
HAL Id: hal-04379269
https://hal.science/hal-04379269

Submitted on 15 Apr 2024

HAL is a multi-disciplinary open access
archive for the deposit and dissemination of sci-
entific research documents, whether they are pub-
lished or not. The documents may come from
teaching and research institutions in France or
abroad, or from public or private research centers.

L’archive ouverte pluridisciplinaire HAL, est
destinée au dépôt et à la diffusion de documents
scientifiques de niveau recherche, publiés ou non,
émanant des établissements d’enseignement et de
recherche français ou étrangers, des laboratoires
publics ou privés.

Livestock exposure to future cumulated climate-related
stressors in West Africa

Audrey Brouillet, Benjamin Sultan

To cite this version:
Audrey Brouillet, Benjamin Sultan. Livestock exposure to future cumulated climate-related stres-
sors in West Africa. Scientific Reports, 2023, 13 (1), pp.2698. �10.1038/s41598-022-22544-y�. �hal-
04379269�

https://hal.science/hal-04379269
https://hal.archives-ouvertes.fr


1

Vol.:(0123456789)

Scientific Reports |         (2023) 13:2698  | https://doi.org/10.1038/s41598-022-22544-y

www.nature.com/scientificreports

Livestock exposure to future 
cumulated climate‑related 
stressors in West Africa
Audrey Brouillet * & Benjamin Sultan 

A large range of climate change impacts is expected during the twenty-first century in vulnerable 
regions such as West Africa, where local populations largely rely on livestock systems as their main 
food production and income source. As climate change threatens livestock systems in various ways, 
here we assess how regional livestock could be exposed to cumulated climate-related stressors in the 
future. Using the world’s largest multi-model climate impacts simulations database ISIMIP, we find 
that a large part of West Africa will experience at least 5–6 cumulated multiple climate stressors before 
the 2030s, including amplified severe heat stress conditions and flood risks. Consequently, about 30% 
of the current total regional livestock could be exposed to these cumulated stressors, with sheep and 
goat as the most affected species. This paper brings new quantifications that may help policy makers 
to prioritize decisions that could prepare local populations to face multiple climate-related impacts.

Mean global temperatures are projected to continue rising according to Earth System Models, as an unequivo-
cal consequence of human-induced increase of greenhouse gases concentration. Previous papers have robustly 
exhibited a large range of multiple resulting impacts on specific global and regional attributes, both at histori-
cal and future time scales1–4. In the future, these impacts will emerge and intensify heterogeneously across the 
world, and affect multiple sectors including water ressources, agriculture, health, and climate extreme events5–7.

In such key sectors as food sustainability, future projections of combined global impact models (GIMs) and 
Earth System Models (ESMs) show that climate change will increase the number of people at risk of hunger by 
8 to 80 million people by 2050 at global scale, with 80% expected in Asia and Africa8–10. Accordingly, livestock 
systems and food production sources will be negatively affected due to rising temperatures10–12, soil degrada-
tion and soil organic matter loss13,14. Increasing temperatures will also increase animal water need that might 
further result in a reduced access to sources of drinking water for animal husbandry15. Models emphasize that 
the livestock ability to support both livelihood and the increasing demand for productivity could be threatened 
with various intensities depending on the region and the warming level16. Nevertheless, only few studies have 
investigated the livestock exposure to multiple climate-related and cross-sectoral risks or stressors resulting from 
global warming17,18, and particularly how they might cumulate in space and co-occur in time within vulnerable 
regions. Yet, multiple risks relying on future climate evolution may threaten regional nutrition and livelihoods 
of millions of people, especially in low-income countries where people directly rely on livestock productivity 
for food security10.

This paper characterizes how major livestock species could be exposed to cumulated climate-related stressors 
during the 21st century in West Africa. In this study, a stressor is defined as an adverse evolution of a climate-
related indicator that may unfavorably affect animals. We investigate how future multiple climate stressors will 
whether cumulate and worsen regional livestock exposure to severe risks under a continuous global warming, or 
if projected changes of such stressors could mute themselves depending on the location. A cumulative approach 
based on the significance of a given projected change is used, and we analyse a set of eight various indicators 
that could affect livestock in the future. These indicators include hydrological extremes, heat induced stress on 
livestock and available vegetal cover for grazing. In order to provide the largest range of combined climate and 
impact responses for each indicator and account for associated uncertainties, the highest number of correspond-
ing GIMs × ESMs simulations is analysed under the highest warming scenario (RCP8.519) from the Inter Sectoral 
Impact Model Intercomparison Project phase 2b (ISIMIP2b)20.
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Results
Future projections of multiple climate‑related indicators.  Under the RCP8.5, patterns of changes of 
April-to-June and July-to-September mean heat stress (illustrated by the Temperature-Humidity Index, THI21,22) 
show seasonal intensifications of +4–6 units between 1979–2005 and 2074–2100 over West Africa (Fig. 1a,b). 
These increasing patterns are quite spatially homogeneous, except over the west coast for both seasons and 
over the north-east for AMJ. These patterns are consistent with previous studies about the heat stress over this 
region22,23. A small increase in severe heat stress days (i.e. days per year with THI ≥ 8922) is shown over the west 
coast, north-east and south-east of West Africa, whereas locations along 10–12◦ N, Ivory Coast and southern 
Nigeria are characterized by a large future intensification of at least 3 months more per year of severe heat 
stress conditions (Fig. 1c). These spatial discrepancies can be explained by the spatial heterogeneity of the future 
changes in relative humidity (RH) over West Africa, as models project that RH will whether dampen or empha-
size heat stress increases depending on the local RH change sign23,24. Severe heat stress spatial differences may 
also result from the threshold effect of this metric, since severe heat stress days are detected above a given THI 
value that might be not enough or too much captured by models. Annual mean Leaf Area Index (LAI) is here 
analysed as a vegetal cover proxy, and shows a dipole of future decrease in the western part and an increase in the 
eastern part of the region, with some local decrease/increase patterns (Fig. 1d). Figure 1e–h all display a signifi-
cant dipole of future wettening of the eastern of West Africa and a drying in the western part, consistently with 
previous studies25–27. This hydrological dipole (wettening vs drying) coincides with future projected LAI changes 
(increase vs decrease), particularly the high surface runoff metric (Fig. 1d,f). Since GIMs assessed for the LAI 
differ from GIMs analysed for surface runoff metrics, but the four ESMs used as climate input for the two impact 
metrics are the same (Table S1), our results suggest that input precipitations for impact modelling are the the 
main driver of LAI and runoff output simulations (Figure S3). It also shows a good mean representation between 
the 10 selected CMIP5 ESMs (Fig. 1e,g) and the four ESMs used in ISIMIP2b (Figure S3). These patterns empha-
size that GIMs × ESMs simulations exhibit a good robustness per indicator in multi-model mean, except for 
specific area/indicator combinations, e.g. the projected drying over the western part of the region (Fig. 1d–h).

Projected decrease and increase both depict an adverse or a positive future scenario depending on the cli-
mate-related indicator. For example, a decrease in annual mean LAI illustrates less food available for livestock 
in the future, whereas a LAI increase depicts more vegetal cover and graze availability8,28,29. In the following 
cumulated stressors analysis, the adverse scenario is investigated, that is the scenario in which future changes in 
climate-related indicators can be considered as stressors due to worsened evolution. This adverse scenario can 
be illustrated by: a future increase in the three heat stress indicators, an annual mean LAI decrease, a consecu-
tive dry days increase, a low runoff decrease, and heavy rainy days and high runoff increases. Same analysis are 
conducted for the corresponding positive scenario and displayed in Supplementary Information.

Cumulated climate stressors and livestock exposure.  Each indicator future change is normalized by 
its corresponding historical standard-deviation (std) calculated over annual values (Figure S4 and S5) to build 
a spatial distribution of cumulated multiple stressors (see detailed Methods). An ”hotspot” pattern is found in 
north-eastern part of the region, with at least 5 over 8 cumulated climate stressors projected to significantly 
intensify (Fig. 2a). This area mainly covers Mali, Niger, Chad and Western Sudan. Most of other areas are char-
acterized by a minimum of 4 future cumulated stressors, mostly explained by the three THI indicators that are 
projected to significantly increase all over Western Africa (Figure S6). Annual mean LAI future adverse change 
is significant in the northern and western regions, and flood metrics (rainy days and high surface runoff) in the 
north-eastern part (Figure S6). As the spatial distribution is analysed for projected adverse changes, significant 
and cumulated projected positive future changes are also displayed in Figures S7 and S8. For these change signs, 
only LAI and low extreme runoff over the eastern part of West Africa are projected to positively change in the 
future, mainly driven by a corresponding projected regional wettening (Fig. 1).

In addition, the spatial distribution of the eight main livestock species provided by the Gridded Livestock of 
the World (GLW330) exhibits the largest livestock density located in the south-west of Western Africa (Fig. 2b), 
oppositely to the north-eastern part of the region for the highest number of cumulated stressors (Fig. 2a). In 
south-eastern Mali, Niger and in western Sudan, areas with at least 5 cumulated stressors future intensification 
coincide with high livestock densities (60,000–100,000 heads). Along these 10–12◦ N latitudes, species spatial 
extends show a colocalisation of large densities of the four main livestock species: cattle, chicken, goat and sheep 
(Fig. 2c–f, Figure S1).

These spatial correlated areas emphasize a 8,468,183 total exposed animals to 5 cumulated stressors, i.e. 30% 
of total Western African livestock. This exposed livestock includes 827,738 cattle (i.e. 35% of total cattle in West-
ern Africa), 4,690,045 chicken (26.5% ), 1,510,089 goat (37% ), and 1,149,923 sheep (38% ). For few grid points, 
livestock are even projected to be exposed to 6 over 8 multiple stressors increases, with a total of 460,032 animals 
(i.e. 1.6% ) including 39,189 cattle (1.7% ), 251,155 chicken (1.4% ), 81,838 goat (2% ) and 65,224 sheep (2.2%).

All livestock species in Western Africa will be concerned by significant heat stress increase, but small exposure 
to adverse changes in consecutive dry days, low runoff flow, and LAI under the highest warming level (Fig. 3). 
However, some differences for other stressors between species can be detected. As an example, chicken show a 
different exposure compared to cattle, goat and sheep populations. As chicken show higher exposure to more 
consecutive dry days compared to the three other main species, it exhibits a smaller exposure to risks in heavy 
rainy days, high runoff flow and LAI (Fig. 3a). This difference can be explained by the relative co-location of 
cattles, goats and sheeps, oppositely to chicken that are more homoneously spatially distributed in West Africa 
(Figure S2, Fig. 2c–f).

Large differences are also exhibited amongst livestock species per country (Fig. 3b–e). Some countries such 
as Nigeria and Mali are characterized by similar exposures among all the four main livestock species, whereas 
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Figure 1.   Spatial distribution of multi-model mean projected changes between 1979–2005 and 2074–2100 
under the RCP8.5 scenario for the eight selected climate stressor indicators over Western Africa in % of 
historical values (see Figure S1). (a) April-to-June mean THI (no unit). (b) July-to-September mean THI (no 
unit). (c) Number of days per year with severe daily heat stress (THI ≥ 89). (d) Annual mean Leaf Area Index 
(no unit). (e) Number of days per year with daily precipitation larger than 20mm. (f) Annual 98th percentile 
of surface + subsurface runoff (i.e. high flow index, in mm/day). (g) Number of days per year with daily 
precipitations smaller than 3mm. (h) Annual 2nd percentile of surface + subsurface runoff (i.e. low flow index, 
in mm/day). Dots show grid points where at least 50% of the models agree on the sign of the change. Details 
about total number of simulations used per impact indicator is displayed in Table S1.
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specific location/species combinations result in most severe exposures. As an example, 50 to 75% of all the four 
main livestocks are projected to experience increasing risk in consecutive dry days days and low runoff flow 
in Guinea, whereas no more than 25% of each species will experience such risk in any of other West African 
countries (Fig. 3b–d). Niger is characterized by 50 to 60 % of exposed livestock to risks in heavy rainy days 
and high runoff flow, with a smaller exposure for cattle (< 40% ). These livestock exposures quantifications in 
Guinea and Niger both are consistent with future projected drying (wettening) pattern in west (east) of West 
Africa (Fig. 1e–g, Figure S3). Senegal correspond to the assessed country with the smallest livestock exposure 
to cross-sectoral stressors (other than heat stress future intensification) in West Africa, and is characterized by 
mean species exposure smaller than 15% except for adverse LAI changes.

Timing and concurrence of cumulated stressors.  For each climate stressor, we quantify when the first 
projected mean 27-year difference with averaged 1979–2005 values will be significant according to the models 

Figure 2.   Spatial distribution of cumulated multiple stressors and livestock exposure. The cumulated 
significance is obtained from the addition of each of the eight stressor indicator spatial distributions that gives 
a value of 1 if the impact future change is ≥ than one standard-deviation (std) calculated over the impact values 
in the 1979–2005 period, and a value of 0 if not (Figure S4). A value of 8 here indicate 8 combined significant 
future changes of the stressors, whereas a 0 indicate no significant stressor changes. White areas indicate 
grid points where there is at least 1000 heads of the corresponding livestock (absolute livestock numbers are 
displayed in Figure S5).
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(i.e first year y when �y,y+27 ≥ std1979−2005 ). Regional means are then calculated over grid points with at least 5 
cumulated projected stressors (Fig. 2a) to extract the corresponding first year when a future change is significant. 
Heat stress (THI) indicators are the first stressors to reach their associated historical inter-annual variability (i.e. 
standard-deviation; std) in 2023, mainly due to the warming rate under the RCP8.523 (Fig. 4). An exponential 
timeseries illustrates the severe heat stress days evolution due to combined very small historical std (Figure S4) 
and fast THI intensification. Flood metrics are also characterized by a future evolution larger than their respec-
tive historical std, from 2031 for the high extreme runoff increase, and then from 2050 for very heavy rainy days 
(Fig. 4). Annual mean LAI is projected to increase and consecutive dry days to slightly decrease between 2005 
and 2050 (i.e. ”positive” changes), but none of these changes reach their corresponding historical std by the end 

Figure 3.   Radarcharts of exposed livestock species to each of the eight selected climate stressors for (a) all 
Western Africa, and (b–e) per country (in % of total number of animals per species). Exposure is calculated for 
each indicator as the sum of all grid points where future projected change is at least equal to the corresponding 
historical standard-deviation as described in the Methods section.
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of the century. These timeseries are consistent with the total of 5 cumulated over 8 various climate stressors 
highlighted in these regions (Fig. 2). Consistently with the projected wettening of eastern West Africa (Fig. 1), 
low extreme runoff also shows a significant projected positive change (i.e. decreasing drought risk) between 2035 
and 2063, but that does not remain significant until 2100 (Fig. 4).

These timeseries depict the spread accross the models, which varies depending on the climate indicator. High 
and low runoff extremes exhibit large inter-model uncertainties, whereas more direct climate metrics such as 
THI indexes or very heavy rainy days are characterized by smaller intermodel spread (Fig. 4). This is consistent 
with previous studies that show how both GIMs and ESMs uncertainties cumulate in multi-model simulations, 
and how GIMs spread tend to be the largest uncertainties component in climate impact simulations31,32.

Discussion
This study provides a unique assessment of how multiple climate-related stressors that cover major impact 
sectors may cumulate and co-occur during the 21st century in West Africa. Bias-corrected projections from 
CMIP5 and ISIMIP2b are analysed to quantify the regional livestock exposure to these cumulated changes, with 
associated per-species and per-country levels analysis. Under the RCP8.5 and according to climate and impact 
models, we estimate that:

•	 A large part of West Africa including Mali, Chad, Niger and Sudan affected by at least 5 to 6 cumulated 
multiple climate stressors during the 21st century;

•	 One third of the total western african livestock will be exposed to these cumulated 5–6 stressors, including 
sheep, cattle, chicken and goat (between 26% and 38% of each species regional distribution);

•	 This exposed livestock will be first affected by a significant intensification of severe heat stress conditions 
from early 2020s, then by large flood risk from the following decade.

In this paper, the multi-model spread and global impact models (GIMs) vs Earth System Models (ESMs) uncer-
tainties are also investigated by accounting for different GIMs and ESMs datasets for each climate indicator. 
Previous studies have shown that the majority of GIMs underestimate the extremeness of impacts in heat-related 
mortality, agriculture and terrestrial ecosystems, while impacts on water resources and hydropower are over-
estimated in some river basins both with a large spread among the models32,33. These combined uncertainties 
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Figure 4.   Timeseries of the eight selected climate stressors between 2005 and 2100 averaged over grid points 
where at least 5 of them are projected to significantly intensify under the RCP8.5 scenario. For each indicator 
and for each year, values are obtained by dividing the corresponding 20-y upcoming projected change compared 
to the 1979–2005 period by the 1979–2005 standard-deviation (std). Solid lines indicate the multi-model means 
for each indicator. Shaded colors display the confidence interval among the models for each impact indicator 
(see Table S1 for models set for each indicator).
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from future scenario and multi-model must be taken into account when interpreting our cumulated multiple 
stressors, and our study here confirms the need for taking into account uncertainties and improving model 
representations for next generations of climate and impact models (CMIP6, ISIMIP3).

Results presented in this paper are based on the RCP8.5 scenario, which assumes that the current high green-
house gases emissions baseline will continue until at least 210034. Previous works has shown that RCP8.5 high 
emissions result in a future continued increase in vulnerability of food security, particularly across vulnerable 
regions such as West Africa16,35. They have also shown that even high levels of adaptation investment may not be 
sufficient to counteract these large emissions associated impacts on food security. Though lower emissions future 
scenarios project smaller impacts, differences in future changes between different RCPs are not pronounced by 
until 205036. Since our results show significant intensifications of at least five multiple stressors between 2021 
and 2050 (Fig. 4), these results would not be modified under other RCPs. After 2050, and since negative effect 
becomes more pronounced under RCP8.535, implications of our cumulated multiple stressors may be dampened 
under mitigated scenarios (e.g. RCP2.6, RCP4.5). The RCP8.5 scenario is also debated as a plausible future due 
to the needed coal availability to fit along with high greenhouse gases emissions37,38.

This paper quantifies the livestock exposure to future cumulated stressors through the use of the static GLW3 
livestock spatial distribution for the year 201030. Livestock data thus does not provide either seasonal dynamic/
displacements of animals nor future projected livestock evolution, which might modulate our results. Previous 
studies have shown an expected decline of 7.5 to 9.6% of global 2010’s livestock under the RCP8.5 scenario due 
to decreasing herbaceous production, with highest impact projected within sub-Saharan western Africa39. Here 
we support this increasing risk trend for livestock during the 21st century, and argue that multiple stressors may 
add to smaller net primary production and worsen the projected livestock decline.

We address questions about how increases in multiple stressors could cumulate and result in stronger climate 
risks during the 21st century. Nevertheless, proper impacts on animals husbandry are not quantified in the 
present study, neither what stressor and/or impact have the strongest effect on livestock. Previous studies have 
shown that a decline of -0.099 kg milk/day per THI unit can be measured for cattle under pastoral management 
systems during moderate heat stress days22,40,41. As a first preliminary approximation, the effect of (1) severe heat 
stress days that only includes one over the five future cumulated climate stressors shown in corresponding areas, 
on (2) dairy cattle that are one of the four main affected species can still be quantified. In these regions, adverse 
intensifications will (at least) enhance the projected decline of milk production by − 8.9 kg milk/day per year 
from 2021 within Western Africa (Figs. 1c and 4). Poultry birds are also affected by strong heat events that result 
in increased morbidity and mortality, lowered egg hen-day production, and reduction in feed consumption of 
at least 1.5% per increase degree of moderate heat stress42. Though we did not find any evidence of ”a worst to a 
better” ranking of impacts on livestock and thus of climate future stressors, literature suggest that hot extremes 
and associated feedbacks are the main source of adverse impacts for animal husbandry43. This statement is 
particularly verified in Western Africa where extreme events are expected to amplify5,13, concurrently to low 
adaptive capacity44.

Our work mainly focus on the magnitude and the cumulative aspect of multiple stressors increases between 
the end of the 20th and the 21st century. Timing questions are slightly explored, and a further study about 
emergence and possible co-emergences of multiple stressors or impacts would bring insights about the severity 
of combined changes for local populations of people and livestock27,45. Multiple indicator seasonal cycles are 
also independently considered, although possible synchronous occurrences and compound events may result in 
amplified risks46 for livestock. Limited bias-corrected atmospherical variables to calculate some of the stressors 
limit the spatial extent of our study, but focusing on other regions would attribute a larger context to possible 
severe consequences here emphasized for west african animal husbandry.

The cumulative approach highlights a possible severe future multi-intensification of various climate stressors 
according to CMIP5 and ISIMIP2b models. However, both resilience and adaptation of livestock systems could 
reduce and/or counteract these adverse cumulated stressor intensifications44. Current literature suggest a large 
set of various adaptation strategies for animal husbandry to climate change, both for animals and livestock 
management by helders16,35,47,48. These possible adaptations include—but are not limited to—keeping two to 
three species of livestock simultaneously on the same farm to obtain sustainability and economic benefits; using 
better adapted livestock breeds and species; adjusting watering point to future changes of spatial and seasonal 
patterns of forage production; more effective matchings of stocking rates with feed production. Their effects may 
depend on the level of the projected warming.

Some of these livestock adaptations might also mitigate greenhouse gas emissions8. Indeed, current livestock 
production accounts for 16–22% of total greenhouse-gas emissions and contributes to climate change and its 
adverse cross-sectoral consequences at a global scale49. The growth of livestock farms to fit with the increas-
ing food demand also intensifies water needs, particularly due to waters needs to grow crops used for animals 
feeding48. In our work, induced stressors of global warming on the livestock farming is investigated but we do 
not assess these livestock feedbacks on resulting risks. A relevant further work would be also to assess how live-
stock adaptation strategies may contribute themselves to animal husbandry exposures and vulnerabilities (e.g. 
livestock displacements may results in local farmers/herdsmen conflicts50,51).

Methods
Model simulations and climate forcings.  The Inter Sectoral Impact Model Intercomparison Project 
(ISIMIP)20 consists in a cross-sectoral synthesis of multiple impacts of climate change and includes associated 
uncertainties. The specific ISIMIP2b protocol is selected in our study since it provides impact simulations from 
1950 to 2100 for many sectors such as global water, climate extremes, agriculture, health, energy supply and 
demand or regional forests20. It also enables a good representation of mean climate forcings and variabilities 
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from the 5th version of the Coupled-Models Intercomparison Project (CMIP519). In ISIMIP2b, four climate 
models were indeed selected to represent mean CMIP5 responses needed as inputs data for impact models of 
each sector: two high-climate sensitivity models (i.e. IPSL-CM5A-LR and HadGEM2-ES) and two low-climate 
sensitivity models (i.e. MIROC5 and GFDL-ESM2M). Three main Representative Concentration Pathways 
(RCPs) that illustrates possible greenhouse gases future scenarios are also available and include RCP2.6, RCP6.0 
and RCP8.520. In this paper, analyses are focused on the highest emissive RCP8.5 greenhouse-gases scenario, 
since it provides the largest/clearest signal of the global warming on the multiple climate-related stressors we 
assess. Further details on ISIMIP2b specific protocol, data acquisition and bias-correction are provided in Frieler 
et al.20 and Lange52. Note that raw variables to calculate the eight indicators are not simulated by the same GIMs-
ESMs combinations, resulting in a different total number of simulations for each indicator. Detailed General 
Impact Models (GIMs) and Earth System Models (ESMs) combinations are displayed in Table S1.

Livestock data.  The livestock exposure to multiple stressors is quantified using the Gridded Livestock of 
the World (GLW330) from the Food and Agriculture Organization (FAO). This dataset provides gridded data 
of absolute livestock quantity (i.e. number of heads) at a global scale for the year 2010 for eight main species: 
cattle, chicken, goat, sheep, pig, duck, horse and buffaloe (Figure S1). Thought these data do not provide future 
projections of livestock, livestock dynamics and diurnal/seasonal displacements, it enables a robust assessment 
of a fixed livestock exposure to future cross-sectoral and combined stressors over Western Africa due to its high 
spatial resolution and multiple represented species.

Climate‑related stressors.  In this paper, a stressor correspond to a negative evolution of a climate-related 
indicator that may adversely affect livestock. Previous studies have shown that global warming could affect the 
livestock system by various ways, including water ressources, food availability or climate extremes16. To fairly 
represent these major sectors, we assess corresponding indicators similarly as in Piontek et al.3 and Byers et aL.4 
about future impacts, by combining future projected changes in these sectors that may cumulated and/or co-
occur, and thus strongly stress livestock species in Western Africa.

Food availability.  Access to food is a major sector affecting livestock living conditions and productivity8. As 
grazing corresponds to the main feed source for digastric grazers (e.g. cattle, sheep, goat), analysing the vari-
ability of vegetal cover provides an indicator of changes in the food availability for animals husbandry. In this 
work, the Leaf Area Index (LAI) is considered as a proxy of vegetation productivity due to its wide used as a basic 
vegetation descriptor53–55. However, LAI should not be considered as a direct feeding source for all the eight live-
stock analysed due to their feeding system (e.g. vegetal species diversity, grains for poultry)16. LAI can be defined 
as the amount of leaf area in m2 per unit ground area in m2 , and allows to gauge the amount of photosynthesizing 
biomass. As a dimensionless quantity, LAI can be measured and simulated at a global scale, and thus provides an 
essential indicator of crop development and growth. This variable is simulated in ISIMIP2b both for historical 
and RCP8.5 scenarios, and for a large set of GIMs and ESMs (see Table S1).

Drought risk.  As direct (hydration) and indirect (feed quality) impacts, water scarcity strongly affects livestock 
livelihood16. Drier and hotter conditions increase water needs of plants and animals, particularly in regions 
already water stressed such as Western Africa. Regionally, water scarcity results from a complex feedback 
and enhancing/dampening equilibrium between extreme hot temperatures, lack of soil moisture and lack of 
precipitation56. Droughts may also decrease water quality for animal consumption through increased pollu-
ants, pathogens or salts in water. Drought metrics were thus developped for land-atmosphere feedbacks and 
physical understanding, as well as for impact analyses. In previous works, the magnitude of the 5 % lowest daily 
runoff per year (values ≤ 5th percentile) were defined as an indicator of low flow57. According to ISIMIP2b data 
availability58, we similarly analyse the yearly lowest 2 % daily total (i.e. surface + subsurface) runoff of each year 
(values ≤ the 2th percentile), and here consider this metric as a low flow index and a drought risk indicator. In 
addition, the number of consecutive days with daily precipitation smaller than 3mm per year is quantified (here 
after consecutive dry days), to strenghten drought metrics analyses59.

Flood risk.  Flood data strongly depend on the available data, which rely on local flood statistics, regional flood 
statistics, rainfall-runoff modelling, and local recommended choice60–62. Flood studies usually require runoff 
data, river catchment data and case study of real flood events. These data are then compared to flood simula-
tions to investigate needed conditions to exhibit possible flood event depending on regional conditions. Due 
to ISIMIP2b data availability and with the purpose to analyse the highest number of combined GIMs × ESMs 
simulations, we assess the highest daily runoff per year as a flood risk index in this paper. As for droughts, an 
indicator of yearly high flow is defined as the highest 5 % daily runoff values per year57. Similarly, the annual high-
est 2 % daily runoff (values ≥ 98th percentile) is calculated and considered as a high flow index and thus a flood 
risk indicator. In addition, we quantify the number of days per year when daily precipitations are higher than 
20mm, referenced here after as a very heavy rainy days indicator59.

Heat stress.  The Temperature-Humidity Index (THI)21 is here analysed as a common used indicator of heat 
stress on livestock. THI incorporates both high surface temperature and relative humidity (RH) effects to 
describe the level of heat stress on livestock22. This index is often used in impact studies since THI values can 
be interpreted in terms of proper risks and consequences for livestock. As an example, THI values above 89 are 
considered as severe heat stress conditions and may result in an increase in respiration rate, excessive saliva pro-
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duction, dry matter intake decrease, and productive and reproductive decrease40. For THI values higher than 98, 
heat stress is very dangerous and livestock may die.

The original formula incorporates RH and the temperature of the dry bulb (Tdb). However, due to the lack of 
both observed and simulated Tdb, equations were later adjusted and approximated using the daily air tempera-
ture instead of the Tdb22,40. In this study, we analyse the highest daily heat stress to assess the greatest likely risk 
for livestock species. It results in the use of the daily maximum temperature (Tmax) instead of the daily mean 
temperature in THI calculation, similarly as previous studies22,63. Daily RH is usually derived from temperature 
and surface vapor pressure data in CMIP5 and ISIMIP2b, and we here consider the accuracy of the calculated 
RH at the moment of Tmax (i.e. RHmax ) under the hypothesis that surface specific humidity does not signficantly 
change during the day22. THI daily values can be calculated as:

with THI the Temperature-Humidity Index21,22, Tmax the daily maximum temperature, and RHmax the cor-
responding daily relative humidity when Tmax. Details of intermediate calculation steps are provided in Sup-
plementary Materials.

Cumulative approach of multiple stressors.  To investigate how these various climate change indicators 
may cumulate in the future, each projected change is normalized and added to obtain a spatial distribution of 
combined climate stressors. For each stressor indicator, its projected change between 1979–2005 and 2074–2100 
absolute value is divided by its corresponding historical standard-deviation (std) calculated over 1979–2005 
values. A spatial mask is then created, with 1 where this normalization gives values ≥ 1, and 0 when normalised 
change < 1. By adding each 1/0 climate stressor masks, a spatial distribution where each grid point is character-
ized by a value between 0 (no significant climate-related stressor) and 8 (all stressor changes are significant and 
cumulate) is thus obtained. Corresponding results are displayed in Fig. 2 and Figure S5. As described in the 
“Results” section, this additive approach is weightened with the sign of each climate stressor projected change.

It is important to note that each climate-related indicator is considered here as additive with a misleading 
assumption of independency of one another. Yet, most of these stressors are correlated in time and space, and 
the assumed independance in the cumulated index has no physical meaning. We argue this approximation to 
assess how combined stressors for a same location may adversely affect local animal husbandry (e.g. heat stress 
increase for the two consecutive warmest seasons of the year). All selected indicators here illustrate how livestock 
will experience intensifications for consecutive and cumulated multiple climate stressors.

Data availability
Raw datasets analysed in this work can be found at https://​esg.​pik-​potsd​am.​de/​search/​isimip/ for ISIMIP2b 
impact data and at http://​amma2​050.​ipsl.​upmc.​fr/ for CMIP5 bias-corrected climate data.

Received: 19 January 2022; Accepted: 17 October 2022

References
	 1.	 Baettig, M. B., Wild, M. & Imboden, D. M. A climate change index: Where climate change may be most prominent in the 21st 

century. Geophys. Res. Lett. 34, L01705. https://​doi.​org/​10.​1029/​2006G​L0281​59 (2007).
	 2.	 Harrison, P. A. et al. Combining qualitative and quantitative understanding for exploring cross-sectoral climate change impacts, 

adaptation and vulnerability in Europe. Region. Environ. Change 13, 761–780. https://​doi.​org/​10.​1007/​s10113-​012-​0361-y (2013).
	 3.	 Piontek, F. et al. Multisectoral climate impact hotspots in a warming world. Proc. Natl. Acad. Sci. 111, 3233–3238. https://​doi.​org/​

10.​1073/​pnas.​12224​71110 (2014).
	 4.	 Byers, E. et al. Global exposure and vulnerability to multi-sector development and climate change hotspots. Environ. Res. Lett. 13, 

055012. https://​doi.​org/​10.​1088/​1748-​9326/​aabf45 (2018).
	 5.	 Klein, R. et al. Adaptation Opportunities, Constraints, and Limits, Book Section 16, 899–943 (Cambridge University Press, 2014).
	 6.	 Arnell, N. W. & Gosling, S. N. The impacts of climate change on river flood risk at the global scale. Clim. Change 134, 387–401. 

https://​doi.​org/​10.​1007/​s10584-​014-​1084-5 (2016).
	 7.	 Mora, C. et al. Broad threat to humanity from cumulative climate hazards intensified by greenhouse gas emissions. Nat. Clim. 

Change 8, 1062–1071. https://​doi.​org/​10.​1038/​s41558-​018-​0315-6 (2018).
	 8.	 McMichael, A. J., Powles, J. W., Butler, C. D. & Uauy, R. Food, livestock production, energy, climate change, and health. The Lancet 

370, 1253–1263. https://​doi.​org/​10.​1016/​S0140-​6736(07)​61256-2 (2007).
	 9.	 Nelson, G., Bogard, J. & Lividini, K. Income growth and climate change effects on global nutrition security to mid-century. Nat. 

Sustain. 1, 773–781. https://​doi.​org/​10.​1038/​s41893-​018-​0192-z (2018).
	10.	 Mbow, C. et al. Chapter 5: Food security. In Climate Change and Land: an IPCC special report on climate change, desertification, 

land degradation, sustainable land management, food security, and greenhouse gas fluxes in terrestrial ecosystems, 899–943 (Inter-
governmental Panel on Climate Change, 2019).

	11.	 Robinson, T. P. et al. Mapping the global distribution of livestock. PLoS ONE 9, e96084. https://​doi.​org/​10.​1371/​journ​al.​pone.​
00960​84 (2014).

	12.	 Janssens, C. et al. Global hunger and climate change adaptation through international trade. Nat. Clim. Change 10, 829–835. https://​
doi.​org/​10.​1038/​s41558-​020-​0847-4 (2020).

	13.	 Oppenheimer, M. et al. Emergent Risks and Key Vulnerabilities, Book Section 19, 1039–1099 (Cambridge University Press, 2014).
	14.	 Tamene, L. et al. Soil structural degradation and nutrient limitations across land use categories and climatic zones in Southern 

Africa. Land Degrad. Dev. 30, 1288–1299. https://​doi.​org/​10.​1002/​ldr.​3302 (2019).
	15.	 Flörke, M., Schneider, C. & McDonald, R. I. Water competition between cities and agriculture driven by climate change and urban 

growth. Nat. Sustain. 1, 51–58. https://​doi.​org/​10.​1038/​s41893-​017-​0006-8 (2018).
	16.	 Godde, C., Mason-D’Croz, D., Mayberry, D., Thornton, P. & Herrero, M. Impacts of climate change on the livestock food supply 

chain; a review of the evidence. Glob. Food Secur. 28, 100488. https://​doi.​org/​10.​1016/j.​gfs.​2020.​100488 (2021).
	17.	 Nardone, A., Ronchi, B., Lacetera, N., Ranieri, M. & Bernabucci, U. Effects of climate changes on animal production and sustain-

ability of livestock systems. Livest. Sci. 130, 57–69. https://​doi.​org/​10.​1016/j.​livsci.​2010.​02.​011 (2010).

(1)THI = (1.8× Tmax + 32)− [(0.55− 0.0055× RHmax × (1.8× Tmax − 26.8)]

https://esg.pik-potsdam.de/search/isimip/
http://amma2050.ipsl.upmc.fr/
https://doi.org/10.1029/2006GL028159
https://doi.org/10.1007/s10113-012-0361-y
https://doi.org/10.1073/pnas.1222471110
https://doi.org/10.1073/pnas.1222471110
https://doi.org/10.1088/1748-9326/aabf45
https://doi.org/10.1007/s10584-014-1084-5
https://doi.org/10.1038/s41558-018-0315-6
https://doi.org/10.1016/S0140-6736(07)61256-2
https://doi.org/10.1038/s41893-018-0192-z
https://doi.org/10.1371/journal.pone.0096084
https://doi.org/10.1371/journal.pone.0096084
https://doi.org/10.1038/s41558-020-0847-4
https://doi.org/10.1038/s41558-020-0847-4
https://doi.org/10.1002/ldr.3302
https://doi.org/10.1038/s41893-017-0006-8
https://doi.org/10.1016/j.gfs.2020.100488
https://doi.org/10.1016/j.livsci.2010.02.011


10

Vol:.(1234567890)

Scientific Reports |         (2023) 13:2698  | https://doi.org/10.1038/s41598-022-22544-y

www.nature.com/scientificreports/

	18.	 Rahimi, J., Mutua, J. Y., Notenbaert, A. M. O., Marshall, K. & Butterbach-Bahl, K. Heat stress will detrimentally impact future 
livestock production in East Africa. Nat. Food 2, 88–96. https://​doi.​org/​10.​1038/​s43016-​021-​00226-8 (2021).

	19.	 Taylor, K. E., Stouffer, R. J. & Meehl, G. A. An overview of CMIP5 and the experiment design. Bull. Am. Meteorol. Soc. 93, 485–498. 
https://​doi.​org/​10.​1175/​BAMS-D-​11-​00094.1 (2012).

	20.	 Frieler, K. et al. Assessing the impacts of 1.5 ◦ C global warming: Simulation protocol of the inter-sectoral impact model intercom-
parison project (ISIMIP2b). Geosci. Model Dev. 10, 4321–4345. https://​doi.​org/​10.​5194/​gmd-​10-​4321-​2017 (2017).

	21.	 National Research Council & Committee on Physiological Effects of Environmental Factors on Animals. A guide to environmental 
research on animals (National Academy of Sciences (US), 1971).

	22.	 Rahimi, J., Mutua, J. Y., Notenbaert, A. M. O., Dieng, D. & Butterbach-Bahl, K. Will dairy cattle production in West Africa be 
challenged by heat stress in the future?. Clim. Change 161, 665–685. https://​doi.​org/​10.​1007/​s10584-​020-​02733-2 (2020).

	23.	 Brouillet, A. & Joussaume, S. Investigating the role of the relative humidity in the co-occurrence of temperature and heat stress 
extremes in CMIP5 projections. Geophys. Res. Lett. 46, 11435–11443. https://​doi.​org/​10.​1029/​2019G​L0841​56 (2019).

	24.	 Fischer, E. M. & Knutti, R. Robust projections of combined humidity and temperature extremes. Nat. Clim. Change 3, 126–130. 
https://​doi.​org/​10.​1038/​nclim​ate16​82 (2013).

	25.	 Fontaine, B., Roucou, P., Gaetani, M. & Marteau, R. Recent changes in precipitation, ITCZ convection and northern tropical 
circulation over North Africa (1979–2007). Int. J. Climatol. 31, 633–648. https://​doi.​org/​10.​1002/​joc.​2108 (2011).

	26.	 Monerie, P.-A., Fontaine, B. & Roucou, P. Expected future changes in the African monsoon between 2030 and 2070 using some 
CMIP3 and CMIP5 models under a medium-low RCP scenario. J. Geophys. Res. Atmos.https://​doi.​org/​10.​1029/​2012J​D0175​10 
(2012).

	27.	 Gaetani, M., Janicot, S., Vrac, M., Famien, A. M. & Sultan, B. Robust assessment of the time of emergence of precipitation change 
in West Africa. Sci. Rep. 10, 7670. https://​doi.​org/​10.​1038/​s41598-​020-​63782-2 (2020).

	28.	 Mahowald, N. et al. Leaf Area Index in Earth System Models: evaluation and projections. preprint, Dynamics of the Earth system: 
models (2015). https://​doi.​org/​10.​5194/​esdd-6-​761-​2015.

	29.	 Mahowald, N. et al. Projections of leaf area index in earth system models. Earth Syst. Dyn. 7, 211–229. https://​doi.​org/​10.​5194/​
esd-7-​211-​2016 (2016).

	30.	 Gilbert, M. et al. Global distribution data for cattle, buffaloes, horses, sheep, goats, pigs, chickens and ducks in 2010. Sci. Data 5, 
180227. https://​doi.​org/​10.​1038/​sdata.​2018.​227 (2018).

	31.	 Frieler, K. et al. A framework for the cross-sectoral integration of multi-model impact projections: Land use decisions under 
climate impacts uncertainties. Earth Syst. Dyn. 6, 447–460. https://​doi.​org/​10.​5194/​esd-6-​447-​2015 (2015).

	32.	 Schewe, J. et al. State-of-the-art global models underestimate impacts from climate extremes. Nat. Commun. 10, 1005. https://​doi.​
org/​10.​1038/​s41467-​019-​08745-6 (2019).

	33.	 Lange, S. et al. Projecting exposure to extreme climate impact events across six event categories and three spatial scales. Earth’s 
Future 8, e2020EF001616, https://​doi.​org/​10.​1029/​2020E​F0016​16 (2020).

	34.	 van Vuuren, D. P. et al. The representative concentration pathways: An overview. Clim. Change 109, 5–31. https://​doi.​org/​10.​1007/​
s10584-​011-​0148-z (2011).

	35.	 Richardson, K. J. et al. Food security outcomes under a changing climate: Impacts of mitigation and adaptation on vulnerability 
to food insecurity. Clim. Change 147, 327–341. https://​doi.​org/​10.​1007/​s10584-​018-​2137-y (2018).

	36.	 Thomson, A. M. et al. RCP4.5: A pathway for stabilization of radiative forcing by 2100. Clim. Change 109, 77–94. https://​doi.​org/​
10.​1007/​s10584-​011-​0151-4 (2011).

	37.	 Hausfather, Z. & Peters, G. P. Emissions: The ‘business as usual’ story is misleading. Nature 577, 618–620. https://​doi.​org/​10.​1038/​
d41586-​020-​00177-3 (2020).

	38.	 Hausfather, Z. & Peters, G. P. RCP8.5 is a problematic scenario for near-term emissions. Proc. Natl. Acad. Sci. 117, 27791–27792. 
https://​doi.​org/​10.​1073/​pnas.​20171​24117 (2020).

	39.	 Boone, R. B., Conant, R. T., Sircely, J., Thornton, P. K. & Herrero, M. Climate change impacts on selected global rangeland ecosystem 
services. Glob. Change Biol. 24, 1382–1393. https://​doi.​org/​10.​1111/​gcb.​13995 (2018).

	40.	 Vitali, A. et al. Seasonal pattern of mortality and relationships between mortality and temperature-humidity index in dairy cows. 
J. Dairy Sci. 92, 3781–3790. https://​doi.​org/​10.​3168/​jds.​2009-​2127 (2009).

	41.	 Santana, M. et al. Detrimental effect of selection for milk yield on genetic tolerance to heat stress in purebred Zebu cattle: Genetic 
parameters and trends. J. Dairy Sci. 98, 9035–9043. https://​doi.​org/​10.​3168/​jds.​2015-​9817 (2015).

	42.	 Abioja, M. O. & Abiona, J. A. Impacts of climate change to poultry production in Africa: Adaptation options for broiler chickens. 
In Leal Filho, W., Ogugu, N., Adelake, L., Ayal, D. & da Silva, I. (eds.) African Handbook of Climate Change Adaptation, 1–22, 
https://​doi.​org/​10.​1007/​978-3-​030-​42091-8_​111-1 (Springer International Publishing, 2020).

	43.	 Noya, A., Casasús, I., Ferrer, J. & Sanz, A. Effects of developmental programming caused by maternal nutrient intake on postnatal 
performance of beef heifers and their calves. Animals 9, 1072. https://​doi.​org/​10.​3390/​ani91​21072 (2019).

	44.	 Challinor, A., Wheeler, T., Garforth, C., Craufurd, P. & Kassam, A. Assessing the vulnerability of food crop systems in Africa to 
climate change. Clim. Change 83, 381–399. https://​doi.​org/​10.​1007/​s10584-​007-​9249-0 (2007).

	45.	 Tigchelaar, M., Battisti, D. S., Naylor, R. L. & Ray, D. K. Future warming increases probability of globally synchronized maize 
production shocks. Proc. Natl. Acad. Sci. 115, 6644–6649. https://​doi.​org/​10.​1073/​pnas.​17180​31115 (2018).

	46.	 Zscheischler, J. et al. Future climate risk from compound events. Nat. Clim. Change 8, 469–477. https://​doi.​org/​10.​1038/​s41558-​
018-​0156-3 (2018).

	47.	 Haileslassie, A., Peden, D., Gebreselassie, S., Amede, T. & Descheemaeker, K. Livestock water productivity in mixed crop-livestock 
farming systems of the Blue Nile basin: Assessing variability and prospects for improvement. Agric. Syst. 102, 33–40. https://​doi.​
org/​10.​1016/j.​agsy.​2009.​06.​006 (2009).

	48.	 Crist, E., Mora, C. & Engelman, R. The interaction of human population, food production, and biodiversity protection. Science 
356, 260–264. https://​doi.​org/​10.​1126/​scien​ce.​aal20​11 (2017).

	49.	 Campbell, B. M. et al. Agriculture production as a major driver of the Earth system exceeding planetary boundaries. Ecol. Soc. 22, 
art8. https://​doi.​org/​10.​5751/​ES-​09595-​220408 (2017).

	50.	 Benjaminsen, T. A., Alinon, K., Buhaug, H. & Buseth, J. T. Does climate change drive land-use conflicts in the Sahel?. J. Peace Res. 
49, 97–111. https://​doi.​org/​10.​1177/​00223​43311​427343 (2012).

	51.	 Alaanuloluwa Ikhuoso, O. et al. Climate change and agriculture: The competition for limited resources amidst crop farmers-
livestock herding conflict in Nigeria - A review. J. Clean. Prod. 272, 123104. https://​doi.​org/​10.​1016/j.​jclep​ro.​2020.​123104 (2020).

	52.	 Lange, S. Bias correction of surface downwelling longwave and shortwave radiation for the EWEMBI dataset. Earth Syst. Dyn. 9, 
627–645. https://​doi.​org/​10.​5194/​esd-9-​627-​2018 (2018).

	53.	 Asner, G. P., Scurlock, J. M. O. & Hicke, J. A. Global synthesis of leaf area index observations: Implications for ecological and 
remote sensing studies. Glob. Ecol. 15, 191 (2003).

	54.	 Santin-Janin, H., Garel, M., Chapuis, J.-L. & Pontier, D. Assessing the performance of NDVI as a proxy for plant biomass using 
non-linear models: A case study on the Kerguelen archipelago. Polar Biol. 32, 861–871. https://​doi.​org/​10.​1007/​s00300-​009-​0586-5 
(2009).

	55.	 Mourad, R., Jaafar, H., Anderson, M. & Gao, F. Assessment of leaf area index models using harmonized landsat and sentinel-2 
surface reflectance data over a semi-arid irrigated landscape. Remote Sens. 12, 3121. https://​doi.​org/​10.​3390/​rs121​93121 (2020).

https://doi.org/10.1038/s43016-021-00226-8
https://doi.org/10.1175/BAMS-D-11-00094.1
https://doi.org/10.5194/gmd-10-4321-2017
https://doi.org/10.1007/s10584-020-02733-2
https://doi.org/10.1029/2019GL084156
https://doi.org/10.1038/nclimate1682
https://doi.org/10.1002/joc.2108
https://doi.org/10.1029/2012JD017510
https://doi.org/10.1038/s41598-020-63782-2
https://doi.org/10.5194/esdd-6-761-2015
https://doi.org/10.5194/esd-7-211-2016
https://doi.org/10.5194/esd-7-211-2016
https://doi.org/10.1038/sdata.2018.227
https://doi.org/10.5194/esd-6-447-2015
https://doi.org/10.1038/s41467-019-08745-6
https://doi.org/10.1038/s41467-019-08745-6
https://doi.org/10.1029/2020EF001616
https://doi.org/10.1007/s10584-011-0148-z
https://doi.org/10.1007/s10584-011-0148-z
https://doi.org/10.1007/s10584-018-2137-y
https://doi.org/10.1007/s10584-011-0151-4
https://doi.org/10.1007/s10584-011-0151-4
https://doi.org/10.1038/d41586-020-00177-3
https://doi.org/10.1038/d41586-020-00177-3
https://doi.org/10.1073/pnas.2017124117
https://doi.org/10.1111/gcb.13995
https://doi.org/10.3168/jds.2009-2127
https://doi.org/10.3168/jds.2015-9817
https://doi.org/10.1007/978-3-030-42091-8_111-1
https://doi.org/10.3390/ani9121072
https://doi.org/10.1007/s10584-007-9249-0
https://doi.org/10.1073/pnas.1718031115
https://doi.org/10.1038/s41558-018-0156-3
https://doi.org/10.1038/s41558-018-0156-3
https://doi.org/10.1016/j.agsy.2009.06.006
https://doi.org/10.1016/j.agsy.2009.06.006
https://doi.org/10.1126/science.aal2011
https://doi.org/10.5751/ES-09595-220408
https://doi.org/10.1177/0022343311427343
https://doi.org/10.1016/j.jclepro.2020.123104
https://doi.org/10.5194/esd-9-627-2018
https://doi.org/10.1007/s00300-009-0586-5
https://doi.org/10.3390/rs12193121


11

Vol.:(0123456789)

Scientific Reports |         (2023) 13:2698  | https://doi.org/10.1038/s41598-022-22544-y

www.nature.com/scientificreports/

	56.	 Sylla, M. B., Gaye, A. T., Jenkins, G. S., Pal, J. S. & Giorgi, F. Consistency of projected drought over the Sahel with changes in the 
monsoon circulation and extremes in a regional climate model projections. J. Geophys. Res. Atmos.https://​doi.​org/​10.​1029/​2009J​
D0129​83 (2010).

	57.	 Gosling, S. N. et al. A comparison of changes in river runoff from multiple global and catchment-scale hydrological models under 
global warming scenarios of 1 ◦ C, 2 ◦ C and 3 ◦ C. Clim. Change 141, 577–595. https://​doi.​org/​10.​1007/​s10584-​016-​1773-3 (2017).

	58.	 Davie, J. C. S. et al. Comparing projections of future changes in runoff from hydrological and biome models in ISI-MIP. Earth Syst. 
Dyn. 4, 359–374. https://​doi.​org/​10.​5194/​esd-4-​359-​2013 (2013).

	59.	 Sillmann, J., Kharin, V. V., Zwiers, F. W., Zhang, X. & Bronaugh, D. Climate extremes indices in the CMIP5 multimodel ensemble: 
Part 2. Future climate projections: CMIP5 projections of extremes indices. J. Geophys. Rese. Atmos. 118, 2473–2493. https://​doi.​
org/​10.​1002/​jgrd.​50188 (2013).

	60.	 Zehe, E., Elsenbeer, H., Lindenmaier, F., Schulz, K. & Blöschl, G. Patterns of predictability in hydrological threshold systems. Water 
Resour. Res.https://​doi.​org/​10.​1029/​2006W​R0055​89 (2007).

	61.	 Blöschl, G. et al. At what scales do climate variability and land cover change impact on flooding and low flows?. Hydrol. Process. 
21, 1241–1247. https://​doi.​org/​10.​1002/​hyp.​6669 (2007).

	62.	 Arnell, N. W. & Lloyd-Hughes, B. The global-scale impacts of climate change on water resources and flooding under new climate 
and socio-economic scenarios. Clim. Change 122, 127–140. https://​doi.​org/​10.​1007/​s10584-​013-​0948-4 (2014).

	63.	 Lallo, C. H. O. et al. Characterizing heat stress on livestock using the temperature humidity index (THI)-prospects for a warmer 
Caribbean. Reg. Environ. Change 18, 2329–2340. https://​doi.​org/​10.​1007/​s10113-​018-​1359-x (2018).

Acknowledgements
A.B. was supported by both the NERC/DFID Future Climate For Africa programme under the AMMA-2050 
Project, Grant Number NE/M020126/1, and by the European Union’s Horizon 2020 research and innovation 
programme under Grant Agreement No. 869395. Data analyses benefited from the IPSL Prodiguer-Ciclad facility 
which is supported by CNRS, UPMC, Labex L-IPSL which is funded by the ANR (Grant ANR-10-LABX-0018) 
and by the European FP7 IS-ENES2 project (Grant 312979).

Author contributions
A.B and B.S. conceived the study. A.B. performed the analyses, prepared all the figures, and wrote the main 
manuscript. B.S. guided the analyses and co-wrote the manuscript.

Competing interests 
The authors declare no competing interests.

Additional information
Supplementary Information The online version contains supplementary material available at https://​doi.​org/​
10.​1038/​s41598-​022-​22544-y.

Correspondence and requests for materials should be addressed to A.B.

Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note  Springer Nature remains neutral with regard to jurisdictional claims in published maps and 
institutional affiliations.

Open Access  This article is licensed under a Creative Commons Attribution 4.0 International 
License, which permits use, sharing, adaptation, distribution and reproduction in any medium or 

format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the 
Creative Commons licence, and indicate if changes were made. The images or other third party material in this 
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the 
material. If material is not included in the article’s Creative Commons licence and your intended use is not 
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from 
the copyright holder. To view a copy of this licence, visit http://​creat​iveco​mmons.​org/​licen​ses/​by/4.​0/.

© The Author(s) 2023

https://doi.org/10.1029/2009JD012983
https://doi.org/10.1029/2009JD012983
https://doi.org/10.1007/s10584-016-1773-3
https://doi.org/10.5194/esd-4-359-2013
https://doi.org/10.1002/jgrd.50188
https://doi.org/10.1002/jgrd.50188
https://doi.org/10.1029/2006WR005589
https://doi.org/10.1002/hyp.6669
https://doi.org/10.1007/s10584-013-0948-4
https://doi.org/10.1007/s10113-018-1359-x
https://doi.org/10.1038/s41598-022-22544-y
https://doi.org/10.1038/s41598-022-22544-y
www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/

	Livestock exposure to future cumulated climate-related stressors in West Africa
	Results
	Future projections of multiple climate-related indicators. 
	Cumulated climate stressors and livestock exposure. 
	Timing and concurrence of cumulated stressors. 

	Discussion
	Methods
	Model simulations and climate forcings. 
	Livestock data. 
	Climate-related stressors. 
	Food availability. 
	Drought risk. 
	Flood risk. 
	Heat stress. 

	Cumulative approach of multiple stressors. 

	References
	Acknowledgements


