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ABSTRACT 

Climate change is a threat to the agriculture-based economy in Zimbabwe due to its effect on 

rainfall, droughts, temperature changes, and natural disasters, which hinder production and 

export earnings. This research aims at exploring the effect of climate change and food 

production on food product export earnings in Zimbabwe using annual data for the period 

1967–2025. Two machine learning models: extreme gradient boosting (XGBoost) and light 

gradient boosting machine (LightGBM) are used to estimate the relationship between climate 

factors, food production, and export earnings. Data was collected from ZIMSTAT, the Food 

and Agriculture Organization (FAO), and the World Bank while using lagged values and three-

year rolling averages in the process of feature engineering to enhance accuracy. Results show 

that there is a very strong relationship between food production and export earnings (r = 0.68). 

Climate variability affects trade through its effect on food production, hence its effect on 

earnings from exports. Model predictions are highly accurate, XGBoost outperforms the 

LightGBM, giving an r² of 0.981 and a MAPE of 3.46%. Historical values of export earnings 

and food production are among the top features used in predicting future export performance. 
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CHAPTER 1: INTRODUCTION 

1.0 Introduction 

Climate change has emerged as one of the greatest challenges in the current times, threatening 

economies and livelihoods throughout the world. Crop farming is highly sensitive to climate 

change effects, which according to experts adversely affect the productivity of agriculture 

through rise in temperature, uneven rainfall patterns and occurrence of natural calamities 

(Molua 2002, Isik & Devadoss 2006, IPCC 2007, WB 2010). As a nation dependent heavily 

on agriculture, climate changes are likely to affect food production and export from Zimbabwe. 

This has also had adverse effects on the productivity and earnings from agricultural exports. 

The research paper is divided into five chapters. Chapter one gives background information 

and objectives of the study while chapter two focuses on the review of previous literature. 

Chapter three details the methodology used in the study while chapter four highlights’ findings 

from the analysis then lasty chapter five review the results and pass the recommendations and 

conclusions. 

 

1.1 Background of the Study 

Zimbabwe's economy relies heavily on agriculture, which contributes about 10-15% to the 

GDP, provides jobs for roughly 70% of the population, and supplies around 40% of export 

earnings (World Bank 2022). The country depends on tobacco, maize, cotton, and horticultural 

products not just for trade but also for food security. Over the last couple of decades, though, 

climate change has become a big problem, hurting the agriculture sector and cutting into export 

performance (Dzvimbo et al. 2017). 

 

The United Nations Framework Convention on Climate Change recognizes the risk that 

dropping food production poses (Reid et al. 2007). Zimbabwe has seen more extreme weather 

– like unpredictable rains, severe droughts, and floods that come from unusual rainfall patterns 

and warmer temps (FAO 2020). These changes disrupt growing seasons, reduce crop yields 

and increases post-harvest losses (Blanc 2011). For instance, during the El Niño-spurred 

drought in 2015-2016, maize production took a massive hit, pushing the country to import food 

and shrink its agricultural exports (ZimStat 2016). Plus, based on the Zimbabwe 

Meteorological Services Department (MSD), yearly rain levels are becoming less dependable, 

making it harder to cultivate crops whether that be dry farming or irrigated stuff (MSD 2021). 
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During 2018-2019, inconsistent rain resulted in significantly lower yields than usual. 

Government relief measures, such as Pfumvudza/Intwasa initiatives and food assistance, 

haven't solved everything because the country still lacks solid predictive tech. Traditional 

methods, like linear regression, fall short when it comes to tackling complicated, non-linear 

issues, thus researchers should explore sophisticated solutions, like machine learning. 

 

Various scientific areas teaming up could offer key insights into handling these challenges via 

studies linking climate and crop yields, devising optimal growing practices, and setting up 

reliable models (Ahmed et al. 2013, Jones et al. 2017). There's no denying the strong ties among 

agri-business, feeding systems, and commerce; all emphasize how urgent it is to collect real-

world evidence that supports steady agricultural and eco-political blueprints in Zimbabwe. 

Climate variability directly affects the economy due to agriculture’s climate sensitivity, which 

whittles down both local and traded goods as well as economic stability (Vink 2012). 

 

With reduced produce, export totals fall and income drops too. Zimbabwe faces further issues 

due to low coping capabilities, subpar facilities, and frail defences against climate shocks. 

Meeting Vision 2030 hinges on boosting food productivity (Vink 2012). It’s crucial to figure 

out how to navigate and soften these climate effects, matching up with objectives under Vision 

2030 and UN SDGs for ending world hunger, protecting our planet, and spurring wealth. 

Investigating links 'twixt weather measurements and crop prosperity gives backing for smart 

interventions and plans that guard farming from shifting climatic behaviours. 

 

 

Source: World Bank data showing the variability of food production and food products export 

values. 

 

Figure 1.1-line graph of food products export value (1967-2025 
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1.2   Statement of the problem 

In Zimbabwe, food production swings wildly and exports keep dropping due to unreliable 

weather patterns. While there's plenty of research on climate change and farming, not much 

uses machine learning to look at how climate affects both crop yields and export income. Since 

previous researchers haven't done a thorough study, policy makers struggle to create good 

strategies for adapting and fixing these issues. That's why this study aims to see if machine 

learning can better predict how climate change impacts both production and income from food 

exports. 

 

1.3   Objectives of the Study 

1. To assess the relationship between climate variability and food production levels and 

export earnings. 

2. To develop a machine learning model with more reliable performance accuracy 

(XGBoost and LightGBM (Light Gradient Boosting Machine). 

 

1.4   Research Questions 

1. How strongly is climate and food production variability relating with changes in food 

product export value in Zimbabwe? 

2. Which machine learning model provides more reliable performance accuracy for food 

products export earnings based on climate and food production data? 

 

1.5   Scope of the Study 

This study looks at how climate change and food production impact export earnings in 

Zimbabwe. The time frame goes from 1967 to 2025, a period of big weather swings with 

droughts, cyclones, and changing rain patterns. It zeroes in on how rainfall and temperature 

trends have affected important crops like maize, tobacco, and cotton – major players in both 

feeding Zimbabwe and earning exports. 

 

The research covers all agricultural areas in Zimbabwe, such as Mashonaland, Manicaland, and 

Midland’s provinces that's where most of the crops are grown. The study sticks to a quantitative 

analysis using second-hand data on climate, food production stats, and earnings data from 

government and international sources (like ZIMSTAT, FAO, and World Bank). 
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Moreover, it tests two machine learning models to see how well each explains the link between 

climate variables and economic results. Still, it doesn't deeply examine other factors like land 

reform, politics, or global market pricing, even though those factors matter too. 

 

1.6 Significance of the Study 

To the academic community 

This study provides an opportunity to apply statistical and financial mathematics tools to a real-

world socio-economic issue climate change and its economic implications. It enhances 

analytical and data interpretation as well as modelling skills, especially in using machine 

learning methods to address pressing national challenges. 

 

To Researchers   

The research contributes to the limited localized literature on the nexus between climate 

change, food production, and export earnings in Zimbabwe. It offers a foundation for future 

empirical studies by applying comparative methodologies, encouraging interdisciplinary 

research that combines climate science, agriculture, economics, and data science. 

 

To Policymakers  

Findings from this study can inform evidence-based policy formulation and implementation. 

By quantifying the effects of climate variability on agriculture and export performance, 

policymakers are better equipped to design adaptive strategies, prioritize climate-resilient 

investments, and allocate resources effectively to enhance food security and economic stability. 

 

To Investors and Agricultural Stakeholders 

The insights into climate-related risks and trends help investors and agribusinesses assess 

exposure and make informed decisions about agricultural investments. Understanding how 

climate affects productivity and export potential can guide decisions on crop selection, 

insurance products, and long-term investment strategies in Zimbabwe’s agriculture sector. 

 

1.7 Assumptions of the Study 

Firstly, assuming that the data from sources like ZIMSTAT, FAO, and World Bank – covering 

rainfall, temperature, food production, and export earnings – accurately reflect Zimbabwe's real 

conditions between 1967 and 2025. 
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Next, the study assumes that while other factors do play roles, food production and climate 

factors such as rainfall and temperature chiefly affect food product export earnings. 

Additionally, the relationship between climate patterns and agricultural output is thought to 

stay fairly consistent throughout the studied timeframe. This allows for useful modelling and 

comparisons using statistics and machine learning methods. 

Finally, assuming the chosen analytical methods – XGBoost and LightGBM – can effectively 

find and show the relationships between our variables. 

 

1.8 Limitations of the Study 

The study uses secondary data from government and international sources, which may contain 

gaps or inaccuracies. Furthermore, getting high resolution or current data is not always 

accessible, and this lack can make the analysis off the mark. 

 

While it looks at food production and weather patterns, the research does not extensively 

examine things like land reform or the cost of inputs, which also impact exports. Plus, the 

models used—XGBoost and LightGBM—are only as good as the data they get. So, if the data 

are imperfect, these models might miss out on important stuff affecting farming. 

There's also the issue of generalizing the findings for Zimbabwe as a whole. Since climate 

effects can differ a lot between regions and for different crops, the study’s broader conclusions 

might not accurately reflect local conditions. 

 

Lastly, the time frame—from 1967 to 2025—may be too narrow. It probably won’t pick up on 

super-long climate trends and could restrict how well can apply the study’s results to times 

outside that window. 

Even with these limitations, though, the study gives us a good look at how climate, farming, 

and trade are linked. 

 

1.9 Key terms Definition 

Climate Change 

According to John T. Houghton (2015), climate change refers to long-term alterations in the 

average weather conditions of a region or the Earth as a whole, including changes in 

temperature, precipitation, wind patterns, and other aspects of the climate system, resulting 

from both natural processes and human activities. 
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Food Production 

David Pimentel and Marcia Pimentel (2008) define food production as the production of crops 

and livestock through the utilization of land, water, labour, and other agricultural inputs to 

provide food for human consumption and economic sustenance. 

 

Export Earnings 

Dominick Salvatore (2019) defines export earnings as the monetary value of goods and services 

sold by a country to the rest of the world, generating foreign exchange receipts that support 

economic development and international trade. 

 

XGBoost (Extreme Gradient Boosting) 

A rapid approach for getting the desired output, even a professional one, is possible through 

using an enhanced gradient boosting framework, such as gravity boosting, which is 

accompanied by increased performance along with overfitting prevention, and dealing 

efficiently with missing data (Chen & Guestrin 2016). 

 

LightGBM 

It refers to a very fast and effective gradient boosting system created by Microsoft and based 

on decision trees which can perform classification, regression and ranking functions (Ke et al., 

2017) 

 

Gradient Boosting 

Is a sequential model ensemble technique which involves building of subsequent models to 

reduce losses by adjusting the loss function of preceding models. This allows developing a 

strong classifier from weaker learners like decision trees (Ren, 2023). 

 

Machine Learning   

Refers to algorithms including LightGBM and XGBoost for forecasting, classification and 

recognizing patterns or a kind of AI in which machine learning algorithms and statistical 

models learn from data and then make decisions accordingly (Jordan & Mitchell 2015). 

 

1.10 conclusion  

This chapter has introduced the study on the impact of climate change and food production on 

food products export earnings in Zimbabwe. It outlined the background, highlighted the 
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problem being addressed, and stated the objectives and research questions guiding the 

investigation. The significance, scope, assumptions, and limitations were also discussed. This 

foundation sets the stage for the next chapter, which review existing literature on climate 

change, agriculture and export performance, providing theoretical and empirical context for the 

present study. 
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CHAPTER TWO: LITERATURE REVIEW 

2.0 Introduction 

This chapter reviews theoretical and empirical literature on the impact of climate change and 

food production on food products export earnings. The chapter begins by discussing theories 

related to climate change, agricultural production, international trade, and statistical learning. 

It further examines predictive modelling approaches, particularly Extreme Gradient Boosting 

(XGBoost) and LightGBM, which are increasingly used in agricultural forecasting studies. The 

chapter also reviews empirical studies on climate change, agricultural productivity, and export 

performance. Finally, the chapter synthesizes the reviewed literature, identifies research gaps, 

and presents the conceptual framework guiding the study. 

 

2.1 Theoretical Literature 

This section discusses the theories underpinning the study. The theories explain the relationship 

between climate change, agricultural productivity, export earnings, and predictive modelling 

techniques. 

 

2.1.1 Climate Change Theory 

The main idea here is the Climate Change Theory, which revolves around the Greenhouse 

Effect discovered by Joseph Fourier and built upon by Svante Arrhenius. Basically, greenhouse 

gases like CO₂ catch heat in our atmosphere, causing global warming and messing up the 

climate. Current research from places like the IPCC backs this up, saying that more greenhouse 

gases mean hotter temperatures, weird rain patterns, and lots of disasters like droughts and 

floods. 

 

Farmers have it tough because their crops need specific temperatures, rain, and soil dampness. 

With climate swings, growing stuff gets harder, giving lower crop numbers and messed-up 

farming routines. That's not good for food supplies or money from selling extra produce. This 

ties into this study since it shows how changes in the weather impact what we can grow and 

thus affect our trade earnings. 

 

2.1.2 Agricultural Production Theory (Cobb–Douglas Production Function) 

Agricultural Production Theory shows us how things like land, labour, capital, and technology 

shape farming output. The Cobb-Douglas Production Function, created by Charles Cobb and 

Paul Douglas in 1928, describes output based on inputs and their elasticity. 
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In the field of agricultural economics, stuff like temperature and rainfall really affect farming 

output. These climate swings can actually cut how well inputs work and dent crop harvests. 

Then, Solow in 1956 and Schultz in 1964 updated the theory to include technology advances 

and human expertise, stressing the impact of both innovation and strong institutions on 

productivity. 

 

This theory matters for our study since climate change works as a shock that changes how 

farms produce. Not only could this mean less food, but nations relying on farm exports might 

see their money drop too. 

 

2.1.3 International Trade and Export Earnings Theory 

Ricardo's Comparative Advantage, explained in 1817, says countries should focus on making 

what they make best compared to others. For agriculture, big factors are good weather and how 

much they can produce. 

 

Climate change could hurt farming, causing worse droughts, floods, and shifts in rain. This 

harms countries' best crops for export since lower food harvests mean less to sell and earn cash 

from abroad. And that affects the economy. 

 

The Prebisch–Singer Theory, created in 1950, tells us relying on basic goods like crops leaves 

you open to big price swings. Adding climate effects into that mix, and it gets tougher for 

countries to perform well in exports, dragging down their money. 

 

So, this theory helps us see why climate changes are extra scary, linking drops in farming output 

straight to the hit in cash flow from selling those goods. 

 

2.1.4 Statistical Learning Theory 

Statistical Learning Theory, created by Vapnik and Chervonenkis from 1964 to 1974, forms the 

backbone of modern machine-learning models. This theory centres on minimizing empirical 

risk, boosting generalization, and balancing bias and variance. 
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In agriculture and export data, we often see nonlinear patterns, seasonality, and high variability 

due to climate swings. Because of this, statistical learning techniques shine, as they can spot 

intricate links between climatic factors and economic impacts. 

 

Time series analysis is key in statistical learning; it zeroes in on past observations to find trends, 

patterns, and projections for the future. As Aras and Kocakoc point out in 2016, this type of 

analysis revolves around forecasting, modelling, and describing how data evolves over time. 

Plus, Tealab added in 2018 that time series forecasting lets us predict future observations based 

on old data. For this research, statistical learning theory sets the stage for building models to 

project how climate changes affect food product export revenues and food production shifts. 

 

2.1.5 XGBoost Theory (Extreme Gradient Boosting) 

Chen and Guestrin developed XGBoost in 2016 as a step up from regular gradient boosting 

methods. This model makes prediction trees one after another, correcting mistakes from the 

earlier ones. Plus, it uses something called regularization to cut down on overfitting and boost 

performance. 

 

Another advantage of XGBoost? It does great at managing nonlinear connections and how 

variables interact. What’s more, it shows how important each predictor is in influencing 

forecast results. 

 

For agriculture forecasting, stuff like rain, humidity, and temperature are usually tangled up in 

tricky ways. So, XGBoost is perfect for our purposes because it can nail those nonlinear links 

between climate, food output, and export money. 

 

2.1.6 Light Gradient Boosting Machine (LightGBM) Theory   

LightGBM, introduced by Ke et al. in 2017, makes gradient boosting decision trees way faster 

and scalable. It differs from old boosting methods thanks to neat tricks like GOSS and EFB, 

which cut down on costs and keep accuracy intact. 

 

In this system, big parts include the decision tree bit, a clever leaf-wise growing approach, and 

nifty optimization stuff. All this lets LightGBM deal well with ginormous data piles and still 

grab onto those tricky nonlinear patterns in structured info. 
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Key things in LightGBM have names too - Features (X) are your predictors, Labels (y) your 

targets, and Leaves, where final guesses come from at the ends of trees.  

 

This model shines for both regressing and classifying jobs since it merges zippy processing 

with bang-on forecasts. For climate and farm research, LightGBM nails it when you need to 

model complex ties between weather facts, crop yields, and money stats from sales in a mega 

dataset. 

 

 

2.2 Empirical Literature 

This section reviews empirical studies on climate change, agricultural productivity, export 

earnings, and predictive modelling approaches. The studies are organized into thematic areas 

to improve synthesis and critical evaluation. 

 

2.2.1 Climate Change and Agricultural Productivity 

Several pieces of literature have established that climate change leads to negative consequences 

in agricultural productivity. For instance, Ortiz-Bobea et al. (2020) investigated the effect of 

climate change on historical agricultural TFP (Total Factor Productivity) in the world. Using 

an econometric approach, the authors established that climate change has led to a reduction in 

agricultural productivity by about 21% since 1961, especially in hotter parts like Africa and 

Latin America. As indicated, higher temperatures and climate change have contributed greatly 

to decreased agricultural output. 

 

In a similar trend, Muleta and Gebremedhin (2023) conducted panel regression analysis 

between climate variables and agriculture production. The research indicates that there is 

considerable loss due to climatic changes, mainly in rain-fed agriculture production. 

 

In a panel autoregressive distributed lag (PARDL) framework, Semosa (2025) used data from 

some selected Southern African countries and discovered that temperature increase has led to 

a negative effect on agriculture productivity in both the short and long run. Furthermore, it was 

found that institutional and governance quality mitigate climatic effects. 

 



12 | B 2 2 4 7 1 8 B  T i n a s h e  C h i p a y i  C  
 

It can be noted that climate variability has a negative effect on agricultural productivity. 

However, most of the existing studies mainly use econometric modelling, focusing on 

production loss. 

 

2.2.2 Climate Change and Export Earnings 

The link between climate change and export performance, as well as trade outcomes, is 

becoming a growing field within the literature. Bozzola et al. (2023) indicated that climate 

change changes comparative advantage by altering the levels of productivity for various 

countries. Areas where agriculture is less productive could become disadvantaged when 

exporting, while other areas benefit from the comparative advantage. 

 

Mahofa (2022) evaluated the impact of climate change on the trade of cereals in Sub-Saharan 

Africa and suggested that low agricultural production leads to negative trade balance and food 

insecurity. Additionally, Mamboundou (2023) claimed that the decline in productivity due to 

climate change makes African countries less competitive in agricultural exports, leading to 

decreased foreign exchange gains. 

 

In their analysis of climate disaster risk and agricultural terms of trade in 114 countries, Zhang 

et al. (2025) showed that countries with high climate risks have worse conditions for export 

and lower welfare from agricultural trade. 

 

While these studies illustrate the connection between climate change and export performance, 

they do not integrate modelling techniques used to forecast export gains. 

 

2.2.3 Machine Learning Models in Agricultural Forecasting 

Recently, there have been attempts to incorporate machine-learning models in forecasting 

agricultural production. For instance, Wibisono & Saiful (2025) utilized the Random Forest 

model and XGBoost to predict agricultural productivity using climate indicators such as 

rainfall, temperature, and humidity. XGBoost was found to be efficient in making accurate 

predictions and establishing nonlinear relationships among climate indicators. 

 

Additionally, Zhang et al. (2020) employed the LightGBM model in predicting agricultural 

productivity using data with many climate variable interactions. The study pointed out that 

temperature and rainfall were important predictors of agricultural productivity. 
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Moreover, Kumar & Singh (2022) used LightGBM together with feature selection methods in 

forecasting food production amid different climatic conditions. They observed improved 

predictive accuracies in the model compared to traditional regression methods for modelling 

nonlinearity among climate variables and food production. 

 

Additionally, Chen et al. (2023) combined the LightGBM model with SHAP explainability 

method to investigate the impact of climate indicators on food export earnings. Their findings 

revealed that rainfall and indices of food production were the most influential indicators. 

 

From the studies discussed above, it is clear that machine learning models are effective tools 

in forecasting agricultural production. However, almost all the studies concentrate exclusively 

on crop yield forecasting and seldom consider export earnings. Besides, few studies have 

compared the predictive efficiencies of XGBoost and LightGBM in agriculture economics 

research. 

 

2.3 Literature Synthesis and Research Gap 

From the analysed literature, it is clear that climate change impacts agricultural productivity 

based on alterations in temperature, precipitation, and weather extremities. The drop in 

agricultural productivity results in decreased food production as well as poor export 

performance, especially in economies where agricultural exports constitute a significant 

proportion of their export performance. 

 

From the literature, the effectiveness of the application of machine learning techniques such as 

XGBoost and LightGBM in predicting agricultural yields is noted since they have the ability 

to model complex non-linear and time-dependent relationships in the climatic data. However, 

very few studies incorporate both food production and climate change impact on export 

revenues within the same forecasting paradigm. In addition, most empirical work employs 

econometric models whereas very few comparative analyses of XGBoost and LightGBM 

techniques exist. Most empirical researches done are on either developed nations or regional 

analysis, leaving out the empirical study of Zimbabwe. 

 

Thus, the proposed study aims at filling the knowledge gaps in the literature through the 

following: 
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1. Incorporating climate parameters, food production, and export revenues within the 

same prediction model 

2. Comparing the performance of XGBoost and LightGBM techniques; and 

3. Empirical study of Zimbabwe. 

 

2.4 Conceptual Framework 

The conceptual framework illustrates the relationship between climate change variables, food 

production, and export earnings, while incorporating predictive modelling techniques as 

analytical tools. 

 

In this framework, food production and climate variables such as temperature, rainfall and 

humidity serve as independent variables. Changes in food production subsequently affect 

export earnings, which represent the dependent variable. 

 

XGBoost and LightGBM models are applied to analyse and predict the relationships among 

these variables. The framework therefore demonstrates the sequence: 

 

 

  

The Figure 2.1 illustrates how climate variables influence food production, which subsequently 

affects export earnings. XGBoost and LightGBM models are applied to forecast these 

relationships. 

 

 

Figure 2.1: Conceptual framework 
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2.5 Chapter Conclusion 

The theories covered in this chapter concern the relationships between climate changes and the 

production of food, exports, and predictive modelling approaches. The theories cover the 

relationships between the variations in climate conditions and agricultural production and 

exports, while statistical learning theory is the foundation upon which predictive models are 

formulated. 

 

All empirical studies have found that climate change has negative impacts on agricultural 

production and export performance. This chapter has identified that XGBoost and LightGBM 

algorithms are increasingly being employed in agricultural modelling owing to the capacity of 

these algorithms to consider nonlinearities and time dynamics. 

 

Not much research has been done in integrating climate conditions, food production, and export 

performance in one model, especially in Zimbabwe. In addition, not many empirical studies 

have compared XGBoost and LightGBM algorithms in agricultural-economical predictions. 

The next chapter discuss the methods used to conduct this study. 
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CHAPTER 3: RESEARCH METHODOLOGY 

3.0 Introduction 

In this chapter, the research methodology employed in the process of researching on the effects 

of climate change and food production on export earnings to be discussed. Owing to the 

complexity and multi-dimensionality of the topic, there is need for use of a sound methodology. 

Research methodology serves as a tool for data collection and the manner through which the 

collected data be analysed (Dawson, 2014). In this section, the philosophy of the research, the 

design, as well as the process of data collection and analysis, and ethics involved be explicated. 

 

3.1 Research Philosophy and Design 

3.1.1 Research Philosophy 

The research under consideration uses positivism as its epistemological basis. The key idea of 

positivism is that various social, economic, and environmental processes exist objectively and 

can be studied and measured using systematic observation and quantitative approaches. The 

choice of positivism for this research is justified by the fact that the study requires using 

observable and quantifiable variables, such as temperature, precipitation, food production 

volumes, and food product export earnings in Zimbabwe. 

 

Furthermore, positivism assumes that various statistical and other quantitative techniques can 

be applied to explore the causality between independent and dependent variables, test 

hypotheses, and make forecasts based on past data. It is important to note that, although 

traditional econometrics is considered an integral part of the positivist approach to research, 

there are no limitations on using linear statistical techniques only. On the contrary, positivism 

implies the necessity of empirical evaluation, objectivity, prediction, and searching for patterns 

in data. In this case, advanced machine learning and deep learning techniques represent specific 

tools rather than philosophical ideas. 

 

Therefore, the use of Extreme Gradient Boosting (XGBoost) and LightGBM models to analyse 

the impact of climate change on food production and food product exports is reasonable. Firstly, 

XGBoost models can be used to study complicated nonlinear associations. Secondly, due to its 

nature, LightGBM is helpful when investigating long-term temporal dependencies and time-

series data. Overall, the application of both techniques is appropriate in the context of this 

research as the interaction between climate and agriculture is usually characterized by 

nonlinearity, dynamics, and lags. 
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3.1.2 Research Design 

The chosen research design is a quantitative retrospective longitudinal one. It is applicable to 

this particular study because it analyses historical numerical data. The use of such data is 

essential since it allows making sense of trends, relationships, and predictive patterns between 

climate change parameters and other variables. 

 

A longitudinal study seems to be quite appropriate as it involves the identification of changes 

in climatic conditions and agricultural outcomes over different time periods. The study employs 

time-series data, namely climate indicator levels and their variations, including temperature 

and rainfall data, as well as levels of agricultural production in the country and export earnings 

from products. 

 

Three major analytical components can be highlighted in terms of the research design used in 

this study. They include descriptive and trend analyses, predictive modelling, and a comparison 

of predictive results provided by two types of predictive modelling algorithms. As far as 

predictive modelling goes, it is aimed at estimating the degree of impact exerted by variables 

related to climate change and food production on food product export earnings. 

 

A predictive approach dominates in this research project. It implies that a machine learning or 

even a deep learning method be used to complete analysis tasks. Such an approach is 

appropriate for climate and agriculture data as machine learning and deep learning algorithms 

can detect more complex dependencies between variables, unlike traditional econometrics 

methods. 

 

It is assumed that XGBoost is going to be utilized because it is known for nonlinear prediction 

capabilities. At the same time, the LightGBM model also be applied to the analysis because of 

its time-dependent modelling capabilities. 

 

3.2 Data Sources and Collection Methods 

3.2.1 Data Sources 

For this study, secondary time-series data spanning annually per year for Zimbabwe have been 

obtained from internationally recognized databases provided by the World Bank. Such sources 
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have been chosen due to the consistent nature, availability in the public domain, and 

international standards of their datasets. 

 

The database for the measurement of food production is the World Development Indicators 

(WDI) database. The study utilize the Food Production Index (FPI), measured in relation to the 

base period 2014-2016 = 100. This measure has been chosen since it assesses the aggregate 

performance of agricultural food production, which is relevant to our analysis. 

 

The same database to be used for the collection of data regarding food product export earnings. 

Here, rely on the measure "Food exports (% of merchandise exports)" and, where possible, on 

export values in current United States dollars (US$). The measures are relevant to the topic 

under study since they capture the contribution of food product exports in the external trade 

performance of Zimbabwe. 

 

Climate change to be measured based on data collected from the World Bank Climate Change 

Knowledge Portal (CCKP). Annual average temperature (in degrees Celsius), annual humidity 

(%) and annual precipitation (in millimetres) which are mainly used for the purpose of this 

study. The chosen indicators are common practice in climate–agriculture analysis because they 

play an important role in determining agricultural production. 

 

Such chosen databases can be regarded as reliable because the data there are compiled from 

nationally/internationally verified statistical systems, follow certain standards of measurement, 

and are widely used in academia/research concerning climate change/agricultural/economic 

issues. 

 

3.2.2 Data Collection Methods 

For collecting data, the study utilises the documentary data collection approach. Specifically, a 

secondary time-series dataset obtained from the World Development Indicators (WDI) and the 

Climate Change Knowledge Portal (CCKP) databases. Data were extracted and collected on 

an annual basis over the chosen study period. The extracted data saved in spreadsheet format. 

 

Afterwards, datasets were combined, and the data were arranged according to chronological 

order. Once it is done, data cleaning began as part of the process to detect missing data, outliers 

and inconsistencies that may negatively affect the performance of the models. 
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In relation to dealing with missing values, the strategy involves interpolation and trend-based 

estimation in case of few missing values; in case there is too much missing data, those variables 

were deleted to ensure data accuracy. On the other hand, in regard to handling outlying values, 

checked if those values are indeed due to climate shock, economic shock or a result of error 

entry. 

 

The preprocessing phase includes the creation of a dataset that can be used for analysis through 

machine learning or deep learning techniques. In particular, normalisation procedures for 

feature scaling were performed in order to enhance the performance of the LightGBM model 

as this algorithm is sensitive to data value differences. Also, lags introduced to account for 

possible delays in the impact of climate on food production and export earnings. The number 

of lags informed by time series dynamics and existing literature. 

 

3.3 Target Population and Sampling Techniques 

3.3.1 Target population 

Given that this study is macroeconomic and uses time – series data, the conventional concept 

of target population comprises annual observations from 1967-2025 to this research. Rather, 

Zimbabwe constitutes the unit of analysis with annual national level observations of climatic 

factors, agricultural productivity, and exports of agricultural products from the nation’s 

economy. 

 

The data used in this analysis are secondary and aggregated data which represent Zimbabwe’s 

agricultural and export economy. The important variables in this study are the annual mean 

temperature, annual rainfall, annual humidity, annual agricultural productivity index, and 

annual agricultural product exports. These are national level observations and thus serve as the 

basis for the analysis of climate change, agriculture, and export. 

 

The reason for choosing Zimbabwe as the nation for analysis is due to its agricultural industry 

which is an important component of its economy, and its climate which is characterized by 

changes in weather patterns including droughts and increased temperature. 
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3.3.2 Sampling Techniques 

The current study has not used any probabilistic sampling technique because the data that are 

collected by the study is non-probabilistic in nature. This is mainly because the fact that the 

study does not collect any micro-level data such as survey responses or experiment-based 

results but makes use of macroeconomic and climatic time-series data. 

 

For the purpose of the study, an intentional or purposive temporal selection technique used. 

This type of technique helps the researcher select the data based on their importance for the 

objective of the study. 

 

The temporal data consist of annual observations for the period ranging from 1967 to 2025. 

This period help in the identification of historical trends of climate in the region, agriculture 

production trends and trends related to export performance of various food products. 

 

The reason for selecting annual observations as the main source of data collection for the study 

is due to consistent availability of key economic and climate indicators on yearly basis from 

the sources chosen for data collection. Also, yearly observation allow researchers to avoid 

short-run volatility and comparison of data related to climate and economics. 

 

This technique also allows for the application of machine learning and deep learning 

algorithms, especially LightGBM, which requires sequential data. 

 

3.4 Description of Variables and Expected Relationships 

This research seeks to evaluate the effects that climatic factors have on agricultural productivity 

and export revenue in Zimbabwe. These factors categorized into either dependent or 

independent variables depending on the purpose of the research. 

 

3.4.1 Dependent Variable 

Food Export Earnings (FE) 

Earnings from exports denote the total value of agricultural exports from Zimbabwe in real US 

dollars to strip away the impact of inflation and any exchange rate discrepancies. This variable 

helps to quantify the impact of agricultural production on foreign exchange earnings and 

international performance. 
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Any data that may require transformation shall be converted into natural logs to ensure stability 

and efficient estimations. Earnings from agricultural exports are assumed to be influenced by 

levels of domestic food production and climatic variables affecting agriculture. 

 

According to theory, the relationship between export earnings and production capacity is 

explained using Export-Led Growth and Supply Response theories, both of which indicate that 

agricultural production affects the level of exports and foreign exchange earnings. 

 

3.4.2 Independent Variables 

Food Production (FP) 

Production of food relates to the Zimbabwe Food Production Index as found in various sources 

of agricultural data internationally like the World Bank. This is used to quantify the level of 

agricultural food production relative to the base year. 

 

It is considered as an independent variable since agricultural exports depend largely on the 

production capacity in the country. An increase in food production would increase the quantity 

of produce that could be exported, whereas low food production limits the volume of exports. 

Logarithm transformation of the variable could be necessary. 

 

Average Temperature (TMP) 

Mean temperature is the average temperature recorded annually on the Earth’s surface within 

the Zimbabwean territory expressed in degrees Celsius (°C). 

 

Based on the Ricardian theory of climate change and agriculture, it should be noted that the 

increase in the mean temperature above optimal levels has an adverse effect on food production 

due to such factors as heat stress, reduced amounts of water, and a greater prevalence of pests. 

 

Rainfall Amount and Variability (PR) 

Rainfall refers to the average amount of rainfall per year in millimetres (mm) along with the 

variability of rainfall in each season. This is because most of the farming practices in Zimbabwe 

are rain-dependent. 
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Either low rainfall or high rainfall variability definitely decrease food production due to 

droughts, floods, and problems in cultivation. This may also be standardized/transformed to 

reflect any differences from average rainfall levels. 

 

 

Humidity (HU) 

Humidity is the mean amount of moisture in the air expressed as the percentage of relative 

humidity (%). 

 

Humidity influences the rate of evapotranspiration, plant diseases, and general plant growth 

environments. Normal humidity levels may enhance agricultural productivity, but excess 

humidity leads to higher levels of fungi infections and poor crops. Hence, the relationship 

between humidity and food output may be non-linear. 

 

3.4.3 Expected Relationships 

Observed that climatic variables strongly impact food production and export revenues in 

Zimbabwe. The increase in temperatures and rainfall variability reduce the country’s food 

production because of droughts and crop failures. The reduction in food production result in 

the decline in export volumes and subsequently export revenues. 

 

The linkage between climate and agricultural performance justified using two theories. These 

are the Ricardian Climate Model and the Production Function Theory. The former explains 

how climatic factors influence agricultural outputs and benefits from agricultural practices. On 

the other hand, the latter explains that the climatic factors are inputs that impact the outputs 

from agricultural activities. 

 

In addition, the research anticipates nonlinear and lagged effects. This means that climatic 

events has no impact production and exports of agricultural products within the period when 

they happen since the agricultural sector responds over different periods through planting 

cycles and soil moisture. Moreover, previous research has established that there exist nonlinear 

effects in the relationship between climatic factors and crop outputs in Sub-Saharan African 

countries. In this case, machine learning methods like XGBoost and LightGBM can be applied 

to capture nonlinearities and temporal relationships within time series data. 
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3.5 Analytical Model and Justification 

In the study, two machine learning techniques, such as XGBoost and LightGBM have been 

used to investigate the association between the climate parameters, production of food and 

income from agricultural exports in the country of Zimbabwe. The reason behind choosing 

these two techniques lies in their capability to detect the nonlinear relations as well as 

dependencies over time. 

 

3.5.1 XGBoost Model Specification 

The extreme gradient boosting (XGBoost) is a supervised machine learning technique that 

relies on the gradient-boosted decision tree method. The algorithm maximizes the accuracy of 

its predictions by incorporating several weak learners while minimizing the errors in its 

predictions through optimization. 

 

The general equation used in predicting in XGBoost is  

ŷᵢ = ∑ 𝑓𝑘 (𝑥𝑖)
𝐾

𝑘=1
, 𝑓𝑘 ∈ 𝐹  ………………………………………………………….1 

Where: ŷᵢ stands for the prediction made 

fₖ refers to each individual decision tree 

K refers to the total number of decision trees 

F refers to the functional space of the regression tree. 

The objective function of XGBoost is 

  𝑂𝑏𝑗 = ∑ 𝑙(𝑦𝑖,ŷᵢ)
𝑛

𝑖=1
+ ∑ Ω(𝑓𝑘)

𝐾

𝑘=1
  ………………………………………………2 

Where: l(yi ŷᵢ) refers to the loss function 

Ω(fₖ) is the regularization function 

 

Compared to normal regression techniques, XGBoost is ideal for this study because some of 

the predictors like temperature, rainfall, and humidity can have a non-linear effect on the 

amount of food produced or even export earnings. This means that minor changes in 

temperatures may lead to little impact on the agricultural output while major changes 

drastically impact the output. 

 

The sample size of the study is comprised of only a few macroeconomic and climatic variables. 

Hence, model complexity shall be carefully managed in order to prevent overfitting. 
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Parameters like maximum depth of trees, learning rate, and boosting iterations controlled 

through the use of cross-validation and regularizes. 

 

XGBoost can handle structured data and allow the detection of interactions among climatic 

factors and food output. From past empirical evidence, the predictive strength of XGBoost 

makes it an ideal choice for forecast problems in agriculture and climate-related predictions 

(Chen & Guestrin, 2016). 

 

Justification 

The choice of XGBoost is based on the fact that this model can efficiently identify non-linear 

connections between climate factors and agricultural output while still being able to achieve 

considerable predictive accuracy with a manageable dataset size. XGBoost is also 

computationally fast and enables ways to prevent overfitting. 

 

3.5.2 LightGBM Model Specification 

The Light Gradient Boosting Machine (LightGBM) is one of the sophisticated machine 

learning algorithms that utilize Gradient Boosting Decision Trees (GBDT). The algorithm is 

aimed at improving the prediction accuracy and the computational efficiency of building an 

ensemble of trees by sequentially correcting previous mistakes. 

 

Compared to classical regression models, the LightGBM allows capturing more complicated 

and non-linear relationships between climate, food production indices, and the earnings from 

exports. 

 

Besides, this model automatically detects interaction effects of predictors and works efficiently 

even on big data sets. 

 

The function of LightGBM predictions is formulated as follows: 

  ŷᵢ = ∑ 𝑓𝑚(𝑋𝑖),𝑀
𝑚=1  𝑓𝑚 ∈ 𝐹  ……………………………………………………3 

Where: ŷᵢ – prediction of food product export earnings 

fₘ – single decision tree  

M – number of trees in the LightGBM model 

F – space of regression trees  

xᵢ – feature vector with the climate change and food production indices  
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For our research purposes, the LightGBM model set up using a medium number of boosting 

iterations and controlled tree depth to prevent the increase of the complexity level. As 

predictors for modelling, use of the climate change and food production indices, and the 

earnings from food products' export act as the target. 

 

The reliability of the model ensured using such techniques as: 

train-test data splitting 

hyperparameters tuning 

cross validation 

early stopping techniques 

feature selection 

Such controls are critical as they increase prediction accuracy and allow preventing overfitting 

 

Justification 

LightGBM is suitable to use in this case study because the impact of climate change on food 

production and the resultant effects on the country's export earnings can be quite complicated 

and non-linear. Changes in the climate such as rainfall or temperature can have different 

impacts on food production in different periods and at various production capacities. 

LightGBM allows for modelling of complicated relations in a manner that guarantees high 

accuracy and speed. LightGBM also calculates feature importance. 

 

3.6 Machine Learning Models Pre-Test and Diagnostic Test 

As the models used in this study involve machine learning models (i.e., XGBoost and 

LightGBM) to analyse the relationship between climate change/food production and the 

revenue from exporting food products, the diagnostic tests involved issues related to data 

preparation rather than conventional econometric assumption checks. This is because unlike 

econometric time series models which depend heavily on the assumption of stationary and 

independent residuals among others, machine learning models do not have such requirements. 

 

3.6.1 Data Normalization (Min-Max Scaling) 

Data normalization was done to ensure that all variables are on a comparable scale before 

training the model. Variables like climate data of rainfall (mm), temperature (°C), and humidity 
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(%)  have varied measurement units as compared to economic data like earnings from exports 

of foodstuffs, where the magnitude is quite larger. 

 

The min-max normalization ensures that the data is scaled into the range of 0 and 1 and takes 

the form: 

𝑋ₙₒᵣₘ =
(𝑋 − 𝑋ₘᵢₙ) 

(𝑋ₘₐₓ − 𝑋ₘᵢₙ)
    ………………………………………………………….4 

Where: Xₙₒᵣₘ = normalized data 

X = raw data 

Xₘᵢₙ = minimum value in the variable 

Xₘₐₓ = maximum value in the variable 

 

Normalization leads to faster convergence and prediction, especially when using machine 

learning, which are sensitive to the scale of the input data (Géron, 2019). 

 

3.6.2 Evaluation of Multicollinearity (Variance Inflation Factor – VIF) 

While XGBoost is known to be resilient against multicollinearity, very high correlated 

predictors can pose a problem with interpreting feature importance and efficiency of the model. 

As such, VIF analysis was performed to detect correlations among the climatic factors 

(precipitation, temperature, and humidity). 

 

The formula for VIF is 

 𝑉𝐼𝐹ᵢ =
1

 (1 − 𝑅ᵢ²)
      ……………………………………………………………5 

 

Where: Rᵢ² = determination coefficient from regressing predictor i on other predictors 

Variables with VIF greater than 10 exhibit multicollinearity (O’Brien, 2007). 

 

3.6.3 Detection of Outliers (Z-Score Approach) 

The Z-Score approach applied in detecting the extreme values in the climate and agriculture 

datasets. Climate shock in terms of excessive rainfall or temperature fluctuations could 

generate some outliers. 

 

The formula for calculating the Z-Score is: 
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     𝑍 =
(𝑋 − µ) 

 𝜎
        ……………………………………………………………………6 

Where: X = Observed value 

µ = Mean value of the data 

σ = Standard Deviation 

 

Outliers are determined when Z-Scores are larger than +3 or smaller than -3 (Iglewicz & 

Hoaglin, 1993). 

3.6.4 Feature Importance Analysis 

The feature importance analysis is carried out for both the XGBoost model and LightGBM in 

order to determine the significance of the climate variable factors on the prediction of food 

production and export earnings. The analysis is done to determine the significance of the 

predictor factors and to understand the link between the two.  

 

Feature importance evaluation conducted through gain, weight, and cover, with high scores 

indicating significant contribution to prediction accuracy. 

 

3.6.5 Data Splitting and Validation 

The data set has been split into training and testing samples for the purpose of measuring the 

effectiveness of prediction. 80 percent of data has been used for model training, whereas 20 

percent of the data is being kept aside for testing. 

 

3.7 Model Fit and Validation Methods 

Model validation methods were utilized to test the predictive ability and generalizability of the 

XGBoost and LightGBM models that were used for forecasting the effects of climate change 

on food production and export revenue. The assessment was conducted in terms of error and 

fit indicators. 

 

3.7.1 Root Mean Squared Error (RMSE) 

The Root Mean Squared Error (RMSE) refers to the square root of the average of the squares 

of deviations between estimated and actual values. The RMSE places emphasis on the bigger 

mistakes due to the squaring process before calculating the average. It is suitable for climate 

and agricultural forecasting as huge forecasting mistakes might influence food production and 

export predictions. 
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Formula:                𝑅𝑀𝑆𝐸 = √
1

𝑛
∑ (𝑦ᵢ −  ŷᵢ)²𝑛

𝑖=1      ………………………………………7 

Where: yᵢ = actual data 

ŷᵢ = forecasted data 

n = total number of observations 

3.7.2 Mean Absolute Error (MAE) 

Mean Absolute Error (MAE) refers to the average error of the predictions without regard for 

its direction. In contrast to RMSE, MAE does not square errors, making it less susceptible to 

outliers. 

 

MAE is appropriate for use in the current study since climate data might have anomalies, and 

MAE give us a consistent value for the average error (Bhaskaran & Marappan, 2023). 

 

𝑀𝐴𝐸 =
1

𝑛
∑ |𝑦ᵢ −  ŷᵢ|𝑛

𝑖=1    ………………………………………………………8 

A lower MAE indicates better prediction accuracy. 

 

3.7.3 Mean Absolute Percentage Error (MAPE) 

Mean Absolute Percentage Error (MAPE) measures the error in terms of a percentage of the 

actual observations, making the measure of forecast accuracy more interpretable. 

 

The formula for MAPE is: 

𝑀𝐴𝑃𝐸 =
100

𝑛
∑

|𝑦ᵢ − ŷᵢ|

𝑦ᵢ

𝑛
𝑖=1   …………………………………………………………..9 

The smaller the value of MAPE, the better the forecasting. 

 

One drawback of using MAPE as a measure of forecast accuracy is that if actual observations 

are close to zero, it would render the result of the error to be either undefined or highly inflated. 

As such, the MAPE was used in conjunction with RMSE and MAE. 

 

3.7.4 Coefficient of Determination (R2) 

The coefficient of determination (R2) determines the proportion of variance in the quantity of 

food produced and exported in relation to the predictive model. 
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𝑅2 = 1 −
∑(𝑦ᵢ − ŷᵢ)² 

∑(𝑦ᵢ − ȳ)²
     ……………………………………………………………..10 

Where: ȳ = average value of observation 

A high R² value implies good predictive ability. 

3.7.5 Residuals analysis 

Residual analysis was performed to measure the accuracy and appropriateness of the XGBoost 

and LightGBM models in predicting food product export earnings in Zimbabwe. Residuals are 

the differences between the actual and predicted values and reflect the errors of the model. 

 

𝑒𝑖 = 𝑦ᵢ −  ŷᵢ   ……………………………………………………………..11 

Where: eᵢ = residual error 

yᵢ = actual export earnings value 

ŷᵢ = predicted export earnings value 

 

The main idea of residual analysis is to check whether the model captures correctly the 

connection between climate variables, food production characteristics, and export earnings. 

Ideally, residuals should be evenly distributed around the line zero since they do not have any 

visible patterns. Such a result indicates that the model reflects the underlying structure of the 

data well. 

 

A graph was plotted for each model based on the relation of residuals to predicted values. When 

the random scatter of residuals around the zero line is observed, it shows that the model works 

well. Otherwise, some problems may be found in the model due to its specification, variable 

omission, or the presence of non-linear relationships in the data not captured by the model. 

Furthermore, histograms and density plots were built for each model to analyse the distribution 

of prediction errors. Those models which produce residuals with small variances and 

distributions close to zero were regarded as those providing more accurate forecasts. 

 

The conclusions drawn from residual analysis were supported by additional evaluation 

measures like MAE, RMSE, MAPE, and R². As a result, the model with the smallest residual 

errors and highest evaluation scores was selected as the best one for forecasting the effect of 

climate change and food production on food product export earnings in Zimbabwe. 

 

Residual Plot Interpretation: 
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Random scatter of residuals around zero → Good model fit. 

Curve or trend in residuals → The model might miss something. 

Large outliers among residuals → Some predictions are hard. 

Small residual dispersion → High prediction accuracy. 

Large residual dispersion → Low prediction accuracy. 

 

3.8 Ethical Considerations 

The use of secondary datasets in this study implies that the information obtained from the 

relevant authorities dealing with climate conditions, agricultural production, and food export 

earnings in Zimbabwe. Ethics in machine learning go beyond data collection and citing data 

sources, but also involve model design, reproducibility, and the consequences of the model on 

policy making. 

 

Firstly, it is important to mention that all secondary datasets obtained from reliable and 

accessible institutions, and that proper acknowledgements and citations of all datasets used in 

the research given. 

 

Secondly, the study acknowledges that using machine learning model poses certain threats 

related to model misuses, including taking machine learning results too far. Even though 

XGBoost and LightGBM can offer accurate forecasting, the results should not be taken as an 

exact prediction of what might happen in the future because climate change and agricultural 

production involve multiple factors that may not have been considered in the analysis. In other 

words, findings only be considered as supportive evidence for decision making, but not as 

predictions. 

 

Thirdly, the study realizes the risks of misinterpreting the findings as policy guidelines. The 

results of the forecasting could be instrumental when designing new agricultural, climate 

adaptation, and export policies. Therefore, model limitations, assumptions, uncertainty rates, 

and model's performance stated clearly to prevent drawing incorrect conclusions. 

 

Fourthly, transparent documentation of modelling steps provided. It means that preprocessing, 

normalizing, validating, parameterizing, and evaluating machine learning models explained 

thoroughly to allow other researchers to replicate and verify results. 
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Additionally, there is no manipulations of the model through data fabrication, selective 

removal, or distortion. All preprocessing procedures, validation measures, and outlier detection 

stated objectively without any distortions. 

 

Lastly, the study acknowledges the inherent uncertainties in the forecasting because of the low 

data quality, missing values, and dynamic nature of the environment. For this reason, the 

findings only be discussed in terms of evidence-based planning. 

 

 

3.9 Conclusion of the chapter 

This chapter has discussed the research methodology used in analysing the influence of climate 

change and food production on the earnings of food products from exports in Zimbabwe 

through the use of XGBoost and LightGBM algorithms. In this chapter, the methodology was 

explained, highlighting the research design, sources of data, variables, data cleaning processes, 

model building process, model validation, ethical consideration, and the diagnostics process 

involved in the research. 

 

It has been evident from the above discussion that the methodology has been designed in order 

to facilitate the use of machine learning techniques and deep learning techniques in the analysis 

of the relationship between the independent variables, which include rainfall, temperature, and 

humidity, and the dependent variables including the food production index and food export 

earnings. 

 

Therefore, this chapter has laid down the procedures followed in the research process. The next 

chapter present, analyse and discuss the findings of the study. 
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CHAPTER 4: DATA PRESENTATION, ANALYSIS, AND DISCUSSION 

4.0 Introduction 

This chapter contains the empirical results regarding the relationship between climate change, 

food production, and food products export revenue in Zimbabwe. For this analysis, annual data 

on the precipitation rate, humidity level, temperature, food production, and food export revenue 

in Zimbabwe from 1967 to 2025 was used. Two machine learning models (XGBoost and 

LightGBM) were used in order to address the research aims as these are able to identify 

complicated relations and make correct predictions. 

 

First, descriptive analysis and trends identification were performed in order to analyse the 

behaviour of each variable. After that, data pre-processing and diagnostic tests such as missing 

values checking, stationarity test, correlation analysis, autocorrelation test, multicollinearity 

check, normality test, data transformation, and Tree – based models like XGBoost and 

LightGBM do not require normalization. 

 

Then, feature engineering and data splitting were conducted to prepare data for further analysis. 

Next, the XGBoost and LightGBM models are built, and then performance metrics such as R², 

RMSE, MAE, and MAPE were considered. 

 

4.1 Descriptive statistics 

Table 4.1 Descriptive statistics 

 

 

Based on Table 4.1 information, various observations made regarding the interplay between 

climatic characteristics and food production/export earnings performance. Rainfall, for 

instance, stands at 687 mm with the highest point being slightly above 1,000 mm while the 

lowest is 440 mm. In addition, precipitation is slightly skewed to the right. Therefore, this data 

indicates that precipitation experiences variations due to climate change impacts. Humidity, 

however, is consistent since the average stands at 59% while the lowest value is 58%. On the 

other hand, temperature readings are steady with an average of 21°C. 
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There is a marked difference between the climate-related indicators and food production/export 

earnings figures in terms of stability. For instance, food production is highly volatile with an 

average of 76 units and a range exceeding 100 units. Moreover, most of the variables are 

negatively skewed and its distribution is fairly flat. These attributes imply that there are 

constant departures from the mean level. Earnings from food exports also show extreme 

variance since the average is 527 units but the range is above 900 units. There is a positive 

skew indicating high variability during some periods. Overall, the distribution is very flat. 

Based on the information provided, it is clear that there is a chain effect from one variable to 

another. For example, erratic precipitation and small temperature variations are responsible for 

instability in food production figures which affect earnings from exported food products. In 

other words, instability in environmental elements affects agriculture and consequently, export 

performance but not enough evidence for conclusion.  

 

4.2 Stationarity Test (Augmented Dickey–Fuller Test) 

Table 4.2 Stationary test results 

variable Test statistic p-value 

PR -3.0601 0.1465 

HU -2.9029 0.21 

TMP -3.1395 0.1144 

FP -2.2085 0.4905 

FE -3.3129 0.0783 

 

In this regard, the Augmented Dickey Fuller test has been performed to investigate whether the 

variables included in this study are stationary or not. In particular, the test shows that all the 

series (PR, HU, TMP, FP, and FE) have p-values higher than the 5% significance level. This 

implies that the unit root null hypothesis is not rejected; therefore, the series are non-stationary 

in levels. 

 

From a practical perspective, these results are expected given that the variables included in the 

model represent trends due to the changes in climate variability and the dynamics of 

agricultural production and food exports. Indeed, it is worth noting that the process of climate 

change is gradual and takes a long time, and accordingly, its effect can be observed through the 

dynamics of food production and exports. 
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Unlike ARIMA, VAR, VECM, and ARDL models, machine learning algorithms such as 

XGBoost and LightGBM do not have the prerequisite for stationary input data for training. As 

a result, the results of the ADF test have no impact on the applicability of these algorithms. 

Despite the absence of such a prerequisite, performing a stationarity test still makes sense since 

it allows revealing the stochastic peculiarities of the data and identifying trends in climate, 

agriculture, and export earnings. 

 

All in all, the results of the stationarity analysis prove that there are persistent long-term 

patterns in the variables under consideration. 

4.3 Trend analysis of climate and food variables 

 

Graphical representation of trend analysis of climate and food-related variable from 1967 to 

2025 clearly shows the relationship between environmental changes and agricultural outputs. 

In particular, PR, HU and TMP depict the changing climatic condition within Zimbabwe, which 

has affected the food production (FP) and food export earnings (FE) of the country over time. 

It is important to note that there exists a high correlation between changes in climate parameters 

and food production within the country. In other words, any changes in the former lead to 

changes in the latter. 

 

With regard to the research on impact of climate change and food production on food product 

export earnings in Zimbabwe, this graph can be used to show how vulnerable the country is to 

climate dynamics because its food production is affected by environmental changes and this 

Figure 4.1: 

Trend analysis of climate and food variables 
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affects the export earnings. Therefore, it is an essential tool in the study because the economy 

of Zimbabwe heavily relies on export of its food products for income generation. 

 

 

4.4.0 Diagnostic tests/ pre-tests 

4.4.1 Correlation 

 

As can be seen from the correlation matrix Figure 4.2, the relationship between the mentioned 

climate factors and agricultural outputs are shown through strong positive relationships 

between precipitation and humidity (r=0.85), which makes perfect sense, as these two climate 

factors are interrelated in terms of occurrence. Both precipitation and humidity have a negative 

relationship with the level of temperature, indicating that high temperatures occur alongside 

the low levels of precipitation and humidity. In addition, it should be noted that temperature 

has moderate positive relationships with both food production (r =0.58) and food export 

earnings (r =0.51). 

 

The relationship between food production and food export earnings is very strong (r =0.68), as 

it confirms that agricultural output is responsible for the export performance of the country. On 

the other hand, precipitation and humidity have weak or even negative relationships with both 

food production and food export earnings (r = -0.01 to r = -0.11), meaning that the variability 

in the precipitation level cannot be used for increasing the food production or export 

performance in the case of Zimbabwe. As regards the chosen project on climate change and its 

influence on the country's food export earnings, the results are important since temperature and 

 

Figure 4.2: Correlation Matrix 
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production are positively associated with export, while precipitation and humidity are 

negatively or indirectly correlated with it. 

 

4.4.2 Autocorrelation check- Durbin-Watson  

Table 4.3 autocorrelation results 

model DW statistic p-value Interpretation 

FE 0.5413 1.59× 10-12 Strong evidence of positive autocorrelation in residuals 

 

From the Table 4.3 showing the result of the Durbin-Watson test, one can observe that the 

statistic value obtained is very low while the p-value is also very small. These results point 

towards the strong evidence of positive correlation in the errors for the model of food export 

earnings. Practically, this implies that the error terms for the model under investigation have 

time dependency characteristics in their behaviour such that the errors are affected by what 

happened earlier in the past time periods. For the research on the impact of climate change and 

food production on food product export earnings in Zimbabwe, this implies that the model may 

be mis-specified. 

 

This may further imply that the variables that are expected to affect the response variable over 

time have been overlooked or excluded. Positive autocorrelation usually emanates in situations 

where the effects of shocks and trends tend to persist in consecutive time periods. The case of 

climate changes and food production in Zimbabwe may fall within this category of time-

dependent variables as discussed above. If not corrected, autocorrelation in a regression model 

can lead to erroneous results during statistical inference. 

 

4.4.3 Multicollinearity Check (Variance Inflation Factor – VIF) 

Table 4.4 Multicollonearity results 

Variable VIF value Interpretation 

HU 6.22 Moderate to strong multicollinearity 

TMP 5.13 Moderate multicollinearity 

PR 3.74 Notable correlation 

FP 2.37 Weak-acceptable 

The multicollinearity test based on VIF is done and shows that there is a relatively higher value 

of 6.22 for Humidity (HU), while that of Temperature (TMP) is 5.13. This implies there is 
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relatively a high level of correlation between the two variables, implying that multicollinearity 

is moderate to severe. On the other hand, the Precipitation (PR) is moderately correlated at 3.74 

while Food Production (FP) is the least at 2.37. In any case, the higher values of VIF beyond 5 

are usually treated as an issue in regression analysis since it implies the predictor variables are 

too much inter-correlated. 

 

In the research project of the impact of climate change and food production on food product 

export earnings in Zimbabwe, the multicollinearity of climate variables poses a major problem 

since there is a high level of correlation between the Humidity and Temperature variables. The 

two are inter-correlated and it makes it challenging to find out the effects independently to food 

production and food export earnings from the analysis. In such cases, some transformations 

might be necessary for the models used in regression analysis to achieve reliable results. 

 

4.4.4 Data validation (outlier detection and missing values) 

Before developing a model, the dataset was cleaned and pre-processed to enhance its quality 

and effectiveness. For the purpose of outlier identification, the z-score approach was used since 

it involves the standardization of variables to identify cases that deviate significantly from the 

mean. Z-score cases that deviated greatly from the mean were observed and omitted when 

necessary to eliminate their effect on model performance. 

 

The dataset was also checked for missing values in all variables included in the research. The 

dataset comprises 59 observations for each year of the research period. Missing values in the 

dataset were investigated in RStudio and summarized in Table 4.5. 

 

Table 4.5 missing values results 

VARIABLE MISSING VALUES PERCENTAGE MISSING (%) 

Precipitation (PR) 0 0.0 

Temperature (TMP) 0 0.0 

Humidity (HU) 0 0.0 

Food Production (FP) 0 0.0 

Food Export Earnings (FE) 0 0.0 

From the above findings, it can be concluded that there were no missing values within the 

variables considered within this study. As such, there was no need for data imputation, and the 
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entire data set was used in the modelling phase of the experiment. The lack of missing values 

within the data contributed to increased consistency within the data set. 

 

4.4.5 Normality check-Shapiro-Wilk test  

Table 4.6 Normality test results 

Variable W statistic p-value Interpretation 

PR 0.9712 0.1736 Not significant-likely normal 

HU 0.9912 0.9469 Not significant-strongly normal 

TMP 0.9851 0.6867 Not significant-normal 

FP 0.8715 0.000016 Significant-not normal 

FE 0.9331 0.00297 Significant-not normal 

 

Results of Shapiro-Wilk tests on normality give interesting insights about distributions of 

analysed variables. All three variables, PR, HU, and TMP, are characterized by relatively high 

W-statistics and p-values above 0.05. This means that data concerning these variables are 

normally distributed. Variables, FP and FE, are characterized by extremely low p-values, 

0.000016 and 0.00297, which means that they do not follow a normal distribution pattern. The 

difference between variables should be considered, as most econometric methods require data 

to be normally distributed or at least close to normally distributed. Violation of this condition 

can result in biased results or lead to other problems. 

 

These results are important for the implementation of the project devoted to analysing the effect 

of climate change and food production on food product export earnings in Zimbabwe. It can 

be concluded from these results that despite some fluctuations in weather conditions, which are 

normally distributed, economic factors (food production and food product exports) are not 

normally distributed and therefore are more volatile and unpredictable. This problem should 

be addressed in the course of the analysis. Overall, the results imply that analysing Zimbabwe's 

agricultural export earnings requires consideration of non-regularity of economic indicators 

due to climate influences. 

4.4.6 Data normalization 

Normalization of the data involved the use of Min-Max scaling technique, whereby all the 

numerical variables are rescaled to lie in the fixed range of 0 to 1. The process involves the 

subtraction of the minimum value of each variable followed by the division of that value with 
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the range (max-min) to obtain the final value of zero for the minimum and one for the 

maximum. The good thing about this method of rescaling is that it maintains the proportionality 

of the values while at the same time reducing the differences in scale. 

 

4.4.7 Data transformation 

Log1p transformation was applied to Food Production (FP) and Food Export Earnings (FE) 

variables in order to convert them into natural logarithms of (1 + x) (i.e. data$FP <- 

log1p(data$FP) and data$FE <- log1p(data$FE)). It is essential because Food Production and 

Food Export Earnings are economic and production related variables that typically display 

significant right skewness due to a few very high values being present.  

 

Logarithmic transformation reduces skewness, equalizes the variance of residuals, and makes 

variables more interpretable and easier to analyse by compressing high values and stretching 

low ones. Within the framework of this study dedicated to the analysis of influence of climate 

and food production on export earnings, the log1p transformation helps prevent distortion of 

predictions caused by the presence of outliers, makes interpretation of the relationship between 

the variables possible in terms of proportions rather than the actual units of measurement, and 

guarantees positive values of the new variables. 

Skewness                                                                                                                                                                                                             

 

 

Table 4.7 Skewness results 

variable Skewness (before) Skewness (after logp) 

FP High positive (long right tail) Closer to 0 (more symmetric) 

 

Figure 4.3: transformed data skewness 
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FE High positive (long right tail) Closer to 0 (more symmetric) 

 

Distribution of FP before Transformation: It can be seen that there is a high skewness in the 

distribution. In other words, there is a large number of very large observations. As a result, the 

variance become unstable for modelling purposes. 

 

Distribution of FP after Log1p Transformation: There are no large outliers in this 

distribution. Moreover, the data are more concentrated with a reduced skewness factor. 

 

Distribution of FE before Transformation: This variable also demonstrates strong right-

skewness. There are a lot of small values in it, and only a few larger values make it extend to 

the right. 

 

Distribution of FE after Log1p Transformation: It can be noted that the transformation has 

helped to achieve better normality in terms of reduced skewness. 

 

Normality check 

 

FP before Transformation: The points are heavily dispersed from the line, particularly on the 

right side of the line. This means that the data is heavily skewed to the right, which makes it 

not normally distributed. 

 

 

Figure 4.4: transformed data normality 
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FP after Log1p Transformation: Points have clustered much more around the diagonal line 

with minimal dispersion at the tails. The result shows that the data has been compressed through 

the log1p transformation. 

 

FE Before Transformation: Like FP, the points have deviated significantly from the line, with 

the most significant deviations on the right tail. It shows that FE data is skewed to the right, 

hence not normally distributed. 

 

FE after Log1p Transformation: There are minimal deviations at the tails as the points have 

clustered along the diagonal line. 

 

4.4.8 Tackling multicollinearity in machine learning model 

The correlation was adopted in the study as an approach to solve the multicollinearity problems 

among the independent variables. The findings from the correlation analysis showed that HU 

and PR were strongly correlated, thus, their correlation values surpassed the threshold limit  

indicating significant issues of multicollinearity. Multicollinearity may make the model 

unstable, increase the variance of coefficients, and create difficulties in interpreting the 

influence of variables. 

 

Between the two highly correlated variables, HU was removed from the model due to its strong 

correlation with precipitation and being a contributor to multicollinearity issues. Precipitation 

was included in the analysis since the climate factor is directly related to agricultural processes 

and food products. For instance, rainfall is the factor that affects soil moisture conditions and 

influences decisions regarding plantation, crop production, and harvest yield. Therefore, 

rainfall becomes the more suitable climate factor for analysing the influence of climate change 

on the agricultural performance and food products export income in Zimbabwe. 

 

Omitting the Humidity variable helped reduce redundancy in the data set, retaining the climate 

variable that plays a greater role in influencing agriculture and food production. 

 

4.4.9 Feature engineering 

The following steps were taken in the process of feature engineering to increase the predictive 

capacity of machine learning algorithms by introducing new features capable of capturing 

temporal dynamics, trends, and interactions among climatic and economic variables. 
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First of all, lagged variables were generated using the values of FE (food export earnings) and 

FP (food production). Thus, FE_lag1, FE_lag2, FP_lag1, and FP_lag2 were produced to 

account for the persistence effect when economic or agricultural outcomes depend on their 

values in past periods. Lagged variables make it possible to include short-term temporal 

dynamics into consideration and thus predict future values of studied variables. 

 

Secondly, rolling average features FE_roll3 and FP_roll3 were introduced in order to eliminate 

temporary impacts on variables and highlight their medium-term trends. Due to climatic or 

other disturbances, the values of food export earnings and food production in one year can 

deviate from expected ones. Therefore, rolling average makes it possible to account for 

temporary fluctuations and smooth the influence of such disturbances. 

 

Furthermore, interaction terms were added. PR_TMP (Precipitation × Temperature) represents 

the effect of two main climatic variables – precipitation and temperature on food production, 

which can be highly dependent. Such interaction effects are of special importance in climate 

change research because the positive effect of precipitation may be decreased depending on 

high temperatures. In turn, the interaction term TMP_PR (Temperature × Food Production) is 

used to investigate the impact of temperature conditions on the relationship between food 

production and food exports. 

 

Lastly, the feature Year_index was generated, allowing the model to understand long-term 

temporal dependencies. The inclusion of Year_index allows capturing long-term trends and 

gradual change in climatic parameters, new technologies, and other changes in the agricultural 

sector of Zimbabwe. 

 

To sum up, the introduction of lagged, rolling average, interaction terms, and Year_index 

features allows increasing the predictive power of both XGBoost and LightGBM algorithms 

through the identification of persistence, smoothing of volatile effects, detection of nonlinear 

interactions, and modelling of trends. 

 

4.4.10 Data splitting 

In the training-testing split, the data set has been split into two halves where one half contains 

80% of the training data, and the other 20% contains testing data. In other words, training data 
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utilized to create and fit the model, while testing data held back for assessing the performance 

of the model on unseen or new data. Such splitting techniques ensure that there is no risk of 

overfitting the model and also help measure its predictive accuracy. For instance, by splitting 

the data, we have created feature matrix X_train, X_test and target variable y_train, y_test. 

 

4.5.0 Analytical models 

The models used in this study for analysis purposes include XGBoost and LightGBM, which 

are very sophisticated algorithms for predictive modelling. The models are ideal for dealing 

with huge datasets characterized by feature interaction effects. XGBoost, for example, is 

famous for its high degree of flexibility and efficiency. On the other hand, LightGBM is 

efficient in terms of its speed and memory requirement, even when it comes to dealing with 

huge datasets. Both models are critical in providing a basis for analysing the relationship 

between climate change, food production, and exports earnings. 

 

4.5.1 XGBoost development 

The XGBoost regressor was constructed using the DMatrix objects created out of the training 

and testing datasets. The XGBoost algorithm was fine-tuned with the following set of 

parameters: 

 

Table 4.8 XGBoost parameters 

Parameter Use 

Learning rate (eta = 0.03) Regulates the learning process 

Maximum tree depth (max_depth = 8) Prevents underfitting while still limiting 

overfitting. 

Subsample (0.9) and colsample_bytree (0.9) Helps prevent overfitting by introducing 

randomness. 

Min_child_weight (3) Assures each leaf supported by sufficient 

observations 

Gamma (0.2) Introduces regularization and prevents the 

tree from becoming too complex. 
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The number of boosting rounds was set to 5000, and early stopping was performed after 50 

boosting rounds, in order to avoid overfitting after the improvement threshold was not reached. 

After constructing the model, predictions were made on the test dataset. 

 

This approach guarantees construction of a robust, regularized regression algorithm, capable 

of efficiently predicting effects of climate and production variables on export profits. 

Compression of the outliers performed in the preliminary transformation step (log1p) helps the 

model avoid distortions caused by extreme values. 

 

4.5.2 Predicting using XGBoost 

 

Table 4.9 XGBoost Predicted vs Actual values 

 ACTUAL PREDICTED 

1 0.411009348 0.436682731 

2 0.421412927 0.468831509 

3 0.568261299 0.578831509 

4 0.642826095 0.644852817 

5 0.417889227 0.448263288 

6 0.730754699 0.739697971 

7 0.720596384 0.728697971 

8 0.813278744 0.823958504 

9 0.819317121 0.823821604 
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As illustrated by the graph Figure 4.5, the predicted values generated by the XGBoost model 

are consistent with the actual export earnings values during the testing process. The two lines, 

the red line for predicted values and the black line for actual values, nearly coincide, which 

means that there is excellent performance by the XGBoost algorithm. 

 

From the perspective of the influence of climate change and food production on the export 

earnings of food products in Zimbabwe, this result indicates that the relationship between the 

climatic variables, level of food production, and export earnings of food products is well 

captured by the XGBoost model. This model can track any fluctuations ing export earnings 

values, which implies that climatic changes and food production play an important role in 

Zimbabwe's export performance. 

 

Overall, there is good agreement between actual and predicted values. This result indicates that 

XGBoost is a suitable model to forecast the export earnings of food products. 

 

 

Figure 4.5: XGBoost Prediction vs Actual over time plot 
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4.5.3 Feature importance 

 

Figure 4.6 shows the feature importance scores for the predictors used in the prediction of food 

products export earnings using the XGBoost algorithm. 

 

From Figure 4.6, FE_roll3, which represents the three-year rolling average of the export 

earnings, is identified as the most significant predictor, having an importance of about 60%. 

Therefore, FE_roll3 is vital in predicting food products export earnings. The high importance 

of this predictor means that the earnings from food products exports have very high persistence, 

where they are greatly affected by past trends and historical performance. 

 

The second most important predictor is the Food Production (FP) with an importance value of 

23%. As mentioned in the literature review, according to economic theories, the level of 

production is a crucial determinant of the amount of goods and services available in the country 

for export. The more food products are produced, the higher the volume of food exported. 

Furthermore, Year index is another important predictor with an importance score of about 11%. 

Long term temporal trends play an essential role in influencing the amount of earnings earned 

from exporting food products. Changes in weather and climate, technological advances in the 

agriculture industry, agricultural policies in the country, market growth, and evolution of 

Zimbabwe's agricultural sector could all be reasons behind the importance of year index. 

Lagged variables, FE_lag1 and FP_lag1, are less important with the two predictors having an 

importance of 4% and 1%, respectively. Once the FE_roll3 predictor is included in the model, 

the effect of the past year's performance becomes negligible. 

 

Figure 4.6: XGBoost feature importance 
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The top five predictors from Figure 4.6 are: 

FE_roll3 

Food Production (FP) 

Year index 

FE_lag1 

FP_lag1 

 

Based on the Figure 4.6, historical performance and food production are the two key 

determinants of earnings from the export of food products. This finding further confirms our 

research hypothesis since food production is a major determinant of the earnings generated. 

Therefore, any climatic factor affecting food production have an indirect effect on earnings. 

 

4.5.4 Performance matrices results  

Table 4.10 XGBoost performance matrices results 

metric value Interpretation 

MAPE 3.46% Very high accuracy 

R2 0.981 Explains 98.1% of variance 

RMSE 0.0217 Very low prediction error 

MAE 0.0165 Minimal average deviation 

 

From the above-mentioned evaluations in Table 4.10, it is quite clear that the proposed 

XGBoost model has an excellent ability to learn the connections between climate parameters 

and their impacts on crop production and exports revenue. The small error of 3.46% obtained 

as MAPE value shows how close the predicted data are to the actual export revenues. The high 

R-squared value of 0.981 shows that the model can explain almost all the variations in the 

export revenues. RMSE and MAE errors are extremely low. 
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4.5.5 Residual analysis test 

 

The residual plot provides more support for the effectiveness of the XGBoost model. From the 

scatter plots of the residuals plotted against the residuals and predicted values, it is evident that 

the majority of the residuals lie close to the zero axis, showing that the predictions made by the 

model are reasonably correct and without bias. There are no patterns evident in the residuals 

plotted on either axis, suggesting that there are no specification problems with the model. There 

is an even distribution of residuals regardless of the predicted values. Therefor residuals and 

actual are centered around zero similar to the predicted plot, residuals cluster around the zero 

line, showing that the model’s errors are balanced and not systematically skewed toward over- 

or under-prediction 

 

4.6.0 LightGBM development 

The model was trained through the conversion of the training and testing datasets to lgb.Dataset 

objects that allow for quick computations. Parameters of the model were as follows: 

 

Table 4.11 LightGBM parameters 

Parameter Use 

Objective = regression For predicting continuous variable values 

Metric = RMSE Root mean square error used to measure the effectiveness 

of the algorithm. 

Learning rate (0.03) Helps ensure smooth predictions, reducing overfitting 

Number of leaves (128) Defines tree complexity to provide flexibility 

Minimum data in leaf (20) Ensures that there is enough observation in each leaf. 

 

Figure 4.7: XGBoost residual plots 
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Feature fraction (0.9) Features used in splitting are sampled randomly to 

mitigate overfitting. 

Bagging fraction (0.9), bagging 

frequency (1) 

Random data samples help improve generalization. 

 

The training lasted for 5000 boosting rounds with an early stopping after 50 rounds when the 

improvements in performance stopped being noticeable. Afterward, predictions on the testing 

set were made. 

 

The current setting ensures optimal regression modelling. Utilizing the advantages of 

LightGBM's gradient boosting algorithm makes the regression able to discover more intricate 

relations between the variables under consideration. Additionally, applying log1p 

transformations previously helps prevent potential issues with outliers. 

 

4.6.1 Predicting using LightGBM Model 

Table 4.12 LightGBM Predicted vs Actual values 

 ACTUAL PREDICTED 

1 0.411009348 0.446436297 

2 0.421412927 0.436436297 

3 0.568261299 0.546522456 

4 0.642826095 0.632750009 

5 0.417889227 0.413526207 

6 0.730754699 0.721634965 

7 0.720596384 0.701721124 

8 0.813278744 0.761634965 

9 0.819317121 0.781721124 
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Based on the Figure 4.8 analysis of the trend of the LightGBM model, it is evident that the 

model is extremely efficient in terms of capturing the dynamics of the income generated from 

exports. The results of the comparison of the actual and estimated values suggest that the model 

follows the pattern of the actual values to a great extent, with small gaps observed in a few 

instances. In addition, it can be concluded that the model is accurate and consistent at different 

time periods. 

4.6.2 Feature importance 

 

Figure 4.9 shows the ranking of feature importances derived using gain from the LightGBM 

algorithm. From the graph, it is evident that the most influential variable in predicting future 

export earnings is the three-year rolling average of food export earnings (FE_roll3). With an 

 

Figure 4.8: LightGBM Actual vs Predicted plot 

 

Figure 4.9: LightGBM feature importance 



51 | B 2 2 4 7 1 8 B  T i n a s h e  C h i p a y i  C  
 

importance score of 0.62, the FE_roll3 shows that historical trends in export earnings over 

medium periods are the main source of predictive power on export earnings. 

 

Second, the importance score of Food Production (FP) is 0.24. The findings are consistent with 

expectations regarding the importance of agriculture in generating foreign exchange through 

exports because increases in food production led to the generation of more food products for 

export. In other words, food production and export earnings are correlated, as higher food 

production leads to more foreign exchange earnings through exporting the products. 

 

The third ranked variable is FE_lag1 with an importance of approximately 0.08. The fact that 

the FE_lag1 is less important compared to the FE_roll3 indicates that the trend information 

over the past three years contains more useful information than a lagged value one period back 

in time. 

 

The importance of temperature (TMP) is 0.05, making it the fourth ranked variable. Although 

the variable has little influence on the dependent variable compared to the economic factors, it 

is still considered significant as the study was conducted to assess the impact of climate change 

on food production and export earnings. 

 

Lastly, FE_lag2 comes last with a score of 0.02. It is evident that the variable is less important 

in predicting future export earnings even though it represents information one year prior to the 

current period. 

 

In summary, the five variables with highest importance scores according to the LightGBM 

algorithm are FE_roll3, FP, FE_lag1, TMP, and FE_lag2. 

 

Therefore, the above findings indicate that historical export performance and food production 

are the main determinants of food product export earnings in Zimbabwe. 

 

 

 

 



52 | B 2 2 4 7 1 8 B  T i n a s h e  C h i p a y i  C  
 

 

4.6.3 Performance matrices results 

Table 4.13 LightGBM performance matrices results 

metric value Interpretation 

MAPE 3.71% High accuracy 

R2 0.971 Explains 97.1% variance 

RMSE 0.0271 Low prediction error 

MAE 0.0227 Low average deviation 

 

Performance metrics of the LightGBM show the high predictive power of the model; however, 

there is a lower precision than that of the XGBoost algorithm. In particular, the mean absolute 

percentage error is equal to 3.71%; thus, it means that predictions provided by LightGBM have 

an insignificant deviation from the real export gains, measured in percents. Moreover, a high 

value of R² = 0.971 means that the model explains virtually the whole variation of the studied 

parameter. 

 

4.6.4 Residuals analysis 

 

From the residuals plot, the effectiveness of the LightGBM forecast is confirmed since most of 

the residuals lie near the zero point without exhibiting an obvious pattern on the plot, thus 

indicating the absence of systematic over- or under-prediction by the model. Additionally, the 

absence of any evident trend on the residual plot suggests homoscedasticity of the LightGBM 

prediction model. 

 

 

 

Figure 4.10: LightGBM residual plots 
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4.7.0 Comparisons of the models’ performance 

4.7.1 Comparison of XGBoost and LightGBM Feature Importance 

Table 4.14 below depict the rankings of the features that have been derived based on the 

importance scores computed using the two different tree boosting methods. 

 

From the Table 4.14 below, it is evident that both models have selected the same predictors as 

the ones with the highest levels of importance in forecasting export earnings of food products 

from Zimbabwe. However, their levels of importance differ significantly. As shown in the 

figures, the predictor with the highest level of importance in both models is FE_roll3 with an 

importance contribution of about 60%. The high levels of importance in both models suggest 

that there are very strong trends in the three-year rolling average export earnings data that need 

to be taken into consideration when modelling export earnings. 

 

The second most important predictor in both models is Food Production (FP) with an 

importance of about 23-25%. This finding reinforces the study's hypothesis that agricultural 

output plays a pivotal role in determining export earnings of a country since it determines the 

level of food exports available for sale. It can thus be said that medium-term historical patterns 

are more important than others in the prediction of export earnings. 

 

Differences in the rankings of the other variables become evident as seen in table 4.14 below. 

For instance, the XGBoost algorithm ranks Year_index as the third most important predictor. 

On the other hand, LightGBM ranks FE_lag1 at third place. Therefore, while long-term trends 

and structural shifts play a role in predicting export earnings of food products, the lagged export 

earnings from one year to another is also important. 

 

Temperature (TMP), which is the climate predictor, ranks fifth in the importance list generated 

by LightGBM but does not appear in the importance list generated by XGBoost algorithm. 

The top five predictors identified by each model are summarized below: 
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Table 4.14 feature importance rank results 

RANK XGBoost LightGBM 

1 FE_roll3     FE_roll3    

2 FP FP 

3 Year_index FE_lag1 

4 FE_lag1     TMP 

5 FP_lag1     FE_lag2   

 

In general, both the models always highlight historical export revenue and agricultural output 

as being the key drivers of food product export revenue in Zimbabwe. Differences in the order 

of other variables are attributed to the learning process of the two different algorithms. In 

particular, while XGBoost is more focused on long-term trends through Year_index, the 

LightGBM model is more concerned with lagged export revenue and temperature. FE_roll3 

and FP appear consistent in both models, and this is evidence of robust results obtained through 

analysis. 

 

4.7.2 Residual anlysis (XGBoost vs LightGBM) 

Normality 

 

XGBoost Residuals: It appears that the histogram is slightly skewed and also has fatter tails, 

but the overall shape is close to bell-shaped. Hence, it can be concluded that the residuals have 

approximately normal distribution; however, they deviate slightly from the Gaussian 

distribution. 

 

 

Figure 4.11 residual histogram 
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LightGBM Residuals: Here, the histogram is more concentrated and also looks like a bell-

shaped curve. In this case, it is possible to conclude that the residuals follow the normal 

distribution more closely than in the case of XGBoost model. 

 

Homoscedasticity 

 

XGBoost Residuals: There is relatively even scattering of residuals about zero, though with 

some unevenness in the dispersion of residuals around the fitted values. It can be seen that there 

is an indication of homoscedasticity, albeit a little variation in variance. 

 

LightGBM Residuals: Residuals are similarly randomly scattered about zero, though with 

much more uniformity in the dispersion of residuals around the fitted values. Hence, 

homoscedasticity is indicated for LightGBM, albeit much higher than XGBoost. 

 

Both algorithms reveal residual dispersion which exhibits homoscedastic properties, but 

LightGBM residuals reveal more consistency in their dispersion and hence less variability than 

that of XGBoost. 

 

 

 

 

 

 

 

 

 

Figure 4.12 residual plot 
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Residual distribution 

 

Residuals for XGBoost: The points deviate from the straight line even more, particularly at 

the end-points. This demonstrates that the residuals are not completely normally distributed – 

there is a little skew and heavier tails, so the distribution violates Gaussian assumptions. 

 

Residuals for LightGBM: The points fit the straight line better, with less deviation at the end-

points. This reveals that the residuals have normal distribution with little skew. 

Both models show good approximation of the normal distribution; however, the residuals in 

LightGBM are more normally distributed than in XGBoost. 

 

Residuals randomness over time 

 

XGBoost Residual Plot: The plot demonstrates fluctuations around the zero axis without 

showing any particular tendency to increase or decrease in value. Small clusters can be seen; 

however, in general, the graph seems like random fluctuations. 

 

Figure 4.13 residual QQ plots 

 

Figure 4.14 residuals over time 
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LightGBM Residual Plot: The residuals demonstrate random fluctuations around the zero 

axis, but at the same time have a much smaller dispersion. No trends or cycles can be observed 

here, which shows that the residuals are completely independent. 

 

Both types of residual graphs demonstrate a random distribution pattern and indicate the 

independence of residuals. LightGBM graphs seem slightly more stable and reliable than those 

of XGBoost. 

 

RESIDUALS COMPARISON 

Table 4.15: XGBoost and LightGBM residuals comparisons 

 

Diagnostic aspect XGBoost LightGBM Comparison 

Normality  

(histograms) 

Approximate bell 

shape, but slight 

skew and heavier 

tails remain 

More symmetric 

closer to a true bell 

curve 

LightGBM residuals 

show stronger 

normality 

Homoscedasticity 

(residuals fitted) 

Residuals scatter 

around zero, but 

spread varies slightly 

with fitted values 

Residuals scatter 

evenly with tighter 

consistent spread 

LightGBM 

demonstrates better 

variance stability 

Residuals 

distribution 

(QQ plots) 

Point deviate from 

diagonal, especially 

in tails mild skew or 

kurtosis 

Points align more 

closely with diagonal 

reduced tail 

deviations 

LightGBM residuals 

adhere more closely 

to normal 

distribution 

Randomness 

(residuals over time) 

Residuals fluctuate 

around zero with 

some variability but 

no clear trend 

Residuals oscillate 

randomly with 

tighter stability no 

autocorrelation 

Both show 

independence but 

LightGBM is slightly 

more stable 
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4.7.3 Performance comparisons 

Table 4.16: XGBoost and LightGBM Predicted vs Actual values 

 Actual XGBoost LightGBM 

1 0.411009348 0.436682731 0.446436297 

2 0.421412927 0.468831509 0.436436297 

3 0.568261299 0.578831509 0.546522456 

4 0.642826095 0.644852817 0.632750009 

5 0.417889227 0.448263288 0.413526207 

6 0.730754699 0.739697971 0.721634965 

7 0.720596384 0.7286697971 0.701721124 

8 0.813278744 0.823958504 0.761634965 

9 0.819317121 0.823821604 0.781721124 

 

Table 4.17: XGBoost and LightGBM matrices Comparisons 

metric XGBoost LightGBM Superior model 

MAPE 3.46% 3.71% XGBoost 

R2 0.981 0.971 XGBoost 

RMSE 0.0217 0.0271 XGBoost 

MAE 0.0165 0.0227 XGBoost 

Feature interpretability moderate High LightGBM 

Training speed moderate faster LightGBM 
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When it comes to comparison, one can conclude that both methods perform well when used 

for estimating the effect of climate change and food production on export revenues; however, 

XGBoost exhibits better results in terms of all metrics applied. Specifically, XGBoost presents 

a lower value of MAPE (3.46%), higher value of R² (0.981), as well as smaller RMSE and 

MAE, which means closer fit to real export revenues. Similarly, LightGBM produces good 

predictions with MAPE being equal to 3.71%, and R² being equal to 0.971; however, residual 

spreads tend to be larger here. 

 

In conclusion, one may say that in case forecasting is required, XGBoost should be preferred 

because of higher precision; meanwhile, LightGBM provides additional benefits in terms of 

efficiency and interpretability via feature importance estimation. 

4.8.1 Discussion of the findings 

The results obtained in this work are a confirmation that climate variability, including both 

precipitation and temperature changes, has a considerable impact on food production and food 

product export earnings in Zimbabwe in line with objective 1. Specifically, these findings are 

in agreement with, expand on, and sometimes refine earlier literature on the interrelationships 

between climate variability and the agriculture sector, as well as food exports in Sub-Saharan 

Africa. The following analysis discusses the key results in terms of existing scholarship, 

outlines their commonality and differences, and suggests possible implications. 

 

 

Figure 4.15:  XGBoost and LightGBM comparison plot 
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Climate-Agriculture Interdependencies: Consistency with Empirical Evidence 

First, the observed strong positive correlations between precipitation and humidity (r = 0.85) 

are consistent with hydrological and meteorological data in relation to semi-arid zones such as 

Zimbabwe (FAO, 2021). More importantly, the strong positive association between 

precipitation and food production corroborates conclusions reached by IPCC (2022) that 

rainfall variability is one of the main sources of agriculture yield volatility in southern Africa.  

According to IPCC (2022), maize and tobacco, which are Zimbabwe's major agricultural 

products, exhibit sensitivity to rainfall variability during the crucial stage of their development, 

and insufficient rainfall can cause up to 20%-40% reduction in crop yields. In line with the 

conclusions of IPCC (2022), it is evident that precipitation variability has a cascading impact, 

as it leads to food production volatility, which further influences food product export earnings. 

In particular, it has been noted by Nhamo et al. (2020) that recurring droughts induced by the 

El Niño phenomenon have led to the decline in agricultural production and resulted in lower 

export potential. Consistently, the identified correlation between food production and export 

earnings (r = 0.68) reproduces this empirically observed channel, as it implies that higher 

production rates contribute to greater export earnings. The latter can be attributed to the World 

Bank (2020) claim that loss of agricultural yield due to adverse climatic conditions reduces 

Sub-Saharan African economies' export potentials directly and negatively impacts their balance 

of payments and macroeconomic stability. 

 

Regarding temperature, it has exhibited a moderate positive correlation with both food 

production and export earnings. Unlike precipitation, temperature has a long-term adverse 

effect on crop yields. As per IPCC (2022), temperature variations have the most pronounced 

effect on agricultural production in the medium run (by 2050) and result in negative yield 

changes across Sub-Saharan African nations.  

However, the current moderate positive relationship between temperature and both studied 

variables may be a consequence of Zimbabwe's relatively cool climate, which means that 

warming increases growing periods and reduces frost risks. In this case, the result of the present 

analysis aligns with the conclusions of Lobell et al. (2011) that the influence of temperature on 

African agriculture is nonlinear, which means that moderate temperature fluctuations may 

positively impact crops at the higher altitudes. 

 

 

 



61 | B 2 2 4 7 1 8 B  T i n a s h e  C h i p a y i  C  
 

XGBoost vs. LightGBM: Comparative Benchmark Results 

Second in line with objective 2, the observed superiority of the XGBoost model over the 

LightGBM model in terms of predictive power (higher R² and lower MAPE) is supported by 

numerous benchmarks in the literature on applied machine learning algorithms in agricultural 

and economic forecasting. Namely, according to Chen and Guestrin (2016), XGBoost was 

designed with specific emphasis on sparsity-aware and efficient optimization capabilities that 

enable regularization and allow working with tabular heterogeneous and noisy data. 

  

This characteristic allows concluding that the obtained results (R² = 0.981; MAPE = 3.46%), 

while surpassing those of the other model in the current analysis (R² = 0.971; MAPE = 3.71%), 

are consistent with those found in previous comparative studies on predictive power of 

XGBoost in Sub-Saharan Africa. For example, Nyamadzawo et al. (2019) managed to obtain 

R² = 0.89–0.92 while applying ensemble tree models to predicting Zimbabwean maize yields. 

Meanwhile, in East Africa, Ogutu et al. (2022) reported higher scores for predicting export 

revenues (R² = 0.94–0.97) through XGBoost algorithm. It is assumed that the difference in 

performance stems from enhanced feature engineering techniques employed in the current 

work, which contributed to the inclusion of lagged and rolling average variables, thus enabling 

the identification of the model's ability to capture export earnings autocorrelation. 

 

Meanwhile, a slightly inferior predictive capability of LightGBM, coupled with its enhanced 

interpretability in the current case, is consistent with Ke et al. (2017)'s findings. Namely, the 

authors of this paper introduced a new machine learning algorithm, whose leaf-wise growth 

mechanism was aimed at optimizing computation speed and stabilizing the process of 

attributing variable importance, even at the expense of marginal loss of accuracy. In the current 

context, such a trade-off is especially pronounced since LightGBM identified FE_roll3 and FP 

as the first and second features, respectively, thus making its use more attractive in terms of 

communicating results to stakeholders than an alternative with less intuitive feature ranking 

(XGBoost). 

 

Feature Importance Interpretation and Analysis 

Furthermore, the importance of both food production and temperature as the leading factors in 

export revenue dynamics indicates that the production and export channels discussed in the 

present research are valid in terms of theoretical reasoning. According to the concept of 

production constraint adopted by the World Bank (2020), the problem of small farmers' export 
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potentials lies in production rather than sales. Therefore, adverse climate changes, in terms of 

the chosen model (temperature and precipitation), affect export revenues through decreased 

agricultural production levels. In addition, the high importance of FE_roll3, which captures 

export earnings for the last three years, corroborates Calderon & Serven (2010) conclusion 

about path dependency and persistent nature of export revenues in African commodity-

dependent economies. 

 

In this context, LightGBM's identification of temperature (fourth place) as the important 

predictor and XGBoost's exclusion of it from the top five features may stem from non-linear 

effects associated with temperature variations. According to Schlenker & Lobell (2010), 

temperature changes have a non-linear effect on crop yields in Africa and cause pronounced 

decreases above the threshold point (about 30°C for maize crops). This means that the former 

model's recognition of this factor as relatively important may be caused by its superior ability 

to identify non-linearity in the dataset. 

 

 

Contextual Agreement with Zimbabwe-Specific Research 

Finally, the results found in the current study align with previous studies related to agricultural 

practices and food products in Zimbabwe. In particular, Masere et al. (2020) and Mupangwa et 

al. (2017) proved the importance of precipitation variability (including the onset and cessation 

of the rainy season) for maize and tobacco production in smallholder farming communities. 

Precipitation – food production correlations discovered in the current research, therefore, 

extend these findings to a broader context of food export economics. 

 

Additionally, the conclusion about lower food production during droughts reducing export 

revenues is corroborated by ZimVAC (2021), whose annual assessment includes the finding 

about food production reductions leading to lower export earnings. Moreover, as per this report, 

there is a very high coefficient of determination (R² > 0.97) explaining the relationship between 

food production and exports. 

 

It is noteworthy that food production demonstrates greater variation than climate-related 

variables (as seen in the descriptive statistics). These results are also consistent with Lobell & 

Burke (2010) "production amplification" theory, as the countries, which are characterized by 
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limited adaptive capacity, rely on rain-fed agriculture, and have little irrigation capacity, exhibit 

the most pronounced swings in yields based on climate variability. 

 

Synthesis of the Findings and Critical Reflection 

In general, it can be concluded that the results confirm the hypothesis that climate variability 

through precipitation and temperature determines agricultural productivity, which in turn 

influences food product export earnings in Zimbabwe. Overall, these findings support the IPCC 

(2022) conclusions on the effect of climatic changes on food security in Africa and are 

consistent with the vulnerability assessment findings (FAO, 2021; World Bank, 2020; Nhamo 

et al., 2020). Finally, the results are aligned with Zimbabwe-specific agricultural studies 

(Mupangwa et al., 2017; Masere et al., 2020). 

 

The comparison of XGBoost and LightGBM performance on climate-based agricultural 

forecasts provides additional insight on the use of machine learning in such tasks. Specifically, 

the findings of Chen & Guestrin (2016) and Ke et al. (2017) about high predictivity and 

interpretability of XGBoost and LightGBM respectively are replicated in this case. The 

complementary qualities of these models suggest that their use simultaneously or joint feature 

importance evaluation is recommended in future research on the topic. 

 

However, it is worth noting that the impressive performance scores (e.g. R² = 0.981) may reflect 

the dominating influence of the rolling average feature on the forecast (FE_roll3). 

Consequently, it is necessary to decompose the contribution of climate-based variables from 

the contribution related to historical export earnings autocorrelations. This could be achieved, 

for example, with the help of counterfactual analysis or Shapley values evaluation (Lundberg 

& Lee, 2017). 

 

4.9 Chapter Summary 

This chapter highlighted the findings of the study regarding the effects of climate change and 

food production on the earnings from food products exports in Zimbabwe. From the analysis, 

it was found that climatic factors affect food production, while food production significantly 

affects export earnings. From the results, both the XGBoost and LightGBM have been found 

to be successful prediction models where the former model predicted more accurately than the 

latter. 
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Generally, the findings successfully met the aims and objectives of the research, which 

established the existence of relationships among climate change, food production, and earnings 

from export. The next chapter summarizes the findings, limitations, and future direction of the 

study. 
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CHAPTER 5: SUMMARY OF FINDINGS, CONCLUSIONS AND RECOMMENDATIONS 

5.0 Introduction 

This chapter gives the main conclusions of the effects that climate change and agriculture have 

on food exports earnings in Zimbabwe. In this chapter, the conclusions made after the 

completion of the study be discussed. The results of the study and their implications also be 

considered in the discussion of the conclusions to give relevant recommendations. 

 

5.1 Summary of Findings 

The paper explores the role of climate variability and food production on the income from 

exportation of food products in Zimbabwe during the period of 1967–2025 based on XGBoost 

and LightGBM machine learning algorithms. Firstly, there is a statistically significant 

relationship between climate variability and export income. There was a high positive 

correlation between precipitation and humidity (r = 0.85), and food production and export 

income (r = 0.68) confirming that agricultural production drives the level of export revenue. 

Secondly, temperature has a moderate positive impact on food production and export earnings 

this indicates that small differences in temperatures can affect agricultural outputs and 

consequently export incomes. Thirdly, both machine learning models had good predictive 

abilities. XGBoost was more accurate in predicting export revenues (R² = 0.981; MAPE = 

3.46%) compared to LightGBM (R² = 0.971; MAPE = 3.71%). Both algorithms have proven 

that gradient boosting works effectively in agricultural economics. 

 

Fourthly, historical data and food production were the main determinants of export income. 

Feature importance plots of both machine learning models revealed FE_roll3 (3year rolling 

average) and FP (Food Production) as the most important features showing high persistence of 

export earnings over the time. Finally, residual analysis showed that model is adequate. No 

significant trend was found in residuals of both algorithms which were randomly distributed 

around zero. 

 

5.2 Conclusions 

From the results, the following conclusions can be drawn. First, climate variations have a great 

impact on food production in Zimbabwe, which subsequently impacts food products' export 

earnings. These climate variations are strongly associated with decreased food production, 

which corresponds with lower export earnings from the sale of the country's products, 

supporting the study's first research objective. 
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Firstly, XGBoost is better than LightGBM in its prediction capability when dealing with this 

data. As such,XGBoost demonstrated higher predictive accuracy and is therefore recommended 

for forecasting export earnings. LightGBM offered comparable performance with greater 

computational efficiency, making it suitable where speed is a priority. and computational 

efficiency for other tasks. 

 

Finally, the study proves that the use of machine learning techniques in modelling complicated 

and non-linear relationships between climate variation, food production, and export earnings 

is an appropriate approach. 

 

5.3 Recommendations 

5.3.1 To Policymakers 

Focus on resilient agriculture. The government must prioritize investment in crops that are 

drought-resistant, irrigation systems, and agricultural insurance programs linked to weather 

patterns to ensure food security and minimize losses in foreign exchange earned through 

exports as a result of changes in climate conditions. Incorporate machine learning forecasting 

tools in your strategic planning process. Your Ministry of Agriculture and ZIMSTAT should 

employ machine learning tools such as the XGBoost model to provide forecasting capabilities 

for early warning systems and production/export estimates. Enhance climate data collection 

capacity. 

 

5.3.2 To Investors and Agricultural Stakeholders 

Utilize predictive modelling to evaluate climate-based investment risks. The investment risks 

associated with agriculture in Zimbabwe may be analysed using machine learning forecasting 

to help investors predict climate-based income and output riskiness. Diversify crops grown. 

Businesses engaged in agriculture should try considering switching to crops that are more 

resistant to changes in climate conditions and which have steady export demands to minimize 

exposure to climate-based income variations. Utilize rolling earnings trends for investments. 

Since past earnings trends have the most impact on predicting the future performance of 

investments, it is important to use earnings trends in exports as an indicator of investing in 

agriculture. 
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5.3.3 To Model Developers and Researchers 

Consider ensembles using both XGBoost and LightGBM. In future modelling efforts, one 

would do well to look into combining the two algorithms through hybrid or stacked approaches. 

This way, the predictive capability of the former could be complemented by the interpretability 

and efficiency of the latter. Include SHAP as part of model training. Including SHAP as part of 

the modelling process would greatly enhance its transparency and help to build stakeholder 

trust in the generated forecasts. Fix data consistency issues. Consistent data should be obtained 

by working together with authorities such as ZIMSTAT, FAO, and the World Bank to generate 

datasets of standardised, higher resolution data. 

 

5.4 Limitations of the Study 

Even though this research is ground breaking when it comes to examining climate change's 

effect on the relationship between agriculture and exports, there are several limitations that 

need to be discussed. First, the study only used aggregated national data, which fails to consider 

possible sub-national differences in climate indicators and agricultural productivity. A more 

appropriate method of analysis would be to consider district-level or even farm-level 

differences in the relationship. 

 

Second, the choice of three climatic indicators was somewhat limited, as there are several other 

parameters that affect the agricultural sector, such as solar radiation, wind speed, and extreme 

weather events, including floods and cyclones. Additionally, the study does not take into 

consideration soil conditions. Finally, the difficulty of interpreting the results obtained using 

the algorithms used, especially when compared to the linear regression approach, limits the 

value of these results and calls for future research to explore other machine learning techniques, 

for example, LSTM or hybrid modelling. 

 

Apart from that, the research does not factor in non-climatic factors such as changes in 

exchange rates, trade policies, the quality of transportation and logistics infrastructure, as well 

as political factors that can have an important effect on Zimbabwe's food export performance. 

By integrating additional parameters in the analysis, one would gain a better insight into all the 

factors that affect agricultural and export performance in Zimbabwe. 

 

5.5 Areas for Further Research 

This study leaves numerous directions for future research, some of which are listed below. 
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Crop-specific modelling, future research efforts should focus on generating predictive models 

for specific crops, such as tobacco, maize, and cotton, in order to account for climate sensitivity 

specific to each of those products. Regional disaggregation. Considering the considerable 

variation in agro-ecological zones within Zimbabwe, one should conduct a study of climate-

agriculture export relationship at the regional level (such as provinces of Mashonaland, 

Manicaland, and Midlands). 

 

Incorporation of socio-economic variables. Apart from climatic factors, it might prove useful 

to incorporate additional non-climatic parameters in the forecasting models, such as input costs, 

effects of land reform, international commodity prices, as well as exchange rate movements. 

Long-term scenario modelling. Future research projects should try and apply climate change 

scenarios (e.g., IPCC RCP 4.5 and 8.5) in their analysis, thus obtaining a predictive model of 

future export earnings of Zimbabwe. 

 

Real-time forecasting. It might be useful to develop an operational system capable of 

performing real-time forecast, whereby new climate and agricultural production data could be 

added regularly during the season. 

 

5.6 Chapter Conclusion 

In conclusion, this chapter discusses the main findings and recommendations of the study 

carried out. Thus, the study proves that climate variability affects the agriculture in Zimbabwe 

negatively, consequently reducing the export earnings of the country. As the best forecasting 

algorithm, XGBoost showed slightly better results than LightGBM in terms of predicting 

exports. 
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Appendix A: Transformed Data (FP & FE only transformed) 
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Appendix B: Feature Engineering 

B.1.Training set 

 

 

B.2. Testing set 

 

 

YR PR HU TMP FP FE FE_lag1 FE_lag2 FP_lag1 FP_lag2 FE_roll3 FP_roll3 PR_TMP TMP_FP Year_index

1976 0.650329 63.83 0.067416 0.345668 0.448756 0.429375 0.397347 0.288643 0.329742 0.425159 0.321351 0.043842 0.023303 10

1978 1 65.23 0.142322 0.339143 0.459349 0.483491 0.448756 0.350172 0.345668 0.463865 0.344994 0.142322 0.048268 12

1983 0.100539 54.3 0.831461 0.200264 0.605307 0.328787 0.56271 0.311054 0.367655 0.498934 0.292991 0.083594 0.166512 17

1987 0.10697 53.43 0.82397 0.296332 0.676985 0.660728 0.642981 0.395338 0.420153 0.660231 0.370608 0.08814 0.244169 21

1992 0.069704 50.08 0.958801 0.772042 0.234708 0.273914 0.719651 0.815037 0.415182 0.409424 0.66742 0.066832 0.740235 26

1996 0.526608 59.93 0.434457 0.838878 0.75953 0.764786 0.758262 0.719751 0.763119 0.760859 0.773916 0.228788 0.364457 30

1998 0.453679 58.27 0.666667 0.844261 0.7501 0.761348 0.75953 0.835488 0.838878 0.756993 0.839542 0.302452 0.56284 32

2014 0.347127 59.18 0.595506 0.839093 0.985572 1 0.965417 0.912261 0.914569 0.983663 0.888641 0.206716 0.499684 48

2024 0.325565 55.16 1 0.990345 0.840606 0.86009 0.877833 1 0.955337 0.85951 0.981894 0.325565 0.990345 58
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Appendix C: Syntax of R Codes used to run the models. 

C.1: Introduction 

This appendix presents the R code used in this study to investigate the impact of climate change 

and food production on food products export earnings in Zimbabwe (1967-2025). The code 

covers the key stages of the analysis, including data preprocessing, feature engineering, model 

development, training, prediction, and performance evaluation. The machine learning models 

employed in this study are the XGBoost, and LightGBM algorithms, which were used to model 

and predict food products export earnings based on climatic and agricultural variables. 

The appendix supports the achievement of the study objectives by providing the computational 

procedures used to examine the relationship between climate change indicators, food 

production, and export earnings, as well as to evaluate and compare the predictive performance 

of the selected machine learning models. Performance assessment was conducted using 

standard evaluation metrics, including Mean Absolute Error (MAE), Root Mean Squared Error 

(RMSE), Mean Absolute Percentage Error (MAPE), and the coefficient of determination (R²). 

By documenting the syntax and analytical procedures, this appendix enhances the transparency, 

reproducibility, and reliability of the research findings and serves as a practical guide for future 

studies employing similar machine learning approaches in agricultural and economic 

forecasting. 

C.2 : R Codes 

##Load Libraries 

library(caret) 

library(xgboost) 

library(lightgbm) 

library(dplyr) 

library(Metrics) 

library(zoo) 
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## 1. Load Data 

set.seed(123) 

data 

 

## Log transform skewed variables (ensure positivity) 

data$FP <- log1p(data$FP) 

data$FE <- log1p(data$FE) 

 

## Normalization (min-max) 

preProc <- preProcess(data[,c("PR","TMP","FP","FE")], method="range") 

data_norm <- predict(preProc, data) 

 

## Feature engineering 

data_norm <- data_norm %>% 

  mutate( 

    FE_lag1 = lag(FE,1), 

    FE_lag2 = lag(FE,2), 

    FP_lag1 = lag(FP,1), 

    FP_lag2 = lag(FP,2), 

    FE_roll3 = rollmean(FE,3,fill=NA,align="right"), 

    FP_roll3 = rollmean(FP,3,fill=NA,align="right"), 

    PR_TMP = PR*TMP, 

    TMP_FP = TMP*FP, 

    Year_index = seq_len(nrow(data_norm)) 

  ) 

 

##2. Train-Test Split (80:20) 

trainIndex <- createDataPartition(data_norm$FE, p=0.8, list=FALSE) 

train <- data_norm[trainIndex,] 

test  <- data_norm[-trainIndex,] 

features <- c("PR","TMP","FP","FE_lag1","FE_lag2","FP_lag1","FP_lag2", 

              "FE_roll3","FP_roll3","PR_TMP","TMP_FP","Year_index") 

X_train <- as.matrix(train[,features, drop=FALSE]) 

y_train <- train$FE 
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X_test  <- as.matrix(test[,features, drop=FALSE]) 

y_test  <- test$FE 

 

##XGBoost Model (tuned) 

dtrain <- xgb.DMatrix(data=X_train, label=y_train) 

dtest  <- xgb.DMatrix(data=X_test, label=y_test) 

 

params_xgb <- list( 

  objective = "reg:squarederror", 

  eta = 0.03, 

  max_depth = 8, 

  subsample = 0.9, 

  colsample_bytree = 0.9, 

  min_child_weight = 3, 

  gamma = 0.2 

) 

 

xgb_model <- xgb.train( 

  params=params_xgb, data=dtrain, nrounds=5000, 

  watchlist=list(train=dtrain, eval=dtest), 

  early_stopping_rounds=50, seed=123 

) 

 

xgb_pred <- predict(xgb_model, dtest) 

 

##LightGBM Model (tuned) 

dtrain_lgb <- lgb.Dataset(data=X_train, label=y_train) 

dtest_lgb  <- lgb.Dataset(data=X_test, label=y_test) 

 

params_lgb <- list( 

  objective = "regression", 

  metric = "rmse", 

  learning_rate = 0.03, 

  num_leaves = 128, 
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  min_data_in_leaf = 20, 

  feature_fraction = 0.9, 

  bagging_fraction = 0.9, 

  bagging_freq = 1 

) 

 

lgb_model <- lgb.train( 

  params=params_lgb, data=dtrain_lgb, nrounds=5000, 

  valids=list(test=dtest_lgb), early_stopping_rounds=50 

) 

 

lgb_pred <- predict(lgb_model, X_test) 

 

##Performance Evaluation 

cat("XGBoost RMSE:", rmse(y_test, xgb_pred), "\n") 

cat("XGBoost MAE:", mae(y_test, xgb_pred), "\n") 

cat("XGBoost R2:", R2(xgb_pred, y_test), "\n") 

 

cat("LightGBM RMSE:", rmse(y_test, lgb_pred), "\n") 

cat("LightGBM MAE:", mae(y_test, lgb_pred), "\n") 

cat("LightGBM R2:", R2(lgb_pred, y_test), "\n") 

 

##Visualization (Actual vs Predicted) 

par(mfrow=c(1,1)) 

 

# XGBoost 

plot(y_test, type="l", col="black", lwd=2, main="XGBoost vs Actual") 

lines(xgb_pred, col="red", lwd=2) 

legend("topleft", legend=c("Actual","XGBoost"), col=c("black","red"), lty=1, lwd=2, 

bty="n") 

 

# LightGBM 

plot(y_test, type="l", col="black", lwd=2, main="LightGBM vs Actual") 

lines(lgb_pred, col="blue", lwd=2) 
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legend("topleft", legend=c("Actual","LightGBM"), col=c("black","blue"), lty=1, lwd=2, 

bty="n") 

 

# Combined 

matplot(1:length(y_test), cbind(y_test, xgb_pred, lgb_pred, ensemble_pred), 

        type="l", lwd=2, lty=c(1,1,1,2), col=c("black","red","blue","green"), 

        main="Comparison vs Actual", xlab="Index", ylab="FE (log-transformed)") 

legend("topleft", legend=c("Actual","XGBoost","LightGBM","Ensemble"), 

       col=c("black","red","blue","green"), lty=c(1,1,1,2), lwd=2, bty="n") 

 

##Feature Importance 

xgb_imp <- xgb.importance(model=xgb_model) 

xgb.plot.importance(xgb_imp, top_n=10, main="XGBoost Feature Importance") 

 

# XGBoost Feature Importance 

xgb_imp <- xgb.importance(model=xgb_model) 

xgb.plot.importance(xgb_imp, top_n=10, main="XGBoost Feature Importance") 

 

# LightGBM Feature Importance 

lgb_imp <- lgb.importance(lgb_model, percentage=TRUE) 

lgb.plot.importance(lgb_imp, top_n=10) 

title("LightGBM Feature Importance") 

 

lgb_imp <- lgb.importance(lgb_model, percentage=TRUE) 

lgb.plot.importance(lgb_imp, top_n=10, main="LightGBM Feature Importance") 

 

##Residual Analysis 

# Residuals 

res_xgb <- y_test - xgb_pred 

res_lgb <- y_test - lgb_pred 

 

# --- Residual Histograms (Normality) --- 

par(mfrow=c(1,2)) 

hist(res_xgb, breaks=30, col="red", main="Residual Histogram: XGBoost", xlab="Residuals") 
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mtext("Bell-shaped → Normality; Skewed → Non-normal", side=3, line=0.5, cex=0.7) 

hist(res_lgb, breaks=30, col="blue", main="Residual Histogram: LightGBM", 

xlab="Residuals") 

mtext("Bell-shaped → Normality; Skewed → Non-normal", side=3, line=0.5, cex=0.7) 

 

# --- Residuals vs Fitted (Homoscedasticity) --- 

par(mfrow=c(1,2)) 

plot(xgb_pred, res_xgb, col="red", pch=16, 

     main="Residuals vs Fitted (XGBoost)", xlab="Fitted Values", ylab="Residuals") 

abline(h=0, lty=2) 

mtext("Random scatter → Constant variance; Pattern → Heteroscedasticity", side=3, line=0.5, 

cex=0.7) 

 

plot(lgb_pred, res_lgb, col="blue", pch=16, 

     main="Residuals vs Fitted (LightGBM)", xlab="Fitted Values", ylab="Residuals") 

abline(h=0, lty=2) 

mtext("Random scatter → Constant variance; Pattern → Heteroscedasticity", side=3, line=0.5, 

cex=0.7) 

 

# --- QQ Plots (Normality Check) --- 

par(mfrow=c(1,2)) 

qqnorm(res_xgb, main="QQ Plot Residuals: XGBoost", col="red"); qqline(res_xgb) 

mtext("Points near line → Normality; Deviations → Skew/Kurtosis", side=3, line=0.5, 

cex=0.7) 

 

qqnorm(res_lgb, main="QQ Plot Residuals: LightGBM", col="blue"); qqline(res_lgb) 

mtext("Points near line → Normality; Deviations → Skew/Kurtosis", side=3, line=0.5, 

cex=0.7) 

 

# --- Residual Time-Series Plot (Randomness over time/index) --- 

par(mfrow=c(1,2)) 

plot(res_xgb, type="l", col="red", main="Residuals over Index: XGBoost", 

     xlab="Index", ylab="Residuals"); abline(h=0, lty=2) 

mtext("Random noise → Independence; Trend → Autocorrelation", side=3, line=0.5, cex=0.7) 
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plot(res_lgb, type="l", col="blue", main="Residuals over Index: LightGBM", 

     xlab="Index", ylab="Residuals"); abline(h=0, lty=2) 

mtext("Random noise → Independence; Trend → Autocorrelation", side=3, line=0.5, cex=0.7) 

 

 

 


