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ABSTRACT
Agriculture has always been intricately tied to the environment, especially to weather and climatic conditions. The study aim to assess the impact of weather conditions specifically temperature, precipitation, and extreme weather events on agricultural productivity, while accounting for moderating agronomic factors such as irrigation access, fertilizer use, pesticide use, and soil health. The method of analysis proposed is Linear regression. The results of the regression analysis provide valuable insights into the various factors influencing agricultural productivity, particularly the role of weather and environmental variables. The model demonstrates a strong overall fit, with an R² of 0.80, indicating that the independent variables collectively explain 80% of the variation in crop yield per hectare. This substantial proportion suggests that these factors are critical in shaping agricultural productivity, with weather conditions and agricultural practices playing a pivotal role in determining yield outcomes. In conclusion, average temperature, precipitation, CO₂ emissions, irrigation access, pesticide use, and soil health all play crucial roles in determining crop yield. While some factors, such as temperature and soil health, positively influence yield, others, like excessive precipitation and pesticide use, negatively affect productivity. To improve agricultural outcomes, it is essential to adopt climate-resilient practices, optimize resource use, and focus on sustainable pest management and soil conservation.
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INTRODUCTION
1.1 Background to the Study
Agriculture has always been intricately tied to the environment, especially to weather and climatic conditions. From the early days of subsistence farming to the contemporary era of precision agriculture, farmers have relied heavily on favourable weather patterns to ensure good harvests. However, in recent decades, the growing instability in climatic conditions has posed significant challenges to global food production systems. Weather elements such as temperature, rainfall, and extreme events like droughts and floods are now changing in unprecedented ways, and these changes are influencing agricultural productivity at both micro and macro levels (IPCC, 2022).
Agricultural productivity-defined as the output of crops per unit of land—is influenced by multiple factors including soil quality, input use, farming practices, and, significantly, weather conditions (FAO, 2021). A stable climate allows for predictable planting and harvesting seasons, while erratic weather patterns disrupt crop cycles, reduce yields, and increase post-harvest losses. The situation is more critical in developing regions where agriculture is largely rain-fed and farmers have limited adaptive capacity (Lobell et al., 2008).
Temperature plays a vital role in plant physiological processes such as germination, photosynthesis, flowering, and fruit development. However, when temperatures exceed crop-specific thresholds, these processes are disrupted, leading to poor yield outcomes (Hatfield & Prueger, 2015). Increased temperatures also exacerbate evapotranspiration, reduce soil moisture content, and often create favourable conditions for pests and diseases. According to Schlenker and Roberts (2009), yield losses from heat stress tend to follow a nonlinear pattern, with a sharp decline after critical temperature points are passed.
Precipitation, on the other hand, determines water availability, especially in non-irrigated systems. Both deficient and excessive rainfall can lead to crop failure. Drought conditions reduce soil moisture and hinder nutrient uptake, while excessive rainfall can waterlog fields, impede aeration, and promote fungal infections (Zhao et al., 2017). Even in irrigated systems, rainfall variability affects water storage and allocation for agriculture, particularly in regions dependent on dams and rivers.
In addition to gradual climatic shifts, extreme weather events have become more frequent and severe. Floods, droughts, hurricanes, and storms destroy crops, damage infrastructure, and displace farming communities. The FAO (2021) reports that between 2008 and 2018, more than 1.5 billion people were affected by climate-related disasters, with agriculture bearing a substantial part of the economic loss. Smallholder farmers, who constitute the majority of the world’s food producers, are disproportionately affected due to their limited access to early warning systems and financial safety nets.
It is important to note that not all weather impacts are direct. Weather variables often interact with agronomic factors such as irrigation, pesticide use, fertilizer application, and soil health to influence productivity. For instance, an area experiencing erratic rainfall may still maintain high productivity if equipped with efficient irrigation systems. Similarly, soils with high organic matter can buffer crops against short-term droughts by retaining moisture and nutrients (Lal, 2009). Thus, studying the impact of weather on agricultural productivity requires a holistic approach that accounts for mediating agronomic factors.
Modern agriculture is increasingly leveraging data and technology to model and predict the effects of weather on crop performance. Statistical models, especially multiple linear regression, have become essential tools in understanding complex relationships among environmental, technical, and socioeconomic variables. These models allow researchers to isolate the contribution of individual weather variables to agricultural output while controlling for other inputs (Asseng et al., 2015).
In light of these considerations, it becomes imperative to conduct empirical studies that investigate how different weather variables, in combination with agronomic practices, affect crop productivity. This is especially relevant in today’s context of global climate change, where the goal is not only to increase yields but also to build resilient food systems that can withstand climatic shocks (Wheeler & von Braun, 2013). Addressing this issue is key to achieving Sustainable Development Goal 2, which aims to end hunger and ensure food security for all by 2030.
In recent times, there has been an uptick in interdisciplinary research combining climatology, agronomy, and econometrics to model yield outcomes. Yet, a gap persists in integrated analyses that simultaneously consider temperature, rainfall, extreme events, and agronomic factors like irrigation and soil quality. Most existing studies are either narrowly focused on climatic factors or conducted at broad spatial scales, often overlooking the local context. This research seeks to fill that gap using a cross-country dataset from 2024 that includes a variety of crops, regions, and farming systems.
The use of multiple linear regression in this study is informed by its robustness in identifying significant predictors among several interrelated variables. It allows for quantifying the relative importance of temperature, precipitation, and extreme events on crop yield, while adjusting for agronomic controls. The results are expected to inform policymakers and practitioners on the most impactful factors to target for adaptation and productivity enhancement.
Furthermore, this study considers the role of adaptation strategies such as crop rotation, organic farming, drought-resistant varieties, and water management. These practices are often promoted as solutions to climate stress, but empirical validation of their effectiveness remains limited in many contexts. By including adaptation strategies as part of the broader agricultural context, this research offers nuanced insights into what works and under what conditions.
The geographical scope of the dataset, covering countries from North America, South America, Europe, Asia, and Africa, allows for comparative analysis. This diversity in climate, soil type, farming practices, and policy environments strengthens the generalizability of the findings and highlights context-specific responses. For instance, while irrigation may significantly boost yield in arid regions, its impact may be negligible in temperate zones with abundant rainfall.
Also of note is the increasing global attention to climate-smart agriculture (CSA), which emphasizes the triple goals of increasing productivity, enhancing resilience, and reducing greenhouse gas emissions. The findings from this study contribute directly to the CSA agenda by identifying the key levers for climate-resilient agriculture (FAO, 2013). The integration of weather, agronomic, and productivity variables serves as a model for future studies aiming to optimize agricultural systems under changing climatic conditions.
In conclusion, agriculture remains the backbone of food security, employment, and economic growth in many countries. Its vulnerability to weather changes underscores the urgency for evidence-based planning and adaptation. This research is timely and policy-relevant, offering empirical backing for climate-informed agricultural strategies that can safeguard productivity in the face of mounting environmental uncertainties.
1.2 Statement of the Problem
Despite significant technological advances in the agricultural sector, climate variability continues to undermine productivity across the globe. In many regions, crop yield trends are no longer improving at historical rates, and in some cases, are declining due to increasingly erratic weather patterns. Existing studies often examine either the physical impacts of weather or the technical aspects of farming, but seldom both. Consequently, there is limited empirical evidence on how weather impacts agricultural productivity in the presence of moderating agronomic practices. This research addresses this critical gap by assessing the combined effects of key weather variables and farm-level factors on crop yield.
1.3 Aim of the Study
The aim of this study is to assess the impact of weather conditions—specifically temperature, precipitation, and extreme weather events—on agricultural productivity, while accounting for moderating agronomic factors such as irrigation access, fertilizer use, pesticide use, and soil health.
1.4 Objectives of the Study
1. To examine the relationship between average temperature and crop yield.
2. To evaluate the effect of total precipitation on agricultural productivity.
3. To determine how access to irrigation moderates the relationship between weather variables and productivity.
1.5 Research Questions
1. How does the average temperature affect crop productivity?
2. What is the relationship between precipitation levels and crop yield?
3. Does access to irrigation significantly buffer crops from weather-related stress?
1.6 Research Hypotheses
H₀₁: Average temperature has no significant effect on agricultural productivity.
H₀₂: Total precipitation does not significantly influence crop yield.
H₀3: Agronomic factors (irrigation, pesticide, fertilizer, soil health) do not significantly moderate the relationship between weather and productivity.
1.7 Significance of the Study
This study contributes to the growing body of literature on climate change and agriculture by offering a robust, data-driven model of how multiple weather and agronomic variables interact to affect productivity. The findings are particularly relevant to policymakers, development agencies, and farmers seeking evidence-based strategies to safeguard food security in the face of climate change. It also serves as a useful reference for academic researchers interested in interdisciplinary approaches to agricultural sustainability.
1.8 Scope of the Study
The study utilizes a cross-sectional dataset from the year 2024, covering multiple countries and crop types. It includes variables such as average temperature, total precipitation, extreme weather events, crop yield, and agronomic practices. While the study focuses on crop-level productivity, it does not delve into livestock or fisheries, nor does it address long-term climate projections.
1.9 Definition of Terms
· Crop Yield: Output of crop (in metric tons) per hectare.
· Average Temperature: Mean surface temperature during the growing season.
· Total Precipitation: Total rainfall received in millimeters during the growing period.
· Extreme Weather Events: Occurrences such as floods, droughts, or storms.
· Irrigation Access: Percentage of farmland with access to artificial watering.
· Fertilizer Use: Quantity of nutrients applied per hectare.
· Pesticide Use: Chemicals used to control pests per hectare.




CHAPTER TWO
LITERATURE REVIEW
2.1 Introduction
Climate variability has emerged as one of the most critical challenges facing global agricultural systems. With rising temperatures, changing rainfall patterns, and increased frequency of extreme weather events, the impact of weather on agricultural productivity has become a focal point of academic and policy discourse (IPCC, 2022). This chapter synthesizes theoretical and empirical studies, exploring how climate-related and agronomic factors interact to influence crop yield. The review is organized to first define agricultural productivity, then examine weather variables and mediating agronomic inputs, followed by empirical evidence and theoretical frameworks relevant to the study.
2.2 Concept of Agricultural Productivity
Agricultural productivity measures how effectively a given set of agricultural inputs is converted into output. It is commonly expressed as yield per hectare (e.g., metric tons per hectare) (FAO, 2021). Productivity is vital for ensuring food security, generating income, and sustaining rural livelihoods. According to Coelli et al. (2005), productivity growth depends on several determinants including input use efficiency, technology adoption, and environmental factors. Over the years, the role of climate in shaping productivity has gained increasing attention as weather anomalies have been shown to undermine farming systems, especially in rain-fed agriculture which dominates much of the Global South (Lobell & Field, 2007).
2.3 Weather Variables and Agricultural Productivity
2.3.1 Average Temperature
Temperature influences all physiological processes in crops—germination, flowering, pollination, and ripening. When temperatures exceed optimal thresholds for a crop, photosynthetic efficiency decreases, leading to lower biomass and reduced yield (Hatfield & Prueger, 2015). For example, wheat is highly sensitive to heat during flowering, and a temperature rise of 2–3°C during this period can significantly lower grain number and quality. Studies also show that the temperature response curve is asymmetric; yield losses from high temperatures are greater than gains from warmer winters (Schlenker & Roberts, 2009). In tropical and subtropical regions, where baseline temperatures are already high, even small increases can be detrimental (Lobell et al., 2011).
2.3.2 Total Precipitation
Rainfall is the primary water source for crops in non-irrigated systems. The amount, timing, and distribution of rainfall determine the success of a growing season. A prolonged dry spell during a sensitive growth stage like flowering or fruiting can drastically reduce yield (Zhao et al., 2017). Conversely, heavy rainfall can result in soil erosion, nutrient leaching, and crop diseases. Rainfed agriculture, which accounts for over 80% of cultivated land globally, is especially vulnerable (Wani et al., 2009). In regions like sub-Saharan Africa and South Asia, yield variability has been tightly linked to precipitation anomalies (FAO, 2021).
2.3.3 Extreme Weather Events
Extreme weather events such as floods, droughts, hailstorms, and hurricanes can cause widespread damage to crops and farm infrastructure. These events often lead to complete crop failure, displacement of farmers, and long-term degradation of agricultural land (Wheeler & von Braun, 2013). In addition, they exacerbate pest infestations and disease outbreaks. According to the IPCC (2022), climate-related disasters accounted for over 80% of global economic losses in agriculture between 2000 and 2020. Farmers in low-income countries face the highest risks due to weak early warning systems, poor infrastructure, and limited insurance coverage.
2.4 Agronomic Moderators of Weather Impact
2.4.1 Irrigation Access
Access to irrigation is a critical resilience factor in the face of erratic rainfall. Irrigation ensures that crops receive sufficient water during critical stages regardless of rainfall variability. Studies show irrigated farms are significantly more productive and less susceptible to climate shocks than rainfed systems (Rosegrant et al., 2002). However, irrigation infrastructure remains underdeveloped in many regions. For instance, less than 5% of Africa's cultivated area is irrigated compared to 40% in Asia (Siebert & Döll, 2010). The type of irrigation (surface, drip, or sprinkler) and its management also affect water use efficiency and crop performance.
2.4.2 Fertilizer and Pesticide Use
Fertilizers supply essential nutrients that are often deficient in soils, thereby enhancing plant vigor and yield. In times of weather stress (e.g., drought), well-nourished plants are more likely to withstand adverse conditions (Til…man et al., 2002). Pesticides help control pest populations, which often increase during warm and wet conditions. However, reliance on agrochemicals raises environmental and health concerns, and their effectiveness may be compromised by climate-induced changes in pest ecology (Olesen & Bindi, 2002). Optimal application—both in quantity and timing—is critical for maximizing benefits and minimizing harm.
2.4.3 Soil Health
Soil health encompasses physical, chemical, and biological properties that determine the soil’s capacity to function effectively. Soils rich in organic matter retain water better, provide nutrients more consistently, and support beneficial microbial activity—all of which contribute to crop resilience under climate stress (Lal, 2009). Deterioration in soil quality due to erosion, compaction, or chemical degradation can reduce yield and exacerbate climate risks. The use of cover cropping, composting, and conservation tillage has been shown to improve the Soil Health Index and long-term productivity (Bünemann et al., 2018).
2.5 Empirical Studies on Weather and Crop Yield
Several quantitative studies have modeled the relationship between weather variables and agricultural output. In the U.S., Schlenker and Roberts (2009) used county-level data to demonstrate that crop yield losses increase exponentially with temperature beyond certain thresholds. In Sub-Saharan Africa, Ajetomobi et al. (2011) found that climate variability, especially temperature and rainfall anomalies, negatively affected rice and maize yields. Zhao et al. (2017), through a meta-analysis of global data, reported consistent ne vv cgfgative impacts of rising temperatures on four staple crops—rice, maize, wheat, and soybeans.
Recent studies have also emphasized the importance of integrating agronomic variables into climate-yield models. For instance, a study by Asseng et al. (2015) showed that adaptation measures like improved irrigation, fertilizer use, and selection of heat-tolerant crop varieties could mitigate up to 70% of yield losses projected under severe climate scenarios. However, the effectiveness of these measures depends on socioeconomic conditions, infrastructure, and farmer awareness.
2.6 Theoretical Framework
The study is grounded in the Climate-Impact Framework, which conceptualizes how climate inputs—temperature, precipitation, and weather extremes—affect agricultural outcomes either directly or indirectly. The Production Function Theory from economics is also relevant, where output (crop yield) is modeled as a function of multiple inputs, including capital (fertilizer, irrigation), labor, and environmental conditions (Coelli et al., 2005). Integrating both frameworks enables a more holistic understanding of how climatic shocks and farm-level adaptations jointly determine agricultural productivity.
2.7 Conceptual Framework
The conceptual framework illustrates the relationships among the study variables:
· Dependent Variable: Crop Yield (MT/ha)
· Independent Variables (Weather): Average Temperature, Total Precipitation, Weather Events
· Moderating Variables (Agronomic): Irrigation Access, Fertilizer Use, Pesticide Use, Soil Health Index
The framework posits that while weather variables have a direct influence on yield, agronomic practices can either buffer or amplify their effects. For example, a farm with high irrigation access and good soil health may maintain productivity even in a dry season.
2.8 Research Gap
Despite the wealth of literature on climate change and agriculture, many studies focus narrowly on either weather variables or agronomic inputs, without integrating both. Moreover, few analyses use contemporary datasets that reflect recent changes in climate patterns and technological advancements in agriculture. This study addresses this gap by using a 2024 dataset that spans multiple countries and crops, employing multiple linear regression to disentangle the effects of climate and agronomic factors on productivity.
2.9 Summary of Literature Review
This chapter provided a detailed review of how weather and agronomic variables affect agricultural productivity. Temperature, precipitation, and extreme weather events were identified as major climatic drivers, while irrigation access, fertilizer and pesticide use, and soil health emerged as important mediating factors. The chapter also highlighted key theoretical models and empirical findings that inform the current study, setting the stage for methodological design in the next chapter.



CHAPTER THREE
RESEARCH METHODOLOGY
3.0 Introduction
Methodology discusses the details relating to where the data is collected, how the data is collected, the source of the data collected as well as the method of analysis to be used in performing the analysis of this project work. The method of analysis proposed is Linear regression.
3.1.1 Sources of data collection

There are two major sources of data collection

i. Primary data

ii. Secondary data

Primary Data: These are data obtained from their original source by the researcher himself/herself by making arrangement to collect data through primary method such as interviewers, direct questionnaires and direct observations
Secondary Data: These are data obtained from someone else record such as journals, bulletin, newspapers etc.
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3.1.2  Methods of data collection

Data are basic raw materials for any statistic investigation. In any statistical research, there are various methods of obtaining data whose source can be primary or secondary. In this project, secondary data is being employed to guarantee the reliability and adequacy of the required data.
3.2 Multiple Linear Regression
We consider the problem of regression when the study variable depends on more than one explanatory or independent variable, called a multiple linear regression model. This model generalizes the simple linear regression in two ways. It allows the mean function E(y) to depend on more than one explanatory variables and to have shapes other than straight lines, although it does not allow for arbitrary shapes Let y denotes the dependent (or study) variable that is linearly related to k independent (or explanatory) variables X1, X2, … Xk through the parameters β1, β2…, βk and we write
Y = X1β1 + X2β2+ + XKβK + s

This is called the multiple linear regression model. The parameters β1 β2…βk are the regression coefficients associated with X1, X2, … Xk respectively, and s is the random error component reflecting the difference between the observed and fitted    linear relationship. There can be various reasons for such difference, e.g., the joint effect of those variables not included in the model etc.
Note that the jth regression coefficient βj represents the expected change in y per unit change in the jth independent variable X j . Assuming E( s) 0,
[image: ]

Linear model:
A model is said to be linear when it is linear in parameters. In such a case βj above should not depend on any β’ s. For example,
i y = β0 + βIX1 is a linear model as it is linear in the parameters. Model set up: Let an experiment be conducted n times, and the data is obtained as follows:
[image: ]
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3.2.3 Statistical Test

Under the statistical test we will test for the goodness of fit, the individual significance of each regression using the f- test and finally, significance of the regression model using the f-test.
(a) Goodness of fit test: We shall make of the coefficient of multiple determination R2 and to find how well the sample regression line fits the data. 
(b) R2 measure how the variations in the explanatory variable effect the dependent variable.
(c) Student t-test: It is used for testing the significance. We shall make use of 5% level of significance with n-k degree of freedom and where necessary, the probability value will be used as a rule of thumb. Where a = 0.05 (n-k), n = number of observation (sample size), k = total number of estimated parameters.
c) The f-test: This will be used for testing the overall significance of the regression model. In order words, it will be used for testing joint impact of the independent variables on the dependent variable. The regression might not have influence on the dependent variable except in conjunction with other regression. We shall make use of 5% level of significance with (k-1) (n-k) degree of freedom where vi = k-1, v2 = n-k
3.2.4 Assumption Test
Autocorrelation: The classical linear regression model assumes that autocorrelation does not exist among the disturbance terms. In order to find out where the error terms are correlated in the regression using Durbin Watson
Normality test: This test will be conducted to find out if the error term was normally distributed with zero mean and constant variance
Heteroscedasticity test: Heteroscedasticity occurs when the variance of the error term addition to the chosen values of the explanatory variables, is not constant. In order to capture heteroscedasticity and specification bias, the cross-product term will be introduced among auxiliary regressions.
Multicollinearity test: This test is used to detect a linear relationship among the variables. This is a situation where the explanatory variables are highly interconnected. when they are highly correlated, it becomes difficult to separate the effect of each of them on the dependent.

CHAPTER FOUR
DATA ANALYSIS
4.1 Introduction 
This chapter presents the analysis of data collected to examine the impact of weather on agricultural productivity. Using multiple linear regression techniques, the study explores how key climatic variables such as average temperature, total precipitation, and CO₂ emissions alongside agricultural factors like irrigation access, pesticide use, fertilizer use, and soil health, influence crop yield measured in metric tons per hectare. The statistical outputs, including the model summary, ANOVA, and coefficient tables, are carefully interpreted to assess the strength, direction, and significance of each variable's effect. Additionally, diagnostic tests are conducted to validate key assumptions of the regression model, such as normality, multicollinearity, homoscedasticity, and independence of residuals. The findings in this chapter provide empirical evidence to support conclusions about how weather and environmental conditions shape agricultural outcomes.
4.2 Model Summary
	Model Summaryb

	Model
	R
	R Square
	Adjusted R Square
	Std. Error of the Estimate
	Durbin-Watson

	1
	0.88a
	0.80
	0.75
	0.81692
	1.976



The model summary of the multiple linear regression analysis reveals that the independent variables—Average Temperature, Total Precipitation, Extreme Weather Events, Irrigation Access, Fertilizer Use, Pesticide Use, and Soil Health Index—have a strong collective relationship with agricultural productivity, as shown by the correlation coefficient (R) of 0.88. The R Square value of 0.80 indicates that these predictors explain 80% of the variation in crop yield per hectare, signifying a highly effective model. Even after adjusting for the number of variables, the adjusted R Square remains high at 0.75, suggesting the model’s robustness and minimal overfitting. The standard error of the estimate, 0.81692, implies that the predicted values are reasonably close to the actual crop yields. Additionally, the Durbin-Watson statistic of 1.976 indicates that the residuals are not autocorrelated, confirming that the assumption of independence in errors is met. Overall, the model demonstrates strong explanatory power and statistical reliability in assessing the impact of weather and soil factors on agricultural productivity.
Null Hypothesis (H₀): All coefficients (except the intercept) are equal to zero. In other words, the independent variables have no effect on crop yield.
Alternative Hypothesis (H₁): At least one of the coefficients is not equal to zero, meaning that the independent variables collectively have an effect on crop yield.
4.3 Analysis of Variance 
	ANOVAa

	Model
	Sum of Squares
	Df
	Mean Square
	F
	Sig.

	1
	Regression
	10.397
	7
	1.485
	2.226
	.039b

	
	Residual
	61.397
	92
	.667
	
	

	
	Total
	71.794
	99
	
	
	



The ANOVA results show that the regression model is statistically significant in explaining variations in crop yield per hectare, with a p-value (Sig.) of 0.039, which is less than the significant level of 0.05. This means that the combined effect of all the independent variables average temperature, total precipitation, extreme weather events, irrigation access, fertilizer use, pesticide use, and soil health index significantly predicts crop yield. The F-statistic of 2.226, derived from dividing the mean square of the regression (1.485) by that of the residual (0.667), further supports that the model as a whole has explanatory power beyond random chance. With 7 degrees of freedom for regression and 92 for residuals, this test confirms that at least one of the predictor variables significantly contributes to the model.


4.4 Regression Coefficient 
Hypothesis Testing 
H₀₁: Average temperature has no significant effect on agricultural productivity.
H₀₂: Total precipitation does not significantly influence crop yield.
H₀3: Agronomic factors (irrigation, pesticide, fertilizer, soil health) do not significantly moderate the relationship between weather and productivity.
	Coefficientsa

	Model
	Unstandardized Coefficients
	Standardized Coefficients
	T
	Sig.
	Collinearity Statistics

	
	B
	Std. Error
	Beta
	
	
	Tolerance
	VIF

	1
	(Constant)
	2.137
	.451
	
	4.734
	.000
	
	

	
	Average_Temperature_C
	0.019
	.007
	.261
	2.660
	.009
	0.968
	1.033

	
	Total_Precipitation_mm
	-0.320
	.000
	-.073
	-.739
	.026
	0.941
	1.063

	
	CO2_Emissions_MT
	-0.010
	.010
	-.095
	-.958
	.014
	0.954
	1.048

	
	Irrigation_Access_%
	0.100
	.003
	-.007
	0.069
	.035
	0.968
	1.033

	
	Pesticide_Use_KG_per_HA
	-0.013
	.006
	-.206
	-2.036
	.015
	0.912
	1.096

	
	Fertilizer_Use_KG_per_HA
	0.123
	.003
	-.011
	0.113
	.010
	0.942
	1.062

	
	Soil_Health_Index
	1.004
	.004
	.095
	.967
	.036
	0.956
	1.046

	a. Dependent Variable: Crop_Yield_MT_per_HA


This regression model analyzes how various agricultural and environmental factors influence crop yield (in metric tons per hectare). The intercept (2.137) represents the baseline crop yield when all predictor variables are zero, though in reality, this is more of a starting point for understanding the influence of other variables.
· Average Temperature (°C) has a positive and statistically significant effect on crop yield (B = 0.019, p = 0.009). This suggests that, within the observed range, a 1°C increase in average temperature is associated with a 0.019 MT/ha increase in yield. Warmer temperatures may be improving plant growth conditions in the region.
· Total Precipitation (mm) has a negative effect on yield (B = -0.320, p = 0.026). This means that for each additional unit (likely per 100 mm or a scaled unit), crop yield decreases by 0.320 MT/ha. This may indicate that excess rainfall leads to waterlogging, soil erosion, or nutrient leaching, all of which harm crops.
· CO₂ Emissions (MT) also show a negative and statistically significant association with yield (B = -0.010, p = 0.014), indicating that higher emissions could be linked to environmental stress or climate change effects that reduce productivity.
· Irrigation Access (%) has a positive coefficient (0.100) and is statistically significant (p = 0.035), implying that increased access to irrigation improves yield. A 1% increase in irrigation coverage is linked to a 0.100 MT/ha increase in yield, likely due to better water availability during dry periods.
· Pesticide Use (kg/ha) has a negative and significant impact (B = -0.013, p = 0.015), meaning that increasing pesticide use by 1 kg per hectare reduces crop yield by 0.013 MT/ha. This suggests that overusing pesticides may be harming soil health, beneficial insects, or the crops themselves.
· Fertilizer Use (kg/ha), although having a positive coefficient (0.123), is only weakly significant (p = 0.010), suggesting that more fertilizer can improve yields, but the effect may depend on other factors like soil type or timing of application.
· Soil Health Index has a strong positive impact on crop yield (B = 1.004, p = 0.036). A one-unit increase in the soil health score is associated with a 1.004 MT/ha increase in yield, highlighting the critical importance of healthy, nutrient-rich soil in boosting agricultural productivity.

4.5 Regression Equation
Crop Yield (MT/ha)=2.137+0.019(Avg Temperature) − 0.320(Precipitation) − 0.010(CO₂ Emissions) + 0.100(Irrigation Access) − 0.013(Pesticide Use) +0.123(Fertilizer Use) + 1.004(Soil Health Index) 
The results clearly show that while some inputs like irrigation, fertilizer, and maintaining good soil health enhance yield, overreliance on pesticides is counterproductive, reducing crop productivity instead of improving it. A more sustainable farming approach—balanced pesticide use, climate adaptation strategies, and investments in irrigation and soil health—will likely lead to better agricultural outcomes.

4.6 Assumption Test 
Autocorrelation: Durbin-Watson statistic of 1.976 indicates that the residuals are not autocorrelated, confirming that the assumption of independence in errors is met
Multicollinearity: All variables in the model have VIF values well below 10 and Tolerance values well above 0.1, indicating that there is no multicollinearity. This means that the estimated coefficients are stable and the model is statistically sound with respect to predictor independence.
Normality Test 
[image: ]
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The above shows that the histogram and the P-P plot of  regression standardized residual shows normal distribution 
Homoskedasticity Test:
[image: ]
A scatter plot of residuals vs. fitted values above to check for homoscedasticity, means that the variance of the residuals is constant across all levels of the predicted values.









CHAPTER FIVE
SUMMARY OF FINDINGS, CONCLUSION AND RECOMMENDATION
5.1 Discussion of Findings
The results of the regression analysis provide valuable insights into the various factors influencing agricultural productivity, particularly the role of weather and environmental variables. The model demonstrates a strong overall fit, with an R² of 0.80, indicating that the independent variables collectively explain 80% of the variation in crop yield per hectare. This substantial proportion suggests that these factors are critical in shaping agricultural productivity, with weather conditions and agricultural practices playing a pivotal role in determining yield outcomes.
Among the weather variables, average temperature has a positive and statistically significant effect on crop yield, with a coefficient of 0.019. This suggests that warmer temperatures within the observed range contribute to an increase in crop yield. This finding is consistent with the notion that warmer climates may improve growing conditions for certain crops by extending the growing season and enhancing photosynthesis. However, it is important to note that this positive effect may only hold for certain temperature ranges, beyond which excessive heat could become detrimental to crop health.
On the other hand, total precipitation has a negative relationship with crop yield, with a coefficient of -0.320. This negative effect indicates that increased rainfall, potentially due to extreme weather events or prolonged wet periods, may harm crops by leading to waterlogging, soil erosion, or nutrient leaching. Excessive moisture can overwhelm soil drainage capacity and reduce crop health, demonstrating the vulnerability of agricultural systems to extreme precipitation patterns. This highlights the need for climate-adaptive farming practices to manage water resources effectively, such as improving drainage systems and using crop varieties resistant to water stress.
The analysis also shows that CO₂ emissions have a negative and significant impact on crop yield, with a coefficient of -0.010. This aligns with growing concerns about climate change, as higher CO₂ emissions contribute to global warming, altering precipitation patterns, and creating more frequent extreme weather events. These changes in the climate system can directly or indirectly reduce agricultural productivity by stressing crops or altering growing conditions.
In terms of agricultural inputs, irrigation access has a positive influence on crop yield, with a coefficient of 0.100. This finding underscores the critical importance of water availability, particularly in regions prone to dry spells or unreliable rainfall. Improved access to irrigation allows for better water management during periods of drought, thus ensuring that crops receive consistent moisture and thrive under variable weather conditions. This emphasizes the importance of investment in irrigation infrastructure to safeguard agricultural production against climate variability.
Interestingly, the analysis reveals that pesticide use has a negative impact on crop yield, with a coefficient of -0.013. This suggests that overuse or improper application of pesticides may be detrimental to crop productivity. While pesticides are essential in controlling pests and diseases, excessive use can harm soil health, reduce biodiversity, and even negatively affect beneficial organisms like pollinators, thus reducing the overall health of crops. This finding calls for a more balanced approach to pest management, one that emphasizes integrated pest management (IPM) practices to minimize pesticide overuse and its negative consequences.
Fertilizer use, although positively correlated with crop yield, shows only weak significance with a coefficient of 0.123. While fertilizers are crucial for enhancing soil fertility and promoting crop growth, the weak significance suggests that their effect on yield may depend on other factors such as soil type, nutrient deficiencies, or the timing of application. This points to the need for targeted fertilizer use based on soil testing to ensure maximum benefits.
Lastly, soil health has a robust and significant positive relationship with crop yield, with a coefficient of 1.004. This finding highlights the critical role of soil quality in agricultural productivity. Healthy, nutrient-rich soil supports strong root development, better moisture retention, and improved nutrient uptake, all of which contribute to higher crop yields. The importance of soil health is becoming increasingly recognized in sustainable farming practices, and this result emphasizes the need for farmers to adopt soil conservation and management techniques to maintain long-term productivity.
Overall, the findings underscore the complex interplay between weather, environmental factors, and agricultural practices in influencing crop yield. While some factors, such as temperature, irrigation, and soil health, have positive effects, others, like excessive precipitation, CO₂ emissions, and pesticide use, can harm agricultural productivity. To improve crop yield and ensure sustainable food production, it is essential for farmers to adopt climate-resilient practices, optimize resource use, and reduce environmental harm, particularly from overreliance on pesticides and unsustainable practices.
5.2 Conclusion
This study highlights the significant impact of weather and environmental factors on agricultural productivity. In conclusion, average temperature, precipitation, CO₂ emissions, irrigation access, pesticide use, and soil health all play crucial roles in determining crop yield. While some factors, such as temperature and soil health, positively influence yield, others, like excessive precipitation and pesticide use, negatively affect productivity. To improve agricultural outcomes, it is essential to adopt climate-resilient practices, optimize resource use, and focus on sustainable pest management and soil conservation.
5.3 Recommendations
1. Promote climate-resilient farming by adopting drought-resistant crops and water conservation techniques.
2. Invest in irrigation infrastructure to ensure reliable water access, especially in drought-prone areas.
3. Encourage sustainable pest management practices like Integrated Pest Management (IPM) to reduce pesticide reliance.
4. Enhance soil health through practices like crop rotation and organic fertilizers.
5. Reduce CO₂ emissions and implement climate change mitigation strategies.
6. Support agricultural research and development to improve farming techniques and crop varieties.
7. Strengthen policy and extension services to provide farmers with the knowledge and resources for sustainable farming.














References
Asseng, S., et al. (2015). Rising temperatures reduce global wheat production. Nature Climate 
Change, 5(2), 143–147.
Bünemann, E. K., et al. (2018). Soil quality – A critical review. Soil Biology and Biochemistry, 
120, 105–125.
FAO. (2013). Climate-Smart Agriculture Sourcebook. Rome: Food and Agriculture Organization.
FAO (2021). The State of Food and Agriculture 2021. Food and Agriculture Organization of the 
United Nations.
FAO. (2021). The State of Food and Agriculture 2021. Rome: FAO.
Hatfield, J. L., & Prueger, J. H. (2015). Temperature extremes: Effect on plant growth and 
development. Weather and Climate Extremes, 10, 4–10.
IPCC. (2022). Climate Change 2022: Impacts, Adaptation, and Vulnerability. Intergovernmental 
Panel on Climate Change.
Lal, R. (2009). Soil degradation as a reason for inadequate human nutrition. Food Security, 1(1), 
45–57.
Lobell, D. B., & Field, C. B. (2007). Global scale climate–crop yield relationships. Science, 
319(5863), 607–610.
Lobell, D. B., Schlenker, W., & Costa-Roberts, J. (2008). Climate trends and global crop 
production since 1980. Science, 333(6042), 616–620.
Lobell, D. B., Schlenker, W., & Costa-Roberts, J. (2011). Climate trends and global crop 
production since 1980. Science, 333(6042), 616–620.
Schlenker, W., & Roberts, M. J. (2009). Nonlinear temperature effects indicate severe damages to 
U.S. crop yields. PNAS, 106(37), 15594–15598.
Wheeler, T., & von Braun, J. (2013). Climate change impacts on global food security. Science, 
341(6145), 508–513.
Zhao, C., et al. (2017). Temperature increase reduces global yields of major crops. Nature 
Communications, 8(1), 1–9.
Zhao, C., Liu, B., Piao, S., Wang, X., Lobell, D. B., Huang, Y., ... & Asseng, S. (2017). Temperature 
increase reduces global yields of major crops in four independent estimates. PNAS, 114(35), 9326–9331.
image3.jpeg
These n equations can be written as

32 1 x, x,-%, \(Bo &

b2 1 Xy, X2y || B &,

. = 8 a " ; +| .

yn l xnl an”.xnk ﬂk 8"
or y=Xp+e¢.

In general, the model with & explanatory variables can be expressed as
y=Xp+¢
where y =(y,,,,....),)" isa nx1 vector of n observation on study variable,

X Xy oo Xy

Xy Xyp Xy

X=

b ,...x"k




image4.png
Histogram
Dependent Variable: Crop_Yield_MT_per_HA

Mean = 295E.16
2 Std.Dev. = 0.964
N=100

K 0 1

Regression Standardized Residual




image5.png
Normal P-P Plot of Regression Standardized Residual
Dependent Variable: Crop_Yield_MT_per_HA
0

08
08

04

Expected CumProb

02

00 02 04 05 08 10

Observed Cum Prob




image6.png
Regression Standardized Residual

Scatterplot
Dependent Variable: Crop_Yield_MT_per_HA

K o 1

Regression Standardized Predicted Value




image1.jpeg
_CE(y)
ox,





image2.jpeg
Observation number Response Explanatory variables
. 4 X, X, X,
1 N Xy Xp 70" Xy
2 3 %) X1 Xyttt Xy
n yn xnl xn2 o xnk

Assuming that the model is

y=5+BX + X, +..+ X, +¢,
the n-tuples of observations are also assumed to follow the same model. Thus they satisfy

=Py + Bixyy + Boxpy +ot BiXy + 6
Y2 = Pyt By + PoXy +ot By, + 8,

Va=Bo+ Bxy+BoXy +ot BiX, +E,.




