natural and technological disasters, created in 1988
as a joint initiative between the World Health Organization and the Centre for Research
on the Epidemiology of Disasters (CRED). Furthermore, topographic and demographic
data comprising of each country’s Total Population, Percentage of rural population, Car-
bon dioxide emissions, Percentage of Urban Population, Air Pollution, Percentage of Land
Use and Socio-Economic Vulnerability was gathered from the World bank open database.
(https://data.worldbank.org) After sourcing of these data, restructuring and merging into
.csv files from different sources was done to ensure better manipulation, analysis and infer-
encing and to produce a structured table with all the data. This resulted in a data frame of
36 columns(variables) and 9936 rows (data points) for each country in our study, giving an
overall count of 129168 datapoints. The variables used in this study are shown in Table [2|

3.3 Data cleaning

Data cleaning involved elimination of duplicates, handling missing data, correcting inconsis-
tent data, handling outliers, handling incorrect data types, removing irrelevant data, renam-
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ing columns for clarity, standardizing data, filtering out unnecessary observations, dealing
with data inconsistencies, and addressing syntax errors. Given the voluminous nature of our
data (which could be considered as big data) and its variety, a parallel big data cleaning
system was used as well, known as the Cleanix, designed and proposed by [19] which tackles
four types of data quality issues namely abnormal value detection, incomplete data filling,
deduplication and conflict resolution [30].

Table 2. Presentation of variables used in this study.

Variable Variable Definition

PS Surface Pressure (kPa)

TS Earth Skin Temperature (°C)

T2M Temperature at 2 Meters (°C)
QV2M Specific Humidity at 2 Meters (g/kg)
RH2M Relative Humidity at 2 Meters (%)
WS2M Wind Speed at 2 Meters (m/s)
WD10M Wind Direction at 10 Meters (m/s)
WS10M Wind Speed at 10 Meters (m/s)
CLOUD_AMT CERES SYNl1deg Cloud Amount (%)
PRECTOTCORR Precipitation Corrected (mm/day)
PRECTOTCORR_SUM Precipitation Corrected Sum (mm)
GWETROOT Root Zone Soil Wetness (1)

Average precipitation in depth
CO2 emissions
Forest area
Country

Origin
Magnitude
Magnitude Scale
River Basin
Start Month
Start Day

End Year

End Month
End Day

Total Deaths
No. Injured

No. Affected
No. Homeless
Total Affected
total_population
perc_rural_pop
perc_urban_pop
air_pollution
land_use
socio_eco_vul

Average precipitation in depth (mm per year)
Carbon dioxide Emissions (kt)

Forest area (% of land area)

Country Affected

Origin of Climatic Event
Magnitude/Severity of Impact
Magnitude Unit

Presence of River Basin

Start Month of Event

Start Day of Event

End Year of Event

FEnd Month of Event

End Day of Event

Total Deaths due to Event

Number of People Injured due to Event
Number of People Affected due to Event
Number of People Homeless due to Event
Total Affected due to Event

Country’s Total Population

Percentage of Rural Population
Percentage of Urban Population

Air Pollution

Percentage of Land Use

Socio-Economic Vulnerability
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3.4 Descriptive and exploratory data analysis

Descriptive statistics are used to summarize data in an organized manner by describing the
relationship between variables in a sample or population [31]. Different statistical attributes
(such as median, mode, mean etc.) for the variables were computed and interpreted. Vari-
ability in the data was computed using standard deviation, variance, and range to understand
its spread. Various graphs were generated to further understand the distribution of these
variables over space and time in order to identify patterns and trends in the data, such as
increasing temperatures or changes in precipitation distribution across regions. An impact
analysis is conducted as well by visualizing which countries are most affected, in terms of
people affected and infrastructural damage. The level of impact can give insight to the level
of severity of the event.

3.5 Correlation Analysis

Correlation is meant for exploring the degree of relationship between two variables in con-
sideration. A correlation coefficient is the measure to quantify such degree of relationship
of the variables [32]. This analysis is done in order to deeply understand the effect of each
variable on another. Due to the nature of the data’s distribution, the Spearman’s rank
correlation and the Pearson’s product moment correlation were used. Spearman’s rank cor-
relation is a non-parametric measure of relation between variables, using ranks to calculate
the correlation. Pearson’s correlation describes how well relationship between variables can
be described in [33].

3.6 Time-Series Analysis/Trend Analysis

After the correlation analysis, a script is written to analyze and forecast climate variables
over time. Results of the time series analysis permit us to break down time-series data into
trend, seasonal, and residual components to better understand cyclical patterns.

3.7 Statistical testing

Statistical testing plays a crucial role in time series prediction to ensure that the model used
is robust, unbiased, and accurately represents the underlying data patterns. The methods
used for our statistical testing in time series prediction include;

3.7.1 Stationarity testing.

Time series data must often be stationary (i.e., its statistical properties like mean and vari-
ance remain constant over time) for many predictive models like ARIMA. We test for sta-
tionarity in three ways.

i. Using Augmented Dickey-Fuller (ADF) Test

It is a test commonly used in econometrics and finance to test the stationarity of time
series data. It helps determine if differencing or other transformations are needed to
stabilize the time series and make them stationary [34].
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ii. Visual Assessment

By plotting the time series, we can visually assess whether the data is stationary or
not.

Seasonal decomposition is a statistical technique used to break down a time series into
three distinct components: Trend(T), Season(S) and Residual(R). Seasonal decomposition is
useful for understanding the underlying patterns in a time series, especially when forecasting
future values or analyzing fluctuations in data over time. There are two common types of
decomposition.

a. Additive Model decomposition. This assumes that the data is a linear com-
bination of the three components.

y(t) =T@t)+ S(t)+ R(t) =T(t)+ S(t) + R(t)y(t) =T(t) + S(t) + R(t) (1)

We use this model when the seasonal variation and the trend remain constant over
time. When the dataset is additive, we apply a normal differencing algorithm to make
the data stationary.

b. Multiplicative Model decomposition. This assumes that the data is a mul-
tiplicative combination of the components.

y(t) = T(t) x S(t) x R(t) = T(t) x S(t) x R(t)y(t) = T(t)S(t) R() (2)

In this case when the series is multiplicative, we apply a log transformation to make
the series stationary.

3.7.2 Autocorrelation and Partial Autocorrelation Function application.

To determine a proper model for a given time series data, it is necessary to carry out the
ACF and PACF analysis. These statistical measures reflect how the observations in a time
series are related to each other. For modeling and forecasting purpose it is often useful
to plot the autocorrelation function (ACF) and partial autocorrelation function (PACF)
against consecutive time lags [35]. These plots help in determining the order of AR and MA
terms. Another measure, known as the Partial Autocorrelation Function (PACF) is used to
measure the correlation between an observation k period ago and the current observation,
after controlling for observations at intermediate lags (i.e. at lags j k, where k stands for a
defined period). At lag 1, PACF(1) is same as ACF(1) [35]. The Ljung-Box Test is also used
to statistically test whether residuals from the models are white noise (no correlations in the
residual) and the Jarque-Bera test is used to inform on whether the residuals are normally
distributed.

3.8 Risk Analysis

Additionally, a risk analysis is carried out to identify regions with significant climate anoma-
lies at high risk of being affected by climatic events. This risk analysis is done using ArcGIS
pro following a careful study of topographic variables, climatic and event history. Following
the identification of these different spots, this parameter is integrated during model building.
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3.9 Predictive Modeling

For events prediction, similar machine learning models are applied, assessed and finetuned
in order to ensure the most appropriate model is being captured and selected. The different
models include;

a) Linear Regression Models

Regression involves estimation of the value of a variable from that of one or more other vari-
ables, with the relevant coefficients derived from empirical observations [36]. The dependent
variable is usually denoted as the y-variable and the independent variables as the x-variables
—1i.e x1,T9,x3...%,. A regression equation identifies the relationship between the variables
of the form:

y=a+ bz +byry... bz, + se, (3)

where:

a is the constant term — the value of y when the values of all of the x variables are set at
0;

b1 ...b, are the regression or slope coefficients, indicating the change in the value of y for
each unit of change in the relevant x value;

se, is the standard error, which is the measure of the variability of the estimated coeffi-
cients.

These models are commonly used for predicting temperature, precipitation, and other
climatic variables over time. They are effective for modeling linear relationships in the data.
The expected challenge here is climatic data often have non-linear and complex patterns, so
linear models may not always capture these accurately.

b) Decision Trees and Random Forests

Decision Trees and Random Forests are effective in handling large datasets and capturing

complex interactions between variables. The training algorithm for random forests applies

the general technique of bootstrapping aggregating or bagging, to tree learners. Given a

training set X = xy,...,x, with responses Y = u,...,y,, bagging repeatedly (B times)

selects a random sample with replacement of the training set and fits trees to these samples:
Forb=1,...,B:

1. Sample, with replacement, n training examples from X, Y’; call these X,,Y,

2. Train a classification or regression tree f, on X, Y,

After training, predictions for unseen samples 2’ can be made by averaging the predictions
from all the individual regression trees on x’:

" ]' ° /
= EZ(fb)(x) (4)
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Random Forests are useful in predicting extreme events (such as rainfall, floods and
droughts) based on multiple climatic variables [I17]. Random Forests can be used to model
non-linear relationships between climate factors like humidity, wind speed, and temperature
to predict the likelihood of extreme weather events.

¢) Support Vector Machines (SVM)

SVMs are supervised learning models that work by finding the optimal hyperplane (Decision
boundary (linear or nonlinear) separating classes) that maximizes the margin between classes
in high-dimensional space [37]. Mathematically, it aims at obtaining the hyperplane (w?x +
b = 0) that maximizes the margin (2/||w||). This leads to the following optimization problem:

1 2
min 2 jw] (5)
Subject to the constraint:
yi(whaz; +0) > 1 Vi (6)

where:

w = weight vector b = bias term y; € {—1,+1} = class labels

SVMs are often used for classification problems, such as rainfall prediction, weather fore-
casting or predicting whether a particular climatic event (like a heatwave or storm) will occur
[38]. SVMs work well with smaller datasets but can capture complex boundaries between
classes. An important consideration though is, SVMs can be computationally expensive and
may not scale well for very large climatic datasets.

d) Extreme Gradient Boosting Model (XGBoost)

Boosting refers to a class of learning algorithms that fit models by combining base models
with basic functions to improve the fit of the final model. The gradient boosting frame-
work supports various objective functions such as regression, classification and ranking. It
optimizes a regularized loss function [39]:

K
L(ys, 6:) + > Qfw) (7)
k=1
where:
I(y:, ;) = loss function (e.g., MSE, log loss)
Q(fr) = regularization term for the k-th tree:

Q(f) =T + 0.5 w? (8)

T = number of leaves w = leaf weights v = complexity control (min. loss reduction for
a split) A = L2 regularization

XGBoost provides state of the art results when it comes to climate prediction [40]. They
are highly accurate, can handle a mix of continuous and categorical features, and provide
feature importance, offering insights into which climatic factors are driving the predictions.
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These models are tested on the dataset, which is split into testing and training data, precisely
70% for training and 30% for testing.

3.10 Model Selection and Validation

Time series models can be complex, and validating the performance is critical to ensure the
reliability of predictions. To carry out the model selection and validation, different models
with different parameters and orders (the values p, d, q, d, P, Q, D, S) are trained and the
following metrics implemented in order to assess their accuracy. The model parameters are
defined as follows:

p — the order of the autoregressive (AR) model and represents the number of lagged obser-
vations used to predict the current value

q — the order of the moving average(MA) model and represents the number of lagged error
terms used to predict the current value.

d — the degree of differencing. It indicates the number of times the data has been differenced
to achieve stationarity

S — the number of periods in each season (the seasonal period)
P — the order of seasonal AR model
() — the order of the seasonal MA model

D — the degree of seasonal differencing.

e AIC (Akaike Information Criterion)

AIC estimates the relative quality of statistical models for a given dataset. It balances
the fit of the model against its complexity [41]. It is given in the Eq. (9).

AIC = 2k — 21n(L) (9)

¢ BIC (Bayesian Information Criterion)

BIC is similar to AIC but introduces a stronger penalty for the number of parameters,
particularly as the size of the dataset increases [41]. Its formula is given below

BIC = kln(n) — 2In(L) (10)
Where:

e k is the number of model parameters.
e 1 is the number of data points (observations).

e [ is the likelihood function, which measures how well the model fits the data.
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Our objective here is to minimize the BIC value and AIC value. The lower the BIC,
the better the model in terms of balancing fit and simplicity. Likewise, the lower the AIC,
the better the model fits the data with fewer parameters. The BIC introduces a heavier
penalty for models with more parameters than AIC, especially as the number of data points
increases. This makes BIC more conservative in favor of simpler models and better for larger
datasets. AIC penalizes models that have more parameters. It encourages the use of simpler
models while avoiding overfitting, though it typically tends to favor more complex models
than BIC.

3.11 Model Diagnostics and Performance metrics

In order to diagnose the model generated, we focus on the residuals to the training data.
The residual is the difference between the model’s one-step-ahead predictions and the real
values of the time series. We quantify our residuals through several evaluation metrics such
as the accuracy, precision, recall and f1 score.

4 Results and Discussion

4.1 Descriptive and Exploratory Data Analysis Results

The different counts of events are plotted to give an overview of the most dominant events
across our different countries of study. This result is presented in the histogram (Figure |1
displayed subsequently.

As per our dataset and bar chart, the most occurring event across the countries involved

in our study is flood, with over 400 cases of flood recorded from 2000 to 2024. From the
bubble plot shown in Figure [2] we realize that even though the most reoccurring events are
floods, drought seem to create an extremely significant impact. Additionally, we observe that
every country that experienced a storm, additionally experienced a flood. This could imply
some sort of correlation (not causation though) as well as give insight to how much rainfall
intensity (which is a climatic trait) affects flooding, which will be verified as we progress
with our results and analysis.
Also seeing the distribution of events and magnitude of impact across countries give an
insight into which countries are most vulnerable and so could be at a higher risk of these
events occurring again. It is also important to observe that the most affected countries are
Ethiopia, Nigeria, Kenya, South Africa, Burkina Faso, Nigeria, and South Sudan, which
represent West and East Africa which could lead us to start considering the fact countries
at the equator are more sensitive to climatic changes. This observation also concords with
UNDRR’s forensic analysis for countries in the Horn of Africa such as Somalia, Kenya and
parts of Ethiopia which suffered severe droughts and floods, affecting more than 30 million
people [42].

4.2 Correlation Analysis Results

The correlation matrix (Figure shows that the year variable demonstrates very weak cor-
relations (close to zero) with all other climate variables, indicating that the year itself does
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not strongly correlate with any of the observed variables. This suggests no significant long-
term upward or downward trend for these specific variables when looked at in isolation by
year. Many of the climate variables (especially temperature, humidity, wind speed, and
precipitation) are strongly positively correlated with each other. This reflects the intercon-
nected nature of climate processes, where changes in one variable often influence others.
Precipitation (PRECTOTCORR) has a significant impact on several other variables, such
as soil moisture (GWETROOT), humidity, and cloud cover, all of which are expected in
regions experiencing precipitation-driven climatic variations. The high correlation between
temperature and wind speeds suggests that temperature fluctuations are often accompanied
by windier conditions, which might be related to the movement of weather fronts or storm
systems. This correlation matrix (Figure [3|) provides insights into how various climate fac-
tors are interrelated and enable us to make predictions or understand weather patterns in a
region.

Correlation Matrix of Climate Variables

YEAR 1 0.0012 0.0024 0.0041 0.047 0.0031 0.0041 0.011 0.0021 0.0018 0.0023 0.0023

CLOUD_AMT —{eRe[u) Ry | 098 099 gyW 095 099 099 099

GWETROOT -{eRulerEamel=l) . 092 098

PRECTOTCORR -JeNeloES Sv=1] . 0.93

PRECTOTCORR_SUM JUKiEYE 051 048 049

- 0.6

;5% 0.0031 095 0.92

PARAMETER

[)FILR 0.0041 0.98

-0.4

LUPIUE 0.011

TS

\SUILE 0.0023

VPR 0.0023

1
>
o

YEAR
CLOUD_AMT
GWETROOT
PRECTOTCORR
Qvam

RH2M

PRECTOTCORR_SUM -

Fig. 3. Correlation Matrix showing degree of correlation between variables.
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4.3 Time Series/Trend Analysis Results

Following the results of the correlation analysis are the results of the trend /temporal analysis.
This enabled the visualization of the activity of our variables over time and especially give
insight into what to expect in the coming years. Primarily, we begin by an overall analysis
of our climatic factors to see how they behave over time, before visualizing their specific
activity per country.

Average Ternperalune Over Years

Apzrage Termperature (TIM
.,

#5715 4 ll.l

&5 00 4
L

2000 2008 2010 2018 2020
Fig. 4. Average Temperature in Africa over the years.

The line chart (Figure [4]) illustrates the average temperature (T2M) over a span of years
(from 2000 to 2024). An overall trend showing a gradual increase in average temperature over
time is observed. The temperature starts at around 45.0°C in the year 2000 and increases
to approximately 46.5°C by 2022. This suggests that the has been an overall warming trend
over the last two decades. This observed increase is in line with climate change and other
studies [43]. The temperature shows significant fluctuations year by year, where some years
experience notable increases and others show dips. Between 2000 and 2005, there is a sharp
increase in average temperature, rising by almost 1°C in five years. Around 2005, there’s a
notable peak in the temperature (around 46°C), followed by a significant decline until about
2010.

From 2010 onwards, there is a relatively consistent upward trend with minor dips, re-
flecting a general increase in temperature, punctuated by occasional decreases (e.g., in 2016
and 2020). The period from 2010 to 2022 shows a steady rise with a noticeable peak around
2016, and another around 2019. However, the last few years (post-2020) show a slight cool-
ing or plateau, but the temperature remains well above earlier years (around 46.3°C). The
chart (Figure {4 reflects a typical warming pattern observed in many regions globally due
to climate change and suggests that we could be experiencing global warming impacts. The
fluctuations seen year-to-year may be related to climatic variability—influenced by factors
like atmospheric conditions, ocean currents (e.g., El Nino/La Nina cycles), and localized
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weather phenomena [44]. We then proceed to visualize the climatic trends for each country
closely.

Figure [5| represents a series of line plots showing temperature trends over time for various
African countries from the year 2000 to around 2024. In terms of overall temperature sta-
bility, many countries show stable long-term trends without significant warming or cooling.
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Fig. 5. Temperature distribution across sixteen African countries from 2000 to 2024.

The temperatures oscillate within a relatively narrow band, which suggests stable cli-
mates in some regions. However, there is some noticeable variability where some countries
like Sierra Leone, Chad, and South Sudan exhibit high variability in their temperatures, with
significant peaks and troughs, which may indicate more dynamic weather patterns or the
influence of climate events (e.g., El Nifo, La Nina) [44], [45]. Cooler Countries like Lesotho
have the coolest average temperatures, consistently below 12°C. The stable yet low temper-
atures may reflect the country’s higher altitude and unique climatic conditions. Warmer
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Countries like South Sudan, Chad, and Burkina Faso show higher overall temperatures com-
pared to other countries, reflecting their location in warmer regions with drier climates.

4.4 Statistical Testing Results

Results of the Augmented-Dickey fuller (ADF) test is depicted in Table |3, Upon application

of this test and evaluation of this Table |3| the following is observed.

Table 3. Statistical measures at different lags for each country.

Country ADF Statistic p-value Lags Used Observations
Algeria -3.286 0.016 14 261
Burkina Faso -2.686 0.076 13 262
Cameroon -1.491 0.538 13 262
Chad -1.451 0.558 14 261
Congo -2.772 0.062 14 261
Ethiopia -3.130 0.024 13 262
Kenya -3.835 0.003 13 262
Lesotho -4.177 0.001 15 260
Mauritania -3.927 0.002 14 261
Mozambique -4.490 0.000 15 260
Namibia -3.869 0.002 14 261
Nigeria -4.054 0.001 16 259
Sierra Leone -2.613 0.090 13 262
South Africa -3.839 0.003 15 260
South Sudan -1.849 0.356 13 262
Tanzania -2.508 0.114 13 262

Countries with Strong Evidence of Stationarity

e Lesotho: ADF Statistic (-4.177) and p-value (0.0007) show significant stationarity at

all levels (1%, 5%, 10%).

e Mozambique: ADF Statistic (-4.490) and p-value (0.0002) suggest very strong sta-

tionarity, as the test statistic is well below the critical values.

Countries with Moderate Evidence of Stationarity

e Kenya: ADF Statistic (-3.835) and p-value (0.0026) indicate stationarity at the 1%

and 5% levels but are closer to the 10% boundary.

e South Africa: Similar to Kenya, its ADF Statistic (-3.839) and p-value (0.0025) imply
moderate evidence for stationarity.
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Countries with Weak or No Evidence of Stationarity

e South Sudan: ADF Statistic (-1.849) and p-value (0.356) do not provide sufficient
evidence for stationarity.

e Cameroon: ADF Statistic (-1.491) and p-value (0.538) show the series is non-stationary.
Countries Near the Marginal Significance Levels

e Congo: ADF Statistic (-2.772) and p-value (0.062) indicate borderline stationarity,
significant only at the 10% level.

e Burkina Faso: Similar results with an ADF Statistic (-2.686) and p-value (0.076),
close to the 10% significance threshold.

Patterns Across Countries

e Strong Evidence for Stationarity: Countries like Mozambique, Lesotho, and Mau-
ritania have highly negative ADF Statistics and low p-values, making them strongly
stationary.

e Borderline Evidence: Countries like Congo and Burkina Faso are borderline cases
where stationarity might depend on context or adjusted significance levels.

e Non-stationary Series: Countries like South Sudan, Cameroon, and Chad have
higher p-values, suggesting their time series data are likely non-stationary.

Next, we proceed by performing ACF and PACF analysis to identify the lag relationships

within the time series for each country, the proper time series model to use (AR, MA, ARMA,
ARIMA, SARIMA, SARIMAX), the period and the proper seasonal and non-seasonal orders.
A sample of the results of our ACF and PACF plots are presented in Figure [0] .
From the plots, we deduce the non-seasonal orders range from 1 to 3, each country displays
a periodicity of 12 with DRC exceptionally having a periodicity of 24 and a seasonal order
of 1 for our 13 countries. Conclusively, we end our statistical testing by calculating the AIC
and BIC values, shown in Table [4]
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Fig. 6. ACF Time series plot for Algeria.

Table 4. AIC and BIC values resulting from predicting wind speed at 2 meters.

Country Parameter AIC BIC

Algeria WS2M 373.069  390.930
Burkina Faso WS2M -38.421  -16.988
Cameroon WS2M -296.056 -278.195
Chad WS2M 323.070  340.931
Congo WS2M -658.034 -643.746
Ethiopia WS2M -11.224 10.209
Kenya WS2M 207.517  225.378
Lesotho WS2M 55.919 70.208
Mauritania WS2M 216.286  234.147
Mozambique =~ WS2M 34.622 45.339
Namibia WS2M 15.791 26.507
Nigeria WS2M 254.293  275.726
Sierra Leone ~ WS2M -218.571 -200.710
South Africa WS2M 2.000 5.572
South Sudan WS2M 45.763 63.624
Tanzania WS2M 71.676 89.537
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4.5 Predictive Modeling results - Climate Variable Prediction

The AIC and BIC values obtained guided the choice of our model parameters. For the
AIC and BIC values presented in Table 4| for Wind Speed at 2 meters, the SARIMA model
parameters were deduced for the same climatic property as shown in Table [5]

Table 5. SARIMA Model Parameters for predicting wind speed at 2 meters.

Country Parameter p q P Q S D d
Algeria WS2M o 1 1 2 12 1 1
Burkina Faso WS2M o 2 2 1 12 1 1
Cameroon WS2M 1 1 1 1 12 1 1
Chad WS2M o 1 1 2 12 1 1
Congo WS2M 1 1 0 1 12 1 1
Ethiopia WS2M 2 1 0 2 12 1 1
Kenya WS2M 2 1 0 1 12 1 1
Lesotho WS2M 0O 2 0 1 12 1 1
Mauritania WS2M 2 1 0 1 12 1 1
Mozambique WS2M 21 0 1 12 1 1
Namibia WS2M 0O 1 0 1 12 1 1
Nigeria, WS2M 1 1 2 1 12 1 1
Sierra Leone WS2M 1 1 0 2 12 1 1
South Africa WS2M 0O 0 0 0 12 1 1
South Sudan WS2M 1 2 0 1 12 1 1
Tanzania WS2M 1 2 0 1 12 1 1

4.6 Predictive Modeling results - Event Prediction

After finalising our climate variable prediction, we move to the events prediction given these
events are predicted from climatic variables. Our problem type is a classification problem.
Therefore, we proceed to train several adapted classification models on our data and the
compare them to see which gives the most accurate result. The models adapted such as
Logistic Regression, SVM, Random Forest, and XGBoost produced the outcomes with high

accuracies mentioned in Table [6] [7], [§] and [0} respectively.
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4.6.1 Model: Logistic Regression

Table 6. Classification report for Logistic Regression Model.

Class Precision Recall F1-Score Support
Storm 0.60 0.69 0.64 210
Flood 0.83 0.40 0.54 235
Drought 0.50 0.54 0.52 202
Extreme Temperature 0.71 1.00 0.83 193
Accuracy 0.64 840
macro avg 0.66 0.66 0.63 840
W. avg 0.67 0.64 0.63 840

4.6.2 Model: Support Vector Machine

Table 7. Classification report for SVM Model.

Class Precision Recall F1-Score Support
Storm 0.63 0.73 0.68 193
Flood 0.44 0.62 0.51 202
Drought 0.55 0.36 0.43 210
Extreme Temperature 0.52 0.43 0.47 235
Accuracy 0.53 840
macro avg 0.54 0.53 0.52 840
W. avg 0.53 0.53 0.52 840

4.6.3 Model: Random Forest

Table 8. Classification report for Random Forest Model.

Class Precision Recall F1-Score Support
Storm 0.99 1.00 0.99 210
Flood 1.00 0.92 0.96 235
Drought 0.93 1.00 0.96 202
Extreme Temperature 1.00 1.00 1.00 193
Accuracy 0.98 840
macro avg 0.98 0.98 0.98 840
W. avg 0.98 0.98 0.98 840
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4.6.4 Model: Extreme Gradient Boosting

Table 9. Classification report for XGBoost Model.

Class Precision Recall F1-Score Support
Storm 1.00 1.00 1.00 193
Flood 0.92 1.00 0.96 202
Drought 0.98 1.00 0.99 210
Extreme Temperature 1.00 0.91 0.95 235
Accuracy 0.97 840
macro avg 0.97 0.97 0.97 840
W. avg 0.97 0.97 0.97 840

Where w. avg represents weighted average and macro avg represents macro average.

4.7 Model Comparison, Selection and Validation

Model selection is done based on the evaluation of the outcomes og model metrics mentioned
in Tables [0] [7] [§ and [9} and as follows.

Logistic Regression: Precision, Recall, F1-Score. The model performs reasonably well
for most classes, but struggles with the flood class (which is a minority class), where it
has a recall of only 40%. The extreme temperature class performs the best with an F1-
score of 0.83. This observation is in line with another studies [46], which demonstrates this
model’s ability to predict simple relationships such as temperature increase but no insight
on complex patterns. Overall, the model is okay but not very strong. This suggests that
Logistic Regression is a simpler model and may not capture complex relationships in the
data and so is not the best option given the performance, especially with imbalanced classes.

Support Vector Machine: Precision, Recall, F1-Score. The SVM model struggles with the
dataset, as the overall accuracy is lower (52.6%). It particularly struggles with Drought and
extreme temperature classes, with low Fl-scores (0.43 and 0.47). The recall and precision
are generally inconsistent across classes. This suggests that SVM does not perform well
on our dataset. Similarly [47] provided an attempt at using SVM for weather prediction
demonstrated its inability to capture heavy precipitation events on its own, leading to a
large negative bias in estimated precipitation, until combined with Quantile Mapping to
produce higher statistics. Such underestimation was also found in previous studies but
explained by non-Gaussian outliers in the training data. This potentially suggests that SVM
is not adequate for capturing complex events.

Random Forest: Precision, Recall, F1-Score. Random Forest performs exceptionally well
across all classes, with nearly perfect precision and recall. All classes achieve F1-scores close
to 1.00, except for the flood class (slightly lower recall of 92%). Random Forest is a strong
model for this dataset. It handles both the complexity and class imbalance very well, making
it a highly suitable model. The efficiency of Random Forest on climatic data has also been
observed in other works, with an accuracy ranging from 76% to 99% for forecasting [48].
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XGBoost: Precision, Recall, F1-Score. XGBoost also performs very well, with an accuracy
similar to Random Forest. It achieves near-perfect scores across all metrics, though the
extreme temperature class has a slightly lower recall (91%). Like Random Forest, XGBoost
performs excellently and is well-suited for our dataset, which is expected as studies by Ranjan
et al., [19]., enunciated this fact as well while comparable results were found by [40]. for
predicting wave height during storm events. It might be a good alternative to Random
Forest, especially for more finetuned or large-scale datasets.

Furthermore, ROC curves and confusion matrices (Figure [7]) were used to further illus-
trate the diagnostic ability of the different models. Our ROC curves were plotted using the
One-vs-Rest (OvR) multiclass classification strategy. Here, class 0 represents storms, class
1 represents floods, class 2 represents droughts, and class 3 represents extreme temperature.
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Fig. 7. a: ROC Curve for SVM; b: Confusion Matrix for SVM; ¢: ROC Curve for Logistic
Regression; d: Confusion Matrix for Logistic Regression; e: ROC Curve for Random Forest; f:
Confusion Matrix for Random Forest; g ROC Curve for XGBoost ; h: Confusion Matrix for
Confusion Matrix for XGBoost.

It is observed that SVM is best at classifying Class 3 (Extreme temperature, AUC = 0.90)
and handles non-linear boundaries well (if using RBF kernel). Nonetheless, it struggles with
Class 0 (Storm, AUC = 0.71) as the performance is inconsistent across classes. This could be
due to the fact that the kernel choice may not be optimal for all classes. Logistic Regression
has a balanced performance (AUC 0.76-0.84) and is particularly simple, interpretable, and
computationally efficient but struggles with complex data as Class 2 (Drought, AUC =
0.76) has an overall weak link. On the other hand, XGBoost has a perfect classification
(AUC = 1.00) for Classes 0, 2, 3 with Class 1 (flood, AUC = 0.99) being near-perfect. This
indicates it handles non-linearity, missing data, and feature importance well. Random Forest
is comparable to XGBoost as it achieves a perfect classification (AUC = 1.00) as well for
Classes 0, 2, 3 with Class 1 (flood, AUC = 0.99) being nearperfect. It is also quite robust
to outliers and noise. Conclusively, it is established that as per this work, Random Forest
with an accuracy of nearly 98% and strong metrics across all classes is the most suitable
model for our prediction, followed by XGBoost. This then justifies this model as the most
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appropriate as per our study, for events prediction. Logistic Regression and SVM struggled
with the dataset, showing lower accuracy and performance, especially with class imbalances.

5 Conclusions

This study aimed to establish a framework that enhances the precision of climate-related
predictions and assessments, thus aiding in more informed decision-making processes for
disaster preparedness and mitigation strategies. The methodology employed was the Box
-Jenkins methodology (Box and Jenkins, 1970), applied over several models namely the AR,
MA, SARIMA, ARFIMA, ARIMA, ARMA, SARIMAX, Support Vector Machine, XGBoost,
Random Forest and Logistic Regression. The predictive models developed were instrumental
in forecasting climatic conditions. Despite its innovative approach and significant findings,
a major limitation of this study is the generalization of models. While the models developed
are robust, their applicability might be limited to similar datasets and may not fit across all
types of climatic events or geographic locations without adjustments. Another limitation is
computational resources. Computational resources are required to process and analyze large
datasets, which might not be readily available in all research or operational settings. Given
the extensive nature of this study and inherent limitations, three areas are proposed for
further research and improvement. Firstly, incorporating more ground truth data from local
weather stations and real-time data could enhance model accuracy. Secondly, future research
should focus on developing real-time forecasting models that can dynamically incorporate
new data as it becomes available. Finally, the exploration of deep learning and neural
networks could uncover deeper insights and improve the predictive capabilities of the models.
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