

[image: image1]
Assessment of the impact of climate and non-climatic parameters on cocoa production: a contextual analysis for Cameroon












	
	TYPE Original Research
PUBLISHED 15 June 2023
DOI 10.3389/fclim.2023.1069514






Assessment of the impact of climate and non-climatic parameters on cocoa production: a contextual analysis for Cameroon

Eric Jr. Bomdzele1,2,3*† and Ernest L. Molua1,3†


1Department of Agricultural Economics and Agribusiness, Faculty of Agriculture and Veterinary Medicine, University of Buea, Buea, Cameroon

2Graduate Institute of International Development and Applied Economics (GIIDAE), University of Reading, Reading, United Kingdom

3Centre for Independent Development Research (CIDR), Clerks Quarter, Buea, Cameroon

[image: image2]

OPEN ACCESS

EDITED BY
Sirkku Juhola, University of Helsinki, Finland

REVIEWED BY
Priscilla Ntuchu Kephe, Potsdam Institute for Climate Impact Research (PIK), Germany
 Terence Epule Epule, Mohammed VI Polytechnic University, Morocco

*CORRESPONDENCE
 Eric Jr. Bomdzele, ebomdzele@gmail.com

†ORCID
 Eric Jr. Bomdzele orcid.org/0000-0002-7479-3029
 Ernest L. Molua orcid.org/0000-0001-8724-6035

RECEIVED 14 October 2022
 ACCEPTED 18 May 2023
 PUBLISHED 15 June 2023

CITATION
 Bomdzele EJ and Molua EL (2023) Assessment of the impact of climate and non-climatic parameters on cocoa production: a contextual analysis for Cameroon. Front. Clim. 5:1069514. doi: 10.3389/fclim.2023.1069514

COPYRIGHT
 © 2023 Bomdzele and Molua. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.



Agriculture remains the mainstay of Cameroon's economy, with cocoa as one of its key export commodities. However, cocoa production may be affected by climate-related stressors. This study assesses the influence of climate and non-climate parameters on cocoa performance in Cameroon. We use time series data for temperature, rainfall, carbon dioxide emission, land use, labour hours, pesticide application, and cocoa output in Cameroon spanning 60 years (1961 to 2021). Trend analyses reveal a stochastic response of crop production under climate variation. Leveraging on the perennial crop supply response framework, a Vector Error Correction Model (VECM) reveals short-term climate impacts on cocoa production. The econometric estimation shows that climate and non-climate parameters explain the variations in cocoa output. More specifically, the short-run results reveal that temperature, carbon dioxide emission, land use, and pesticide quantity significantly increase crop yield, whereas rainfall decreases it substantially. Furthermore, the long-run analysis indicates that temperature, rainfall, carbon dioxide emission, and land use are significant negative determinants of the yearly changes in cocoa output. We recommend government policy reforms which address access to land, subsidies/climate finance and improved production technologies to reduce greenhouse gas emissions and enhance farmers' adaptive capacities to climatic stressors.
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1. Introduction

Climate change significantly impacts Africa's agriculture, which is vital for the continent's economic growth and development (World Bank, 2019; FAO, 2022; Nkwi et al., 2023). Extreme weather events, such as storms and droughts, have decreased food and water security, making it challenging to meet the Sustainable Development Goals (IPCC, 2022). Moreover, rising temperatures and changing precipitation patterns threaten human health and safety, food and water security, and socioeconomic development (World Meteorological Organization, 2019). It is reported that carbon dioxide (CO2(g)) levels have surpassed another record threshold, increasing faster than the average of the last 10 years (World Meteorological Organization, 2019). While previous emissions alone may not cause a 1.5°C increase in the average global temperature from pre-industrial levels, they will contribute to further changes (IPCC, 2018, 2021). However, climate variations have already affected agricultural output, forcing farmers to adapt to new environmental conditions. Future climatic consequences, nonetheless, are expected to exacerbate the impact on agricultural productivity, with macroeconomic ramifications for African economies that lack coping mechanisms (IPCC, 2014; Vargas et al., 2018; Molua, 2022).

Despite these exogenous stressors, the agricultural sector remains essential for Africa's development, employing approximately 60% of the economically active population in most Sub-Saharan African countries (IPCC, 2022). An increase in farm productivity would result in higher rural incomes and spending power, benefiting a significant portion of rural dwellers and, thus, contributing toward no poverty and zero hunger, as enshrined in SDGs 1 and 2. African governments have recognized the importance of agriculture, prioritized the sector and increased the share of national budgets allocated to it as their revenue bases have expanded (Ngongi, 2016; Abei and Van Rooyen, 2018). However, achieving sustainability in the export tree-crop subsector requires more effort. Despite Africa's comparative advantage of 65.7% in cocoa production (Figure 1), climatic variables severely impact the continent (World Bank, 2019; FAO, 2022).
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FIGURE 1
 Cocoa production share by region. Source: Authors' computation from FAO, 2022.


Cameroon is Central Africa's leading cocoa producer, Africa's fourth largest, and the world's sixth-largest producer (Figure 2). Cocoa (Theobroma cacao L.) remains a cornerstone of Cameroon's export-based economy, making it important to assess the influence of climate change on cocoa performance in the country. Over the past 20 years, national production and the surface area planted with cocoa have increased (FAO, 2022). While cocoa production has risen significantly in Cameroon from approximately 122,600 tons in year 2000 to over 290,000 tons in 2021, Côte d'Ivoire, the world's largest producer, has increased its output over same period to 800,000 tons, with production in the country increasing over four times more than Cameroon (FAO, 2022). Cocoa is grown over about 460,000 hectares of Cameroon's total cultivated land, with the highest cocoa output from the Southwest (35%), Center (28%), and South (16%) regions, where it thrives best (FAO, 2017; Ngong et al., 2019; Lescuyer et al., 2020). However, the Southwest recently lost its leading position to the Center region owing to socio-political turmoil. Cameroon earns about 250 billion francs CFA (US$ 500,000,000) annually from cocoa, accounting for about half of the country's primary-sector exports (Ngong et al., 2019). Cocoa makes up a significant share of the country's agricultural exports, providing about 90% of the income for rural communities involved in its production (Abei and Van Rooyen, 2018).
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FIGURE 2
 Average cocoa bean production by country. Source: Authors' computation from FAO, 2022.


Cocoa farming is essential to the welfare of the people in cocoa-producing regions. Over 60% of Cameroon's population depends (directly or indirectly) on the cocoa industry for their livelihood, with roughly 600,000 people directly involved in its cultivation. There are over 250,000 cocoa farms, with smallholder farmers making up roughly 95% with an average farm size ranging between 2.5 to 5 ha (Hütz-Adams et al., 2016). During the harvest seasons (July–December), cocoa's crucial role in these regions becomes apparent. Most commercial and economic actors benefit from cocoa farmers throughout this period. One local farmer says, “cocoa season is a season of cash”. Hence, discussing the welfare of people living in these regions without mentioning cocoa production is almost impossible.

Cameroon exports over 90% of its raw cocoa bean, while only about 10% is locally processed. The Netherlands, Belgium, Germany, Italy, and Spain are the top countries importing cocoa from Cameroon (ITC, 2021). The European Union is the primary market for cocoa exports from Cameroon, concentrated in a few nations, creating dependency on these countries. Any significant changes in their markets could negatively impact the Cameroon's cocoa industry. Cameroon's cocoa beans often trade at a discount of 400 FCFA ($0.65)/kg in the international market due to contamination with polycyclic aromatic hydrocarbons (PAH).

While Cameroon faces various economic, social, political, and environmental challenges, its production sectors rely heavily on agriculture to supply food and raw materials and release surplus labor. The majority of Cameroon's over 27 million people thus live in rural areas relying on agriculture for gainful employment and livelihoods (Achankeng, 2021). Poverty, hunger, and climate change are significant issues challenging the rural landscape. To address these challenges, the country has committed to achieving the Sustainable Development Goals (SDGs) 1, 2, and 13, which focus on ending poverty, eradicating hunger, and combating climate change (IPCC, 2021; UNDP, 2021). However, progress toward achieving these goals has been slow. There is a need for studies to guide the government's efforts to lift Cameroon's people out of poverty, eradicate food insecurity, and protect the environment from the negative impacts of climate change.

Promoting the growth of the cocoa subsector shall provide impetus in the export crop sector and agriculture in general in realizing national development objectives. However, a significant knowledge gap exists on how the agricultural subsector for perennial crops will respond to climate variation and change. On this guise, this study seeks to examine as its goal the role of climatic and non-climatic factors in driving cocoa production. In addition, we hypothesize that climate parameters of temperature, rainfall, carbon dioxide, and socio-economic factors related to land access and economic performance may influence cocoa production. On subjecting the data to econometric tests, we observe significant positive and negative associations of these variables with cocoa production, evoking the need for a policy response to cushion and promote the subsector's performance. To properly contextualize our study, we divide this paper into subsections. In section two, we address the nexus of climate and agricultural production. In section three, the nature and source of data as well as the analytical techniques employed, are presented. The results and discussion are presented in section four, while the paper ends with section five, which highlights some policy implications and suggestions for better performance of the cocoa subsector.



2. The nexus: climate, non-climatic parameters and cocoa production

The unrelenting threat of climate change to Cameroon's agricultural sector strains particularly smallholder farmers relying on rain-fed agriculture (Nkouathio et al., 2018; Nouck et al., 2019). The IPCC (2014, 2018, 2021, 2022) predicts that changes in rainfall patterns and higher temperatures will result in short-term crop failures and long-term output losses, exacerbating poverty and hunger in tropical regions. The prevalence of pests and diseases may also increase, leading to reduced crop yields, as the FAO (2020) notes. Overall, the effects of climate change on agriculture are expected to be negative, despite some potential for crop improvements. As climate change continues to put increasing pressure on the agricultural sector of developing and developed countries and the livelihoods of people in these countries, understanding and prioritizing vulnerable regions at the national and sub-national levels is crucial.

Studies have demonstrated that changes in rainfall patterns and higher temperatures resulting from climate change have led to short-term crop failures and long-term output losses (Djoumessi et al., 2019; Njoya et al., 2021). In addition, Nouck et al. (2019) used crop models to evaluate the potential effects of climate change on cocoa production in the country. They found that temperature increases and changes in rainfall patterns could reduce cocoa yields by up to 40% by the end of the century. Similarly, Tchinda-Metagne et al. (2020) used a crop model to evaluate the impact of climate change on cocoa production in three agroecological zones of Cameroon. Their results showed that temperature increases and changes in rainfall patterns could significantly reduce cocoa yields, with the most severe impacts expected in the Sudano-Guinean zone. Similarly, Ngo Bieng et al. (2018) surveyed cocoa farmers in three regions of Cameroon to assess their perceptions of climate change and its impacts on cocoa production. They found that farmers were experiencing changes in rainfall patterns and temperature increases, negatively affecting cocoa yields. Likewise, Fonjong et al. (2019) assessed farmers' perception of climate change and its impacts on cocoa production in the Southwest region of Cameroon. They found that farmers were experiencing changes in rainfall patterns, increasing temperatures, and pest and disease commonness with negative ripple effect on cocoa yields.

Furthermore, research has indicated that the prevalence of pests and diseases has increased because of climate change, leading to further reductions in crop yields (Njoya et al., 2021; Nkem et al., 2021). Suh and Molua (2022) discovered that climate variability significantly impacts cocoa production. They also revealed that socio-economic factors, such as farm management techniques that control pests and diseases and soil management practices, significantly influence yield. Climate change enhances the proliferation of pests and diseases (World Bank, 2019; Aikpokpodion and Obayagbona, 2020; Aikpokpodion et al., 2021; Oduro et al., 2021), devastatingly affecting cocoa output. According to Mahob et al. (2021), capsid bugs and the cocoa pod borer are Cameroon's most prevalent and destructive cocoa pests, causing yearly output losses of 30%−70% and 50%, respectively. To ensure the livelihood and survival of peasant cocoa farmers over the long term, reducing pest and disease attacks on cocoa crops and increasing productivity in this sector (Mahot et al., 2020). Although fertilizers, pesticides, and disease control techniques boost cocoa productivity (Tchokote et al., 2015; Ngong et al., 2019; Pratama et al., 2019), however, changing climate can also affect how pests and diseases that harm cocoa develops, altering the host's resilience to pesticides (Oyekale, 2015).

Climate change alters crop composition and nutritional value, in addition to its impact on crop yields. For instance, a study by Sielinou et al. (2021) found that elevated atmospheric carbon dioxide concentrations and increased temperatures could decrease protein while increasing carbohydrate content in cassava, a staple crop in Cameroon. However, The IPCC's fifth assessment report acknowledges that higher levels of atmospheric carbon dioxide can boost plant growth and carbon sequestration, but this increase can be limited by water stress and nutrient imbalances (IPCC, 2014). It notes that carbon dioxide is one of the most important greenhouse gases in the earth's atmosphere and is a major contributor to climate change. Additionally, climate change is predicted to exacerbate extreme weather events like droughts and floods, which can negatively impact crop yields (IPCC, 2014). By tracking changes in its emissions over time, it is possible to understand the historical trends and patterns of anthropogenic impact on the Earth's climate system (IPCC, 2014). The potential negative implications for the health and nutrition of the population have led to the proposal of various strategies to help farmers in Cameroon adapt to the impacts of climate change on agriculture. One such strategy is using drought-tolerant crops, which can help mitigate the effects of reduced rainfall (Njoya et al., 2021). Agroforestry, which involves integrating trees with crops and livestock, has also been suggested to improve resilience to climate change in Cameroon (Nkem et al., 2021).

Ojumo et al. (2020), Ayanlade et al. (2017), and Kreft et al. (2017) conducted research indicating that industries at the local, national, and international levels would feel the effects of climate change. However, small-scale rain-fed agriculture, which is relied upon by disadvantaged and impoverished groups in developing nations, is expected to be the most vulnerable. Also, Schroth et al. (2017) estimated losses in cocoa production in West Africa and developed a regional adaptation strategy for tropical commodities based on site-level projections (Ojumo et al., 2020). Similarly, Bunn et al. (2015) examined the impact of climate change on global cocoa and coffee production. They found that production losses could threaten nations' economies and local, regional, and international supply chains that depend on these crops as inputs. According to Bunn et al. (2019), increasing temperatures, decreasing rainfall, and changing weather patterns will result in a decline in suitable areas for cocoa cultivation in West African countries. Also, projections show that Ivory Coast could lose up to 40% of its current cocoa-growing regions by 2050, while Ghana may lose up to 20%. Similarly, Coulibaly et al. (2017) studied the long-term impact of climate change on the export earnings of the cocoa business in Cote d'Ivoire. They found that precipitation may impact the Ivorian economy's revenue from cocoa exports.

The vulnerability of cocoa farm to climate change remains a growing concern in various parts of the world. In Nigeria's Ekiti State, Oyedokun and Oyelana (2016) investigated how weather fluctuations affect cocoa growers. The study found that extreme climate change events, such as floods, high temperatures, and heat, reduced the productivity of cocoa plants, making cocoa producers vulnerable to hunger and poverty. Cocoa production is highly vulnerable to extreme weather events, and timely and moderate rainfall distribution is essential for effective production. Cocoa thrives in conditions of year-round, modest but persistent water supply, and the ideal annual rainfall regime for maximum growth and yield is between 1500–2500 mm. However, higher rainfall can slow cocoa drying and processing, lowering bean value and increase processing costs (Hutchins et al., 2015). Climatic factors, including temperature, rainfall, humidity, and sunshine, affect cocoa growth (Owoeye and Sekumade, 2016). Temperature and rainfall remain the most significant determinants of cocoa growth. Thus, climate oscillations and exceedingly prolonged drought make it difficult to establish new cocoa farms and marked dry periods reduce cocoa yields. Increased evapotranspiration due to changes in temperature affects the crop's flowering time, which reduces seed production. At the same time, moisture loss leads to plant water demand and crop stress throughout the dry season due to drought (Schroth et al., 2016).

Peasant farmers produce most of Cameroon's high-demand crops, including cocoa. However, Ngoe et al. (2018) noted inadequate access to economic resources, and the sector remains underperforming, characterized by low productivity, poor quality, and low prices. According to Abei and Van Rooyen (2018), climate shocks have disrupted cocoa output in the cocoa sector, threatening export earnings and food security. Moreover, climate change is affecting cocoa production in Cameroon, and the vulnerability of cocoa farmers to climate change has become a growing concern. Extreme weather events, such as floods, high temperatures, and heat, reduce the productivity of cocoa plants, making cocoa producers vulnerable to hunger and poverty. Effective cocoa production requires timely and moderate rainfall distribution, and socioeconomic factors, including farm management techniques such as pest and disease control, significantly impact yield. However, inadequate access to economic resources hinders cocoa production, and climate shocks limit the farmers' ability to adapt to the changing climate, threatening export earnings and food security (Agyeman et al., 2022).

It is clear that the impact of climate change on cocoa production extends beyond physical changes in climate parameters and has significant economic implications (Jabir et al., 2021). Policymakers must consider the economic implications of climate change when formulating policies to address its impact on cocoa production. Economic factors such as net farm income influence the adaptation measures adopted by cocoa farmers (Suh and Molua, 2022). The need for financial support to adopt effective adaptation measures also suggests that government intervention may be necessary to support farmers in their adaptation efforts.

Though climate change has been widely discussed and its impact on agriculture has become increasingly concerning, many studies have focused mainly on the micro-effects on food crops or the agricultural sector. Most often, the macroeconomic impacts of climate stressors on cocoa production have received little attention. By providing more comprehensive and reliable data and appropriate analytical techniques, our current study makes a significant contribution to the existing literature on the impact of climate change on agriculture. It highlights the need for policymakers to take immediate action to address the effects of climate change on cocoa production in Cameroon and beyond.



3. Materials and methods


3.1. Analytical framework

We present a framework to understand the interrelation between climate-related shocks, non-climate factors, and cocoa production. The framework explores the possible mechanisms through which climatic stressors and economic factors impact production activities and crop output, requiring adaptations. Our study utilizes the Crop Yield Response theory to analyse the weather's influence on crops in agricultural production. According to this theory, the output is generally a result of a production function involving land, labor, and capital. However, the direct application of such a function to agriculture overlooks the importance of weather as an exogenous factor. Therefore, the study combines rainfall and temperature to create composite aridity indexes, which consider rainfall, temperature, solar radiation, and other weather factors as non-cost inputs into the production process, particularly when they deviate from the average. The methodology assumes a log normal distribution of climate (C), and represented as a non-linear specification in equation (1) as follows:
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The researchers adopt a model represented by the equation to analyse cocoa production, with each term representing a different factor. Q represents cocoa output, while land, labor, and capital (pesticide) are represented by L, N, and K, respectively. The coefficients l, n, k, and w indicate each input factor's impact on the output, with a being a constant term. The climatic index, represented by C, is crucial in understanding the relationship between climate and cocoa production. When climatic conditions are as expected, C equals 1, and logC equals 0. Other functional forms capture the effects of climatic variables, including trans-log formation. The translog model is essential for understanding the complex relationship between climate, cocoa production, and economic factors.
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When determining crop output (Q), there are several inputs to consider, including weather variables represented by xi and xj. Different functional forms can model the relationship between inputs and output, such as quadratic, square root, Mitscherlich-Baule (MB), linear, and nonlinear Von-Liebig functions, which all have applications in crop response theory. However, researchers choose the functional form based on the study's objective and the underlying production processes they intend to model. By carefully considering these factors, researchers and farmers can make informed decisions to optimize crop productivity.

As climate change continues to wreak havoc on our planet, the future of cocoa production looks increasingly uncertain. Figure 3 demonstrates the inherent relationship between climate change and cocoa production. It highlights how climate change impacts not only cocoa trees but also the livelihoods of farmers who depend on cocoa production. This graphic is a crucial tool as it visually represents the relationship between climate change and cocoa production, making the complex issues easier to understand for readers (Carberry et al., 2016). It highlights the extreme variations in climatic factors that can increase the risk of farmers' efforts not paying off in the future, leading to fatalism and despair. This is pivotal because it illustrates how climate change affects cocoa production and can have adverse psychological effects on farmers. Additionally, the graphic explains how climate change impacts cocoa production by altering the development of cocoa pods, insect pests, and pathogens, leading to lower crop output and reduced farm income (Jabir et al., 2021).


[image: Figure 3]
FIGURE 3
 Interconnectedness between climatic, non-climatic factors, cocoa output, and adaptation. Source: Authors' Conceptualization, 2022.


Moreover, climate change affects cocoa trees directly and indirectly. It notes that temperature extremes during flowering lead to a lower seed count, directly impacting climate change on cocoa trees (Bunn et al., 2019). However, climate variability and change affects cocoa production by influencing other factors of production, such as soil nutrients and moisture, pesticide application, farming methods, seed varieties, and even the health of the farmers. In addition, it explains the interconnectedness of factors affecting cocoa production. Also, it affirms the urgent need for action to address the impact of climate change on cocoa production and the livelihoods of farmers who depend on this crop (Jabir et al., 2021). Furthermore, it emphasizes the importance of developing innovative solutions to mitigate the impact of climate change on cocoa production and secure the future of this valuable commodity.

This conceptualization highlights the impact of climate change on cocoa production and the resulting need for cocoa farmers adapt to minimize the impact on their output. Climate change may cause extreme variations in climatic factors such as rainfall and temperature, which may decrease in cocoa output. As a result, cocoa farmers adopt new adaptation measures to mitigate the impact of climate variability on their output (Ekwe et al., 2020; Komakech et al., 2020). The adaptation measures adopted by cocoa farmers not only affect the quantity and use of other economic determinants of cocoa production, but they also improve other factors of production (Suh and Molua, 2022), such as the use of improved varieties of cocoa, the application of more fertilizer to enrich soil nutrients, and the use of pesticides to reduce the incidence of pests and diseases (Schroth et al., 2016). Farmers have implemented measures to improve the other factors of production in line with macro-adaptation policies provided by the government, while individual farmers have taken micro-adaptation measures. These measures mainly consist of decision-making processes to increase output and net farm income despite climate stressors. Notably, these measures require farmers to have some income to purchase necessary inputs and make informed decisions. Therefore, net farm income determines the level and type of climate adaptation measures farmers adopt to improve cocoa output (Jabir et al., 2021).

Most studies conducted at the micro-level have relied mainly on cross-sectional data, which is susceptible to errors due to farmers' recall. Different techniques have been employed, including OLS (Suh and Molua, 2022), PCA (Ngong et al., 2019), VECM (Adinew and Gebresilasie, 2019), and ARDL (Coulibaly et al., 2017), with data sets below 30 years. However, some of these methods have limitations in capturing both short- and long-run relationships, which may lead to inaccurate results. For instance, Loves et al. (2021) and Adinew and Gebresilasie (2019) used the cointegration and VECM estimation technique. Coulibaly et al. (2017) employed the Autoregressive Distributed Lag (ARDL) method, while Coulibaly and Erbao (2019) tested the ECM to find significant short-run relationships between climate and the sector. Our current study closes the knowledge gap by focusing on a perennial crop and evaluates the impact of climate at the macro level. To improve accuracy, we use time series data spanning over 60 years for climate parameters such as rainfall, temperature, carbon dioxide emissions, and economic factors. This study thus employs the perennial crop supply response approach and the vector error correction regression to assess how climate and non-climatic factors affect cocoa production in Cameroon.




3.2. Data collection

Secondary data is collected from various sources over 60 years, from 1961 to 2021. Specifically, the study collected temperature and rainfall data from the World Bank climate portal (World Bank, 2022: https://climateknowledgeportal.worldbank.org/). It also sourced information on cocoa production, pesticide quantity, and carbon dioxide emission from FAO statistics (2022) (FAOSTAT: https://www.fao.org/faostat/en/#home). In addition, labor data is computed from Cameroon's national institute of statistics (INS, 2022: https://ins-cameroun.cm/en/statistiques/). The study applies the average labor productivity method, which divides the total labor used in cocoa production by the average labor productivity per worker. This method assumes that labor productivity has been relatively constant over time and may not have accounted for fluctuations due to climatic conditions, technology improvements, or changes in farming practices.

Before performing analysis, the time series data have been appropriately treated to minimize errors and ensure accurate and meaningful analysis. Also, the study data smoothing is done to remove any random fluctuations or noise, such as missing or invalid data points, outliers, or anomalies. Seasonal adjustments have also been performed to make identifying underlying trends or patterns easier. This involves using moving averages while calculating the average value of the data over a fixed period (annually) and subtracting this average from each data point in that period. Moreover, detrending helps remove trend components by differencing the data sets repeatedly until the time series are stationary (Adinew and Gebresilasie, 2019).

This study measures total annual cocoa output in tons, mean annual rainfall variations in mm, mean annual temperature in degrees centigrade, and mean annual carbon dioxide emissions in metric tons per capita. Additionally, we calibrate non-climatic parameters like the land size in hectares. The researchers also measure labor in man-days, where one man-day equals 8 h, and pesticide quantity in liters (Table 1). This is because data from FAOSTAT (cocoa output, land size, carbon dioxide emission quantities, and pesticide quantity) relies on a combination of imputed and estimated/simulated data through complex algorithms. Likewise, data for temperature and rainfall are based on observed data recorded from meteorological agencies, supplemented with data from satellite-remote technologies.


TABLE 1 Variable description and a priori expectation.

[image: Table 1]

Using the secondary data collection method allows for obtaining a significant amount of data on the variables of interest over a long period, making it possible to draw meaningful conclusions about the effects of climate variations on cocoa output in Cameroon. This study uses Microsoft Excel for trend analysis and Stata 17 for econometric regressions. These tools identify patterns and relationships between the model variables and develop statistical models that predict future outcomes. Moreover, it is a comprehensive and user-friendly statistical software tool. Its strengths include statistical tools, high-quality graphics, robust data management capabilities, and reproducibility and transparency features. Nevertheless, it works primarily with its file format, which may not provide the customization or flexibility required for more complex or specialized analyses. Overall, the combination of various secondary data sources and statistical tools provided the researchers with a robust dataset to examine the research questions and generate empirical evidence for policymakers and other stakeholders in the cocoa industry.



3.3. Pre- and Post-estimation Tests

Macroeconomic time series data are prone to non-stationary issues, causing variations in mean and variance that contradict the fundamental assumption of OLS (Harris, 1995). Non-stationary series change their means and variance over time. Regressing them on one or more non-stationary time series variables may lead to spurious results (Adinew and Gebresilasie, 2019). Thus, we employ methods which emphasize the significance of the stationary assumption in classical estimation methods (Gujarati, 2004). To overcome these problems, the variables are tested using unit root, cointegrated and error correction models that assess the estimated long- and short-term relationships and effects of the variables. Non-stationary time series data have a covariance value that varies between two time periods on distance or lag, while their mean and variance remain constant across time. Hence, non-stationary time series data have non-time-invariant mean, variance, and autocovariance of individual time series. The study underlines the importance of testing for stationarity before estimation and highlights that the non-stationarity of variables can lead to false regression issues. It also emphasizes the need to use appropriate econometric models to evaluate the long- and short-term relationships and effects of variables, particularly in the case of macroeconomic time series data.


3.3.1. Unit-root test for stationarity

The study used the Philips-Perron test to identify the unit root problem in non-stationary series that follow the random walk model. The order of integration for a variable (climatic, non-climatic, and cocoa output factors) is crucial in determining its stationarity. If the climatic, non-climatic, and cocoa output factors become stationary at the level indicated as I(0) if they become stationary at first, the difference is indicated as I(1). Additionally, the climatic, non-climatic, and cocoa output factors are integrated of order n, I(n), if differencing it n times leads to a stationary series (Wooldridge, 2003; Burke and Hunter, 2005; Adinew and Gebresilasie, 2019).
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Equation (3) expresses the relationship between time and the pure white noise error term, where t represents time, and μt represents the error term. E(μt) = 0.
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The non-parametric Philips-Perron test requires less serial correlation than the Augmented Dickey-Fuller (ADF) test. However, the estimation method is likened to the DF test with the correction of autocorrelations and heteroscedasticity in the statistic.



3.3.2. Cointegration test

The cointegration analysis provides a framework for estimation, inference, and interpretation when the variables are not covariance stationary. Engle and Granger introduced the concept of cointegration, and Johansen later developed practical and inferential estimation methods (Engle and Granger, 1987; Johansen, 1988). If a time series for the climatic and non-climatic factors, denoted as xt, is integrated with the order of sequencing 1, or I(1), it means that (1-B)xt is stationary and non-reversible. For a univariate time series xt, it is referred to as process I(d) if (1-B)d xt is stationary and non-invertible. However, if the time series data for the climatic, non-climatic, cocoa output parameters are stationary and reversible, it is called process I(0). Johansen's estimation and inferential technique, introduced by Burke and Hunter (2005), is commonly used for this process (6). The Johansen cointegration test is a widely used method for cointegration testing, and it uses the VAR (p) model. When variables have cointegration, it is crucial to test the cointegration ranking. For this purpose, we leverage the trace test and maximal eigenvalue measurement (Engle and Granger, 1987).
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The equation VAR (p) can be expressed in terms of a vector Yt (cocoa output) with k non-stationary variables of order I(1), a vector xt with d deterministic variables (climatic and non-climatic), and a pure white noise error term or error vector denoted as μt (7).
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Where,
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and
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We use the trace test for testing the hypotheses;
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The statistical test for maximum eigenvalue is given by;
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This can also be written as;
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The null hypothesis H0 states that there is no cointegration equation for the climatic, non-climatic, and cocoa output factors that is for r = 0, 1, ..., k-1. If the trace test statistic and the maximum eigenvalue are less than the critical value or the p-value is greater than the significance level, we fail to reject H0 at the (1-α) 100% significance level (Rosadi, 2012). If there is cointegration between these variables, the VAR model is modified to become a Vector Error Correction Model (Asteriou and Hall, 2007; Wei, 2019).

This study employs cointegration and the vector error correction model to determine the long-term relationship between the climatic, non-climatic factors, and cocoa output. If two I(1) series either climatic or non-climatic and cocoa output are cointegrated, then there are unique α0 and α1 such that;
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The constant is only present in the long-run relationship. In a single equation cointegration model where y is the cocoa output, and x is a set of explanatory variables (climatic and non-climatic), the error correction model can be expressed as:
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3.3.3. Vector autoregressive (VAR) model

The vector autoregressive (VAR) is a distinct type of simultaneous equation system that can be applied when all the climatic, non-climatic parameters, and cocoa output are stationary (15). However, in non-stationary data where a cointegration relationship exists, the Vector Error Correction Model (VECM) is a suitable form of limited VAR (Enders, 2015).
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If Yt represents the vector of observations, α is the matrix of parameters, and εt is the vector error, and if the data used is stationary at the same differencing level, and there is cointegration, then the VAR model can be combined with the error correction model to create the VEC model (Asteriou and Hall, 2007).



3.3.4. Test for normality of residuals

The Jarque-Bera (JB) test determines residual normality in a multivariate model, which measures the skewness and kurtosis of the residuals. The JB test is a normality test that helps determine if a model's residuals are normally distributed. The test is calculated by including the number of predictor variables which are the climate and non-climate, as illustrated below:
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The Jarque-Bera (JB) test of normality uses the following parameters: N, the sample size; β1, the expected skewness; β2, the expected excess kurtosis. The JB test statistic is compared to the Chi-square χ2 distribution with 2 degrees of freedom (Jarque and Bera, 1987).



3.3.5. Granger causality test

Granger causality assesses the short-term causal relationships between the climate, non-climate variables and cocoa output in terms of their reciprocity. A VAR is considered stable if it meets the following criteria:

[image: image]

Suppose Yt comprises two vectors, Y1t and Y2t, and Y2t does not have a Granger causality effect on Y1t. In that case, it means that the matrix coefficient of parameter VAR, denoted as α21, i = 0 for i = 1, 2, …, p, indicating no Granger causality effect (Lutkepohl, 2005; Loves et al., 2021). The Granger causality test bases on the F-test, which aims to determine whether a change in another variable causes a change in one variable. If the past value of X (climatic and non-climatic parameters) can predict the current value of Y (cocoa output). In that case, X is said to have a Granger causality effect on cocoa output. This model is presented as follows:
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The significance of the coefficients 8 on the lagged value of cocoa output determines if the climatic and non-climatic factors Granger causes cocoa output. If the coefficients are significant, it indicates Granger causality from these climatic and non-climatic variables to cocoa output. Indirect causality arises when the climatic and non-climatic variables Granger causes cocoa output but not the other way around. Bidirectional causality occurs when there is causality in both directions (Brooks and Chris, 2008; Warsono and Hartono, 2019, 2020).




3.4. Empirical model: multivariate vector error correction model (VECM) specification

If cointegration between variables is established and confirmed to be stationary at the first difference value, the VAR model transforms into a Vector Error Correction Model (VECM). The VECM determines the influence of climatic and non-climatic variables on cocoa yield using the impulse response function and Granger causality (Tsay, 2014; Adinew and Gebresilasie, 2019; Loves et al., 2021). The VECM is a powerful tool for investigating the short- and long-term crop responses to changes in climatic and non-climatic factors. It provides a sound economic interpretation and a good fit. The VECM method assumes that the time series data is stationary and that long-term effects occur only when the time series under consideration are cointegrated. In this study, we use the single-equation perennial crop supply response VECM to evaluate the effects of climate variations on cocoa output in the short- and long-term (19). The model estimates the rate at which cocoa output is affected by variations in climatic and non-climatic elements in the short and long-run. The VECM method corrects the equilibrium error in one period by the next period, and it is a restricted VAR model with a cointegration relationship between variables.
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Where; = operator differencing, that is, Yt = Yt− Yt−1 , Yt−1 = vector variable endogenous with lag 1, εt = kx1 vector residuals, Dt = kx1 vector constant, Γi = kxk matrix coefficient of the ith endogenous variable. Also, Π= cointegration matrix coefficient [(Π = αβ′; β = adjustment vector, kxr matrix and α matrix co-integration, that is, long-run parameter (kxr)]. That is, αi are the adjustment coefficients used to determine the long-term effects of variations in climatic (temperature, rainfall, and carbon dioxide emissions) and non-climatic (land, labor, pesticide) variables on cocoa output. While βj, is the adjustment coefficient used to estimate the short-term effects of these explanatory variables on cocoa output. Also, 0 < αi ≤ 1 and 0 < βi ≤ 1 where i = 1, 2, 3,…, n. We rewrite (19) as;
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Given that cocoa output, has a long-run relationship with the independent factors, climate factors, temperature, rainfall, carbon dioxide, and non-climate variables (land use, labor, and pesticide). The Multivariate VECM model is explicitly expressed as thus:
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Although many factors influence cocoa output, this study assumes that some fundamental factors remain constant. The signs in the above mentioned variables indicate the expected relationship between each explanatory variable (temperature, rainfall, carbon dioxide emission, land use, labor and pesticide quantity) and the cocoa output (CQt). Table 1 displays the measures of the model's variables and the expected outcomes.




4. Results


4.1. Trend analyses
 
4.1.1. Temperature variations on cocoa production trends

We present the mean annual temperature variation trends and cocoa production in Cameroon from 1961 to 2021. Figure 4 shows a gradual increase in temperature and cocoa output in the early 1960s, with a marked increase toward the late 1960s, up to 25°C and 108,186 tons, respectively, in 1969. In the early 1970s, the temperature sharply decreased to 24.1°C in 1971 and 24.0 °C in 1974 and 1976. Despite this, cocoa output continued to increase until 1971, reaching 138,775 tons, but sharply decreased to 82,500 tons in 1976. Temperature variations subsequently increased to 24.8°C in 1979 and up to 25.3°C in 2016. Meanwhile, cocoa production gradually increased from the early to the late 1980s, reaching 132,800 tons, but dropped to 97,835 tons in 1992.
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FIGURE 4
 Average annual temperature variations and cocoa production trends in Cameroon. Source: Authors' computation based on data from the World Bank Climate portal and FAO, 2022.


In the onset of 1995, cocoa crop output increased gradually, up to 134,000 tons. In the early 2000s, crop output continuously increased, reaching 264,077 tons while the average temperature was 24.8°C. From 2013 to 2016, cocoa output increased to 211,000 tons. Recent years have seen an unprecedented rise in temperatures up to 25.22°C, which correlates to an increase in cocoa output to 290,000 tons. The results suggest a complex relationship between temperature and cocoa output, with some years showing a positive correlation and others showing a negative correlation. The recent temperature rise has a positive association with cocoa production, but it remains to be seen if this trend will continue.



4.1.2. Rainfall variations and cocoa production trends

The findings indicate a downward trend for rainfall and an upward trend for cocoa production. In the early 1960s, there was a decrease in rainfall to 1,675.12 mm in 1963, but cocoa output increased to 85,000 tons. In the late 60s, rainfall and cocoa yield increased to 1912.46 mm and 108,186 tons, respectively. The early 1970s saw a decrease in rainfall (1,680.7 mm) and cocoa output (96,000 tons), while rainfall further dropped to 1,487.03 mm and cocoa output significantly increased to 107,000 tons in 1977 (Figure 5). Cocoa production gradually increased to 132,800 tons in 1987, with a marked drop in rainfall to 1,357.89 mm in 1983. Fluctuations in rainfall patterns continued up to 1,679.47 mm in 1992, while cocoa output dropped to 97,835 tons. In the late 1990s and early 2000s, rainfall and cocoa output surged to 1,684.28 mm in 2002, while cocoa production increased to 125,000 tons. In the later years, mean annual rainfall decreased continuously to 1,467.07 mm in 2015, while cocoa production hit a record high of over 310,000 tons. In 2016, there was a sharp decrease in cocoa yield, while rainfall continued trending downwards. Still, in the later years, with slight variations in rainfall patterns, cocoa output experienced a marked increase to over 290,000 tons in 2021. The analysis underscores the importance of understanding the relationship between rainfall and cocoa production.
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FIGURE 5
 Average annual rainfall variations and cocoa production trends in Cameroon. Source: Authors' computation based on data from the World Bank Climate portal and FAO, 2022.




4.1.3. Carbon dioxide (CO2(g)) emissions and cocoa production trends

This association shows an upward trend in both Cameroon's carbon dioxide emissions and cocoa production from 1961 to 2021. During the 1960s and early 1970s, there was a gradual increase in carbon dioxide emissions, reaching a peak of 0.245 Mt/capita in the late 1970s, coinciding with an increase in cocoa output in 1971 up to 138,775 tons. However, cocoa production dropped to 82,500 tons in 1976.

From the late 1970s to the early 1980s, there was a continuous increase in carbon dioxide emissions, reaching a peak of 0.693 Mt/capita in 1983 and then dropping to 0.172 Mt/capita in 1987, with a corresponding increase in cocoa production from 108,900 tons to 132,800 tons over the same period. There was a sharp decrease in carbon dioxide emissions from 0.663 in 1989 to 0.221 metric tons per capita in 1990, and cocoa output dropped to 97,835 tons in 1992 (Figure 6). While carbon dioxide emissions fluctuated at 0.217 Mt/capita, cocoa output remained relatively stable. Furthermore, carbon dioxide emissions increased to 0.333 Mt/capita from 2009 through 2015, coinciding with a record high of 310,000 tons of cocoa yield. From 2016 to 2021, emissions have dropped to 0.260 Mt/capita, while cocoa output has increased to over 290,000 tons. These results suggest a complex relationship between carbon dioxide emissions and cocoa production, with emissions and cocoa output fluctuations across the years.
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FIGURE 6
 Average annual carbon dioxide emission and cocoa production trends in Cameroon. Source: Authors' computation based on data from the World Bank Climate portal and FAO, 2022.





4.2. Impact analysis
 
4.2.1. Pre-estimation test
 
4.2.1.1. Unit root test results

We employ the Phillips-Perron unit root test statistics to determine the order of integration of variables and tested the null hypothesis of non-stationarity against the alternative hypothesis of a stationary process. Table 2 presents the unit root test results for temperature, rainfall, labor hours, pesticide quantity, cocoa output, carbon dioxide emissions, and land use. The results indicate that all these variables are stationary after the first difference. The unit root test results provide confidence in using the model. This implies that it avoids the problem of spurious regression since the variables have zero means, while the variance and autocovariance are constant.


TABLE 2 Phillips-Perron unit root test.
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4.2.1.2. Johansen test for cointegration

The analysis employs the co-integration test to determine whether there is a long-term relationship between two or more variables. The co-integration test aims to determine whether the model parameters move together over time and whether there is an equilibrium relationship between them.

The results highlight that the estimation of VECM requires a cointegration relationship. If no cointegration relationship exists, a VAR model is used. This analysis tests the null hypothesis of no long-run relationship between dependent and explanatory variables against the alternative hypothesis. The trace statistics column in Table 3 indicates two cointegrating equations that confirm long-run dynamics among the climate- non-climate parameters and cocoa output. Therefore, we reject the null hypothesis of no long-run relationship.


TABLE 3 Johansen cointegration test.
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4.2.2. Vector error correction model (VECM) regression

The vector error correction estimation explores the relationship between climatic shocks and cocoa output. Table 4 presents an econometric analysis that examines the relationship between climatic elements, economic inputs, and cocoa output. It explains that the error correction model is used to assess the speed of adjustment of a variable back to equilibrium when there is a shock in cocoa production. The Johansen cointegration test results indicate a long-run relationship among the variables. Additionally, the presence of a significantly negative and less than one coefficient of the error correction term confirms the existence of an error correction mechanism that allows for more reliable estimates. The negative sign of the error correction term implies that the crop output will adjust to equilibrium, which is desirable.


TABLE 4 Vector error correction estimation results (dependent variable = D[CQ]).
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Furthermore, the coefficient of the error correction term is negative and statistically significant at a 1% significance level. This highly significant error correction term is an additional confirmation of a stable long-run association between the variables. The error correction coefficient indicates that the speed of adjustment of any short-run disequilibrium to long-run equilibrium is 51.9% each year. Overall, the results indicate a long-term relationship among the variables, and the error correction mechanism allows for adjusting any short-run disequilibrium to long-run equilibrium. The findings suggest that climatic shocks significantly impact cocoa output and that the vector error correction model is valuable for exploring this relationship.



4.2.3. Robustness tests
 
4.2.3.1. Johansen normalization restrictions imposed

The Johansen normalization confirms the relationship between cocoa output and its predictor variables (temperature, rainfall, carbon dioxide emission, land use, labor, and pesticide). The number of error correction terms in the Johansen normalization restrictions imposed reflects the number of cointegrating equations. Table 5 shows that the Johansen identification places four constraints. The first constraint indicates a long-run equilibrium relationship between cocoa output and the explanatory variables. The second constraint indicates no long-run relationship between temperature and the other variables in the model. In the second cointegrating equation, the Johansen normalization restricts the coefficient for the temperature to be unitary, meaning there is an equally long-term relationship between temperature and the other variables in the model. Thus, the unitary restrictions on cocoa output and temperature uphold that it is exactly identified. The results suggest a long-term equilibrium relationship between cocoa output and the explanatory variables. The findings indicate that mean annual temperature changes are crucial in the long-run equilibrium relationship among the variables.


TABLE 5 Johansen normalization restrictions imposed.
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4.2.3.2. Test for model stability

Figure 7 demonstrates the stability of the VECM and ensures that the number of cointegrating equations is correctly specified. The eigenvalues of the companion matrix, the real component is plotted on the x-axis, and the imaginary component is on the y-axis. The number of unit eigenvalues equals the number of endogenous variables minus the number of cointegrating equations. In this study, the VECM specification imposed 2-unit moduli, indicating that there are two unitary constraints on the eigenvalues.
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FIGURE 7
 Eigenvalue stability condition. Source: Analysis by Authors based on data from the World Bank climate portal and FAO, 2022.


Given that none of the remaining eigenvalues is close to the unit circle, the results imply that all the remaining modulus values are less than one. This suggests that the number of cointegrating equations is correctly specified in the VECM and supports its feasibility. Moreover, the graphical stability test provides additional confirmation of the validity of the VECM and the accuracy of the number of cointegrating equations specified, further validating the study's findings.



4.2.3.3. Diagnostic tests and model fitness

The R-squared value measures how well the regression model fits the data. In this study, the adjusted R-squared value of 53.3% indicates that temperature, rainfall, carbon dioxide emissions, land use, labor, and pesticides account for over half of the changes in cocoa output (Table 6). The remaining 46.7% of changes in cocoa output owe to other factors which affect the cocoa output but are not included in the model, represented by the white noise error term. Furthermore, the probability value of F-statistics of 0.000 suggests that the explanatory variables in the model are jointly significant in explaining cocoa production. The model shows a strong statistical relationship between the cocoa output and its regressors, thus, confirming model reliability.


TABLE 6 Diagnostic tests and model fitness.
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We perform the Breusch-Godfrey test for serial correlation, the Jarque-Bera test for normality, and the Ramsey RESET test for model misspecification. Based on the significance of the p-values for all three tests, we reject the null hypotheses of serial correlation, non-normality, and misspecification bias, implying that the model is reliable. Specifically, the Lagrange multiplier test shows no serial correlation in the residuals, and the Jarque-Bera test indicated that the errors are both skewed and kurtotic. Therefore, the VECM model is free from serial correlation, normality, and misspecification problems.



4.2.3.4. Analysis of the Granger causality test

We then employ the Granger causality Wald test to determine the causal linkages between temperature, rainfall and carbon dioxide, and cocoa output. It further confirms the study's findings and ensures their robustness. Our analysis focuses on identifying causal relationships between the variables and determining if there was bi-directional (two-way) Granger causality in the VECM. The results presented in Table 7 reveal that we reject the null hypothesis of no Granger causality between climatic parameters and cocoa output. It means there is a significant relationship between the climate-changing variables and cocoa output (Granger cause each other).


TABLE 7 Granger causality Wald test.
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These findings suggest that the past values of climatic variables have significant predictive power on cocoa output. Likewise, past cocoa output also has significant predictive power on current values of these climatic variables. These results also confirm the negative relationship between climatic parameters and cocoa output, as observed in Table 5. However, it is essential to note that the Granger causality test does not reveal any information about the causal link between variables, and it cannot predict when two or more variables are interdependent. The Granger causality test differs from cause-and-effect analysis, which seeks to establish a direct causal link between variables.





4.3. Discussion

Mean annual temperatures in Cameroon have increased by 0.7°C since the 1960s, indicating continuous temperature rises across the country. This steady increase in average temperatures has led to climate change and affected cocoa output. Additionally, the mean annual rainfall in Cameroon has been decreasing at a rate of about 2.9 mm per decade since 1961, with record declines noted in 1977, 1983, 1987, 2011, and 2015 (see Figure 4), despite controversial increases in cocoa output. This decrease in rainfall might result in shorter rainy periods with higher intensity, directly or indirectly affecting crop output (World Bank, 2021). Recent studies have supported the findings of our analysis. A study by Niyibituronsa et al. (2022) reports that there has been a significant increase in mean annual temperatures in Cameroon, particularly in the northern regions. The study also reported a decrease in the amount and distribution of rainfall in the country, leading to adverse effects on agricultural production, including cocoa. On the other hand, some studies contradict the earlier findings on the relationship between rainfall and cocoa production. Similarly, Tening et al. (2021) affirm that changes in temperature and rainfall patterns hurt cocoa production in Cameroon, particularly in the southwestern region. Likewise, Gockowski et al. (2021) found that increased rainfall intensity in some regions of Cameroon resulted in higher cocoa yields. The study attributed this to the ability of cocoa trees to tolerate brief periods of flooding and the increased nutrient availability in the soil during and after flooding.

The analysis elucidates a surge in mean carbon dioxide emissions since 1961. This could be attributed to the continuous burning of fossil fuels and farming activities such as excessive fertilizer and pesticide use and converting forested areas to agricultural land, as earlier studies have also indicated (World Bank, 2021). Studies confirm the findings regarding the rising carbon dioxide emissions and their impact on the atmosphere. For instance, Le Quéré et al. (2021) indicate that global carbon dioxide emissions increased by 4.9% in 2021, the second-largest annual increase ever recorded. Similarly, a study by IPCC (2021) highlights that the concentration of carbon dioxide and other greenhouse gases in the atmosphere has continued to rise, resulting in increased global warming and climate change. However, while it is challenging to attribute current cocoa crop output solely to carbon dioxide emissions from the 1960s, evidence suggests that climate change and related factors are likely affecting cocoa production, especially in regions experiencing high temperatures and limited water resources. According to the IPCC's 5th assessment report, increased atmospheric carbon dioxide concentrations can improve plant growth and productivity. Still, it can also lead to water stress and nutrient imbalances in crops, particularly in areas already facing high temperatures and limited water resources (IPCC, 2014). The report also highlights that climate change is expected to increase extreme weather events like droughts and floods, which can negatively impact crop yields.

The trends show the changes in cocoa output associated to the vagaries of climatic factors like temperature, rainfall, and carbon dioxide emissions. These climatic parameters have experienced oscillations over the years, with mean annual rainfall trending downward (Figure 5), while the average annual temperature (Figure 4) and mean annual carbon dioxide emissions (Figure 6) trend upwards. These changes in climate elements result in increased sun intensity, global warming, high evaporation, condensation, increased droughts, and floods, which can harm cocoa production (Kimengsi and Tosam, 2013; IPCC, 2014; Suh and Molua, 2022). These findings are consistent with reports from the World Meteorological Organization (2019, 2021) on global climate.

However, some recent studies have provided contrasting findings on the impact of climate change on cocoa production in Cameroon. For example, a study by Njiti et al. (2021) suggests that while climate change has plagued cocoa production in some regions of Cameroon, it has positively impacted cocoa production in other regions. The study argues that climate change has led to the expansion of cocoa production areas in some regions due to increased temperatures and rainfall patterns oscillations. Another study by Foudjet et al. (2022) also highlights the positive impact of climate change on cocoa production in some regions of Cameroon, indicating that climate change has increased the length of the cocoa growing season in some areas. Similarly, Schroth et al. (2016) notes cocoa yields in Indonesia have increased by 10–20% over the past three decades. The study affirms that although climate change has led to changes in the phenology of cocoa trees and an increase in pest and disease pressure, cocoa cultivation is still possible in many regions by implementing climate-smart practices. The study by Grüninger and Berndt (2019) posits that technological innovation, such as precision agriculture and remote sensing, helps farmers adapt to changing climatic conditions and improve cocoa productivity. Amekawa et al. (2020) have shown that genetic engineering and agroforestry systems can improve cocoa farmers' resilience to climate change. Additionally, farmers are implementing various adaptation measures, such as intercropping, using improved varieties, planting shade trees, and implementing irrigation (Vaast and Somarriba, 2014; Thompson and Bekele, 2019; Awazi et al., 2020; Adu-Bredu et al., 2021; Kwakye et al., 2021; Mensah et al., 2021; Agyeman et al., 2022).

In evaluating the impact of climate stressors on cocoa output, Table 4 provides insights into the impact of climate stressors on cocoa production. According to Tchokote et al. (2015) and Pratama et al. (2019), short-term temperature fluctuations positively affect cocoa production. However, other studies (Hutchins et al., 2015; Owoeye and Sekumade, 2016; Schroth et al., 2016; Adinew and Gebresilasie, 2019; Ngong et al., 2019; Suh and Molua, 2022) have found a significant negative relationship between temperature and cocoa output. Also, Schroth et al. (2016) report that cocoa yields in West Africa have decreased by 30–40% over the past three decades due to climate change and other factors. Navarro et al. (2018) reviewed the literature on the impacts of climate change on cocoa production. They found that while some regions are already experiencing negative impacts, the severity of the impacts can vary widely depending on factors such as temperature, rainfall, and soil type.

Soil, pests, and diseases have a significant impact on cocoa output. According to Aikpokpodion and Ighodaro (2020) and Aikpokpodion and Obayagbona (2020), soil nutrients play a crucial role in cocoa production, and their availability can affect the crop's growth, yield, and quality. Inadequate soil management practices, such as overuse of fertilizers or land clearing, can deplete the soil nutrients, reducing cocoa productivity. Additionally, pests and diseases can devastate cocoa production, leading to significant yield losses and reduced quality. Pest infestations, such as cocoa pod borer, mirid bug, and capsids, Tamanjong and Neena (2014) can cause premature fruit drop, while fungal diseases, such as black pod and witches' broom, can cause pod rot and stunt growth. Effective management practices, such as integrated pest management (IPM) and disease control, are essential to minimize the impact of pests and diseases on cocoa output (Aikpokpodion and Obayagbona, 2020; Oduro et al., 2021). Overall, soil, pests, and diseases are critical factors that should be considered in efforts to improve cocoa productivity and sustainability.

The short-run marginal effects reveal a temperature increase of 1°C leads to a cocoa production increase of 0.18 tons. Adinew and Gebresilasie (2019) used VECM, and their results support this finding, indicating a significant positive short-term relationship between temperature and cocoa output (an increase of 2.14 tons). The reason for this could be that improved cocoa varieties, which are drought-resistant, thrive well in hot areas. However, the long-term estimates indicate that an increase in temperature by one unit in the previous year leads to a significant decrease in cocoa output by 0.39 tons in the next year, affirming the negative relationship between temperature and cocoa output (Table 4). Surging temperatures increase evapotranspiration (Schroth et al., 2016), dehydrating some cocoa plants, and thus affecting their growth with consequences such as alteration of the crop flowering period, leading to a reduction in seed number. Although plant growth requires heat, high temperatures could stress the plant leading to low cocoa output. Suggesting increased temperatures also provoke pest and disease incidence (Schroth et al., 2016), which could lead to premature ripening of the cocoa fruits. The short-term effect contradicts the a priori expectations that asserted an inverse relationship between mean annual temperature and cocoa output. In the short-term, better drought-resistant cocoa varieties and favorable conditions for cocoa growth in hot areas are the reasons for the improved impacts.

Increased variations in average annual rainfall have significant adverse effects on cocoa output in both the short-run and long-run as anticipated (Adjei-Nsiah and Kermah, 2012; Owoeye and Sekumade, 2016; Oyedokun and Oyelana, 2016; Sayouri et al., 2021). This implies that an increase in mean annual rainfall will reduce cocoa performance; in absolute terms, an increase in rainfall by 1 mm will result in a drop in cocoa output by 0.41 tons in the short-run, which is significant at 5%. Similarly, the long-run results show that the coefficient for rainfall is still negative, meaning a negative association exists between the previous year's mean rainfall and current cocoa output. Quantitatively, Table 4 reports the long-run result reveals that an increase in rainfall by 1 mm in the previous year will significantly cause cocoa output to reduce by 0.38 tons. However, Adinew and Gebresilasie (2019) argue the long-run result and pose an increase of 0.14 tons depicting a positive long-run relationship between rainfall and cocoa output. Current rainfall patterns may already be above the required level for optimum production. As such, more rainfall could lead to slower rates of fruit development. Likewise, an increase in rainfall variations could obstruct farming activities like spraying with farm chemicals such as pesticides, fertilizers (Oyekale, 2015), harvesting, and off-farm activities such as drying as testified by Hutchins et al. (2015) leading to post-harvest losses. Increased rainfall variations could also lead to droughts, floods, and inundations, causing leaching, and soil erosion, destroying agricultural land, and, hence, reducing production. The overall results imply that oscillations in mean annual rainfall significantly reduce cocoa output.

In the short run, increased carbon dioxide emission into the atmosphere depicts a positive relationship with cocoa output. More specifically, it explains that an increase in atmospheric carbon dioxide by 1Mt/capita leads to a significant increase in cocoa output by 0.11 tons at a 10% level. This may be attributed to plants absorbing carbon during photosynthesis for food production. It contradicts our a priori expectations and the findings of Adinew and Gebresilasie (2019), which saw a negative outcome between carbon dioxide and cocoa output in the short run. However, as expected in the long term, more carbon dioxide harms cocoa production (Adinew and Gebresilasie, 2019). The study anticipated a reverse relationship between cocoa production and carbon dioxide emissions. The marginal effects affirm an increase in carbon dioxide emission by 1mt/capita leads to a significant decrease in cocoa production by 0.28 tons at a 5% level (Table 4). Also, this explains that the long-term effect on crop output results from the previous year's emissions affecting current production. Although plants need carbon for food production, excess carbon dioxide in the air can lead to problems like greenhouse gases, ozone depletion, global warming, climate variability, and changes in temperature and rainfall. These changes can ultimately decrease crop production over time.

Table 4 equally presents economic factors as significant determinants of cocoa output. The results show a positive short-term relationship between land use and cocoa performance Coulibaly and Erbao (2019). In the short-term, a unit change in land use or increase in land size for cultivation will lead to a 0.10 tons increase in cocoa, and the results are significant at 10%. The increased land used for cocoa production may lead to greater output since plants might be more likely to survive the climate stress. In cocoa production, land serves two typical functions. Firstly, it serves as the basis for production. Secondly, in cocoa-producing communities in Cameroon, forest land permits climate-smart farming systems such as agroforestry, which can help in carbon sequestration (carbon sink or store). This can ultimately decrease global temperature warming and increase soil precipitation, as observed in studies by Amekawa et al. (2020) and Adinew and Gebresilasie (2019).

Similarly, organic farming practices can improve soil health, enhance water retention, and increase cocoa plant resilience to climate variability (Tahi et al., 2020). However, the long-run results show that an increase in land size in the previous years has a negative relationship with crop outputs. That will reduce by 1.64 tons for cocoa, significant at 1% (Table 4). Outcomes from Hutchins et al. (2015) recount that climate oscillations, and prolonged droughts on cocoa, make it difficult to establish new cocoa farms. Expanding cocoa farms involves deforestation with adverse trickle-down effects on increasing greenhouse gas emissions and hence increased climate vagaries. Also, deforestation causes land degradation, exposing the soil to erosion and leaching, decreasing soil fertility as soil nutrients percolate. Deforestation destroys soil nitrogen fixing and soil aeration organisms, which help increase soil fertility because of flooding, soil erosion, droughts, and inundations, reducing cocoa production in the long run.

As projected, long-run analysis shows a significant influence of labor on cocoa production. The finding supports Ngong and Forgha (2013) and Coulibaly and Erbao (2019), who reported that labor significantly positively affects the cocoa output. The research opines that an increase in labor by 1 man-day causes cocoa output to increase by 0.64 tons (Table 4). On the other hand, labor shows an insignificant positive impact on cocoa output in the short-run. We can attribute this to cocoa being a perennial crop with seasonal farm operations. Hence the demand for labor in cocoa farms is also seasonal. Thus, short-run labor efforts may not immediately pay off. Recent literature indicates that despite efforts to eradicate child labor, it remains pervasive in the industry, particularly in remote and hard-to-reach areas. Child labor affects the productivity and quality of cocoa production. On the contrary, adult labor is crucial to cocoa production, and labor shortages can lead to decreased output and quality. Similarly, labor exploitation and poor working conditions in cocoa production can lead to social and ethical concerns that can impact consumer demand and market access. (Olivier and Bakari, 2021; Ryan and Bicknell, 2021).

Furthermore, the analysis shows that pesticide quantity used in cocoa production has significant optimistic estimates in both the short and long run. It conforms to the findings of Ngong et al. (2019), who reported that using chemical sprays has a significant positive effect on cocoa production in the Southwest region of Cameroon. The increase in the prevalence of pests and diseases due to climate change (Schroth et al., 2016; Aikpokpodion and Obayagbona, 2020; Oduro et al., 2021) requires the use of pesticides. Table 4 shows that an increase in the pesticide quantity used in production by 1 liter leads to a significant increase in cocoa output by 0.028 tons and 0.11 tons in both the short and long-run, respectively. Hence, researchers have found a significant positive relationship between cocoa output and pesticide application rates. Farmers use pesticides to treat cocoa diseases such as capsid, swollen shoot virus, and black pod propagated by climatic elements such as high temperatures, leading to pest and disease proliferation, as reported by Aikpokpodion et al. (2021). Furthermore, appropriate use of pesticides makes the crops more tolerant to pests and diseases, even though changes in climatic parameters such as temperature and rainfall may bring about resistance (Oyekale, 2015; Suh and Molua, 2022).



5. Conclusion and policy implications

Climate change has adverse effects on cocoa output. Oscillations in climatic patterns, including temperature, rainfall, and carbon dioxide emissions, cause variations in cocoa output. However, short-run analysis shows warmer climate increases cocoa output. In addition, land use and labor are significant determinants of cocoa output in the short and long run. An increase in land use or size for cultivation has a positive relationship with cocoa production in the short term. In the long run, increased land size has decreased crop output in previous years. Labor positively influences cocoa production in both the short and long run. As expected, pesticide quantity used in cocoa production significantly affects cocoa output in the short and long run.

Secondary data sources, such as the World Bank's climate portal and FAOSTAT, comprehensively cover global trends and patterns in climate stressors, non-climate parameters, and cocoa output. While these databases rely on standardized methodologies for data collection and reporting and are publicly available, making them accessible and easy to use, they are also subject to weaknesses such as incomplete or inconsistent data, limited granularity, and a time lag in reporting. Combining various secondary data sources and statistical tools allows for a robust examination in the current study. It provides empirical evidence for policymakers and other stakeholders in the cocoa industry. However, it is crucial to consider these strengths and weaknesses for research or policy analysis and to supplement them with additional data sources or primary data collection where necessary.

The findings suggest the long-run negative impact of a changing climate on cocoa output in Cameroon, but recent studies have shown contrasting findings on its impact in different regions. Therefore, further research is needed to investigate the specific impacts of climate change on cocoa production in different regions. These involve conducting more localized studies to understand better the biophysical (soil) and socioeconomic factors contributing to variations in cocoa output and examining the potential for targeted interventions to address these factors. It could involve evaluating the impacts of different policy interventions on cocoa productivity and farmer resilience, such as land tenure reforms or improved access to training and extension services. There is also need to explore the potential for new technologies and practices by conducting experimental trials to test the effectiveness of these approaches and identify barriers to their adoption by farmers.

Therefore, we recommend governments and policymakers promote climate-smart practices to improve cocoa productivity. This includes using genetic engineering, agroforestry systems, intercropping, precision agriculture, remote sensing, and forecasting of climate parameters. These practices are imperative for adjusting the cocoa calendar while implementing Climate-smart adaptive measures such as shade trees and irrigation. Also, the government should prioritize reducing carbon dioxide emissions by adopting green technology and regulating pesticide usage. Furthermore, increased access to land and improved capacity building of farmers could improve their resilience. Prioritizing climate finance, these policy interventions can help mitigate the negative impact of climate change on cocoa production and improve the resilience of farmers to climate stressors, thus making the cocoa industry climate-proof.
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