Trend Analysis and Forecast of Ghana’s Palm Oil Exports and Imports
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ABSTRACT 
	Aims: To analyze the trends in Ghana's palm oil exports and imports, and also forecast imports and exports of oil palm in Ghana.
Study design:  Quantitative Study.
Place and Duration of Study: The Department of Mathematical Sciences at University of Mines and Technology, Ghana, between June 2024 and July 2024.
Methodology: Secondary data on the annual imports and exports of oil palm in Ghana was sourced from IndexMundi from 1964 to 2023, a data portal that collects information and statistics from numerous sources and converts them into various graphical formats. The data was then reorganized and refined to enhance simplicity and clarity. Data gathering, regression analysis, and Vector autoregressive (VAR) are the techniques employed.
Results: Key findings reveal a strong positive correlation (0.89354) between imports and exports, suggesting that fluctuations in one are closely linked to the other. The study also identifies both imports and exports exhibit volatility, with forecasts indicating increased variability in the future. This volatility is attributed to combination of factors including domestic production variability, global market trends, policy shifts, and climate-related impacts on palm oil.
Conclusion: The study concludes that, there is the need to strengthen domestic palm oil production to reduce reliance on imports. Investments in local plantations, improved processing technology, and agricultural extension services are critical for palm oil industry in Ghana.
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1. INTRODUCTION 

1.1 Background of Study
Palm oil, derived from the fruit of the oil palm tree (Elaeis guineensis), is one of the most versatile and widely consumed vegetable oils globally (Sehgal and Sharma, 2021). It is used in a vast array of products, from food items like margarine and ice cream to non-food items such as soaps, cosmetics, and biofuels. Ghana, with its favorable climate and growing conditions for oil palm cultivation, has a long history of palm oil production, dating back to the 19th century. Today, palm oil remains a significant agricultural commodity for Ghana, contributing to both domestic food security and economic development (Dompreh et al., 2021b).

The country imports substantial quantities of palm oil to meet domestic demand, while also exporting significant volumes. This dual nature of Ghana’s palm oil trade raises important questions about the factors driving these trends and their implications for the national economy. Understanding the trends in Ghana’s palm oil exports and imports is essential for formulating effective trade policies and strategies that can enhance the sector’s contribution to economic growth and development (Asante, 2023). Analyzing the trends in Ghana’s palm oil exports and imports provides insights into the country’s trade performance and its potential for growth and development.

1.2 Problem Statement
The primary problem this study seeks to address is the complex dynamics of Ghana’s palm oil exports and imports. Despite being a significant producer of palm oil, Ghana continues to import large quantities to satisfy domestic demand (Sarpong et al., 2022). This paradox raises several critical questions about the underlying factors influencing these trade patterns and their broader economic implications.

One major issue is the inconsistency and volatility in Ghana’s palm oil export and import volumes (Omosehin et al., 2022). For instance, while the country has experienced periods of increased export activity, these gains are often offset by substantial imports, suggesting a potential inefficiency in domestic production and processing capabilities.
Another significant concern is the impact of international trade policies and agreements on Ghana’s palm oil sector. Trade barriers, tariffs, and non-tariff measures imposed by importing countries can influence Ghana’s export performance. On the other hand, the absence of protective measures in Ghana can lead to an influx of imported palm oil, undermining local producers’ competitiveness (Asante, 2021). Understanding these external factors is crucial for creating a conducive environment for the growth of Ghana’s palm oil industry.

Furthermore, socio-economic factors such as land tenure systems, access to finance, and infrastructure development significantly impact the productivity and competitiveness of Ghana’s palm oil sector. Smallholder farmers, who form the backbone of the industry, often face challenges in securing land rights, obtaining credit, and accessing markets, which hinder their ability to scale up production and improve quality (Oteng, 2020).

1.3 Objectives of the Study

The objectives of this project are to;
i. analyzes the trends in Ghana’s palm oil exports and imports. 
ii. forecast imports and exports of oil palm in Ghana.

1.4 Literature Survey

[bookmark: _Hlk199996419]The past few decades have seen a considerable evolution of Ghana’s palm oil industry due to a variety of economic, social, and environmental issues. This review of the literature looks at some important studies that assess trends in Ghana’s imports and exports of palm oil, with an emphasis on future outlooks, trade dynamics, production patterns, and policy consequences.

According to Tandra et al. (2022), competitiveness can be characterized in a number of ways, including the expansion and fortification of a specific business, the institutions, policies, and productivity-determining elements of a country, the flow of goods sold by a privileged or underprivileged nation in the international market, and the effective participation in highly valuable industries to improve national welfare. The study (Tandra et al., 2022) found that while GDP per capita and the Roundtable on Sustainable Palm Oil have negative effects on competitiveness in the global palm oil trade, population and imports of animal or vegetable fats and oils have positive effects. With a centralized supply and dispersed demand, the global palm oil market is extremely competitive, according to the study. The competitiveness of palm oil is positively impacted by trade openness. Tandra et al. (2022), examines data from 1996 to 2019 involving nations all over the world using descriptive analysis, panel regression, stability, and Kaplan-Meier tests.

Hassan et al (2023) explores the long-term causal relationships of Malaysian palm oil exports with the real effective exchange rate of the respective importing countries, palm oil consumption, vegetable oil production, and GDP growth. The study applied panel cointegration and causality approaches based on data from 10 main palm oil importing countries between 2004 and 2018. The impacts of economic growth, the effective real exchange rate, and the production of other vegetable oils by the main palm oil importing countries on Malaysian palm oil exports were found to be negative. However, palm oil consumption by the main palm oil importers was found to be a statistically significant positive determinant of Malaysian palm oil exports. This finding indicated that consumption has a direct positive effect on the demand for exports. A panel Granger causality analysis revealed a unidirectional causality between importing countries’ production of other vegetable oils and Malaysian exports of palm oil.

Ghanaian small-scale palm oil processing mills have a major environmental impact, according to a 2022 study by Awere et al. The mills, which are essential to the nation's production of crude palm oil and rural jobs, frequently release untreated wastewater into the environment. The study finds that Ghana's effluent discharge requirements are exceeded by excessive amounts of nutrients, oil and grease, chemical oxygen demand, and biological oxygen demand. Mill operators' low financial and technical capabilities as well as the lax enforcement of environmental laws are blamed for the noncompliance. The Central Region's 25 mills that were sampled lacked any kind of wastewater treatment system, which harmed the local vegetation and air quality. To lessen the impact on the environment and encourage sustainability, the authors suggest implementing low-cost and environmentally friendly waste management techniques such co-composting, vermi-composting, anaerobic digestion for the production of biogas, and solids reuse as fuel.

Asante (2023) reveals Ghana's persistent underperformance in the oil palm sector, despite sustained policy support for nearly two centuries. The study identifies the structural bifurcation of the value chain between smallholder/artisanal producers and estate/industrial processors as a key challenge ignored by past and present policies. The sector's stagnation is attributed to Ghana's competitive clientelist political settlement, favoring short-term, distributive policies over long-term structural reforms. Drawing on interviews and documentary evidence, Asante reveals how electoral cycles and patronage politics have incentivized successive governments to prioritize subsidies and politically expedient interventions, neglecting critical issues like land tenure, market organization, and infrastructural development. The paper critiques flagship programs like the President's Special Initiative on Oil Palm (PSI-Oil Palm) for internal political rivalries and misalignment with private sector interests. This work shifts focus from economic or agronomic explanations to deeper political incentives, highlighting the importance of addressing these factors in technical studies.


2. material and methods 

The methodologies used to examine and interpret the data are covered in this chapter. Data gathering, regression analysis, and vector autoregressive (VAR) are the techniques employed.

2.1 Data Source and Type 
Secondary data on the annual imports and exports of oil palm in Ghana was sourced from IndexMundi from 1964 to 2023, a data portal that collects information and statistics from numerous sources and converts them into various graphical formats. The data was then reorganized and refined to enhance simplicity and clarity.

2.2 Research Design and Instruments 
This project seeks to find the relationship between exports and imports using regression analysis and also forecast the annual imports and exports in Ghana. The data was analyzed using R Software, and Microsoft Excel.

2.3 Regression Analysis  

2.3.1 Overview 
According to (Montgomery et al., 2021), regression analysis is a statistical technique used to model and analyze the relationship between a dependent variable and one or more independent variables. The main goal of regression analysis is to predict the value of the dependent variable based on the values of the independent variables, and to understand the relationship between these variables.

2.3.2 Nonlinear Regression 
Nonlinear regression is a form of regression analysis where observational data is modeled by a function that is a nonlinear combination of the model parameters. Nonlinear models are more flexible than linear models, as they can capture more complex relationships between variables. A general nonlinear regression model can be represented as:

	


		






Where  is the dependent variable,  is the independent variable, is a nonlinear function of  with a parameter vector ,  is the error term.

Unlike linear regression, where the relationship between the independent and dependent variables is linear, in nonlinear regression, could take many forms, such as exponential, logarithmic, or polynomial.

2.3.3 Residual Analysis 
Residual analysis is an essential step in regression analysis, used to assess the goodness of fit of a model. The residuals are the differences between the observed values and the values predicted by the model:

		



Where,  is the predicted value of .

2.3.3.1 Residual Plot 
A residual plot is a graphical representation of residuals on the y-axis and the predicted values or another variable on the x-axis. In a well-fitting model, residuals should be randomly scattered around zero, indicating that the model’s assumptions are met.

2.3.4 Hypothesis Testing
Hypothesis Testing is a fundamental concept in statistics, used to make inferences about a population based on a sample of data. The main goal of hypothesis testing is to assess whether the observed data provide enough evidence to reject a null hypothesis in favor of an alternative hypothesis. 

Null Hypothesis (H0) represents the default or status quo assumption. It is typically a statement of no effect or no difference. For example, H0 might state that there is no difference in the means of two populations. 

Alternative Hypothesis (H1 or Ha) is what you want to prove. It is the opposite of the null hypothesis, representing a new theory or effect. For example, H1 might state that there is a difference in the means of two populations. 

A test statistic is a standardized value calculated from sample data, used to determine whether to reject the null hypothesis. Common test statistics include the t-statistic, z-statistic, and chi-square statistic. 

The p-value is the probability of observing a test statistic as extreme as the one calculated from the sample data, assuming the null hypothesis is true. A low p-value (typically less than 0.05) indicates that the null hypothesis is unlikely to be true, leading to its rejection. Significance Level (α) is a threshold set by the researcher (commonly 0.05), below which the null hypothesis will be rejected. It represents the probability of making a Type I error, which is rejecting the null hypothesis when it is actually true.

2.4 Time Series Analysis
  
2.4.1 Overview 
Time series analysis is a critical area in statistics and data science, focusing on analyzing data points collected or recorded at specific time intervals. Unlike other forms of data, time series data is ordered, and the chronological sequence of data points is crucial in understanding the underlying patterns and making accurate predictions. A time series is a collection of observations recorded sequentially over time. These observations are dependent on time and are often spaced at uniform intervals, such as hourly, daily, monthly, or annually. (Box et al., 2015). 
Time series data can be univariate, where only one variable is tracked over time, or multivariate, where multiple variables are recorded. The primary goal of time series analysis is to model the data to uncover patterns, trends, and relationships over time. Time series analysis is integral in various fields, such as economics, finance, environmental science, engineering, and social sciences. For instance, in economics, it helps forecast economic indicators like GDP, inflation, or unemployment rates. In finance, time series models predict stock prices, interest rates, and other financial metrics. In environmental science, time series data are used to monitor climate change and predict weather patterns. (Shumway and Stoffer, 2017). 
One of the unique characteristics of time series data is the correlation between data points that are close in time. This temporal correlation distinguishes time series analysis from other types of statistical analysis, where data points are often assumed to be independent of each other. Understanding and modeling this temporal structure is crucial for accurate analysis and forecasting. (Hyndman and Athanasopoulos, 2018).

2.4.1 Component of Time Series
Capturing the kind of data displayed in the time series graph is an essential step in the correct modeling and forecasting procedure. These patterns fall under one of several components. Any combination of these components can be used to represent a time series model. The four components are, trend (T), seasonality (S), cyclic (C), and irregular (I). 

2.4.1.1 Trend (T)
The trend component represents the long-term movement in the time series data. It indicates the general direction in which the data is moving over time, either upwards, downwards, or staying relatively constant. Trends can be linear or nonlinear and are influenced by underlying factors such as economic growth, technological advancements, or changes in population demographics.

2.4.1.2 Seasonality (S) 
Seasonality refers to periodic fluctuations that occur at regular intervals within a time series. These patterns are typically tied to the calendar and can be observed daily, monthly, quarterly, or annually. Seasonality arises due to factors that recur predictably over time, such as weather changes, holidays, or cultural events. Identifying and understanding seasonality is crucial because it helps in adjusting for predictable fluctuations, leading to more accurate forecasting. Seasonal adjustments are commonly made using techniques like seasonal decomposition, where the time series is separated into its trend, seasonal, and irregular components. This allows analysts to remove the seasonal effect to focus on the underlying trend and other aspects of the data.

2.4.1.3 Cyclic (C) 
Cyclic in a time series refers to patterns that occur over longer, irregular intervals, usually linked to broader economic or business cycles. Unlike seasonality, which occurs at fixed, predictable periods, cyclic patterns can vary in length and are often driven by factors such as economic conditions, technological changes, or societal shifts. For example, economic indicators such as unemployment rates or GDP might exhibit cyclic, rising and falling in response to economic expansions and contractions. These cycles are typically associated with periods of boom and bust in the economy, often influenced by external factors like monetary policy, global trade dynamics, or technological advancements. Understanding cyclic is essential for long-term strategic planning and decision making. Businesses, for instance, might adjust their investment strategies or workforce planning based on the phase of the economic cycle. Economists and analysts often use techniques such as spectral analysis or filtering methods to identify and model cyclic patterns in time series data. Cyclic differs from seasonality in that cycles do not have a fixed duration and can be influenced by a wide range of factors, making them harder to predict.

2.4.1.4 Irregular (I) 
The irregular component, also known as noise or residual, captures the random, unpredictable variations in the time series data. This component is assumed to be uncorrelated and does not follow a specific pattern or cycle. Irregularity can be due to unforeseen events such as natural disasters, strikes, or sudden market shifts. For instance, in financial markets, the Irregular component might be caused by sudden geopolitical events, unexpected news, or random market fluctuations that do not follow any predictable pattern. In other contexts, noise can be due to measurement errors, missing data, or other irregularities that introduce random variability. Managing noise is crucial for effective time series analysis. While it is impossible to eliminate noise completely, analysts often use smoothing techniques, such as moving averages or filtering methods, to reduce its impact and reveal the underlying patterns in the data. By doing so, they can focus on the more meaningful components, such as the trend or seasonal patterns. 

2.4.1 Seasonality

A time series is considered stationary if its statistical properties such as mean, variance, and autocorrelation remain constant over time. Formally, a time seriesis stationary if it has a:
i. Constant Mean: The expected value of the series is constant for all time periods. 

		

Where is the constant mean
ii. Constant Variance: The variance of the series is constant for all time periods.

		

Where is the constant variance


iii. Constant Autocovariance: The autocovariance between  and  (where h is the lag) depends only on the lag h, not on the actual time t. 

		

Where,  is the autocovariance function, depending only on the lag h
These properties imply that the behavior of the series does not change over time, making it easier to model and predict future values using historical data. Stationary time series are commonly analyzed using models like Autoregressive (AR), Moving Average (MA), Autoregressive Integrated Moving Average (ARIMA) or Vector Autoregressive (VAR).

2.4.1 Non-seasonality
A time series is non-stationary if its statistical properties change over time. Non-stationary series often exhibit trends, seasonality, or varying variance. Mathematically, a non-stationary series may have:
	i. Changing Mean: The expected value of the series is not constant over time.

		
ii. Changing Variance: The variance of the series changes over time.

		
This can happen in time series where the variability increases or decreases over time.

iii. Non-Constant Autocovariance: The autocovariance depends on both the time t and the lag h.

		

2.4.1 Transforming Non-Seasonality to Seasonality
To analyze non-stationary time series, it is common to apply transformations to make the series stationary. One of the most widely used methods is differencing, where the differences between consecutive observations are taken:

		


If the original series  has a linear trend, differencing once (i.e. ) might remove the trend and result in a stationary series. For seasonal data, seasonal differencing might be applied:

		
where, (s) is the length of the seasonal cycle. 
After differencing or applying other transformations, the time series can often be modeled using standard techniques that assume stationarity. For example, the ARIMA model (Autoregressive Integrated Moving Average) incorporates differencing as part of its process to handle non-stationarity.

2.5 Time Series Models
2.5.1 Overview
Time series analysis involves various models to capture patterns in data, including trend, seasonality, and autocorrelation. Key models include Additive, Multiplicative, Autoregressive (AR), Moving Average (MA), Autoregressive Moving Average (ARMA), Autoregressive Integrated Moving Average (ARIMA) and Vector Autoregressive (VAR). Each model has specific use cases depending on the nature of the time series data.

2.5.2 Vector Autoregressive (VAR) Model 
The Vector Autoregressive (VAR) model is a multivariate time series model that captures the linear interdependencies among multiple variables over time. It is an extension of the univariate autoregressive (AR) model to multiple time series, allowing each variable to depend not only on its own past values but also on the past values of other variables.

Suppose you have k time series variables  The VAR model with lag order “p” is denoted as VAR(p) and is written as:

		
Where 

		





is a  vector of the variables at time,  is a vector of constants (intercepts). 


are matrices of coefficients representing the relationships between the variables across different time lags.


		


is a  vector of error terms (white noise) at time t, assumed to be normally distributed with zero mean and covariance matrix 
The VAR model provides a flexible framework for understanding and predicting the interactions between time series data without assuming any a priori structure.

3. results and discussion

3.1 Overview of Analysis
The research consists of several steps to reach its objectives. This chapter consists of data exploration and description, residual analysis, data spliting, stationarity test, and model deployed.

3.2 Data Presentation
This research used secondary data from IndexMundi over a period of 59 years. It spans from 1964 to 2023, and the dataset contains annual palm oil imports and exports. The dataset consists of two (2) independent variables (imports, and exports). Table 1 shows a brief description of the datasets.

The descriptive statistics about the data show that all the data variables (imports, and exports) are right-skewed. The maximum imports and exports occurred in the years 2018 and the minimum import of palm oil occurred in the year 1968. A way of ensuring a good model is estimated is when the data variables are all normally distributed. When testing for normality, the Shapiro-Wilk test is used. If the probability value of the Shapiro-Wilk Test is greater than 0.05, it means that the data is normally distributed else not. 
Decision rule: Since all Probability values of the Shapiro-Wilk Test probability is less than 0.05 significance level, we accept the null hypothesis and hence the datasets are normally distributed for all variables.

Table 1.	Descriptive Statistics Ghana’s Oil Palm Exports and Imports

	Statistics
	Imports (1000 MT)
	Exports (1000 MT)

	Count
	60.0000
	60.00000

	Mean
	57.56667
	22.45000

	Maximum Value
	422.00000
	133.00000

	Minimum Value
	0.00000
	0.00000

	Skewness
	2.13312
	1.75035

	Kurtosis
	6.89024
	4.42148

	Standard Deviation
	94.75989
	40.11358

	Shapiro- Wilk Test
	0.64293
	0.6429

	P- value
	8.157e-11
	1.707e-11



3.3 Residual Analysis
Fig.1. and Fig. 2. are noticeable pattern in the residuals over time, particularly in the later years (post-2000s). This pattern suggests that a quadratic model may not fully capture the underlying dynamics of Imports, Exports, and Production, especially in the more recent data. The residuals exhibit increasing variance over time in both plots, which indicates heteroscedasticity (non-constant variance). This could mean that the data’s variability increases over time and that the data cannot be reliable therefore by differencing, heteroscedasticity can be reduced.

[image: ]
Fig. 1. Residual Plot for Ghana’s Palm Oil Imports


[image: ]
Fig. 2. Residual Plot for Ghana’s Palm Oil Exports

3.4 Correlation Analysis
The green line of best fit (linear regression line) across the graph in Fig. 3. indicates a positive linear relationship between Imports and Exports. The steady upward slope, reinforce the idea that higher Imports generally might correspond to higher Exports of palm oil in the country. Though the scatter of points shows some variation, but the majority of data points cluster around the trend line, which suggest the strong positive correlation.
The Correlation Coefficient is 0.89354, this value is close to 1, indicating a strong positive correlation, and a significant linear relationship between Imports and Exports of Ghana’s Palm Oil. This could indicate that the economic activities driving Imports and Exports are closely linked.

[image: ]
Fig. 3. A Scatter plot of Ghana’s Palm Oil Imports and Exports

3.5 Data Splitting
The dataset was split into two halves, a training data and a testing data to assess how well the VAR model generalizes to new, unseen data, it is important because, it has to evaluate its performance on a data that the model has not been trained on. Eighty two percent (82%) of the dataset was trained to be tested on eighteen percent (18%) of the dataset. Fig. 4. shows a graph of how the data set was separated in training and testing.
[image: ]1964 to 2012 imports and exports were used to train the model, using 2013 to 2023 to test or validate the model.


Fig. 4. A Training and Testing Split Graph of Ghana’s Palm oil Imports, and Exports

3.6 Stationarity Test
3.6.1 Overview
The stationarity of each variable is tested to see if they are stationary at level, first order, or second order. The Augmented Dickey-Fuller (ADF) test, Phillips-Perron (PP) test and Kwiatkowski-Phillips-Schmidt-Shin (KPSS) test are used to check for stationarity.

3.6.2 Stationarity at Level
Since the P-values of both the ADF and PP test is greater than 0.05 in Table 2 and Table 3, the training imports and exports data are not stationary. The KPSS test confirms this with a P-value of 0.01 in both tables which is less than 0.05. Hence, the data was differenced.

Table 2.	Stationarity Test at Level for Imports

	Test
	Level
	P- value 

	ADF
	0.33
	0.99

	PP
	3.83
	0.99

	KPSS
	0.91
	0.01




Table 3.	Stationarity Test at Level for Exports

	Test
	Level
	P- value 

	ADF
	-2.60
	0.34

	PP
	-13.9
	0.27

	KPSS
	0.89
	0.01



3.6.2 Stationarity at Third Level
The test for the stationarity of both imports and exports at the Third difference is checked. Both Table 4 and Table 5 records the P-values of the ADF test and the PP test to be less than 0.05, suggesting the training imports and exports are stationary. The P- value, 0.1, of the KPSS test in both tables are greater than 0.05, also confirming that the training data is stationary.



Table 4.	Stationarity Test at Third Level for Imports

	Test
	Level
	P- value 

	ADF
	-6.78
	0.01

	PP
	-59.45
	0.01

	KPSS
	0.05
	0.1




Table 5.	Stationarity Test at Third Level for Exports

	Test
	Level
	P- value 

	ADF
	-7.91
	0.01

	PP
	-55.20
	0.01

	KPSS
	0.09
	0.1



3.7 Lag Order
The maximum number of lags that can be included in the model using a vector autoregressive model is selected. This model takes each of the variables as a dependent variable and regresses it with the others and their lags. This brings out the best lag included with the best information criteria.
In Table 6, each of the basic information criteria used by most economists chose lag 10 to be the best maximum. Lag 10 can be included in the model to make it best. It can also be noted that AIC gave the least value of 6.489374 and hence AIC is the best information criterion for this VAR model selection.



Table 6.	Model Selection Criteria for Lag Order

	N
	AIC(n)
	HQ(n)

	1
	9.750607
	9.8427

	2
	8.7736
	8.927223

	3
	8.624
	8.83896

	4
	7.7876
	8.064004

	5
	7.725
	8.163720

	6
	7.3280
	7.727183

	7
	6.5500
	7.010651

	8
	6.635916
	7.15702

	9
	6.676763
	7.260159

	10
	6.489374
	7.134180




3.7 VAR Model
The equations below show the estimation results for imports and exports using the VAR model of lag order 10.


		
(3.1)



(3.2)

The model suggests that both imports and exports of palm oil in Ghana are significantly influenced by their own past values and, to a lesser extent, by the past values of the other variable. The significant coefficients for the lagged values imply that there is a strong autoregressive component in both imports and exports. The correlation of 0.464 between the residuals indicates that there is some degree of common influence or interaction between the imports and exports that is not fully captured by the lagged variables in the model.
In summary, the VAR model provides evidence that both palm oil imports and exports in Ghana are influenced by their historical values, with imports showing a slightly more complex dynamic interaction compared to exports. The model fits the data reasonably well, although the potential instability indicated by the roots and the moderate correlation of residuals suggests that further refinement or checks might be needed.

Table 7.	VAR Model Analysis for Ghana’s Palm Oil Imports

	Statistic
	Value

	Residual Standard Error
	5.045 on 15 Degree of Freedom

	Multiple R-squared
	0.9593

	Adjusted R-squared
	0.9023

	F- statistic
	16.83 on 21 and 15 Degree of Freedom

	P- value
	5.927e-07



Table 8.	VAR Model Analysis for Ghana’s Palm Oil Exports

	Statistic
	Value

	Residual Standard Error
	4.267 on 15 Degree of Freedom

	Multiple R-squared
	0.9198

	Adjusted R-squared
	0.8075

	F- statistic
	8.19 on 21 and 15 Degree of Freedom

	P- value
	6.763e-05



3.8 Forecasting Ghana’s Palm Oil Imports and Exports

The VAR of lag 10 model was used to forecast the imports and exports of Ghana’s Oil Palm Oil. The time series plot is shown below. The imports graph shows some fluctuation in the historical data, with the values oscillating around a central mean. This indicates that the quantity of palm oil imports has not been stable, with periodic increases and decreases. In the forecasted period (beyond the vertical dotted line), the graph shows even more pronounced fluctuations, with the range between the upper and lower confidence intervals (dotted lines) widening. This indicates a higher level of volatility, meaning that future imports are expected to be more variable and less predictable.
Unlike imports, the historical data for exports shows much less volatility, with the values remaining relatively stable over time. This suggests that exports have been more consistent in the past, however, similar to the imports forecast, the forecasted period shows an increase in volatility. The forecast suggests that exports, which were once stable, may experience greater fluctuations in the future, as evidenced by the widening gap between the confidence intervals.

[image: ]
Fig. 5. A Graph of Ghana’s Palm oil Imports Forecast

[image: ]
Fig. 6. A Graph of Ghana’s Palm oil Exports Forecast

3.8.1 Diagnostic Test
The Shapiro-Wilk normality test was used to check for normality for the residuals of the VAR model. Table 9 shows the results.
W Statistic =0.99075 value is close to 1, which indicates that the sample’s distribution is similar to a normal distribution. P- Value= 0.8803 indicates the probability of observing the data if the null hypothesis (that the data is normally distributed) is true. In this case, the P-value is 0.8803, which is quite high. Since the p-value is much higher than the common significance level thresholds (e.g., 0.05 or 0.01), we fail to reject the null hypothesis. This means there is no significant evidence to suggest that the residuals from your VAR model deviate from normality.

Table 9.	Shapiro-Wilk Normality Test Results for Residuals of VAR model

	Statistic
	Value

	W
	0.99075

	P- value
	0.8803




4. Conclusion

Conclusions drawn from the research are that:
a. trends in Ghana’s palm oil imports and exports were analyzed in subsections 3.2 and 3.4, indicating that the data is normally distributed and also there is a positive correlation between Ghana’s palm oil imports and exports respectively.
b. imports and exports of Ghana’s palm oil was forecasted in section 3.8 suggesting increasing volatility in both imports and exports in the future.
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