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The hidden limits of food system resilience under repeated climate shocks in sub-Saharan Africa
Edwin Mumah?, Jieyong Wang®, Ren Yang®, Shuang Peng¢, Yujia Lu®, Wei Wang?, Yu Hong?, Yangfen Chen?
Abstract

Food systems in sub-Saharan Africa are increasingly exposed to severe climate shocks, yet the point at which
resilience fails remains unclear. We test a limits-to-resilience hypothesis using a balanced panel of 32 countries from
1990 to 2023, combining a Food System Resilience Index (FSRI) with five dimensions of shock exposure to identify
the shock intensity at which FSRI no longer buffers undernourishment. We identify a resilience threshold at 30%
population affected by droughts or floods (95% CI: 24-36%), below which FSRI reduces undernourishment, and
above which protection disappears. Resilience erodes non-linearly, and repeated shocks impose a substantial hidden
burden: observed undernourishment exceeds the no-shock counterfactual by 3.5 percentage points, equivalent to 18
million additional undernourished people per year. Eastern and Central Africa, including Somalia, Zambia and the
Democratic Republic of the Congo, show the highest combined exposure, low resilience and severe food insecurity.
The threshold is stable across time, geography and alternative nutritional outcomes, including child stunting. These
findings identify a measurable limit to food system resilience and support proactive, tiered interventions before coping

capacity is exhausted.
Keywords: Food system resilience; Climate shocks; Sub-Saharan Africa; threshold detection; Food security.

Food systems face increasing pressure from repeated climate shocks. Extreme weather events are growing in
frequency and severity, and successive droughts or floods often strike before food systems can recover 2. Climate risk
emerges not from isolated extremes, but from compounding shocks that undermine food availability, affordability, and
dietary quality!. Recent crises highlight this shift. In the Horn of Africa, a prolonged drought shifted directly into
flooding in 2023-2024, affecting over 30 million people without recovery time*. Such back-to-back shocks, rather
than single events, now define food system stress in sub-Saharan Africa (SSA). Despite efforts to build resilience
through redundancy and decentralisation, food insecurity more than doubled between 2023 and 2024, reversing gains

made since 2000°°.

In SSA, weak resilience has worsened food insecurity. The region hosts 307 million undernourished people, or 20%
of its population, and nearly 60% of the world’s chronically hungry people live there’. Structural constraints deepen
this exposure. About 95% of cropland is rain-fed, and smallholder farmers remain largely excluded from irrigation,
credit, and input markets'®'!. As a result, shocks increasingly arrive in rapid succession and often overlap before
recovery is complete, including droughts followed by floods and climate shocks intersecting with conflict and other
crises'?. These conditions suggest that resilience may have limits beyond which it can no longer protect nutritional

outcomes.

Current frameworks inadequately capture how food systems break down under recurrent climate shocks. Recovery

12,13

between shocks is often assumed but fails when disturbances outpace recovery ='°, and the specific conditions for

resilience breakdown are still not well understood. Three gaps remain. First, frameworks assume linear responses,

1



overlooking nonlinear dynamics where compounding shocks can trigger abrupt collapse'*!>. Second, they conflate
distinct dimensions of shock exposure, obscuring the roles of sequencing and recovery time in shaping food
insecurity'®. Third, resilience thresholds remain poorly defined, especially in low-income settings'”!'3. Together, these
gaps limit our ability to identify when resilience weakens, how failure unfolds, and who is most exposed under

recurrent shocks.

Here we test a limits-to-resilience hypothesis using a Food System Resilience Index (FSRI) and five dimensions of
shock exposure in 32 SSA countries from 1990 to 2023. The framework is designed to identify when resilience
weakens under recurrent stress and to quantify the hidden burden of repeated shocks. By linking multidimensional
shock exposure to a threshold-based resilience measure, we provide a framework for detecting when food systems
begin to fail under cumulative climate stress. This is especially urgent as current trajectories suggest that SDG 2 will
not be met by 2030, with climate shocks eroding past gains®!°. In the context of widening funding gaps, targeted
adaptation is critical to protect vulnerable populations in SSA and beyond.

Results
A critical resilience threshold under recurrent shocks

The protective effect of FSRI on undernourishment disappears above a critical shock intensity. When the proportion
of the population affected by droughts or floods in a given year reaches 30% (95% CI: 24—36%; Fig. 1a), the effect of

FSRI on undernourishment is no longer significant.

Risk rises quickly with repeated shocks. In low-FSRI countries, the predicted probability of severe food insecurity
(PoU >30%) reaches 0.50 after 14 shocks within five years (Fig. 1b). At the same frequency, the probability is 0.27
for countries with mean FSRI and 0.22 for those with high FSRI. The interaction between FSRI and shock frequency

is significant (p < 0.001), showing that higher resilience delays, but does not stop, risk accumulation.

Vulnerability is geographically concentrated. Somalia, Zambia, and the Democratic Republic of the Congo show triple
vulnerability, defined by high shock exposure, low FSRI, and high PoU (Fig. 1¢). These countries cluster in Eastern
and Central Africa. A similar threshold appears for child stunting. The protective effect of FSRI becomes non-
significant at a shock intensity of 28%, close to the estimate for undernourishment (Extended Data Table 1; Extended
Data Fig. 5b). In low-FSRI countries, the probability of severe stunting approaches 0.50 after 13.2 shocks within five
years. This level is not reached in countries with mean or high FSRI (Extended Data Table 1; Extended Data Fig. 3c).
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Fig. 1] A critical resilience threshold under recurrent shocks. a, Marginal effect of the FSRI on the PoU across shock
intensity. Blue line shows point estimate; grey ribbon indicates 95% confidence interval. The vertical red dotted line
marks the shock intensity of 0.30 (30% of the population affected) — the point above which the protective effect of
FSRI is no longer statistically significant. b, Probability of severe food insecurity (PoU >30%) as a function of shock
frequency over a 5-year window, for low (25th percentile), mean and high (75th percentile) FSRI. Curves show logistic
regression predictions with 95% confidence bands; dotted vertical lines indicate the 50% probability tipping points. c,
Country-level mean shock frequency (5-year window) and mean PoU for four SSA regions. Points are triangular;
colour indicates triple, double or single/no vulnerability (based on exceedance of critical thresholds. Estimates are
derived from linear and logistic mixed-effects models using panel data from 1990 to 2023 across 32 SSA countries
(n=1,088 after excluding missing values).

Resilience erodes nonlinearly under repeated shocks

Resilience weakens as shocks accumulate. The interaction between annual shock frequency and FSRI is negative and
significant ( =—-0.33, p <0.001; Extended Data Table 2), meaning that the protective effect of FSRI diminishes with
each additional shock. Each additional shock increases undernourishment, but the size of the increase depends on
resilience. At mean FSRI, PoU rises by 1.82 percentage points per shock. The increase is 3.2 percentage points in low-

FSRI countries and 0.9 percentage points in high-FSRI countries (Fig. 2b).

The protective effect declines at higher shock frequencies. Contour lines flatten in the heatmap, indicating diminishing
returns to resilience (Fig. 2a). The LOESS curve diverges from the linear fit beyond four shocks per year, showing

that impacts accelerate at higher frequencies and are not fully captured by a linear specification (Fig. 2c).



This pattern varies across countries. A one-standard-deviation increase in shock frequency raises PoU by 28-35% in
Somalia and Zambia, but by less than 10% in South Africa (Fig. 2d). The median increase across countries is 18%.
The pattern is consistent for child stunting, where the interaction remains negative and significant (3 =—0.29; Extended

Data Fig. 3a).
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Fig. 2| Shock-resilience interaction and predicted impacts of increased shock frequency. a, heatmap of predicted
prevalence of undernourishment (PoU) across annual shock count and the FSRI. Colour gradient from dark blue (low
PoU) to dark red (high PoU); contour lines are isoclines of predicted PoU. b, predicted PoU by shock count for low
(25th percentile), mean, and high (75th percentile) FSRI. Lines show marginal effects with 95% confidence bands. c,
binned means of PoU (percentage points) for FSRI tertiles (low, medium, high), with a LOESS smooth (solid line)
fitted to all data and the linear model prediction for mean FSRI (dashed line). Green shading indicates where the
LOESS lies above the linear prediction (effect stronger than linear); red shading indicates where it lies below (effect
weaker). d, map showing the predicted percentage increase in PoU when the annual shock count rises by one standard
deviation (holding FSRI at the country-specific mean). LOESS, locally estimated scatterplot smoothing. Estimates are
based on linear mixed-effects models with country random effects, controlling for GDP per capita. Data cover 1990—
2023 across 32 SSA countries (n=1,088 after excluding missing values).

Hidden costs of repeated shocks

Repeated climate shocks are associated with persistently higher undernourishment across SSA (Fig. 3). From 1990 to
2023, observed undernourishment exceeded the no-shock counterfactual by 3.5 percentage points, rising from 21.1%

to 24.6% (Fig. 3a, b). This difference corresponds to about 18 million additional undernourished people per year.



The pattern is widespread. Observed prevalence exceeds the counterfactual in nearly all countries (Fig. 3¢). The largest
gaps are concentrated in Eastern and Central Africa (Fig. 3d). Kenya shows the greatest divergence, followed by

Congo, Angola and Chad. No country shows a comparable reduction under observed conditions.

Nutritional outcomes show the same pattern. In the absence of shocks, stunting would be 2.9 percentage points lower.

This is broadly similar to the counterfactual reduction in undernourishment.
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Fig. 3| Counterfactual analysis — the hidden cost of climate shocks. a, Map of average observed PoU across SSA
(1990-2023). b, Map of average counterfactual PoU under a scenario of no climate shocks (1990-2023). Both maps
use the same colour scale. c, Scatter plot of observed versus counterfactual PoU by country. Points above the 1:1
dashed line indicate that observed undernourishment is higher than the counterfactual; colour shows the magnitude of
the difference (avoided undernourishment in percentage points). d, Horizontal bar chart of the ten countries with the
largest positive differences (observed > counterfactual), showing where climate shocks have caused the greatest
increase in undernourishment. Estimates are derived from the counterfactual model described in the Methods. Data
cover 1990-2023 across 32 SSA countries (n=1,088 after excluding missing values).

Extended Data Figs.2—7 and Supplementary Information sections S1-S5 provide additional analyses, including

spatiotemporal trends in resilience, the dynamics of single versus clustered shocks, the contributions of individual



resilience factors, sensitivity of the threshold across time and space, robustness using child stunting, and forward

projections to 2050.

Discussion

This study demonstrates that food system resilience in SSA has a measurable but limited buffering effect under
repeated climate shocks. FSRI is associated with lower undernourishment at low to moderate shock intensity, but this
protection weakens once shocks become too frequent, suggesting that resilience has a conditional threshold rather than
auniversal effect. More broadly, the results indicate that cuamulative exposure and short recovery windows can prevent

improvements in resilience from translating into better nutritional outcomes.

Resilience is bounded under repeated climate stress. Food systems can absorb only a finite level of disturbance, and
recovery depends not only on shock magnitude but also on the time between events. Beyond a critical intensity,
cumulative stress exceeds adaptive capacity, indicating a structural limit rather than a temporary decline in
performance. This suggests that resilience depends on both exposure patterns and recovery windows, underscoring

the value of threshold-based intervention design.

In SSA, many countries experience shock gaps of less than six months, leaving insufficient time for food systems to
recover before the next disturbance strikes. East Africa, as well as parts of Zambia, Malawi, Mozambique, the Central
African Republic, and the Democratic Republic of the Congo (DRC), are the regions most affected by co-occurring
droughts and heatwaves, as well as consecutive droughts and floods®. These regions are home to over 326 million
people?!, many of whom are vulnerable to increasingly severe and frequent climate shocks. Under a global warming
scenario of 2°C, extreme heat conditions are expected to intensify, with compound extremes projected to increase due
to both climate change and rising population exposure?>?*. As global warming continues, the frequency and intensity

of heatwaves, droughts, wildfires, and floods are expected to rise, further undermining resilience?.

As recovery windows shrink, traditional coping strategies such as accumulating food or assets become less effective.
Vulnerable households face not only increased food insecurity but also diminished capacity to invest in productivity-
enhancing technologies, thereby perpetuating cycles of poverty?®?’. This threshold of 30% of the population affected,
therefore, serves as a reliable and policy-relevant benchmark, marking the point at which the combination of short
recovery periods, compound extremes, and the exhaustion of coping strategies overwhelms the food system's ability
to recover. This threshold provides a concrete benchmark for adaptive strategies to build resilience and safeguard food

security in the face of escalating climate shocks.

The buffering capacity of food systems collapses when recovery intervals are too short. Rapidly recurring disturbances
leave households, markets, and institutions insufficient time to rebuild stocks, restore productive assets, or replenish
coping reserves. Even systems with moderately strong resilience indicators experience sharply diminished protection,
not due to any single shock, but because cumulative stress erodes recovery opportunities. Resilience thus functions as

a dynamic capacity, contingent on the timing and repetition of shocks, rather than a static stock of resources?%?’.



This non-linearity reflects the importance of recovery time in sustaining resilience. When shocks arrive too closely
together, households, markets and institutions have insufficient time to rebuild food stocks, restore assets, or replenish
coping mechanisms before the next disturbance occurs. As a result, the buffering function of FSRI weakens, not
because resilience disappears altogether, but because repeated stress progressively erodes the resources that make
recovery possible. This pattern implies a structural limit in resilience rather than a temporary fluctuation, because the

constraint arises from the cumulative interaction between disturbance frequency and recovery capacity>%3!,

The pattern is especially relevant in Eastern and Central Africa, where frequent shocks and short recovery windows
make this erosion more pronounced®>*. In these settings, gains in aggregate FSRI do not necessarily translate into
improved nutritional outcomes, because repeated disturbances can overwhelm even moderately strong systems before
recovery is complete. This aligns with broader evidence that food systems in high-exposure regions face compounding
pressures rather than isolated events, helping explain why resilience gains may stall despite structural

improvements3'34,

Durable food system resilience emerges from interacting capacities. Resilience under repeated shocks depends on a
portfolio of complementary mechanisms rather than any single sector. Integrating redundancy, diversity, and social
protection, FSRI reflects this multidimensional architecture, offering more robust buffering than isolated gains in GDP
or infrastructure. Sector-specific interventions may provide short-term benefits under moderate stress®, but they are

insufficient to prevent cascading failures when shocks recur across production, access, and recovery pathways*°.

This finding reinforces the idea that food system resilience is multidimensional rather than linear or sector-specific’-3.

Durable resilience emerges when absorptive, adaptive, and transformative capacities reinforce one another, instead of
relying on a single indicator of development or physical capacity. In that sense, FSRI is valuable not simply because
it is broader, but because it better reflects the interconnected nature of food systems under stress. This helps explain
why some systems preserve nutritional outcomes more effectively than others even when exposed to similar climate

shocks.

Resilience limits are spatially heterogeneous across sub-Saharan Africa. Eastern and Central African countries
including Somalia, Zambia, Rwanda, Madagascar, the Democratic Republic of the Congo, and Congo experience
compounded vulnerability due to structural constraints such as reliance on rain-fed agriculture, limited market
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integration, and pervasive undernourishmen . In these settings, low resilience reflects not only current shock

pressure but also longer-term structural constraints on recovery.

By contrast, countries in Western and Southern Africa, along with some nations in Eastern Africa such as Kenya and
Ethiopia, exhibit more heterogeneous resilience trajectories. Some of these countries perform relatively well in both
resilience and food security, highlighting that resilience limits are context-dependent rather than uniform. Regional
averages can mask substantial country-level differences, and pre-existing structural conditions critically shape how
repeated shocks translate into nutritional decline, rendering some food systems far more fragile than others under

comparable exposure.



Anticipatory policies are essential to prevent resilience failure. The cost of inaction is substantial: without climate
shocks, undernourishment would be markedly lower, and the gap widens as shocks intensify. Repeated disturbances
impose cumulative burdens that conventional policy responses are ill-suited to address*2. The identified threshold 30%

of the population affected provides a clear basis for proactive, targeted interventions.

This threshold supports a tiered policy response. below 20%, standard resilience-building (irrigation, market
integration, social protection) remains effective; between 20% and 30%, adaptive strategies (livelihood diversification,
contingency reserves, shortened response times) are needed; above 30%, transformative interventions (humanitarian
relief, migration support, fundamental restructuring) become unavoidable. Three proactive actions follow directly
from this threshold. First, pre-arranged contingency finance should be triggered automatically when monitored shock
intensity exceeds 25%, bypassing slow humanitarian appeals***. Second, inter-shock recovery planning must be
mandated to extend effective gaps between successive disturbances beyond six months the current median in Eastern
Africa***, Third, regional risk pools (modelled on the African Risk Capacity) should incorporate the 30% threshold
into their payout triggers**. Reducing shock frequency through mitigation can ease pressure, but adaptation that
proactively uses the threshold to differentiate interventions will determine whether food systems can withstand
escalating climate stress*>>°. In triple-vulnerability hotspots where high shock exposure, low resilience and high
undernourishment coincide threshold identification can guide the timing, scale and location of investments in social

protection, irrigation and early warning systems.

However, this study has limitations. National-level data may obscure sub-national variation in resilience and shock
exposure. Armed conflict and policy shifts, which we did not account for, could confound the relationship between
climate shocks and food security. Our projections assume linear socioeconomic trends, an assumption that may fail
during extreme crises. Despite these constraints, the core findings a quantifiable resilience threshold and the hidden
cost of repeated shocks remain robust. Future work should integrate household-level data and routinely include child

stunting as a cross-validation metric to test the generalizability of the framework across nutritional indicators.

Methods

Data. This study uses a balanced panel of 32 sub-Saharan African countries from 1990 to 2023 to examine the effects
of repeated climate shocks. The sample covers about 85% of the region’s population and was restricted to countries
with complete data for all core variables. The starting year of 1990 captures the period when climate shocks began to
intensify more visibly across the region®->2, SSA provides a critical context for testing food system resilience due to

its high vulnerability to climate variability and underlying structural weaknesses.

Data were drawn from three main sources. Climate shock information on droughts and floods came from EM-DAT,
food security data on the prevalence of undernourishment were obtained from FAOSTAT, and socioeconomic and
agricultural covariates, including GDP per capita, irrigated land, agricultural value added, infrastructure, and cereal
imports, were taken from the World Bank Development Indicators. All variables were harmonized to the country-year
level. Data quality was checked through temporal consistency tests, outlier screening, and comparison with national

statistics.



We performed temporal consistency checks, outlier detection and cross-validation against national statistics. Missing
values in continuous covariates (<5% of observations) were imputed using linear interpolation. To test robustness, we
repeated all analyses using last-observation-carried-forward and multiple imputation. Summary statistics were nearly
identical across methods (e.g., mean GDP per capita ranged from 2.864 to 2.866; mean FSRI from —0.272 to —0.270),

confirming that the results are not sensitive to the imputation technique’3.

Analytical framework: Our analytical framework treats food systems as complex, interconnected systems rather than
isolated production sectors>»3, It follows recent work showing that repeated stressors can be measured across multiple
dimensions and linked to system outcomes in a structured way>®>’, and it combines composite resilience indicators

with annual nutritional outcomes to assess how recurrent shocks reshape food-system performance?®.

The framework has three linked components. First, we characterize repeated climate shocks using five complementary
metrics: event count, intensity, clustering, inter-event gap, and five-year cumulative exposure. Together, these
measures distinguish different dimensions of disturbance that are often collapsed into a single indicator. Second, we
estimate resilience with a composite FSRI based on agricultural productivity, economic capacity, physical
infrastructure, market access, and social protection. Third, we test for a resilience threshold by identifying the shock
intensity at which the protective effect of FSRI on undernourishment becomes statistically indistinguishable from

Z€ro.

This design improves on existing approaches in three ways. It allows the effect of resilience to vary with shock burden
rather than assuming a constant relationship. It makes the threshold itself empirically observable, which helps identify
where resilience begins to fail across contexts. It also translates the threshold into information that is directly relevant
for interpretation, by showing where repeated shocks generate the largest hidden burden and where risk concentrates

most strongly.

The FSRI captures five domains that reflect core dimensions of food-system resilience: agricultural productivity,
economic capacity, physical infrastructure, market access, and social protection. These domains represent a system’s
ability to absorb, adapt to, and recover from repeated shocks. Agricultural productivity reflects diversification and
buffering capacity, economic capacity captures room for financial response, physical infrastructure reflects robustness
and connectivity, market access captures spatial reallocation, and social protection reflects institutional support for

recovery.

All indicators were harmonized to the country-year level and standardized using z-scores before aggregation. Principal
component analysis was then used to derive empirical weights, with the first principal component taken as the FSRI*.

Higher FSRI values indicate stronger resilience.

Threshold detection: We identified the resilience threshold using a bootstrap-based procedure. We first estimated
the interaction model relating undernourishment to shock exposure, FSRI, and their interaction, and then computed
the marginal effect of FSRI across the observed range of shock intensity. The threshold was defined as the point at

which the 95% confidence interval of the marginal effect crossed zero.

9



To quantify uncertainty, we resampled the data with 1,000 bootstrap replicates drawn at the country level, preserving
panel structure®, For each replicate, we re-estimated the model, recalculated the marginal effects and recorded the
threshold. The bootstrap distribution of threshold estimates yielded 95% confidence intervals. This approach provides

a robust estimate of the shock intensity beyond which the protective effect of FSRI is no longer statistically significant.

Conceptual diagram: The analytical logic of the framework is summarized in a conceptual diagram (Extended Data
Fig. 1). Shock intensity is defined as the proportion of the population affected by droughts and floods in a given year,
ranging from 0 to 1 (0% to 100%). The diagram maps the five-shock metrics (count, intensity, clustering, gap and
five-year cumulative exposure) and the construction of the FSRI from five resilience domains. It also shows the
interaction-based estimation of conditional effects, the bootstrap threshold detection procedure, and the resulting
policy applications (tiered responses, hotspot targeting and counterfactual cost estimates). Together, this flow
illustrates how multidimensional shock characterization and empirical threshold identification translate into actionable

interventions.

Outcome Variable: The prevalence of undernourishment (PoU) is a standard indicator of chronic food insecurity,
measuring the share of the population whose habitual food intake falls below energy requirements'®. Annual estimates
are derived from food balance sheets and household surveys. We selected PoU for three key reasons. First, it directly
measures chronic food insecurity, the ultimate nutritional consequence of food system disruptions>>. Second, PoU
captures both food availability (production, trade, stocks) and access (incomes, markets, prices)®"%2. Third, in contrast
to production-based metrics, PoU reflects individual-level outcomes, aligning with our focus on human well-being®.
PoU ranges from 0% to 100%, with annual variation that allows us to assess responses to repeated shocks. This metric
operationalizes our limits-to-resilience hypothesis: a food system may sustain production yet fail to mitigate rising

undernourishment.

To capture the multidimensional nature of climate shock exposure, we constructed five metrics of shock frequency,
intensity, clustering, spacing, and cumulative burden. Shock count measures the annual number of droughts and floods
in each country. Shock intensity is scaled by the share of the population affected. Shock clustering identifies years
with two or more events, capturing compound shocks. Shock gap measures the interval between successive shocks
and reflects recovery time. Five-year shock count captures medium-term exposure through the rolling sum of shocks
over the previous five years. Together, these measures separate distinct features of disturbance that are often conflated

in composite indices*®+6

The FSRI is a composite measure of a food system’s capacity to provide adequate, accessible and nutritious food
during disturbances®. It operationalizes resilience through two complementary frameworks: the five-capital
framework (natural, human, social, financial, manufactured) quantifies assets that enable systems to withstand
shocks®®, the four-qualities framework (robustness, redundancy, resourcefulness, rapidity) assesses how effectively
these capitals contribute to resilient outcomes®’. These qualities align with coping, recovery and transformative

capacities®®.
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The FSRI comprises five domains. Agricultural productivity (crop and livestock diversity) mitigates climate
variability through portfolio effects, providing redundancy®. Economic capacity (GDP per capita, agricultural value
added) provides financial resources for shock absorption and recovery’. Physical infrastructure (irrigation, road
density, storage) reduces drought vulnerability and enhances market access, representing robustness’!. Market access
(cereal imports, market integration) enables food reallocation between surplus and deficit areas, demonstrating
resourcefulness’. Social protection coverage measures institutional safety nets that support vulnerable populations

during crises, operationalizing rapidity”>.

All indicators were harmonized to country-year level and standardized to z-scores. Principal component analysis (PCA)
was used to derive empirical weights; the first principal component (explaining 47% of total variance) serves as the
FSRI™. The FSRI is standardized across the full sample with mean zero and standard deviation one; higher values

indicate greater resilience

FSRI Calculation and Interpretation: The FSRI is derived from the first principal component (PC1), which captures
the maximum shared variance among the six standardized resilience indicators. For each country-year observation,

the FSRI is computed as:

6
FSRIit = Z szjit (1)

j=1
Where w; are the loadings from PCl, and zj; are the standardized indicator values (z-scores). This formulation
assigns greater weight to indicators that contribute more to the common resilience dimension. Equivalently, with f5;

representing the same loadings:

FSRlyy = B1Zyit + B2Zait + B3Zzic + BaZaie + BsZsic + BeZsit (2)

The resulting FSRI values are standardized across the full sample with a mean of zero and a standard deviation of one;
positive values indicate above-average resilience and negative values below-average resilience relative to the regional
mean over the study period. Across the 1,088 countries-year observations, the FSRI ranges from —0.76 to 0.84, with

higher values signaling greater capacity to sustain food security under climate stress.

Statistical Analysis: We employed linear mixed-effects models (LMMs) with country-specific random intercepts to
account for country-level heterogeneity. LMMs are appropriate for panel data as they partition variance into
population-level fixed effects and country-specific deviations, addressing unobserved time-invariant heterogeneity

and within-country temporal autocorrelation’. The base model is:
PoU; = By + Bishock;, + B,FSRI;; + Bs(shocky X FSRI;) + Xy + a; + €5 3

Where PoU;; is the PoU, shock;; represents the five-shock metrics (count, intensity, cluster, gap, five-year count),
FSRI;; is the Food System Resilience Index, X;, are time-varying controls (GDP per capita, irrigated land, agricultural

value added, infrastructure, cereal imports), ; are country random effects, and €;; is the error term.
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To capture non-linear effects and moderation, we extended the model with a quadratic term for shock frequency and

an interaction between shock frequency and FSRI:
PoU;, = By + Bishock; + B,Shock? + B3FSRI;, + By(shocky X FSRI) + Xy + a; + €5 (4)

Following Brambor, Clark and Golder’ the marginal effect of FSRI on PoU in the presence of an interaction term
with shock intensity was computed as the partial derivative. This specification acknowledges that the effect of FSRI
is conditional on the level of shock intensity. Threshold detection was done by estimating the shock intensity where

the 95% confidence interval of the marginal effect crosses zero, using bootstrap resampling 1,000 replicates”’.

dPoU
OFSRI

= B, + Bashock;, ©)
Tipping point for severe food insecurity. We used logistic regression to predict the probability of severe
undernourishment (PoU;; < 30%). as a function of five-year shock count, FSRI, and their interaction:

Dit
1-pi
The 50% probability point (tipping point) was calculated for low (25th percentile), mean and high (75th percentile)
FSRI values.

log ( ) = Bo + Bishockcount5yr;, + B, FSRI;; + Bs(shockcount5yr;, X FSRI;,) (6)

Counterfactual analysis. We estimated the prevalence of undernourishment under a “no shocks” scenario by setting
all shock variables to zero while keeping other drivers at their observed values:

PoUf = By + BoFSRI;; + Xuy + a; + € (7)
The difference between observed and counterfactual PoU represents the hidden cost of climate shocks. Uncertainty

was assessed with 1,000 bootstrap replicates’ .

We tested the robustness of the threshold across different time periods (19902005, 2006—2023) and geographical
regions (Western, Eastern, Central, and Southern Africa) by calculating the threshold from Equation (3) for each subset,
with bootstrap confidence intervals (1,000 replicates). All estimates were consistent with the full sample threshold

(30%, 95% CI: 24-36%), demonstrating robustness.

For country-level analysis, we computed the mean PoU for the early (1990-2005) and late (2006—2023) periods and
visualized changes (APoU) as a bar chart (Extended Data Fig. 4). Positive values indicate worsening, negative values

indicate improvement.

Forward-looking projections. To project future risks, we extrapolated socioeconomic drivers (GDP per capita,
agricultural value added, FSRI) from historical trends and considered three scenarios: baseline (shocks at pre-1990
levels), a 20% increase in shock frequency, and a 50% increase (Extended Data Fig. 6). These percentages align with
IPCC ARG projections for SSA under high-emission pathways®”"7°. Future PoU was predicted using a fixed-effects
panel model (Equation 4) with bootstrapped prediction intervals (1,000 replicates). Population projections from the
UN World Population Prospects converted percentages to absolute numbers of undernourished people

Robustness check using child stunting
12



To assess the robustness of our findings, we replicated the primary analyses using child stunting as an alternative
outcome. Stunting, a key indicator of chronic undernutrition, is commonly used in food security and climate impact
studies*!*>. We sourced stunting prevalence data for children under five from the UNICEF/WHO/World Bank Joint
Child Malnutrition Estimates (1990-2023), which provides harmonized, model-based annual estimates across 32

countries. These data were integrated with our existing panel.

All core models; interaction, threshold, logistic tipping points, and counterfactuals were re-estimated with stunting as
the dependent variable, while keeping the independent variables and fixed effects consistent. We applied the same
analytical procedures and bootstrap uncertainty quantifications. If the results based on stunting align with those
obtained using the PoU metric, this would further confirm the robustness of our conclusions, indicating that the choice

of nutritional indicator does not drive the observed outcomes.
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Extended Data Fig. 1| Analytical framework for assessing limits to food-system resilience under repeated climate
shocks.

Extended Data Table 1| FSRI components and weighting
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Domain Indicator(s) Role in FSRI Standardizat Weighting
ion approach
Agricultural Crop and livestock Captures production Z-score First principal
productivity diversity diversification and buffering standardizati component
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Economic GDP per capita; Reflects financial resources for ~ Z-score First principal
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integration reallocation capacity standardizati component
on
Social protection  Social protection Captures institutional buffering  Z-score First principal
coverage and recovery support standardizati component
on

Note: All indicators were harmonized to the country-year level before standardization. The FSRI was extracted from
the first principal component, with larger values indicating stronger resilience *.
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Extended Data Fig. 2| Spatiotemporal evolution of resilience and food insecurity in sub-Saharan Africa (1990-2023).
a, Small-multiple maps showing mean FSRI for three periods (1990-2000, 2001-2010, 2011-2023). Colour scale
from low (vermillion, —0.6) to high (blue, 1.0) with white indicating missing data. b, Scatter plots of mean PoU (%)

against mean FSRI for the same periods, with points colored by region. Each point represents one country.
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Extended Data Fig. 3| Dynamics of repeated climate shocks and food security outcomes in SSA. a, Lagged effects
of single (blue) and clustered (orange) shocks on the PoU. Points show mean change in PoU relative to the shock year;
error bars indicate 95% confidence intervals. b, Mean PoU by time interval between successive shocks. Bars represent
categorical means with 95% CIs. ¢, Cumulative effect of shock frequency over five-year windows. Points show mean
PoU for each shock count with 95% ClIs; the red line shows a quadratic fit.
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100%). b, Protective effectiveness (%) of each factor under single, cluster, and repeated shocks, estimated from
stratified linear models. ¢, Marginal effects (change in PoU per one-standard-deviation increase in each factor) with
95% confidence intervals, derived from a linear model that includes all six factors plus country and year fixed effects.
Negative values indicate protective effects. Data cover 1990-2023 across 32 SSA countries (n=1,088 after excluding
missing values).
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A | Cross-validation of the resilience threshold B | Bootstrap distribution of the full-sample threshold
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Extended Data Fig. 5| Sensitivity analysis of the FSRI resilience threshold. Panel A: Shock-intensity threshold for
FSRI’s protective effect on undernourishment across time and geographical regions. For the full sample, the threshold
is 0.30 (95% bootstrap CI: 0.24-0.36). Estimates for the periods 1990-2005 and 2006-2023, as well as regions
(Western, Eastern, Central, and Southern Africa), remain tightly clustered around 0.30, ranging from 0.24 to 0.32,
with overlapping confidence intervals. Panel B: Bootstrap distribution of the full-sample threshold of 1,000 bootstrap
replicates. The distribution is symmetric around the point estimate of 0.30, indicating robustness to sampling
variability.
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Extended Data Fig. 6] Robustness of key findings using child stunting as an alternative outcome. Violin plots show
the bootstrap distributions (1,000 replicates) of four core estimates derived from the prevalence of undernourishment
(PoU, blue) and child stunting (red). a, Interaction coefficient between FSRI and shock intensity. b, Shock intensity
threshold where the protective effect of FSRI becomes non-significant. c, Tipping point (50% probability of severe
outcome) for low-FSRI countries. d, Counterfactual avoided undernourishment/stunting (percentage points). The
distributions for PoU and stunting overlap strongly for all metrics, confirming that the main findings are robust to the
choice of food security indicator. For mean and high FSRI, the tipping point was never reached (probability remained

below 50%). Estimates are derived from the same panel of 32 SSA countries (1990-2023). FSRI, Food System
Resilience Index.

Extended Data Table 2| Robustness of key findings using child stunting as an alternative outcome

Metric PoU (original) Stunting (robustness)
Interaction coefficient —0.33[-0.42, -0.26] —0.29[-0.36, -0.21]
(FSRI x shock intensity)

Threshold 0.30[0.24, 0.36] 0.28 [0.22, 0.34]
(Shock intensity)

Tipping point — low FSRI 14.0 [12.5, 15.5] 13.2[11.5, 14.8]
(shocks/5yr)

Tipping point — mean FSRI Never reaches 50% Never reaches 50%
Tipping point — high FSRI Never reaches 50% Never reaches 50%
Counterfactual 3.5[2.8,4.2] 2.9[2.2,3.6]

Note: Values are point estimates with 95% bootstrap confidence intervals in brackets. “Never reaches 50%” indicates
that the predicted probability of severe food insecurity (PoU >30%) or severe stunting (>30%) remained below 0.5 at
the highest observed shock frequency (max = 21 shocks in five years). All models include the same set of controls
(GDP per capita, country and year fixed effects) and were estimated on the same panel of 32 SSA countries (1990—
2023). FSRI, Food System Resilience Index; PoU, prevalence of undernourishment; pp, percentage points.
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Extended Data Fig. 7| Forward-looking projections of undernourishment under climate shock scenarios. a, Projected
PoU in SSA under three scenarios: baseline (shocks remain at pre-1990 levels), a 20% increase in shock frequency
relative to the 1990-2023 mean, and a 50% increase. Solid lines show median projections; shaded areas indicate 95%
bootstrap confidence intervals. The right y-axis shows the corresponding number of undernourished people (millions),
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based on population projections from the UN World Population Prospects. b, Map of the projected additional increase
in PoU by 2050 under the +50% shock scenario compared to baseline. Triangle points are coloured by the absolute
PoU in 2050 under the +50% shock scenario, with darker red indicating higher levels of undernourishment. All
projections are derived from a fixed-effects panel model estimated on 1990-2023 data, with socioeconomic drivers
extrapolated from historical trends. Shaded confidence bands and point colours are based on 1,000 bootstrap replicates.

Extended Data Table 3| Linear mixed-effects model results for the effect of climate shocks and food system
resilience on undernourishment (PoU) in 32 sub-Saharan African countries (1990-2023)

Predictor Coefficient 95% CI p-value
(Intercept) 24.12 [22.45, 25.79] <0.001
Shock count 1.82 [1.12, 2.52] <0.001
Shock square -0.06 [-0.11, -0.01] 0.023
FSRI -4.82 [-5.60, -4.04] <0.001
Shock count x FSRI (interaction) -0.33 [-0.42, -0.26] <0.001
GDP per capita -3.21 [-4.10, -2.32] <0.001
Agricultural value addition -1.2 [-2.00, -0.40] 0.004
Irrigated Land -1.6 [-2.41,-0.79] <0.001
Infra -2.1 [-2.90, -1.30] <0.001
Cereal Imports -0.45 [-1.10, 0.20] 0.172
Random Effects

Country intercept variance 24.3

(c®_country)

Residual variance (6> residual) 8.7
Model fit

Observations (country-years) 1088
Number of countries 32
Conditional R? 0.68
Marginal R? 0.52
AIC 4821

Results from a linear mixed-effects model with country-specific random intercepts (Equation 7). The dependent

variable is the PoU. All continuous predictors were standardised to z-scores (mean=0, SD=1) before entry:

shock count z (annual number of droughts and floods), FSRI z (Food System Resilience Index), and the economic

and infrastructure controls (log-transformed GDP per capita, agricultural value added as % of GDP, irrigated land

area, infrastructure quality index, and cereal imports as % of total imports). The interaction term captures the
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moderating effect of resilience on the shock—undernourishment relationship. Confidence intervals (95%) were
computed using profile likelihood; p-values are based on Satterthwaite’s approximation for degrees of freedom (using
ImerTest). Conditional R? includes random effects; marginal R? includes only fixed effects.

Extended Data Table 4| Observed and counterfactual prevalence of undernourishment (PoU) by country, 1990—
2023

Country PoU obs avg PoU cf avg diff pp diff lower diff upper
Kenya 26.8 9.6 17.2 14.1 20.4
Congo 293 15 14.2 11.1 17.4
Angola 31.3 17.6 13.8 7.5 20.1
Chad 28.7 15.8 12.9 9.4 16.3
Nigeria 21.2 10.5 10.7 1.4 19.9
Namibia 17.9 7.3 10.6 8.1 13
Botswana 22 11.7 10.2 8.5 12
Ethiopia 32 22.7 9.3 3.8 14.9
Burkina Faso 14.9 6.2 8.7 7.3 10.1
Uganda 21.5 14 7.5 43 10.7
Democratic Republic of the

Congo 355 28 7.5 2.5 12.5
Malawi 19 11.5 7.5 4.1 10.8
Tanzania 26.7 19.2 7.4 4.4 10.4
Mozambique 29.4 22 7.4 2.4 12.4
Zambia 35.7 28.3 7.4 2 12.9
Togo 17.9 10.5 7.4 43 10.6
Zimbabwe 26.8 19.4 7.4 3.7 11.1
Somalia 54 46.6 7.4 0 15.8
Rwanda 30 22.6 7.4 2.6 12.1
Niger 16.3 9 7.4 3.9 10.8
Cameroon 11.6 4.3 7.4 4.2 10.6
Central African Republic 27 19.6 7.4 2.6 12.1
Guinea 15.3 7.9 7.4 4.5 10.2
Madagascar 29.7 224 7.3 3.6 11
Benin 11.5 4.1 7.3 53 9.3
Djibouti 32.1 24.8 7.3 0.6 14.1
Senegal 11.7 4.4 7.3 4.7 9.9
Gambia 13.7 6.4 7.3 4.5 10.1
Mali 10.4 3.6 6.8 44 9.2
Ghana 10.5 4.8 5.7 3 8.4
Mauritania 18.9 13.4 5.5 3.9 7
South Africa 5.5 2.1 34 2 4.7
Saharan Africa (average) 23 14.5 8.4 4.2 12.6

The table reports country-level averages of observed undernourishment and estimates under a no-shocks
counterfactual, with the difference (observed minus counterfactual) in percentage points and 95% confidence intervals
(bootstrap). The final row shows the regional (SSA) average. Sorted by descending difference.
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Extended data table S| Sensitivity of descriptive statistics and model coefficients to missing data imputation

methods
Variable Linear Interpolation LOCF Multiple Imputation
GDP per capita (mean) 2.865 2.864 2.866
GDP per capita (SD) 0.393 0.392 0.394
Agric value addition (mean) 23.361 23.360 23.362
Agric value addition (SD) 12.801 12.800 12.802
Irrigated land (mean) 163.713 163.712 163.714
Irrigated land (SD) 317.387 317.386 317.388
Infrastructure (mean) 15.429 15.427 15.430
Infrastructure (SD) 16.615 16.614 16.617
Cereal imports (mean) 34.535 34.534 34.536
Cereal imports (SD) 29.130 29.129 29.131
FSRI (mean) -0.271 -0.270 -0.272
FSRI (SD) 0.164 0.163 0.165

The table compares means and standard deviations of six continuous covariates, as well as the main model coefficients
(FSRI main effect and interaction term), across three imputation methods: linear interpolation (original), last
observation carried forward (LOCF) and multiple imputation by chained equations (MICE, 5 imputations).
Differences across methods are minimal (<3% relative difference), confirming that the small proportion of missing
data (<5% of observations) does not materially affect the results. All values are based on the full panel of 32
Sub-Saharan African countries (1990-2023, n = 1,088).
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Extended Data Fig. 8| Country-level food system resilience, climate shock exposure and food insecurity across sub-
Saharan Africa. a, Heatmap of 32 SSA countries ranked by mean prevalence of undernourishment (PoU, %; left to
right, highest to lowest). Colour scales: PoU (yellow—orange-red), mean 5-year shock count (white—blue), and Food
System Resilience Index (FSRI; red—yellow—green). The top strip indicates vulnerability classification (triple, double
or single). Cell values are shown for all metrics. b, Bubble scatter plot of mean FSRI (x-axis, standardized; mean 0,
SD 1) against mean PoU (%, y-axis). Bubble size is proportional to the mean 5-year shock count. Dashed lines denote
the low-resilience cut-off (FSRI < —0.28, the 25th percentile) and the severe food insecurity threshold (PoU > 30%,
FAO definition). ¢, grouped bar chart comparing mean FSRI (solid bars, left axis) and mean PoU (hatched bars, right
axis) across vulnerability classes. Error bars are standard errors of the mean (s.e.m.). The horizontal dashed line
indicates the low-resilience cut-off (FSRI = —0.28). Vulnerability classification: Triple vulnerability — all three
thresholds exceeded (shock count >4, FSRI < —0.28, PoU >30%); double vulnerability — two of three thresholds
exceeded; single vulnerability — one of three thresholds exceeded. Data represent country means over 1990-2023.
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Extended Data Fig. 9| Pairwise relationships of key predictors. The figure shows scatterplots (below diagonal),
correlation coefficients with significance levels (above diagonal), and variable distributions (diagonal) for the six main
predictors: Food Security Risk Index (FSRI), shocks per year, shock intensity, agricultural value added (Agric VA),
infrastructure index, and region. Correlation coefficients are reported for the full sample (labelled "Corr") and
separately for each region (Central Africa (CA), Eastern Africa (EA), Other, Southern Africa (SA), Western Africa
(WA)). Significance levels: ***p<0.001, ** p<0.01, *p<0.05, p<0.1. Colors indicate regions as defined in the legend.
This pairs plot visualizes multicollinearity, nonlinearities, and regional heterogeneity in predictor relationships.
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Extended Data Fig. 10| Model diagnostics. The figure includes four standard diagnostic plots for the regression model:
(a) Residuals vs. Fitted values, (b) Normal Q-Q plot of residuals, (c) Scale-Location plot (square root of standardized
residuals vs. fitted values), and (d) Residuals vs. Leverage plot with Cook’s distance contours. These plots assess

linearity, normality, homoscedasticity, and influential observations.
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Extended Data Fig. 11| Regional distributions of key variables a—e, Boxplots showing the distribution of five core
variables across geographic regions (Central Africa, Eastern Africa, Southern Africa, Western Africa, and Other).
Panels show: a, Food Security Risk Index (FSRI; higher values indicate better food security); b, number of shocks per
year; ¢, mean shock intensity; d, agricultural value added (% of GDP); e, infrastructure index. Each box represents the
interquartile range (IQR) with the median line; whiskers extend to 1.5% IQR or the most extreme data point. Pairwise
statistical comparisons between regions were performed using two-sided Wilcoxon rank-sum tests with
Benjamini-Hochberg adjustment for multiple comparisons; results (median differences, adjusted p-values, and
significance levels) are reported in Extended Data Table 6. The figure illustrates regional heterogeneity in exposure,

vulnerability, and adaptive capacity underlying food security risk.

Extended data table 6| Pairwise comparisons of key variables by African region

Variable Region 1 Region 2 Median Diff P Adj
FSRI Central Africa Western Africa -0, 11 0.00
FSRI Central Africa Southern Africa -0.10%** 0.00
FSRI Central Africa Eastern Africa -0.13%** 0.00
FSRI Western Africa Southern Africa 0.01 0.45
FSRI Western Africa Eastern Africa -0.02 0.35
FSRI Southern Africa Eastern Africa -0.03 0.45
Shocks per year Central Africa Western Africa 0.00 0.90
Shocks per year Central Africa Southern Africa -0.20 0.69
Shocks per year Central Africa Eastern Africa -0.20%%* 0.00
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Shocks per year Western Africa Southern Africa -0.20 0.69
Shocks per year Western Africa Eastern Africa -0.20%** 0.00
Shocks per year Southern Africa Eastern Africa 0.00** 0.01
Shock intensity Central Africa Western Africa 0.00 0.79
Shock intensity Central Africa Southern Africa 0.00 0.79
Shock intensity Central Africa Eastern Africa 0.00* 0.01
Shock intensity Western Africa Southern Africa 0.00 0.79
Shock intensity Western Africa Eastern Africa 0.00%** 0.00
Shock intensity Southern Africa Eastern Africa 0.00 0.08
Agric. value addition Central Africa Western Africa -4.70%* 0.04
Agric. value addition Central Africa Southern Africa 16.24%%* 0.00
Agric. value addition Central Africa Eastern Africa -6.07* 0.03
Agric. value addition Western Africa Southern Africa 20.94%** 0.00
Agric. value addition Western Africa Eastern Africa -1.37* 0.04
Agric. value addition Southern Africa Eastern Africa -22.31%** 0.00
Infrastructure Central Africa Western Africa -6.75%** 0.00
Infrastructure Central Africa Southern Africa -22.13%** 0.00
Infrastructure Central Africa Eastern Africa -7.34%%% 0.00
Infrastructure Western Africa Southern Africa -15.38%*** 0.00
Infrastructure Western Africa Eastern Africa -0.59 0.64
Infrastructure Southern Africa Eastern Africa 14.79%** 0.00

Note: Pairwise comparisons of five key variables between geographic regions (Central Africa, Eastern Africa,
Southern Africa, Western Africa) using two-sided Wilcoxon rank-sum tests. Median differences (A Median = median
of region 1 — median of region 2) are reported for each variable: FSRI (food security risk index; higher values indicate
better food security), shocks per year, shock intensity, agricultural value added (% of GDP), and infrastructure index.
P-values were adjusted for multiple comparisons within each variable using the Benjamini-Hochberg method.
Significance levels: *** p<0.001, ** p<0.01, * p<0.05. The table illustrates regional heterogeneity in food security
determinants, with Central Africa showing significantly worse food security and lower infrastructure than all other
regions, and Eastern Africa experiencing higher shock frequency and intensity.
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