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Introduction 

 

The global trade of sheep represents a vital segment of the agricultural sector, significantly 

influencing economies and food security worldwide. Sheep are not only important sources of meat, 

milk, and wool, but they also play a crucial role in the livelihoods of many communities, 

particularly in developing regions. Understanding the dynamics of this trade is essential for 

stakeholders, including farmers, traders, policymakers, and investors, to develop strategies that 

optimize market performance and sustainability. 

 

Over the past decades, the international market for sheep has experienced numerous changes driven 

by various factors such as economic policies, climate conditions, technological advancements, and 

shifts in consumer preferences. These changes have led to fluctuations in prices, varying demand, 

and alterations in trade policies, making it challenging to predict future trends accurately. 

Traditional methods of market analysis often fall short in capturing the complex interplay of these 

factors, underscoring the need for more sophisticated analytical approaches. 

 

This project aims to fill this gap by leveraging predictive analytics to analyze historical data and 

forecast future trends in the sheep market. By utilizing the FAOSTAT historical dataset, which 

encompasses comprehensive global food and agriculture statistics from 1961 to 2013, we seek to 

identify patterns, compare country performances, and understand the correlations between export 

quantities and values. This analysis will provide valuable insights into the factors influencing sheep 

exports and imports, aiding stakeholders in making data-driven decisions to enhance market 

outcomes. 
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The specific objectives of this study include developing robust predictive models to forecast export 

and import quantities and values, identifying significant trends and patterns, and providing 

recommendations for optimizing market strategies. By doing so, this project not only contributes to 

the academic field of agricultural economics but also offers practical solutions for improving the 

efficiency and sustainability of the sheep market globally. 

 

Statement of the Problem 

 

The sheep faces challenges such as fluctuating prices, varying demand, and changing trade policies, 

making it difficult to predict future trends. Accurate predictions and a thorough understanding of 

the factors driving these changes are crucial for developing effective market strategies. This project 

addresses the need for robust predictive models to forecast export and import quantities and values, 

providing a foundation for optimizing market strategies and improving trade performance. By 

leveraging historical data, the project aims to offer insights that enhance decision-making in the 

sheep sector. 

 

About the Dataset 

 

The FAOSTAT historical dataset provides comprehensive global food and agriculture statistics 

from 1961 to 2013, covering over 200 countries. For this analysis, the focus was on sheep, 

specifically examining export quantities (heads of live sheep) and export values (US dollars). Key 

variables include country, item, element (export quantity and value), year, unit, and value. This 

dataset tracks export performance, revealing trends in global trade and the correlation between 
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export quantities and financial returns. It serves as a valuable resource for understanding past 

market dynamics and informing predictive models. 

 

Methodology 

 

The methodology for this project follows a structured data science process, including data 

importation, inspection, wrangling, preprocessing, exploratory data analysis, predictive modeling, 

and visualization. 

 

Data Importation and Inspection 

Import Data: The FAOSTAT dataset was loaded using pandas. 

Initial Inspection: The dataset structure was examined, missing values were identified, and 

summary statistics were calculated to understand the data distribution and identify any 

inconsistencies. 

 

Data Wrangling and Preprocessing 

Data Cleaning: Missing values and outliers were handled to ensure data quality. For instance, rows 

with missing critical information were either filled with appropriate values or removed. 

Feature Engineering: New features were created to enhance model performance. This included 

generating time-based features (e.g., year-on-year changes) and aggregating data at different levels 

(e.g., annual totals). 
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Data Transformation: Categorical variables such as country names were converted into numerical 

values using techniques like one-hot encoding to make them suitable for machine learning 

algorithms. 

 

Exploratory Data Analysis (EDA) 

Trend Analysis: Time series plots were created to identify trends and patterns in export and import 

quantities and values over the years. 

Country Comparison: The performance of different countries was analyzed by comparing their 

export quantities and values over time. 

Correlation Analysis: Scatter plots and correlation coefficients were used to examine relationships 

between export quantities and values. 

 

Predictive Modeling 

Model Selection: Various models were selected based on their suitability for the data and problem 

context. These included Linear Regression, Random Forest, K-Nearest Neighbors (KNN), and 

Support Vector Regression (SVR). 

Model Training: The data was split into training and testing sets to evaluate model performance. 

Models were trained on the training set. 

Hyperparameter Tuning: Techniques like GridSearchCV were used to optimize model parameters 

for better performance. 

Model Evaluation: Models were evaluated using metrics such as Mean Squared Error (MSE), Mean 

Absolute Error (MAE), R-squared (R²), Explained Variance Score (EVS), and Mean Absolute 

Percentage Error (MAPE). 
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Visualization and Interpretation 

Results Visualization: Visualizations were created using matplotlib and seaborn to illustrate model 

performance and insights. These included time series plots, bar charts for country comparisons, 

scatter plots for correlation analysis, and feature importance plots. 

 

Interpretation: The results were interpreted to provide actionable insights for the sheep marketing 

sector. This involved analyzing model outputs, understanding the significance of key predictors, 

and formulating recommendations for market strategy optimization. 

By following this comprehensive approach, the project aimed to provide valuable insights and 

optimization strategies for the sheep marketing sector, enhancing decision-making and market 

performance. 

 

Ethical Considerations 

 

Ethical considerations are paramount in this project. Ensuring data privacy and compliance with 

privacy regulations is crucial. Efforts were made to identify and mitigate biases in the dataset to 

avoid perpetuating unfair outcomes. Transparency in model development and interpretation was 

maintained to ensure accountability and trustworthiness. Ethical use of data was emphasized, 

particularly given the potential impact on trade policies and market strategies. These measures 

ensure that the analysis is conducted responsibly and that the insights generated are fair and 

equitable. 
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Results 

 

The results of this project provide detailed insights into the trends, patterns, and predictive accuracy 

of the models developed for the sheep and goat marketing sector. Below are the outcomes 

addressing each research question with specific values and model parameters based on actual 

analysis results. 

 

Trend Analysis 

Export Quantities of Live Sheep (1998-2013) 

The analysis revealed fluctuations in the global export quantities of live sheep between 1998 and 

2013 (Fig. 1). The export quantities ranged from approximately 73.7 million heads in 2001 to 

nearly 99.9 million heads in 2013, with notable increases in specific years. For instance, there was a 

significant increase from 84.5 million heads in 2000 to 97.6 million heads in 2002. 
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Fig. 1. Export Quantities of Live Sheep (1998-2013) 

 

 

Export Values of Live Sheep (1998-2013) 

Export values exhibited a more volatile trend compared to quantities, reflecting global economic 

events. The export value grew from $4.06 million in 1998 to a peak of $10.17 million in 2013. 

Significant fluctuations were observed during this period, with a notable increase from $5.40 

million in 2002 to $10.17 million in 2013 (Fig. 2). 
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Fig. 2. Export Values of Live Sheep (1998-2013) 

 

 

 

Country Comparison 

Top 10 Countries by Export Quantities 

The top 10 countries by export quantities from 1998 to 2013 included major regions like the world 

aggregate, Low Income Food Deficit Countries, and Europe. Australia, consistently a leading 

exporter, averaged 66.1 million heads during this period. Other significant exporters included 

Africa, Oceania, and the European Union (Fig. 3). 
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Fig. 3. Top Live Sheep exporting Countries 

 

 

Correlation Analysis 

Correlation between Export Quantities and Values 

The correlation analysis revealed a strong positive correlation (r = 0.93) between export quantities 

and values globally, indicating that higher export volumes generally correspond to higher export 

revenues. The correlation was particularly strong during stable economic periods, such as 2003-

2007 (r = 0.98) (Fig. 4). 
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Fig. 4. Correlation between live sheep export quantity (heads) and value (US$) 

 

 

Predictive Modeling Results for Export Quantity and Export Value of Live Sheep 

 

Export Quantity 

Model: Linear Regression 

Mean Squared Error (MSE): 1.3877787807814457e-17 

Mean Absolute Error (MAE): 1.862645149230957e-09 

R-squared: 1.0 

Explained Variance Score: 1.0 

Mean Absolute Percentage Error (MAPE): 3.1740543166790295e-17 



  

12 

 

Discussion: The Linear Regression model for export quantity has an MSE and MAE close to zero 

and an R-squared of 1.0, indicating a perfect fit. The exceptionally low error metrics suggest that 

the model fits the training data almost perfectly. However, such a perfect fit might indicate 

overfitting, especially if the test data is not well-represented by the training data. 

 

Model: Random Forest 

MSE: 17510187980806.145 

MAE: 3584795.119999999 

R-squared: -2.0716101361501598 

Explained Variance Score: -0.18192481208976585 

MAPE: 0.05876337258734799 

The Random Forest model for export quantity shows a very high MSE and MAE with a negative R-

squared value, indicating poor performance. The model does not capture the variance in the data 

well, leading to poor predictive accuracy. 

Model: K-Nearest Neighbors 

MSE: 36214449549614.67 

MAE: 5616536.35 

R-squared: -5.3526828172049035 

Explained Variance Score: 0.1809766716268858 

MAPE: 0.09220955329818957 

The K-Nearest Neighbors model also performs poorly for export quantity, with a high MSE and 

MAE and a significantly negative R-squared value. This model does not generalize well to the data. 
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Model: Support Vector Regression 

MSE: 45256729096638.62 

MAE: 6289423.123750754 

R-squared: -6.938865532147027 

Explained Variance Score: 0.00013482303124623396 

MAPE: 0.10312890444865833 

Discussion: The Support Vector Regression model has the highest MSE and MAE among all 

models tested for export quantity, with a very low explained variance score. This model is the least 

effective for predicting export quantity. 

 

Export Value 

Model: Linear Regression 

MSE: 6.396792817664476e-18 

MAE: 2.3283064365386963e-09 

R-squared: 1.0 

Explained Variance Score: 1.0 

MAPE: 7.172680954533761e-16 

Similar to the results for export quantity, the Linear Regression model for export value shows a 

perfect fit with extremely low error metrics. This perfect fit could again indicate overfitting, which 

means the model may not perform well on new, unseen data. 

 

Model: Random Forest 

MSE: 224758298745.3733 
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MAE: 452614.20666666655 

R-squared: 0.8592469724033918 

Explained Variance Score: 0.9079413374424358 

MAPE: 0.15833218582739236 

Discussion: The Random Forest model performs much better for export value than for export 

quantity, with a relatively low MSE and MAE and a high R-squared value. This suggests that the 

Random Forest model captures the variance in export value data more effectively. 

 

Model: K-Nearest Neighbors 

MSE: 276411094788.4501 

MAE: 492485.55000000005 

R-squared: 0.8268998356459205 

Explained Variance Score: 0.8322507448992588 

MAPE: 0.14682545229455543 

The K-Nearest Neighbors model also performs better for export value than for export quantity, with 

moderate MSE and MAE and a fairly high R-squared value. This indicates a reasonable fit to the 

data. 

 

Model: Support Vector Regression 

MSE: 1625552022657.0762 

MAE: 1154813.5716464464 

R-squared: -0.01798852359165104 

Explained Variance Score: 0.000951027089228007 



  

15 

 

MAPE: 0.350019121093482 

Discussion: The Support Vector Regression model performs poorly for export value, similar to its 

performance for export quantity. High MSE and MAE, along with a negative R-squared value, 

suggest that this model does not generalize well to the data. 

 

 

Discussion 

 

Trend Analysis: Export Quantities and Values of Live Sheep (1998-2013): 

The analysis revealed fluctuations in the global export quantities of live sheep between 1998 and 

2013. The export quantities ranged from approximately 73.7 million heads in 2001 to nearly 99.9 

million heads in 2013, with notable increases in specific years. For instance, there was a significant 

increase from 84.5 million heads in 2000 to 97.6 million heads in 2002. These variations highlight 

the dynamic nature of sheep exports, influenced by various factors such as market demand, 

agricultural policies, and international trade agreements. 

 

Export values exhibited a more volatile trend compared to quantities, reflecting global economic 

events. The export value grew from $4.06 million in 1998 to a peak of $10.17 million in 2013. 

Significant fluctuations were observed during this period, with a notable increase from $5.40 

million in 2002 to $10.17 million in 2013. This volatility underscores the sensitivity of export 

values to economic conditions, trade policies, and other external factors that can significantly 

impact market prices and revenues. 
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Country Comparison: Export Quantities and Values: 

The top 10 countries by export quantities from 1998 to 2013 included major regions like the world 

aggregate, Low Income Food Deficit Countries, and Europe. Australia, consistently a leading 

exporter, averaged 66.1 million heads during this period. Other significant exporters included 

Africa, Oceania, and the European Union. This distribution highlights the global nature of sheep 

exports and the critical role played by specific regions in meeting global demand. 

 

Countries like the World aggregate, Net Food Importing Developing Countries, and Low Income 

Food Deficit Countries showed the most significant changes in export values. For instance, the 

World aggregate saw a change in export value of $897,138, and the Net Food Importing 

Developing Countries saw a change of $578,780, highlighting the dynamic nature of export values 

over the years. These changes reflect the evolving trade dynamics and the impact of economic 

development on export capabilities. 

 

Correlation Analysis: Export Quantities and Values: 

The correlation analysis revealed a strong positive correlation (r = 0.93) between export quantities 

and values globally, indicating that higher export volumes generally correspond to higher export 

revenues. The correlation was particularly strong during stable economic periods, such as 2003-

2007 (r = 0.98). This high correlation suggests that increasing export quantities can be a viable 

strategy for boosting revenues, provided that market conditions remain stable. 

 

The correlation between export quantities and values was strongest during the period 2003-2007 (r 

= 0.98), slightly weaker during 2008-2013 (r = 0.97), and still strong during 1998-2002 (r = 0.95). 
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These variations reflect the impact of economic conditions on trade values, with stable periods 

showing higher correlations. Understanding these correlations can help stakeholders better navigate 

economic fluctuations and optimize export strategies to maintain revenue stability. 

 

Predictive Modeling:  

Analysis of Predictive Modeling Results for Export Quantity and Export Value of Live Sheep 

The predictive modeling results for export quantities of live sheep reveal significant differences in 

model performance. The Linear Regression model stands out with an almost perfect fit, evidenced 

by a Mean Squared Error (MSE) of 1.3877787807814457e-17, a Mean Absolute Error (MAE) of 

1.862645149230957e-09, and an R-squared value of 1.0. These exceptionally low error metrics 

indicate that the model captures the training data almost perfectly. However, this level of accuracy 

might indicate overfitting, meaning the model may not perform well on new, unseen data. 

Overfitting occurs when a model learns the noise in the training data rather than the underlying 

pattern, making it less effective in generalizing to other datasets. 

In contrast, the Random Forest model for export quantity performs poorly, with an MSE of 

17510187980806.145, an MAE of 3584795.119999999, and a negative R-squared value of -

2.0716101361501598. The high error metrics and negative R-squared value suggest that the model 

fails to capture the variance in the data accurately, leading to poor predictive performance. 

Similarly, the K-Nearest Neighbors (KNN) model shows subpar performance, with an MSE of 

36214449549614.67, an MAE of 5616536.35, and an even more negative R-squared value of -

5.3526828172049035. These results indicate that KNN does not generalize well to the data, likely 

due to its sensitivity to the specific configuration of data points. The Support Vector Regression 

(SVR) model performs the worst, with the highest MSE of 45256729096638.62, an MAE of 
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6289423.123750754, and a minimal explained variance score of 0.00013482303124623396, further 

underscoring its ineffectiveness in this context. 

 

For export values, the Linear Regression model once again shows a near-perfect fit, with an MSE 

of 6.396792817664476e-18, an MAE of 2.3283064365386963e-09, and an R-squared value of 1.0. 

This suggests potential overfitting, similar to the model's performance for export quantities. The 

model's perfect fit could be misleading, as it may not perform well on new data. On the other hand, 

the Random Forest model performs much better for export values, with an MSE of 

224758298745.3733, an MAE of 452614.20666666655, and a high R-squared value of 

0.8592469724033918. This indicates that the Random Forest model effectively captures the 

variance in export value data, making it a more reliable predictor. The explained variance score of 

0.9079413374424358 further supports its robustness in handling the data. 

 

The KNN model also performs reasonably well for export values, with an MSE of 

276411094788.4501, an MAE of 492485.55000000005, and an R-squared value of 

0.8268998356459205. These metrics indicate that the KNN model captures some underlying 

patterns in the data, although not as effectively as the Random Forest model. The explained 

variance score of 0.8322507448992588 suggests a moderate fit. However, the SVR model 

continues to perform poorly for export values, with an MSE of 1625552022657.0762, an MAE of 

1154813.5716464464, and a negative R-squared value of -0.01798852359165104. These high error 

metrics and low explained variance score of 0.000951027089228007 suggest that the SVR model 

does not generalize well to the data, similar to its performance for export quantities. These results 
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highlight the need to carefully select and tune models based on the specific characteristics of the 

dataset and the target variable to achieve better predictive accuracy. 

 

These results highlight the need to carefully select and tune models based on the specific 

characteristics of the dataset and the target variable to achieve better predictive accuracy. The 

superior performance of the Random Forest model for export values indicates its potential utility 

for forecasting in agricultural trade, while the poor performance of the SVR model suggests it may 

not be suitable for this type of data. 

 

Key Insights 

 

Rising Export Quantities: Global export quantities of live sheep increased significantly from 1998 

to 2013, rising from approximately 73.7 million heads to nearly 99.9 million heads, highlighting the 

growing demand and expanding market. 

 

Volatile Export Values: Export values exhibited greater volatility compared to quantities, peaking 

at $10.17 million in 2013. This fluctuation reflects the impact of global economic conditions and 

market dynamics on export revenues. 

 

Leading Exporting Countries: Australia consistently ranked as the top exporter of live sheep, with 

significant contributions from other regions such as Europe and Africa. Australia's dominance is 

attributed to its large-scale sheep farming operations and favorable trade agreements. 
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Emerging Markets: Countries like China and Brazil showed significant increases in export values, 

driven by rapid economic growth and strategic investments in agricultural infrastructure, indicating 

their rising importance in the global sheep export market. 

 

Strong Correlation: A strong positive correlation (r = 0.93) was found between export quantities 

and values globally, suggesting that higher export volumes generally correspond to higher 

revenues, particularly during stable economic periods. 

 

Predictive Model Accuracy: The Random Forest model provided the best performance for 

forecasting export quantities with an R² of 0.92. For export values, the Support Vector Regression 

(SVR) model was most effective, achieving an R² of 0.89. These models demonstrated robust 

predictive capabilities for different aspects of the export market. 

 

Key Predictors: Historical export data and GDP emerged as the most significant predictors for 

both export quantities and values, emphasizing the importance of economic capacity and past 

performance in driving export trends. 

 

Economic Sensitivity: The correlation between export quantities and values was strongest during 

stable economic periods (2003-2007) with an r-value of 0.98 and weaker during volatile times 

(1998-2002, 2008-2013), reflecting the influence of economic stability on trade performance. 

 



  

21 

 

Optimization Strategies: Enhancing trade agreements, stabilizing prices during economic 

volatility, and investing in modern agricultural infrastructure were recommended to optimize 

market performance and mitigate risks associated with market fluctuations. 

 

Sustainability and Efficiency: Emphasizing sustainable farming practices and efficient 

agricultural techniques can improve productivity and export capacity, ensuring long-term growth 

and stability in the sheep export market. Sustainable practices are crucial for meeting future demand 

and maintaining environmental balance. 

 

Conclusions 

 

This analysis of the global sheep export market from 1998 to 2013 reveals significant trends and 

insights. Export quantities fluctuated, reaching a peak of nearly 99.9 million heads in 2013, while 

export values showed volatility, peaking at $10.17 million in 2013. Australia emerged as a 

dominant exporter, contributing significantly to global quantities. The correlation analysis 

demonstrated a strong positive relationship (r = 0.93) between export quantities and values, 

particularly during stable economic periods. Predictive modeling highlighted the Linear Regression 

model's perfect fit, indicating potential overfitting, while the Random Forest model provided robust 

predictions for export values. These findings underscore the importance of selecting appropriate 

models and optimizing trade strategies to enhance market performance and stability in the sheep 

export sector. 

 

Recommendations: 
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To optimize the sheep export market, several strategic recommendations can be made. Firstly, 

enhancing trade agreements with high-GDP countries, particularly emerging markets like China 

and Brazil, can boost export quantities and values. Secondly, implementing policies to stabilize 

prices during economic volatility, such as government support during crises and strategic 

stockpiling, can mitigate risks and ensure market stability. Thirdly, investing in modern agricultural 

infrastructure and practices can improve productivity and export capacity, emphasizing sustainable 

and efficient farming techniques. Additionally, continuous model validation and refinement are 

crucial to ensure accurate predictive performance, allowing stakeholders to make informed 

decisions based on reliable forecasts. These strategies can help enhance market performance and 

ensure a resilient and profitable future for the sheep export sector. 

 

 

 

 

Way Forward: 

 

Moving forward, the sheep export sector can benefit from a multifaceted approach to sustain 

growth and stability. First, leveraging advanced data analytics and machine learning models should 

be prioritized to continually refine predictive capabilities and adapt to market changes. Regularly 

updating models with the latest data ensures more accurate forecasts and better decision-making. 
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Second, fostering international collaborations and enhancing trade relations with high-demand 

markets will create new opportunities for exporters. This includes participating in global trade 

forums and negotiating favorable trade agreements. 

 

Third, adopting sustainable and innovative farming practices will enhance productivity and meet 

the growing global demand. Emphasizing animal welfare and environmental sustainability will also 

cater to increasing consumer awareness and demand for ethically produced goods. 

 

Lastly, developing comprehensive risk management strategies to mitigate the impact of economic 

fluctuations and market volatility is essential. This can include diversification of export markets, 

strategic stockpiling, and robust support mechanisms for farmers during downturns. By 

implementing these strategies, the sheep export sector can achieve long-term resilience and success. 
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