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ABSTRACT ARTICLE HISTORY
People reliant on agropastoral land systems are vulnerable to variability and Received 26 September 2022
changes in land function. Their vulnerability is linked to their exposure and Accepted 13 June 2023
sensitivity to various land system components and is often mediated by KEYWORDS

access to multiple livelihood capitals. We quantify aspects of that intersec- livelihoods; vulnerability;
tion with household vulnerability as measured by food insecurity, and as it food security; land systems;
is mediated by access to livelihood capitals. We use a structural equation drylands; Southern Africa
model of household vulnerability, organized under a livelihoods framework,

fitted empirically using a combination of information from 726 household

surveys. These surveys were conducted in communities in Namibia,

Botswana and Zambia, and are contained within a socio-ecological gradient

in the Kavango-Zambezi Transfrontier Conservation Area of southern Africa.

We provide evidence that adaptive capacity strongly mediates household

vulnerability to food insecurity via both direct and indirect pathways that

are statistically associated with land use-derived functions.

1. Introduction
1.1. Overview

Understanding how socio-environmental systems (SES) function at multiple scales is critical to
advancing interdependent sustainability goals (B. Turner et al., 2016), global climate policy (Gupta
et al, 2019) and land system science (B. L. Turner et al., 2007; Verburg et al., 2013). In regions where
people are most directly linked to land system components, like through smallholder, rainfed
agriculture and livestock production, there is a higher risk of exposure to environmental change
and associated vulnerability in the context of food insecurity (Adger, 2006; Oluoko-Odingo, 2011;
Williams et al., 2018). And while useful frameworks exist to conceptualize vulnerability within these
broader system dynamics (Cutter & Finch, 2008; O’Brien & Leichenko, 2000; B. L. Turner et al., 2003),
empirical research is often limited in its ability to quantify these dynamics in meaningful, policy-
relevant ways (Liu et al., 2009; Morton, 2007; Pricope et al., 2020). This disconnect between concepts
and quantitative data still stands as a central challenge to sustainable development, minimizing
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vulnerabilities and understanding and supporting local livelihoods in the context of global change
(Carpenter et al., 2001; Fedele et al., 2019; Lynch et al., 2008).

Smallholders make adaptive decisions based on livelihood capacities and reflecting the land
system and functions, or goods and services, available for use. As land use and environmental
changes modify land systems, household vulnerability, as it relates to the most basic needs, can
be affected (Viana et al., 2022). In this study, we define household vulnerability with respect to food
insecurity, specifically using survey questions about household hunger, and by applying the Food
Insecurity Experience Scale (FIES), an indicator adopted by the United Nations to measure
Sustainable Development Goal 2 (end hunger) (Cafiero et al., 2018; Salerno et al., 2021). Capturing
the dynamics between land functions and household-level food insecurity is a necessary step toward
addressing interlinked Goalsets 2 (hunger) and 15 (land) of the United Nations Sustainable
Development Goals (SDGs) (United Nations, 2015). The 2030 Agenda for Sustainable Development
preamble emphasizes the need to reach those most vulnerable, globally, and in particular those in
the least developed countries (United Nations, 2015). As such, we link interrelated concepts of
sustainability and vulnerability in the context of livelihoods and land systems through an approach
that quantitatively measures the components of land functions, household capacity and vulner-
ability as it relates to food insecurity (Gaughan et al., 2019).

Using multicountry household data and remotely sensed land systems information, we apply the
approach in a dryland region of southern Africa. To characterize vulnerability to food insecurity in
this region, we estimate an empirical model to interrogate the direct and indirect relationships
linking exposure and sensitivity to environmental effects on land uses, households’ adaptive capacity
to respond to systemic change and vulnerability to food insecurity. The strength and directional
pathways between vulnerability components and associated indicators are presented in terms of our
ability to identify different aspects within the system suitable for policy and management decision-
making.

The following study includes a background review of the different salient theoretical components
informing our understanding of the dryland system followed by an overview of the study region
context and details of the structural equation modelling approach. We present outcomes of the
model fitted to household data with a discussion that captures the geographic, statistical and
hypothetical context. Finally, we provide suggestions for future research and how to enhance
adaptive capacity and ultimately the sustainability of livelihoods in this critical region of southern
Africa.

1.2. Conceptual framing: vulnerability, sustainability and land functions

1.2.1. Vulnerability framework and the link to land functions

Vulnerability is central to understanding interactions within socio-environmental systems where
livelihoods are strongly connected to land use practices sensitive to environmental conditions
(Janssen & Ostrom, 2006; B. L. Turner et al., 2003). Much work has been done to characterize
vulnerability (Adger, 2006; Adger & Kelly, 1999; Luers, 2005), at various levels and scales (Brooks
et al., 2005; Chaudhuri et al., 2002; Fraser et al., 2011), and often linked to concepts of exposure,
sensitivity and adaptive capacity (Masson Delmotte et al., 2021; Smit & Wandel, 2006; B. L. Turner
et al,, 2003). In the context of the interrelated concepts of vulnerability, land functions and ecosystem
service provisions, vulnerability is defined as the predisposition to be adversely affected by a climatic
or environmental hazard/exposure and encompasses elements of sensitivity and the capacity, or lack
thereof, to cope (Masson Delmotte et al., 2021).

We specifically conceptualize the combination of exposure and sensitivity as the land function
aspect of our system. We define exposure in terms of the amount of land relied upon for services, while
sensitivity is defined to be the overall amount of resources provided by the land utilized. The
combination of exposure and sensitivity therefore captures both the land use and provision of
associated goods and ecosystem services (land functions) (Verburg et al., 2009) for these primarily
agropastoralist households. To establish linkages between the land function and social components of
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a system of interest, these components of vulnerability (exposure, sensitivity, and coping or adaptive
capacity) can therefore be statistically related to empirical data (Fraser et al., 2011; Gaughan et al., 2019).

Research has shown that households and communities with established practices for risk mitiga-
tion, diversified livelihoods practices, strong social safety nets, access to financial and credit markets
and robust governance structures tend to have greater adaptive capacity and therefore be less
vulnerable to climate shocks and increasing climate and environmental variability (Wright et al.,
2012). Less vulnerable communities with greater capacity to cope and adapt to changes and shocks
also tend to be less reliant on a limited subset of subsistence activities (Morton, 2007) and be more
food secure (Ali & Erenstein, 2017). Adaptive capacity can be measured through indicators derived
from the sustainable livelihoods framework and pertaining to natural, human, social, financial or
physical capitals (Scoones, 1998). In this study, we apply such an approach to further elucidate the
household linkages between vulnerability to food insecurity, and the factors that contribute as
a whole to potential features of adaptive capacity in the livelihoods framework.

2. Materials and methods
2.1. Study site - KAZA, transboundary conservation, and community-based organization

Our study focused on community conservation areas (CCA) in three of five nations (Botswana,
Namibia and Zambia) of the Kavango Zambezi Transfrontier Conservation Area (hereafter KAZA).
The KAZA incorporates mainly dryland savannas, but also encompasses major river channels with
resource-rich floodplains important for both human livelihoods and wildlife. The region typically
experiences strong climate variability (Morioka et al., 2015; Nash, 2017) but is also expected to
experience increased warming, decreased rainfall,and an increase in extreme climate events
(C. J. Engelbrecht & Engelbrecht, 2016).

The decision of what candidate environmental variables to include in the model was predicated
on a systemic understanding of what variables would strongly correlate to one another and provide
insight on the land functions associated with selected communities in KAZA. From an ecological
standpoint, there is higher mean annual rainfall and a slightly longer rainy season across the study
area’s semi-arid N-S gradient (Figure 1). Zambian households experience a mean rainy season ~20
days longer than those communities in Botswana (~10 days longer than the Namibia households)
which is significant for maize production, whose growing season is typically on a 90-day cycle (A1).

Each CCA is influenced by the national policy context of its country, as well as its position along
the precipitation and vegetation gradient from north to south (Figure 1). At the same time, CCAs
across KAZA countries share similar characteristics, with sparse, remote settlements and high global
value in terms of biodiversity and ecosystem services, but providing marginal livelihood opportu-
nities. Because households in these community areas are rural, they tend to rely heavily on
subsistence activities — primarily livestock-keeping, crop production and natural resource harvesting
(Bailey et al., 2020). Among households surveyed, we estimate the prevalence of moderate-to-severe
food insecurity, as measured by FIES, at 71% (Salerno et al., 2021). As such, their susceptibility to
climate shocks is high. Climate changes that affect rainy season length and frequency and intensity
of rain events (Dunning et al., 2018), and increased temperatures (F. Engelbrecht et al., 2015), all
affect the land functions underpinning rural livelihoods.

2.2. Empirically modelling the KAZa socio-environmental system

2.2.1. Modelling framework To explore linkages in the KAZA system, we incorporate data
from household surveys with physical variables derived from remotely sensed and modelled
data (Funk et al., 2015; Nardi et al., 2019). We take advantage of platforms such as Google
Earth Engine (Gorelick et al., 2017) and open-access data products to explicitly incorporate
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Mean Annual Precipitation (mm) Mean Growing Season (days)
- 1000 [ Zambia Study Area [ Namibia Study Area 4 village_pts 160
. 400 [ Botswana Study Area National Parks Floodplain 120

Figure 1. The (a) Kavango-Zambezi region with study areas and mean annual precipitation (mm) in southern Africa, (b) floodplain
extent and (c) mean growing season in days with village areas noted for each country area.

spatiotemporal conditions related to key environmental components of land function that
correlate with food insecurity in KAZA. We model the system using a structural equation
modelling (SEM) approach (Gaughan et al., 2019) that estimates the covariation between
both measurable and unmeasurable, latent characteristics indicated by survey items and
environmental data. The hypothesized relationships between these characteristics are tested
and discussed.

2.3. Linking the modelling framework to empirical data

Based on a hypothetical structural and measurement model, reflecting a version of the
sustainable livelihoods framework described in (Gaughan et al,, 2019), we developed a survey
instrument that included questions on land uses, household food security and various forms of
natural, social and financial capital (Gaughan et al., 2019; Salerno et al., 2020). The generalized
model was constructed using the fundamental concepts of a household’s vulnerability to food
insecurity being influenced by that household’s reliance on land functions measured via
exposure and sensitivity, and mediated by its adaptive capacity (Figure 2). As described in
the original framing (Gaughan et al., 2019), we initially hypothesized that these various house-
hold and land function characteristics were not directly measurable, but rather latent charac-
teristics that could be indicated by various highly correlated measures, and as such would be
suitable for modelling empirically using a SEM. The realization of the model presented in this
study retains the latent construct for vulnerability and adaptive capacity but incorporates the
land function nexus of exposure and sensitivity as directly measured covariates (Figure 2) to
characterize specific land functional attributes related to agropastoral land uses. While the
system theorization outlined in (Gaughan et al., 2019) helped to guide survey design and
questions (Table 1), certain data and statistical constraints made it less tenable to include latent
measures for exposure and sensitivity. See Appendix 1 (Appendix 1A1) for further detail and to
access open data to reproduce all analyses and results (Stevens, 2022).
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Figure 2. Hypothesized household-level vulnerability and its components, directly and indirectly associated with land functions-
related exposure and sensitivity, which are mediated by adaptive capacity (solid blue (positive) and red (negative) arrows). These
components are linked in the theoretical formulation of what constitutes household vulnerability in the context of food
insecurity; arrows and their thickness represent hypothetical, quantitative associations between vulnerability components as
conceptualized by Gaughan et al. (2019).

2.4. Household survey design and sampling frame

A stratified and systematic random sample of 726 households across 15 villages was taken over two
field seasons in 2017 and 2018. Five villages in each of the three CCAs were selected for approxi-
mately 48 households to be interviewed each. CCAs and representative villages provide
a complementary comparison in terms of several key aspects that vary across KAZA. Governance
and land tenure are established independently by each nation, and each CCA is constrained by
a different national community-based conservation policy; biophysical conditions vary from savanna
woodlands to seasonal floodplain; socio-economic characteristics are influenced by distance to
market and degree of integration into the cash economy, among other factors. In Botswana, we
surveyed five villages in Chobe Enclave, with a population of approximately 3,800 people. In
Namibia, we chose the Mashi Conservancy and its five associated communities who together
number ~2,900 residents. Finally, in Zambia, we selected the southern half of the Lower West
Zambezi Game Management Area (GMA), where five villages are located, with the population of
the entire area being around 10,000 (Salerno et al., 2021).

Our sample size of approximately 240 households per CCA was based on an equal allocation of 48
surveys per village - a village-level sample size sufficient to allow assumptions of normality of
distribution and equal variance (Agresti & Finlay, 2009). This allowed for a robust pooled sample
for the overall study (Botswana N =240, Namibia N =241 and Zambia N =245, total N=726). A full
description of the survey design and approach is given in (Salerno et al., 2020).

2.5. Structural equation model specification

The original survey questions that inform the hypothetical framing were crafted based on the strong
assumption that there exists a population comprising households across all three countries in the
study that employ a variety of land uses, and were comparable between regions in how land
functions influenced food security. As noted above, we use a SEM, an analytical technique that
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combines factor analysis and multiple regression to quantify relationships between one or more
independent variables and one or more dependent variables (Ullman & Bentler, 2012). The general
process of SEM is to translate theoretical constructs into modelled relationships during model
specification (Asah, 2008; Hoyle, 2014), a process we define as ‘operationalizing’ our theoretical
understanding of vulnerability in the KAZA socioecological system. One advantage of pre-specifying
the model and fitting it using the SEM framework is that results can be discussed in the context of
that theoretical framing. In KAZA, we hypothesize that those households with a higher diversification
in livelihood activities (Adaptive Capacity) and subsequently less dependence on land use outcomes
(Sensitivity) will be less food insecure and have a lower vulnerability measure (Figure 3).

To best characterize food insecurity through the latent construct of V, we apply a set of questions
directed towards identifying varying levels of food insecurity for each household. We chose to use
questions that asked about food availability, food choice and preference, specific temporal aspects
to experiencing hunger and other questions that were comparable to previously conducted surveys
from the region in order to conduct longitudinal data analyses, A subset of these questions were
used to construct the specified indicators and FIES estimates presented here (Table 1) (Salerno et al.,
2021). To indicate the realized but unmeasured ability of a household to cope or adapt to environ-
mental conditions regarding food insecurity, we included questions based on the sustainable
livelihoods framework (Fraser et al., 2011). Each measured indicator predicted by AC was an
intentionally selected metric for identifying various financial, human, social and physical capitals of
a household (Fraser et al., 2011). Natural capital is included through inherent aspects of the ‘Crops
Harvested’ and ‘Grazers Born’ covariates, as well as conditions associated with soil and water quality
indirectly captured through our agropastoral land function nexus.
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Figure 3. Proposed structure and measurement model of the KAZA socioecological system, as operationalized using latent and
measurable components within a structural equation modelling framework. Hypothesized (expected) relationships between
structural model components are presented as coloured, directional arrows. These are the findings expected prior to fitting our
model with empirical data.
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Other potential data source inclusions for natural capital, such as survey data on gathered natural
resources, did not associate strongly with food insecurity or agricultural land, so they were not
included in the model. Together, ‘Crops Harvested’ and ‘Grazers Born’ represent the sensitivity of
households exposed to environmental land use conditions related to our exposure measures of
hectares cropped, rainy season length and the location of a household relative to the nearest
floodplain. Table 1 outlines the full set of indicators and covariates, including their data source,
transformation and most basic descriptive statistics.

The specified model presented here is only one of many theoretically similar model specifications
that are possible. While a model can be formulated that mirrors the one presented using latent
constructs for each vulnerability component laid out by Gaughan et al. (2019), we found that
hypothetical indicators of exposure and sensitivity components were not correlated (e.g. gathering
of natural resources of different types were unrelated to other household land use activities) and
operationally did not fit a measurement model appropriate for inclusion in the final model specifica-
tion (see A1). While statistically better fitting models can be found by data manipulation and model
re-specification using post-hoc covariate and indicator selection, some of which are still theoretically
aligned with the model presented here (A1), we choose to present the specification that, while
having marginal statistical significance, best represents the a priori theoretical framework while still
being estimable.

The specified model (Figure 3) was fit using the lavaan package (Rosseel, 2012) in the R Statistical
Computing environment (R Core Team, 2020). The number of surveys across the communities from
each country that contained no missing data was adequate for fitting covariance matrix-based
models such as in SEM. Our total sample size (N =726) included missing responses to capital and
land use questions for 96 households, and in two cases, incorrect geocoding which complicated
environmental data extraction from remotely sensed data sources. Given that these missing data
were not at random, we ruled out data imputation methods and chose to use only the N=628
complete cases for modelling. Using the described covariates (Table 1) the model was fit using
diagonally weighted least squares and maximum likelihood estimation with robust standard errors
(i.e. mean- and variance-adjusted test statistics (Rosseel, 2012).

3. Results
3.1. Household survey summaries

The basic correlation structure was tested between covariates and indicators from Table 1 (Figure 4).
These estimates show general trends that are consistent with hypothesized relationships across the
hypothetical groupings of covariates. More detailed descriptions and visualizations can be found in
A1 with variable transformations, model specification and fitting details (A1, Table 1). Focusing on
the clusters of variables used as indicators for the unmeasured, latent constructs of vulnerability and
adaptive capacity (Figure 4), we observed relatively high correlation among indicators for vulner-
ability and relatively low internal correlation among indicators of adaptive capacity.

It should be noted that as a group the vulnerability indicators should be extremely highly
correlated since they consist primarily of two questions about monthly food availability, asking
respondents about the current year of their interview and an average year in general (Table 1). The
composite FIES score is calculated in part from these questions (Table 1) but also includes finer
grained questions on nutrition and food preference (Cafiero et al., 2018; Salerno et al., 2021).

The adaptive capacity indicators correlate less strongly with each other as they represent very
different forms of capital (human and financial), but as a group, tend to negatively covary with the
exposure covariates and positively with sensitivity covariates. The social connection composite index
(A_Social) is only weakly correlated with other adaptive capacity indicators, and shows that as
a whole, there is higher covariance among those components that are more directly linked to
labor, assets and financial assets.
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Figure 4. Correlation matrix of covariates used in the specified and fitted SEM. Variable names reflect the measurement and
structural components of the model followed by an underscore and the general nature of the survey data used to construct each
variable (Table 1).

There was significant variation between communities of different countries in overall crop yields,
especially with respect to maize, the most economically important and vital subsistence crop across
the study area. The total amount of maize yields per hectare in the household data is highest in
Zambia (x = 603.4 kg/Ha, SD = 782.8 kg/Ha) compared to Namibia (x = 254.7 kg/Ha, SD = 766.9 kg/
Ha) or Botswana (x = 402.0 kg/Ha, SD = 880.8 kg/Ha), and yet Botswanan households overall have
the highest cropped area reported (x = 3.74 Ha, SD = 7.47, Namibia: X = 1.90 Ha, SD = 2.14, Zambia:
X = 2.02 Ha, SD=2.76).

3.2. Structural model development

The fitted measurement model, the estimated latent constructs and the specified structural
components are presented in the attached Appendix (A1, Table 1), alongside their robust
standard errors, z-scores and associated p-values at the a=0.05 level. All coefficient and variance
estimates are presented there in unstandardized form, with units reflecting those specified in
Table 1. The overall model fit, by the most commonly reported fit indices (Figure 5), should be
considered statistically marginal and indicates that the model, while interpretable, may be
improved by re-specification. We present these results without such re-specification since we
pre-described the framework with a priori hypothetical relationships, and fit it with minimal
adjustments, considering only the appropriateness of the components included in the measure-
ment model (A1). The fitted model produces an estimated variance-covariance matrix which is
compared statistically against the observed covariances of the empirical data included. The
overall, robust )(2 (723.37, d.f.=56, p<0.01) should be considered a ‘badness-of-fit, and



JOURNAL OF LAND USE SCIENCE (&) 325

Land Use and Environmental Variables (E)

Rainy Season Distance to
Floodplai

O SEM Latent Variable

Non-Land ! Measured Indicator
Capitals (AC)| &....J H
Food sty
. + Proportion | .
H H Covariate (Exogenous|
Insecurity (V, 0.41 ‘Income Not} . !
#Months F1!
i LastYear ; qnwfﬁﬁd
: : ) : : Regressed On)
............ Adaptive i Healthy, } :Iypo!hes':ed)
: : Capacity : Household } <4 Correlation
i#Months F1 | g4 : (Covaries With)
i Avg.Year i ¢ -
H H + Highest |
¢ Education } Standardized
of Any Coefficient Value
: : + Member | R
: FIES Score ! eansssenesd ' —
e H — 05
............ Durable E 0
Assets — 0.5
Index - 10

N=628 complete obs.
of 13 vars.

+ Connection ;
Index

5 o S Land Use Outcomes (S)
SEM Statistical Fit Indicators:

Modelx* = 723.4, d.f.=56, p < 0.01
RMSEA=0.14, p < 0.01

CFI=0.75

SRMR=0.12

GFI=0.93, AGFI=0.90

Figure 5. Fitted SEM with visualized standardized coefficient values and strengths of associations. Arrows for structural
relationships are color coded red (negative) and blue (positive), with measurement model loadings and coefficient weights
scaled to relative widths.

a statistically significant result indicates that the overall covariances do not statistically agree.
This metric is, however, very sensitive to sample sizes. We therefore also present the Comparative
Fit Index (CFI) (>0.90 is considered ‘well-fitting’), the Tucker-Lewis Index (TLI) (>0.80 is ‘well-
fitting’) and the Root Mean Square Error of Approximation (RMSEA) (<0.12 is ‘well-fitting’). All of
these fit measures indicate a marginal model fit with statistical properties that leave room for
improvement in both the measurement and structural model. The Goodness-of-Fit Index (GFI)
and Adjusted Goodness-of-Fit Indices (AGFI) (>0.9 is ‘well-fitting’) can be interpreted as the
proportion of variance accounted for by the estimated population covariance, analogous to R?
in a linear regression context, and both indicate a significant portion of the overall variance is
explained by the hypothesized relationships; however, room remains for model improvement
(~10%) (Kline, 2011).

The measurement model and the relationships of the indicators with their latent constructs of
vulnerability and adaptive capacity are presented in standardized form in Figure 5. The strength of the
correlations among indicators for each construct (Figure 4) is reflected in the relative strength of each
indicator and its ‘prediction’ by the unobserved construct. The covariance of the first indicator is fixed
to one for each of the constructs of adaptive capacity and vulnerability, respectively, while the
standardized values presented in Figure 5 reflect the relative strength of the correlation with the
estimated factor scores of each latent variable. In this case, the ‘Durable Assets Index’ and ‘Highest
Education of Any Household Member’ variables are most strongly predicted by the resulting latent
construct of adaptive capacity, while the ‘FIES Score’ and number of months of food insecurity
experienced in the last 12 months are most strongly associated with the vulnerability latent variable.
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Figure 6. Total, standardized traced covariate effects on vulnerability (V), estimated from the structural components of the SEM.
All paths represented in Figure 5 are summed in standardized form as weighted effects on the latent construct of household
vulnerability to food insecurity.

3.3. Exploration of factor scores and covariates

Another SEM output that lends itself to interrogate hypothetical relationships is the factor scores
estimated for latent constructs. For these latent variables, the factor scores themselves represent an
estimate for each household that is predictive of each individual indicator variable used in the
measurement model. We visualize the relationship between factor scores estimated for each house-
hold (Figure 7), and categorized by the household’s country location. These illustrate the structural
association, with an estimated direct coefficient of —2.70 (—0.47 standardized) (p-value <0.01), and
the combined indirect pathways that result in the observed traced effect of adaptive capacity on
vulnerability (—0.67) (Figure 6). The breakdown by household countries illustrates important country-
level differences that are indirectly accounted for in the model specification and partially controlled
for by environmental covariates.

4. Discussion

Our findings from the estimated model suggest that variation in vulnerability to food insecurity is
most strongly associated with variation in households’ adaptive capacity (Figures 5-6). This linkage is
via both direct and indirect pathways mediated through land use, specifically grazing productivity
(Figure 5). The combined effects of the agropastoral land function nexus (via exposure and sensitiv-
ity), while statistically significant, are less informative than adaptive capacity for understanding the
variability in household vulnerability in the studied communities. Components that we hypothesized
would indicate household adaptive capacity significantly covary, but the measured forms of social
capital were less strongly associated with the latent construct than physical and other aspects of
human capital. These results may reflect a more nuanced influence of how social relationships in our
study area communities might impact food security or how social ties vary differently in their effect
on vulnerability between the cultural contexts of villages, conservancies and countries represented.

Despite being less influential than adaptive capacity in explaining variation in vulnerabil-
ity, another important aspect highlighted in our results is the relationship between environ-
mental covariates (mean rainfall season length and distance of household to floodplain) and
variation in land use activities. These form the basis for further discussion regarding how
environmental and ecological conditions affect agropastoral land functions, and how these
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Figure 7. Extracted factor scores for the vulnerability (V) and adaptive capacity (AC) latent constructs, categorized by households’
country.

pathways exacerbate or mediate household vulnerability to food insecurity. As such, we
present KAZA-specific insights relevant to our contextualization of this dryland system (6.1
to 6.4) and then focus on generalizable results for how this research contributes to the
broader conversation of sustainable development, household vulnerability and rural land
systems (6.5).

4.1. Land function reliance and vulnerability

We found that KAZA households that engage in more extensive cropping also produce on average
more crops but also have higher vulnerability to food insecurity. This at first may seem counter-
intuitive but aligns with the conceptual framing that while controlling for other forms of capital, like
those represented in adaptive capacity, a reliance on increased levels of cropping is significantly
associated with higher levels of vulnerability. Furthermore, adaptive capacity is not a significant
predictor of crop productivity, which is a rationale supporting the conceptual framing that agricul-
ture represents a different type of component contributing to vulnerability than adaptive capacity.
Therefore, for agricultural land functions, we would argue that cropping and grazing do align with
a conceptual framing around exposure and sensitivity.

Grazing and cattle production in the KAZA context, like other areas of sub-Saharan Africa, may be
less aligned with our conceptual framing of the exposure-sensitivity and land function nexus. We
found that adaptive capacity is statistically and significantly positively associated with cattle produc-
tion, and that higher cattle production is associated with lower levels of vulnerability (Figures 5-6). In
this context, cattle ownership and their yield may empirically act more as a buffer to food insecurity-
related vulnerability, and that despite grazing land uses that support cattle production, and the land
function that represents being statistically important, it does not fit our hypothesized positive
relationship between exposure and sensitivity components and vulnerability (Gaughan et al., 2019,
Figure 3).
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4.2. Environmental and geographic specificity

With regard to components that interact with land uses (exposure) and their outcomes (sensitivity),
the model shows a statistically significant, positive association with the mean rainy season length
and the amount of crops harvested, meaning that the shorter the rainy season length, the less total
harvested crops. However, the opposite statistical relationship is found with grazers born, indicating
that a shorter rainy season length associates with more livestock born. The productivity in crops and
grazers cannot be disentangled completely from other environmental (e.g. crop and livestock
depredation, flooding) and geographic (e.g. cultural variability, accessibility to communal herding
and grazing resources, etc.) factors, and further research will focus on such complexity.

Indeed, distance to the floodplain is positively associated with crops harvested, suggesting that
the farther away an area is from the river, the higher the crop production. The increased land area for
cropping in Botswana may indicate a need to have more area for farming when molapo (floodplain)
fields are flooded. However, the large range of variability in these estimates means that caution
should be taken when interpreting environmental variables. Furthermore, more household data
were available to facilitate a more complex model, other potentially important distance-based and
regionally varying covariates such as accessibility to forest vs. open woodland, for example, may also
be useful to include and help differentiate between household reliance on natural resource gather-
ing and cropping land uses.

4.3. Institutional and country-specific considerations

Although for the SEM we treated all households as being from the same population, it is clear that
there are country-level differences in both adaptive capacity and vulnerability (Figure 8), with
households in Botswana better off, and those in Zambia worse off with respect to food insecurity
(Figure 7). These broad trends parallel differences at the national level: Botswana, closely followed by
Namibia, is reported to have more effective governance than Zambia (Mo Ibrahim Foundation, 2020);
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Figure 8. Vulnerability factor scores by country vs. the amount of collected, non-firewood resources across study households.
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the same pattern exists for human development indices (Roser, 2014) and per capita GDP
(WorldBank, 2022). At the same time, there is clearly considerable within-CCA variation. At
a coarse level, our data would support suggestions that Zambia was in greater need of interventions;
however, the SEM is able to identify households within each CCA that have less adaptive capacity, as
well as the leverage points that could best increase this so that such interventions could be more
specifically targeted.

Given the spatial focus on CCAs, something further must be said about the state of development
of community conservation in each country. While both Botswana and Namibia have well-supported
CBNRM programs and associated healthy wildlife populations, with Botswana in particular seeing
high income at community level from wildlife-related tourism activities, Zambia’s program currently
exists in name only, with few — if any — activities or projects on the ground within the communities of
our study, and a relative paucity of wildlife to the Namibian and Botswanan contexts. When
considering the intention of CCAs to protect biodiversity and ecosystem services, in Zambia there
does appear to be a higher reliance on at least provisioning services, whereas that purpose may be
more externalized in Botswana and Namibia (Bailey et al., 2020). This is reflected in the constrained
nature of which land functions are represented in the specified model presented here.

4.4. Natural resource capital

Having only agropastoral land uses and aspects of their yield captured in the exposure and
sensitivity components was limiting to addressing land function more broadly in the KAZA context.
We initially considered natural sources of capital beyond simply cropping and grazing as being
integral to households’ exposure and sensitivity. However, natural resources, both edible and non-
edible, were nearly ubiquitously gathered and relied upon by households regardless of context, in
addition to there being country-specific differences in the availability of woody biomass for fuel and
the uses of those resources for burning directly (in Namibia and Botswana) vs. charcoal production
(Zambia). These facts challenged assumptions about the common population across countries and
how variability in access to natural resources might help explain variations in household food
insecurity (Figure 8).

What is clear is that there is much variability in the numbers of resources collected and the
amounts of those resources, particularly gathered edible foods (A1). Understanding the role of
harvested natural resources in rural livelihoods requires substantial unpacking, such as which house-
holds are relying on such resources primarily for subsistence use, and which might be harvesting
commercially, potentially as part of a suite of livelihood activities. There is also much to understand
about what proportion of a total livelihood basket that natural resources might contribute for
different households. The expected importance of the resources is there, and future research will
look at these aspects.

4.5. Applications to sustainable development metrics

In the 2030 Agenda for Sustainable Development, food and agriculture are key components for
addressing various interrelated SDGs. Rural and agricultural developments, especially in subsis-
tence communities, are the cornerstone for ending poverty and staving off hunger (SDG 2) while
concurrently contributing to sustainable development, generally (Del Arco et al., 2021). Our study
illustrates one potential use of the internationally comparable FIES score (the survey module for
SDG indicator 2.1.2) as a tool in constructing a quantitative measurement scale of the severity of
the food insecurity conditions in rural, subsistence-based communities (Cafiero et al., 2018).
When we integrate food insecurity metrics (FIES, number of months food insecure in an average
or previous year) with data on livelihoods composition as proxies for adaptive capacity and land
function proxies, we unveil important dimensions in food insecurity-related vulnerability, both
among and across households from communities in three socio-economically and politically
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differing countries. Thus, by integrating measures of vulnerability, sensitivity, exposure and
adaptive capacity in a quantitative model, we can contribute to identifying actionable outcomes
for policy interventions and argue that this need for integration is more urgent in semiarid,
marginally productive landscapes. Where land use pressures overlap with already marginal
environments characterized by poor soils and high climatic variability, household-level vulner-
ability can further influence household decisions and land use outcomes (Tsegaye et al., 2010).
Households that diversify their livelihoods as an adaptation strategy will have lower overall
vulnerability, greater adaptability (Cassidy & Barnes, 2012; Shackleton & Shackleton, 2006) and
face less food insecurity (Richardson et al., 2018).

That said, a key empirical result from our study is the significant in-country variation in vulner-
ability and adaptive capacity which suggests that targeting broad interventions is not enough to
reach the most vulnerable. The diversity of livelihood activities within KAZA varies, especially for
livestock and crop production. Since these are not coupled land activities, either distinct interven-
tions need to be applied or it may be necessary to untangle livestock-wealth relationships, meaning
to what degree people rely on livestock for subsistence versus commercial use. Our model indicates
that when adaptive capacity scores are relatively higher and associated vulnerability scores relatively
lower, while controlling for that standardized scores of exposure and sensitivity components, house-
holds reflect lower reliance on agropastoral land functions overall. One potential piece of support for
this finding may lie in the broad social services, as evidenced in Botswana, for farming or resource
gathering households where productivity is severely limited. Using the FIES as a component in
household vulnerability modelling, we 1) provide a tractable way to extrapolate findings in compar-
ison with larger rural lands context and 2) provide additional building blocks for insight on the
importance of rural land functions and livelihoods at local scales in achieving SDGs and particularly
outcome 2.2.1 for reducing hunger globally.

5. Conclusions

Our work underscores the context-dependent nature of measuring and modelling vulnerability and
highlights the need to account for both environmental and socio-economic variables at scales relevant
for decision-making at the household level. The capacity of rural, subsistence-based households to
adapt to, react and prepare for climatic and environmental variability and changes can influence SES
resilience at the community level (Selm et al,, 2018). Dimensions and aggregated indices of social,
physical, human, financial and natural capitals that support livelihoods can be used effectively to
approximate measures of adaptive capacity among different households, and when appropriately
analysed across political and environmental gradients, can point to leverage points where effective
interventions may be suggested. In modelling these responses and associations in a transboundary,
mixed-land use, subsistence context, limitations pertaining to data comparability, survey response
standardization, data granularity and ability to statistically link environmental and socio-economic
variables in a sustainable livelihoods framework persist and future work is needed to address these
limitations. We acknowledge that complex relationships among the various livelihood capitals may
confound our ability to measure financial, physical and human capitals separately and hence to
identify leverage points to effectively influence household vulnerability. At the same time, our
model shows that while the details of local livelihood capital assemblages may be both location-
specific and complex, the approach of linking such indicator-based capitals to the latent characteristics
of vulnerability and adaptive capacity through a structural equation model allows for generalization of
the relationships to other social and geographical contexts. As such, we posit that strategies to increase
household adaptive capacity and decrease vulnerability to food insecurity in the KAZA gradient
landscape might include crop diversification as a measure of increasing food security, which is
associated with a decrease in total cropped area devoted solely to maize. In addition, investment in
durable assets, educational and health outcomes of workers and creation of income-generating
opportunities that do not rely on welfare may be critical leverage points. All of these are important
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indicators in our model of overall adaptive capacity, which empirically has the strongest net association
with lower food insecurity-related vulnerability for households in KAZA.
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