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It’s challenging to predict the potential impacts of mining extraction on household food security. On the one hand, mining projects can create job opportunities, improve market access, and enhance infrastructure. On the other hand, these projects can have adverse effects on livelihood assets, such as farmland, livestock, and grazing areas, which are crucial for household food security. The purpose of this article is to bridge the gap by studying impacts of mining projects on household food security in Ethiopia, using empirical evidence from the Benishangul-Gumuz Region (BGR). To achieve this goal, we employed a cross-sectional and quasi-experimental research designs. Using systematic random sampling, we collected primary data from a sample of 333 households, comprising 162 from a community located around the mining projects (treated households) and 171 from a community without mining projects in the area (control households). We analyzed the data using descriptive statistics and Propensity Score Matching (PSM) techniques. We measured food availability by assessing food energy intake (FEI). We evaluated food utilization by using the food consumption score (FCS), and we determined food stability through the coping strategy index (CSI). The Average Treatment Effect on the Treated (ATT) results show that treated households, on average, consume 1,407.34 kcal per adult per day and 8.54 more FCS per week compared to control households, respectively. The ATT results also showed that treated households had a 3.24 lower CSI than control households. This is due to the wage employment created by small-scale and the infrastructure built by large-scale mining projects in the study area. Our research indicates that expanding mining investments brings benefits, as long as local sustainable development is taken into account.
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1 Introduction

In Ethiopia, recent developments in mineral investments have resulted in a growth of both domestic and foreign mining investors (Djigsa, 2021). In recent years, mining investments have increasingly become a vital component of Ethiopia’s economy. Similarly, the Benishangul-Gumuz Region (BGR), which is the specific focus of this study, has significant potential for precious construction and industrial minerals (Bullock and Morgan, 2018; Ministry of Mines, 2014). The BGR government has initiated efforts to facilitate the transition from informal ASM to legal small-scale mining investment projects (Hassen, 2022). As a result, currently, more than 396 mining projects are working in gold, marble, and coal production (Benishangul Gumuz Region Mining Agency (BGRMA), 2022).

Mining projects can significantly affect impact local communities in both positive and negative ways (Aristizabal-H et al., 2023). The positive effects include the creation of employment opportunities, which can enhance household incomes (Moritz et al., 2017). Conversely, the negative effects may involve soil degradation (Kinda and Thiombiano, 2021), water pollution (Ofosu and Sarpong, 2022), displacement of local communities (Arhin et al., 2022). These mixed impacts can directly or indirectly influence food security at the household level. Therefore, understanding the complex relationship between mining activities and food security is essential for evaluating their overall impact on households.

FAO et al. (2012) define food security as the availability, utilization, and stability of food to meet dietary needs for a healthy and active life. It is a multifaceted issue influenced by various socio-economic and environmental factors (Mekuria, 2019). Ethiopia, in particular, faces significant challenges in achieving food security because of the adverse effects of both human-induced and climate-related changes on agricultural productivity (Abegaz, 2017). The BGR state, characterized by its agrarian economy and diverse nature, is particularly vulnerable to these challenges (Aysheshim et al., 2022). In addition, the recent introduction of large-scale mining investments in the region adds another layer of complexity to the region’s food security dynamics.

Despite the increasing of mining, the impact of mining projects on the food security of host communities in developing countries is a topic of ongoing debate. However, there is limited research on this subject. The existing literature provides some valuable insights. For example, a study by Yadav et al. (2019) sheds light on this issue that industrial mining has improved food availability of affected households than non-affected households. In their study, they compared villages affected by industrial mining with those that were not. However, they did not control for covariates, such as livelihood assets, which significantly impact household food security. Consequently, it is difficult to conclude whether the improvement in food security was because of the presence of industrial mining or not.

Moreover, Wegenast and Beck (2020) examined the effects of mining on food security in sub-Saharan African countries. Their study found that mining operations tend to decrease food availability for women, while increasing access for men. Additionally, the presence of foreign companies reduces food availability, whereas domestic companies increase the availability of food for households. However, their study did not explain why domestic companies contribute to increased food availability, while foreign mining companies do not. Additionally, they did not clarify why the impacts on food security were gender specific.

In the context of Ethiopia, there is a lack of research examining the impacts of mining projects on food security of the host community. However, studies have been conducted on the impacts of large-scale agricultural investments, which can offer valuable insights. For example, Guyalo et al. (2021) discovered that large-scale agricultural investments in the Gambela region resulted in decreased food security for households due to land displacements and reduced access to natural resources. Similarly, Bekele et al. (2021) reported that large-scale agricultural investments also reduce food security for households in agro-pastoral areas of Ethiopia. These findings emphasize the potential risks associated with significant changes in land use in rural areas of Ethiopia. Despite this, both studies focus on the large-scale agricultural investments, not on the mining investments.

The BGR offers a unique opportunity to examine the impacts of mining projects on household food security. With an abundance of mineral resources, the region attracts both domestic and foreign investors who are keen on extracting coal, gold, and marble minerals. Most of the mining investors in the area are small scale and owned by domestic investors (Benishangul Gumuz Region Mining Agency (BGRMA), 2022). These small-scale mining companies lack advanced technology and heavily rely on labor. These projects created local employment for the host community and increased the average income of households (Haile et al., 2024a). This sets the BGR mining sector apart from the large-scale mining sector, which requires less labor and relies on more advanced technologies. Surprisingly, researchers have conducted no studies to investigate the impact of mining on household food security in the BGR. Understanding these dynamics is crucial for developing policies that can effectively balance economic development with the food security needs of the local population.

Therefore, the objective of this study is to evaluate the impact of mining projects on food security of households in the BGR state of Ethiopia. The study aims to answer specific research questions, including:

I. How do mining projects impact the food availability of households in the Benishangul-Gumuz Regional state of Ethiopia?

II. How do mining projects impact the food utilization of households in the study area?

III. How do mining projects impact the food stability of households for a short time in the study area?

This study aims to investigate the impacts of mining projects on food availability, utilization and stability of host community in the BGR state of Ethiopia. Achieving food security is a significant challenge for communities in this region (Aysheshim et al., 2022). Factors such as household land size, non-farm income, and irrigation land play crucial roles in determining food security in the BGR (Mohammed and Mohammed, 2021), and these factors directly or indirectly can be influenced by mining project operations. Thus, it is evident that the relationship between mining projects and food security is complex and multifaceted. This study aims to untangle these complexities by providing a comprehensive analysis of how mining projects impact household food security in the region. Following this introduction section, we have organized this paper as follows: We provide an overview of our research methods and materials. Section 3 demonstrates the results obtained. Section 4 shows the discussion of the result, and finally Section 5 a synthetic conclusion highlighting the main findings and policy implications of the study.



2 Methods


2.1 Description of the study area

We conducted this study in the Benishangul-Gumuz Regional (BGR) state of Ethiopia, as shown in Figure 1. This state is located in the northwest part of Ethiopia and is 1 of 12 regional states in the country. The region is divided into three administrative zones; 22 woredas; one special woreda; three city administrations; and 535 Kebeles (Benishangul-Gumuz Region Bureau of Finance and economic Development (BGRBoFED), 2020). The region is estimated to have a total area of 50,380 km2 and a population density of 22 people per km2 in 2022 CSA projection (CSA, 2013). It has a varied vegetation cover and ranges in elevation from 558 to 2,729 m above sea level. The average daily temperature is between 20 and 25°C. Nonetheless, 75% of its terrain is referred to as lowland, and its highest daily temperature can reach 34°C in the hottest months (Benishangul-Gumuz Region Bureau of Finance and economic Development (BGRBoFED), 2020). The region shares a common administrative border with Amhara regional state in the north and northeast, with Oromiya regional state in the south, southeast, and southwest, and with Sudan in the west.

[image: Figure 1]

FIGURE 1
 Map of Benishangul Gumuz, with selected districts. Source: Benishangul-Gumuz Region Bureau of Finance and economic Development (BGRBoFED) (2022).


According to CSA (2013) projections in 2022, the population of the region was estimated at 1,219,000, of which 619,000 (50.78%) were males and 600,000 (49.22%) were females. The CSA projection shows that 77% of the region’s population will live in rural areas in 2022 and the remaining 23% will live in urban areas (CSA, 2013). The regional economy is largely dependent on the agriculture sector, including crops, livestock, and forestry. As well, in the region, traditional gold mining has been an additional source of livelihood for most of the rural community. Many farmers still rely on plowing by hand or oxen. In recent years, foreign and local investors have acquired large amounts of land for agricultural and mining activities (Moreda, 2017). However, the transfer of large amounts of land for investors affects local people’s natural resource-based livelihood strategies that require large tracks of land and related resources for crop production, free grazing of livestock, forest collection, and various non-timber forest products such as forest honey, forest fruits, and root crops (Aysheshim et al., 2023).

The data collection specifically took place in the Asosa Zone, focusing on the Menge and Buldigilu districts. Menge district consists of 22 Kebeles, while the Buldigilu district has 30 Kebeles. Although there has not been a recent population census conducted in the country, the Federal Central Statistical Authority (CSA) projects a total population of 55,900 (49.5% female) and 78,383 (47% female) in Menge and Buldigilu districts, respectively, for 2022 (CSA, 2013). The household economies in this area heavily rely on the mixed agriculture sector, which includes forests, cattle, and crops (Teklemariam et al., 2016). Moreover, traditional gold mining has served as an additional source of livelihood for most rural communities in these districts (Hassen, 2022).



2.2 Research design

We used both cross-sectional and quasi-experimental research designs, which are non-experimental research designs. There is no need for a true control group in quasi-experiments, but a control group may be included if a comparison group is chosen (Rogers and Révész, 2020). Demographic and socio-economic characteristics of the control (comparison) group should be as similar as possible to those of the treatment group (Béné et al., 2018). Therefore, by considering the spillover effects of mining investment practices and different empirical evidence (Assan and Muhammed, 2018; Yamarak and Parton, 2021), we classified the treatment and control groups based on the distances of Kebeles in the sample districts from the mine sites. By considering empirical evidence and the effects of the mining project, the treatment households are households that are living within a 10 km radius of mining projects. In comparison, control households are households that are living within more than a 30 km radius of mining projects in the area.



2.3 Sampling technique and sample size

We conducted multi-stage sampling procedures to select sample respondents. First, Buldigilu and Menge districts from the Asosa Zone of BGR were selected purposefully for the reason that they have had a concentration of small-scale and large-scale mining projects for more than 10 years of operation (Benishangul Gumuz Region Mining Agency (BGRMA), 2022). In the second stage, from each selected study district, two Kebeles that are within a 10 km radius of the mining project practices were selected as a treatment group, and two other Kebeles that have more than a 30 km radius from any type of mining project practices were selected as control groups. In both the control and treatment Kebeles, the majority of the households are indigenous people (Benishangul Gumuz Region Bureau of Finance and economic Development (BGRBoFED), 2022). Based on this, the sample population was drawn proportionately from eight selected Kebeles in the two sample districts. Thus, Shegol and Bane Kebeles in Menge district and Beletseri and Campodisha Kebeles in Buldigilu district were selected as treatment Kebeles. In addition, Alimetema and Abora Kebeles from Menge district and Billanjaro and Bellaganda Kebeles from Buldigilu district are selected as comparison (control) Kebeles (Table 1).



TABLE 1 Study population and sample of the treatment and control households.
[image: Table1]

Finally, the lists of households in eight selected Kebeles were used as the sampling frame. In this study, we employed the Cochran (1977) sample size determination technique because of the importance of probability sampling techniques in selecting households from a sampling frame. The study population for the study in the eight Kebeles that are purposefully selected are 3,500 (Benishangul Gumuz Region Bureau of Finance and economic Development (BGRBoFED), 2020).

Assuming the maximum unpredictability is equal to 50% (p = 0.5), and following a 95% confidence level with 5% precision, we calculate the required sample size as follows: p = 0.5, q = 1–0.5 = 0.5; e = 0.05; and z = 1.96.

The formula is given as [image: image] [image: image]. Where an attribute’s estimated proportion in the population, q = 1 − p, and e is the desired level of precision, with n0 = sample size, z = selected critical value, p = proportion in the population, and e = level of precision selected.

According Cochran (1977), a sample size reduction is necessary if the population is finite and the sample size exceeds 5% of the sample population, or 175 in this case. He suggested using the following adjustment method to get the ultimate sample size in this scenario.

[image: image]

Where, n is the corrected sample size no is the calculated sample size in the above equation, and N is the total sample population. Using this formula, the sample size is 351 households. This 351 study households was distributed to the eight Kebeles using the proportional to size formula. We drew the sample from the aforementioned sample areas through systematic random sampling with the formula [image: image] where N is the total population, n is the required sample size, and k is the size of the interval for selection. Thus, 351 sample households were selected from sampling frame, and the selection process is using systematic random sampling, which proceeds at every [image: image] 10th interval.



2.4 Types and sources of data

We collected both quantitative and qualitative types of data from both primary and secondary data sources. The primary data were collected by administering a survey questionnaire and conducting focus group discussions (FDGs). We also collected secondary data through document review from different published and unpublished official government reports. We pre-tested the questionnaire to adjust the original questionnaire thanks to the feedback of pilot participants. The data collection activity was undertaken with a time interval of January to May 2023. Stata version 14.0 was used to analyze the collected questionnaires. Both closed- and open-ended types of questions were included in the questionnaire that was utilized for this research. Almost 95.0% (333 households) of the survey questionnaires were completed and appropriate for analysis.



2.5 Measuring household food security

There are several ways to assess a household’s level of food security, and no single, ideal technique exists measuring food security (Bekele et al., 2021). At the household and individual level, indicators such as household consumption and expenditure survey (HCES), coping strategy index (CSI), household dietary diversity score (HDDS), household food insecurity access scale (HFIAS), food energy intake (FEI), and anthropometric weight and height measurements are commonly used techniques for measuring food security (Yohannes and Hoddinott, 2002). Thus, for this study, we used three indicators that are related to the impacts of mining on households’ food security: food energy intake (FEI), food consumption score (FCS), and coping strategy index (CSI). Each indicator is discussed hereunder.

The Food Energy Intake (FEI): The FEI measures the number of calories consumed by an adult attains over a day (Hoddinott, 1999). This is a measure of food availability in the households. To determine the FEI, we took daily calorie consumption as the measure of food security. The steps used for measurement are discussed hereunder.

The first step was listing all food items consumed by households in kilograms and liters. This data was crucial for understanding the quantity of food available for energy calculation. The second step involved converting all reported quantities from kilograms and liters into grams. To ensure consistency in measurement units for further calculation, we multiplied the amounts by 1,000. The third step was calculating the energy intake from the food consumed. We utilized the Ethiopian Health and Nutritional Research Institute’s (EHNRI) conversion and determination system (1997), which provides specific energy values for various foods based on their composition. 100 g typically expressed these values in kilocalories. Dercon and Krishnan adjust finally, the total kilo calories consume (1998) for Ethiopia (Dercon and Krishnan, 1998). This allowed the researcher to calculate the average kilocalories per adult equivalent per day, providing a clear indication of energy intake relative to the household consumption pattern (example: Equation 1).

[image: image]

Where, FEIi = Household food energy intake of the ith household, and i = 1, 2, 3,…. 333, which is the sample size of the study.

As per MoFED (2002), a household in Ethiopia is considered food insecure if the daily calorie intake per adult equivalent is less than 2,200. Conversely, a household is classified as food secure if the daily calorie intake per adult equivalent exceeds 2,200. For this study, households were divided into two categories: food insecure (those who did not meet the minimum requirement of 2,200 kcal per day per adult) and food secures (those who consumed at least 2,200 kcal per day per adult).

The Food Consumption Score (FCS): The FCS measures the diversity of diet, frequency of food intake, and the relative nutritional value of food groups (FAO et al., 2014). This is a measure of food utilization in the household. According to FAO et al. (2014), FCS scores of 28, 28.5–42, and 42.5 fall into three consumption groups: poor, borderline, and acceptable for sugar and oil frequently consumed areas. The BGR is one of the sugar consumption areas in Ethiopia (Mohammed and Mohammed, 2021). We collected data on food consumption from 333 households in the study area and captured the variety and frequency of foods consumed during the 7-day recall period. We calculated the frequency of consumption of food groups based on the seven recall period. We obtained the weight from the WFP (2008) weight allocation. If a household consumes all types of food for all 7 days, the maximum FCS will be 112 (example: Equation 2).

[image: image]

The Coping Strategy Index (CSI): The CSI is a household food insecurity measurement used in emergency situations (Maxwell, 2008). This is a measure of food vulnerability or stability of households. It provides insight into the capabilities and vulnerabilities of households over a short period of time (Hoddinott, 1999). Maxwell’s (2008) coping strategy index was changed and adapted to the local situation, and 11 commonly used coping strategies were identified through FGD (see Appendix Table A1). The main coping mechanisms included: relying on less preferred and less expensive foods; borrowing food or relying on help from a friend or relative; limiting portion size at mealtimes; reducing the number of meals eaten in a day; going without food the whole day; sending household members to eat elsewhere; gathering wild food, hunting, or harvesting immature crops and fruits; selling firewood and charcoal; selling productive livestock; engaging in traditional gold mining practices; and working as a daily laborer. To calculate the CSI, we multiplied the frequency and severity weight of each coping technique for each household. A higher CSI score indicates a greater severity of food insecurity (Maxwell, 2008). Respondents were asked about their actions when they do not have enough money to buy meals in the past 7 days. Coping mechanisms are applicable in the short term to address food shortages (example: Equation 3).

[image: image]

Where (f_i) represents the relative frequency of the coping strategy and (s_i) indicates the severity level (weight) of that coping strategy.



2.6 Methods of data analysis

As a method of analysis, we employed descriptive, inferential statistics, and econometric models. Graphs, percentages, frequencies, and means are used for description. The T-test and Chi-Square tests helped us ponder the existence of the mean difference between the treatment and control samples. The PSM model was used to examine the impact of mining projects on food security of households.



2.7 Analytical approach

We used the PSM technique to determine the impacts of mining projects on the food security of households in the study area. The lack of reliable baseline data for various variables of interest, such as demographics, socio-economic factors, livelihood assets, and food security makes the matching technique the preferred method for this study. In recent years, PSM has been applied to a wide range of topics to identify the causal effects of policies, development programs, and investments in developing countries like Ethiopia. Therefore, the propensity score matching procedure is primarily used in this study because of data availability.

To assess the impact of mining projects on food security, households were classified as treated (if located in a mining area) or controlled (if located in a non-mining area). Because there is no randomization between the treated and comparison groups, the PSM method is used to calculate the impact. Propensity scores are generally calculated using two methods: logistic regression and classification and regression tree analysis (Thavaneswaran and Lix, 2008). Logistic regression is the most common method for estimating PSM. Additionally, to analyze the impact of mining on households’ livelihood outcomes, the average impact of treatment on the treated (ATT) is estimated using the PSM technique. The detailed steps and procedures for implementing PSM are discussed below.

According to Caliendo and Kopeing (2005), in using PSM, there are five commonly used steps. The first step in implementing PSM is to estimate the propensity score. This process entails selecting an appropriate estimation model and identifying the relevant variables to include. In this study, we employed the logit model to estimate the propensity score while analyzing the impacts of mining projects on food security. The theoretical framework for using a logit model in the context of PSM to assess the impacts of mining investments on household livelihoods is grounded in the principles of causal inference. The logit model can be expressed as follows (example: Equation 4):

[image: image]

Where, [image: image] is the probability that a household livelihood improves (Y = 1) given the vector of covariates X. [image: image] is the intercept term. [image: image]s are the coefficients corresponding to each covariate [image: image]

The second step is to choose among different matching estimators. There are various approaches to implementing PSM, including nearest neighbor matching (NNM), radius matching (RM), stratification or interval matching, kernel matching (KM), and the weighting method. It’s important to note that there is no perfect algorithm without weaknesses. For this study, all matching methods were employed to analyze and compare the impact of mining on livelihood assets and food security of households. The best method was selected by comparing the standards discussed below. The third step is to check for overlap or common support. This ensures that individuals or groups with the same values for characteristic X have a positive probability of being both treated and controlled in a program or treatment. It enables the comparison of comparable units.

The fourth important step is to check for matching quality and conduct an effect analysis. Several techniques are available to check balancing, including mean comparisons between treatment and comparison groups (before and after matching), standardized bias, and overall measures of covariate imbalance. It’s also important to compare the pseudo-R2 before and after matching, as this provides a method for testing the matching quality (Thavaneswaran and Lix, 2008). A low pseudo-R2 after matching indicates the success of the matching process (Caliendo and Kopeing, 2005). Finally, the average treatment effect on the treated (ATT) can be estimated using the following steps (example: Equation 5):

[image: image]

Li represents the livelihood impact of mining on household “i.” The outcome for a household with and without treatment is denoted as “i,” [image: image] and [image: image], respectively. Let us consider a binary indicator where 1 represents being assigned to treatment and 0 represents not being assigned treatment. The Average Treatment Effects (ATE) can be estimated using the following equation (example: Equation 6):

[image: image]

The Average Treatment Effect (ATE) refers to the average difference between households in mining areas (treated households) and households in non-mining areas (control households). However, if the selection of treatment and other factors are correlated with both the treatment itself and an omitted variable that influences the outcome variable, a simple comparison may not accurately represent the true impact of the treatment. The main issue arises from the fact that each household is either under treatment or control, but never both simultaneously. In such cases, a more preferred parameter to use instead of ATE is the average treatment effect on the treated (ATT). The ATT is defined as (example: Equation 7):

[image: image]

Where [image: image] failing to observe the value of, and substituting it with the expected value of [image: image], which is observable in ATE, will result in an inaccurate estimate as long as [image: image] for the treated and comparison group systematically differs. The true parameter is only identified if (example: Equation 8):

[image: image]

However, it is unlikely that this will remain valid in non-experimental studies. Therefore, this study employs a matching approach to create a counterfactual scenario, allowing treated households to be paired with non-treated households that share similar characteristics. This approach helps minimize bias that may arise from self-selection. The matching process is based on a measure called the propensity score, which captures the pre-treatment characteristics of each household. The propensity score indicates the probability of being assigned to treatment, denoted as P(x), based on a set of pre-treatment characteristics, denoted as X. This can be represented as (example: Equation 9):

[image: image]

Finally, we conducted the sensitivity analyses as a crucial step. Sensitivity analysis is important in order to identify any unobserved variables that may introduce hidden bias to the treatment and outcome variables (Caliendo and Kopeing, 2005). Therefore, Rosenbaum-bound sensitivity analysis employed to assess the presence of hidden bias.



2.8 Variable definition

We collected the data using survey questionnaires and FGDs in both Menge and Buldigilu districts of BGR. Detailed information on household demographics, socio-economic characteristics, livelihood assets and food security data was collected. Variable names, descriptions, and expected signs are presented in Table 2.



TABLE 2 Description and measurement of variables used in PSM.
[image: Table2]




3 Results


3.1 Demographic and socio-economic characteristics of household groups

The results of Table 3 indicated that the sex of household heads, education level of household heads, irrigation, access to extension services, membership in farmers’ organizations, and non- or off-farm activity between treatment and control groups were statistically significant. On the other hand, there was no statistically significant difference between the two groups in access to credit service, and access to information. Table 3 shows that of the total 331 households in the study, 261 (78.5%) were male households. The result also shows that the majority, 185 (58.2%) of households, have no formal education. Of these illiterate households, 100 (58.5%) were control households, and 94 (58%) were treated households. In addition, the results of the study illustrated that about 42.7% of control households and 33.4% of treated households had access to irrigation, respectively. Regarding the accessibility of credit, 53.7% of respondents from the treatment group and 53.2% of the control households had access to credit services, respectively. Regarding access to agricultural extension, the treatment and control groups’ percentage distributions were 40 and 61%, respectively.



TABLE 3 The statistical results of discrete variables.
[image: Table3]

Moreover, Table 3 revealed that 74.9% of control households and 56.2% of treated households were members of farmers’ organizations. The result of access to information (having a personal mobile) shows that 58.5% of control households and 66% of treated households had access to information. Furthermore, 37.7% of treated households and 14.7% of control households had non- or off-farm activity. The results of the chi-square test indicated that there was a significant difference between groups in sex of household head, access to extension, membership in farmers’ organizations, and non- or /off-farm activity at less than 1%, and the education level of household head and irrigation access at a 10% significance level, respectively.

Furthermore, Table 4 illustrated that there was a significant difference between the treatment and control groups in their household size, dependency ratio, farmland size, and tropical livestock unit (TLU). On the other hand, the result indicated that there was no significant difference between the two groups in age of respondents. The total sample household age ranges from 19 to 58, meaning that the respondents were between the ages of 19 and 58; the mean age is 39. This shows that the majority of the respondents are in productive age groups. The mean ages of the treated and control households were 38.80 and 40.07, respectively. This implies that younger people are in the treated groups. The average family size of treated and control sample households is 7.57 and 8.22, respectively, implying that relatively fewer families are in the treated households. In addition, the mean dependency ratio shows that for treated households it is 1.945 with a standard deviation of 1.30 and for control households it is 2.25 with a standard deviation of 1.42, respectively. The mean farmland size of treated households is 2.34 with a standard deviation of 1.34, and the mean farmland size of control households is 3.07 with a standard deviation of 0.96, respectively. The mean livestock holdings of the treatment and control households were 5.12 and 6.58 total livestock units (TLU), respectively. The t-test showed that there was a significant difference between the treatment and control groups in farmland size, and TLU at a less than 1% significance level, whereas the dependency ratio was at 5% and household size at a 10% significance level, respectively.



TABLE 4 Comparison of socioeconomic characteristics of the households by their groups.
[image: Table4]



3.2 Descriptive and summary statistics of food security status

The mean calorie consumption of treated and control households was 3,633.8 and 2,129.5 kcal/AE/day, respectively. The mean calorie consumption per day of treatment households is statistically greater than that of the control groups at a 1% significance level. The mean FCS of treatment and control households was 45.3 and 35.6, respectively. The mean FCS of treatment households is statistically greater than the FCS of control groups at a 1% statistically significance level. Table 5 also shows that the mean result of CSI is 11.7 and 16.57 for treated and control households, respectively. The mean CSI difference of treated households and control households is statistically significance at less than 1% level.



TABLE 5 The mean calorie consumption per day and FCS of households by household group.
[image: Table5]

According to the FEI method of measuring food security, out of the total sample of households in the study area (n = 333), 172 (51.65%) were food secure, and the remaining 161 (48.34%) were food insecure (Table 6). Thus, of the 162 treated households, 95 (58.6%) were found to be food-secure, whereas 67 (41.4%) were found to be food-insecure. On the other hand, out of 171 control households, 77 (45%) were found to be food secure, whereas 94 (55%) of the households were found to be food insecure. Moreover, Table 6 shows the results of households’ food security status using FCS as the treatment and control groups. The FCS cutoff given showed 95 (58.6%) of treated households were food secure because their FCS exceeded the 42 acceptable cutoffs, whereas 63 (38.9%) of the households had FCSs between 28.5 and 42, which made them borderline food secure, whereas 4 (2.5%) had FCSs below 28 and were food insecure. On the other hand, 59 (34.5%) of the control households had FCS of 42.5 and above, which are food secure; 79 (46.2%) of them had FCS between the range of 28.5 and 42, and hence, they were borderline food secure; and 33 (19.3%) of the control households have been poorly food secure.



TABLE 6 Food security status of treatment and control households using FEI and FCS.
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3.3 Propensity score matching estimates

We have used binary logit model to examine the propensity scores. For this model, we included about 13 variables as potential confounders. The model output shows that seven variables were significant (see Table 7). The positively significant variables were access to access to information at 10% significance, and on- non-farm activity at 1% significance level. The negatively related significant variables were sex of respondents at 1% significance level, the dependency ratio at 5% significance level, farmland size at 1% significance level, tropical livestock unit at 1% significance, access to extension service at 1% significance level, and membership in farmers organizations at 1% significance level.



TABLE 7 Binary logistic estimates for calculating propensity scores.
[image: Table7]


3.3.1 Matching treated and control households

This section of the study describes the distribution of propensity scores (Figure 2), the estimate of common support ratings (Figure 3) for the treatment and control households, and the performance requirements of the matching algorithms (see Appendix Table A2). In this model, the radius (0.25) confirms the best and most appropriate matching algorithm for the data, which yields a lower pseudo-R2 and a large matched sample size. Prior to matching being conducted, seven out of the 13 chosen variables showed a statistically significant difference, while after matching; all covariates showed a statistically insignificant difference (see Appendix Table A2). This supports the finding that the matching procedure significantly contributes to balancing the covariate distribution in the matched sample.

[image: Figure 2]

FIGURE 2
 Distribution of propensity scores. Source: Computed from survey data, 2023.


[image: Figure 3]

FIGURE 3
 The score estimation of the common support. Source: Computed from survey data, 2023.


After the models are estimated, it is crucial to check if the model assumptions actually hold. The performance criteria of the matching algorithms are evaluated using the distribution of the propensity scores and the score estimation of the common support of the treatment and control households in Figures 2, 3. Figure 2 shows that the treated sample (blue) and the control sample (red) are matching in the middle of the graph, so that the final sample that is used in the matching is very similar on average to the original sample. Additionally, the figure shows a high concentration of propensity scores for control households below 0.2, while there are a significant number of observations in the treated groups with propensity scores above 0.8.

Figure 3 demonstrates a high likelihood of obtaining good matches, with the propensity score distribution skewed to the left for treated households and to the right for controlled households. Out of the 333 households in the sample, 154 were treated households and 164 were control households that fell within the common support region (Figure 3). This means that 318 households fell within this range. To ensure adequate overlap in the characteristics of the treated and control groups, we removed seven observations from the control group (indicated in blue in Figure 3) and eight observations from the treated group (indicated in yellow in Figure 3). This adjustment was made to ensure sufficient matches for accurately estimating the effects on treated households while still maintaining the integrity of the common support region.



3.3.2 The average treatment effect on the treated (ATT)

The results of the ATT of the FEI, FCS, and CSI food measurement indicators are displayed in Table 8.



TABLE 8 ATT estimation.
[image: Table8]




3.4 Sensitivity analysis

We conducted the Rosenbaum bounding approach to analyze the sensitivity. The Rosenbaum bounding approach indicates a low likelihood of hidden bias, in the PSM (see Appendix Table A3). The Rosenbaum bound sensitivity analysis of the outcome showed that the impact of mining on food security of untreated households is not sensitive to hidden bias at p < 0.001.




4 Discussion

The literature and empirical evidence suggest that predicting the effects of mining projects on household food security is challenging (Wegenast and Beck, 2020). On the one hand, mining creates job opportunities; which can enhance the food security of households. However, on the other hand, the operations of mining projects can lead to the marginalization of farmers and also adverse effects on the health of affected communities, potentially impacting food security. Therefore, it is important to study the impacts of mining projects on household food security. This study examined the impact of mining projects on the food security of households in the Benishangul-Gumuz Regional state of Ethiopia. We used villages unaffected by mining projects as comparison (control) households because we did not have baseline data available for treated households before the investments. Both descriptive and econometric models were used to analyze the impacts of mining projects on households’ food security. The study’s results indicated that living near mining projects positively impacted household food security in terms of availability, utilization, and stability, as evidenced by multiple food security indicators (FEI, FCS, and CSI).

The first measurement used to assess food security in this study was the Food Energy Intake (FEI) approach, which evaluates the availability of food within households. The measurement revealed a lower percentage of food shortages in areas affected by mining projects (treatment) compared to unaffected areas (control households). According to the FEI method, 58.6% of treated households were food-secure, while only 45% of control households were. Thus, treated households displayed higher levels of food security according to the FEI indicator. However, the study found that approximately half of the total sample respondents experienced food insecurity. Treated households consumed an average of 3,607.20 kcal/AE/day, while control households consumed only 2,199.86 kcal/AE/day. The average ATT differences indicated that treated households consumed approximately 1,407.34 kcal more per adult per day than control households. The ATT findings validated that mining projects had a statistically significant positive impact on the food security of the host community, as assessed by the FEI indicator, with a significance level below 1%.

This study demonstrated that the presence of these projects led to an increase in household food availability in the BGR. This enhancement can be attributed to the development of essential infrastructures, including, roads, markets, and other physical amenities. Haile et al. (2024b) contend that mining projects have significantly improved the basic physical needs and amenities of host community in the region. This aligns with Yadav et al. (2019), who found that the presence of industrial mining operations increased food availability for impacted households compared to non-impacted households. However, the effects of mining projects on food availability may vary by gender and ownership type, as indicated by Wegenast and Beck (2020). Their research suggests that while mining projects can boost food availability for male households, they may have a negative impact on female-headed ones. Additionally, domestic mining projects tend to have a more positive effect on food availability than those foreign companies.

Furthermore, the study by Bekele et al. (2021) emphasizes how large-scale investments, such as agricultural projects can contribute to improved food availability by improving road infrastructure and increasing market accessibility. These findings collectively suggest that the presences of these projects enhance food availability of households due to the improved infrastructures and improved market accessibility. However, it is crucial to consider the potential gender based disparities and the influence of ownership type when assessing the impacts of mining on food availability.

The food consumption score (FCS) was the second food security measurement used in this study to assess household food utilization. The FCS measurements revealed that treated households had higher levels of food security than control households. Of the treated households, 58.6% were food-secure, while only 34.5% of control households achieved food security. Additionally, only 2.5% of treated households and 19.5% of control households were categorized as poor regarding their food security status. These results indicate a significant difference in food security between treated and control households when using FCS measures. Furthermore, the mean FCS for treated households was 45.16 per week, whereas control households had an average FCS of 36.62 per week. The average ATT differences revealed that treated households had 8.54 more FCS per week than control households did. Regarding the FCS food security indicator, the findings show that treated households had better food security compared to control households. The ATT results confirm that mining projects have a statistically significant positive influence on the food security of the host community through FCS measurements, with a significance level of less than 1%. Therefore, the study suggests that mining projects improve household nutrition quality.

The study demonstrates that mining projects significantly enhance the food utilization of households in the BGR. This improvement can be attributed to the employment opportunities by small-scale mining project initiatives, which provide households with additional income to purchase food. Furthermore, the establishments of market driven by these projects have facilitated greater access to food, thereby increasing overall consumption levels. Hlatshwayo et al. (2023) supports this finding, noting that improved market access and participation positively influence food consumption score. Similarly, a research by Fitawek and Hendriks (2021) found that employment opportunities created by large-scale agricultural investments lead to increased household food consumption score of the host community. However, this findings contradict with the study conducted by Guyalo et al., 2022, which found that large-scale agricultural investments negatively affected the food consumption score in some contexts. This discrepancy highlights the complex and context dependent nature of relationships between investment type and consumptions scores.

Finally, the third food security measurement used for this study was the coping strategy index (CSI). The CSI serves as a measure of food vulnerability or stability within households. The study revealed that treated households had a lower CSI compared to control households, based on the CSI food measurement method. The mean CSI of treated households was 11.77 CSI/month, while control households had 15.02 CSI/month. The differences indicated that treated households had a CSI up to 3.24 units lower than control households. This indicates that treated households relied less on coping mechanisms for food shortages, indicating a higher level of food security. In both mining and non-mining areas, the most commonly adopted strategy for dealing with food shortages was to rely on less preferred and cheaper food options. The ATT findings support the notion that mining investments have a statistically significant positive impact on the food security of the host community, as assessed by the CSI indicator at a significance level of less than 1%. Therefore, the study conclusively demonstrates that treated households exhibit greater food stability compared to control households.

The study shows that mining projects significantly enhance food stability and lower the household coping index in the BGR. This improvement results from increased employment opportunities and livelihood diversification linked to mining activities. Haile et al. (2024a) note that wage employment in small-scale mining and entry-level positions in large-scale mining lead to higher average household incomes in the region. Furthermore, Haile et al. (2024b) argue that these projects improve both the financial and physical capital of households by creating wage employment opportunities and developing physical infrastructure. Consequently, households gain better access to resources, positively impacting food stability and overall wellbeing.

This study suggests that living proximity to mining projects leads to a decrease in the coping index of households. This may be due to the fact that working for mining companies lowers the CSI of households. These results align with the findings of Fitawek and Hendriks (2021), who also observed that employment in large-scale investments reduces the coping index of households. However, Bekele et al. (2021) conducted a study and concluded that the proximity to large-scale agricultural investments in rural areas has no impact on the coping strategies of households.

Overall, the study found that mining projects positively affect the food security of surrounding households, as evidenced by the three food security measurements: food availability, utilization and stability of households increase with the presence of mining investments in the study area. The empirical findings suggest that the presence of mining projects contribute to household food security, supporting the notion that such investments contribute significantly to the wellbeing of local communities. This aligns with a research by Yamarak and Parton (2021), which found that mining projects in Papua New Guinea improved the food quality and security of indigenous communities. Similarly, Yadav et al. (2019) highlighted that households in non-affected villages faced a 40% higher risk of food shortage compared to households in mine-affected villages in the coal mining industry. This phenomenon is largely attributed to the increased employment opportunities in mining regions, which enhances household disposable income at the expense of local agriculture production.



5 Conclusions and policy implications

This article examines the impact of mining projects on food security of households in the Benishangul-Gumuz Regional State of Ethiopia. Existing empirical evidence suggests that the impact of mining projects on household food security is a subject of debate. Therefore, studying the impacts of mining projects on food security is important. To mitigate potential bias from unobserved factors that affect both the treatment and outcome variables, such as livelihood and food security indicators, we used a propensity score-matching (PSM) econometric model.

From this background, we estimated the impact of mining projects on households’ food security in the BGR. We used a total sample of 333 households, including 162 from communities with mining projects (treated households) and 171 from communities without mining projects (control households). We conducted PSM to protect against selection bias and misleading results caused by unobservable factors that affect the treatment and outcome variables, such as food security indicators.

The descriptive result indicates that, compared to control households, treated households are better off in terms of mean total FEI and FCS and lower CSI. As well, the ATT result indicates that treated households had 1,404.45 kcal more per adult per day and 8.52 more FCS per week than control households did. Furthermore, the ATT result shows that treated households have a CSI that is up to 3.22 lower than the CSI that control households had. The study result shows that in all food security indicators, the mean ATT difference between treated and control groups is statistically significant at a level of less than 1% significance. This shows that, in all measurements of food security, mining projects affected food security positively.

These results can be attributed to the contributions of mining investments to economic development through the generation of employment opportunities, both directly and indirectly. The influx of mining-related income enhances the purchasing power of households, enabling them to acquire a more diverse array of foodstuffs. Moreover, the economic stimulus provided by these investments can lead to broader improvements in infrastructure services, facilitating greater access to markets and food distribution networks.

The positive impacts on food security are further amplified by the multiplier effects of mining investments. As mining-related income is spent and circulated within the local economy, it generates additional employment and income opportunities, known as indirect and induced effects. This economic ripple effect contributes to the overall improvement in household food security in the study area.

In conclusion, the findings underscore the potential of mining investments to positively impact food security by increasing income, diversifying food sources, and improving access to markets. However, it is crucial to note that these benefits are not automatically guaranteed and may vary depending on the specific context and implementation of mining projects. Policymakers and stakeholders should strive to maximize the positive impacts of mining investments on food security while mitigating any potential negative consequences through comprehensive and inclusive development strategies.

The outcomes of our study provide two recommendations concerning policy implications. First, the positive effects of mining projects on livelihood outcomes shows that the government’s mining investment is desirable and needs to expand and attract potential investors in BGR and Ethiopia. The second policy recommendation is that Ethiopia needs to establish appropriate institutional, legal, and policy frameworks to mitigate the adverse effects of extractive mining investments that should align with local sustainable development.



6 Limitations and future research

This study has several limitations. One significant limitation is the absence of baseline data on key household livelihoods and the nonrandom selection of respondents. These issues affect both the results and the application of the experimental research design. To address these limitations, the researcher could have utilized a more robust methodology, such as an experimental research design, which would have yielded more accurate results for this dissertation. Future research should incorporate baseline data, employ a longitudinal research design, and adopt experimental approaches to enhance the validity of the findings. Additionally, another limitation of this study was the small sample size used for the survey and focus group discussions (FGDs). This constraint may influence the study’s results. Future researchers should consider using a larger sample size and broader geographic area to mitigate such limitations.
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Appendix A



TABLE A1 Coping strategies against food insecurity.
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TABLE A2 Comparing the performance of matching algorithms.
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TABLE A3 Sensitivity analysis using the Rosenbaum bounding method.
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Variables Control (N = 171) Treated (N = 162) Total (N = 333) T-value for

mean difference

Mean Std.dev Mean Std.dev Mean Std.dev.
Age of household head 4007 825 3880 807 3945 817 141
Household size 822 209 7.66 245 795 229 2250
Dependency ratio 225 142 1945 130 210 137 203+
Farm land size in Ha 307 096 234 135 272 122 s71ee
Tropical lvestock unit 301 069 275 093 288 082 29194+

#%, %%, Indicate significance at 1 and 5% level, respectively.
Source: Computed from survey data, 2023,
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Education level of —=0.1061 0.1334. —0.80 0427
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Dependency ratio -02343 01139 206 0.040%
Farmland size ~0.5867 0.1341 -437 0.000%#*
Irrigation access —0.3268 03243 -1.01 0314
“Tropical livestock —0.5135 0.1934 -265 0.008%+*
unit.
Access to credit 03289 02827 Ll6 0245
Access to 0.5860 0.3091 1.90 0.058*
information
Access to extension -1242 0.2828 —439 0.000%+*
service
Membership in -1.095 03145 -348 | 00007

farmers organization
Off/non-farm activity 1616 03676 440 0.000%#
Constant 6.687021 1.286947 520 0.000%#

¥*%p < 0,01, **p < 0.05, *p < 0.10, Logistic regression number of obs = 333. LR chi2
(13) = 133.34; Prob > chi2 = 0.0000. Lo likelihood = ~164.02649 Pseudo R = 0.2890.
Source: Computed from survey data, 2023,
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Dependent variable

Treatment Dummy
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Food Energyintake  Continuous
Food Consumption  Continuous
Score

Coping Strategy Index |~ Continuous
Covariates

Sex Nominal
Age Continuous
Education Ordinal
Household size Continuous

Dependency ratio Continuous

Farmland size Continuous

Irrigation access Dummy

Tropical livestock unit  Cont

nuous

Dummy
Access to information | Dummy
Access to extension Dummy
service

Membership in Dummy
farmers organization

Non-/ off-farm activity | Dummy

Variable descripti

Household that are affected by mining

projects is coded as 1, 0 otherwise

Daily Keal per adult equivalent

A composite score of FCS of
households

Composite Score of CS1 of the
household

Households with male-headed
houschold are coded 1,0 otherwise
Household head age in years
Ifhousehold head is Illiterate = 1, Only
read and write = 2, primary

education = 3, Junior school = 4 and
secondary school and above = 5

‘The total number of family members in
the household

Ratio of labor force over dependent
family member

Land size (hectares)

Household with access to irrigation are
coded 1,0 otherwise

Livestock holdings in tropical livestock
unit (TLU)

Household with access to credit are
coded 1,0 otherwise

Households with access to mobile
phones are coded 1,0 otherwise,
Household with access to extension
service are coded 1,0 otherwise
Household with member of farmers

organization are coded 1,0 othery

Household that had off-farm or non-

farm activity are coded 1,0 otherwise

Source: Researcher expectation based on theory and empirical findings, 2023,
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Districts Kebeles Households Sample size

Treatment Control Treatment Control

Menge Shegol 435 4

Bane 350 35

Alimetema 385 39

Abora 495 49
Buldigilu Beletseri 550 55

Campodisha 365 37

Billanjaro 555 55

Bellaganda 365 37
Total 1,700 1,800 71 180

Source: Benishangy Region Bureau of Finance and economic Development (BGRBOFED) (2022).
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N
Sex of respondents
Male (1) 150
Female (0) 2
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literate (1) 100
Read and Write (2) 2
Primary School (3) 12
Junior School (4) 2
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Irrigation access
No (0) 9
Yes (1) 73

Access to credit

No (0) 80
Yes (1) 9

Access to extension

No (0) 67
Yes (1) 104
Access to information

No (0) 71

Yes (1) 100
Member in farmers organization

No (0) 43

Yes (1) 128
Non- or off-farm activity

No (0) 146
Yes (1) 25

52, %%, * Indicate significance at 1,5, and 10% level,respectively:
Source: Computed from survey data, 2023.
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