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Abstract 

This paper develops a Vulnerability to Food Insecurity Index (VFII). Currently, there is no 

standard indicator of vulnerability analysis in food security research, and this paper responds 

to this challenge. The primary objective in this paper is to demonstrate how to develop a 

potential indicator and establish its validity through comparison with other traditional food 

security indicators, such as per capita calorie consumption (PCC), food consumption score 

(FCS) and the coping strategy index (CPI). Structurally, Vulnerability to Food Insecurity 

Index is a multidimensional index of the probability of covariate shock occurring (exposure), 

the accumulative experience of food insecurity (sensitivity) and coping ability of households 

(adaptive capacity). The paper applies the index to households in southern Nigeria, using the 

World Bank’s generalised household panel dataset. The results show 61% of households in 

the study to be highly vulnerable to food insecurity, 12% mildly vulnerable and 27% not 

vulnerable. Traditional and single indicators, such as FCS and PCC are not good indicators of 

vulnerability to food insecurity whereas CPI is a better indicator of vulnerability to food 

insecurity compared to FCS and PCC. The VFII developed in this paper includes components 

of FCS, PCC, and CPI and regarding ranking, the VFII was found to be reliable. Most 

importantly, the analysis using the VFII reveals how dietary diversity or calorie consumption 

indicators can exclude some households who are vulnerable to food insecurity. The paper 

concluded that accurately target long-term support to vulnerable households, policymakers 

who seek to address the underlying causes of food insecurity cannot rely on single indicators, 

and for this type of goal, the VFII makes a useful contribution.  

 

Keywords: food vulnerability, vulnerability, food security, vulnerability measurement, 

index,  
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1. Introduction 

There has been growing concern about food insecurity crises globally, which has rekindled 

the interest of researchers and policymakers to provide improved disaster risk reduction 

planning, prediction, and targeting of support to the food vulnerable. This is a complex 

challenge, with over 1 billion people estimated to suffer from micronutrient deficiencies and 

insufficient dietary energy availability (Barrett, 2010) and a combination of factors operating 

across multiple scales to influence individual’s food insecurity (Vaitla et al., 2017). To 

accurately target limited resources, better predictive models are needed that measure these 

subjective aspects of food security, including vulnerability (Vaitla et al., 2017). Food security 

definition is widely accepted as a situation that exists “when all people, at all times, have 

physical and economic access to sufficient, safe and nutritious food that meets their dietary 

needs and food preferences for an active and healthy life” (FAO, 1996). This definition 

emphasises the multidimensional nature of food security and any holistic model to measure 

food insecurity needs to reflect this. However, designing holistic models are difficult, and as 

a result, there is no one standard model available.   

 

Maxwell et al. (2013) argue that single measures or indicators of food security are therefore 

commonly used for assessment of “access”, but these consider only current access to food 

without a good understanding of the wider risks that households face. For example, per-

capita caloric intake has been used as a “gold standard” to measure food insecurity at the 

household level especially for rapid assessment needs (Maxwell et al., 2014). However, while 

per capita calorie intake will reflect current consumption, it will not reflect other more 

complicated elements of food insecurity, like quality, vulnerability and risks, or fluctuations 

and trends in consumption over time and therefore not provide an understanding of how to 

manage long-term or seasonal vulnerability. Moreover, using single indicator can result in 

underestimation and misclassification of possible food insecure households (Vaitla et al., 

2017). The ease of data availability is one among many reasons why single indicators are 

easily used. However, the problem of underestimation and misclassification commonly 

associated with single indicators means that the better option is using multidimensional 

indicators such as VFII although this require a huge data availability.  

 

As a result, policymakers often have incomplete information available during planning 

decisions. Capaldo et al. (2010) have emphasised that policy should be designed to address 
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this uncertainty and provide a range of risk management options to support different 

household needs.  This emphasis reflects the importance of including vulnerability analysis in 

any assessment of food insecurity. However, applying the concept of vulnerability to food 

insecurity assessment is relatively new, and few studies have focused on it (Bashir and 

Schilizzi, 2012). A standard model for vulnerability analysis in food insecurity has not yet 

been developed, even though different analytical methods exist (Capaldo et al. 2010). The 

problem is further compounded as the literature on vulnerability argues that the concept is 

relative and therefore difficult to measure (Hinkel, 2011; Moss et al., 2001). A further 

challenge is that there is no official goal for measurement, so researchers use similar but 

slightly different approaches for different aspects of the problem. This can lead to different 

interpretations of the nature of the problem and can result in policy responses that are 

ineffective in the long-term or exclusionary for some households.  

 

This paper seeks to contribute to this gap in knowledge by presenting how it is feasible to 

develop a prototype food insecurity indicator that is based not only on current consumption, 

wealth or income levels but also incorporates a vulnerability dimension. This indicator is 

called the Vulnerability to Food Insecurity Index (VFII) and is a multidimensional index that 

measures household’s food insecurity and vulnerability. In doing so, it considers the risk and 

uncertainty associated with food insecurity by reflecting on how food-related shocks 

influence food vulnerability for a household.  The VFII also provides an improved 

methodology for food insecurity analyses and serves as a better tool to accurately profile 

vulnerable households for cost-effectively targeting of interventions. The primary objective 

of this paper is to present how the VFII was developed and to establish its validity, by 

comparison with other traditional indicators. We ask to what extent is this index better 

captures components of food insecurity and vulnerability as compared to traditional measures 

of food insecurity? The VFII can be compared with results from per capita food 

consumption, food consumption score and coping strategy index. An uncertainty and 

sensitivity analysis on the VFII can be performed to test its robustness on assumptions used 

in the model. The next section provides an overview of the current debate in the literature, in 

particular, conceptualisations used to understand and assess food insecurity and vulnerability. 

Section 3 outlines the methodology used, and section 4 summarises the sensitivity and 

robustness analysis, with sections 5 and 6 presenting the results, discussion and conclusions. 
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2. Conceptualising vulnerability to food security  

There is an extensive discourse on food insecurity and vulnerability in the literature, and this 

section is restricted to illustrating how these conceptualisations of vulnerability to food 

insecurity have guided this research, and how approaches related to these different views can 

be used to operationalise vulnerability.  

2.1 The value of understanding contextual vulnerability for food insecurity 

assessment 

 

Vulnerability is commonly defined as the degree to which a system is likely to experience 

harm due to hazards (Villagrán de León, 2006). Food vulnerability exists when food-related 

shocks stress a household’s ability to acquire safe and nutritious food. This stress emanates 

from the biophysical and socio-economic systems operating across multiple scales to 

influence the household. Outcome vulnerability and contextual vulnerability can be explored 

to understand these systems, but each comes from a different focus and uses a different 

approach. 

 

According to Fellmann (2012), outcome vulnerability is based within the natural sciences, 

most recently as a result of interest in climate change outcomes and uses future model 

scenario as a basis for analyses. It concerns itself primarily with biophysical changes in a 

closed system, with a boundary between nature and society. As a result, the role of socio-

economic components in ameliorating the effect of risk is not explicitly included. 

Accordingly, a system considered to be vulnerable will be that which will experience the 

most dramatic physical changes. Those who adopt a focus on outcome vulnerability adopt a 

more closed system approach in their attempts to operationalise vulnerability. For example, 

econometric approaches are inductive and try to use both secondary and primary data of a 

specific system or unit to come to conclude the level of harm (Hinkel, 2011; Singh, 2014).  

The use of statistical models heavily relies on the availability of data, with cross-sectional, 

repeated cross-sections and longitudinal data most commonly used. However, the best-suited 

data for micro-vulnerability analysis is panel or longitudinal data (Hoddinott and 

Quisumbing, 2003; Hoogeveen et al., 2004; Chaudhuri et al., 2002; Günther and Harttgen, 

2009). Panel data has advantages because it gives a more precise estimation of change in 
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variables means, provides accurate data on past events, is cheap to collect for selected 

individuals over a specific period and is suitable for fixed effect analysis, enabling the 

researcher to have control over time-invariant variables (Hoddinott and Quisumbing, 2008).  

Examples of econometric models used in vulnerability analysis include  structural dynamic 

models (Elbers and Gunning, 2003; Scaramozzino, 2006), three-stage feasible generalized 

least square (Chaudhuri et al., 2002; Capaldo et al., 2010; Adepoju et al., 2011), multilevel 

analysis (Günther and Harttgen, 2009), Value at Risk (Scaramozzino, 2006), limited-

dependent variables (Scaramozzino, 2006; Corral et al., 2015),  instrumental variable 

estimation (Karfakis et al., 2011), generalized maximum entropy (Corral et al., 2015), and 

two-stage least square (Christiaensen and Boisvert, 2000). The main strength of this approach 

is the ability to estimate vulnerability for a future period (Elbers and Gunning, 2003) but the 

method is dependent on reliable panel data. According to Chaudhuri et al. (2002), panel data 

is not readily available in most developing countries and, when available, it often has 

unrepresentative cross-sectional components reducing its usefulness for policy analyses. 

 

By contrast, taking a contextual vulnerability perspective develops an interest in multiple 

factors that shape the socio-ecological system and requires the researcher to adopt a 

multidisciplinary approach (Adger, 2006; Berkes and Folke, 1998). Contextual vulnerability 

therefore includes both the biophysical and assessment of the socio-economic drivers of 

vulnerability, including social marginalization, economic inequality, available household 

food and resource entitlements, the effectiveness of local and broader support institutions, 

economic and political systems (Cardona et al., 2012; Adger, 2006; O'Brien et al., 2007). 

This approach helps us to understand which social groups or regions tend to be more 

vulnerable to food insecurity (O'Brien et al., 2007), making this approach highly relevant to 

conceptually underpin the development of a more holistic vulnerability to food insecurity 

index. This approach can be operationalised using a vulnerability index methodology of the 

observable variables and uses a deductive approach. To define the state of vulnerability of a 

system, the index method can apply a concept, framework or model for the selection of 

variables. Examples include IPPC (2007) characteristics of exposure, sensitivity and adaptive 

capacity (IPCC 2007) and a sustainable livelihoods framework (Hahn et al., 2009b; Singh, 

2014). A weakness of this approach is that the frameworks do not provide arguments for 

aggregation of variables and, thus, researchers resort to using different aggregation 

approaches to produce a vulnerability index. 
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Nevertheless, this method has helped to reduce complex variables with different variability to 

single figure for ease of interpretation and comparing the result.  Abson et al. (2012) argue 

that information is lost during aggregation.  Despite not capturing the forward-looking aspect 

of vulnerability, it is applied as a development and adaptation planning tool (Hahn et al., 

2009b). The index method can be used to construct vulnerability maps, offering guidance 

about areas needing either urgent response or longer-term support to reduce vulnerability to 

food insecurity. These maps of hotspots reflecting locations with high exposure and 

sensitivity but adaptive capacity (de Sherbinin et al., 2014). 

2.2 Household vulnerability to food insecurity 

 

The vulnerability of a household to food security can be understood as its exposure, 

sensitivity and adaptive capacity (IPPC, 2007; McCarthy et al., 2001; Antwi-Agyei et al., 

2012) (Figure 1). Exposure refers to food-related shocks that affect household access to safe 

and nutritious food and is widely defined as the degree to which a system faces risk, shock or 

hazard (Antwi-Agyei et al., 2012; Fellmann, 2012; IPPC, 2001). When shocks occur, these 

affect different levels of a system. A covariate shock has the same effect across households, 

community or a nation while an idiosyncratic shock can occur at the household level and the 

effect may differ from one household to another (Lovendal and Knowles, 2005).  Food-

related shocks threaten household food availability. For instance, the frequency and intensity 

of a drought or flood can threaten food supply and trigger food crisis for households. 
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Figure 1: Vulnerability to food insecurity conceptual framework

 

 

The occurrence of food-related shocks causes households to make use of their assets and 

initiate a series of loss management strategies to improve their household food security. 

Using a vulnerability lens, the ability of the household to respond is referred to as its adaptive 

capacity. We define adaptive capacity as the ability of households to successfully adjust to 

the effect of food-related shocks through coping mechanisms (Engle, 2011). A household 

with high adaptive capacity will likely stand a better chance of adjusting to food 

vulnerability. Adaptive capacity is widely accepted as a positive attribute in reducing the 

vulnerability of a system (Polsky et al., 2007; IPPC, 2007). Of course, households when 

exposed continuously to shocks; they make use of the assets to manage the stress induced by 

the shock. Households with more assets and better livelihood opportunities generally 

translate into those with greater long-term food security (Woller et al., 2013). Households 

who can use only a small portion of their available assets will retain their ability to respond to 

future challenges. 

 

In contrast, already impoverished and food insecure households may need to make use of a 

more significant proportion of available assets yet may still fail to secure adequate access to 

food. If assets and means of livelihood cannot manage the shock, households begin to employ 



9 

 

more desperate coping mechanisms. Over time this causes households to move in and out of 

distinct levels of food insecurity such as chronic, transitory, cyclical or temporal food 

insecurity. In the food security literature, these cascades of food insecurity can be considered 

as the level of food stability, and in the vulnerability literature, this is referred to as 

sensitivity. Sensitivity in this context can mean the underlying vulnerability of a household to 

be able to respond as a result of food shocks (Fellmann, 2012). It is also considered the 

degree of responsiveness of a system to stress (IPPC, 2001).  The component of sensitivity 

represents the first order effect of food shocks in households (Hahn et al., 2009b; Antwi-

Agyei et al., 2012) and the sensitivity component can be used in a vulnerability to food 

insecurity index to mean previous or accumulative experience of food insecurity, such as 

stunting, child mortality, and hunger within the household. For example, undernourished 

mothers can give birth to children with low birth weight, while malnourished children tend to 

experience reduced cognitive ability, which affects their educational attainment. Adopting 

this understanding avoids the confusion commonly found in vulnerability literature on the 

distinction between adaptive capacity and sensitivity. 

 

Finally, the response of a household to a shock will lead to several outcomes in the food 

vulnerability continuum. This outcome can be used to classify households into different 

groups of food vulnerability. These groups are households that are highly vulnerable to food 

insecurity, mildly vulnerable households and households that are not vulnerable to food 

insecurity.  

 

Taking a contextual vulnerability approach and drawing on the framework of vulnerability to 

food insecurity determined through indicators of exposure, adaptive capacity, and sensitivity, 

we seek to determine how better to operationalise a multi-dimensional index.   

 3. Methodology 

In this section, we present the design of the vulnerability to food insecurity index (VFII), the 

redefined exposure component and how traditional indicators of food insecurity were used to 

compare the strength and weakness of the new composite index. We also briefly present the 

uncertainty and sensitivity analysis performed on the VFII. 

3.1 Construction of the Vulnerability to Food Insecurity Index 
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The conceptual framework for household vulnerability to food insecurity was applied (as 

outlined in section 2) to design a VFII that has three main components: exposure, sensitivity 

and adaptive capacity. Using panel data from the Nigerian Living Standard Measurement 

Survey (NBS, 2015; NBS and LSMS, 2015; World-Bank and NBS, 2015; World-Bank and 

NBS, 2014), indicators and variables were selected based on the components from the 

framework.  Table 1 categorises the VFII components and related indicators from the 

Nigerian Living Standard Measurement Survey. Further details of these indicators can be 

found in Table C, located in Appendix A.  

 

After selecting each variable to represent an indicator as shown in Table 1, we proceeded to 

normalize these variables.  

 

Table 1: Indicators and variables used for the Vulnerability to Food Insecurity Index 

Index Dimension Indicators Description of variables 

 

 

Exposure 

(probability of 

covariate shocks 

occurring) 

 

Health shock Illness of income earning member 

Unemployment shock Job loss 

 Civil conflict shock Theft of crops, cash, livestock or other 

Kidnapping/Hijacking/robbery/assault 

Agro-climatic shock Poor rain that caused harvest failure 

Flooding that caused harvest failure 

Food price shock Increase in price of major food items consumed 

Sensitivity 

Previous/accumulative 

experience of food 

insecurity 

Malnutrition Length/height-for-age (stunting) 

Child mortality Total number of children dead in each household 

Hunger Total number of days’ households gone without eating 

any food. 

 

 

 

 

Adaptive Capacity 

how household 

respond, exploit 

opportunities, resist or 

recover from food 

insecurity shocks 

Wealth Index Household assets used to assess information 

Mobility assets used in households 

Livelihood assets own by households 

Housing structure characteristics 

Access to infrastructure Household distance to nearest major road (km). 

Household distance to nearest market (km). 

Time taken to walk one way to the water source from 

household dwelling (minutes). 

Livelihood activities Total income from savings, rental of properties and 

other types of income. 

Estimated revenue from non-farm enterprises 

Total yield of crops harvested (kg) 

Household literacy Cumulative years of schooling for household heads or 

closest individual1 in the household. 
1This is the next individual in the household if education is missing for the household head, who has the highest 

level of education, and at least five years of schooling. If educational qualifications are the same for more than 

one individual, the most senior individual in age is used. 

 

 

We normalised variables to ease comparison and for all variables to have an equal unit 

(OECD, 2008).  We used the min-max normalization method shown in equation 1.  
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𝐼𝑉𝐹𝐼𝐼 = 
𝑋𝑓𝑣𝑖 − 𝑋𝑚𝑖𝑛 

𝑋𝑚𝑎𝑥 − 𝑋𝑚𝑖𝑛
…………… ..  [1] 

Where 𝑋𝑚𝑎𝑥 and 𝑋𝑚𝑖𝑛 are the minimum and maximum values of the normalised  

vulnerability to food insecurity index (𝐼𝑉𝐹𝐼𝐼 ) and having the values lying between 0 (laggard) 

and 1 (leader), respectively (UNDP, 2007; Hahn et al., 2009b; OECD, 2008; Singh, 2014; 

Freudenberg, 2003). 

The next step we generated a weight for these variables. Four methods exist in literature that 

is used to assign weight to variables: by quality of data (OECD, 2008), expert opinion 

(Brooks et al., 2005; Malcomb et al., 2014; de Sherbinin, 2014; Singh, 2014), equal 

weighting (Lucas and Hilderink, 2005) and statistical method such as principal component 

analysis (Gbetibouo et al., 2010; Madu, 2012).  We used both equal weights and unequal 

weight (using principal component analysis) for the VFII variables (for detail discussion on 

weights applied in this paper see Appendix B). However, after performing uncertainty and 

sensitivity analysis, we adopted equal weight for the index (see Appendix B). So, each 

component of the VFII was assigned equal weights. 

 

Finally, to compute the VFII score we used the aggregation method shown in equation 2. 

Where 𝐸𝑖 is the exposure index, 𝑆𝑖 is the sensitivity index and 𝐴𝐶𝑖 is adaptive capacity index. 

𝑉𝐹𝐼𝐼𝑖 =∑𝐴𝐶𝑖  − (∑𝐸𝑖 +  ∑𝑆𝑖)                                           (2) 

Households with lesser and negative VFII composite values are more vulnerable to food 

insecurity compare to households with higher and positive VFII composite scores. In other 

words, the higher the composite value of VFII, the lower the vulnerability impact on 

household food security.  

3.2 VFII threshold 

 

A household can be highly exposed or sensitive to food insecurity, but this is not a sufficient 

condition to say that this household is vulnerable to food insecurity. Thus, a vulnerable 

household is one in which their adaptive capacity is too low to help such household adjust 

successfully to the stress caused by exposure and sensitivity. We defined our VFII threshold 

as a point where household adaptive capacity is higher than the combined effect of exposure 

and sensitivity. Given that the VFII has three components which are equally weighted, each 
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component has a weight of 0.33.  In other words, each component represents 1/3 dimension 

of vulnerability. 

Mathematically, when: 

 (E+S) > AC, such household is said to be vulnerable to food insecurity 

 (E+S) < AC, such household is not vulnerable to food insecurity 

From the understanding of this mathematical notation, at what point can we say that a 

household is vulnerable or not vulnerable to food insecurity using our VFII composite score? 

A household will be at two points: 

 First, is when a household VFII composite score is less than 1/3 mean of total VFII 

composite score for all households. At this point, a household is severely vulnerable 

to food insecurity. 

 Second, is when a household VFII composite score is less than 2/3 mean of total VFII 

composite score for all households and greater than 1/3 mean of total VFII composite 

scores. At this point, a household is vulnerable to food insecurity (Table 2).  

Using this threshold method will provide a cut-off point that is meaningful and reflect 

different vulnerability stories from the sample bearing in mind that vulnerability is context 

and place specific. Using the aggregation method in equation 2 to compute our VFII, the 

index composite score responds to positive values, and the magnitude is in ascending order. 

That is vulnerability ranges from a positive value to a negative value. The more positive the 

score, the less the households are vulnerability to food insecurity and vice versa.  We then 

used this score to categorise households into three different food vulnerability groups.  The 

first group are households that are highly vulnerable to food insecurity. These are households 

in dire and worst level of food insecurity and vulnerability, and their composite score is less 

than or equal to -0.0530 (see Table 2). The next group are households that are mildly 

vulnerable to food insecurity. Their composite score is higher than -0.0530 but less than -

0.0265. The last group are households that are not vulnerable to food insecurity. The 

composite score is higher than -0.0530.   

Table 2: Threshold for VFII, FCS, CPI and PCC 

Food security 

Indicators 

Classification Description Range Remark 

 

VFII 

1 Highly vulnerable <= -0.0530 The higher the 

score, the better 2 Mild vulnerable > -0.0530 & < -

0.0265 

3 Not vulnerable > 0.0530 

 1 Poor 0 – 28  The higher the 
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FCS 2 Borderline 28.5 – 42  score the better 

3 Acceptable > 42 

 

 

CPI 

1 Least severe 0 – 2  The lower the 

scores, the 

better 
2 Moderately severe 3 – 12   

3 Severe 13 – 40  

4 Most severe > 40 

 

PCC 

0 Poor consumption < 2360 kcal/day The higher the 

score the better 1 Acceptable 

consumption 

>= 2360 kcal/day 

 

 

3.3 Redefining the exposure component of the VFII 

 

The exposure as define by IPPC (2007) is the occurrence of shocks that affect household 

food security. Invariably, this component of food vulnerability index is mostly characterised 

by its intensity and duration (Krishnamurthy et al., 2014). One weakness of this definition is 

that the occurrence of a shock does not necessarily mean that it could be used as an indicator 

of exposure for a given geographical area. For example, the occurrence of malaria in a 

household does not necessarily indicate that households in this area are more exposed to 

malaria. Because of this, we redefine exposure to mean the probability of occurrence of a 

shock. Consider that a household is standing on a precipice (precarious state of food 

insecurity), the exposure, in respect to this scenario is the probability of this household 

receiving a shock or a push which could further lead to a major fall into a more dangerous 

food security situation. Using this concept, the exposure variables used in this research is 

rather from the enumeration area (community level) and not the household level. In other 

words, the research derived exposure from household data by looking at the proportion of 

households in each enumeration area that report that they have been affected by the 

occurrence of selected shocks in the past five years. The shock with the highest percentage is 

now used for that enumeration area.  For examples, if 50% of households in Abak (an 

enumeration area in Akwa Ibom state) reported that they had been most affected by an 

increase in prices of major food commodities consume, then households in this area is prone 

to food price shocks. Thus, using this information, all households in this area are given the 

value of 50% to represent food price shock irrespective of that fact that they might or might 

not experience this shock. The reason for doing this is because there is no macroeconomic 

data on the prevalence of selected shocks used in this research. 
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3.4 Data 

 

The dataset used for this research is General Household Survey Panel (GHS-Panel), which is 

a Living Standard Measurement Study (LSMS) survey from the World Bank. The dataset 

contains a panel component (GHS-Panel) which is a randomly selected sub-sample of 5,000 

households from a cross-sectional survey of 22,000 households carried out annually 

throughout Nigeria.  The dataset contains information on human capital, economic activities, 

access to services and resources, food security and additional information on agricultural 

activities and household’s consumption are collected from the panel households. As at the 

time this research was carried out, the GHS-Panel had two waves:  the first wave (2010-

2011) and second wave (2012-2013). In each wave, visits are carried out within two periods 

to panel households. The first period is the post-planting visit in August-October 2010 (wave 

1) while September - November 2012 (for wave 2) and the second period is the post-harvest 

visit in February-April 2011 & 2013 for both waves respectively. A onetime visit is carried 

out for the cross-section along with the post-harvest visit to the panel households (NBS, 

2015; NBS and LSMS, 2015; World-Bank and NBS, 2015; World-Bank and NBS, 2014; 

Corral et al., 2015). We made use of both wave 1 and wave 2 datasets in designing the 

Vulnerability to Food Insecurity Index. Although the VFII uses 21 variables, all the data for 

these variables are from the panel component of World Bank LSMS survey data set. The 

LSMS are standardize data set which is increasingly available for many developing countries. 

The availability of LSMS data across many developing countries mean that the VFII can be 

applied to these countries while comparing result overtime.   

 

3.4 Construction of other traditional food security indicators 

In this section, we discuss the methods used in designing per capita calories consumption, 

food consumption score and coping strategy index.  

3.5.1 Food energy consumed per capita (Per capita calories consumption) 

Food energy consumption is an indicator that measures the total dietary quantity of food 

energy consumed in each household. Energy in food is vital for survival, performing physical 

activities and for survival. This indicator measures the sufficiency of energy available in food 

eaten by households and also used to indicate the ability of households to have access to food 

(Dary and Imhoff-Kunsch, 2010; Smith and Subandoro, 2007). The following procedures 

were used to compute this indicator. All non-standardized food quantities recorded in the 
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household dataset were converted from the local unit (e.g. bunch or rubber) to standardise 

unit in grams. By multiplying the quantities of local food items by their metric weight. The 

household survey data set provided the Metric weight for each food item. Food items with 

missing weight were removed. The total energy content of food acquire by each household 

was derived using the following equation, total food energy (kilocalories) = Food quantity in 

grams per day * edible portion * (food energy conversion factors/100). The energy 

conversion factor of food items was gotten from FAO et al. (2012), and FAO (1968). Finally, 

total daily calorie availability per adult equivalent for households was computed by dividing 

total energy acquisition per household per day by adult equivalent factor. Using multiple 

imputation techniques, an OLS regression with the independent variables that are 

household’s characteristics was used to compute missing calorie availability for households 

that had this data missing. The FAO recommends an average food consumption of 2360 

kcal/person/day; this value was used as the threshold score for households in this study. 

  

3.5.2 Food Consumption Score (FCS) 

FCS is a food security indicator developed by the World Food Program that measures the 

dietary diversity of food consumed in the households with a seven days recall period (Vaitla 

et al., 2017). It is possible for a household to meet their food energy requirement but could 

not leave a healthy and active life because of deficiency of other macronutrient (like protein) 

and micronutrients such as iron, vitamin A, and iodine (Smith and Subandoro, 2007). Hence, 

FCS monitor changes in food nutrition within the households (Jones et al., 2013b). It is a 

composite index that is made up of 9 weighted food groups. The weight attached to each food 

groups are: cereals and tuber=2, pluses = 3, vegetables = 1, fruit = 1, meat and fish = 4, milk 

= 4, sugar = 0.5, oil = 0.5 and condiments = 0. The frequency of each food group consumed 

is multiplied by the assigned weight; the scores obtained now sum to get the FCS for each 

household. The overall score range between 0 -112.  There two threshold categories are given 

by WFP for grouping households: a household with oil and sugar consume daily and 

household that does not consume oil and sugar daily. This study adopted the threshold for 

households that consume oil and sugar. Households with FCS above 42 are considered 

acceptable, scores between 28.5 - 42 are borderline, and scores within 0-28 are poor food 

consumption (Maxwell et al., 2014; Vaitla et al., 2017). 
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3.5.3 Coping Strategy Index (CSI) 

The CSI measures the frequency and severity of specific behaviours employed by households 

when there is a food deficit.  The CSI measure both current food security situation and is a 

good predictor of future food vulnerability of households (Maxwell and Caldwell, 2008). To 

compute the CSI, the frequency of coping strategy used by households is multiplied by the 

weight. The weight ranges from 1 (least severe category) to 4 (most severe coping 

behaviour). The coping strategies and weight are: borrowing food or rely on friends or 

relatives (2), limits the variety of foods eaten (3), reduce number of meals eaten in a day (3), 

limit portion size at meal-times (4), restrict consumption by adults in order for small children 

to eat (4), have no food of any kind in the house (4), sleep hungry at night because of no food 

(4), and go a whole day and night without eating anything (4). The weighted frequencies then 

sum to derive the CSI score. There is no universal guideline to interpret the CSI score. 

However, Maxwell et al. (2014) suggested scores within 0-2 (food secure), 3-12 (mildly food 

insecure), 13-40 (moderately food insecure), and above 40 (severely food insecure). 

 

3.6 Uncertainty and Sensitivity 

 

We carried out an uncertainty and sensitivity analysis to evaluate the robustness of the VFII. 

We evaluated how serval assumptions used in the index construction could have an impact on 

its output.  A summary of the uncertainty and sensitivity analysis result is present in the next 

section (Section 4). See Appendix B to read the full paper. 

4. Sensitivity and Robustness 

We systematically investigated the effect of some methodological assumptions on the 

robustness of Vulnerability to Food Insecurity Index. The focus was to examine how 

alternative data type, weight scheme, normalisation method and exclusion/inclusion of 

variables affect the index using uncertainty and sensitivity analysis. We used two approaches: 

One-at-a-time and global sensitivity approach for the analysis. Using one-at-a-time approach, 

we explore how the VFII output response to alternative data type, different weighting 

scheme, normalisation method and inclusion/exclusion of variable.  For the global approach 

(Saltelli, 2017), we used Sobol’ first-order index and total effect index to explore the 

uncertainty and sensitivity of VFII (Sobol', 1967). The result of the robustness analysis 

indicated that VFII performance is stable to changes in the variables and normalisation 

method when equal weight is applied. Using the min-max normalisation method produces 
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highly robust estimate than z-score. Hence, we adopted equal weight and min-max 

normalisation method for the VFII. The main input factor that influenced the variance of 

VFII output is the shock variable. This means that the VFII is highly sensitive to shock, 

therefore better capturing the vulnerability component of food security. We conclude that the 

index is fit for purpose and will perform better than other indicators of food security in terms 

of vulnerability. For detail explanation of the uncertainty and sensitivity see Appendix B. 

5. Application and Discussion 

In this section, we applied our methodology to households’ dataset in the South-South region 

of Nigeria and discussed the result. Specific results presented in this section are: descriptive 

statistics result; distribution of households in terms of VFII, CPI, FCS and PCC; the 

relationship between indicators, the proportion of households classified into different food 

vulnerability group by FCS, PCC, and CPI; and ranking of states by VFII. 

5.1 Descriptive statistics 

The descriptive statistics result for the data used in the construction of Vulnerability to Food 

Insecurity Index is presented in Table 3 and Table 4.  In Table 3, South-South region of 

Nigeria, about 25% which are the majority of households are exposed to high food price 

shocks. Other shocks that households experience according to their magnitude are: theft of 

crops, cash and livestock (21%), illness of income earning member (13%), loss of job (11%), 

poor rain that caused harvest failure (8%), flooding that caused harvest failure (6%) and 

kidnapping (1%). About 15% of households did not experience any of these shocks as at the 

time the data were collected. 

  

On average, the z-score for length/height-for-age (stunting) for children within 0-60 months 

in households is 1.068 (Table 4). Approximately, one child died on average, and household 

stayed for at least 5 hours per day without any food on average.   The average distance to the 

nearest major road is 11.05 km, nearest market is 62.51 km, and it will take 24 minutes on 

average for households to walk one way to the nearest water source. The estimated revenue 

for a household that had non-farm revenue is -34,146.3 naira and total revenue from 

savings/rental of properties is 91,110.39 naira on average. The total yield of harvested crops 

for households that had farm is 1,510.41 kg. On average household heads or closest 

individual had 9.12 years of schooling. The wealth index composite score is -0.49 on 

average.  
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Table 3: Shocks that affected households 

Shocks Frequency Percent 

Flooding 50 6.25 

Food price 200 25 

Illness 100 12.5 

Job loss 90 11.25 

Kidnapping 10 1.25 

None 120 15 

Poor rain 60 7.5 

Theft 170 21.25 

Total 800 100 

 Source: Data analysis  

 

Table 4: Descriptive statistics of VFII variables 

Variable Observation Mean Std.Dev. 

Stunting 800 1.068462 5.676223 

Child mortality 800 0.53 1.35606 

Hunger 800 0.20625 0.752941 

Wealth Index 800 -0.49638 2.892449 

Distance-to-road 800 11.04825 13.26008 

Distance-to-market 800 62.50875 37.52519 

Distance-to-water 

source 

800 23.89885 65.63988 

Income-from-Savings 800 91110.39 137746 

Non-farm business-

income 

459 -34146.3 169359.7 

Crop yield (KG) 391 1510.411 2726.564 

Household literacy 800 9.12 4.963002 

Source: Data analysis 
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5.2 What is the distribution of poor/non-poor households in terms of VFII, 

CPI, FCS, and PCC? 

The distribution of households by VFII and other traditional indices we used in this paper are 

shown in Table 5, Table 6, Figure 2 and Figure 3.  The Vulnerability to Food Insecurity 

Index (VFII) result showed that 61% of households in the study are highly vulnerable to food 

insecurity, 12% are mildly vulnerable and 27% are not vulnerable to food insecurity (Table 

5). About 73% of households is the proportion that is vulnerable to food insecurity although 

the category of vulnerability differs.  Coping strategy index (CPI) result for post-planting and 

post-harvest households are presented in Figure 2. The result indicates that majority of the 

households (33.77%) used severe coping strategy while 29.47% used least severe coping 

strategy when there is food deficit during the post-planting season.  The reverse is the case 

during the post-harvest season. During this period majority of households used least severe 

(43.22%) and moderately severe (25.13%) coping strategy when there is food deficit.  

 

The food consumption score (FCS) in Table 6 showed that 86.78% of households had an 

acceptable level of food consumption, 10.55% had borderline, and only 2.67% had poor 

consumption. The FAO recommended average dietary energy intake for Nigeria is 2360 

kcal/person/day. We used this threshold as our cut-off point our per capita calorie 

consumption (PCC). In Figure 3, the result shows that 75% of households had poor calories 

consumption. In other words, these households had consumed less than 2360 Kcal/day after 

adjusting for adult equivalent. Only 25% of households had consumed either exactly or above 

the recommended level of calories per day.  
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Table 5: Distribution of food insecurity and vulnerability in South-South Nigeria 

VFII categories Frequency Percent 

Highly 

Vulnerable 

487 60.88 

Vulnerable 100 12.5 

Not vulnerable 213 26.63 

Total 800 100 

Source: Data Analysis 

 

Figure 2: Coping Strategy Index distribution for households in South-South Nigeria 

 

 

Source: Data analysis 
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Figure 3: Food Consumption Score distribution for households in South-South Nigeria 

 

 

Source: Data Analysis 

 

Table 6: Per capita calories consumption distribution of households in South-South Nigeria 

Per capita calories 

consumption Categories 

Frequency Percent 

Poor Calories consumption 597 74.63 

Acceptable Calories 

Consumption 

203 25.38 

Total 800 100 

Source: Data Analysis 

 

5.3 Are FCS, CPI and PCC good indicator of vulnerability to food 

insecurity? 

5.3.1 Relationship between VFII, FCS, CPI and PCC 

We present in Table 7 the correlation result between Vulnerability to Food Insecurity Index, 

coping strategy index (both post planting and post-harvest season), and per capita calories 

consumption. We present the correlation result using three different correlation analyses, but 

only the Pearson coefficient will be discussed because it has the highest correlation 

coefficient.  All the results are from the first wave data except for per capita calorie 

consumption which we used the second wave data. This is because we had extremely high 

values of calories after estimating calories form the first wave data. They were two main 

reasons for this - measurement errors and no standardise unit for converting some local unit.  
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FCS and VFII are weakly correlated with a coefficient of 0.11 but highly significant at 1%. 

This implies that there is a positive relationship between FCS and VFII. Weak correlation of 

0.11 implies that FCS and VFII measure two different phenomena that are not closely related 

although they are in the same dimension of food security. This means that food vulnerability 

is more than households eating diversify food only.  

 

We see a different result with the coping strategy index.  We only discuss the CPI for post-

harvest household because of it significant at 10% level. The relation between VFII and CPI 

for post-harvest households is negative. There is an inverse relationship between VFII and 

CPI, and this agrees with apriori expectation. It, therefore, means that in the post-harvest 

season vulnerability to food insecurity tend to decrease as food is readily available. 

Alternatively, the result shows that as households employ least severe coping strategy, their 

vulnerability to food insecurity decreases whereas using highly severe coping strategy will 

increase the chances of households being vulnerable to food insecurity.   

 

The relationship between VFII and per capita calorie consumption (PCC) is highly significant 

at 1% level. There is a positive association between VFII and PCC. However, the correlation 

coefficient value of 0.15 shows that the relationship is not a perfect one. The relationship 

between VFII and PCC account for only 15% variation. This means that several other factors 

contribute to household’s vulnerability to food insecurity. It is commonly assumed that 

households that are not vulnerable to food insecurity should be consuming sufficient calories 

per day. However, this result shows that consuming sufficient calories is not enough to 

overcome vulnerability to food insecurity. Because vulnerability to food insecurity requires 

more than consuming adequate calories. 

 

In summary, FCS and PCC are not able to reflect multi-dimensional concept like 

vulnerability to food insecurity whereas to a certain level, CPI better reflect the concepts of 

vulnerability to food insecurity. 

 

Table 7: Correlation result between VFII, FCS, CPI, and PCC 

  VFII 

 Indicator Pearson Spearman Kendall Tau-a Kendall Tau-b 
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FCS 0.1180*** 0.1190*** 0.0807*** 0.0810*** 

CPI_PH -0.0744* -0.0952* -0.0627** -0.0678** 

CPI_PP -0.0409 -0.0653* -0.0443* -0.0459* 

PCC 0.1530*** 0.1435*** 0.0944*** 0.0944*** 

Source: Data Analysis 

 

5.3.2  Proportion of households that are classified into different groups of 

vulnerability to food insecurity by FCS, PCC, and CPI 

We went further to investigate the proportion of households that are classified into different 

groups of food vulnerability by FCS, PCC, and CPI. In Table 8, we observed that majority 

(51.27%) of households that are classified as highly vulnerable to food insecurity by VFII 

had an acceptable level of food consumption. In other words, the majority of highly 

vulnerable households consumed highly diversify food. This further proves that FCS is not 

consistent in classifying households that are vulnerable to food insecurity. In contrast, VFII 

can pick some elements of dietary diversity, because most households (23.77%) that were not 

vulnerable to food insecurity had consumed highly diversify food. This situation also holds 

for per capital calories consumption in Table 9. Majority of the households (17.88%) that are 

either highly vulnerable or vulnerable to food insecurity had consumed above the 

recommended per capital calorie. However, it is expected that households with adequate per 

calorie consumption should not be vulnerable to food insecurity, this was not the case.  Also, 

Table 6 showed that majority of the households (19.13%) that were not vulnerable to food 

insecurity had poor calorie consumption. Again, strengthening our argument that single 

indicators like PCC is inconsistent in identifying households that are vulnerable to food 

insecurity. In Table 10, the result shows that 32.33% of households that are highly vulnerable 

to food insecurity used severe coping strategy during the post-planting season. It is expected 

that households that are vulnerable to food insecurity should be using adverse coping strategy 

to secure food during a time of food deficit. The reverse is the case for households that were 

not vulnerable to food insecurity. Majority of households that were not vulnerable to food 

insecurity (14.21%) used the least coping strategy during the post-planting season. Here, 

there is a bilateral relationship between CPI and VFII. This means that the CPI better 

captures  and in is consistent in identifying households that are vulnerable to food insecurity 

compare to FCs and PCC. It further proves that our VFII can pick a component of CPI even 

though we used different indicators and method in their design. The result of CPI for post-
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harvest households shows that across all groups of VFII, households used the least coping 

strategy during the post-harvest season (Table 11).  

 

In summary, our VFII can pick some component of FCS, PCC, and CPI. However, FCS and 

PCC are inconsistent when used for identifying households that are vulnerable to food 

insecurity. CPI betters capture food vulnerability issues compare to FCS and PCC. 

 

Table 8: VFII and FCS 

 Food Consumption Score (%)  

VFII groups (%) Poor Borderline Acceptable Total  

Highly 

Vulnerable 

2 8.14 51.27 61.42 

Vulnerable 0.27 0.93 11.75 12.95 

Not vulnerable  0.4 1.47 23.77 25.63 

Total 2.67 10.55 86.78 100 

Source: Data analysis 
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Table 9: VFII and PPC 

 Per capita calorie consumption (%)  

VFII groups (%) Poor consumption Above recommended 

level 

Total 

Highly 

Vulnerable 

47.63 13.25 60.88 

Vulnerable 7.88 4.63 12.5 

Not vulnerable  19.13 7.5 26.63 

Total 74.63 25.37 100 

Source: Data Analysis 

 

Table 10: VFII and CPI for post-planting households 

 CPI for post-harvest households (%)  

VFII groups Least 

severe 

Moderately 

severe 

Severe  Most 

severe 

Total 

Highly 

Vulnerable 

24.6 14.49 17.55 4.65 61.3 

Vulnerable 6.25 2.26 3.59 0.66 12.77 

Not 

vulnerable  

12.37 8.38 4.52 0.66 25.93 

Total 43.22 25.13 25.66 5.98 100 

Source: Data Analysis 

 

Table 11: VFII and CPI for post-harvest households 

 CPI for post-harvest households (%)  

VFII groups Least 

severe 

Moderately 

severe 

Severe  Most 

severe 

Total 

Highly 

Vulnerable 

16.95 13.04 21.51 10.82 62.32 

Vulnerable 4.17 2.61 3.52 1.83 12.13 

Not 

vulnerable  

8.34 5.87 8.74 2.61 25.55 

Total 29.47 21.51 33.77 15.25 100 

Source: Data Analysis 
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5.4 Ranking of states in South-South Region of Nigeria by VFII, PCC, CPI 

and FCS 

 

Table 12 shows the ranking of 6 states in South-South Nigeria by VFII, PCC, CPI, and FCS. 

Except for the CPI which ranks by descending order, other indicators use ascending order to 

rank states (see Table 2 for their threshold). We compared the output of two states -Edo and 

Bayelsa because they represent two extremes of vulnerability -least vulnerable (Edo) and 

highly vulnerable (Bayelsa) state.  

  

In Edo state which had the least vulnerability to food insecurity, households tend to have 

consumed sufficient calories, and they rank second in per capita calorie consumption. On 

average, post-planting households uses least coping strategy as they ranked second, while 

post-harvest households use mildly severe coping strategy as they ranked fourth. Their food 

consumption score was the highest and ranked first, meaning that, compared to other states, 

Edo state households consumed highly diversify food.  

  

Comparing Edo states with Bayelsa state, households in Bayelsa state are classified as highly 

vulnerable to food insecurity by VFII. They had the worst level of vulnerability to food 

insecurity. Their per capita calorie consumption was the worst; they ranked sixth. Both post 

planting and post-harvest households used a severe coping strategy; they ranked fifth. The 

food consumption score was ranked fourth meaning that on average household’s dietary 

diversity consumption in this state was borderline. From this discussion, we showed that 

VFII is a valuable tool for policy making and its ranking are reliable because the VFII 

incorporates vulnerability dimension in addition to other dimension of food security. Also, 

the VFII is consistent with other single indicators of food security but goes beyond what 

other indicators capture. 
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Table 12: Ranking of State by VFII and other traditional indicators 

States VFII ranking PCC ranking CPI_PH 

ranking 

CPI_PP 

ranking 

FCS ranking 

Edo 1 2 4 2 1 

Cross River 2 1 6 6 6 

Delta 3 3 1 1 5 

Rivers 4 5 2 3 2 

Akwa Ibom 5 4 3 4 3 

Bayelsa 6 6 5 5 4 

 Source: Data Analysis 

 

 

 

6. Conclusion  

In this paper, we have shown how we designed an indicator that addresses the problem of 

vulnerability to food insecurity and comparing it to other traditional indicators of food 

security. We have also shown how single indicators can be misrepresentative regarding 

vulnerability to food insecurity. Because traditional food security indicators measure 

different food security phenomena. Therefore, in other to successfully target intervention to 

vulnerable household, the VFII can get the right measurement. Thus, ensuring that the 

exclusion error is drastically reduced and scare resource are adequately targeted to the needed 

groups of vulnerable households.  For example, in Table 9, there are two significant insight 

from this table. The first insight is that out of 74.63% of households who had poor per capita 

calorie consumption, 19.13% of households were not vulnerable to food insecurity although 

they had deficient calorie consumption. Secondly, a more significant proportion of 

households, 17.88% out of 25.37%, had consumed above the recommended per capita calorie 

consumption yet they were either highly vulnerable or mildly vulnerable to food insecurity. 

The implication of this is that using per capita calorie consumption alone to capture food 

vulnerability will provide a misleading result because of the exclusion and inclusion error. 

The evidence from this paper shows that using per capita calorie consumption alone for long-

term targeting of intervention would include 19.13% of households that should not have been 

included. Similarly, 17.88% of households will be excluded, that should have been included 

in long-term intervention when using per capita calorie consumption. Another insight form 

VFII is that using households’ current dietary diversity alone is not a consistent indicator of 
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vulnerability to food insecurity. Table 8 shows out of 86.78%, 63.02% of households had 

consumed food with acceptable levels of dietary diversity yet these households were either 

vulnerable or highly vulnerable to food insecurity. 

 

The overall takeaway point from using single indicators is that they represent different food 

security phenomena and they do not take in to account multidimensional issues of food 

security like food vulnerability. The evidence presented in this paper justify the need for a 

robust model like our vulnerability to food insecurity index. We showed in section 5.3 that 

VFII being a multidimensional index can capture food vulnerability and other single food 

indicators like current calories consumption, dietary diversity and coping strategy. For long-

term food security intervention, policymakers need to target households based on their 

vulnerability and not their current consumption or dietary diversity. In conclusion, to 

accurately target long-term support to vulnerable households, policymakers who seek to 

address the underlying causes of food insecurity cannot rely on single indicators, and for this 

type of goal, the VFII makes a useful contribution.Advancing a multidimensional index like 

VFII requires better surveys and more panel data to increase a more precise assessment of 

food insecurity especially in developing countries. 
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Appendix A: Procedures for deriving some variables of VFII 

How malnutrition variables were derived and computed 

 

Anthropometric information is widely and commonly used to determine an individual 

nutritional status. Statistically, it is expressed using either the standard deviations from the 

median (commonly called the z-scores) or percentage of the median (Webb and Bhatia, 2005; 

LSHTM, 2009). This study uses the z-scores to express the anthropometrics information of 

children from 0 – 60 months in the study. To do this, data such as weight of child(kg), height 

of child (cm), age (in months) and gender from the panel survey were used.  Using WHO 

child growth standard macro (WHO, 2011) which is design to calculates z-scores statistics 
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for four anthropometry indices such as weight-for-age (underweight), length/height-for-age 

(stunting), weight-for-length/height (wasting), and BMI-for-age. The macro 

(igrowup_resricted.ado) in combination with five permanent WHO child growth standards 

read-only stata data sets, estimates the prevalence of under/over nutrition and summary 

statistics (mean and standard deviation) of the z-scores for each anthropometrics. Only the z-

scores for the stunting was retained and used for further analysis.  Table A shows these z-

scores values are to classify households. 

 

Table A: Cut-off point of malnutrition for underweight, stunting, and wasting based on z-

scores. 

Classification z-score values 

Adequate -2< Z-score < +2 

Moderately malnourished -3< Z-score < -2 

Severely malnourished Z-score < -3 

 Sources: Webb and Bhatia (2005) 

 

How hunger indicator was derived and calculated: 

 

To calculate hunger, the HHS uses three core questions and three frequencies to estimates the 

percentage of households in a population that are affected by hunger as shown in Table B 

(Deitchler et al., 2011). Categorizing the hunger result into three different severities - (1) 

little to no household hunger (2) moderate household hunger; and (3) severe household 

hunger. However, this research is limiting its interest only to get the values and not 

categorising the values. These values are now used to represent the hunger indicator for the 

sensitivity dimension of the vulnerability to food insecurity index. 
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Table B: Shows in brief the HHS core questions and frequencies  

S/N Core questions (Scale items) Frequency categories (Response 

codes) 

1 No food to eat of any kind in your household Never, Rarely or Sometimes, Often 

2 Go to sleep at night hungry Never, Rarely or Sometimes, Often 

3 Go a whole day and night without eating Never, Rarely or Sometimes, Often 

 Recall Period: 4 weeks 

  

Source: Adapted from (Deitchler et al., 2011) 

 

Based on the frequency selected on each core question, a total score is gotten, which is the 

HHS score. This score ranges from 0 (minimum) to 6 (being the maximum). It is derived by 

summing the response codes which are never=0, rarely or sometimes=1 and often=2. So, the 

total HHS score is now used to categorise levels of severity of hunger. The lower the score, 

the lesser the experience of hunger in the household but the higher the score the severe 

hunger level in households. Using this concept, this research computed the hunger score for 

households in the study with a moderate change because the frequency category was missing 

from the dataset used in this research. Instead of using the three questions design for HHS, 

the research used only question 2 and 3 (Table B). The reason is that these two questions 

represent the extremities of hunger which captures the hidden hunger and micronutrient 

deficiencies.  Also, the minimum recommended recall period to be used in the HHS is four 

weeks or 30 days but, in the household, dataset it was seven days only. Since there was no 

frequency category, using only two core questions instead of three questions and using seven 

days’ recall period, the maximum HHS score is 14, and the minimum is 0. For example, a 

household was asked out of 7 days in a week how many days do you: (a) go to sleep at night 

hungry (b) go a whole day and night without eating. The answer was 4, and 5 days 

respectively. Thus, the HHS score will be 4+5=9. This method was repeated for all household 

to generate the hunger score. According to (Deitchler et al., 2011), the pitfall with using a 

shorter recall period like seven days over the recommended four weeks (30 days) period is 

that this may not capture the full extent of hunger deprivation experience since fluctuation in 

food accessibility is common within 1-month recall. 

 Caveat: There are two subsets of household panel data in a wave, these are: post planting and 

post harvesting. Both have food security data and specifically the data needed to be used for 

calculating hunger. It will be good to compare hunger changes between the two periods, but 
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since the VFII is not design for either season but a wave or year, the research made use of 

hunger data from the post-harvesting period only. 

Procedures used in designing wealth index: 

1. Sorting of variables: variables were commonly grouped into three categories: 

agricultural (livestock, land, crops); assets (livelihood asset, mobility asset, 

information asset) and housing structure characteristics. The following steps were 

used to prepare these variables for analysis: 

a. In sorting out variables needed for the wealth index, some were dropped, and 

others merge. 

b. Created dichotomous variable - this help to regroup variables. 

c. Variables with zero variance were remove 

d. Finally, replace variables with missing observation with zeros 

2. Standardization of variables:  Each variable used in the wealth index calculation was 

standardised so that they are all on the same scale and can be compared. 

a. The standardised score was calculated using this: standardise score = (variable 

- mean)/standard deviation 

3. Factor weight: To calculate the factor weight, Principal Component Analysis (PCA) 

was run, and the first principal component (eigenvectors) was retained. These values 

were then used to multiply by the standardise scores to get the factor weight.  Thus, 

factor weight = standardize * first principal components (eigenvectors). 

4. Computing the wealth index: summing all factor weight of each variable for each 

household produces the wealth index scores. 

5. Categorizing wealth index scores: The wealth index scores were categorized into five 

quintiles, with the lowest score being the poorest and the highest score being the 

wealthiest. 

 

How livelihood activities are derived 

 

There are three significant livelihood sources identified in the LSMS household survey data. 

The data gotten from these sources are combined to produce a measure of livelihood 

activities in the research. They are discussed in detail below:   
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 Income sources: - These are total income from savings, rental of property and any 

other type of income. The following computation is used to generate “income 

sources”: Total income household received from savings interest or investment since 

the new year plus Total amount household usually receive from the rental of property 

(excluding agricultural land) within the new year plus Total regular income of any 

other type. The data used for “income sources” come from post planting data because 

it is the primary source of information compared to the post-harvest data that which 

has only additional income available after the post-planting visit. 

 Non-farm enterprises operated by households: Non-farm enterprise is defined as any 

member of the household who worked for him/herself other than on a farm or raising 

animals. Such enterprise includes personal business, trade, self-employed professional 

or craftsman. The computation used to generate this variable is to calculate revenue 

made from non-farm enterprises: Total sales - Total cost of the business (includes the 

following cost: salaries and wages, purchase of goods for sale, transport, insurance, 

rent, interest, raw materials and others).  

 Agricultural activities:  These are livelihood activities derived from crop farm. The 

data is generated by collating the total yield of crop harvested per year in kilograms 

for each farming household.  
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Table C: Detailed description of indicators and variables of VFII 

 

Index 

components 

Indicators  Variables description and rationale 

 

 

Exposure 

probability of 

covariate shocks 

occurring 

 

Health shock From the household dataset "illness of income earning member" was selected and used 

as Health Shock in the Vulnerability to Food Insecurity Index. 

Unemployment 

shock 

“Job loss” is used as a variable to represent unemployment shock in the Vulnerability to 

Food Insecurity Index. Job loss reduces the ability of households to buy food, get clean 

water and medicines because of loss of income, therefore increasing household food 

insecurity and vulnerability (FAO and WHO, 1996). 

Civil conflict 

shocks 

From the household survey data, the variable used to represent Civil conflict shock are: 

"Theft of crops, cash and livestock" and "kidnapping/Hijacking/robbery/assault". 

Agro-climatic 

shocks 

Agro-climatic shocks have the potential for increasing food insecurity and malnutrition. 

Based on the household’s survey data the variables used for agro-climatic shocks are: 

"poor rain that caused harvest failure" and “flooding that caused harvest failure. 

Food price shock  From the household survey data, the variable used to represent food price shock is 

"increase in price of major food items consumed".  

 

 

Sensitivity 

previous or 

accumulative 

experience of 

food insecurity 

Malnutrition Malnutrition is the most widely accepted and policy relevance variable commonly used 

are wasted, stunted, and underweight (Klennert, 2005). However, this research prefers to 

use stunting as an indicator of malnutrition. Stunting was preferred because it shows 

inadequate nutrition over a prolonged period (Young and Jaspars, 2006). 

 

Child mortality Child mortality, defined as the total number of dead children in each household was 

derived by adding “number of male children” and/or “female children” reported dead in 

each household.  

 

Hunger This research refers hunger to the physical discomfort caused by a lack of food (Bickel 

et al., 2000; Barrett, 2010) and not as a result of dieting or being too busy to eat. As such 

it represents hidden hunger, that is micronutrient deficiencies (Jones et al., 2013a). Thus, 

hunger is a severe stage of food insecurity. To derive this indicator, the research adopts 

the Household Hunger Scale (HHS) methodology with a little modification due to 

inadequate data availability.  

 

 

 

 

 

 

 

Adaptive 

Capacity 

how household 

respond, exploit 

opportunities, 

resist or recover 

from food 

insecurity shocks 

Wealth Index The wealth index is a measure of economic status of households to ascertain their 

relative wealth (Ruststein and Johnson, 2004; Fry et al., 2014). The wealth index used in 

this research uses various household asset such as information assets, mobility assets, 

livelihood assets, and housing characteristics to design the index.    The following 

variable were used in designing the wealth index: Livelihood assets: Tables, mattress, 

bed, mat, fridge, freezer, sofa set, chair, sewing machine, kerosene stove, other assets, 

generator, size of agricultural land, broiler chicken, cockerel, local chicken, goat, pig, 

duck and sheep. Mobility assets: Bicycle, motorbike, cars and other vehicles. 

Information asset: Radio, TV set, computer, satellite dish, DVD player, GSM mobile 

phone/landline, cassette recorder. Housing structure characteristics: Outer wall, roof 

materials, floor material, members per room, lighting fuel, cooking fuel, access to 

electricity, main source of drinking water during dry season, main source of drinking 

water during the wet season, type of toilet facilities, type of user who shared toilet 

facilities, and refuse disposal facilities. 

Access to 

infrastructure  

This research uses distance to major roads, distance to markets and time taken to get to 

nearest water source to represent a single indicator called “assess to infrastructure”. 
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Livelihood 

activities 

 Income sources, revenue from non-farm enterprises and agricultural activities are used 

as variable to represent livelihood activities. These are three major sources of livelihood 

identified in the LSMS household survey data. 

Household 

literacy 

Cumulative years of schooling of household head or closet individual is one of the main 

criteria used in defining household literacy. Years of schooling are used as a proxy for 

literacy and level of understanding of household members, including household heads. 

An individual is considered literate if he or she has at least five years of education 

(Dotter and Klasen, 2014).  Only post-planting season data were used to derive this 

indicator because it contains information on household head needed to represent literacy 

level of the household. In rare cases where there was no data on the household head, the 

closest individual in educational achievement that has at least five years of schooling is 

used as a replacement for household head. If educational qualifications are the same for 

more than one individual, the most senior individual in age is used.   

 

 

 

Food energy conversion table 

 

Table D: Food Composition Table for Food Items used in Nigeria (100 Grams Edible portion) 

   

Item 

code 

Food item Food energy 

(kilocalories)A 

Food energy 

(calories)B 

Edible Portion 

10 Guinea corn/sorghum   344  350  1.00 

11 Millet   348  349  1.00 

12 Maize   349  357  1.00 

13 Rice - local   349  344  1.00 

14 Rice - imported   352  353  1.00 

15 Bread   249  261  1.00 

16 Maize flour   354  365  1.00 

17 Yam flour   312  335  1.00 

18 Cassava flour   335    1.00 

19 Wheat flour   351  364  1.00 

20 Other grains and flour     345  1.00 

30 Cassava - roots   347   357 1.00 

31 Yam - roots   141  112 0.81  

32 Gari - white     351   

33 Gari - yellow     351   

34 Cocoyam   136  102 1.00  

35 Plantains   140  135 0.65  

36 Sweet potatoes  115   121  1.00 

37 Potatoes   80  82  1.00 

38 Other roots and tuber   137    1.00 

40 Soya beans   410  405  1.00 

41 Brown beans   318  342  1.00 

42 White beans   335  338  1.00 

43 Groundnuts   578  549  1.00 
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44 Other nuts/seeds/pulses   593    0.37 

50 Palm oil   900    1.00 

51 Butter/Margarine   730   1.00  

52 Groundnut oil   900    1.00 

53 Other oils and fats   900    1.00 

60 Bananas   106  88 0.64 

61 Orange/tangerine   45  0.73  

62 Mangoes   76  0.71  

63 Avocado pear   154   0.74 

64 Pineapples   54   0.51 

65 Fruit canned   N/A N/A N/A 

66 Other fruits   N/A N/A N/A 

70 Tomatoes   22   0.91 

71 Tomato puree (canned)   20   1.00 

72 Onions   33   0.91 

73 Garden eggs/egg plant   30   0.81 

74 Okra - fresh   33   0.86 

75 Okra - dried   N/A N/A  N/A 

76 Pepper  45    0.73 

77 Leaves (cocoyam, spinach, 

etc.)  

 42   0.80 

78 Other vegetables (fresh or 

canned)  

 42   0.80 

80 Chicken   218   0.66 

81 Duck   N/A N/A  N/A 

82 Other domestic poultry   232  0.65  

83 Agricultural eggs   139   0.88 

84 Local eggs   139   0.88 

85 Other eggs (not chicken)   139   0.88 

90 Beef   126   1.00 

91 Mutton   257   0.82 

92 Pork  265    1.00 

93 Goat   165   0.74 

94 Wild game meat   N/A N/A  N/A 

95 Canned beef/corned beef   243   1.00 

96 Other meat (excl. poultry)   127   0.76 

100  Fish - fresh   124   0.71 

101 Fish - frozen   124   0.71 

102 Fish - smoked   151   0.64 

103 Fish - dried   151   0.64 

104 Snails   N/A N/A  N/A 

105 Seafood (lobster, crab, 

prawns, etc.)  

 119   0.54 

106 Canned fish/seafood   220   1.00 

107 Other fish or seafood   126   0.55 

110 Fresh milk   65   1.00 

111 Milk powder   495   1.00 

112 Baby milk powder   519   1.00 
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113 Milk tinned (unsweetened)   135   1.00 

114 Other milk products   73   1.00 

120 Coffee   354   1.00 

121 Chocolate drinks (including 

Milo)  

386   1.00 

122 Tea   0   1.00 

130 Sugar   400   1.00 

131 Jams    Dropped    

132 Honey   326   1.00 

133 Other sweets and 

confectionary  

  Dropped    

140 Condiments (salt, spices, 

pepper, etc)  

 348   1.00 

150 Bottled water   Dropped    

151 Sachet water    Dropped    

152 Malt drinks    Dropped    

153 Soft drinks    Dropped    

154 Fruit juice canned/Pack   44   1.00 

155 Other non-alcoholic drinks    Dropped    

160 Beer (local and imported)   35   1.00 

161 Palm wine   34   1.00 

162 Pinto    Dropped    

163 Gin    Dropped    

164 Other alcoholic beverages    Dropped    

    Source: FAO et al. (2012) and FAO (1968) 
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Table E: Household Adult Equivalent  

Males  Female 

 

Age 

(years) 

Energy 

(Kcal/day) 

Ad. Eq.   Energy 

(Kcal/day) 

Ad. Eq 

<1  661  0.22    661  0.22 

 1 2   950  0.31    850  0.28 

 2 3   1125  0.37    1050  0.34 

 3  4  1250  0.41    1150  0.38 

 4  5  1350  0.44    1250  0.41 

 5  6  1475  0.48    1325  0.43 

6 7 1575 0.52   1425 0.47 

7 8 1700 0.56   1550 0.51 

8 9 1825 0.60   1700 0.56 

9 10 1975 0.65   1850 0.61 

10 11 2150 0.70   2000 0.66 

11 12 2350 0.77   2150 0.70 

12 13 2550 0.84   2275 0.75 

13 14 2775 0.91   2375 0.78 

14 15 3000 0.98   2450 0.80 

15 16 3175 1.04   2500 0.82 

16 17 3325 1.09   2500 0.82 

17 18 3400 1.11   2500 0.82 

18 30 3050 1.00   2400 0.79 

30 60 2950 0.97   2350 0.77 

>=60 2450 0.80   2100 0.69 

Source: Dary and Imhoff-Kunsch (2010)  
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Appendix B: Uncertainty and Sensitivity 

Analysis: Robustness check for Vulnerability 

to Food Insecurity Index 
  

Abstract  

This paper systematically evaluates the effect of some methodological or assumptions on the 

robustness of Vulnerability to Food Insecurity Index. The focus was to examine how data 

type, weight scheme, normalisation method and exclusion/inclusion of variable affect the 

model of the index using uncertainty and sensitivity analysis. The paper used two 

approaches: One-at-a-time and global sensitivity approach for the analysis. Using one-at-a-

time approach, we explore how the VFII output response to different weighting scheme, 

normalisation method and inclusion/exclusion of variable.  For the global approach, we used 

Sobol’ first-order index and total effect index to explore the uncertainty and sensitivity of 

VFII. The result of the robustness analysis indicated that VFII performance is stable to 

changes in the variables and normalisation method when equal weight is applied. Using the 

min-max normalisation method produces a highly robust estimate. The shock variable was 

the primary input factor that influences the variation in the output of the VFII. This implies 

that the VFII is highly sensitive to shocks, therefore better capturing the vulnerability 

component of food security. 

 

Keywords: Food security, vulnerability, food vulnerability index, sensitivity, robustness, 

first-order, total-effect 

 

1.0 Introduction 

Several assumptions have been used to construct the Vulnerability to Food Insecurity Index 

(VFII). Notably assumptions in the selection of indicators, the normalisation of indicators, 

the weighting of the indicators, the aggregation method used, and categorising the index. 

These assumptions can have a significant impact on the output and reliability of the 

Vulnerability to Food Insecurity Index. Therefore, sensitivity and uncertainty analysis are 

needed to establish the robustness of the methodology and the assumptions made in the 

construction of the VFII (Esty et al., 2006). We will also use sensitivity and uncertainty 

analysis to test if a useful conclusion can be made from Vulnerability to Food Insecurity 

Index. The sensitivity analysis will numerically quantify how variation or uncertainty in the 
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VFII output can be apportioned to diverse sources in model input while the uncertainty 

analysis will focus on quantifying the uncertainty in the VFII output only (Saltelli, 2017). 

The accuracy and precision of the VFII depend on the following factors: the computational 

method for estimating missing data, the mechanism for inclusion and exclusion of variables, 

the transformation of variables when constructing the index, type of normalisation method, 

amount of missing data, weighting scheme adopted, the level and choice of aggregation 

method used. Using uncertainty and sensitivity analysis this research will systematically 

evaluate the effect of some of the above methodological processes on the robustness of the 

Vulnerability to Food Insecurity Index scoring and ranking. The following questions will be 

investigated: 

1. How does the output of the VFII rank compare to different assumptions? 

2. What is the major source of uncertainty in the VFII ranking?  

3. What are the most influential input factors that cause this uncertainty in VFII ranking? 

We use two main approaches to conduct uncertainty and sensitivity analysis namely: One-at-

at-time (OAT) and global sensitivity analysis approach. Using one-at-time approach, we 

change one assumption or factor at a time and then compare the output. We use OAT to carry 

out only uncertainty analysis for some assumptions because it was the most suitable method 

to used base on our model. Although the uncertainty analysis using the OAT approach is 

criticised as being non-conservative (Saltelli,2007). Global sensitivity approach is widely 

preferred in literature because it explores the entire effect of each factor or assumptions on 

the model output and numerically quantifies the effect of different source of uncertainty in 

the model input (Saltelli et al., 2004). 

 

This paper is organised into sections. The next section (section 2) presents a thorough 

discussion on the research methodology applied. Section three discusses the result/insight 

from findings and section four present the conclusion.  

2.0 Methodology 

2.1 Structure of Vulnerability to Food Insecurity Index 

The VFII is a mathematical model derived from contextual vulnerability concept. The 

contextual approach, view’s household vulnerability as a multidisciplinary system consisting 

of the biophysical and socio-economic environment (Fellmann, 2012). These two-system 

interaction influences household food vulnerability. Using the vulnerability lens to unpack 
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the meaning and operationalise vulnerability measurement regarding food security. We 

discovered that vulnerability has three main components (Cardona et al., 2012; IPPC, 2007). 

These components are the exposure, sensitivity and adaptive capacity. In this paper, we 

define exposure as those food-related shocks that affect households access to safe and 

nutritious food. Using the theme derived from conceptual vulnerability, that household 

vulnerability is affected by its socio-economic and biophysical condition; we selected 

indicators and variables for the exposure component (Fellmann, 2012; Adger, 2006). The 

sensitivity component of our VFII represents the previous or accumulative experience of food 

insecurity within the household such as stunting, child mortality and hunger (Hahn et al., 

2009a). Household ability to successfully adjust to the effect of food shocks using the 

livelihoods assets means that they have strong adaptive capacity (Woller et al., 2013). 

Households with a strong and more liquid livelihood asset will be less vulnerable to food 

insecurity. We used this conceptual underpinning to select the indicators and variable for the 

VFII, shown in Figure 1.  A summary of indicators and variables are presented in Table 1.  

 

Figure 1: Vulnerability to Food Insecurity Index components and indicators 

 

Source: Developed by the author 
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Table 1:  Indicators and variables used for the Vulnerability to Food Insecurity Index 

Index Dimension Indicators Description of variables 

 

 

Exposure 

(probability of 

covariate shocks 

occurring) 

 

Health shock Illness of income earning member 

Unemployment shock Job loss 

 Civil conflict shock Theft of crops, cash, livestock or other 

Kidnapping/Hijacking/robbery/assault 

Agro-climatic shock Poor rain that caused harvest failure 

Flooding that caused harvest failure 

Food price shock Increase in price of major food items consumed 

Sensitivity 

(Previous/accumulative 

experience of food 

insecurity) 

Malnutrition Length/height-for-age (stunting) 

Child mortality Total number of children dead in each household 

Hunger Total number of days’ households gone without eating 

any food. 

 

 

 

 

Adaptive Capacity 

how household 

respond, exploit 

opportunities, resist or 

recover from food 

insecurity shocks 

Wealth Index Household assets used to assess information 

Mobility assets used in households 

Livelihood assets own by households 

Housing structure characteristics 

Access to infrastructure Household distance to nearest major road (km). 

Household distance to nearest market (km). 

Time taken to walk one way to the water source from 

household dwelling (minutes). 

Livelihood activities Total income from savings, rental of properties and 

other types of income. 

Estimated revenue from non-farm enterprises 

Total yield of crops harvested (kg) 

Household literacy Cumulative years of schooling for household heads or 

closest individual in the household. 

Note: The Closest individual is the next individual in the household if education is missing for the household 

head, who has the highest level of education, and at least five years of schooling. If educational qualifications 

are the same for more than one individual, the most senior individual in age is used. 

 

2.1.1 Construction of the VFII 

We developed a conceptual framework and selected indicators for the index (see Figure 1).  

Then we generated weight, either PCA or equal weight for variables and then each 

component of VFII; normalised these variables using either min-max or z-score method (see 

equation 3 and 4) and used the aggregation formula in equation (1)  to generate the index 

scores (OECD, 2008). 
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𝑉𝐹𝐼𝐼𝑖 =∑𝐴𝐶𝑖  − (∑𝐸𝑖 +  ∑𝑆𝑖)                                           (1) 

Where 𝑉𝐹𝐼𝐼𝑖 is the score for Vulnerability to Food Insecurity Index for 𝑖 household,  𝐴𝐶𝑖 is 

adaptive capacity, 𝐸𝑖 is exposure and 𝑆𝑖 is sensitivity. The 𝑉𝐹𝐼𝐼𝑖 score are then used to rank 

and categorize household vulnerability to food security. The higher the value of VFII 

composite score, the less households are vulnerable to food insecurity and vice versa.  

2.2 Data Source 

The dataset used for this research is the General Household Survey Panel (GHS-Panel), 

which is a Living Standard Measurement Study (LSMS) survey from the World Bank. The 

dataset contains a panel component (GHS-Panel) which is a randomly selected sub-sample of 

5,000 households from a cross-sectional survey of 22,000 households carried out annually 

throughout the country.  The dataset contains information on human capital, economic 

activities, access to services and resources, food security and additional information on 

agricultural activities and household’s consumption is collected from the panel households. 

The GHS-Panel has two waves:  the first wave (2010-2011) and second wave (2012-2013). 

In each wave, visits are carried out within two periods to panel households. The first period is 

the post-planting visit in August-October 2010 (wave 1) while September - November 2012 

(for wave 2) and the second period is the post-harvest visit in February-April 2011 & 2013 

for both waves respectively. A onetime visit is carried out for the cross-section along with the 

post-harvest visit to the panel households (NBS, 2015; NBS and LSMS, 2015; World-Bank 

and NBS, 2015; World-Bank and NBS, 2014; Corral et al., 2015). 

2.3 Normalization and Weighting Method  

The normalisation method used in the construction of Vulnerability to Food Insecurity Index 

(VFII) variables are based on the Min-Max (equation 3) or standardise (equation 4) value 

method.  Consider the  𝑉𝐹𝐼𝐼 value of selected states in Nigeria  𝑐, 𝑐 = 1,… . .𝑀, 

𝑉𝐹𝐼𝐼𝑐 =  𝑓𝑟𝑠 (𝐼1,𝑐, 𝐼2,𝑐, … 𝐼𝑄,𝑐, 𝑤𝑠,1, 𝑤𝑠,2,, … . 𝑤𝑠,𝑄),…………(2) 

 

𝑤ℎ𝑒𝑟𝑒 

{
 
 

 
 𝐼𝑞,𝑐 = 

𝑥𝑞,𝑐 −  𝑚𝑖𝑛(𝑥𝑞)

𝑟𝑎𝑛𝑔𝑒(𝑥𝑞)
………………(3)

𝐼𝑞,𝑐 = 
𝑥𝑞,𝑐 −  𝑚𝑒𝑎𝑛(𝑥𝑞)

𝑠𝑡𝑑(𝑥𝑞)
………… . . . (4)
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The weighing method 𝑓𝑟𝑠, where the index  𝑟 refer to the linear aggregation scheme used, and 

index  𝑠 refers to the weighting scheme (PCA weight and equal weights). The index is based 

on 𝑄 normalised individual indicators 𝐼1,𝑐, 𝐼2,𝑐, … 𝐼𝑄,𝑐 for states in Nigeria and scheme-

dependent weights 𝑤𝑠,1, 𝑤𝑠,2,, … . 𝑤𝑠,𝑄 for the individual indicators. 𝐼𝑄,𝑐 is the normalised and 

𝑥𝑞,𝑐 is the raw value of the individual indicator 𝑥𝑞 for states in Nigeria. 

2.4 Uncertainty and sensitivity analysis model 

We used two approaches to carry out our uncertainty and sensitivity analysis, namely one-at-

a-time and global sensitivity approach. The methods adopted from these approaches are 

explained in this section. 

2.4.1 One-at-a-time-approach 

This approach tests the effect of a single input or factor on the output one at a time. We used 

this method to test the performance of the VFII on different weighting method, normalisation 

method and excluding/including a variable.  We applied two types of data in this approach 

for comparison purpose and to test the robustness of our VFII. Using dataset with missing or 

incomplete observations and data set that had complete observation. To get a complete data, 

we used multiple imputation method, running a multiple regression with observable 

household characteristics variables to impute those variables that had missing data. 

  

2.4.2 Uncertainty analysis 

To know the primary source of variability in the ranking of states by the VFII, we carried out 

an uncertainty analysis. This focus on quantifying uncertainty in the model output (Saltelli et 

al., 2008). We investigated the difference between the output (𝑉𝐹𝐼𝐼𝐵𝐸) of two states (Bayelsa 

and Edo state) composite score as shown in the equation 5. 

𝑉𝐹𝐼𝐼𝐵𝐸 = ( 𝑉𝐹𝐼𝐼𝐸𝑑𝑜 𝑠𝑡𝑎𝑡𝑒 − 𝑉𝐹𝐼𝐼𝐵𝑎𝑦𝑒𝑙𝑠𝑎 𝑠𝑡𝑎𝑡𝑒)               (5) 

In the first step, we must ascertain the presence of uncertainty in the input factors used to 

produce the output in equation 2 and equation 5. Our main area interest will be on the 

following assumptions that can introduce uncertainty in our output variables: 

a. The selection of variables 

b. The normalisation method  

c. The weighting schemes 

d. Exclusion and inclusion of variable(s) 
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The input factors defined as everything that causes a variation or uncertainty in the output of 

the model (Saltelli et al., 2008), is presented in Table 2. These are 12 weighted variables with 

their probability distribution function (PDF). Also included are additional three trigger 

variables to represent the type of normalisation (either min-max or z-score), weighting 

scheme (equal or unequal (PCA) weight) and exclusion or inclusion of variable (either child 

mortality or distance-to-water-source). 

 

We use the Global approach to perform the uncertainty analysis (Saltelli, 2017). Using Monte 

Carlo analysis, which is based on using the probabilistic value of the model input to estimate 

multiple model evaluations and then using these evaluations to determine (1) the uncertainty 

in the model prediction and (2) the input factors that caused the uncertainty. We followed the 

following procedures as laid out by (Saltelli et al., 2004; Saltelli et al., 2008): 

I. Determine the probability distribution function (mean and standard deviation see table 

in Appendix VI) of each input factor parameters. 𝑋1 , 𝑋2 , 𝑎𝑛𝑑  𝑋3  are triggers to 

select the weighting method, normalization method and variables excluded or 

included. 

II. From each of these input factors, we produce a set of row vectors in such a that the 

vectors are sampled from the PDF of input factor parameter. 

III. Then we compute the model for all vectors, thereby producing a set of N values for 

the model output in equation 1 and 5. 

IV. From these, we can now compute the average output, standard deviation, quartiles 

distribution, confidence bounds and plot these distributions. 

V. To compute the number of simulation for a model with k factors, only 𝑁(𝑘 + 2) 

model runs were needed. Where  𝑘 is the total number of input factors and 𝑁 =1024 is 

quasi-random sample scheme (Sobol', 1967).  
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Table 2: Uncertainty input factor probability distribution function 

Input factor Description PDF Range  

SH Weighted shock Normal - 

CM Weighted child mortality Normal - 

ST Weighted stunting Normal - 

HU Weighted hunger Normal - 

WI Weighted wealth index Normal - 

DR Weighted distance-to-road Normal - 

DM Weighted distance-to-market Normal - 

DW Weighted distance-to-water Normal - 

IS Weighted income-savings Normal - 

NI Weighted non-farm-income Normal - 

CY Weighted crop yield  Normal - 

HL Weighted household literacy Normal - 

X1  Weighting method (either 

equal weight or unequal 

(PCA) weight 

Discrete  [0,1] where [0,0.5] 

=equal weights and 

(0.5,1] =PCA weight 

X2,  Normalization method (min-

max or z-score values) 

Discrete [0,1] where [0,0.5] 

=min-max and 

(0.5,1] = z-score 

X3 Inclusion-Exclusion (either 

excluding child mortality and 

distance-to-water source or 

including child mortality and 

excluding distance-to-water-

source 

Discrete [0,1] where [0,0.5] = 

excluding child 

mortality and 

distance-to-water 

source and (1, 0.5] = 

including child 

mortality and 

excluding distance-

to-water-source 

 

2.4.3 Sensitivity analysis 

We applied the variance-based sensitivity method for our analysis. We are looking at how the 

overall uncertainty in the input factors affects the output rather than testing one input at a 

time. Using the variance-based sensitivity method we can decompose the uncertainty in input 

factors according to their variance and show how output depends on this variance (Saisana et 

al., 2005; Saltelli et al., 2008). Our primary objective is to look for those factors or groups of 

factors that when fixed to it true value will reduce the variance of VFII. The reduction in the 

output variance is highly desirable, and this will mean that the VFII is reliable and robust. We 

used Sobol’ sensitivity indices (Sobol', 1996), which are the first-order and total effect 

sensitivity indices for our sensitivity analysis.  
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First-order sensitivity Index 

The sensitivity index of an input factor 𝑋𝑖 can be measure by comparing the contribution of it 

variance to a model output due to uncertainty in 𝑋𝑖 (Saisana et al., 2005).  Looking at the 

generic model in equation 6. 

𝑌 = 𝑓(𝑋1, 𝑋2, … . , 𝑋𝑘)                           (6) 

Each 𝑋 in equation 6 has a certainty degree of uncertainty or variation, we want to determine 

what will happen to the uncertainty of  𝑌 if we could fix an input factor. Assuming a fixed 

factor  𝑋𝑖, at any value be 𝑥𝑖
∗. This result to the conditional variance depending on 𝑋𝑖 which 

is be fixed to 𝑥𝑖
∗. Let 𝑉𝑋_𝑖(𝑌|𝑋𝑖 = 𝑥𝑖

∗), which is the resulting variance of 𝑌 taken over by all 

other factors except 𝑋𝑖. There are two problems to this approach: (1) it is impractical because 

the sensitivity measure will depend on the position of the point  𝑥𝑖
∗ and (2) the conditional 

variance will be greater than the unconditional variance. Instead of taking sensitivity measure 

at a fixed point, we rather take average of all possible points 𝑥𝑖
∗. Then the dependence on 

𝑥𝑖
∗ will be remove. Rewriting this as 𝐸𝑋𝑖(𝑉𝑋_𝑖(𝑌|𝑋𝑖)). This is always lower or equal to output 

variance 𝑉(𝑌), and  

𝐸𝑋𝑖 (𝑉𝑋_𝑖(𝑌|𝑋𝑖)) + 𝑉𝑋𝑖 (𝐸𝑋_𝑖(𝑌|𝑋𝑖)) =  𝑉(𝑌)                (6.1) 

A small 𝐸𝑋𝑖 (𝑉𝑋_𝑖(𝑌|𝑋𝑖)), or a large 𝑉𝑋𝑖 (𝐸𝑋_𝑖(𝑌|𝑋𝑖)), will imply that 𝑋𝑖 is an important 

factor. The conditional variance 𝑉𝑋𝑖 (𝐸𝑋_𝑖(𝑌|𝑋𝑖)) is called the first-order effect of 𝑋𝑖 on 𝑌 

and the sensitivity measure: 

𝑆𝑖 = 
𝑉𝑋𝑖 (𝐸𝑋_𝑖(𝑌|𝑋𝑖))

𝑉(𝑌)
                         (6.2) 

 𝑆𝑖 is known as the first-order sensitivity index. 𝑆𝑖  is a number that ranges between 0 and 1. 

A higher value denote an important variable. It represent the main effect contribution of each 

input to the output variance singly (Homma and Saltelli, 1996). When a model first-order 

term do not add up to one such model is called nonadditive model  (𝑖. 𝑒. ∑ 𝑆𝑖
𝑟
𝑖=1  ≤ 1). 

Alternatively, first-order term add up to one or equal to one, such a model is an additive 

model (Saltelli et al., 2008).  

Total-effect sensitivity index 

First-order sensitivity index measures the effect of individual input on the variance of the 

output not considering the interaction. Thus, total effect index account for the total 
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contribution to the output variation due to factor 𝑋𝑖. It is the combination of first-order effect 

and higher-order effect due to interactions.  

Total effect can be computed by decomposing unconditional variance into main effect and 

residual: 

𝑉(𝑌) = 𝑉(𝐸(𝑌|𝑋𝑖)) +  𝐸(𝑉(𝑌|𝑋𝑖))                    (6.3) 

Alternatively, total effect can be computed by decomposing the output variance into the main 

effect and residual, conditioning this with time with respect to all factors but one, i.e 𝑋~𝑖: 

𝑉(𝑌) = 𝑉(𝐸(𝑌|𝑋−𝑖)) +  𝐸(𝑉(𝑌|𝑋−𝑖))                    (6.4) 

“The measure 𝑉(𝑌) −  𝑉(𝐸(𝑌|𝑋−𝑖)) = 𝐸(𝑉(𝑌|𝑋−𝑖)) is remaining variance of Y that would 

be left, on average, if 𝑋~𝑖 true values could be determine” (Saltelli et al., 2008). 𝑋~𝑖 are 

uncertainty input factors and their true values are unknown. To obtain the total effect index 

for 𝑋𝑖, we divide by 𝑉(𝑌) : 

𝑆𝑇𝑖 =  
𝐸(𝑉(𝑌|𝑋−𝑖))

𝑉(𝑌)
 = 1 −

𝑉(𝐸(𝑌|𝑋−𝑖))

𝑉(𝑌)
              (6.5) 

Total effect index (𝑆𝑇𝑖) provide an answer to the question: “which factor can be fixed 

anywhere over its range of variability without affecting the output?” If 𝑆𝑇𝑖 = 0, this means 𝑋𝑖 

has meet the condition of not being an influential factor. If 𝑋𝑖  ≅ 0, then 𝑋𝑖 can be fixed at 

any range without affecting value of the output variance 𝑉(𝑌)  (Tarantola et al., 2007). 

 

 

3.0 Result and Discussion 

The primary results presented in this section are guided by the questions raised in section 1.0. 

This section using the methods described earlier in section 2.0 present the results and the 

discussion. 

3.1 How do the VFII ranks compare under different weighting schemes, the 

normalisation method, and data types? 

This section uses one-at-a-time approach to explore the sensitivity of the index to changes in 

data type, normalisation method, weighting scheme and exclusion and the inclusion of 

variable. 

3.1.1 Using unequal weight 

Using principal component analysis, we estimated the weights for each variable used to 

design the Vulnerability to Food Insecurity Index (VFII) (see Appendix V, for unequal 
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weight). PCA gave each component of the index different weight. Weight for exposure, 

sensitivity and adaptive capacity was 0.0871, -0.5645and 1.1322 respectively.  Using these 

weights, we estimated the VFII score for each state using variables with missing data and 

variable with imputed data. In each scenario, we applied two type of normalisation method 

(min-max or z-score method). The results are shown in Table 3 and Figure 2. These shows 

that irrespective of the data type or normalisation method applied, the VFII produces 

inconsistence ranking of states in South-South region of Nigeria when unequal weight is 

applied. The level of inconsistencies in ranking was higher when using missing data to 

estimate the VFII (Table 3). Only Cross River State maintain the same ranking while other 

states are ranked differently. The implication of using unequal weight means that it does 

produce a biased estimate of each state performance in terms of food security and 

vulnerability. This is because of how the VFII component was constructed. The sensitivity 

and adaptive capacity component have more than one variable compared to the exposure 

component. Due to data used in designing the index, all the variables in the exposure 

component were aggregated into one variable, and this made it have a lesser weight 

compared to another component.  

 

To test the robustness of different VFII specification as shown in Table 4, we computed their 

pairwise correlation coefficient. Table 4 shows that all the correlation coefficients were 

significant at 5% level and most relationships were negatively correlated. Only the 

combination of VFII with missing data and different normalisation method; and VFII   with 

complete data and different normalisation method had a positive correlation coefficient of 

0.85 and 0.69 respectively. With a negative correlation coefficient, we cannot conclude that 

using PCA weight or unequal with the index can produce a robust estimate.  
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Table 3:  VFII ranking of states in South-South region of Nigeria using unequal weight and 

different normalisation methods 

States VFII_missing-

min-max 

VFII_missing-z-

score 

VFII_complete-

min-max 

VFII_complete-

z-score 

Akwa Ibom 4 5 4 5 

Bayelsa 3 1 1 1 

Cross River 6 6 3 2 

Delta 2 2 5 4 

Edo 5 3 2 3 

Rivers 1 4 6 6 

Source: Data Analysis 

 

Figure 2: VFII ranking of States when unequal weight and different normalisation method is used 

 

Source: Data Analysis 

 

 

Table 4: All combinations of VFII pairwise correlation result using unequal weight and 

different normalisation method 

Correlation 

Specifications 

VFII_missing-

min-max 

VFII_missing-

z-score 

VFII_complete-

min-max 

VFII_complete-

z-score 

VFII_missing-

min-max 

1.00    

VFII_missing-

z-score 

0.85*** 1.00   

VFII_complete-

min-max 

-0.70*** -0.47*** 1.00  

VFII_complete-

z-score 

-0.63*** -0.56*** 0.69*** 1.00 

Source: Data Analysis 
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3.1.2 Equal weighting 

We decided to apply equal weight to each component of the index to compare its output. 

Each of the components was given a weight of 0.33, and these weights were equally shared 

among the variables in each component (see Appendix IV). Using different data types and 

normalisation method the result is present in Table 5 and Figure 3. These results show that 

applying equal weight to the Vulnerability to Food Insecurity Index produce a consistent 

output and ranking of state, irrespective of the data or normalisation method used. The result 

supports the notion that using equal weight across the index component produces estimates 

that are unbiased. According to this result, households in Bayelsa state are highly vulnerable 

to food insecurity whereas households in Edo state are least or not vulnerable to food 

insecurity.  

 

To test the robustness of this ranking, we estimated a pairwise correlation coefficient for each 

specification as shown in Table 6. Across the table, the correlation coefficient exceeded 0.87 

and was highly significant at 5% level. This suggests that VFII ranking using equal weight 

are highly robust in its estimate (Alkire and Santos, 2014) unlike using unequal weight as 

explained in section 3.1.1.  Using either min-max or z-score normalisation method for the 

index will still produce the same output, but the min-max method will produce a better result 

because it had a correlation coefficient of 0.97. Based on this finding, we adopted equal 

weight and min-max normalisation method for our VFII. 

 

Table 5: VFII ranking of states in the South-South region of Nigeria using equal weight and 

different normalisation methods 

State VFII_missing-

min-max 

VFII_missing-z-

score 

VFII_complete-

min-max 

VFII_complete-

z-score 

Akwa Ibom 5 5 5 5 

Bayelsa 6 6 6 6 

Cross River 2 2 2 2 

Delta 3 3 3 3 

Edo 1 1 1 1 

Rivers 4 4 4 4 

Source: Data Analysis 
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Figure 3: VFII ranking of States using equal weight and different normalisation method is used 

 

Source: Data Analysis 

 

Table 6: VFII pairwise correlation result applying equal weight to the index 

 VFII_missing-

min-max 

VFII_missing-

z-score 

VFII_complete-

min-max 

VFII_complete-

z-score 

VFII_missing-

min-max 

1.00    

VFII_missing-

z-score 

0.87*** 1.00   

VFII_complete-

min-max 

0.97*** 0.89*** 1.00  

VFII_complete-

z-score 

0.91*** 0.93*** 0.94*** 1.00 

 

Source: Data Analysis 

 

3.1.3 Inclusion and Exclusion of variables  

Finally, we went further to test the effect of excluding or including any variable on the index. 

To determine what variable(s) to be excluded, we estimated the squared multiple correlations 

of all the variables used in the VFII as shown in Table 7. The squared multiple correlation 

coefficient shows the interaction of each variable with all other variables. The larger the 

coefficient, the stronger the interaction of the variable. From Table 7, child mortality and 

distance-from-water-source were the two variables with the least correlation of 19.71% and 

19.54%. Therefore, we used these variables to carry out the test of either excluding or 
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including them. The result of this test is shown in Figure 4 and Table 8. Using equal weight 

(see appendix for each component weight), Figure 4 and Table 8 shows the robustness of the 

VFII output. Three specifications were explored: excluding child mortality only; excluding 

both child mortality and distance-to-water-source; and including child mortality and 

excluding distance-to-water source. Irrespective of any specification used the VFII ranking 

was stable across all specification. Comparing the result in Figure 4 and Figure 3, three states 

-Edo, Cross River, and Delta maintain the same ranking of first, second and third position. 

Akwa Ibom, Rivers and Bayelsa state ranking differs. For instance, Bayelsa state ranks sixth 

when using equal weighting method without excluding any variable. Alternatively, when 

child mortality and distance-to water-source were excluded/included, Bayelsa state ranked 

third. This slight alteration is expected because of the effect of excluding or including either 

child mortality or distance-to-water-source on the VFII. However, the overall performance of 

the VFII remains robust.   
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Table 7: Squared multiple correlations of variables with all other variables 

        Variable     SMC 

            Shock  0.3640 

           Stunting   0.5032 

    Child mortality  0.1971 

          Hunger  0.4113 

    Wealth index  0.5893 

       Road distance  0.2663 

     Market distance   0.3515 

   Distant-to-water-source  0.1954 

    Income source  0.3691 

    Non-farm Revenue   0.4725 

     Crop yield  0.4248 

    Household literacy    0.4836 

Source: Data Analysis 
 

Figure 4: VFII ranking when excluding or including variables 

 

Source: Data Analysis 
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Table 8: VFII ranking of state when excluding or including child mortality or distance-to-

water-source. 

State Excluding child 

mortality 

Excluding child 

mortality and distance-

to-water-source 

Including child mortality 

and excluding distance to 

water source 

Akwa Ibom 6 6 6 

Bayelsa 4 4 4 

Cross River 2 2 2 

Delta 3 3 3 

Edo 1 1 1 

Rivers 5 5 5 

Source: Data Analysis 

 

3.2 Global Sensitivity Approach 

This section discusses how variation or uncertainty in the output of the VFII can be 

apportioned to the input factors using global sensitivity analysis as described in section 2.4.2 

and section 2.4.3. The area of interest investigated are:  

a) What are the major sources of uncertainty in the VFII ranking? 

b) What are the most influential input factors that cause this uncertainty in VFII 

ranking?  

The total number of Monte Carlo model execution estimated for the Sobol sensitivity 

measures – first order and total effect sensitivity indices is 29,696 (1024 *(27+2)), where 

1024 is sample size adopted by quasi-random scheme (Sobol', 1967), 27 is the total number 

of input factor used for estimating the model. 

3.2.1  Uncertainty Analysis -what are the most influential input factors that cause 
overlap in two state ranking? 

 

To find out the primary cause of overlap in the VFII ranking, we compare the composite 

score output of two states – Bayelsa state and Edo state. These two states were selected 

because Edo is the best-performing state in term of having least food insecurity and 

vulnerability while Bayelsa state had the highest level of food security and vulnerability. 

Figure 5 presents the histograms of uncertainty analysis of the differences between the 

composite scores of these states, which correspond to 29,696 Monte Carlo runs. The left-

hand region of Figure 5 shows that Edo state performs better than Bayelsa state in 60% of the 

cases. This implies that households in Bayelsa state are more vulnerable to food insecurity 
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compare to Edo state. We must find out which uncertainty drive this result. To do this, we 

estimated the First order (𝑆𝑖) and Total effect (𝑆𝑇𝑖) sensitivity indices for Bayelsa and Edo 

state present in Table 9.  

 

Figure 5: Uncertainty analysis of the difference in composite score between Edo and Bayelsa State. 

(Uncertainty input factors: 24 weighted indicator values, 3 triggers – weighting, normalisation, 

inclusion/exclusion) 

 

 

Source: Data Analysis 

 

3.2.2  Sensitivity Analysis 

When interpreting Sensitivity analysis result, we are looking for important input factors that 

influence the output. When this input factor is fixed singly, it will reduce the variance of the 

output significantly. To determine which input factor is important the Si >0.10, meaning that 

the input factor explains more than 1/k of the output variance (Saltelli, 2017).   

 

Table 9 shows the result of the first order sensitivity Si. It shows the individual interaction 

and the main effect between the input factors and the output of Edo and Bayelsa state. 

Individually, none of the triggers, i.e. weighting scheme, normalisation scheme and 

inclusion/exclusion of variables had any effect on the output variance of the two states. In 

contrast, for Bayelsa state, the shock variable was the primary source of uncertainty in its 

composite score. Similarly, in Edo state, the primary source of uncertainty is from the shock 
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variables. For both state, the individual influence between the input factors, do have an 

impact on the output variance as the total 𝑆𝑖 is above 100%.  The impact is mainly cause by 

the shock variable. This implies that the VFII is highly sensitive to shocks. The VFII is a 

food security indicator that incorporate vulnerability component. It is highly desirable that 

this index should be able to pick up the effect of the vulnerability component. As the index is 

highly sensitive to shocks, it proves that the index is reliable and meet the purpose for which 

it was design. Generally, input factors with a major contribution to variance of the VFII are: 

shock, child mortality stunting, hunger, wealth index, distance-to-road, distance- to-market 

and household literacy. Input with lesser contributions are: distance-to-water-source, income 

source, non-farm income, and crop yield.  

 

The sum of the first order sensitivity index for the two states is greater than 1, implying that 

the VFII model is an additive model. A model is said to be additive when it is possible to 

decompose the variance of its input factor quantitatively. The entire input factor taken singly 

explain more than 100% of the output variance.   

 

The total effect index represents the difference between the two states composite index score. 

It also measures how much an input factor interacts with other input factors. Our total effect 

sensitivity index 𝑆𝑇𝑖 is less than 𝑆𝑖, this means that the input factors do interact with other 

input factors. However, the interaction between the input factors was low (-15.6%) due to the 

influence of the shock variable.  The difference between the two states composite scores is 

mostly attributed to the shock variable of each state with a high score of 0.90 and 0.10 

respectively. The triggers had a lesser effect of the output variance of the two state. 
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Table 9: Sobol sensitivity indices for composite scores of two states in South-Nigeria 

Input Factors   First- order 

(𝑆𝑖-Bayelsa) 

 First-order 

(𝑆𝑖Edo) 

 Total effect (𝑆𝑇𝑖 
Edo -Bayelsa) 

𝑆ℎ𝑜𝑐𝑘𝑏 1.06651 0 0.903442 

𝐶ℎ𝑖𝑙𝑑 𝑀𝑜𝑟𝑡𝑎𝑙𝑖𝑡𝑦𝑏 0.02805 0 0.019396 

𝑆𝑡𝑢𝑛𝑡𝑖𝑛𝑔𝑏 0.004535 0 0.007513 

𝐻𝑢𝑛𝑔𝑒𝑟𝑏 -0.000784 0 0.00163 

𝑊𝑒𝑎𝑙𝑡ℎ 𝐼𝑛𝑑𝑒𝑥𝑏 0.007421 0 0.00418 

𝐷𝑖𝑠𝑡 − 𝑡𝑜 − 𝑅𝑜𝑎𝑑𝑏 0.069542 0 0.052796 

𝐷𝑖𝑠𝑡 − 𝑡𝑜 −𝑊𝑎𝑡𝑒𝑟𝑏 0.001171 0 0.001117 

𝐷𝑖𝑠𝑡 − 𝑡𝑜 − 𝑀𝑎𝑟𝑘𝑒𝑡𝑏 0.001643 0 -0.00266 

𝐼𝑛𝑐𝑜𝑚𝑒 𝑆𝑜𝑢𝑟𝑐𝑒𝑏 0.000129 0 0.00042 

𝑁𝑜𝑛 𝑓𝑎𝑟𝑚 𝐼𝑛𝑐𝑜𝑚𝑒𝑏 0.004479 0 0.002208 

𝐶𝑟𝑜𝑝 𝑌𝑖𝑒𝑙𝑑𝑏 -0.00108 0 -0.00109 

𝐻𝑜𝑢𝑠𝑒ℎ𝑜𝑙𝑑 𝐿𝑖𝑡𝑒𝑟𝑎𝑐𝑦𝑏 -0.0253 0 -0.0222 

𝑆ℎ𝑜𝑐𝑘𝑒  0 0.857508 0.107939 

𝐶ℎ𝑖𝑙𝑑 𝑀𝑜𝑟𝑡𝑎𝑙𝑖𝑡𝑦𝑒 0 0.033099 0.000859 

𝑆𝑡𝑢𝑛𝑡𝑖𝑛𝑔𝑒 0 0.049124 -0.000146 

𝐻𝑢𝑛𝑔𝑒𝑟𝑒 0 0.038877 -0.00287 

𝑊𝑒𝑎𝑙𝑡ℎ 𝐼𝑛𝑑𝑒𝑥𝑒 0 0.078605 0.011006 

𝐷𝑖𝑠𝑡 − 𝑡𝑜 − 𝑅𝑜𝑎𝑑𝑒 0 0.037927 0.005205 

𝐷𝑖𝑠𝑡 − 𝑡𝑜 −𝑊𝑎𝑡𝑒𝑟𝑒 0 -0.00209 0.005037 

𝐷𝑖𝑠𝑡 − 𝑡𝑜 − 𝑀𝑎𝑟𝑘𝑒𝑡𝑒 0 0.020292 -0.00434 

𝐼𝑛𝑐𝑜𝑚𝑒 𝑆𝑜𝑢𝑟𝑐𝑒𝑒 0 0.005667 0.00061 

𝑁𝑜𝑛 𝑓𝑎𝑟𝑚 𝐼𝑛𝑐𝑜𝑚𝑒𝑒 0 -0.00402 -0.000326 

𝐶𝑟𝑜𝑝 𝑌𝑖𝑒𝑙𝑑𝑒 0 -0.000695 0.000996 

𝐻𝑜𝑢𝑠𝑒ℎ𝑜𝑙𝑑 𝐿𝑖𝑡𝑒𝑟𝑎𝑐𝑦𝑒 0 0.039294 -0.0247 

           Weighting 0 0 -5.55E-17 

       Normalization 0 0 -5.55E-17 

Inclusion/Exclusion 0 0 -5.55E-17 

Sum 1.156316 1.153588 1.066022 

Source: Data Analysis 

4.0 Conclusion 

This paper investigated the robustness of the Vulnerability to Food Insecurity Index. We 

carried out a robust check using sensitivity and uncertainty analysis on the following 

assumptions used to design the index: 

a) alternative data type (missing data or complete data) 

b) alternative weighting scheme (equal or unequal weight) 

c) alternative normalization scheme (min-max or z-score method) 

d) excluding or including variables. 
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Using these assumptions, we collectively investigate the performance and the sources of 

uncertainty to the VFII, focusing on the following questions: 

a) How does the output of the VFII rank compare to different assumptions? 

b) What is the major source of uncertainty in the VFII ranking?  

c) What are the most influential input factors that cause this uncertainty in VFII ranking? 

The result of the analysis showed that: VFII result is stable to changes in variables and 

normalisation method when equal weight is applied. Using the min-max normalisation 

method produces highly robust estimate compare to using the z-score method.  The major 

source of input that introduces uncertainty to the VFII output was shock variable. Implying 

that the VFII is highly sensitive to shock, therefore better capturing the vulnerability 

component of food security. We conclude that the index is fit for purpose and will perform 

better than other indicators of food security in terms of vulnerability. 
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Appendix 

Appendix I: VFII score for each state using unequal weighting 

States VFII_Missing-

min-max 

VFII_Missing-

z-score 

VFII_Complete-

min-max 

VFII_Complete-

z-score 

Akwa 

Ibom 

0.677 -0.047 -0.130 -0.456 

Bayelsa 0.689 0.309 0.033 0.834 

Cross 

River 

0.574 -0.360 -0.051 0.668 

Delta 0.731 0.162 -0.166 0.069 

Edo 0.666 0.072 -0.036 0.418 

Rivers 0.739 0.012 -0.225 -0.610 

 

Appendix II: VFII score for each state using equal weighting 

State VFII_missing-

min-max 

VFII_missing-z-

score 

VFII_complete-

min-max 

VFII_complete-

z-score 

Bayelsa -0.096 -0.153 -0.093 -0.118 

Akwa 

Ibom 

-0.092 -0.103 -0.093 -0.075 

Rivers -0.092 -0.021 -0.091 -0.037 

Delta -0.072 0.007 -0.082 0.007 

Cross 

River 

-0.072 0.041 -0.065 0.077 

Edo -0.047 0.168 -0.041 0.153 

 

 

Appendix III: VFII score for excluding or including a variable 

State Excluding 

child 

mortality 

Excluding child mortality 

and distance-to-water-

source 

Including child mortality 

and excluding distance to 

water source 

Akwa Ibom -0.121 -0.110 -0.082 

Rivers -0.120 -0.109 -0.080 

Bayelsa -0.113 -0.098 -0.078 

Delta -0.107 -0.096 -0.071 

Cross River -0.088 -0.077 -0.054 

Edo -0.069 -0.056 -0.028 

 

 

 

Appendix IV: Equal-weight used in designing VFII 

VFII 

component 

Indicators Individual 

weight 

Excluding 

child 

mortality 

Excluding 

distance-

to-water 

Excluding 

child 

mortality 

Overall 

weight 
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source and 

distance to 

water 

source 

Exposure 

 

Shocks 0.33 0.33 0.33 0.33 0.33 

Stunting 0.11 0.165 0.11 0.165 

 

Sensitivity 

Child 

mortality 

0.11 - 0.11 - 0.33 

Hunger 0.11 0.165 0.11 0.165 

 

 

 

 

Adaptive 

Capacity 

Wealth 

Index 

0.04125 0.0412 0.0471 0.0471 0.33 

Road 

distance 

0.0412 0.0412 0.0471 0.0471 

Market 0.0412 0.0412 0.0471 0.0471 

Water 

source 

0.0412 0.0412 - - 

Income 

savings 

0.0412 0.0412 0.0471 0.0471 

Revenue 

non-farm 

0.0412 0.0412 0.0471 0.0471 

Crop 

Harvested 

0.0412 0.0412 0.0471 0.0471 

Literacy 0.0412 0.0412 0.0471 0.0471 
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Appendix V: Unequal weight used in designing VFII 

VFII 

component 

Indicators Individual 

weight 

Overall 

weight 

Exposure Shocks 0.0871 0.0871 

 Stunting -0.0058  

Sensitivity Child 

mortality 

-0.2628 -0.5645 

 Hunger -0.2959  

 Wealth 

Index 

0.5363  

 Road 

distance 

0.0907  

 Market 0.0607  

Adaptive 

Capacity 

Water 

source 

-0.3767 1.1322 

 Income 

savings 

0.4437  

 Revenue 

non-farm 

-0.0593  

 Crop 

Harvested 

-0.0035  

 Literacy 0.4403  
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Appendix VI: Distributions (µ, σ) for inputs and triggers for inclusion-exclusion, missing data, weighting and normalisation method 

 

   Weighed Variables         

State Distribution Shock Stunting Child 

Mortality 

Hunger Wealth 

Index 

Distance-

to-water 

Income 

Savings 

Non-

farm-

income 

Crop 

yield 

Household 

Literacy 

distance-

to-road 

Distance-

to-market 

AKS Mean 0.10888 0.06182 0.00521 0.00440 0.02054 0.00168 0.00823 0.03502 0.00101 0.01587 0.00256 0.01482 

  Std. Dev. 0.08529 0.00687 0.01329 0.01446 0.00729 0.00365 0.00491 0.00157 0.00140 0.00893 0.00249 0.00367 

Bayelsa Mean 0.12178 0.06255 0.01194 0.00052 0.02179 0.00021 0.00333 0.03455 0.00154 0.01827 0.01603 0.01814 

  Std. Dev. 0.10662 0.00616 0.02100 0.00325 0.00879 0.00027 0.00222 0.00492 0.00191 0.00902 0.01275 0.00384 

CRS Mean 0.07619 0.06225 0.00948 0.00207 0.01474 0.00090 0.00597 0.03543 0.00482 0.01441 0.00532 0.02819 

  Std. Dev. 0.03425 0.00563 0.01774 0.00630 0.00743 0.00129 0.00169 0.00053 0.00797 0.00997 0.00503 0.00505 

Delta Mean 0.09919 0.06064 0.00574 0.00148 0.02501 0.00074 0.00499 0.03524 0.00576 0.01664 0.00770 0.00949 

  Std. Dev. 0.04676 0.00614 0.01547 0.00451 0.00779 0.00208 0.00146 0.00272 0.00742 0.00986 0.00566 0.00581 

Edo Mean 0.07355 0.06039 0.00385 0.00208 0.02295 0.00114 0.00466 0.03529 0.00458 0.01618 0.00302 0.02419 

  Std. Dev. 0.03225 0.00534 0.01006 0.00870 0.00975 0.00280 0.00115 0.00067 0.00549 0.00857 0.00319 0.00478 

Rivers Mean 0.10764 0.06048 0.00299 0.00303 0.02355 0.00131 0.00692 0.03435 0.00185 0.01992 0.00400 0.00651 

  Std. Dev. 0.09240 0.01066 0.01212 0.00961 0.00782 0.00409 0.00133 0.00204 0.00380 0.00843 0.00406 0.00454 
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