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Abstract

:

Climate change affects crop production by distorting the indestructible productive power of the land. The objective of this study is to examine the economic impacts of climate change on net crop income in Nile Basin Ethiopia using a Ricardian fixed effect approach employing the International Food Policy Research Institute (IFPRI) household survey data for Ethiopia in 2015 and 2016. The survey samples were obtained through a three-stage stratified sampling technique from the five regions (Amhara, Tigray, Benishangul Gumuz, Oromia, and Southern Nation Nationality and People (SNNP) along the Nile basin Ethiopia. There are only 12–14% female household heads while there are 80–86% male households in the regions under study. In the regions, more than half of (64%) the household heads are illiterate and almost only one-tenth of them (12%) had received remittance from abroad from their relatives or children. Crop variety adoption rate is minimal, adopted by the 31% of farmers. Only 30% of the surveyed farmers mentioned that they planted their crop seeds in row whereas the rest 70% had not applied this method. The regression results from the fixed effect least square dummy variable model showed that literacy, household size, remittance, asset value, and total land holdings have significant and positive impacts on the net crop income per hectare. The regional dummy variables estimate indicated that all the regions are negatively affected by climate change at varying levels. Strategies to climate change adaptation have significant and positive contributions in leveraging the damaging effects of climate change. The results also showed that increased winter and summer temperature and rainfall increase net crop income per hectare. The estimated coefficient of the interaction term of spring temperature and rainfall is significant and negative. On the other hand, while the mean annual temperature is damaging to crops, annual rainfall is beneficial. It can be deduced that, while increased temperature and rainfall in summer and winter increase the net crop income, the converse is true for winter and spring seasons. The study also proposes a specific, context-dependent, farm-level adaptation analysis of how farmers cope with the different climatic impacts of the Nile Basin and maintain the income levels that they have previously enjoyed.
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1. Introduction


Over the last three decades, climate change has emerged as one of the unprecedented challenges of the 21st century. Different researchers have come up with different definitions of climate change [1,2]. The fluctuation in the level of daily weather conditions, rising sea levels, increasing CO2 concentration and other greenhouse gases have been considered as evidence of global climate change [3]. Global warming and climate change are mainly attributed to and facilitated by market failure resulting from lack of reasonable allocation of external costs that challenges the design of appropriate policy orientations [4]. Under the worst-case scenario, it is now estimated that temperature will approximately increase from 1.5 to 5.0 degree Celsius by 2100 [5]. This would potentially alter the patterns of production as well as productivity across regions of the world [6]. Among the economic sectors, agriculture has been substantially affected. A dilemma exists on which path to pursue as the sector is a chief contributor as well a potential sector for mitigating and adapting to the impacts [7]. The relationship between agriculture and climate change can best be explained as a bidirectional one. Practically, globally, agriculture contributes to at least 17% of the increase in greenhouse gases (GHGs) through releasing carbon dioxide, methane, and nitrous dioxide [8]. The heat-trapping capacity of nitrous oxide and methane is 310 and 21 times stronger than carbon dioxide respectively [9]. Climate change, on the other hand, has posed serious challenges to agricultural production through increasing temperature, varying precipitation and rainfall, drought, extreme events such as flooding and tsunami [10,11,12,13]. Platnic and Ronson [14] stated that the agricultural activity, whose main inputs are land, is one of the justifications to human-environment interactions on the planet earth. Climate change is associated with diseases, heavy rainfalls, droughts, pests, and floods [15,16]. Climate change affects agriculture directly through carbon dioxide (CO2), rainfall, and temperature and indirectly through soil or water which in return emits GHGs [1,2]. This challenge leaves the sector more vulnerable despite its significant role in food security and environmental protection [17,18]. To protect the sector against vulnerabilities, increasing its adaptation capacity has become a prerequisite. Adaptation to climate change is defined as the set of strategic approaches and actions [19]; a mechanism tailored by agricultural practitioners [9] to be able to live with climate change without being affected much as a result of the new situation. Adaptation has been designed as one of the curving strategies against climate change [20]. The reason for adaptations is to be able to prepare well with a range of options robust enough to maintain agricultural welfare [21], guarantee higher farm income [22], lessen their vulnerability to climate change impacts [23]. The research team of Scoville-Simonds [24] stated that adaptation has a political dimension and human dimension which resulted in an unequal power in decision-making and differences in gender roles respectively [25,26]. Different authors [27,28] stressed the need to promote adaptation-guiding policies that focus on paradigm shift by farmers to a more efficacy and pro-environmental behavior. The adaptation procedure to climate change must be facilitated and guided by capacity building training, agricultural extension services, and climate change education via communication and information technologies as well as radical social and institutional changes [22,23]. But without a clear understanding of the underlying factors, these tools are not effective. For example, they do not reveal the possible positive effects of climate change, which may even affect income changes. The objective of this study is to examine the economic impacts of climate change on net crop income in Nile Basin Ethiopia. Survey 2015 and 2016 examines the economic impacts of climate change on net crop income in Nile Basin Ethiopia using a Ricardian fixed-effects approach. Our research questions are: what climate adaptation strategies can be found in the Ethiopian economic context? What are the heterogeneous effects of climate change on net crop income? What are the impacts that do not fit the proposed models in the literature? The correlation is interesting to examine because the effect of high temperatures can be amplified and mitigated by sufficient precipitation or rainfall, which can have a significant impact on income.




2. Literature Review


The agriculture sector in Ethiopia plays a significant role in the economy [29]. To sustain the role, the Ethiopian government over the past two decades has been allocating, on average, 15% of the national budget to the sector [30]. Despite its significant share from the national budget, the sector continues to struggle from multiple challenges, among them, climate change [30,31]. The sector contributes 35% to GDP, 68% to national employment, and more than 90% to foreign exchange earnings [32,33]. Wheat, teff, barely, sorghum, and maize are the major crops produced by smallholder farmers (less than one ha) that account for approximately 95% of the agricultural land [33]. Ethiopia has varied agro ecological zones that allow the production of different rain-fed crops. The dominant ones are fruits (avocado, apple, banana, orange, lemon, and mango), vegetables (tomato, cabbage, and onion), spices and herbs (mustard, ginger, pepper, and garlic), pulses (vetch, lentils, and horse beans), oil seeds (groundnuts, sunflower, and linseed), stimulants (tea, coffee, and chat), cereals (Oats, Millet, Barely, Sorghum, Wheat, Maize, and Teff) [34]. The country has five main climatic zones based on its diverse topography including Qolla characterized as warm and semiarid (<1500 m above sea level); Woina-dega characterized as cool and sub-humid temperate zone (1500–2400 m above sea level); Cool and humid dega (>2400 m above sea level); Berha characterized as hot arid and Wurch [19]. From an elevation point of view, it can be broadly generalized into three climatic zones as cool, temperate, and hot which are locally known as wurch, woina-dega, and bereha respectively [35]. Although the country has varied agro-ecological zones that allow the production of diversified crops and livestock it would be affected by the change in climate as its average temperature has shown a 0.55 °C increase between 1971–2010 and estimated to increase from 0.6 °C to 0.74 °C until 2054 [35]. There have been many methodologies that have been used to analyze the impact of climate change on agriculture. According to [17], these methodologies are classified as agriculture-focused and economic focused ones. The difference between these classes of models is emphasis and exposition. Agriculture-focused models aim to estimate crop responses to climate conditions whereas the economic-focused models aim to estimate the economic pressure of variation in crop outputs on the income of farmers. These methodologies are broadly categorized into two: agronomic (agro ecological) approaches and economic (econometric) approaches [36]. Moreover, there is another way of categorization of the methodological approaches to the climate change impact on agriculture. According to this method, the analytical methodologies are classified as partial equilibrium analyses and general equilibrium analyses [37]. Crop simulation models, agro-ecological models, and Ricardian models fall under the partial equilibrium analyses whereas the Computable General Equilibrium model is itself a general equilibrium model. Crop simulation models are based on a controlled field or laboratory experiment settings through which a specific crop’s response to climate and other variables is estimated. The models are used to estimate the impact of climate change on agricultural production particularly on crop production by specifying functions that relate the growth rate of crops and climate and crop production management practices and soil varieties [38]. The very interesting aspect of crop simulation models is that they represent the core concepts of agronomic science. They are also capable of being flexible to allow incorporating variables of spatial variation. According to [36], crop simulation models are the simplified presentation of the natural interaction between agricultural-environmental settings in simple controlled experiments. They help to approach the impact of climate change on crop yields from a biophysical perspective. Despite their valuable contribution and application, crop simulation models are criticized for spatial limitation, single crop application, failure to capture farmer behaviors, and other socioeconomic factors as they are only based on agronomic relationships. That does not help to incorporate the effect of adaptation mechanisms. The models assume farmers use the same mode of production systems across time, which in fact is absurd. They underestimate the adaptation roles and thus are suspected of overstating the impact of climate change on agriculture [2]. They are criticized for failing to capture human behavior in the real world agricultural production process [39]. Empirical yield models are the production function models that specify a functional relationship between crop yields and potential determinant variables including climate variables. As [40] stated, the traditional production function approaches tend to overestimate the impact of climate change on yields since it does not incorporate farmer’s adaptation to climate change. These types of models are often called “dumb-farmers scenarios” implying a naive behavior of farmers in their production decisions. Because production function methods are based on experimental data, they seem to generate robust estimates of the impacts of climate change on crops but they are shrouded with omitted variable bias basically of the profit maximization and adapting strategies of farmers [41]. The earliest economic approach to analyze the impact of climate change on agriculture is that of the Ricardian Method. It was first modeled by Mendelsohn, Nordhaus, and Shaw in 1994 as a deviation to the usual econometric models that control weather in their regression analysis [4]. The premise of this method is land values determined in a perfectly competitive land market. The Ricardian approach is one of the greatest contributions of applied econometrics that help to estimate anticipated economic impacts of climate change [42]. It is another aspect of the hedonic pricing systems or methods used for the economic valuation of environmental resources. It is a measure of the impact of climate change on farm net revenue by regressing on climate variables. In this way, it measures the impact of climate change on welfare [43]. The simplest essence of the model is that land value or net revenue from a farm is a function of agro-climatic variables. One of the strengths of this model is its ability to at least implicitly capture adaptation behaviors of farmers to changing climatic conditions [36]. Advantages of the model are its cost effectiveness relative to other approaches used. The model is also powerful to predict the extent of climate sensitivity of agriculture as a country develops over time [44]. The Ricardian model is not a response function and estimated impacts cannot be deduced to specific crops or livestock [39]. The method, despite its foundational aspect, has been criticized for many drawbacks ranging from misspecification of the model itself to omitting critical variables that could have potential impact on agricultural production. For instance, from the omission of variables point of view, the model has overlooked the impact of price adjustment mechanisms and the time lags, the effect of carbon fertilization effect, prior adaptation experience by farmers, spatial variation of the impact of weather condition variables, and instability in the internal values of estimated. Furthermore, the method is criticized for weak causal identification and not clearly identifying the effect of the interaction of the different types of markets while studying climate change impacts [39]. As its name implies, general equilibrium models try to capture sector-wise interactions and relationships in contrast to the above-mentioned approaches that partially work in the framework of the functioning of specific sectors in an economy. The premise of the general equilibrium models is that they assume that there are channels such as factor substitution, changes in prices, and trade through which each sector interacts with another and climate change impact on the agriculture sector directly and/or indirectly may be disseminated to other sectors too. Thus, general equilibrium models that build on the interactions among sectors are worthwhile [6]. The general equilibrium analysis of the economic impacts of climate change on the agriculture sector of a given country is meant to understand the economy-wise impact of climate change and its consequences on national as well as global climate-oriented policies and adaptation approaches [45]. The application of the cross-sectional Ricardian model has been suspected of being biased because of its limitation to reflect spatial and time variations in the impact of climate change on agriculture. The estimation of the Ricardian model with Panel data has become a vogue and found to be producing more robust and reliable estimates. The first Panel data application of the Ricardian model was developed in 2011 [46] while evaluating the impact of climate change on American agriculture. Estimation of Ricardian models with panel data generates robust, reliable, and stable estimates [46]. Trinh and Frank [17] in their studies on the impact of climate change on Vietnam agriculture using micro-level panel data of ten years produced heterogeneous results which indicate that climate change impact varies across space and time. Luis and Orlando [47] analyzed the impact of climate change on various farming modes such as irrigation, rain fed, and mixed. They reported that irrigated farms are more sensitive to temperature-level fluctuations and the rain-fed ones are sensitive to changes in precipitation. The application of the Ricardian model with panel data on European agriculture by [48] also confirmed that the impact of climate change varies across the different regions of Europe and in the future. A panel data employment of Ricardian model carried out in Hungary [49] assessed that the responsiveness of agricultural production varies between short-run and long-run time horizons and the different agro-ecological zones of the country. Estimating the impact of climate change on agriculture simply by following conventional aggregation methods results in biased outcomes. This aggregation bias can be captured by panel data [50]. It is against this background where this study is established to examine the impacts of climate change on net crop income and empirically estimate the leveraging role of adaptation strategies on climate change in the Ethiopian Nile Basin region. The study employed a Ricardian fixed effect approach to determine the effect of climate change on farm net revenue. The Ricardian approach of estimating the impact of climate change on agriculture (crop/livestock) has been widely used in more than forty six countries and five continents [43]. Lack of broader research on economics of climate change in agriculture has resulted in application of different methodologies which to a large extent are contradicting one another [6]. To the best of our knowledge, the Ricardian studies conducted on the economic impact of climate change on Ethiopian Agriculture employed cross-section data based on household surveys [34,45]. None of the studies has also examined the interaction effect of climate variables (temperature and precipitation or rainfall) on farm level net revenue despite its significant impact [51]. The interaction is valuable because the impact of high temperature can be leveraged and lessened by the availability of enough precipitation or rainfall. The rationality behind the choice of the Ricardian approach is that as compared to Agro-Ecological Zone models, it produces modest and negotiating results [6]. Although there is much agreement that increased future temperature would negatively affect agricultural production, various research has shown the presence of heterogeneous impact of climate change [6,48]. This study also tried to examine the contributions of climate change adaptation approaches such as irrigation, use of new and improved crop varieties. Although the Ricardian analysis has been criticized due to heavy overreliance on weather variations instead of climate change, this study employed a 32 years of climate change data ranging from 1983 to 2015 to examine the economic impacts of climate change on net crop income in the Nile basin Ethiopia using panel data-fixed effect model.




3. Materials and Methods


Ethiopia is one of the Sub-Saharan countries located in East Africa forming the main body of the Horn of Africa stretching along 3 and 15 North latitude and 33 and 48 East longitude. It is bordered by Kenya in the South, Djibouti and Somalia in the East and South East, Eritrea in the North East, and both Sudan and South Sudan in the West. The total area of the country is more than 1 million km2 [35]. Ethiopia has a total population of more than 112 million [52]. Only 20% of its population lives in cities and towns [33]. The country has ten (10) regional and two federal city administration units. These units have different levels of socio-economic and natural resource endowments and processes. However, they have all relatively the same consumption pattern and tax rates [53]. The target area of the study was the Nile river basin part of Ethiopia that includes the five regions (Tigray, Amhara, Oromia, Benishangul Gumuz, and Southern Nation Nationality and People (SNNP)). The data were taken from the dataset of the household survey made by the International Food Policy Research Institute (IFPRI) specifically collected by [54] at a district level from these five regions. The survey was made through a multi-stage stratified sampling technique. First, 20 districts (regions in the context of Ethiopian administrative system) were selected purposely based on already placed criteria such as level of rainfall patterns, four traditional agro-ecological zones, and vulnerability of food production systems (proxied by frequency of food aid received in the last ten years). The distribution of the districts across the regions is: Tigray region (Hawezein, Atsbi Wonberta and Endamehoni), Amhara region (Debark, Chilga, Wogera, Libo kemkem, Bichena, Quarit, Metekel), Oromia region (Gimbi, Haru, Limu, Nunu Kumba, Bereh Aleltu, Hadabu Abote and Keresa), Benishangula Gumuz (Wonbera, Bambasi, and Sirba Abay), and SNNP (Gesha Daka). Second, 20 peasant associations were selected (one from each district) purposively. Third, 50 households were randomly selected from each peasant association for a total sample of 1000 households and these samples were studied for two years which produced unbalanced panel data. However, the total samples used in this study are 1695 as missed data for some farmers were removed. Several studies have employed cross sectional data for formulating their Ricardian Model in analyzing the impacts of climate change in agriculture. As presented above, the downfalls associated with cross-sectional data necessitated this study to employ panel data for the study of the impact of climate change on agriculture [42,46,49,55,56]. The nature of data employed in this study was a short unbalanced two-years panel data (because observations for 2015 are 857 whereas 838 for 2016), which made this study one of the few Ricardian models that used panel data. The application of panel data helps avoid aggregation bias and produces robust estimates [17]. It also provides more efficiency, higher degrees of freedom, and saves us from camouflaging the existing heterogeneity among the individual households within the regions [57]. Because panel data study the dynamics of change of phenomena [57], it is more suitable to capture the effect of farmer adaptations to climate change and technological change on agriculture. Data on farm characteristics, farm households, crops grown, prices of inputs and outputs, and costs of production came from IFPRI owned by [54] across five regions in Ethiopia (Tigray, Amhara, Oromia, Benishangul Gumuz and SNNP) statically known as Nile Basin Region of Ethiopia. The dataset is identified as “Ethiopia Nile Basin Climate Change Adaptation Dataset” under the category of “Household and Community Levels Survey.” Furthermore, data on temperature, rainfall, elevation, and soil type for the farm households were obtained from MarkSim ® DSSAT Weather File Generator, which is the MarkSim web version for International Panel for Climate Change fifth Assessment Report (IPCC AR5) data available online at http://gismap.ciat.cgiar.org/ (accessed on 20 May 2021). Net crop income (π) (the dependent variable) obtained as π= TR − TC is weighted by land size in hectare to account for farm productivity per hectare and remedies the issue of heteroscedasticity. Data on climate variables of temperature and rainfall are of seasonal normal (mean) calculated as average of three months in each season that pertains to the Ethiopian year seasonal classification (winter = December, January and February, Spring = March, April, and May, Summer = June, July, and August, and Autumn = September, October, and November). The rationality is to be able to capture the impact of seasonal variation on crop production. Because the rise or fall in temperature or precipitation within the seasons do not have the same effect on the different cereals [17].



3.1. Model Specification: The State-of-the-Art of the Ricardian Model


David Ricardo had not actually formulated the current Ricardian model of the study of the impact of climate change. The model is named after him because the concept of the model was derived from his rent theory. It was what Ricardo called “land rent” that we call “land value” or “net profit from farmland.” David Ricardo pointed out that the source of land rent is variation in the quality and productivity of land [58]. To put it differently, if it had not been due to the differences in the quality of land and its limitedness, land rent would have never be paid. Thus, soil quality affects land value or land rent. It was this concept of the rent theory of David Ricardo that [40] extended and developed as a model of the study of the impact of climate change on agriculture. The assumption behind the work of these researchers seemed to be that, in addition to soil fertility, climate variables affect land rent (in the word of Ricardo) or land value or net farm revenue per hectare. Furthermore, climate variables shift agricultural production function [17].



The basic model of the Ricardian model was built on the simple profit function known as the difference between total revenue and total cost. The basic model once introduced by Mendelsohn et al. (1994) is now widely used to quantify the impact of climate change on agriculture with contextual modifications. The main assumption of the model is that farmers are rational enough to maximize their profit (net farm revenue). Researchers have the freedom to modify the model based on their research objectives. For instance, ref. [59] formulated the Ricardian model as follows;


  M a x π = T R − T C =  P i   Q i   (  Z c Z n c  )  −  C i   (  Z n , Z n c  )  − P l  L i   (  Z n , Z n c  )   



(1)




where, Pi, Qi, Ci are the prices, outputs, and costs of production respectively. Pl, Zn, and Znc are the rental price of land Li, vector of controlled land attributes, and vector of non-controlled variables (1). Furthermore, the model assumes that farmland value means the present value of net land revenue [5] and it is formulated as follows:


  L V =  {  Σ  P i   Q i   (  C , X , Z , I  )  − P I   }  e  − φ t   d t  



(2)




where, LV = land value per hectare, Pi = vector of price of output i, Qi = output i, C = vector of climate variables, X = vector of time varying variables (income and population density), Z = vector of time invariant variables (soils and geographic variables), I = vector of eco-nomic inputs other than land, P = is price of inputs, Φ = discount rate, and t = time (2). The farmers, therefore, would strive to maximize their profit or net revenue by choosing the employment of its economic variables given exogenous variables of climate variables.



But because the functional relationship between net revenue of farm land and climate variables has once been established as nonlinear second degree polynomial [3] the nature of the Ricardian model for this study can be approximated as:


  L V = π =  β 0  +  β 1   T i  +  β 2   T i 2  +  β 3   P i  +  β 4   P i 2  +  ϵ i   



(3)




π = net crop income,    T i   T i    = temperature in degree Celsius,    T i    2    = temperature squared in degree Celsius,    P i   = precipitation level,      P i   2    = precipitation squared, and    ϵ i    = error term that captures unobserved variables in the model (3).




3.2. The Empirical Model: Ricardian Fixed Effects Model


The panel data approach helps to manage omitted variables biased by controlling the effect of time-invariant unobservable variables non-parametrically [39]. The fixed effects model is applied when the interest of the study is to examine the impact of time-varying variables on a dependent variable. It answers the nature of causal relationships between left hand and right hand variables within the panel entities themselves [60]. The fixed effects model takes the following form [60]:


  π i t =  β i   X  i t   + α i + ε i t  



(4)




where, πit = the dependent variable (net crop income per hectare); i is the regions and t is the years (2015 and 2016); Xit is the time varying-independent variables; βi are the coefficients of the variables, and εit is the error term (4).



The fixed effects model can also be run by specifying entity-fixed effects on the dependent variable by introducing dummy variables for the entities in which the panel is formed. In this study, entities are the five regions in the Nile basin Ethiopia. Therefore, the regions fixed effects model can be expressed as:


  π i t = α o +  β 1   X 1  ,   i t + ⋯ +  β n   X n  , i t +  δ 1   R 1  +  δ 2   R 2  + ⋯ +  δ n   R n  + μ i t  



(5)




where, πit is the dependent variable (net crop income per hectare); βn are the coefficients of independent variables; Xn are the independent variables (socio-economic and climate variables). R1…Rn are the regional dummies (R1 = 1 is Tigray, 0 = otherwise; R2 = 1 is Benishangul Gumuz, 0 = otherwise; and the reference dummy is Amhara region) δ1…δn are the coefficients of the dummy variables; and μit is the error term. Furthermore, the fixed effects model also allows incorporating time effects on the dependent variable through introducing time dummies for the time variable. This permits the fixed effects model to show the fixed effect of time and regions on the dependent variable. In this study the time dummy incorporated is only one since there are two periods in the study (2015 and 2016). Thus, the model can be framed as follows (6):


  π i t = α o +  β 1   X 1  ,   i t + ⋯ +  β n   X n  , i t +  δ 1   R 1  +  δ 2   R 2  + ⋯ +  δ n   R n  + θ  Y 1  + μ i t  



(6)




where, πit is the dependent variable (net crop income per hectare); βn are the coefficients of independent variables; Xn are the independent variables (socio-economic and climate variables). R1…Rn are the regional dummies (R1 = 1 is Tigray, 0 = otherwise; R2 = 1 is Benishangul Gumuz, 0 = otherwise; and the reference dummy is Amhara region) δ1…δn are the coefficients of the dummy variables;  θ  is the coefficient of the time dummy (Y1 = 1 is 2015 and 2016 is a reference year), and μit is the error term. Panel data fixed effects model is run into Hsiao two steps regression as suggested by [61]. The first step involves regressing net crop income on time varying variables and region fixed effects and the second step involves regressing net crop income on time invariant variables [46,61,62]. However, this study has not applied the second step as it results in a higher standard error estimate because of the long run correlation of error terms [46]. More interestingly, the Hsiao first step is simply what is known as the least square dummy variable model (LSDV) [60].





4. Results


The main objective of the study was to examine the economic impact of climate change on net crop income (π) in the Nile basin Ethiopia. To meet the specific objectives of the study, descriptive analysis and a fixed effects econometric model were used. The descriptive analysis involves presentation of data in actual value number, frequency, percent, and mean, standard deviation minimum and maximum values of the variables used in the study. Furthermore, dummy variables are presented in frequency and percentage methods of data presentations. On the other hand, continuous variables are described in measures of central tendencies of mean, standard deviation, minimum, and maximum.



4.1. Dummy Variables of the Analyis


Table 1 below shows frequency and the associated percentage share of attributes in each dummy variable. The dummy variables used in the study are gender (1 = male, 0 = female); literacy (1 = literate, 0 = illiterate); and remittance (1 = if received remittance, 0 = if had not received). Moreover, crop variety (1 = used crop variety, 0 = had not used); row plantation (1 = if the farmer had applied row plantation of crops, 0 = had not applied); irrigation (1 = if the farmer used irrigation, 0 = had not used) were included in the study.



As one can see from Table 1 above, there are only 14% (230) female household heads while there are 86% (1465) male households in the regions under study. In this region, more than half of (64%) the household heads are illiterate and almost only one-tenth of them (12%) had received remittance from abroad from their relatives or children in the form of capital inflow into the region. Crop variety adoption rate is minimal since only 31% of the farm households had reported that they had adopted new crop varieties. Only 30% of the surveyed farmers reported that they planted their crop seeds in row whereas the rest 70% had not applied this method. Furthermore, irrigation was found to be an alternative adaptation to drought and rainfall shortage problems in climate change prone regions in the country. In the Nile basin region, which is the target area of the study, almost no farmer (4.5%) had been a beneficiary of the irrigation scheme as an adaptation method to drought and rainfall shortage. This is evident as less than 1% agricultural land in Ethiopia is irrigated in Ethiopia [36].




4.2. Descriptive Analysis of for the Discrete and Continuous Socio-Economic Variables


Table 2 below, presents the descriptive statistics (mean, standard deviation, minimum, and maximum) for the discrete and continuous socio-economic variables used in the study. Thus, the mean value of net crop income per hectare of land is 47,093.5 Ethiopian Birr. The mean age of household heads is approximately 52 years. The maximum age is 99 years. The region has an average family size of eight (8) members in a given household. The average total land holding in hectares is approximately two (2) hectares while the maximum is 19 hectares. The mean total area (size) of a plot is 0.44 hectare that implies high land fragmentation.




4.3. Descriptive Analysis of the Seasonal Climate Variables


Temperature and rainfall climate variables were calculated based on the traditional four seasons that correspond to the four main agro-ecological zones dominantly experienced in the country. The following table presents the mean, standard deviation, minimum and maximum values of the seasonal as well as the annual temperature and rainfall.



As one can understand from the above Table 3, the maximum average temperature record is 26.38 °C that is in spring season whereas the minimum average temperature record is 13.85 °C in the winter season. The standard deviation values for all temperature seasons are approximately the same that indicates that the seasonal temperature is normally distributed. In addition, mean seasonal and annual temperature values are close to each other. When it comes to rainfall, the minimum average rainfall recorded is 1.44 mm whereas the maximum average rainfall is 311.5 mm. As the standard deviation column indicates, there is a large variation in the rainfall distribution across seasons each year. The minimum rainfall season is winter whereas the maximum rainfall season is summer. This is because summer in Ethiopia is the rainy season and winter is a dry season almost in all parts of the country.




4.4. Model Regression Results


The main objective of the study was to examine the economic impacts of climate change on net crop income in the Nile basin Ethiopia using a Ricardian fixed effects panel data model. The study also aimed at examining the effects of methods of climate change adaptations on net crop income.



Table 4 above presents the regression results of the LSDV model of net crop income on time varying variables and regional fixed effects. It presents the impact of time-varying variables (farmer characteristics, farm characteristics, and climate variables) on net crop income by controlling for the impact of time-invariant variables that are attributed to each panel region. The fixed effects model, therefore, helps to remove the within region correlation of error terms and the explanatory variables that belong to a given region. The fixed effect also assumes that each panel region (entity) has unique time-invariant characteristics that exclusively pertains to that entity only and therefore, there is no correlation between the error terms of the different regions [46,60]. Thus, the regression result shows that age has a highly statistically significant negative impact on crop net income in the Nile basin Ethiopia. Household size has also a highly statistically significant positive influence on net crop income. When it comes to the impact of seasonal mean temperature and rainfall, we found heterogeneous results as the coefficients of seasonal temperatures and rainfall indicate. To start with, mean summer temperature and autumn temperature have a highly statistically significant (1%) positive and negative impact on net crop income respectively. All mean seasonal rainfall variables have a positive impact on net crop income except autumn season although with varying statistical significance level. Mean autumn rainfall has a significant and negative impact (5%) whereas spring rainfall has a positive but insignificant effect. The year and region dummies incorporated in the LSDV model also shows heterogeneous impacts on net crop income. The year dummy (Yr_2) which stands for 2016 shows that net crop income in 2016 is less than the net crop income obtained in 2015 by 4281 Ethiopian birr. When it comes to the regional dummy coefficients, we can see that all the regions except the Amhara region (the reference regional dummy with positive but insignificant coefficient) have statistically significant negative coefficients. SNNP is the most highly affected region receiving 44,025 Ethiopian birr less than Amhara region. The second most affected region is the Oromia region with 36,338 birr less relative to the reference region. Benishangul Gumuz is the least affected region as it is 144 birr less than that of Amhara region. The regional dummy coefficients indicate that living in each region has an impact on the net crop income obtained. However, because the coefficient of the reference dummy region (Amhara region) is statistically insignificant, there is no evidence that there is real difference in the net crop income of farmers in the different regions. The results also proved that irrigation and improved crop variety have significant and positive effects on net crop income by leveraging the negative impacts of climate change. Net crop income was also regressed on squared and interaction terms of the seasonal temperature and rainfall as Table 5 shows below under column (A) and column (B) respectively.



Table 5 presents interesting results that all the squared terms of both temperature and rainfall under column (A) are statistically significant with varying levels of significance. While the squared terms of winter and summer temperature and rainfall have highly statically significant positive impacts spring and autumn temperature and rainfall have highly statistically significant negative impacts on net crop income implying non-linear relationship between climate variables and net crop income. The results also showed that all the interaction terms of temperature and rainfall column (B) are highly statistically significant except for the interaction term of autumn temperature and autumn rainfall, which also is not statistically significant. While the interaction terms of winter temperature and rainfall and summer temperature and rainfall have positive impact, spring temperature and rainfall has a highly statistically negative impact on net crop income. Mean annual temperature and rainfall have negative and positive impacts respectively indicating the 32 years climate change pressure on agriculture. Post estimation tests of model choice and time fixed effects were made. The Hausman test of model choice confirmed that (Prob > chi2 = 0.0000) fixed effect is the appropriate model and the time-fixed effect impact value of the Prob > F = 0.02 indicated time-fixed effect is indeed needed in the fixed effect model.





5. Discussion


The main objective of the study was to examine the economic impacts of climate change on net crop income in the Nile basin Ethiopia using a Ricardian fixed effects panel data model. The study also aimed at examining the effects of methods of climate change adaptations on net crop income. Age of household head has a statistically significant negative effect on net crop income. This is because aged farmers do not intend to use adaptation strategies to climate change, application of improved crop varieties and other modern agricultural inputs in general to increase their agricultural production [63]. The size of a given household has a positive effect on agricultural productivity. In the work of [64], it was reported that larger household size increases agricultural productivity as larger family size means larger agricultural labor force available for work. The positive and significant impact of family size is also confirmed by [17]. Moreover, asset value (total estimated wealth) of farm households has also a positive significant impact on net crop income. This may be attributed to the fact that farmers with higher income status (wealth) have the tendency to improve their agricultural productivity through adapting to changing situations and shifting toward a sustainable approach [65]. When it comes to the impact of climate variables on net crop income, spring temperature, summer temperature, winter rainfall, spring rainfall, and summer rainfall have all a positive impact although with varying statistical significance levels. That means, whereas the positive impacts of spring temperature and spring rainfall are not statistically significant the positive coefficients of summer temperature, winter rainfall, and summer rainfall are all statistically significant. In contrast, autumn temperature and autumn rainfall have a significant negative impact on net crop income. The positive impact of spring temperature may be attributed to the opportunity for farmers to sow crops early that require long gestation periods such as maize and corn coupled with a positive impact of spring rainfall. The higher the spring rainfall, the sooner the plantation date that allows longer growing periods [46]. Increased summer temperature has a positive impact on relatively cooler regions. Autumn rainfall has a significant negative impact on the net crop income of farmers in the Nile basin region as autumn in this region is a harvesting season and unpredicted rainfall in this season happens to damage crops. In contrast to the findings of this study, ref. [34] found that increased winter and summer temperature have negative impact on Ethiopian agriculture. However, this study discovered the same results as [34] on the impacts of annual temperature and rainfall in which both studies agree that an increase in temperature reduces net crop incomes per hectare whereas increase in rainfall increases it. Seasonal temperature and rainfall have different estimated coefficients implying the variation in the impact of climate change across months and seasons [46]. The dummy coefficients of regions are different as the impact of climate change varies across regions coupled with variation in their adaptation capacities [6]. Although climate change is a global challenge, it is expected to have a blatant effect on the agricultural activities of developing countries like Ethiopia. The use of improved crop varieties is another technological intervention in the agriculture sector. As farmers are indeed efficient with what they have at their disposal, helping them to adapt to new technology was suggested to bring them out of poverty. Although Ethiopia is the origin of humankind and home of some indigenous crop species, there are huge problems and constraints for farmers to use and adapt the most promising crop varieties so that there would be high agricultural productivity in the country [66]. The analysis of the use of improved crop varieties showed a positive impact on net crop income as new agricultural technologies are promising ways to adapt to climate change [67]. Furthermore, ref. [68] pointed out that the adoption of improved maize variety leads to an increase in maize income. The logic behind the use of improved crop varieties is for a myriad of advantages, including drought resistance, yield, shelf life, early maturity, and many more advantages [68]. The issue of modeling irrigation in Ricardian models has been a deal among economists and agronomists [17]. Some economists’ model irrigation as an exogenous variable to climate change impact on agriculture and some others argue that irrigation is endogenous to the system. However, many researchers have found that irrigation is one of the strategies to climate change adaptation and studies that on climate change impact should not omit it. For instance, ref. [47] found that irrigated farm lands are more sensitive to climate change than do rained lands. Moreover, ref. [17] also showed that the incorporation of irrigation in the system leads to lower estimates of climate variables which implies its leveraging effect of climate change on crop output. The economic analysis and stakeholder work enable the production of viable co-produced policy approaches incorporating feedback from local markets back to the national policy-making process [69]. Without this feedback, there is no climate adaptation and no incorporation of lessons learned during the process of implementation. The results of the research also well reflect the strong correlation between ecological efficiency and net income [70,71].




6. Conclusions


This study, relying on detailed farm household survey data in the Ethiopian Nile basin tried to add value to the existing endeavors by empirically estimating the economic impacts of climate change on the Ethiopian agriculture. The least squares dummy variable (LSDV) model showed that farmer characteristics including literacy, household size, remittance, asset value, and total land holdings have significant positive impacts on net crop income per hectare. On the other hand, age and average plot sizes are found to have negative impacts. Likewise, the fixed effects model of regressing net crop income on strategies to climate change adaptation resulted in significant and positive contributions in leveraging the damaging effects of climate change. Making a synthesis on the sign and significance level of seasonal mean temperature and rainfall-fixed effect estimates revealed the offsetting interactions among these seasonal climate change indicators. Winter temperature and rainfall are found to be significantly beneficial and positive irrespective of the models used and functional formulations. That means the linear, squared, and interaction terms of winter rainfall and temperature are important for increasing agricultural outputs in the study area. However, it was only the interaction term of spring temperature and rainfall significant and negative. Like that of winter temperature and rainfall, the different forms of summer rainfall and temperature have significant positive impacts on net crop income. This is because the damaging effect of high temperature can be settled by the high rainfall so that crops obtain the optimum combination of both summer temperature and rainfall. Autumn temperature and rainfall estimates revealed that both increased temperature and rainfall reduce net crop income. The sign and significance of the estimates of climate variables were consistent indicating the robustness of the results and the model. Ecological capacities are constantly changing under the impact of climate change, increasing and decreasing simultaneously, and the same trend is followed by individual crop yields and associated incomes. The methodological contribution of this study is its confirmation of the highly statistically important impacts of the interaction terms of seasonal temperature and rainfall variables on net crop income.
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Table 1. Dummy farmer and farm characteristics.
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	Variables
	Attribute
	Frequency
	Percent





	Gender
	Male (1)
	1465
	86%



	
	Female (0)
	230
	14%



	Literacy
	Literate (1)
	612
	36%



	
	Illiterate (0)
	1083
	64%



	Remittance
	Received (1)
	198
	12%



	
	Had not received (0)
	1497
	88%



	Crop variety
	Used (1)
	526
	31%



	
	Had not used (0)
	1169
	69%



	Irrigation
	Used (1)
	76
	4.5%



	
	Had not used (0)
	1619
	95.5%







Source: Own calculation based on IFPRI (2015 and 2016) survey data in Ethiopian Nile basin.
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Table 2. Descriptive statistics of the continuous socio-economic variables.
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	Variables
	Observations
	Mean
	Std.Dev
	Min
	Max





	Net crop income/h
	1695
	47,093.49
	40,214.4
	0.54
	434,847.8



	Age
	1695
	51.84012
	13.00435
	20
	99



	hhsize
	1695
	8
	2.4
	1
	19



	Assetvalue
	1695
	28,456.24
	69,791.13
	0
	2,059,905



	Land in hectare
	1695
	1.9
	1.36
	0
	13



	Average plot size
	1695
	0.44
	3.98
	0.01
	163







Source: Own calculation based on IFPRI (2015 and 2016) survey data in Ethiopian Nile basin.
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Table 3. Descriptive statistics for seasonal average temperature and rainfall in the Nile basin region from 1983–2015.
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	Variables
	Observations
	Mean
	Std.Dev
	Min
	Max





	Winter_T
	1695
	18.7
	2.5
	13.85
	24.7



	Spring_T
	1695
	20.25
	2.36
	16.39
	26.38



	Summer_T
	1695
	18.34
	1.85
	14.83
	23.29



	Autumn_T
	1695
	18.35
	2.09
	14.66
	23.63



	Annual_T
	1695
	18.9
	2.13
	15.40
	24.62



	Winter_R
	1695
	10.50
	11.8
	1.44
	50.14



	Spring_R
	1695
	75.28
	39.11
	33.42
	171.8



	Summer_R
	1695
	244.0
	56.48
	101.03
	311.5



	Autumn_R
	1695
	99.00
	46.99
	22.68
	179.42



	Annual_R
	1695
	97.00
	32.50
	32.96
	150.20







Source: Own calculation based on IFPRI (2015 and 2016) survey data in Ethiopian Nile basin.
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Table 4. Regression result of Hsiao first-step method (LSDV).
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Netcropincomec (π)

	
Coefficients

	
Netcropincomec (π)

	
Coefficients






	
Age

	
−202.05 ***

	
Spring_R

	
3.23




	
Hhsize

	
1767.52 ***

	
Summer_R

	
313.29 ***




	
Assetvalue

	
0.03 **

	
Autumn_R

	
−213.126 **




	
Land in hectare

	
2705.222 ***

	
Yr_2

	
−4281.3 **




	
Irrigation

	
10,735.12 **

	
Benishangul Gumuz

	
−36,338.36 ***




	
Improved-crop-variety

	
4264.8 **

	
Oromia

	
−44,025 ***




	
Spring_T

	
4455

	
SNNP

	
−22,616.7 ***




	
Summer_T

	
17,887.9 ***

	
Tigray

	
−22,616.7 ***




	
Autumn_T

	
−21,688.24 ***

	
Constant

	
32,055




	
Winter_R

	
1309.7 **

	
Observation = 1683

	
R2 = 0.17




	
Legend: *** p < 1%,** p < 5%, * p < 10%

	

	








Source: Own calculation based on IFPRI (2015 and 2016) survey data in Ethiopian Nile basin.
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Table 5. The impacts squared and interaction terms of mean seasonal temperature and rainfall on net crop income.






Table 5. The impacts squared and interaction terms of mean seasonal temperature and rainfall on net crop income.











	Netcropincomeh (π)
	Coefficients (A)
	Netcropincomeh (π)
	Coefficients (B)





	Winter_T_sq
	1110.65 ***
	Winter_T * Winter_R
	4.97 ***



	Spring_T_sq
	−914.8 ***
	Spring_T * Spring_R
	−3.62 ***



	Summer_T_sq
	372.655 ***
	Summer_T * Summer_R
	3.93 ***



	Autumn_T_sq
	−478.6 **
	Autumn_T * Autumn_R
	−0.61



	Winter_R_sq
	22.12 **
	Annual_T
	−1.59



	Spring_R_sq
	−3.6 ***
	Annual_R
	6.28 ***



	Summer_R_sq
	0.7 ***
	_constant
	30,497 ***



	Autumn_R_sq
	−1.42 ***
	
	



	Yr_1
	4285.8 **
	
	



	_constant
	59,384.5 ***
	R2: within = 0.0256
	



	R2 between = 0.55
	n = 1695
	n = 1695
	



	Legend
	*** p < 1%, ** p < 5%
	
	







Source: Own calculation based on IFPRI (2015 and 2016) survey data in Ethiopian Nile basin.



















	
	
Publisher’s Note: MDPI stays neutral with regard to jurisdictional claims in published maps and institutional affiliations.











© 2021 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license (https://creativecommons.org/licenses/by/4.0/).






nav.xhtml


  sustainability-13-07243


  
    		
      sustainability-13-07243
    


  




  





media/file0.png





