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Abstract The study of household resilience is a key issue in development economics. This paper adds
to the literature by exploring the role of resilience in mediating the relationship between food
consumption growth and temperature shocks. To make up for the lack of long micro panels, we
generate a synthetic panel for rural Tanzania covering the time span 2000 – 2013. Our main
contribution is the identification of resilience thresholds below which households are unable to
absorb the negative effects of temperature shocks. These thresholds have important implications for
adaptation to climate change in developing countries and, more generally, significant consequences
for policy-makers and intervention design.
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1. Introduction
Over the past few years, resilience has received a great deal of attention as a topic of interest for
development. The increased interest in resilience has been paralleled by interest in how to measure
the effectiveness of resilience-targeted policies and programmes. Despite significant recent
improvements in measuring resilience (Constas et al. 2014; Smith and Frankenberger 2017; d’Errico
and Pietrelli 2017; d’Errico and Di Giuseppe 2018), no data-driven evidence has been provided yet
on the potential existence of resilience thresholds. In this paper, we fill this gap by providing empirical
evidence on the presence of household resilience thresholds to exogenous temperature shocks in rural
Tanzania.

Development resilience is closely related to the idea of stochastic poverty traps since it concerns the
likelihood that adverse outcomes do not persist for an extended period in a dynamic setting.
Therefore, in line with Barret and Constas (2014), this paper builds on the existing literature on
poverty traps to empirically detect critical resilience thresholds. Specifically, we identify potential
deviations from positive consumption growth paths of convergence in the aftermath of temperature
shocks and explore the protective role of resilience in mediating the relationship between growth and
shocks. As far as the mediating role of resilience is concerned, we build on the existing literature on
resilience to food security to identify the key set of household characteristics that better explain
unobservable resilience to temperature shocks and its potential relations with poverty traps.

The identification of resilience thresholds represents an important step towards an assessment of the
presence of potential resilience traps, i.e. regime shifts (Folke et al 2004). Thresholds are also
important for policy making in order to properly target people who are at risk of regime shifts.
However, at present, there are no internationally accepted normative standards on how to identify
resilience thresholds. Furthermore, although the welfare of risk-averse households will always be
higher in a shock-free environment, the identification of the actual effects of shocks on household
welfare is not an easy task. It is hampered by both theoretical and empirical constraints. From a
theoretical point of view, even if we limit our analysis on consumption patterns, the possible effects
of shocks remain ambiguous. According to the precautionary saving literature (Caballero, 1990;
Carroll & Kimball, 2001; Carroll & Samwick, 1998; Deaton, 1992), possible empirical associations
between shocks and

reductions in current consumption are, on average and ceteris paribus,

compatible with a higher consumption growth (Paxson, 1992). Conversely, the literature on poverty
traps (Carter & Barrett, 2006; Carter, Little, Mogues, & Negatu, 2007; Carter & Lybbert, 2012;
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Zimmerman & Carter, 2003) highlights that voluntarily destabilizing consumption could be a sign of
valid “welfare preserving” coping strategies, such as asset-smoothing, to avoid the risk of falling into
poverty traps.

As for empirical constraints, robust empirical evidence on resilience dynamics are hampered by a
lack of long micro panels, measurement error and attrition (Antman & McKenzie, 2007). The
availability of short panels, which is generally the case in developing country contexts, does not allow
us to disentangle either short-term/transitory movements or long-term/permanent shocks and
recovery paths, including the identification of thresholds and multiple equilibria (Carter & Barrett,
2006). It is also important to acknowledge the inherent inconsistency of the concept of “households”
in a long-term perspective: household splits are characterized by short-term frequencies. In order to
overcome the limitations of short panel datasets, we matched the Living Standard Measurement
Survey (LSMS) – Integrated Survey on Agriculture (ISA) Tanzania National Panel Survey by the
World Bank and the National Household Surveys by the Tanzanian Department of Statistics.
Following this approach, we managed to build up integrated pseudo-panels covering a thirteen-year
time span. The pseudo-panel approach is not only seen as a workable way to look at long-run
phenomena but also presents some virtues when compared with genuine panels since it minimizes
attrition and smooths individuals’ response errors (Deaton, 1985).

We propose the following identification strategy: i) we first test for the relevance of a set of household
characteristics of household resilience to temperature shocks (including both temperature and
precipitation) in a standard empirical stochastic micro-growth model controlling for households and
geographical heterogeneity, ii) we then test for the presence of critical “resilience thresholds” in order
to check for bifurcation of impacts from temperature shocks due to different resilience capacity
regimes. Although bifurcation of impacts (i.e., conditional on a critical level of a pre-shock level of
household resilience) does not entail bifurcation of growth paths (i.e., a change of direction that
translates into a permanent negative outcome for the household), we believe this work represents a
workable step towards the proper identification of resilience thresholds to temperature shocks which
is key to policy making. In fact, our analysis allows us to distinguish two impact regimes of
temperature shocks (an upper and a lower regime) on food consumption growth which are conditional
to specific critical values of the resilience index.

Our focus on temperature shocks stands for many reasons: first, a recent and growing body of
empirical works shows that extreme temperatures and rainfall above or below a certain threshold may
have damaging consequences on crop yields especially in developing countries where agriculture is
3

less modernized (Challinor, Wheeler, Craufurd & Slingo, 2005; Porter & Semenov, 2005; Rowhani
et al., 2011; Schlenker & Lobell, 2010; Welch et al., 2010). Other works have provided theoretical
underpinnings to explain how low crop yields and yield gaps could be one of the reasons why
smallholder farmers are trapped in chronic poverty (Barrett & Swallow, 2006; Sachs, 2008; Tittonell
& Giller, 2013). In parallel, by assuming that weather variations are exogenously determined, the
development literature looks at the impacts of uninsured risk on

poverty via both ex ante

(behavioural) and ex post channels (Dercon, 2004).
The choice of Tanzania is also justiﬁed for several reasons. Tanzania is a poor Sub-Saharan African
country which exhibits high average temperatures and a large climatic diversity. It is commonly
classified as a country at high risk from the impacts of future climate change: temperatures in the
country are predicted to rise 2–4 °C by 2100 (Rowhani, Lobell, Linderman & Ramankutty, 2011).
Moreover, it is still a predominantly rural country where agriculture accounts for about half of gross
production, employs about 80 percent of the labour force, and is primarily rainfed (Ahmed et al.,
2011). Several empirical works have documented a causal relationship between welfare dynamics
and weather shocks in the country and particularly in rural areas (Ahmed et al., 2011; Arndt, Farmer,
Strzepek & Thurlow, 2012; Bengtsson, 2010; Dercon, 2004; Hirvonen, 2016; Rowhani et al., 2011).

The work is organized as follows: Section 2 reviews the literature on the measurement of resilience
to food insecurity; Section 3 provides information on data, pseudo-panels and methodology for the
estimation of resilience capacity; Section 4 presents the identification and empirical strategy; Section
5 reports the outcomes of the empirical analysis; Section 6 presents robustness checks; Section 7
discusses and concludes.

2. Measuring resilience to food insecurity: a review of the literature
Pingali et al. (2005) were among the first to try to define and measure household resilience to food
security. Alinovi et al. (2008 and 2010) constructed a resilience index as a latent variable
(unobservable) through a two-stage factor analysis based on observables. In a different setting, Vaitla
et al. (2012) measure resilience focusing on how assets held by households and/or other social units
are used in various livelihood strategies to achieve certain outcomes. Smith et al. (2016) highlight the
relevance of resilience by providing synthetic indexes of capacity – absorptive, adaptive and
transformative – derived from a set of relevant household characteristics via principal component
analysis. Alfani et al. (2015: 4) propose an alternative approach that uses cross-sectional data to
estimate household resilience. Cissé & Barrett (2015) apply a moments-based approach to estimate
4

stochastic and possibly non-linear well-being dynamics. More recently, Smith & Frankenberger
(2018) propose an indicator that accounts for the key determinants of resilience dimensions
(absorptive, adaptive and transformative).

The establishment of the Resilience Measurement Technical Working Group (RMTWG) in 2013,
under the auspices of the Food Security Information Network,1built consensus around some key
elements of resilience measurement such as definition, outcome and analytical framework. Among
other things, it asserted that resilience should be seen as a genuinely dynamic concept and should take
into account agents’ heterogeneity in gaining their own livelihoods in a risky environment. In short,
resilience measurement should focus on the stochastic dynamics of individual and collective human
actions to escape from irreversible negative states over time (e.g. chronic poverty or food insecurity).
It should also look at possible non-linearities and multiple equilibria that can generate bifurcated
welfare dynamics in the face of myriad stressors and shocks (Barrett & Constas, 2014).

The concept of resilience thresholds was first introduced in the early 1970s in seminal papers on
ecology (Hollings 1973; May 1977). Following Groffman et al. (2006), a threshold can be defined as
the point at which there is an abrupt change in a quality, property or phenomenon or where small
changes in a driver produce large responses in a system. Thresholds are fundamental to evaluating
alternate states, i.e. the phenomenon whereby a system can change from one status to another (Walker
& Meyers, 2004). Nevertheless, resilience is particularly important when a system approaches a
threshold that is critical for regime shifts (Holling 1973; Barret & Constas 2014). The inclusion of
the concept of thresholds and non-linear dynamics in development resilience analysis stems from the
work of Barrett and Constas (2014) who, in the wake of the literature on poverty traps and multiple
equilibria (Barrett & Carter, 2013; Carter & Barrett, 2006; Carter et al., 2007), highlight the presence
of critical thresholds (the so-called Micawber thresholds) implying divergent longer-term prospects
(bifurcation).

Unfortunately, empirical efforts to investigate such thresholds have been hampered so far by a lack
of readily available data (Walker & Meyers, 2004), by the inherent complexity of non-linear
dynamics and by multiple factor controls that operate at diverse spatial and temporal scales (Groffman
et al., 2006). As a result of these operative issues, most attempts have been limited to the investigation

1

The Food Security Information Network (FSIN) is a global initiative co-sponsored by FAO, WFP and IFPRI to
strengthen food and nutrition security information systems in order to produce reliable and accurate data to guide analysis
and decision-making. The primary objectives of the working group are “to secure consensus on a common analytical
framework and guidelines for food and nutrition security resilience measurement, and to promote adoption of agreed
principles and best practices” (FSIN 2016).See more at http://www.fsincop.net/home/en/ .
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of exogenous thresholds unilaterally set up without any reference to real life or validity norms (Barrett
& Constas, 2014; Upton, Cissé, & Barrett, 2016) whose internal (other than external) validity remains
questionable.

3. Data, Resilience Capacity Index and Pseudo-panels
3.1 Data
Our household dataset consists of five rounds: two repeated cross-sections, namely the 2000-2001
and 2007 Tanzania Household Budget Surveys (HBS)2 conducted by the Tanzanian National Bureau
of Statistics (NBS); and the 2008-2009, 2010-2011 and 2012-2013 waves of the National Panel
Survey (NPS) conducted by the World Bank, part of the World Bank collection named Living
Standards Measurement Study (LSMS) – Integrated Survey on Agriculture (ISA)3. Both collections
include extensive data on household expenditure which made the calculation of annual measures of
household per capita food consumption possible, and on household assets and characteristics, but
only the LSMS-ISA waves include specific questionnaires on agriculture.

Household data were cleaned, aggregated and integrated with weather data. Weather data include
time series on precipitation and land surface temperature. Monthly time series (covering the period
1983 - 2016) of precipitation data (in millilitres) come from the Climate Hazards Group InfraRed
Precipitation with Station data (CHIRPS) (Funk et al., 2015). CHIRPS data have a very high spatial
resolution of 0.05° latitude by 0.05° longitude. Monthly time series (for the period 1983 - 2015)
temperature data are taken from the Centre for Climatic Research (CRU) at the University of East
Anglia with a 0.5° latitude by 0.5° longitude spatial resolution. Although the LSMS-ISA households
are geo-referenced (using a random offset of 5 KMs), HBS households are not, thus allowing only
matching with weather data at the district level. Consistently, we aggregated both weather time series
at the district-monthly level using geo-spatial software before merging them with household data4.We
explicitly restrict our analysis to rural households since we are interested in the impacts from
temperature shocks that primarily affect farming households. Our aggregated dataset consists of
16,190 original observations.

2

These surveys can be found at: http://www.nbs.go.tz/ .
The complete LSMS-ISA dataset collection is available at the following link:
http://econ.worldbank.org/WBSITE/EXTERNAL/EXTDEC/EXTRESEARCH/EXTLSMS/0,,contentMDK:23617057~
pagePK:64168445~piPK:64168309~theSitePK:3358997,00.html .
4
Other than temperature and precipitation data, other biophysical variables, namely slope, elevation and length of the
growing period, available from the FAO Database, were included in the dataset. The FAO Database is available at:
http://www.fao.org/geonetwork/srv/en/metadata.show?id=48025&currTab=simple.
3
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3.2 The Resilience Capacity Index (RCI)
As already stated, resilience capacity is a multidimensional and unobservable issue. A common
approach in the literature is to look at resilience by (i) unpacking (and estimating) a set of resilience
pillars (or principle, as in Pingali et al. (2005), or capacity, as in Benè et al. (2012, 2016) and (ii)
employing latent variable models to estimate a proxy indicator of the unobservable resilience
capacity.

In a similar effort, this paper estimates the so-called Resilience Capacity Index (RCI), an index of the
resilience capacity at household level, carried out according to FAO (2016) and already field tested
in about twenty African countries (see d’Errico & Di Giuseppe 2018; d’Errico & Pietrelli 2017; Brück
et al., 2017; d’Errico et al., 2017; d’Errico et al., 2016; Winters et al., 2017). It is measured using a
two-step procedure. In the first step, a set of pillars of resilience are estimated through a Factor
Analysis (FA) from a set of observed variables. According to the FAO-Resilience Index and
Measurement Analysis (RIMA-II), the pillars of resilience used in this analysis are the following:
Access to Basic Services (ABS), Assets (AST), Social Safety Nets (SSN) and Adaptive Capacity
(AC). The summary statistics of the observed variables used to estimate the pillars are listed in Table
A.1 in the Appendix. The choice of the variables adopted for estimating each pillar is based on FAO
(2016). The outcomes of FA employed for estimating the ABS, AST and AC pillars are reported in
Tables A.2-A.4 in the Appendix. Because of data constraints, the SSN pillar was created by simply
adding public and private transfers received by households for all waves, except for the HBS 2007
survey for which data on transfers were not available and were replaced with a dummy capturing
household participation in a saving / credit group.

In the second step, a MIMIC model is estimated (Bollen & Davis, 2009). Specifically, a system of
equations is constructed, specifying the relationships between the unobservable latent variable (RCI),
a set of outcome indicators (food security indicators), and a set of attributes (four resilience pillars).
The food security indicators employed in the MIMIC model are food expenditure and the Simpson
index of dietary diversity. Table A.1 in the Appendix reports the summary statistics of the food
security indicators.
The MIMIC model is made up of two components, namely the measurement equation (1) – reflecting
that the observed indicators of food security are imperfect indicators of resilience capacity – and the
structural equation (2) which correlates the estimated attributes to resilience capacity:
7

[

𝐹𝑜𝑜𝑑𝑒𝑥𝑝𝑒𝑛𝑑𝑖𝑡𝑢𝑟𝑒 𝑝𝑐
] = [Λ1 , Λ 2 ] × [𝑅𝐶𝐼] + [𝜀1 , 𝜀2 ]
𝑆𝑖𝑚𝑝𝑠𝑜𝑛 𝑖𝑛𝑑𝑒𝑥
𝐴𝐵𝑆
[𝑅𝐶𝐼] = [𝛽1 , 𝛽2 , 𝛽3 , 𝛽4 ] × [𝐴𝑆𝑇 ] + [𝜀3 ]
𝑆𝑆𝑁
𝐴𝐶

(1)

(2)

Therefore, the RCI is jointly estimated by its causes (the pillars), and its outcomes (the food security
variables). This procedure ensures a proper link between the estimated resilience capacity and
household food security.
The MIMIC results present a good fit of the data, as shown in Table A.5 in the Appendix. All the
pillar coefficients, except for Social Safety Nets, are positive and statistically significant. The RCI is
not anchored to any scale of measurement. Therefore, a scale was defined setting the coefficient of
the food expenditure loading (Λ1) as equal to 1, meaning that one standard deviation increase in RCI
implies an increase of one standard deviation in food expenditure. This also defines the unit of
measurement for the other outcome indicator (Λ2) and for the variance of the two food security
indicators.
For sensitivity, the RCI was also estimated by employing alternative techniques for both the pillar
estimation - FA, both with the iterated principal-factor method (ipf) and the principal-component
factor (pcf) - and the RCI estimation, namely employing the general form of the SEM instead of the
MIMIC model in the second step. Using the general SEM means estimating the RCI by employing
only Equation (2), without considering food security indicators. Therefore, a total of six models were
estimated by combining MIMIC or SEM, in the second step, with FA (ipf), FA (pcf) and PCA in the
first one. A validation index allows the goodness of fit achieved by the different models to be directly
compared. The index is based on the model Chi-squared, but also takes into account the degree of
freedom as well as the number of observations. A smaller value of the index ensures a better fit of the
model.
By comparing the validation indexes5, it emerges that among the three MIMC models, the use of FA
in the first-step ensures smaller value of the index, without major differences between FA (ipf) and
FA (pcf). The smallest validation index is obtained by combining PCA in the first-step and SEM in
the second-step. Finally, only minor differences are detected in the validation indexes of the MIMIC
versus SEM models by FA type.

5

Results are available upon request.
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In conclusion, as stated above, the use of MIMIC model versus a general SEM guarantees the
consistency with the estimation of the RCI linked to household food security. Additionally, according
to the literature and the validation test, the FA is the preferred technique for pillar estimation when
combined in a second step with the MIMIC model.
3.3 Pseudo-panels
Since the seminal work of Deaton (1985), the pseudo-panel approach has been used in several
empirical applications to estimate changes over time. It is essentially a hybrid between repeated crosssections and genuine panel data, but presents some additional advantages with regard to the latter: i)
attrition and non-response problems are minimized, and individuals’ response errors smoothed
(Verbeek, 2008); ii) larger sample dimension (N) and time span (T) can be created by combining
different sources; iii) longer-term dynamics can be studied than is usually possible with the existing
panels since repeated cross-sectional surveys are more common than genuine panels (especially in
developing countries) (Antman & McKenzie, 2007). The main drawback is of course that the same
individuals cannot be followed over time so individual welfare dynamics over time cannot be
observed and are not available for constructing instruments or transforming a model to firstdifferences or in deviations from individual means (Verbeek, 2008).

The fundamental assumption of the pseudo-panel framework is that the mean cohort behaviour
reproduces the form of an individual behaviour in that specific cohort. A ‘cohort’ is defined as a group
with fixed membership with individuals who can be identified as they show up in the surveys
(Deaton,1985). Operationally, it means to group individuals sharing some common characteristics
into cohorts, after which the averages within these cohorts are treated as observations in a pseudo
panel (Verbeek, 2008). For the construction of our cohorts, we paid careful attention to the following
recommendations underlined by the relevant literature: i) cohorts can be more or less broadly defined,
but on the basis of time-invariant variables that are observed for all individuals and should allow
sufficient temporal and cross-sectional variation in the true cohort mean for parameter identification
(Verbeek & Nijman, 1992). Possible choices include variables such as date of birth, race, gender,
region, etc. (Verbeek, 2008) which may also be interacted to increase the number of cohorts C.
McKenzie (2004) stresses the importance of allowing for inter-cohort parameter heterogeneity; ii)
each individual must be a member of exactly one cohort which stays the same for all T; iii) in
constructing cohort samples, there is a trade-off between nc and C, that is between the accuracy of
each cohort mean (nc) and the number of observations (C) of the pseudo-panel. A large nc minimizes
measurement error but increases the efficiency loss. Hence, the challenge is to find a balance between
these two dimensions where the optimal choice would be the one that minimizes the heterogeneity
9

within each cohort (internally homogeneous) but maximizes the heterogeneity among them. Verbeek
and Nijman (1992) argue that with a sufficiently large cohort size (nc≥100), measurement error issues
and the cohort nature of the data can safely be ignored, but this will come at the cost of reducing the
number of cohorts C; iv) according to Verbeek & Vella (2005), the fixed effects estimator based on
the pseudo-panel of cohort averages may provide an attractive choice, even when a lagged dependent
variable is included in the model.

As already explained, our dataset consists of five waves: two repeated cross-sections, namely the
Tanzania Household Budget Surveys (HBS) 2000 and 20076, conducted by the Tanzanian National
Bureau of Statistics (NBS), and the National Panel Survey (NPS) 2008-2013 conducted by the World
Bank, which currently comprises three waves and is part of the World Bank collection named Living
Standards Measurement Study (LSMS) – Integrated Survey on Agriculture (ISA)7. Aggregating these
five waves in a pseudo-panel allows us to expand the time span of our empirical analysis up to
fourteen years, from 2000 to 2013, which amounts to more than one decade of empirical observation.

Our baseline analysis is conducted on two different pseudo-panels (Versions 1 and 2) whose core
characteristics are shown in Table A.6. In Version 1 we use, as group variables - i.e. variables
interacted with each other to create cohorts - quintiles of long-run average temperature and year-ofbirth of the household head quintiles. We employ long-run temperature quintiles as a proxy for
climatic areas whereas the use of year-of-birth bands follows standard practice in pseudo-panel
literature. Furthermore, they are meant as an exogenous factor to our resilience index and its four
pillars. Similarly, the only difference in Version 2 is the use of long-run precipitation quintiles instead
of long-run temperature quintiles as cohort variables. This because using a different proxy for climatic
areas leads to different groupings of households into cohorts and consequently could drastically
change the results of the empirical analysis. This alternative version is used to perform robustness
checks (see Section 5).

As reported in Table A.6, in both pseudo-panels, Versions 1 and 2, the number of cohorts C is 25 and
the average number of observation per cohort, nc, is 6488. Tables A.7 and A.8 shows descriptive
statistics for Version 1 and Version 2 respectively: in both versions, food consumption growth is, on
6

These surveys can be found at: http://www.nbs.go.tz/
Note also that our waves are different in terms of observations. HBS 2000 includes data on over 7000 households, HBS
2007 on about 3000 households and the three NPS waves on only approximately 2000 households. This implies that the
average number of observations per cohort-wave differs across waves.
8
Note also that our waves are different in terms of observations. HBS 2000 includes data on over 7000 households, HBS
2007 on about 3000 households and the three NPS waves on only approximately 2000 households. This implies that the
average number of observations per cohort-wave differs across waves.
7
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average, about 6% throughout the period and RCI also increased over time. A positive trend is shown
as well by both temperatures and precipitations. However, the standard deviation is quite high for all
the reported variables, pointing to a good degree of between-cohort variation and heterogeneity in
their growth paths, resilience capacity and climatic conditions.

Although most variables exhibit similar distributions across the two pseudo-panels, note that the mean
of temperature shocks for Version 2 is almost three times higher than in Version 1, i.e. temperature
shocks are, on average, three times stronger in the former than in the latter dataset. Precipitation
shocks, instead, are almost identical. As will be shown below, the difference in the magnitude of
temperature shocks between the two pseudo-panels will be important in explaining our empirical
results.

4. Identification and empirical strategy
Our benchmark identification strategy is mainly derived from the empirical work of Dercon (2004),
Carter et al. (2007), Jalan and Ravallion (2002, 2004). In particular, we assess convergence by
augmenting the standard empirical growth model (Solow, 1965; Mankiw, Romer & Weil, 1992), with
a set of additional explanatory variables, as follows:

∆ 𝑌𝑖𝑡 = 𝛼 + 𝛽1 𝑙𝑛 𝑌𝑖𝑡−1 + 𝛽2 𝑅𝐶𝐼𝑖𝑡−1 + 𝛽3 ∆𝑅𝐶𝐼𝑖𝑡 + 𝛽4 ∆𝑇𝑒𝑚𝑝𝑑𝑡 + 𝛽5 ∆𝑃𝑟𝑒𝑑𝑡 + 𝛽6 𝑋𝑖𝑡 + 𝜇𝑖 + 𝜃𝑡 + 𝜀𝑖𝑡 [3]

In Equation (3), the dependent variable is the annualised growth rate in cohort monthly per capita
food consumption, and 𝑙𝑛 𝑌𝑖𝑡−1 is lagged cohort monthly per capita consumption9. All monetary
variables are in real terms. 𝛽1represents the convergence term: a negative sign of the
coefficient 𝛽1would indicate the presence of an ongoing convergence process, i.e. that poorest
households tend to catch up over time with richer households. The use of consumption instead of
income as a proxy for welfare is motivated by the setting: in rural Tanzania most households depend
on self-employed agriculture and consequently measuring income is subject to large errors (Deaton,
1997;), thus consumption has been seen as providing a more reliable measure of welfare (Deaton &
Grosh, 2000).

We then amend the standard empirical growth model by including additional variables which allow
us to explicitly look at the role of resilience capacity, temperature shocks and their dynamic
9

Given our fixed-effect setting, we could not directly include initial consumption levels since they are time-invariant.
Hence the choice of including lagged consumption levels to assess potential convergence which follows standard practice
in this micro literature.
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interactions.

The

role

played

by

resilience

capacity

is

identified

by

two

distinct

variables. 𝑅𝐶𝐼𝑖𝑡−1 captures the impact of household resilience at time t-1, i.e. pre-‘treatment’, on food
consumption growth. Hence, a positive sign of the coefficient 𝛽2 would indicate that being more
resilient to food insecurity, on average and ceteris paribus, boosts household food consumption
growth. We then include ∆𝑅𝐶𝐼𝑖𝑡 , which stands for the annualized between-wave change in the RCI.
This variable is added for two reasons: first, since the RCI is a catch-all index for a full set of
significant and relevant household characteristics and assets which are supposed to mimic the latent
Tanzanian farmers’ resilience to food insecurity, its annualised change captures a wide range of timevarying variables thus offsetting many potential sources of omitted variable bias; second, the sign of
its coefficient 𝛽3 can provide information on the role of such resilience factors in counterbalancing
the negative impacts of shocks on consumption growth and, if positive, highlight the presence of
successful coping mechanisms able to keep households on the long-term consumption growth trend.

We thus test for possible deviations from the assumed convergence path of consumption growth by
including temperature[∆𝑇𝑒𝑚𝑝𝑑𝑡 ]and precipitation[∆𝑃𝑟𝑒𝑑𝑡 ] shocks, observed at the district level (with
subscript d). As for the functional form of temperature shocks, as in Dercon (2004), our weather
variables are calculated as the difference in logarithms between their values at t and t-1, both scaled
by long-run means.10 This is because we assume that level changes matter not only in an absolute
sense but also, more importantly, in proportion to an area’s usual, long-run, variation (Dell, Jones &
Olken, 2014). The parameters associated to temperature shocks test whether they can slow or derail
the assumed convergence process in the average household growth path. In line with the climate
literature, we are interested in the effects of temperature shocks. However, we also include
precipitation shocks as an additional control variable in our regressions because the climate literature
(Auffhammer, Hsiang, Schlenker & Sobel, 2013; Dell, Jones & Olken, 2014) has warned against the
risk of omitted variable bias and incorrect inference when dealing with the effects of weather
regressors that are always highly correlated with each other, as temperature and precipitation usually
are. Furthermore, since this literature also recommends including all the available climatic and
biophysical variables, we also add to our model other biophysical variables, 𝑋𝑖𝑡 , which act as
additional controls, namely elevation, plot slope and length of the growing period (LGP) for each
household.

Since we are interested in assessing whether there is heterogeneity in the impacts of temperature
10

Since we are working with synthetic panels, weather data were aggregated for each household in the original sample
starting from their interview month and going backwards for the average total number of months between each survey.
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shocks with regard to pre-shock resilience capacity, we augment the baseline specification in
Equation (3) by including several interactions between lagged or initial RCI level and temperature
variables11. Following the climate literature, interactions with precipitation shocks are also included
as controls. Finally, 𝜇𝑖 are cohort fixed effects, 𝜃𝑡 are wave fixed effects and 𝜀𝑖𝑡 are error terms
clustered at the cohort level. This is the baseline specification to look for the aggregate impacts of the
variables of interest on food consumption growth.

Following the literature on poverty traps, as a second step of our analysis, we employ a fixed-effect
panel threshold model in order to potentially detect a critical RCI threshold or tipping point that
entails a change of regime of the impacts from temperature shocks. In this way, we can test whether
there is heterogeneity of impacts from temperature shocks with regard to the RCI and if resilience to
food insecurity plays a role in counterbalancing or eliminating altogether the assumed diverging
effects entailed by temperature shocks. In doing so, we follow the approach used by Carter et al.
(2007) and opt for the use of the Hansen (2000) threshold estimator, as implemented in a fixed-effect
setting by Wang (2015).This model replicates Equation (3) but distinguishes two impact regimes
conditional to a critical value of the RCI:
𝛼 + 𝛽1 𝑙𝑛 𝑌𝑖𝑡−1 + 𝛽2 𝑅𝐶𝐼𝑖𝑡−1 + 𝛽3 ∆𝑅𝐶𝐼𝑖𝑡 + 𝛽4𝑙 ∆𝑇𝑒𝑚𝑝𝑑𝑡 + 𝛽5 ∆𝑃𝑟𝑒𝑑𝑡 + 𝛽6 𝑋𝑖𝑡 + 𝜇𝑖 + 𝜃𝑡 + 𝜀𝑖𝑡 𝑖𝑓 𝑅𝐶𝐼𝑖𝑡−1 ≤ 𝜔
∆𝑌𝑖𝑡 = {
𝛼 + 𝛽1 𝑙𝑛 𝑌𝑖𝑡−1 + 𝛽2 𝑅𝐶𝐼𝑖𝑡−1 + 𝛽3 ∆𝑅𝐶𝐼𝑖𝑡 + 𝛽4𝑢 ∆𝑇𝑒𝑚𝑝𝑑𝑡 + 𝛽5 ∆𝑃𝑟𝑒𝑑𝑡 + 𝛽6 𝑋𝑖𝑡 + 𝜇𝑖 + 𝜃𝑡 + 𝜀𝑖𝑡 𝑖𝑓 𝑅𝐶𝐼𝑖𝑡−1 > 𝜔

(4)

In Equation (4) the superscripts l and u on the coefficient 𝛽4 indicate the lower and upper regime of
temperature impacts respectively, conditional on the RCI value at time t-1, i.e. the pre-shock period,
in order to capture heterogeneity with regard to ex ante, and not ex post, household resilience capacity
to food insecurity.

5. Empirical outcomes and the estimation of resilience thresholds
Table 1 shows the results of the baseline identification strategy set in Equation (3). As expected,
lagged consumption level has a negative and significant (at the 1 percent level) effect on growth. This
points to the plausibility of the assumption of convergence among households, i.e. poorer households
tend to have higher growth rates than richer households, leading to a catch-up growth process. As
also expected, lagged RCI has a positive and strongly significant effect on growth: net of the
convergence process, being more resilient to food insecurity enhances food consumption growth.
Analogously, as one would expect given the high correlation with food consumption growth, the
11

Additionally, we also include interactions between weather shocks and a dummy to control for heterogeneity of impacts
for households living in hotter-than-average areas. See Section 4.
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coefficient of ∆RCI is positive, large and strongly statistically significant, providing evidence that an
increase in resilience capacity over time helps households to withstand shocks and stressors and
boosts growth. All the regressions exhibit an extremely high adjusted R-squared, but this feature is
not surprising given the large set of covariates and fixed effects we chose to include. Although this
may raise concerns regarding overidentification, we consider this to be an advantage and not a
drawback: there is almost no residual variation and we are therefore confident we can identify the
impacts from temperature shocks free of noise. It should also be noted that these general remarks will
hold in all the following regressions.

Turning to the impacts of temperature shocks on food consumption growth, column (1) shows that
both temperature and rainfall shocks do not have, on average and ceteris paribus, a significant effect
on the growth rate of food consumption. However, we suspect these average effects could be hiding
heterogeneity of impacts conditional on household resilience capacity. For instance, it is plausible
that the same temperature shock could have a stronger impact for the least resilient household (see
also Smith and Frankenberger, 2018). To investigate whether this is the case, column (2) reports the
estimates of two separate interactions of both temperature and precipitation shocks with a ‘low
average pre-shock’ RCI dummy which takes value 1 for cohorts with an average pre-shock RCI below
the 25th percentile. This dummy identifies cohorts who were on average the least resilient ones before
shocks occurred. Additionally, as a further control and also to check for potential heterogeneity with
regard to different climatic areas (impacts may be stronger in hotter-than-average areas, due to
intensification effects, or smaller, due to adaptation over time, as emphasized by Dell et al. (2012)),
we also include an interaction between temperature shocks and a ‘hot’ dummy which takes value 1
for cohorts living in areas with an above median long-run average temperature. The results show a
sharp heterogeneity of impacts with regard to resilience capacity: temperature shocks now have a
negative, larger and statistically significant effect for the least resilient cohorts, but a negative, smaller
and insignificant effect for the rest of cohorts. In particular, a one within-standard deviation increase
in temperature shocks (0.018) entails a 0.63% decrease in food consumption growth for cohorts with
a low average pre-shock resilience capacity index. The pattern is analogous in hot areas: while there
seems to be an intensifying effect due to living in hotter-than-average areas (even though they are
always insignificant, impacts on average more than double in hot areas), only the least resilient
cohorts are significantly affected by temperature shocks. Therefore, rather than heterogeneity with
regard to climatic areas, we detect heterogeneity with regard to pre-shock resilience capacity. As for
precipitation, there seems to be a negative and statistically significant impact for the most resilient
households and a positive and weakly impact of precipitation shocks in hot areas; however,
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precipitation shocks will prove to be highly sensitive to specification in the following regressions12
and this result should therefore be interpreted with extreme caution.
In Columns (3) and (4), we explore different definitions of “least resilient cohorts” and check whether
heterogeneity of impacts from temperature shocks persists. In Column (3), the previous RCI
interactions are now replaced by interactions between temperature shocks and ‘low pre-shock RCI’,
a dummy taking value 1 for cohorts with a lagged RCI below the 25th percentile in a given wave. This
dummy captures heterogeneity not with regard to average pre-shock RCI levels, but with regard to
the RCI level before each shock. The findings detected in Column (2) still hold and are actually
reinforced: the impacts of temperature shocks are larger and statistically significant at the 1% level
for the least resilient cohorts. A one within-standard deviation in temperature shocks entails a
decrease of approximately 1 percentage point in food consumption growth for cohorts with a below
the 25th percentile pre-shock RCI level, whereas the effect is positive and insignificant for the rest of
cohorts. The pattern is again the same for cohorts in hot areas, but now there is no intensifying effect
from living in hot areas and rather weak evidence of adaptation, represented by the positive and
statistically significant at the 10% level impact of the interaction between the ‘hot’ dummy and
temperature shocks. Another possibility is that what matters is resilience capacity at the beginning of
the study period rather than the pre-shock conditions in resilience capacity. To explore this possibility,
in Column (4) we change our definition of ‘least resilient cohorts’ again and interact temperature
shocks with a ‘low initial RCI’ dummy which takes value 1 for cohorts with an initial RCI below the
25th percentile. The previous results are confirmed: cohorts with a low initial RCI are the only ones
to be negatively and significantly affected by temperature shocks: a one within-standard deviation
now reduces the growth rate of food consumption by 0.74%. The intensifying effect of living in
hotter-than-average areas is once again evident and also statistically significant.

Finally, in Column (5), we replace the interactions with dummies with interactions between
temperature and precipitation shocks and the RCI at time t-1 (pre-shock). These continuous
interactions can shed light on whether the negative impacts of shocks disappear as households become
more resilient over time, i.e. they can provide empirical evidence on the dynamic relationship between
resilience and temperature shocks. While this regression confirms rainfall shocks as insignificant and
also their relationship with resilience, for temperature shocks the causal relationship is supported:
temperature shocks have a negative and statistically significant impact on cohort growth which

12

Due to limited space, in Table 1 as well as in Table 4, the total impacts of precipitation shocks for the least resilient
households and for households living in hot areas are not reported in Section 6. This is because they are always either
statistically insignificant or only weakly statistically significant. Consequently, our focus is on temperature shocks.
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gradually gets smaller and eventually disappears as cohorts get more resilient, thanks to the
dampening effect that resilience has on temperature shocks, indicated by the positive and statistically
significant continuous interaction.

Such sharp, persisting heterogeneity of temperature impacts with regard to resilience capacity is
worth investigating in more detail. It raises the hypothesis of “resilience thresholds” which entail a
bifurcation of impacts from temperature shocks on growth. The RCI dummies we included in the
interactions only represent subjective classifications between who is more and who is less resilient to
food insecurity. Indeed, any dummy would set an arbitrary threshold, imposed by us and not by the
true distribution and nature of the data. To overcome this drawback and let the data speak for us, we
use Equation (4) which implements the fixed-effect panel threshold model as adapted by Wang (2015)
from Hansen (2000). Thanks to the use of this estimator, not only potential thresholds are data-driven
and not arbitrarily chosen, but we can also test for the statistical significance of such thresholds by
using the bootstrap procedure.

Table 2 shows the empirical results. There is a bifurcation of impacts from temperature shocks: in the
lower regime, i.e. below the threshold, the effect is large and strongly statistically significant. Above
the threshold, in the upper regime, the impact is small and negligible. For cohorts below the threshold,
a one within-standard deviation increase in temperature shocks reduces growth by about 1.1
percentage points whereas for cohorts above the threshold by only approximately 0.1%. Table 3
shows the threshold value, confidence intervals and tests. Bifurcation of impacts occurs at a pre-shock
RCI value of 54.609, far below the mean. This threshold is statistically significant at the 1 percent
level, as indicated by the bootstrap test. The question is whether there is more than one resilience
threshold. We investigated if multiple thresholds could be detected, but their significance was always
rejected and the single threshold is by far the one that better suits the nature of the data.

6. Robustness checks
A pseudo-panel is made up of cohort data and not ‘true’ households whose growth dynamics are
followed over time. Choices involving the creation of pseudo-panels are arbitrary, although we tried
to stick to the usual prescriptions in the relevant literature. Therefore, there may be a concern that our
results are driven by the specific nature of this pseudo-panel and the cohort variables used. This is a
valid point which we acknowledge. Consequently, we think it is important to show that our core
findings are not altered when making different choices about the creation of the synthetic panel. This
is why our robustness check is the repetition of the same analysis conducted above using a different
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pseudo-panel. As introduced in Section 2, we call this alternative longitudinal dataset Pseudo-Panel
Version 2. The unique but relevant difference with our baseline version is that we substitute, as a
cohort-variable, long-run average precipitation quintiles to long-run average temperature quintiles.
The core characteristics of Version 2 in terms of C and nc are exactly the same as Version 1, as shown
in Table A.6. Tables 4-6 shows the outcomes of the empirical analysis conducted on Version 2. Table
4 replicates the same regressions as Table 1. The pattern of sharp and significant heterogeneity of
temperature impacts on growth conditional on pre-shock resilience capacity is confirmed in all cases,
although it is physiologically different in magnitude. Temperature shocks slow the convergence
process. There seems to be stronger evidence that living in hot areas amplifies the negative impacts
of temperature shocks on growth and there is no evidence of adaptation, i.e. smaller impacts in hot
areas, whatsoever. Conversely, precipitation shocks, again, are almost always insignificant and very
sensitive to specification.

Table 5 illustrates the results from the threshold model. Again, cohorts below the resilience thresholds
are strongly and significantly affected by temperature shocks whereas the effect for cohorts above the
threshold is slightly positive and insignificant. A one within-standard deviation (0.023) in temperature
shocks entails a decrease in the growth rate of food consumption of 0.37% for households in the lower
regime and an increase of 0.05% for households in the upper regime. Table 6 shows the threshold
value, confidence intervals and effect tests. The value of the threshold is higher compared with Table
3: bifurcation in this panel occurs at a lagged RCI level of 60.796, and the threshold is significant at
the 5% level. Again, the hypothesis of multiple thresholds was rejected.

Although the outcomes are of course different in detail (different methods of grouping households
entail different average cohort values for all the variables, including weather anomalies), these results
confirm the existence of thresholds: on average and ceteris paribus, if temperature shocks are
stronger, households must be more resilient to be immune to the impacts of these shocks.

7. Conclusions
Our empirical analysis suggests the presence of sharp heterogeneity of temperature impacts on
household food consumption with regard to their resilience capacity. Specifically, we detect the
presence of “resilience thresholds” which entail a bifurcation of impacts from temperature shocks on
household food consumption growth: cohorts below such “resilience threshold” are strongly and
significantly affected by temperature shocks whereas the effect for cohorts above the threshold is
insignificant. In a nutshell, we suggest the presence of heterogeneity with regard to household
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resilience capacity rather than heterogeneity with regard to climatic areas. Although the identification
of absolute thresholds are key to policy making since they would indicate what the resilience level is
that households should be helped to reach in order to be immune to specific types of shocks, resilience
thresholds are intrinsically relative and some caveats are necessary.

First, our resilience thresholds only apply to weather shocks and specifically to temperature shocks.
Second, these thresholds are limited to the rural Tanzanian context whereas in other countries or
settings, the picture may be completely different. However, concerning the external validity of our
results, it has to be stressed that: i) thanks to the use of pseudo-panel data, we employ a long-run
analysis and hence we can confidently state that impacts are permanent and not rapidly absorbed; ii)
in the period under investigation, we do not detect weather shocks of exceptional magnitude (at least
compared to the temperature shocks experienced in our sample). Hence, thanks to the use of a robust
set of controls, we can be confident that we are identifying the innermost mechanisms of resilience
such as those attached to shocks of the same (or minor) intensity. In fact, the registered temperature
shocks actually slow down, but do not reverse, the growth convergence process. Consistently, we
acknowledge that we could only detect resilience thresholds, not ‘traps’. Indeed, our analysis does
not include any time discontinuity (i.e. any change in the trajectory due to external factors) and does
not include the asset deterioration component that can be due to both natural deterioration and/or
repeated shocks.

Finally, our RCI is only one of the possible ways of measuring resilience which is, as stressed in
Section 2, an inherently latent and unobservable variable. However, our empirical results and
robustness checks suggest that the household characteristics which, according to the literature, are
correlated with resilience thresholds actually matter when driving the likelihood of bifurcation of
impacts in the presence of temperature shocks. Specifically, we show that there is a specific level of
resilience capacity above which the effects of temperature shocks on food consumption growth in
rural Tanzania diverge (i.e., a critical resilience threshold). In this particular case study, this threshold
is represented as a value of the RCI comprised between 55 and 61. Going back to the original
aggregate dataset, this means that between around 25% and 47% of households (i.e. nearly one third
of the population) in our sample are below the resilience threshold and consequently exposed to
temperature shocks.

Our empirical analysis shows a workable method for detecting resilience thresholds, that is, a level
of resilience capacity above (below) which households are (not) able to absorb climatic shocks. This
has a strong impact on programme and project design. This approach could be replicated in order to
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predict, and consequently target, vulnerable people regardless of the methodology adopted to measure
resilience. As a tentative way forward, this approach could be mimicked in order to detect many
different thresholds that can be assessed against multiple shocks in different contexts. This may lead
to the creation of a vector of reference levels that can be employed in programme and project design.

Extrapolating the results of this analysis from weather to climate, with the usual caveat about external
validity (Dell, Jones & Olken, 2014), this conclusion is especially relevant in view of the impacts of
climate change in developing countries in the 21st century which we know will be disproportionately
bigger in poorer and hotter countries such as Tanzania (Tol, 2018). Being above the critical resilience
threshold neutralizes the diverging effect of temperature shocks: the logical policy implication is that
adaptation strategies and policies in developing countries will need to focus on boosting household
resilience capacity by improving crucial determinants of household resilience in order to empower
households to cope with the consequences of climate change. In this sense, while in this study we
have only estimated thresholds with regard to our measure of resilience, the RCI, the exploration of
the relationship between temperature shocks and crucial determinants or single drivers of resilience
is another promising avenue for the near future.
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Table 1
Impacts on food consumption growth – Pseudo-panel Version 1

Dependent variable:
∆Food

(1)

(2)

(3)

(4)

(5)

L1.Food

-51.948***
(5.238)

-44.487***
(4.702)

-46.986***
(5.438)

-46.577***
(6.006)

-51.423***
(4.569)

L1.RCI

3.776***
(0.427)

3.195***
(0.370)

3.098***
(0.427)

3.306***
(0.468)

3.658***
(0.358)

∆RCI

7.389***
(0.101)

7.418***
(0.122)

7.426***
(0.112)

7.366***
(0.129)

7.325***
(0.106)

∆Temp

-12.998
(17.367)

-10.697
(14.247)

4.966
(16.323)

-13.141
(15.812)

-255.308**
(110.287)

Low average pre-shock RCI x ∆Temp

-24.367**
(10.476)

Hot x ∆Temp

-12.371
(8.172)

-1.879
(7.035)

-15.511**
(7.195)

-9.262
(7.260)

-3.182**
(1.422)

-4.881**
(1.933)

-5.141***
(1.646)

20.469
(25.403)

4.180*
(2.218)

4.511**
(1.944)

6.674**
(2.596)

∆Pre

-1.959
(1.494)

Low average pre-shock RCI x ∆Pre

-0.999
(3.400)

Hot x ∆Pre

3.976*
(2.054)

Low pre-shock RCI x ∆Temp

-60.694***
(15.635)

Low pre-shock RCI x ∆Pre

6.632
(3.110)
0.112
(0.285)

Low pre-shock RCI
Low initial RCI x ∆Temp

-27.988***
(9.247)

Low initial RCI x ∆Pre

-0.506
(3.081)

L1.RCI x ∆Temp

3.802**
(1.663)

L1.RCI x ∆Pre

-0.404
(0.408)

Constant
Observations
Adjusted R-squared
Biophysical controls

-63.728***
(14.159)
100
0.993
Yes

-51.077***
(10.358)
100
0.994
Yes

-56.872***
(12.971)
100
0.994
Yes

-52.344***
(12.784)
100
0.994
Yes

-62.922***
(11.543)
100
0.994
Yes
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Total temperature effect
for cohorts with low average pre-shock RCI

-35.064**
(16.550)

Total temperature effect
for cohorts living in hot areas

-23.068
(17.946)

Total temperature effect for cohorts with low
average pre-shock RCI living in hot areas

-47.435**
(20.963)

3.087
(19.995)

Total temperature effect for cohorts
with low pre-shock RCI

-55.728***
(16.864)

Total temperature effect for cohorts with low
average pre-shock RCI living in hot areas

-57.608***
(19.609)

-28.653
(19.477)

Total temperature effect for cohorts
with low pre-shock RCI

-41.129**
(18.034)

Total temperature effect for cohorts with low
average pre-shock RCI living in hot areas

-56.641**
(22.040)

Notes: All specifications include cohort and time fixed effects. Biophysical controls include slope, elevation and length of the growing period.
∆Food is food consumption growth rate, i.e. the average annual percentage change in (ln) cohort monthly per capita food consumption between t
and t-1. L1.Food is lagged (ln) cohort monthly per capita food consumption. L1.RCI is the lagged Resilience Capacity Index, scaled from 1 to
100. ∆RCI is the annualized change in the RCI Index between t and t-1. ∆Temp is the difference in logarithms of average temperature levels at
and t-1, both scaled by long-run means. ∆Pre is the difference in logarithms of average total precipitation levels at t and t-1, both scaled by longrun means. Low average pre-shock RCI is dummy with value 1 for cohorts having an average pre-shock RCI below the 25th percentile. Low preshock RCI is a dummy taking value 1 for cohorts with a lagged RCI below the 25 th percentile in a given wave. Low initial RCI is a dummy with
value 1 for households with an initial RCI below the 25th percentile. Hot is a dummy taking value 1 for cohorts living an area with an above mean
long-run average temperature.
Standard errors are in parentheses and are clustered at the cohort level.
*
p < 0.10, ** p < 0.05, *** p < 0.01.
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Table 2
Threshold model – Pseudo-panel Version 1

Dependent variable:

(1)
∆Food

L1.Food

-52.711***
(5.651)

L1.RCI

3.777***
(0.445)

∆RCI

7.363***
(0.099)

∆Pre

-3.075*
(1.496)

∆Temp_Lower regime

-61.361***
(20.920)

∆Temp_Upper regime

-5.661
(16.505)

Constant

-64.476***
(14.319)
100
0.994
Yes

Observations
Adjusted R-squared
Biophysical controls

Notes: All specifications include cohort and time fixed effects. Biophysical controls include slope, elevation and
length of the growing period. ∆Food is food consumption growth rate, i.e. the average annual percentage change
in (ln) cohort monthly per capita food consumption between t and t-1. L1.Food is lagged (ln) cohort monthly per
capita food consumption. L1.RCI is the lagged Resilience Capacity Index, scaled from 1 to 100. ∆RCI is the
annualized change in the RCI Index between t and t-1. ∆Temp is the difference in logarithms of average
temperature levels at and t-1, both scaled by long-run means. ∆Pre is the difference in logarithms of average total
precipitation levels at t and t-1, both scaled by long-run means. Hot is a dummy taking value 1 for cohorts living
an area with an above mean long-run average temperature.
Standard errors are in parentheses and are clustered at the cohort level.
*
p < 0.10, ** p < 0.05, *** p < 0.01.
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Table 3
Threshold tests and confidence intervals – Pseudo-panel Version 1
RCI Threshold*
Model
RCI
*

Threshold

Lower

Upper

54.609

53.130

55.139

The threshold value of RCI is at time t-1.

Threshold effect test (bootstrap = 300):
Threshold
Single

RSS
13.5417

MSE
0.1411

Fstat Prob
Crit10
21.08 0.0033 13.2478

Crit5
Crit1
15.5232 20.0510
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Table 4
Impacts on food consumption growth – Pseudo-panel Version 2
Dependent variable:
∆Food

(1)

(2)

(3)

(4)

(5)

L1.Food

-42.068***
(4.448)

-45.379***
(3.917)

-47.292***
(4.360)

-42.862***
(3.481)

-46.258***
(3.957)

L1.RCI

2.996***
(0.352)

3.293***
(0.308)

3.394***
(0.337)

3.033***
(0.269)

3.258***
(0.290)

∆RCI

7.146***
(0.129)

7.266***
(0.145)

7.230***
(0.131)

7.208***
(0.118)

7.212***
(0.127)

∆Temp

-5.067
(4.619)

-7.918
(5.566)

-6.398
(7.760)

-5.666
(4.323)

-185.110**
(70.249)

Low average pre-shock RCI x ∆Temp

-7.593
(9.612)

Hot x ∆Temp

-12.772
(7.541)

-12.212
(7.708)

-18.023**
(6.488)

-16.717**
(7.552)

0.691
(2.942)

1.387
(2.686)

0.402
(2.514)

-42.163
(34.675)

-6.954**
(3.061)

-6.859**
(2.845)

-6.502**
(2.735)

∆Pre

-1.944
(2.519)

Low average pre-shock RCI x ∆Pre

-4.326
(4.911)

Hot x ∆Pre

-6.972**
(2.918)

Low pre-shock RCI x ∆Temp

-11.755
(8.460)

Low pre-shock RCI x ∆Pre

-4.829
(5.190)

Low pre-shock RCI

0.382
(0.371)

Low initial RCI x ∆Temp

-19.087***
(5.819)

Low initial RCI x ∆Pre

-1.262
(3.499)

L1.RCI x ∆Temp

2.938**
(1.180)

L1.RCI x ∆Pre

0.692
(0.556)

Constant
Observations
Adjusted R-squared
Biophysical controls

-53.564***
(12.066)
100
0.996
Yes

-65.786***
(10.825)
100
0.997
Yes

-65.701***
(11.398)
100
0.997
Yes

-58.154***
(10.096)
100
0.997
Yes

-61.601***
(9.386)
100
0.997
Yes
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Total temperature effect
for cohorts with low average pre-shock RCI

-15.511*
(9.033)

Total temperature effect
for cohorts living in hot areas

-20.690**
(7.879)

Total temperature effect for cohorts with low
average pre-shock RCI living in hot areas

-28.283**
(9.964)

-18.610**
(8.831)

Total temperature effect for cohorts
with low pre-shock RCI

-18.153***
(6.413)

Total temperature effect for cohorts with low
average pre-shock RCI living in hot areas

-30.364***
(9.138)

-23.689***
(7.328)

Total temperature effect for cohorts
with low pre-shock RCI

-24.753***
(6.689)

Total temperature effect for cohorts with low
average pre-shock RCI living in hot areas

-42.776***
(9.341)

Notes: All specifications include cohort and time fixed effects. Biophysical controls include slope, elevation and length of the growing period.
∆Food is food consumption growth rate, i.e. the average annual percentage change in (ln) cohort monthly per capita food consumption between
t and t-1. L1.Food is lagged (ln) cohort monthly per capita food consumption. L1.RCI is the lagged Resilience Capacity Index, scaled from 1 to
100. ∆RCI is the annualized change in the RCI Index between t and t-1. ∆Temp is the difference in logarithms of average temperature levels at
and t-1, both scaled by long-run means. ∆Pre is the difference in logarithms of average total precipitation levels at t and t-1, both scaled by longrun means. Low average pre-shock RCI is dummy with value 1 for cohorts having an average pre-shock RCI below the 25th percentile. Low
pre-shock RCI is a dummy taking value 1 for cohorts with a lagged RCI below the 25 th percentile in a given wave. Low initial RCI is a dummy
with value 1 for households with an initial RCI below the 25th percentile. Hot is a dummy taking value 1 for cohorts living an area with an above
mean long-run average temperature.
Standard errors are in parentheses and are clustered at the cohort level.
*
p < 0.10, ** p < 0.05, *** p < 0.01.
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Table 5
Threshold model – Pseudo-panel Version 2

Dependent variable:

(1)
∆Food

L1.Food

-45.248***
(4.568)

L1.RCI

3.211***
(0.360)

∆RCI

7.134***
(0.113)

∆Pre

-1.822
(2.261)

∆Temp_Lower regime

-16.094***
(4.811)

∆Temp_Upper regime

2.288
(5.901)

Constant

-60.330***
(12.500)
100
0.997
Yes

Observations
Adjusted R-squared
Biophysical controls

Notes: All specifications include cohort and time fixed effects. Biophysical controls include slope, elevation and
length of the growing period. ∆Food is food consumption growth rate, i.e. the average annual percentage change
in (ln) cohort monthly per capita food consumption between t and t-1. L1.Food is lagged (ln) cohort monthly per
capita food consumption. L1.RCI is the lagged Resilience Capacity Index, scaled from 1 to 100. ∆RCI is the
annualized change in the RCI Index between t and t-1. ∆Temp is the difference in logarithms of average
temperature levels at and t-1, both scaled by long-run means. ∆Pre is the difference in logarithms of average total
precipitation levels at t and t-1, both scaled by long-run means. Hot is a dummy taking value 1 for cohorts living
an area with an above mean long-run average temperature.
Standard errors are in parentheses and are clustered at the cohort level.
*
p < 0.10, ** p < 0.05, *** p < 0.01.
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Table 6
Threshold tests and confidence intervals – Pseudo-panel Version 2
RCI Threshold*
Model
RCI
*

Threshold

Lower

Upper

60.796

60.379

60.835

The threshold value of RCI is at time t-1.

Threshold effect test (bootstrap = 300):
Threshold
Single

RSS
16.528

MSE
0.1722

Fstat
15.78

Prob
0.0267

Crit10
11.6289

Crit5
Crit1
13.7316 19.6328
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Appendix

Table A.1
RCI Variables - Descriptive statistics

Mean

Var

sd

Obs

Dwelling Index

-0.150

0.459

0.677

16190

Distance from hospital (inverse)

0.764

5.656

2.378

16190

Distance from primary school (inverse)

17.627

264.651

16.268

16190

Wealth Index

0.008

0.427

0.653

16190

Agricultural Wealth Index

0.151

1.508

1.228

16190

Tropical Livestock Units (per capita)

0.296

1.436

1.198

16190

Land owned (per capita)

0.424

1.533

1.238

16190

Public Transfers (per capita)

1.163

294.673

17.166

16190

Private transfers (per capita)

12.186

2017.016

44.911

16190

Participation in a saving group

0.044

0.042

0.204

10254

Average years of education

4.724

8.730

2.955

16190

Dependency ratio (inverse)

2.056

0.878

0.937

16190

Farming is not the main source of income

0.268

0.196

0.443

16190

Monthly per capita food expenditure (usd)

28.671

588.273

24.254

16190

Simpson Index

0.605

0.026

0.161

16190
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Table A.2
Pillar factor loadings for ABS

Variable

Factor 1

Factor 2

Uniqueness

Dwelling Index

0.154

0.101

0.966

Distance from hospital (inverse)

0.276

0.009

0.924

Distance from primary school (inverse)

0.216

-0.084

0.946
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Table A.3
Pillar factor loadings for AST

Variable

Factor 1

Factor 2

Factor 3

Uniqueness

Wealth Index

0.708

-0.148

0.053

0.475

Agricultural Wealth Index

0.764

-0.025

-0.044

0.413

Tropical Livestock Units (per capita)

0.322

0.276

-0.042

0.818

Land owned (per capita)

0.133

0.261

0.070

0.909
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Variable

Factor 1

Factor 2

Uniqueness

Average years of education

0.403

0.144

0.817

Dependency ratio (inverse)

-0.122

0.228

0.933

Farming is not the main source of income

0.463

-0.066

0.782
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Table A.4
Pillar factor loadings for AC
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Table A.5
MIMIC results
ABS

0.048
(22.13)**

AST

0.021
(5.24)**

SSN

0.002
(16.94)

AC

0.071
(22.77)**

Food_expenditure_usd (log)

Simpson Index

1
-0.105
(21.59)**

N
Chi2
Prob > Chi2
CFI
TLI
RMSEA
RCI
St.dev.
Min
Max

16,190
58.106
0.000
0.988
0.965
0.034
61.292
10.057
0
100
* p<0.05; ** p<0.01
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Table A.6
Characteristics of the pseudo-panels

Version

Variables used for cohort

Number of cohorts

Average N of observations

construction

(C)

per cohort (nc)

25

647.6

25

647.6

Long-run average temperature
1

quintiles*Year-of-birth of the
household head quintiles
Long-run average precipitation

2

quintiles*Year-of-birth of the
household head quintiles
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Table A.7
Descriptive statistics – Pseudo-panel Version 1

Mean

Var

sd

Obs

Food consumption level

32.855

88.180

9.390

125

∆Food

6.019

28.349

5.324

100

RCI

63.378

17.644

4.201

125

∆RCI

0.789

0.576

0.759

100

Temperature

23.197

3.430

1.852

125

Precipitation

60.088

26.546

5.152

125

Long-run temperature

23.054

3.446

1.856

125

Long-run precipitation

60.348

13.046

3.612

125

∆Temp

0.002

0.000

0.018

100

∆Pre

0.033

0.004

0.064

100

Notes:
Food consumption is cohort monthly per capita food consumption expressed in dollars at 2010
Purchasing Power Parity (PPP). ∆Food is the annualised food consumption growth rate between t
and t-1, i.e. the average annual percentage change in (ln) cohort per capita food consumption. RCI
is the Resilience Capacity Index, scaled from 1 to 100. ∆RCI is the annualized change in the RCI
Index between t and t-1. Temperature is average monthly temperature in the years between t and t1, expressed in degree Celsius. Precipitation is average monthly precipitation in the years between
t and t-1, expressed in mm. ∆Temp is the difference in logarithms of average temperature levels at
and t-1, both scaled by long-run means. ∆Pre is the difference in logarithms of average precipitation
levels at t and t-1, both scaled by long-run means. Long-run temperature is average annual
temperature during the period 1981-2014. Long-run precipitation is average total annual
precipitation during the period 1983-2016.
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Table A.8
Descriptive statistics – Pseudo-panel Version 2

Mean

Var

sd

Obs

Food consumption level

33.162

82.441

9.080

125

∆Food

6.691

60.786

7.797

100

RCI

63.496

16.392

4.049

125

∆RCI

0.887

1.222

1.106

100

Temperature

23.256

0.980

0.990

125

Precipitation

60.141

114.408

10.696

125

Long-run temperature

23.108

0.776

0.881

125

Long-run precipitation

60.470

88.037

9.383

125

∆Temp

0.006

0.001

0.024

100

∆Pre

0.032

0.005

0.071

100

Notes:
Food consumption is cohort monthly per capita food consumption expressed in dollars at 2010
Purchasing Power Parity (PPP). ∆Food is the annualised food consumption growth rate between t
and t-1, i.e. the average annual percentage change in (ln) cohort per capita food consumption. RCI
is the Resilience Capacity Index, scaled from 1 to 100. ∆RCI is the annualized change in the RCI
Index between t and t-1. Temperature is average monthly temperature in the years between t and t1, expressed in degree Celsius. Precipitation is average monthly precipitation in the years between
t and t-1, expressed in mm. ∆Temp is the difference in logarithms of average temperature levels at
and t-1, both scaled by long-run means. ∆Pre is the difference in logarithms of average precipitation
levels at t and t-1, both scaled by long-run means. Long-run temperature is average annual
temperature during the period 1981-2014. Long-run precipitation is average total annual
precipitation during the period 1983-2016.
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