Seventh Framework Programme

Theme 6

Environment

Project: 603864t HELIX

Full project title:
High-End dimate Impacts and &tremes

Deliverable: 5.7

Global assessment of impacts on migration, and security issues
Version 1.0

Project 603864 1



Original Due date of deliverable: 31/08/17

Actual date of submission: 30/09/2017

Project 603864



Assessment of the
Impacts of climate | september
change on national
level food insecurity 2 O 1 7
using the Hunger

and Climate
Vulnerability Index

Authors: Katy Richardson and Catherine Bradshav
(Met Office)

Project 603864 3



Contents

EXECULIVE SUMMANY  ooiiiiiiiiiiiieeieeee ettt 5
I 1 1 0 o ¥ Tod 1 [0 o 6
2. Overview of the Hunger and Climate Vulnerability Index (HCVI) ..., 8
3.  The HCVI with high-resolution HELIX data ............cccooeeiiiiiiiie e 11
3.1 Dataand MethodS.........cooiiiiiiiiiii 11
3.2 Results and diSCUSSION..........uuuiiiii e e e e e e e e e e eeaaenas 13
3.2.1 BaASEIINE ... e a e 13
3.2.2  Vulnerability to food insecurity at 1.5, 2 and 4°C (HCVI) .........cceevvvvvnnnnnnn. 14
3.2.3  Comparison with future projections from previous work ...............cccvvueee. 17

4. Adapting the HCVI to account for food imports — .........oiiiiiiiiei e 21
4.1  Methodology for adapting the HCVI to account for food imports...................... 21
4.1.1  Formula for trade-weighted iNdeX .........ccooeeeiiiiiiiiiiiie e, 23

T B T | - PP 24
4.3  ResuUlts and diSCUSSION..........uuuiiiie et ee e e e et e e e e e eeaaen s 26
0 (0 27
4.3.2 Baseline trade-weighted HCVIT ..., 28
4.3.3  Vulnerability to food insecurity at 1.5, 2 and 4°C (TW-HCVIT).................. 29
4.3.4  Vulnerability to food insecurity in the 2050s and 2080s (TW-HCVIT)........ 30

5. SUMIMANY .ottt ettt et e et ettt b s e e e e et e e e et e e e e e et e e e nb e e e e 32
T L (=] =T 0T 34
F Y o] 01T g To [ o= U 37

Project 603864 4



Executive Summary

Climate change is a potential risk to all aspects of food security (Porter et al., 2014). In
addition, understanding how, when and where climate change will impact those that are
most vulnerable to food insecurity is challenging. To gain insight to this challenge, the
Hunger and Climate Vulnerability Index (HCVI; Krishnamurthy et al,2014; Richardson et
al., 2017) has been designed to assess the relative national-level vulnerability to food
insecurity across developing and least developed countries, as a result of current and
future climate-related hazards. Recent analysis with the HCVI concluded that both
mitigation and adaptation are required to avoid the worst impacts of climate change and
to make gains in tackling food insecurity (Richardson et al., 2017).

The study presented here has investigated the impact of using a different climate model
ensemble at a higher resolution than previous HCVI results. This new version of the
HCVI was calculated using output from the high resolution ensemble of HadGEM3
simulations (from Work Package 3 of the High End cLimate Impacts and eXtremes
(HELIX) project). The geographic pattern of results is broadly similar to that in
Richardson et al. (2017); the highest vulnerability scores in the baseline are found in
sub-Saharan Africa and South Asia, and the most vulnerable regions projected to see
the largest increases in the future. The absolute values of the HCVI are increased in
some regions and reduced in others as a result of using a different ensemble of climate
models at a higher resolution. However, the application of scenarios of adaptation
investment supports the requirement for both mitigation and adaptation, although this
study highlights the dependence of the results on the models used and the limitations of
the empirical approach to adaptation scenarios.

The results from this study suggest, in the absence of adaptation, that around 5.73
billion people could become more vulnerable to food insecurity in a 2°C warmer world
compared to the present-day and 5.76 bullion in a 4°C warmer world. In a 2°C warmer
world, an estimated 189 million people could become more vulnerable to food insecurity
than is currently experienced anywhere under the current climate. In a 4°C warmer
world, this figure increases ten-fold to an estimated 1.8 billion people potentially reaching
unprecedented levels of vulnerability to food insecurity.

The HCVI methodology was also adapted to account for food imports, which enables the
inclusion of developed countries in the calculation. This trade-weighted index weights
the HCVI values by the appropriate proportions of locally produced cereals and imports
from the global market, taking into account relative wealth and the climate vulnerability of
national GDP (via the fractions of agricultural and non-agricultural GDP). Applying the
trade-weighting generally results in a small reduction in the vulnerability values,
particularly in countries which have a high fraction of imported cereals (i.e. within the
Middle East and North Africa region). This first iteration of an HCVI that accounts for
food importsonly FRQVLGHUYV WKH YXOQHUDELOLW\ RI.DdBERXQWU\TV L
not currently consider the impact of climate and climate change on the production of
cereals globally, the availability of cereals on the global market, nor the impact this has
on global commodity prices or how these transmit to domestic prices paid; this is the
subject of future developments of the HCVI.
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1. Introduction

This report presents findings from research undertaken as part of the p + L-Eid cLimate
,PSDFWV DQG HEWX) brejétly Which looks at climate change under a range of
scenarios of future global average temperature rises. These scenarios are identified by
Specific Warming Levels (SWLs) which are set at a global annual mean rise of 1.5, 2
and 4°C relative to the pre-industrial climate (1861-1880). These have been used to
assess climate change impacts and adaptation, both globally and in three regional focus
areas: Europe, sub-Saharan Africa and South Asia. The wider HELIX project aims to
assess the impacts of these specific warming levels on food, water and energy security,
flooding, infrastructure, ecosystems, health and human migration in order to provide
tailored climate impact information to stakeholders, such as the World Food Programme
(WFP), policy-makers and businesses.

The study presented in this report aims to assess the impacts of climate change on food
security at the national level across the globe, and falls under the global-scale
assessment of socio-economic impacts (Work Package (WP 5) section of HELIX.
Understanding the impacts of climate change on food security is challenging given the
complex nature of the food system. Food security analysis is comprised of four
components: availability, access, utilisation and stability, and all of these components of
food security are at risk from the changing climate (Porter et al., 2014). This analysis
makes use of the previously published Hunger and Climate Vulnerability Index (HCVI,
Krishnamurthy et al., 2014; Richardson et al. 2017) which is designed to bring together
both the socio-economic and climate change aspects of food security. It assesses
national-level vulnerability to food insecurity as a result of climate-related hazards under
a range of emissions and adaptation scenarios, and was developed in collaboration
between the Met Office and World Food Programme.

As part of the HELIX project, the HCVI is updated to use the high-resolution HadGEM3
global climate model data from HELIX WP3 (HELIX D3.1, 2017), and the sensitivity of
the results to the spatial resolution of the input data is examined. In addition, since the
current HCVI methodology only accounts for in-country production of food, a proposed
methodology to incorporate food imports into the HCVI is also presented, along with the
initial results (hereafter referred to as the trade-weighted index).

The HELIX project frames the assessment of the impacts of future climate change in
terms of SWLs, i.e. levels of global warming above a defined baseline. This framing is
used because international climate policy generally uses such an approach, e.g. aiming
WR OLPLW JOREDO ZDU®P&L Qarthefote, the®Be B8/ Bsplaces
primary emphasis on the aspects of future climate change projections in which we have
greater confidence xthe fact that ongoing warming will lead to these levels being passed
sooner or later. It gives secondary emphasis to an aspect about which we are much less
certain, such as the rate of warming. This is important because stakeholders need to
understand that these aspects of the predictions are less certain, to help reduce the risk
of making inappropriate decisions on the basis of over-confidence in the predictive
capability of climate models.

In HELIX, the climate states and associated climate impacts at the different SWLs are
analysed. These are defined using new high-resolution transient climate simulations
driven by the RCP8.5 scenario. This scenario is consistent with ongoing high emissions
and hence features a rapid rate of warming. The climate model has been run with a
number of different initial conditions based on the results of the large ensemble of
models in the 5™ Coupled Model Intercomparison Project (CMIP5; Taylor et al. 2012).
Consequently, the model ensemble members show different geographical patterns of
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change at any given SWL and also warm at different rates meaning that the simulations
each reach any given SWL at a different date in the future.

This report also compares the HELIX HCVI analysis with previous work using the CMIP5
model ensemble, following the previous practice of simulating impacts at specific times
in the future: the 2050s and 2080s, to allow a direct comparison.

The remainder of this report is structured as follows: the analysis begins with a review of
the HCVI in Section 2, followed by the results from the index as driven by the high-
resolution HELIX data in Section 3, and then the method and results from the trade-
weighted index in Section 4.
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2. Overview of the Hunger and Climate Vulnerability

Index (HCVI)

The Hunger and Climate Vulnerability Index (HCVI; Krishnamurthy et al., 2014) was
developed to provide a country-level assessment of vulnerability to food insecurity as a
result of climate-related events. The latest iteration of the HCVI makes use of gridded
climate model projections to understand the impact of climate change on vulnerability to
food insecurity, and also the benefits adaptation can bring via scenarios of adaptation
investment (Richardson et al., 2017). This iteration of the HCVI only considers in-country
production of food and does not account for food trade. For this reason, the HCVI is only
calculated for developing and least-developed countries®.

The index provides quantification at the national level across the globe of the scale and
direction of impact of climate change on food insecurity. As such, it aims to provide the
following: 1) information to help policymakers understand the level of challenge to global
food security that climate change presents; 2) information on the geography of the
impacts and help to evaluate the relative benefits of mitigation and adaptation
responses.

The index is not intended to be a detailed planning tool, but aims to help planners
evaluate the nature of the top-level threat to food insecurity that climate change
presents, thereby supporting prioritisation of effort.

The HCVI consists of three equally-weighted components: exposure to climate-related

hazards, sensitivity of national agricultural production to climate-related hazards, and

adaptive capacity +tD PHDVXUH RI D FRXQWU\YV DEénted/food/ R FRSH ZLW
shocks. Each component is comprised of a number of indicators; these are listed in

Table 1.

Table 1 zIndicators used to make up the three components of the HCVI; exposure
(analysis of climate data), sensitivity and adaptive capacity (country level statistics,
representative of the year 2010 and all accessed in 2013).

Component | Indicator Data source
Exposure Average length of floods and droughts WATCH (Weedon
etal., 2011)
Sensitivity Forest cover (% of total area) World Bank (2016)
Rainfed agriculture (% of total agriculture) World Resources
Institute (2013)
Cereal crop yield (tons/ha) FAOSTAT (2016)
Adaptive Water access (rural population) (%) World Bank (2016)
capacity Water access (urban population) (%) World Bank (2016)
Paved roads (% of all roads) World Bank (2016)
Government effectiveness (%) World Bank (2016)
Decadal population growth (2000-2010) (%) UNFPA (2013)
Total population below poverty line ($2 per day, PPP) (%) | UNDP (2013)
Vulnerable employment (% of total labour force) World Bank (2016)
Rural population (% of total population) World Bank (2016)

! Developing and least-developed countries are defined here are those that do not belong to the
OECD or EU.
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The exposure component is comprised of proxies for the average length of flood and

drought events calculated with daily precipi WDWLRQ GDWD 7KH 3:$37&+ )RUFLQJ "
(Weedon et al., 2011) was used for the baseline period (1981-2010)s used and an

ensemble of twelve global climate models from the CMIP5 archive (Taylor et al. 2012)

was used for the future projections (the 2050s and 2080s). Each of these datasets was

first re-gridded to the lowest common grid; a global resolution of 90x144 grid cells.

Country level exposure values were constructed by masking the flood and drought
proxies to only include grid cells where climate-related hazards would be most
prominently felt. Values chosen were grid cells with a population density greater than
150 people per km? and grid cells with more than 1% of the grid cell given over to crop
production. The median value of the remaining grid cells was selected as the country
level value for each of the flood and drought proxies, and these were combined to
produce a country-level measure of exposure. Each of the components of the HCVI
were normalised to place the values on a relative scale (the exposure component was
normalised across the country values, and the sensitivity and adaptive capacity
components were normalised to plausible maximum and minimum limits), resulting in the
HCVI measure of vulnerability to food insecurity on a 0-1 scale ().
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Figure 1 +Maps and histograms of the national HCVI and the three components over the
baseline period (1981-2010) as calculated in Richardson et al. (2017) using WATCH forcing
data at a resolution of 90x144. Figure taken from Richardson etal. (2017).
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Future projections of the HCVI were calculated for a range of future greenhouse gas
emissions and adaptation investment scenarios for both the 2050s and 2080s. The
results showed the dual requirement for both mitigation and adaptation to avoid the
worst impacts of climate change and to make gains in tackling food security. A summary
of the results of the future projections is provided in Appendix A for completeness.
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3. The HCVI with high-resolution HELIX data

This section of the report reassesses the future HCVI values using the new higher
resolution global climate model simulations from HELIX WP3 at the SWLs and compares
the results to the previous work presented in Richardson et al. (2017).

3.1 Data and methods

The climate data used for the HCVI reassessment comes from HadGEM3?% the Met
2IILFHYV KLJK guwibavcin@be Wiadel (HELIX D3.1, 2017). This model was run as
a six-member ensemble in atmosphere-only mode at 0.5° resolution (corresponding to a
grid spacing of about 50km by 50km at the equator). Each ensemble member takes sea
surface temperatures from a different driving model run at a lower resolution (refer to
Table 2 for details of the driving models). The climate model data has been bias-
corrected relative to the Princeton Global Forcings V2 reanalysis data product (Sheffield
et al., 2006) according to the ISI-MIP bias correction protocol (Hempel et al., 2013). Note
that only five ensemble members of the full six-member HadGEM3 ensemble available
were used in this analysis as there were issues with the bias correction applied to one of
the ensemble members®,

The central year of SWL1.5, SWL2 and SWLA4 for each ensemble member is defined as
the year in which the 20-year running mean of the global annual mean temperature
anomaly first passes the specific temperatures of 1.5, 2, and 4°C respectively (for more
detail see HELIX D2.1, 2014). The temperature anomaly is calculated relative to the pre-
industrial period: defined in HELIX as the mean of 1861-1880. In WP2 and WP3, the
central SWL years are calculated using the raw data from the global climate model
simulations and therefore do not account for the bias in the present day warming
between simulations and the estimate derived from the instrumental record. The impact
models in HELIX (and the present study) use bias corrected high-resolution simulations
(Hempel et al., 2013) and therefore the central SWL years are different to those from
WP2 and WP3. The bias-corrected central SWL years are calculated assuming the
observed warming from pre-industrial period to the bias correction reference period
(1861-1880 mean to 1981-2010 mean) is 0.61°C (Morice et al., 2012).

In accordance with the HELIX protocol, 20 years of data either side of the central year
were used to calculate the HCVI for each SWL (Table 2). The 2050s and 2080s time
slices use the standard 30-year climatologies (2041-2070 and 2071-2100 respectively).
For full details of the methodology for running the HELIX climate simulations see HELIX
D3.1 (2017), and for details of the bias correction methodology see Hempel et al. (2013).

Table 2 - The central years for specific warming levels 1.5°C, 2°C and 4°C for the high
resolution simulations from WP3, and the 20 year range used for the analysis (in brackets)
It is assumed that the observed warming from pre-industrial period to the reference period
(1861-1880 mean to 1981-2010 mean) is 0.61°C (HadCRUT4, Morice et al., 2012)

SST Driving Model

SWL15

SWL2

SWL4

ACCESS1-0
GFDL-ESM2M
IPSL-CM5A-LR
IPSL-CM5A-MR
MIROC-ESM-CHEM

2026 (2017-2036)
2036 (2027-2046)
2024 (2015-2034)
2023 (2014-2033)
2020 (2011-2030)

2040 (2031-2050)
2051 (2042-2061)
2035 (2026-2045)
2036 (2027-2046)
2032 (2023-2042)

2081 (2072-2091)

2071 (2062-2081)
2069 (2060-2079)
2068 (2059-2078)

> The specific simulation of HadGEM3 was HadGEM3 GA6.0 N216 UM10.2 (Walters et al., 2017;
Williams et al., 2015)

® The HadGEM3 model driven by HadGEM2-ES sea surface temperatures exhibited anomalous
behaviour in the daily precipitation data after the bias correction process and is therefore
excluded from this analysis.
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As the GFDL-ESM2M model did not reach SWL4, this model has been excluded from all
of our SWL ensemble mean analyses in order to produce a consistent assessment of
the index. The SWL ensemble mean is therefore computed from four models and the
2050s and 2080s ensemble mean is computed from five models. Each ensemble
member is given equal weighting in the derivation of the ensemble mean. The effect of
excluding this model from the ensemble is to increase the standard error on the
ensemble mean by an average of less than 0.01%". The mean standard error is typically
<0.003 of the ensemble mean for each country for the baseline and <0.03 for the 2080s,
which builds confidence in the robustness of the ensemble mean values. A visual
comparison of the difference between these two ensemble means for SWL2 is provided
in Appendix B.

The baseline period used for comparison with the SWLs and the future time periods in

all cases was 1981-2010and ZDV WDNHQ IURP HDFK UHVSHFWLYH HQVHPE
as opposed to the WATCH reanalysis data in previous work. This results in small

differences between the baselines for each of the ensemble members because although

HDF K P H PdathdUds\been bias corrected to the same reanalysis dataset, the bias

correction methodology is applied at a lower temporal resolution than the daily time step

of the model data.

Due to the increased resolution of the climate model data used in this study, it was
necessary to recalculate the exposure component agricultural and population mask. This
is applied at the new 0.5° resolution (Figure 2). The higher resolution of this mask results
in additional countries being included in the HCVI calculation as compared to previous
results from the CMIP5 iteration of the HCVI in Richardson et al. (2017). This is because
the smaller grid cell size allows the calculation of more exposure values for each
country. The new countries included are: Costa Rica, Equatorial Guinea, Gabon,
Jamaica, Libya, Mauritius, Oman, Puerto Rico, Saudi Arabia, the Soloman Islands,
Timor-Leste, Trinidad and Tobago, and Tunisia.

In addition, as part of this work package the HCVI has been re-written in the Python
programming language in order to accommodate state-of-the-art functionality for
handling the large datasets associated with the high-resolution climate model data. The
baseline HCVI values computed with the WATCH data and the new technology are
comparable to the values calculated using the same data with the original software
(<0.06 in difference).

Figure 2 - Masks resulting from thresholds of a population density greater than 150 people

per km ? (definition of rural population based on OECD (2011)) using an estimate of

population density in the year 2000 (van Vuuren et al., 2007)) and with more than 1% of the
grid cell given over to crop production (using cropland data representative of the year

2000 from Monfreda et al., 2008). Left panel: mask from previous HCVI analyses using
CMIP5 climate models and the WATCH data at 1° resolution; right panel: mask from this

HCVI analysis using the HadGEM3 base model at 0.5° resolution.

* The standard error on the mean is given by & 3% where Jis the sample size, and éis the
standard deviation of the ensemble member values
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3.2 Results and discussion

Results from the HCVI calculated with the high-resolution HadGEMS3 global climate
model data are presented in this section. Figures showing the average length of flood
and drought events indicators calculated from the new HELIX data can be found in
Appendix C. The HCVI for the baseline period (1981-2010) is presented in Section 3.2.1
and comparisons are made with the HCVI calculated with WATCH data at a lower
resolution to identify the sensitivity of the results to resolution and different model results.

Results from the future projections of the HCVI under the SWLs are presented in Section
3.2.2. The adaptation investment scenarios applied in Richardson et al. (2017) were
developed specifically for use with the 2050s and 2080s time periods. It was therefore
not possible to apply these to the SWL time slices because the SWLs imply a different
time period for each exposure scenario. The SWL results therefore show vulnerability to
food insecurity at a global annual mean rise of 1.5, 2, and 4°C relative to the pre-
industrial climate (1861-1880) in the absence of adaptation only.

Future projections of the HCVI using the new HELIX climate data for the 2050s and
2080s are presented in Section 3.2.3, both with and without adaptation and comparisons
are made to the previous future climate HCVI results from Richardson et al. (2017).

3.2.1 Baseline
The new high-resolution ensemble mean baseline HCVI values show a similar spatial
pattern to the previously-derived baseline HCVI values (compare left panel of Figure 3,
with top left panel of Figure 1). The highest levels of vulnerability to food insecurity
currently experienced are in Africa and South Asia and lower levels are identified in
South and Central America and wider Asia.

Compared to previous HCVI results using the CMIP5 multi-model ensemble and the
WATCH data, the new baseline HCVI values show a slight reduction in vulnerability to
food insecurity, particularly for sub-Saharan Africa (Figure 3, right panel). The
differences are greater than the standard error on the ensemble mean for the baseline
period in two-thirds of the countries. The highest values, though, are still found to be in
West Africa.

HCVI: Baseline

HCVI: diff from HCVIWATCH |~ =

1y

0.‘0 0.2 0.4 0.6 0.8 1.0 -1.00 -0.75 -0.50 -0.25 0.00 0.25 0.50 0.75 1.00
Figure 3 - HCVI values for the HadGEM3 ensemble mean baseline period (1891-2010).
Maps of the HadGEM3 ensemble mean HCVI for the baseline period (1981-2010; left panel)
and the difference between the left hand map and the previously reported baseline HCVI
values calculated from the WATCH data for the same period (Figure 1; right panel).

There is a low spread in the HCVI values across the HELIX models themselves (see
Appendix D, Figure D 1), as to be expected due to the bias-correction of the data to the
common baseline (refer to Section 3.1). The reason for the small differences between
the HadGEM3 baseline HCVI values and those presented previously derived from the
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WATCH data (Figure 3, right panel) is due to the difference in resolution between the
datasets, the differences between the WATCH reanalysis data product and the
Princeton Global Forcing V2 reanalysis product, and the differences found from the
software rewrite (refer to Section 3.1).

3.2.2 Vulnerability to food insecurity at 1.5, 2 and 4°C (HCVI)
Future projections of the HCVI at 1.5, 2 and 4°C were calculated using precipitation data
from the specific years defined for each SWL for each model (Table 2) to assess the
exposure component of the HCVI (see Appendix C for figures of the flood and drought
indicators used to calculate the exposure components). The sensitivity and adaptive
capacity components were kept at their present-day values.

The HCVI results driven by the climate at the SWLs indicate that vulnerability to food
insecurity is projected to increase in almost all countries, with the magnitudes of the
increases larger with higher levels of warming (Figure 4 - Figure 7). The pattern of
vulnerability for all SWLs is similar to the pattern of the baseline period with the most
vulnerable countries located in western Africa and the least vulnerable countries located
in northern Eurasia. Consistent with previous findings (Richardson et al., 2017), the
largest projected increases occur in the countries which currently experience the
greatest vulnerability to food insecurity.

Results for each SWL are presented here for the HadGEM3 ensemble mean values,
which are broadly representative of the ensemble spread despite each model passing
the SWLs at different times in the future. Results from each individual ensemble member
are also provided in Appendix D and an example of the ensemble spread is given in this
section for SWL2.

a) Specific Warming Level 1.5 (SWLL1.5)
The years in which the model simulations project the global mean temperature to
increase to 1.5°C above pre-industrial levels are the early to mid-2020s (Table 2). The
pattern of the model ensemble results for a 1.5°C warmer world is therefore quite similar
to those for the baseline period (Figure 4 as compared to Figure 3). The magnitudes,
however, are in general slightly higher than the baseline period, with the largest
increases in South Asia. The smallest increases are seen across Central Africa, and a
couple of countries may benefit slightly from the warmer climate, however these
decreases are very small (<0.01, which is only marginally greater than the standard error
on the SWL1.5 ensemble mean of 0.006 and therefore unlikely to be significant).

HCVI: SWLL5E | % = || Hovi:swLisanomay [~ =

C
-0.2 0.0 0.2 0.4 0.6 0.8 1.0 1.2 14 -1.00 -0.75 -0.50 -0.25 0.00 0.25 050 0.75 1.00

Figure 4 - Maps of the HadGEM3 ensemble mean °> HCVI SWL1.5 (left panel) and the
anomaly from the baseline HCVI (as shown in Figure 3; right panel).

> Note that only the four-member HadGEM3 ensemble was used for the SWL results as the
GFDL-ESM2M driven HadGEM3 model did not reach an increase in global average temperature
of 4°C above pre-industrial levels by 2100.
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b) Specific Warming Level 2 (SWL2)
The years in which the model simulations project the global mean temperature to
increase to 2°C above pre-industrial levels are the early to mid-2030s (Table 2). At 2°C
warmer than pre-industrial levels, vulnerability has generally increased, particularly in
northern South America, Central America, West Africa and South Asia (Figure 5).
Similarly to the SWL1.5 and future time slice results, a couple of countries in Central
Africa are projected to experience modest improvements in their level of vulnerability to
food insecurity as a result of the changing global climate, however, these decreases are
small (between -0.007 and -0.04) and are similar to the size of the standard error on the
SWL2 ensemble mean of 0.008 so may not be significant.

HCVI: SWL2 E P T T HCVI: SWL2 anomaly | LSS =

—(;.2 0.0 0.2 0.4 0.6 0.8 1.0 1.2 14 -1.00 -0.75 -0.50 -0.25 0.00 0.25 0.50 0.75 1.00
Figure 5 - Maps of the HadGEM3 ensemble mean ° HCVI for SWL2 (left panel) and the
anomaly from the baseline HCVI (as shown in Figure 3; right panel).

The models each pass SWL2 at different times, however, the HCVI results are broadly
similar for each model, with some small regional differences (Figure 6). For example,
The MIROC-ESM-CHEM driven ensemble member passes SWL2 at the earliest time
and shows larger increases in vulnerability in South Asia compared to other models.

ACCESS1-0 - 2040 GFDL-ESM2M - 2051 IPSL-CM5A-LR - 2035

IPSL-CM5A-MR - 2036 MIROC-ESM-CHEM - 2032

R T T e

i R ———
—(§.2 0.0 0.2 0.4 0.6 0.8 1.0 1.2 1.4
Figure 6 - Maps of the HCVI for SWL2 for the individual ensemble members and the
ensemble mean ° (bottom right panel). The central SWL year for each model is given in the
panel title.

c) Specific Warming Level 4 (SWL4)
The years in which the model simulations project the global mean temperature to
increase to 4°C above pre-industrial levels are the early to mid-2070s (Table 2). At 4°C
warmer than pre-industrial levels, vulnerability has increased markedly relative to the
baseline conditions, particularly across equatorial regions of Central and South America,
Africa and South Asia (Figure 7). Some countries in Central Africa are projected to
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continue to experience modest improvements in their level of vulnerability to food
insecurity as a result of the changing global climate, however, these decreases are
small (<0.07) in relation to the size of the standard error on the SWL4 ensemble mean
(0.02), so may not be significant.

Hovi:swLa P "= 7 || jovkSwWldanomaly [ ¢ =

[
-0.2 00 0.2 0.4 0.6 0.8 1.0 1.2 1.4 -1.00 -0.75 -0.50 -0.25 0.00 0.25 0.50 0.75 1.00

Figure 7 - Maps of the HadGEM3 ensemble mean ° HCVI for SWL4 (left panel) and the
anomaly from the baseline HCVI (as shown in Figure 3; right panel).

d) Projected population at risk of increased vulnerab ility
The HCVI results were converted into estimates of the potential number of people
affected by climate change for each of the SWLs. This calculation was done using the
average of 2010-2015 population data for each country from the World Bank (2016)
dataset, and summing up the populations in the countries which see projected
increases/decreases under the future projections of the HCVI. In addition, the
populations are summed for any countries which exceed an HCVI value of 1 to indicate
the number of people exposed to HCVI values that exceed that found in any country in
the baseline climate. The HCVI values are based on assumptions made for the index
itself, and are also model dependent. As a result, they provide only a rough guide to the
scale and direction of change in vulnerability to food insecurity due to climate change.

Using this methodology, the model ensemble mean results equate to roughly 5.73 billion
people (World Bank, 2016) potentially becoming more vulnerable to food insecurity in a
2°C warmer world and just 79 million people better off (Figure 8). In a 4°C warmer world,
roughly 5.76 billion people are projected to become more vulnerable to food insecurity
than they are in the baseline climate, with around 34 million projected to become less
vulnerable. Of those countries projected to increase vulnerability to food insecurity
levels at SWL2, three countries (equating to 189 million people) are projected to
experience levels of vulnerability to food insecurity that exceed anything experienced in
any country in the baseline climate. However, in a 4°C warmer world, the number of
people who could be exposed to vulnerability to food insecurity levels unprecedented in
the baseline climate increases 10-fold, to 1.8 billion people. There is quite a wide spread
in the individual model ensemble member results for a 2°C warmer world (as shown in
Figure 8), but there is a measure of broad consistency amongst the model ensemble
members for a 4°C warmer world.

These numbers are likely to significantly overestimate the consequences of climate
change on vulnerability to food insecurity since the assessment methodology adopted
does not account for differing income levels within populations. Those most impacted in
the future are likely to represent the poorest of society. Conversely, though, the
assessment conducted here does not account for future population growth and this
increase in demand could increase vulnerability to food insecurity levels further.
Furthermore, no attempt has been made to remove potentially non-significant results
from the analysis and so some of the changes in the HCVI values are small in relation to
the standard error on the ensemble means. Nevertheless, these HCVI results highlight
the need to assess adaptation options, which is considered in the next section.
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Figure 8 - Change in vulnerability to food insecurity as compared to baseline conditions
(1981-2010). Light purple bars show the nhumber of people projected to reduce their levels
of vulnerability to food insecurity as compared to the baseline climate, green bars show
the number of people projected to reduce their levels of vulnerability as compared to their
levels in the baseline climate, dark purple bars shows the number of people projected to
experience levels of vulnerability that exceed that found in any country in the baseline
climate. Results for each individual ensemble member come from the individual ensemble
member specific warming level scenario compared to the individual ensemble member
baseline. The central year for the given SWL for each model is given under each mod el
label . Results for the ensemble mean come from the ensemble mean for each specific
warming level scenario compared to the ensemble mean baseline but exclude the GFDL-
ESM2M model in each case because it did not reach SWLA4.

3.2.3 Comparison with future projections from previous work
Future projections of the HCVI with the HadGEM3 ensemble for the 2050s and 2080s
are presented in this section for comparison with results from the previous iteration with
the lower resolution CMIP5 model ensemble (see Section 2 and Appendix A). These are
calculated using precipitation data from fixed time periods for the 2050s (2041-20170)
and 2080s (2071-2100) to assess the exposure component of the HCVI. As the
HadGEM3 ensemble was only run for the highest greenhouse gas emissions scenario
(RCP8.5), it was only possible to make comparisons with the RCP8.5 results from
Richardson et al. (2017).

The 2050s and 2080s timeslice results also incorporate the adaptation scenarios used in
Richardson et al. (2017) which change the sensitivity and adaptive capacity components
of the HCVI results. This analysis enables us to understand how the new data impacts
the messaging from Richardson et al. (2017).
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a) Response to climate change alone
Similarly to the SWL results, the HCVI results driven by the future climate in the 2050s
and the 2080s indicate that vulnerability to food insecurity will increase compared to the
present day in almost all countries (Figure 9 and Figure 10). Consistent with previous
findings (Richardson et al., 2017), the largest projected increases occur in the countries
which currently experience the greatest vulnerability to food insecurity. The largest
increases in vulnerability to food insecurity by the 2050s are seen in South Asia. Larger
increases are projected for the 2080s compared to the 2050s (compare Figure 10 with
Figure 9), as expected since the highest greenhouse gas emissions pathway (RCP8.5)
is used for these results which assumes no action is taken tackle the causes of climate
change. The largest increases in vulnerability to food insecurity by the 2080s are seen in
South Asia, northern South America and Central America (Figure 10). Although the
baseline HCVI results showed a low spread between the ensemble members, the
spread increases as the climate warms (see Appendix D).
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Figure 9 - Maps of the HadGEM3 ensemble mean HCVI for the 2050s (left panel) and the
anomaly from the baseline HCVI shown in Figure 3 (right panel).
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Figure 10 - Maps of the HadGEM3 ensemble mean HCVI for the 2080s (left panel) and the
anomaly from the baseline HCVI (as shown in Figure 3; right panel).

In general, the HCVI values from the HadGEM3 ensemble are lower than the previous
results projected by the CMIP5 ensemble (Richardson et al., 2017; Figure 11). The
HadGEM3 model is run at a much higher resolution than the CMIP5 models were and
this reduction in grid cell size leads to an improved representation of small-scale
processes such as precipitation. The impact of this has been to reduce the average
length of floods and droughts. In addition to the model resolution, there are many other
potential reasons for the differences between the HCVI values from these two
ensembles. The CMIP5 ensemble consisted of 12 members as compared to only five
with the HadGEM3 ensemble, and only two of the models are common to both
ensembles (namely IPSL-CM5A-MR and GFDL-ESM2M). Furthermore, the HadGEMS3
ensemble consists of just one atmosphere-only model for all of the ensemble members
as compared to the 12 fully coupled and independent models in the CMIP5 ensemble.
An atmosphere-only model is unable to fully capture ocean feedbacks to the climate
system, which could affect climate variability.
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Figure 11 +Maps of the difference between the HadGEM3 ensemble mean HCVI and the
CMIP5 ensemble mean HCVI for the 2050s (left panel) and 2080s (right panel)).

b) Response to climate change with adaptation
To understand the impact of investment in adaptation on the HCVI results, the high
adaptation scenario from Richardson et al. (2017) was applied to the 2050s and 2080s
results from the HadGEM3 ensemble of results, as shown in above. The message from
the Richardson et al. (2017) stated that the highest level of adaptation considered did
not offset the increases in vulnerability as a result of climate change in the majority of
countries, and that both adaptation and mitigation are required to avoid the worst
impacts of climate change on food security.

By applying the high adaptation scenario from Richardson et al. (2017) to the HCVI
HadGEMS3 results for the 2050s, around 80% of the countries included in the HCVI are
projected to still see increases in their vulnerability to food insecurity as compared to
current conditions (Figure 12). For the 2080s, the application of the high adaptation
scenario results in around 75% of the countries continuing to see increases in
vulnerability compared to current conditions (Figure 13). The countries which do see a
reduction in vulnerability compared to the present-day (around 20% in the 2050s and
25% in the 2080s) are located in Central Africa, southern South America and Central
Asia.

HCVI: 2050s, high adaptation | e & HCVI: 2050s, high adaptation, anomaly I - &

—(;AZ 0.0 0.2 0.4 0.6 0.8 1.0 1.2 14 -1.00 -0.75 -0.50 -0.25 0.00 0.25 050 0.75 1.00
Figure 12- ODSV Rl WKH +DG*(0 HQVHPEOH PHDQ +&9, IRU WKH V XQGHt
DGDSWDWLRQY VFHQDULR OHIW SDQHO DQG WKH DQRPDO\ IURP WKHFH
Figure 3; right panel).
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Figure 13- 0ODSV Rl WKH +DG*(0 HQVHPEOH PHDQ +&9, IRU WKH V XQGt
DGDSWDWLRQY VFHQDULR OHIW SDQHO DQG WKH DQRPDO\ IURP WKt
Figure 3; right panel).

This means that the highest level of adaptation considered does not offset the impacts of
climate change on vulnerability to food insecurity in the majority of countries. This result
is consistent with the messaging from Richardson et al. (2017). However the proportion
of countries projected to see reductions in vulnerability when adaptation is considered is
larger here than compared to the results in Richardson et al. (2017). This is because the
adaptation scenario applied is an empirical function designed to reduce sensitivity and
improve adaptive capacity by a scaled amount which is dependent on the baseline
values of these components. The adaptation scenarios are independent of the climate
change projections (which only impact the exposure component of the HCVI), and
therefore the results of applying the adaptation scenarios are indicative of improvements
in the sensitivity and adaptive capacity components of the HCVI only. Since the
HadGEM3 HCVI results show lower values of the HCVI on the whole compared to the
results using the WATCH data and CMIP5 ensemble from Richardson et al. (2017; see
Figure 3, right panel), and the application of the adaptation scenarios also results in
slightly lower HCVI values on the whole, this results in more countries shifting from an
increase to a decrease in vulnerability. This highlights the dependence of the results on
the climate models and the resolution of the models used for the future projections as a
result of climate, and the weaknesses of using an empirical function for the adaptation
scenarios.
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4. Adapting the HCVI to account for food imports

The HCVI methodology presented above is designed to only consider in-country

production of food via the inclusion of the national cereal crop yield indicator and

consideration of national level climate hazards. However, the food supply in many

countries also includes imported food and, in some countries, food imports dominate the

food supply as shown in Figure 14. This makes those countries vulnerable to the

impacts of climate hazards in the regions where the imported food is produced, and the
knock-on effects this has on agricultural trade and commodity prices % UHQ G$PR XU
al., 2016; Puma et al., 2015).

Ny

Figure 14 - Cereal imports as a proportion of total cereal availability (imports + production
texports) per country for period 2010-2013. Data from FAOSTAT (2016), more detail on
calculation given in Section  4.2.

This section of the report presents findings from an initial approach to account for food
imports in the HCVI. The method and data used are described in Sections 4.1 and 4.2
respectively, and results shown and discussed in Section 4.3. It should be noted that this
is not intended to be a complete description of trade dynamics related to food security,
but rather a broad tool for exploring the influence of trade based on our understanding of
the key factors. The research undertaken to develop this methodology highlighted the
complexity of this problem and therefore identification of further developments of the
method that are out of scope of this study are described briefly in the text as suggestions
of future research.

4.1 Methodology for adapting the HCVI to account for food

imports
The method used to adapt the HCVI to account for food imports is based on a simple
conceptual model of how both local production and imported food contribute to national
level food security (presented in Figure 15) and how weather and climate impact these
elements. Consistent with the assumptions made in the HCVI®, only cereal production is
considered here as cereals account for around 60% of global calories consumed’ and
there is a clear relationship between cereal production and climate variability (Pope &
Kent, 2017). Also in line with the HCVI assumptions, the same limitations apply such that
any adaptations to the HCVI or new data incorporated must be globally consistent.
Therefore, although it is recognised that local stocks and stock-to-use ratios also
contribute to national level food security, these are not considered in this approach due
to the differing policies on food stocks around the world.

® The approach used across the HCVI analysis is to understand the impact of climate change on
the global food system as whole. We therefore attempt to describe the important parts of the
system in order to understand the big picture.

" http://www.fao.org/docrep/u8480e/u8480e07.htm
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Food security

Access

Availability

Figure 15 +A simple model of how local and global food production contribute to national-
level food security.

The model assumes that national level food security is a function of local production of
cereals (i.e. the availability component of food security analysis) and the ability to
purchase cereals, namely buying power (i.e. the access component of food security
analysis). Buying power is defined here to be a measure of affordability and is assumed
to be a function of the crop import price and income. Due to the global-scale of the
HCVI, it is further assumed that the buying power is represented at the national scale
and therefore the crop price is that paid on import from the global market® (in order to
account for the majority of global trade transactions®). The income component at the
national level is represented by the wealth of the country (namely GDP per capita),
which has a component related to local production in the form of the proportion of the
GDP that comes from agriculture. In addition,

Global weather and climate directly impact the availability of food globally, for example
climate variability accounts for around 60-90% of year-to-year cereal yield variations
(Pope & Kent, 2017; Ray et al, 2015). This in turn impacts the global commaodity price
and subsequently national food security; poorer countries where people spend a large
proportion of their income on food and are less able to cope with fluctuations in crop
prices compared to wealthier nations (Kalkuhl et al., 2016)2. However, global crop prices
are driven not only by total availability, but a number of other factors, including global
stocks, conflict, oil prices and exchange rates. Understanding the impacts of climate on
the global commodity market is therefore not straightforward. However, this study aims
to look at the impacts of climate change on vulnerability to food insecurity rather than
other technological or socioeconomic factors. For this reason, changes other than
climate change are excluded.

® It is noted that international prices transmit to domestic markets very differently depending on

the country and the commodity, however given the need to consistent measures globally and the

approach to capture the big picture, only the import price is accounted for at this stage®.

° Assessments were made of the import data and partner countries and the majority of imports

ZHUH IRXQG WR EH LPSRUWHG IURP WKH FRXQWULH®MppKEFK H[SRUW I
each of the crops considered (wheat, maize, rice, barley, millet and sorghum; UN Comtrade,

2016). It is therefore assumed in this study that imported cereals come from the global commodity

market, however it is recognized that not all regional trade relationships are captured.
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Local weather and climate both directly and indirectly impact national level food security.
Weather and climate impacts on local production can directly affect in-country food
production and, therefore, national level food security % UH Q G e$&.R2R16; Puma
et al., 2014). A second indirect impact is felt via loss of income as a result of adverse
weather leading to poor harvests, particularly in countries where a significant proportion
of the GDP comes from agriculture and where livelihoods are agriculture dependent.

4.1.1 Formula for trade-weighted index
Based on the model and assumptions described above, the trade-weighted index is
designed to measure the average vulnerability resulting from in-country production and
import affordability, i.e.
,FulL .g _~.sE (&, .«_
Eqg. 1 +Formula for trade-weighted index

where:

B s 4 is the ratio of nationally produced cereals to total cereals available nationally
(imports + production exports, see Section 4.2 for more detail)

8 5 4 s the vulnerability to food insecurity associated with local production

By 4 4s the ratio of imported cereals to total cereals available nationally

8 5 4s the vulnerability to food insecurity associated with imports

The vulnerability to food insecurity associated with local production, 8 3 3xCan be
represented directly by the HCVI.

Following the conceptual model above, the vulnerability associated with imports is a
measure of ability to afford food bought from the international market, which has both
climate and non-climate elements of vulnerability. The climate element can be
represented by the proportion of GDP from agriculture, which accounts for the amplified
effect of climate impacts on local production also impacting livelihoods, income and
ability to afford food.

The other element of affordability is the crop price. Global commodity prices are clearly
influenced by the climate, along with other non-climate factors, as mentioned above.
Given the complexities of understanding the impacts of climate on global commodity
prices now, and the difficulties in understanding how these might change in the future, in
the first instance we assume the crop price remains constant for all countries. Variability
in the global commodity price and the relationship between this, climate and global
production will be the subject of future work. One way of accounting for the ability import
food is to rank the countries by their GDP per capita, which represents relative national
wealth.

Bringing all these elements together into the above equation, the measure of
vulnerability to food insecurity per country is:

,ruLspl.~«:, E ..

where:
L BaaBiaax
and
v L BadkB BuaaaoduBaad Buazaaaa?:ua
where:

) & 2 5 52iS the normalised GDP per capita to represent relative wealth +note that
normalisation process is such that poorer countries have high ) & 3 5 5 ;and richer
countries have high ) & 2533
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B (s the fraction of GDP that comes from agriculture

873340 iSthe climate vulnerability associated with imports, namely the exposure and
sensitivity components of the HCVI

B 5 4 » Js the non-agriculture fraction of GDP

8 a3 a o IStRe non-climate vulnerability associated with imports, namely the adaptive
capacity component of the HCVI

For each country, this equation represents the vulnerability to food insecurity as a result
of both local production and ability to buy imported food, appropriately weighted by the
ratio of the dependence on production to imports respectively. The ability to buy food
includes the additional feedback of climate impacts on livelihoods and income by
accounting for the proportion of GDP that comes from agriculture, and the whole
eguation is weighted by a measure of relative wealth.

The formula for the trade-weighted index, using the components of the HCVI, is:

,rulsple-« IE-.d0,UEE_@.:qEE (E.,.:moAp
Eq. 2 +Formula applied to calculate the trade-weighted index

where ', fand # %re the exposure, sensitivity and adaptive capacity components of
the HCVI respectively.

4.2 Data

The trade-weighted index described above is designed to make use of the existing HCVI
values and the individual components that make up the HCVI, i.e. the exposure,
sensitivity and adaptive capacity components. This means that these four variables in
Eqg. 2 are similar to those presented in Section 3. Note, however, that since market
access is now accounted for in the trade-weighted index, OECD and EU countries are
no longer excluded from the HCVI calculation. Results of this new HCVI for the set of
countries for the trade-weighted index (referred to as HCVIT) are shown in Section 4.3.

New socio-economic datasets were used to calculate the remaining variables in Eq. 2,
the datasets and years used to compute these variables are listed in Table 1. Note that a
sum of the six main cereals (wheat, maize, rice, barley, millet and sorghum) was used as
a proxy for all cereals in the calculation of Byyand B sax

Table 3 +Datasets and their sources used to construct the new variables in the trade-
weighted index

Variable in trade-weighted index Dataset Data source Years used
Normalised GDP per capita GDP World Bank (2016) | 2010-2015
()& 2452 Population World Bank (2016) | 2010-2015
Agricultural ( By) and non-agricultural | Agriculture, value World Bank (2016) | 2010-2015
(B sas) fractions of GDP added (% of GDP)

Ratios of imported cereals ( Byy}and | Import quantity FAOSTAT (2016) 2010-2013
local production ( B 5 z)to total Export quantity FAOSTAT (2016) 2010-2013
cereals available nationally Production quantity | FAOSTAT (2016) 2010-2013

As the socio-economic data used in the HCVI was representative of 2010 (as in
Krishnamurthy et al., 2014), averages of these new variables from 2010 to the latest
year available were used. A number of exceptions were made where no data was
available for the period of years considered in this calculation. For these cases an
average of the five-years of data ending in the latest year reported was used. These
countries and the latest available year of reported data are listed in 4.
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Table 4 +Countries with exceptions applied and reasons for exceptions for the trade-
weighted index

Reason for exception Countries and last available year of data in
brackets

No GDP or GDP from agriculture Syria (2007)

data reported for 2010-2015
No GDP from agriculture data Angola (2001), Djibouti (2007), Eritrea (2009),
reported for 2010-2015 French Polynesia (2000), Libya (2008), Myanmar
(2004), Papua New Guinea (2004), Syria (2007)
and Yemen (2006).

Countries with no reported data at all in any of the datasets were excluded from the
whole trade-weighted index calculation. Note that only the years 2010-2013 were used
for the import, export and production data and therefore any countries that did not report
data in any of these datasets during this period were also excluded. The full list of
countries excluded and reasons for exclusion are shown in Table 5.

Table 5 +Countries excluded and reasons for exclusion from the trade-weighted index.

Reason for exclusion Countries exclud ed

No GDP data reported North Korea

No GDP from agriculture data Equatorial Guinea, Haiti, Iraq, Israel, North Korea,
reported Liberia, Samoa, South Sudan, Tonga and United

Arab Emirates,
No export data reported for 2010- Cuba, Mauritania, Sierra Leone, Turkmenistan,

2013 Lesotho, Puerto Rico, Somalia, South Sudan and
Timor-Leste

No import data reported for 2010- Puerto Rico and South Sudan

2013

No production data reported for Bahrain, Equatorial Guinea, Iceland, Saint Lucia

2010-2013 and Singapore

Maps of the new variables in the trade-weighted index as calculated with the data listed
above are shown in Figure 16. The ratio of locally produced cereals to total available
cereals nationally ( B 5 zkis high in most countries and low in counties across the Middle
East and North Africa (MENA) region, parts of southern Africa, northern South America
and Central America (Figure 16, top left panel). This is the opposite pattern to B, ; by
definition, which is not mapped here as it has the same pattern as Figure 14.

The normalised GDP per capita variable, ) & 2 5 5 5 iS very high in the majority of
countries that were included in the original HCVI, i.e. developing and least developed
countries, and relatively low across the developed OECD and EU countries. This
measure of wealth is therefore not independent of the HCVI values themselves, or the
measure of adaptive capacity (Figure 17, top panels). These data show there is a clear
divide between wealthy and poor countries; however it is very hard to distinguish
between the poor countries.

The agricultural ( By )yand non-agricultural ( B 5 4 % ) fractions of GDP also have opposite
patterns, by definition (Figure 16, bottom panels). B is highest across central Africa, and
therefore again there is a non-linear relationship between B ;% @and ) & 2 535 awhere
the countries with the smallest (highest) proportion of GDP from agriculture are the
poorest (wealthiest). The relationship between B 3 » o (and adaptive capacity, however,
is not so clear (Figure 17, bottom right panels).
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Figure 17 - Scatter plots showing relationship between various components of trade-
weighted index (for HadGEM3 driven by ACCESS1-0 as an illustration of the ensemble)

4.3 Results and discussion

Results from the trade-weighted index are presented in this section. Firstly, a summary
of results from the HCVIT is presented in Section 4.3.1. The HCVIT is the intermediary
step to applying the trade-weighted index formula (Eq. 2) where the HCVI is calculated
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for a different set of countries; the country list now includes the OECD and EU countries
and excludes countries with missing data from the new datasets (see Section 4.2).

Secondly, results from applying the trade-weighting to the HCVIT output are then
presented in Section 4.3.2 for the baseline (see also Appendix E), Section 4.3.3 for the
SWLs and Section 4.3.4 for the 2050s and 2080s to compare with results from
Richardson et al. (2017). Adaptation scenarios were not applied to the trade-weighted
index since a method for applying these scenarios to the newly included socio-economic
datasets has not been developed. Similarly to Section 3, all results presented are for the
HadGEM3 ensemble mean (five members for the future time slices and four for the SWL
results®). Results from each individual ensemble member are provided in Appendix F.

4.3.1 HCVIT
Results from the HadGEM3 ensemble mean HCVIT for the baseline and all future
scenarios considered are presented in Figure 18.

HCVIT: 2080s L = | e swia e e
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Figure 18 +Maps of the HCVIT: the HCVI computed with the set of countries required to be
included/excluded for the trade-weighted HCVIT. The HadGEM3 ensemble mean is shown
for the baseline (top left panel), the 2050s and 2080s (middle and bottom left panels), and
the SWLs 1.5, 2 and 4 (right panels) °.

The pattern of vulnerability is broadly similar to that in the HCVI (as presented in Section

3.2) for each of the baseline and future projection results. The inclusion of the OECD
and EU countries does not impact the overall relative pattern of vulnerability as the
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vulnerability scores for these countries are relatively low due to the relatively higher
adaptive capacity scores for these developed countries.

4.3.2 Baseline trade-weighted HCVIT
The trade-weighted index (hereafter referred to as the TW-HCVIT) is calculated by
weighting the HCVIT values from Section 4.3.1 with the new socio-economic variables
described in Section 4.2, as presented in Eq. 2 (Figure 19). The application of the trade-
weighting does not result in large differences compared to the HCVIT (Figure 19, top
right panel). The overall pattern of vulnerability is similar, and the largest differences are
seen in across the MENA (Middle East and North Africa) region where the trade-
weighting acts to reduce the vulnerability. In 95% of the countries these differences are
greater than the standard error on the ensemble mean for the baseline period and so,
although small, the changes are potentially significant.

The fact that there is little change once the trade-weighting is applied is not surprising.
The vulnerability associated with imports ( 83} i.€. the right hand term in Eq. 2, turns
out to have a very similar pattern to the vulnerability associated with local production

(8 53k namely the HCVIT (Figure 19, bottom panels). It is therefore the ratios of local
production and imports ( B 33 and B, ;) that weight these components of the TW-HCVIT
which dominate the differences between this and the HCVIT. The weighted
vulnerabilities are further weighted by the normalised GDP per capita (Figure 16, top
right panel), which is near 1 for most developing and least developed countries, and
lower for developed countries; given further evidence for why the TW-HCVIT has a
similar pattern to the HCVIT.

TW-HCVIT: diff from HCVIT | T =
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Figure 19 +Maps of the HadGEM3 ensemble mean trade-weighted HCVIT ~ (TW sHCVIT) for
the baseline period (1981- 2010; top left panel) and the difference betwee n the left hand plot
and the HCVIT ensemble mean (top right panel). Maps of the vulnerability to food

insecurity associated with local production, , _~.gand imports, , .-, (as expressed in Eq.

1) are shown in the bottom panels. The model used for these maps is HadGEM3 driven by
ACCESS1-0 sea surface temperatures member as an illustration of the full ensemb le.

Given that the highest values of B, ;zare located across the MENA region (Figure 14),
and 8§ 4s comparatively lower in this region (compare bottom panels of Figure 19), this
explains the lower vulnerability in the TW-HCVIT here (Figure 19, top left panel). This
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updated vulnerability measure that now accounts for food imports results in a more
accurate representation of vulnerability to food insecurity in these countries where there
is a high dependence on imports. However, the index only weights the in-country
vulnerability measure based on the proportion of imported cereals under the assumption
that cereals are imported from the global market. The index does not currently account
for the climate vulnerability of the production of the cereals available on the global
market, or other factors that impact imports such as oil prices and trade policies.

The decomposition of vulnerability associated with imported food into the fractions of
GDP from agricultural and non-agricultural sources in the TW-HCVIT formula (Eqg. 2) is
designed to capture the effects of climate vulnerable livelihoods on national level
vulnerability to food insecurity, and the ability to import. Namely, in countries where the
fraction of GDP from agriculture ( B, yis high, then the impacts of climate change not
only affect local production, but also national GDP. In practice, however, this nonlinearity
built into the trade-weighting does not impact the TW-HCVIT results since the countries
with high B, are also the countries which depend mostly on local production (i.e. high

By ) resulting in the right-hand term in Eqg. 2 being negligible.

4.3.3 Vulnerability to food insecurity at 1.5, 2 and 4°C (TW-HCVIT)
The TW-HCVIT calculated with the HadGEM3 HCVIT values for the SWLs (Figure 18;
right panels) show projected increases in vulnerability compared to the present-day as a
result of the changing climate, with the vulnerability projected to increase progressively
through the SWLs (Figure 20). The patterns of vulnerability and projected increases are
consisted with the HCVI projections in Section 3 and Richardson et al. (2017), where the
most vulnerable countries in the present-day are also the most vulnerable in the future,
i.e. West Africa and South Asia. The largest increases are projected across South Asia
and parts of northern South America and West Africa. In 99% of the countries, the
difference in the HCVIT values in the SWLs as compared to the baseline are greater
than the standard error in the calculation of the ensemble mean and are therefore likely
to be significant.

These increases in vulnerability, however, are not as large as those projected for the
HCVI without the trade-weighting (compare bottom right panel of Figure 20 with right
panel of Figure 10) as a result of the reduced vulnerability in these regions due to the
trade-weighting. In addition, Mauritania had one of the largest projected increases in
vulnerability in the HCVI, but is not included in the TW-HCVIT due to lack of export data.
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Figure 20 +Maps of the HadGEM3 ensemble mean ° trade-weighted HCVIT (TW-HCVIT) (left
panels) and the anomaly from the baseline ~ TW-HCVIT (as shown in Figure 19; right panels)
for SWL1.5 (top panels), SWL2 (middle panels) and SWL4 (bottom panels)

4.3.4 Vulnerability to food insecurity in the 2050s and 2080s (  TW-
HCVIT)

The TW-HCVIT calculated with the HadGEM3 HCVIT values for the 2050s and 2080s
(Figure 18; middle and bottom left panels) show projected increases in vulnerability
compared to the present-day as a result of the changing climate, with larger increases
projected by the 2080s (Figure 21). The magnitudes of the increases are slightly larger
in the 2050s compared to SWL2 and similarly for the 2080s compared to SWL4 (Figure
20; Figure 21). Also consistent with the TW-HCVI results at the SWLs (Section 4.3.3),
the regions projected to see the largest increases in vulnerability without consideration of
trade impacts result in slightly smaller increases once the trade-weighting is applied.
Similarly, the largest increases are projected across South Asia and parts of northern
South America and West Africa. In 99% of the countries, the difference in the HCVIT
values in the 2050s as compared to the baseline are greater than the standard error in
the calculation of the ensemble mean and are therefore likely to be significant. For the
2080s, this value drops to 97% of the countries potentially showing significant changes
as compared to the baseline.
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Figure 21 +Maps of the HadGEM3 ensemble mean trade-weighted HCVIT (TW-HCVIT) (left
panels) and the anomaly from the baseline ~ TW-HCVIT (Figure 19; right panels) for the
2050s (top panels) and 2080s (bottom panels).
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5. Summary

As part of the global socio-economic impacts work package of the HELIX project, the
Hunger and Climate Vulnerability Index (HCVI; Krishnamurthy et al., 2014), as adapted
to incorporate future climate and adaptation scenarios (Richardson et al., 2017), has
been used to assess the impacts of climate change on national-level food security. First
the HCVI as presented in Richardson et al., (2017) was re-assessed using the
ensemble of high resolution HadGEM3 climate model simulations for RCP8.5, produced
as part of HELIX WP3 (HELIX D3.1, 2017. Secondly the methodology was updated to
account for food imports. In both cases, future projections of the impacts on vulnerability
to food insecurity were analysed at Specific Warming Levels (SWLs; 1.5, 2 and 4°C) and
at future time slices (the 2050s and 2080s).

General patterns of the impacts of climate change on vulnerability to food insecurity are
similar to previous results driven by a lower resolution ensemble from the CMIP5 climate
models (Richardson et al., 2017). In the baseline climate, the highest levels of
vulnerability to food insecurity are found in West Africa. As the climate changes,
vulnerability to food insecurity is projected to increase progressively in most countries as
the different SWLs are reached (or by the 2050s, and further still by the 2080s), in the
absence of adaptation. South Asia is most negatively impacted first by the changing
climate (e.g. SWL2 or the 2050s) and a larger region covering western Africa, north
South America and Central America is most negatively impacted at the high end of the
climatic changes projected (e.g. SWL4 or the 2080s). The smallest increases in
vulnerability are located across central Africa. As a result of using a different set of
climate model simulations at a higher resolution, the vulnerability as assessed with the
HadGEM3 ensemble is slightly less in most countries compared to that in Richardson et
al. (2017), in both the baseline and the projections for the future.

Without future investment for climate adaptation initiatives, the HadGEM3 ensemble
mean results suggest that for a 2°C warmer world, an estimated 189 million people could
become more vulnerable to food insecurity than is currently experienced anywhere
under the current climate . However, the individual HadGEM3 ensemble member results
are inconclusive about the magnitude of the size of the population affected. In a 4°C
warmer world, though, there is broad consistency amongst the ensemble members that
an estimated 1.8 billion people could reach unprecedented levels of vulnerability to food
insecurity.

Adaptation scenarios from Richardson et al. (2017) were applied for the 2050s and
2080s to assess the impact of the high resolution climate data on the overall messaging.
The message continues to hold that the increases in vulnerability as a result of the
changing climate are not offset by the highest level of adaptation considered in the
majority of countries, and therefore both mitigation and adaptation are required to avoid
the worst impacts of climate change on food security. However, the result is not as
robust with these new results, as more countries appear to benefit from the adaptation
scenarios compared to the results in Richardson et al. (2017). This is due to the lower
vulnerability levels in the HadGEM3 ensemble, and the empirical nature of the
adaptation scenario, and highlights the weaknesses of this approach and dependence
on the climate models and resolution at which they are simulated.

An initial attempt to account for food imports in the HCVI has been developed and
applied to the HCVI results from the HadGEM3 ensemble. The method used considered
the average vulnerability associated with locally produced cereals and imported cereals
by weighting the relevant elements of the HCVI by the fractions of local production and
imports to that available at the national level, under the assumption that cereal imports
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come from the global market. Additional factors in the formula included accounting for
the climate and non-climate vulnerability associated with imports through the use of the
fraction of GDP that comes from agriculture, and the wealth of the country using GDP
per capita information.

The application of the trade-weighting resulted in the inclusion of developed countries
now that access to the global market is accounted for (OECD and EU countries are
excluded from the HCVI in Richardson et al. (2017) for this reason). The inclusion of
these additional countries does not significantly change the spatial pattern of the HCVI,
nor does the application of the trade-weighting formula. The main result of the
application of the trade weighting is that vulnerability is reduced slightly in most countries
for the baseline and future projections, with the largest reductions seen in the countries
which have a high fraction of imported cereals (namely the MENA region).

This first iteration of an HCVI that accounts for food imports only considers the

vulnerabilityof D FRXQWU\YfV DELOLW\ WR LPSRUW IRRG ,W GRHV QR
of climate and climate change on the production of cereals globally, the availability of

cereals on the global market, nor the impact this has on global commodity prices or how

these transmit to domestic prices paid; this is the subject of future developments of the

HCVI.
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Appendices

Appendix A £Previous results of the HCVI

Results from the future projections of the HCVI from Richardson et al. (2017) are shown
in Figure A 1. The future projections of the HCVI were calculated using the exposure
component as assessed by the precipitation data from the CMIP5 ensemble of global
climate models for the 2050s (2041-2070) and 2080s (2071-2100) time periods. A range
of greenhouse gas emissions scenarios were also analysed, ranging from RCP2.6 (the
so-FDOOHG pDJJUHVVLYH PLWLJDWLR ¢FD ORHH@D WEsRX\WOB® % 3
scenario) though only the results from RCP8.5 can be compared to those presented in
this report since this was the only RCP run at high resolution within HELIX. The
adaptation scenarios applied are those developed in Richardson et al. (2017) and
consist of scaled changes applied to the sensitivity and adaptive capacity components of
the HCVI that reduce sensitivity and improve adaptive capacity by an amount that is
GHSHQGHQW RQ HDFK H&X&uasU\TV SUHVHQW

The CMIPS5 results show that vulnerability to food insecurity is projected to increase as a
result of climate change by the 2050s (Figure A 1, panels ¢ and g), and that larger
increases are projected in the 2080s, particularly under the RCP8.5 scenario (Figure A
1, panel h) compared to the RCP2.6 scenario (Figure A 1, panel d). The high adaptation
scenario acts to reduce the increases in vulnerability that are projected as a result of the
changing climate. However, the reductions do not fully offset these increases in most
cases (Figure A 1, panels a, e and f). The only scenario where improvements in
vulnerability are projected compared to the present day is with the highest mitigation
(RCP2.6), and highest adaptation (Figure A 1, panel b). The results highlight the dual
requirement for both mitigation and adaptation to avoid the worst impacts of climate
change and to make gains in tackling food security.
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Figure A 1 - Future projections of the HCVI from the CMIP5 ensemble mean (figure taken

from Richardson et al. 2017. Results are shown for a range of future time periods (T; left
panels (a, c, e and g) show the 2050s and the right panels (b, d, f and h) show the 2080s),
emissions scenarios (E; top two rows (panels a-d) show RCP2.6 and the bottom two rows
(panels e-h) show RCP8.5), and scenarios of adaptation investment (A; panels a, b, e and f
show high adaptation and panels c, d, g and h show no adaptation).
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Appendix B xImpact of ensemble size on results

The HadGEM3 ensemble used for the results in this report consists of five ensemble
members®: each atmosphere-only simulations of HadGEM3 driven by lower resolution
sea surface temperatures from a set of CMIP5 models (Section 3.1). As one of the
ensemble members (HadGEMS3 driven by the GFDL-ESM2M sea surface temperatures)
did not reach SWL4 (an increase in global average temperature 4°C above pre-industrial
levels) this model was excluded from the ensemble mean for all the SWL results to
ensure a fair comparison of the ensemble means across the SWLs. This resulted in an
ensemble mean across four models and not five, as shown for the 2050s and 2080s
results.

The impact of the ensemble size on the HCVI results is minimal; an example of the HCVI
results for SWL2 for the five-member and four-member ensembles for comparison is
shown in Figure B 1. The effect of excluding this model from the ensemble is to increase
the standard error on the ensemble mean by an average of less than 0.01%"° and the
mean standard error is small, typically <0.003 for each country.

—(;.2 0.0 0.2 0.4 0.6 0.8 1.0 1.2 14 —6.2 0.0 0.2 0.4 0.6 0.8 1.0 1.2 14
Figure B 1 - HadGEM3 ensemble mean HCVI values for SWL2. Left panel: ensemble mean
calculated using all five ensemble members, right panel: ensemble mean calculated using
four ensemble members ( exclu ding the GFDL-ESM2M ensemble member).

1% The standard error on the mean is given by & 3% where Jis the sample size, and éis the
standard deviation of the ensemble member values
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Appendix C xFlood and drought indicator plots

Maps of the average length of flood and drought events indicators for each of the
individual ensemble members for the baseline, SWL1.5, SWL2, SWL4, the 2050s and
the 2080s are shown in Figures C 1 +C 12. Refer to Table 2 for the SWL central years.

ACCESS1-0 GFDL-ESM2M

IPSL-CM5A-LR

0.0 15 3.0 4.5 6.0 7.5 9.0 10.5 12.0

Average flood event (days)

Figure C 1 - Maps of average length of flood events indicator over the baseline period for
each individual model

ACCESS1-0

IPSL-CM5A-LR

0 4 8 12 16 20 24 28 32

Average drought event (days)

Figure C 2 - Maps of average length of drought events indicator over the baseline period
for each individual model
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IPSL-CM5A-LR
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7.5 9.0 10.5 12.0
Average flood event (days)

Figure C 3 - Maps of average length of flood events indicator for SWL1.5 for each
individual model
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Figure C 4 - Maps of average length of drought events indicator for SWL1.5 for each
individual model
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Figure C 5 - Maps of average length of flood events indicator for SWL2 for each individual
model
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0 4 8 12 16 20 24 28 32

Average drought event (days)
Figure C 6 - Maps of average length of drought events indicator for SWL2 for each
individual model
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Figure C 7 - Maps of average length of flood events indicator for SWL4 for each individual
model
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Figure C 8 - Maps of average length of drought events indicator for SWL4 for each
individual model
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Figure C 9 - Maps of average length of flood events indicator for the 2050s for each
individual model
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Figure C 10 - Maps of average length of drought events indicator for the 2050s period for
each individual model

ACCESS1-0 GFDL-ESM2M IPSL-CM5A-LR
BZ, oo
S~
[ R B
0.0 15 3.0 4.5 6.0 75 9.0 10.5 12.0

Average flood event (days)
Figure C 11 - Maps of average length of flood events indicator for the 2080s for each
individual model
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Figure C 12 - Maps of average length of drought events indicator for the 2080s for each
individual model
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Appendix D +HCVI HadGEMS3 ensemble spread plots

Maps of the ensemble spread of HCVI results are shown for the baseline and future
projections in Figures D 1 =D 15, along with the ensemble mean. For each of the future
projections the anomaly from the baseline is also shown. Note that for the SWLs only 4

models have been used as SWL4 was not available for the GFDL-ESM2M driven
simulation.

Baseline

ACCESS1-0 GFDL-ESM2M IPSL-CM5A-LR

. : T
0.0 0.2 0.4 0.6 0.8 1.0

Figure D 1 - Maps of the baseline HCVI for the individual ensemble members and the
ensemble mean (bottom right panel).
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Projected changes in vulnerability to food insecurity at 1.5, 2 and 4°C

ACCESS1-0 - 2026 GFDL-ESM2M - 2036
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\/ o | M : b — S ENS

SR

O — T = 2
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Figure D 2 +Maps of the HCVI for SWLL1.5 for the individual ensemble members and the
ensemble mean (bottom right panel). The central year for SWL1.5 for each model is given
in the panel title. Note the ensemble mean excludes data for the GFDL-ESM2M driven
ensemble member to ensure fair comparison across ensemble means for the SWL results
given that this model did not reach SWLA4.
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Figure D 3 £Maps of the HCVI anomaly from the baseline for SWL1.5 for the individual
ensemble members and the ensemble mean (difference between Figure D 2 and Figure D
1; bottom right panel). The central year for SWL1.5 for each model is given in the panel
title. Note the ensemble mean excludes data for the GFDL-ESM2M driven ensemble
member to ensure fair comparison across ensemble means for the SWL results given that
this model did not reach SWL4.
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Figure D 4 *Maps of the HCVI for SWL2 for the individual ensemble members and the
ensemble mean (bottom right panel). The central year for SWL2 for each model is given in
the panel title. Note the ensemble mean excludes data for the GFDL-ESM2M driven
ensemble member to ensure fair comparison across ensemble means for the SWL results
given that this model did not reach SWL4.
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Figure D5 *Maps of the HCVI anomaly from the baseline for SWL2 for the individual
ensemble members and the ensemble mean (difference between Figure D 4 a nd Figure D
1; bottom right panel). The central year for SWL2 for each model is given in the panel title.
Note the ensemble mean excludes data for the GFDL-ESM2M driven ensemble member to
ensure fair comparison across ensemble means for the SWL results given that this model
did not reach SWL4.
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Figure D 6 *Maps of the HCVI for SWL4 for the individual ensemble members and the
ensemble mean (bottom right panel). The central year for SWL4 for each model is given in
the panel title. Note the GFDL-ESM2M driven ensemble member is excluded as SWL4 was

not available for this ensemble member.
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Figure D 7 £Maps of the HCVI anomaly from the baseline for SWL4 for the individual
n Figure D 6 and Figure D

~0.25 0.00 0.25

0.

ensemble members and the ensemble mean (difference betwee

1; bottom right panel). The central year for SWL4 for each model is given in the panel title.
Note the GFDL-ESM2M driven ensemble member is excluded as SWL4 was not available

for this ensemble member.
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Projected changes in vulnerability to food insecurity at future time slices

a) Response to climate change alone
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Figure D 8 - Maps of the HCVI for the 2050s for the individual ensemble members and the
ensemble mean (bottom right panel).
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Figure D 9 *=Maps of the HCVI anomaly from the baseline for the 2050s for the individual
ensemble members and the ensemble mean (difference between Figure D 8 and Figure D
1; bottom right panel).
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Figure D 10 +Maps of the HCVI for the 2080s for the individual ensemble members and the
ensemble mean (bottom right panel).

ACCESS1-0 GFDL-ESM2M
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Figure D 11 *Maps of the HCVI anomaly from the baseline for the 2050s for the individual
ensemble members and the ensemble mean (difference between Figure D 10 and Figure D
1; bottom right panel).
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b) Response to climate change with adaptation

Figure D 12 +Maps of the HCVI for the 2050s under the high adaptation scenario for the
individual ensemble members and the ensemble mean (bottom right panel).

Figure D 13 - Maps of the HCVI anomaly from the baseline for the 2050s under the high
adaptation scenario for the individual ensemble members the ensemble mean (difference
between Figure D 12 and Figure D 1; bottom right panel).
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Figure D 14 *Maps of the HCVI for the 2080s under the high adaptation scenario for the
individual ensemble members and the ensemble mean (bottom right panel).

Figure D 15 +Maps of the HCVI anomaly from the baseline for the 2050s under the high
adaptation scenario for the individual ensemble members and the ensemble mean
(difference between Figure D 14 and Figure D 1; bottom right panel).
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Appendix E txTrade-weighted HCVIT (TW-HCVIT) values

Table E 1 +Values of the indicators in the trade weighted HCVI from the baseline ensemble mean

Country name (from Trade- HCVIT Normalised Proportion of Faction of Imports as a Fraction of Reason for exclusion
Natural Earth weighted GDP value GDP from GDP not proportion of local
database ll) HCVIT (2010-2015 agriculture from food available | production

mean) * (2010-2015 agriculture (2010-2013

inverted mean) mean)
Afghanistan 0.64 0.64 1.00 0.24 0.76 0.05 0.95
Aland Islands < 500km?
Albania 0.32 0.32 0.96 0.22 0.78 0.35 0.65
Algeria 0.31 0.35 0.96 0.10 0.90 0.69 0.31
American Samoa < 500km®
Andorra < 500km®
Angola 0.55 0.56 0.96 0.08 0.92 0.24 0.76
Anguilla < 500km”
Antarctica No socio-economic

data
Antigua and Barbuda < 500km®
Argentina 0.21 0.24 0.89 0.08 0.92 0.00 1.00
Armenia 0.33 0.38 0.97 0.20 0.80 0.53 0.47
Aruba
Ashmore and Cartier < 500km?
Islands
Australia 0.10 0.23 0.44 0.02 0.98 0.01 0.99
Austria 0.01 0.00 0.56 0.01 0.99 0.31 0.69
Azerbaijan 0.37 0.39 0.94 0.06 0.94 0.38 0.62
Bahamas 0.80 0.02 0.98 0.92 0.08
Bahrain No production data for
2010-2013

Bangladesh 0.81 0.83 0.99 0.17 0.83 0.07 0.93
Barbados < 500km”
Belarus 0.13 0.14 0.94 0.09 0.91 0.04 0.96
Belgium 0.02 0.01 0.59 0.01 0.99 0.84 0.16
Belize 0.49 0.52 0.96 0.14 0.86 0.15 0.85
Benin 0.68 0.70 0.99 0.25 0.75 0.40 0.60
Bermuda < 500km”
" naturalearthdata.com
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Bhutan 0.35 0.36 0.98 0.17 0.83 0.24 0.76

Bolivia 0.43 0.44 0.98 0.13 0.87 0.06 0.94

Bosnia and Herzegovina | 0.25 0.27 0.96 0.08 0.92 0.35 0.65

Botswana 0.25 0.40 0.94 0.03 0.97 0.86 0.14

Brazil 0.38 0.44 0.90 0.05 0.95 0.11 0.89

British Indian Ocean < 500km”

Territory

British Virgin Islands <500km”

Brunei Darussalam 0.11 0.22 0.65 0.01 0.99 1.00 0.00

Bulgaria 0.12 0.13 0.93 0.05 0.95 0.04 0.96

Burkina Faso 0.81 0.81 1.00 0.34 0.66 0.08 0.92

Burundi 0.79 0.78 1.00 0.41 0.59 0.19 0.81

Céte d'lvoire 0.53 0.53 0.99 0.24 0.76 0.45 0.55

Cambodia 0.74 0.74 0.99 0.33 0.67 0.01 0.99

Cameroon 0.59 0.59 0.99 0.23 0.77 0.25 0.75

Canada 0.12 0.23 0.55 0.02 0.98 0.05 0.95

Cape Verde 0.97 0.08 0.92 0.93 0.07

Cayman Islands < 500km”

Central African Republic | 0.62 0.62 1.00 0.51 0.49 0.02 0.98

Chad 0.91 0.91 0.99 0.53 0.47 0.05 0.95

Chile 0.17 0.18 0.87 0.04 0.96 0.43 0.57

China 0.27 0.29 0.94 0.09 0.91 0.02 0.98

Colombia 0.34 0.35 0.94 0.07 0.93 0.60 0.40

Comoros 1.00 0.38 0.62 0.59 0.41

Cook Islands < 500km”

Costa Rica 0.30 0.48 0.91 0.06 0.94 0.78 0.22

Croatia 0.06 0.07 0.88 0.05 0.95 0.03 0.97

Cuba No export data for
2010-2013

Curacao < 500km”

Cyprus 0.16 0.37 0.81 0.02 0.98 0.87 0.13

Czech Republic 0.05 0.06 0.82 0.02 0.98 0.05 0.95

Dem. Rep. Korea No GDP or GDP from
agriculture data

Democratic Republic Of 0.61 0.59 1.00 0.22 0.78 0.25 0.75

The Congo

Denmark 0.02 0.04 0.46 0.02 0.98 0.09 0.91

Djibouti 0.42 0.76 0.99 0.04 0.96 1.00 0.00

Dominica 0.94 0.15 0.85 0.82 0.18
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Dominican Republic 0.37 0.47 0.95 0.06 0.94 0.67 0.33

Ecuador 0.30 0.29 0.95 0.09 0.91 0.27 0.73

Egypt 0.38 0.46 0.97 0.12 0.88 0.44 0.56

El Salvador 0.48 0.58 0.97 0.12 0.88 0.44 0.56

Equatorial Guinea No GDP data and no
production or export
data for 2010-2013

Eritrea 0.78 0.80 1.00 0.22 0.78 0.32 0.68

Estonia 0.16 0.20 0.84 0.04 0.96 0.14 0.86

Ethiopia 0.58 0.57 1.00 0.44 0.56 0.11 0.89

Faeroe Islands < 500km*

Falkland Islands < 500km*

Federated States Of 0.97 0.28 0.72

Micronesia

Fiji 0.96 0.11 0.89 0.96 0.04

Finland 0.01 0.01 0.56 0.03 0.97 0.02 0.98

France 0.02 0.03 0.62 0.02 0.98 0.04 0.96

French Polynesia 0.04 0.96

French Southern And < 500km”

Antarctic Lands

Gabon 0.37 0.32 0.91 0.04 0.96 0.78 0.22

Georgia 0.30 0.25 0.97 0.09 0.91 0.76 0.24

Germany 0.04 0.08 0.59 0.01 0.99 0.22 0.78

Ghana 0.55 0.57 0.99 0.25 0.75 0.22 0.78

Greece 0.12 0.17 0.79 0.04 0.96 0.26 0.74

Greenland No socio-economic
data

Grenada < 500km*

Guam < 500km”

Guatemala 0.55 0.63 0.97 0.11 0.89 0.41 0.59

Guernsey < 500km®

Guinea 0.68 0.69 1.00 0.21 0.79 0.10 0.90

Guinea-Bissau 0.81 0.80 1.00 0.46 0.54 0.22 0.78

Guyana 0.38 0.39 0.97 0.19 0.81 0.11 0.89

Haiti No GDP from
agriculture data

Heard I. and Mcdonald < 500km*

Islands

Honduras 0.60 0.69 0.98 0.14 0.86 0.51 0.49

Hong Kong No socio-economic
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data

Hungary 0.12 0.14 0.88 0.04 0.96 0.05 0.95

Iceland No production data for
2010-2013

India 0.59 0.60 0.99 0.18 0.82 0.00 1.00

Indian Ocean Territories < 500km*”

Indonesia 0.30 0.30 0.97 0.14 0.86 0.10 0.90

Iran 0.33 0.38 0.94 0.08 0.92 0.35 0.65

Iraq No GDP data

Ireland 0.07 0.16 0.53 0.01 0.99 0.33 0.67

Isle of Man < 500km*

Israel No GDP data

Italy 0.07 0.13 0.68 0.02 0.98 0.38 0.62

Jamaica 0.28 0.61 0.95 0.07 0.93 0.99 0.01

Japan 0.04 0.06 0.63 0.01 0.99 0.68 0.32

Jersey < 500km”

Jordan 0.18 0.48 0.96 0.04 0.96 0.97 0.03

Kazakhstan 0.37 0.43 0.89 0.05 0.95 0.08 0.92

Kenya 0.61 0.60 0.99 0.30 0.70 0.29 0.71

Kiribati 0.99 0.26 0.74

Kosovo No socio-economic
data

Kuwait 0.61 0.00 1.00 0.97 0.03

Kyrgyzstan 0.33 0.33 0.99 0.18 0.82 0.21 0.79

Lao Pdr 0.58 0.59 0.99 0.29 0.71 0.01 0.99

Latvia 0.11 0.17 0.87 0.04 0.96 0.58 0.42

Lebanon 0.18 0.37 0.92 0.06 0.94 0.88 0.12

Lesotho No export data for
2010-2013

Liberia No GDP data

Libya 0.36 0.66 0.92 0.02 0.98 0.90 0.10

Liechtenstein < 500km*

Lithuania 0.21 0.25 0.87 0.04 0.96 0.13 0.87

Luxembourg 0.00 0.12 0.00 0.00 1.00 0.56 0.44

Macao < 500km”

Macedonia 0.15 0.15 0.96 0.11 0.89 0.21 0.79

Madagascar 0.60 0.60 1.00 0.27 0.73 0.05 0.95

Malawi 0.68 0.68 1.00 0.31 0.69 0.05 0.95

Malaysia 0.20 0.25 0.91 0.10 0.90 0.66 0.34
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Maldives <500km”

Mali 0.84 0.84 1.00 0.39 0.61 0.05 0.95

Malta No import data for
2010-2013

Marshall Islands < 500km?

Mauritania No export data for
2010-2013

Mauritius 0.21 0.33 0.92 0.03 0.97 1.00 0.00

Mexico 0.23 0.26 0.91 0.04 0.96 0.33 0.67

Moldova 0.32 0.32 0.98 0.14 0.86 0.01 0.99

Monaco < 500km*

Mongolia 0.58 0.61 0.97 0.14 0.86 0.10 0.90

Montenegro 0.22 0.30 0.94 0.10 0.90 0.76 0.24

Montserrat < 500km”

Morocco 0.35 0.36 0.97 0.14 0.86 0.42 0.58

Mozambique 0.70 0.71 1.00 0.27 0.73 0.35 0.65

Myanmar 0.68 0.68 0.99 0.54 0.46 0.01 0.99

Namibia 0.51 0.67 0.95 0.08 0.92 0.45 0.55

Nauru < 500km”

Nepal 0.50 0.50 1.00 0.35 0.65 0.05 0.95

Netherlands 0.03 0.12 0.54 0.02 0.98 0.95 0.05

New Caledonia No socio-economic
data

New Zealand 0.05 0.07 0.64 0.07 0.93 0.32 0.68

Nicaragua 0.60 0.62 0.99 0.19 0.81 0.26 0.74

Niger 1.00 1.00 1.00 0.38 0.62 0.07 0.93

Nigeria 0.75 0.79 0.98 0.22 0.78 0.23 0.77

Niue < 500km?

Norfolk Island < 500km®

Northern Cyprus < 500km®

Northern Mariana < 500km?

Islands

Norway 0.02 0.23 0.14 0.02 0.98 0.42 0.58

Oman 0.28 0.80 0.82 0.01 0.99 0.97 0.03

Pakistan 0.55 0.55 0.99 0.25 0.75 0.01 0.99

Palau < 500km*

Palestine 0.25 0.49 0.98 0.06 0.94 0.92 0.08

Panama 0.33 0.44 0.90 0.03 0.97 0.59 0.41

Papua New Guinea 0.57 0.48 0.98 0.38 0.62 0.94 0.06
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Paraguay 0.35 0.36 0.96 0.21 0.79 0.02 0.98

Peru 0.35 0.34 0.95 0.07 0.93 0.45 0.55

Philippines 0.53 0.56 0.98 0.12 0.88 0.14 0.86

Pitcairn Islands < 500km?

Poland 0.13 0.15 0.88 0.03 0.97 0.09 0.91

Portugal 0.10 0.18 0.80 0.02 0.98 0.78 0.22

Puerto Rico No import or export
data for 2010-2013

Qatar 0.20 0.00 1.00 0.99 0.01

Republic Of Congo 0.52 0.45 0.98 0.05 0.95 0.85 0.15

Republic Of Korea 0.07 0.11 0.77 0.02 0.98 0.70 0.30

Romania 0.20 0.22 0.92 0.06 0.94 0.11 0.89

Russian Federation 0.06 0.07 0.88 0.04 0.96 0.02 0.98

Rwanda 0.71 0.71 1.00 0.33 0.67 0.20 0.80

Séo Tomé And Principe 0.99 0.23 0.77 0.87 0.13

Saint Helena < 500km”

Saint Kitts and Nevis < 500km”

Saint Lucia No production data for
2010-2013

Saint Pierre and < 500km?

Miquelon

Saint Vincent and the < 500km”

Grenadines

Saint-Barthélemy < 500km?

Saint-Martin < 500km?

Samoa No GDP data

San Marino < 500km?

Saudi Arabia 0.29 0.68 0.79 0.02 0.98 0.91 0.09

Senegal 0.59 0.67 0.99 0.16 0.84 0.54 0.46

Serbia 0.17 0.18 0.95 0.10 0.90 0.01 0.99

Seychelles < 500km®

Sierra Leone No export data for
2010-2013

Singapore No production data for
2010-2013

Sint Maarten < 500km”

Slovakia 0.08 0.09 0.84 0.04 0.96 0.12 0.88

Slovenia 0.08 0.06 0.79 0.02 0.98 0.59 0.41

Solomon Islands No GDP from
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agriculture data

Somalia No export data for
2010-2013

South Africa 0.29 0.34 0.94 0.02 0.98 0.19 0.81

South Georgia and < 500km®

South Sandwich Islands

South Sudan No GDP from
agriculture data and no
import/export data for
2010-2013

Spain 0.08 0.14 0.73 0.03 0.97 0.37 0.63

Sri Lanka 0.39 0.42 0.97 0.09 0.91 0.21 0.79

Sudan 0.61 0.62 0.99 0.28 0.72 0.30 0.70

Suriname 0.28 0.31 0.92 0.10 0.90 0.14 0.86

Swaziland 0.55 0.60 0.97 0.07 0.93 0.65 0.35

Sweden 0.04 0.07 0.48 0.01 0.99 0.11 0.89

Switzerland 0.02 0.10 0.24 0.01 0.99 0.46 0.54

Syria 0.46 0.48 0.99 0.21 0.79 0.36 0.64

Taiwan No socio-economic
data

Tajikistan 0.55 0.56 0.99 0.26 0.74 0.33 0.67

Tanzania 0.68 0.68 0.99 0.32 0.68 0.13 0.87

Thailand 0.61 0.67 0.95 0.11 0.89 0.06 0.94

The Gambia 0.75 0.78 1.00 0.25 0.75 0.28 0.72

Timor-Leste No export data for
2010-2013

Togo 0.74 0.74 1.00 0.38 0.62 0.14 0.86

Tonga No production or export
data for 2010-2013

Trinidad And Tobago 0.22 0.42 0.83 0.00 1.00 0.98 0.02

Tunisia 0.25 0.32 0.96 0.09 0.91 0.65 0.35

Turkey 0.27 0.30 0.91 0.09 0.91 0.13 0.87

Turkmenistan No export data for
2010-2013

Turks and Caicos < 500km”

Islands

Uganda 0.69 0.70 1.00 0.26 0.74 0.15 0.85

Ukraine 0.24 0.25 0.97 0.10 0.90 0.00 1.00

United Arab Emirates No GDP from

agriculture data
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United Kingdom 0.06 0.12 0.61 0.01 0.99 0.18 0.82

United States 0.01 0.03 0.52 0.01 0.99 0.02 0.98

United States Virgin < 500km”

Islands

Uruguay 0.21 0.25 0.86 0.09 0.91 0.15 0.85

Uzbekistan 0.39 0.40 0.99 0.19 0.81 0.07 0.93

Vanuatu 0.97 0.27 0.73 0.90 0.10

Vatican

Venezuela 0.34 0.43 0.89 0.06 0.94 0.54 0.46

Vietham 0.48 0.49 0.99 0.18 0.82 0.09 0.91

Wallis and Futuna < 500km?

Islands

Western Sahara No socio-economic
data

Yemen 0.68 0.76 0.99 0.12 0.88 0.82 0.18

Zambia 0.65 0.66 0.99 0.10 0.90 0.01 0.99

Zimbabwe 0.58 0.60 0.99 0.13 0.87 0.34 0.66
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Appendix F tTrade-weighted HCVIT (TW-HCVIT) HadGEM3
ensemble spread plots

Maps of the ensemble spread of the TW-HCVIT results are shown for the baseline and
future projections in Figures F 1 +F 11. For each of the future projections the anomaly
from the baseline is also shown. Note that for the SWLs only 5 models have been used
as SWL4 was not available for the GFDL-ESM2M driven simulation and was therefore

excluded from the other SWL results to ensure a fair comparison.

Baseline

Figure F1 *Maps of the baseline trade-weighted HCVIT  (TW-HCVIT) for the individual
ensemble members and the ensemble mean (bottom right panel).
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Projected changes in vulnerability to food insecurity at 1.5, 2 and 4°C

Figure F 2 xMaps of the trade-weighted HCVIT (TW-HCVIT) for SWL1.5 for the individual
ensemble members and the ensemble mean (bottom right panel). The central year for
SWL1.5 for each model is given in the panel title. Note the ensemble mean excludes data
for the GFDL-ESM2M driven ensemble member to ensure fair comparison across
ensemble means for the SWL results given that this model did not reach SWLA4.

Figure F 3 tMaps of the trade-weighted HCVIT (TW-HCVIT) anomaly from baseline for
SWL1.5 for the individual ensemble members and the ensemble mean (difference between
Figure F 2 and Figure F 1; bottom right panel). The central year for SWL1.5 for each model
is given in the panel title. Note the ensemble mean excludes data for the GFDL-ESM2M
driven ensemble member to ensure fair comparison across ensemble means for the SWL
results given that this model did not reach SWLA4.
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Figure F 4 - Maps of the trade-weighted HCVIT (TW-HCVIT) for SWL2 for the individual
ensemble members and the ensemble mean (bottom right panel). The central year for
SWL2 for each model is given in the panel title. Note the ensemble mean excludes data for
the GFDL-ESM2M driven ensemble member to ensure fair comparison across ensemble
means for the SWL results given that this model did not reach SWL4.

Figure F 5 xMaps of the trade-weighted HCVIT (TW-HCVIT) anomaly from baseline for
SWL2 for the individual ensemble members and the ensemble mean (difference between
Figure F 4 and Figure F 1; bottom right panel). The central year for SWL2 for each model is
given in the panel title. Note the ensemble mean excludes data for the GFDL-ESM2M
driven ensemble member to ensure fair comparison across ensemble means for the SWL
results given that this model did not reach SWLA4.
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Figure F 6 tMaps of the trade-weighted HCVIT (TW-HCVIT) for SWL4 for the individual
ensemble members and the ensemble mean (bottom right panel). The central year for
SWL4 for each model is given in the panel title. Note the GFDL-ESM2M driven ensemble
member is excluded as SWL4 was not available for this ensemble member.

Figure F 7 +Maps of the trade-weighted HCVIT (TW-HCVIT) anomaly from baseline for
SWL4 for the individual ensemble members and the ensemble mean (difference between
Figure F 6 and Figure F 1; bottom right panel). The central year for SWL4 for each model is
given in the panel title. Note the GFDL-ESM2M driven ensemble member is excluded as
SWL4 was not available for this ensemble member.
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Projected changes in vulnerability to food insecurity at future time slices

Figure F 8 *Maps of the trade-weighted HCVIT (TW-HCVIT) for the 2050s for the individual
ensemble members and the ensemble mean (bottom right panel).

Figure F 9 *Maps of the trade-weighted HCVIT (TW-HCVIT) anomaly from baseline for the
2050s for the individual ensemble members and the ensemble mean (difference between
Figure F 8 and Figure F 1; bottom right panel).

Project 603864 52



Figure F 10 £Maps of the trade-weighted HCVIT (TW-HCVIT) for the 2080s for the
individual ensemble members and the ensemble mean (bottom right panel).

Figure F 11 +Maps of the trade-weighted HCVIT (TW-HCVIT) anomaly from baseline for the
2080s for the individual ensemble members and the ensemble mean (difference between
Figure F 10 and Figure F 1; bottom right panel).
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