Response to Reviewer’s comments:

This paper investigates changes in the joint occurrence of two extreme climate events within the
same year over East Africa from past to future climate conditions. The joint occurrence pairs of two
events are selected from 6 individual events from the Inter-Sectoral Impact Model Intercomparison
Project (ISIMIP) (Lange et al., 2020): river floods, droughts, heatwaves, crop failures, wildfires, and
tropical cyclones. The authors also attempt to understand attributions of increases in the probability
of concurrent events. Although the authors’ analysis of concurrent events can potentially provide
useful information for adaptation in a changing climate over East Africa, | think that the study design
is problematic, and key results are already presented in Lange et al., 2020 while most other results
are somewhat trivial. Therefore, substantial further work will be required to meet the standards of
scientific publication. In case the editor judges this paper to be suitable for ESD or the authors
consider resubmitting an improved manuscript, | provide my suggestions below.

We thank the reviewer for their time and valuable suggestions to improve the manuscript. Below,
we respond to the individual comments and illustrate modifications to the manuscript to
accommodate the concerns raised. We believe that the manuscript has benefited from these
modifications. The following convention is used in this document to illustrate the text modifications
in the original manuscript: modified text.

Major comments:

1. Drivers and Impacts

According to this paper’s Abstract and Introduction, it appears that the goal of this study is to find
past-to-future changes in compound (concurrent) events, and their interactions and dependence.
Then, it would be logical to use a combination of meteorological and/or hydrological drivers
happening simultaneously. (Think about the definition of a compound climate event as described
even in this paper’s Introduction.) However, the climate events used in this study are already
“impacts” that originated in one or a combination of climate “drivers”. Although some events such
as heatwaves, droughts, or tropical cyclones can be considered as a driver in certain cases
depending on the context of a study, events such as river floods, crop failures, and wildfires are
impact-events from driver-events such as extreme precipitation, temperature, and winds.
Therefore, it is strange and even wrong to say that “we determine the main drivers of changes in
the occurrence of concurrent extremes” (Lines 59-60); the authors only compare combinations of
impact events and do not study any physical mechanisms or drivers of such events. In my opinion,
it is thus questionable of the validity of the author’s definition of “D, Dependence” and its
interpretation. For example, would the authors be able to provide a physical interpretation of D
changes in Figure 5¢? I'm not sure those values actually mean anything. This study itself is merely
a display of a combination of two impact events happening within the “same year (!)”, which
provides an additional reason not to use the term “compound” or “concurrent”. The title, Abstract,
and Introduction are all misleading

Response:

We thank the reviewer for this valuable comment. There are three distinct motivations for our
methodological choice to consider annual time steps in this study. The first concerns data
availability: the available dataset from ISIMIP 2b only provides annual occurrences of the six
categories of climate extreme events (as mentioned in one of the caveats in lines 79-80 of the
manuscript). It is also important to note that this data is output from process-based impact models
(as mentioned in lines 67-69). To the best of our knowledge, there is no publicly accessible future
multi-hazard data source providing comparable information on e.g. daily or weekly timescales. Due




to this limitation of the dataset, we define concurrent events as two events occurring in the same
location, during the same output data time step (here being the same year). Notwithstanding this
data limitation, we still believe that defining compound events on a yearly basis does have some
physical relevance, since some of the climate extremes we consider play out over long time scales.
For example, droughts in our dataset are defined as the drop of soil water content below the 2.5
percentile of the distribution during pre-industrial times considering periods longer than 6 months
(See Table 1), wildfires may rage for the better part of a summer season, and crop failures may
result from extreme conditions during the entire growing season. A third motivation is that the
impacts of compound extremes may be larger than those for individual events even where the
concurrence is on a yearly scale. These are sometimes termed temporally compounding extremes
(as per the compound event typology co-developed by part of the author team; Zscheischler et al.,
2020), although for simplicity we opted not to make this terminological distinction in our study. For
example, vegetation impacts of drought events can be aggravated by droughts in consecutive
growing seasons (e.g. Bastos et al., 2021, Wu et al. 2022). Similarly, societal vulnerability to floods
is modulated by the occurrence of successive flood episodes (Chacowry et al., 2018), and wildfires
and hydrological extremes can also compound across seasons (Yu et al. 2023). We therefore
argue that there is relevance to considering these extremes as concurrent even if based only on
yearly timescales.

We nonetheless agree that being able to discriminate the timescale of concurrence of the extreme
events we study would allow a more nuanced analysis, as illustrated in lines 26-32. Similarly, we
agree with the value of knowing whether a given extreme has occurred once or several times in a
given year. We updated the original manuscript to clarify these messages throughout the revised
text in Sect. 2 lines 83-99, as follows:

The dataset we use comes with several caveats. A minor caveat is that it does not contain
crop failure projections under RCP8.5. More importantly, the data represents the
occurrence of an extreme event category as a single event within a grid cell per year, no
matter if it occurred once or several times within the same location in the same year. Finally,
an extreme event such as a wildfire, river flood or tropical cyclone can only partly cover a
given grid cell, whereas other extreme events (heatwaves, droughts and crop failures) are
assigned by default to the entire grid cell. Thus, for the former three extremes, we consider
that a grid cell is entirely affected when more than 0.5% of the 0.5°x0.5° grid cell area is
simulated to be affected by the extreme event. Whilst these are limitations of the dataset,
we have three distinct motivations to use it throughout our analysis: (i) the dataset is
amongst the most detailed and complete of its kind, and provides information on the
occurrence of extreme events within the study region over a very long time period (from
1861 until 2099); (ii) some of the climate extremes we consider play out over longer time
scales, for example droughts may last several months to even years, wildfires may rage
for several months, and crop failures may result from extreme conditions during the entire
growing season; (iii) the impacts of compound extremes may be larger than those for
individual events even in the case where the concurrence is not on a daily timescale. These
are sometimes termed temporally compounding extremes (e.g., Zscheischler et al. 2020b).
For example, impacts of drought events on vegetation can be aggravated by droughts in
consecutive growing seasons (e.g., Bastos et al. 2021, Wu et al. 2022). Similarly, societal
vulnerability to floods is modulated by the occurrence of successive flood episodes
(Chacowry et al., 2018), and wildfires and hydrological extremes can also compound
across seasons (Yu et al. 2023, Moody and Ebel, 2012; Larsen et al., 2009). We therefore
use the yearly dataset as the backbone for this study.

Upon careful consideration, we have modified that the title, abstract and introduction to ensure that
they are coherent and- accurately reflect the objectives and findings of our study. For the title we
have adopted the term ‘co-occurring extremes’ instead of ‘concurrent extremes’. This is because



‘co-occurring’ generally implies events happening within the same timeframe, but not necessarily
on the exact same day as opposed to ‘concurrent’ that may imply events happening at the same
time/simultaneously. Additionally, we have clarified that the term co-occurrence in both the abstract
and main text, as extreme events occurring in the same location within the same year. We have
also updated all the terminology of these co-occurring climate extremes in the main text in order
to be consistent (see main text for modifications to the term ‘co-occurring’ as per the modified text
convention here).

We have modified the title as follows:
The perfect storm? Co-occurring climate extremes in East Africa
Additionally, we have modified the abstract as shown below:

Abstract. Co-occurring extreme climate events exacerbate adverse impacts on humans,
the economy, and the environment relative to extremes occurring in isolation. While
changes in the frequency of individual extreme events have been researched extensively,
changes in their interactions, dependence and joint occurrence have received far less
attention, particularly in the East African region. Here, we analyse the joint occurrence of
pairs of the following extremes within the same year over East Africa: river floods, droughts,
heatwaves, crop failures, wildfires and tropical cyclones. We analyse their co-occurrence
on a yearly timescale because some of the climate extremes we consider play out over
timescales up to several months. We use bias-adjusted impact simulations under past and
future climate conditions from the Inter-Sectoral Impact Model Intercomparison Project
(ISIMIP). We find an increase in the area affected by pairs of these extreme events, with
the strongest increases for joint heatwaves & wildfires (+940% by the end of the century
under RCP6.0 relative to present day), followed by river floods & heatwaves (+900%) and
river floods & wildfires (+250%). The projected increase in joint occurrences typically
outweighs historical increases even under an aggressive mitigation scenario (RCP2.6). We
illustrate that the changes in the joint occurrences are often driven by increases in the
probability of one of the events within the pairs, for instance heatwaves. The most affected
locations in the East Africa region by these co-occurring events are areas close to the River
Nile and parts of the Congo basin. Our results overall highlight that co-occurring extremes
will become the norm rather than the exception in East Africa, even under low-end warming
scenarios.

Regarding the determination of the main drivers of changes in the occurrence of co-occurring
extremes, we consider six extreme events which each have different meteorological and physical
drivers. Additionally, we utilize extreme event data from processed impact model simulations, in
turn driven by multiple GCMs and scenarios. Given the wealth of data underlying our analysis,
diving into the meteorological and physical drivers of the concurrent extreme events presents near-
insurmountable challenges. An alternative choice could have been to restrict ourselves to a single
impact model and GCM and diagnose the physical drivers, at the cost of increasing hugely the
model dependence of our study. A similar choice is often made in e.g. climate modelling studies,
with some studies deciding to focus on a smaller set of models (or even a single model) to conduct
detailed process studies and others conducting statistical studies on large multi-model ensembles.
We nonetheless believe that our analysis does provide interpretable results . This is because: (i)
The models only account for climate-induced changes in the hazards and not changes due to land-
use change (e.g., deforestation fires) (Lange et al., 2020). Therefore, assuming that our analysis
period is sufficiently long to subdue natural variability, we can consider climate change/global
warming as the only driver of the changes in extreme event occurrence, and in turn the changes
in concurrent extremes. (ii) We furthermore go deeper in our analysis by splitting the change in
concurrent extreme event occurrence into: changes in only one variable per pair, and the changes
in the (coupling) dependence between extreme events in a pair, as illustrated in Section 3.3.
This analysis therefore leads us to figures such as Fig. 5 that illustrate determinants of change in



the concurrent extreme event occurrence as described in the caption. Finally, we note that
“‘dependence” is widely used in a statistical sense, and does not presuppose knowledge of an
underlying physical mechanism nor of causality.

We recognize that the use of "driver" that we make in the text can be misleading, as it may be
interpreted as "physical" or "climate" driver, while we take a statistical approach in analyzing our
data. We have therefore revised our use of the term and now instead refer to “determinants” of
co-occurring extremes influencing the changes in their cooccurrence. In the revised manuscript,
we improved the communication of the method that we use to identify the determinants of changes
in the co-occurring extreme occurrences, as well as definition of dependence, by adding the
following text in the methods section (Sect. 3.3, Line 131-139) to clarify this point.

Considering that the processed extreme event simulations account only for climate-
induced changes in the extremes (as defined by Lange et al. (2020)), and not for other
changes such as land-use, here we only analyse the climate change-driven effects on co-
occurring extremes. At a given location, from a statistical perspective, the probability of
concurrent extreme events can be affected by the effect of climate change on: (i) the
probability of the individual extreme events and/or (ii) the dependence between the events
(Bevacqua et al., 2020; Zscheischler et al., 2020b). To gain insights into the determinants
of the changes, we compute the change in the probability of concurrent extreme events
when assuming: (i) changes in the probability of extreme events in one variable only; and
(ii) changes in the coupling (dependence) between the variables only (Bevacqua et al.,
2020). Here the term ‘dependence’ is used in a statistical sense, and does not presuppose
knowledge of an underlying physical mechanism nor of causality.

Additionally, we updated the discussion section 5.3 of the manuscript regarding the determinants
of co-occurrent extremes (Line 304 - 311) as shown below.

It is important to note that the six extreme events in this study each have different
meteorological and physical drivers, i.e. heatwaves and tropical cyclones have mainly
meteorological drivers, while river floods, crop failures, droughts and wildfires have mostly
bio-physical drivers. Additionally, some droughts and wildfires are also meteorology-driven.
Given that we utilize extreme event data from processed impact model simulations, diving
into the meteorological and physical drivers of the concurrent extreme events presents
near-insurmountable challenges. Therefore, here we focus on the statistical determinants
leading to co-occurring extremes in the same year in East Africa. Here, we consider the
changes in the frequency of the individual extremes and their dependence per pair, under
a future warmer climate scenario in comparison to the early-industrial period.

To address your concerns, we have made revisions in the manuscript (as shown above) to provide
more clarity about our choice of methods and interpretation of the results. We hope that these
revisions address your concerns.



Minor comments:

1. Lines 74-75 “.. we only identify concurrent extremes .. driven by the same GCM”: Please
elaborate the calculation method a bit more in detail. Does one GCM have many ensemble
members? Then, how are they treated?

Response:

The database we use consists of multiple GCMs and impact models. Each GCM includes one
(bias-adjusted) ensemble member, as per the ISIMIP2b simulation protocol. The decision to
consider only one ensemble member per GCM is a central feature of the ISIMIP protocol and
informed by the computational resource limitations of the modelling teams participating in ISIMIP.

By the above text, we mean that for each pair of concurrent extremes, we consider cross-category
impact models (as illustrated in Table 1) forced by output from the same GCM, per run, to determine
the co-occurrence of these extreme events. For instance, in diagnosing concurrent river floods and
wildfires, we use output data from the impact model CLM45 for river floods and data from CARAIB
for wildfires where both are driven by the same GCM e.g. GFDL-ESM2M. We then repeat the
calculation for the same two impact models but driven both by another GCM, and so on. We finally
combine the results after having computed concurrence for all GCMs. As elaborated in lines 74-
80 of the manuscript, this is to ensure physical consistency in the analysis. Indeed, this approach
avoids that in a given year, one type of extreme event (e.g. Tropical Cyclones) simulated under
IOD-positive conditions is compared against another type of extreme event (e.g. soil moisture
drought) simulated under IOD-negative conditions.

We have updated the manuscript in lines 74-80 to elaborate the calculation method more, as
shown below.

In this study, a multi-model ensemble approach is followed such that all available impact
models per extreme event category (see Table 1), driven by the four aforementioned
GCMs, are used to represent the region’s exposure to extremes. To guarantee physical
consistency in our analyses, we only identify co-occurring extremes from cross-category
impact models driven by the same GCM. For instance, in diagnosing co-occurring river
floods & wildfires, we use output data from the impact model CLM45 for river floods and
data from CARAIB for wildfires where both are driven by the same GCM e.g. GFDL-
ESM2M. We then repeat the calculation for the same two impact models but driven both
by another GCM, and so on. We finally combine the results after having computed
concurrence for all GCMs.

2. Please provide further details on definitions of extreme events. For heatwaves, explain HWMId.
For droughts, provide information about considered soil layer depths. For tropical cyclones, does
this include all categories and treat them the same?

Response:

For the following extreme events, we propose the following additions to their definitions in Table 1
of the revised manuscript, building upon the definitions from Lange et al. (2020).

- Heatwaves: Occurrence in entire pixel when the Heat Wave Magnitude Index daily
(HWMId; Russo et al., 2017) recorded that year exceeds the 99th percentile of the HWMId
during pre-industrial times. Russo et al. (2017) defines HWMId as the annual maximum
magnitude of heatwaves, whereby a heatwave consists of a minimum of three consecutive
days with temperatures above the daily threshold between 1981 and 2010.




- Droughts: Drop of soil water content below the 2.5 percentile of the distribution during
pre-industrial times considering periods longer than 6 months. Here, data on monthly soil
moisture at different soil layer depths (as close as possible to 100 cm) depending on the
impact model was used (See Text S2 in Lange et al. (2020)).

- Tropical cyclones: Exposure to hurricane-induced winds (wind speed = 64 knots)
sustained for at least one minute during the year

2. In addition to Table 2, | recommend illustrating the mean and variance in a figure, for instance,
using boxplots or probability distribution plots. This way, readers would easily notice the changes
and their significance.

Response:

We agree. The mean and variance of these individual extreme events (as seen in Table 2) are
already illustrated using probability distribution plots in Figures 5 and C1-C4. These figures
illustrate the marginal distributions of each extreme event (per scenario), based on the Kernel
density estimation (KDE) method (Weglarczyk, 2018), along the top and right axes of the plots for
each extreme event. Additionally, in the updated manuscript, we now provide boxplots showing
the mean percentage areas affected by the individual extreme events under all the climate
scenarios (Fig. 4).

3. In Table 2, are the changes in wildfires statistically significant?

Response

No, the changes in wildfires are not statistically significant. In the updated manuscript, we have
added an asterisk to the mean values for percentage area affected by extreme events to represent
those that are statistically significant in comparison to the early industrial period. See the updated
Table 2 and caption below.

Modified Table 2

Table 2. Mean and variance of percentage area affected by extreme events under different climate scenarios.

Extreme Event Mean (%) Variance
EI PD RCP2.6 RCP6.0 RCP8.5 El PD RCP2.6 RCP6.0 RCPS8.5

River floods 1 2% 4% 7* 1% 3 5 19 37 72
Heatwaves 1 gk 53% 73% 87% 8 144 501 460 201
Droughts 2 4% 4% 5% 4% 5 14 14 17 1
Crop failures 05 1% 3* 4.1% NA 0.3 2 4 8 NA
Wildfires 40 39 39 40 48% 275 267 245 265 103
Tropical Cyclones 1 1 2% 2% 2% 1 1 1 1 1

Where: Elis the early-industrial period and PD is present-day conditions. Note: (1) The extreme events dataset used in this research does not contain crop
failures projections under RCP8.5. (2) We considering a multi-model ensemble approach, whereby the values of mean and variance are averaged across all
impact pairs driven by the same GCM. (3) The mean values denoted by an asterisk(*) represent instances where there is a statistically significant difference
between the mean percentage area affected by the respective extreme event during that chimate scenario, and that during the early-indusinial period. Here,

we use Welch™s ¢ test to determine significant difference in the means (Welch, 1947)




4. Figure 4, Figure 6, and relevant Appendix figures: Please use more distinguishable colors.

Response:

For figures 5 and 7 (originally Fig. 4 and 6, respectively) and C1-C4, we now adopt a new color
scheme in the updated manuscript with more distinguishable colors as suggested. Additionally, we
use this updated color scheme for Fig 1. For illustration purposes, see Fig 5a below:

- Modified Fig 5a

Early-industrial: p= -0.02
Present day: p= 0.03
RCP2.6: p= 0.02

RCP6.0: p= 0.04

RCP8.5: p= 0.07
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Figure 5a: Bivariate distribution of river floods & wildfires across 50-year time periods representing the early-industrial period
(1861-1910), the present day (1956-2005), and the end of century (2050-2099) under RCP2.6, 6.0, and 8.5. The marginal
distributions of each extreme event (per scenario), based on the KDE method (Weglarczyk, 2018), are shown along the top and
right axes of the plots. The contours (dotted lines) illustrate smooth estimates of the underlying distribution of co-occurring
extremes. The 68th percentile contour, which envelopes data within one standard deviation to either side of the mean, per
scenario is used to show a generalized view of the distribution of the percentage of area affected by co-occurring extremes per

year during the respective scenarios.



5. Similar to Figure 1, please add a figure of boxplots for individual events.

Response:

Thank you for this suggestion. In the updated manuscript, we have added a figure of boxplots (Fig.
4) showing the annual average percentage of the region affected by the six individual extreme
events under past, present and future climate (similar to Fig. 1).
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Figure 4: Boxplots showing the annual average percentage of the region affected by each of the six individual extreme events
under past, present and future climates. The extreme events are: RF = River floods, WF = Wildfires, HW = Heatwaves, CF = Crop
failures, DR = Droughts and TC = Tropical cyclones. 50-year periods are considered for computing the average for each time
window (1861-1910 for early-industrial, 1956-2005 for present day, and 2050-2099 for the future periods). A multi-model
ensemble mean is shown that considers all available impact model simulations and driving GCMs in the dataset.. Boxplots
display the median (centre line) and upper and lower quartiles (box limits), with whiskers extending to the last value located
within a distance of 1.5 times the interquartile range. The yellow circles show mean values. Outliers are not shown. Average
global warming level (shown in the brackets within the legend) for each climate scenario, with respect to the early-industrial
period, is determined using ISIMIP Global Mean Temperature (GMT) anomalies considering the mean across the respective 50-
year windows.



6. Lines 240-241: There is no information on “global warming level” in the paper. | suggest
displaying values of increases in global mean temperature and in the study-area mean temperature
next to figure labels in Figure 1.

Response:

Thank you for this suggestion. In the updated manuscript, we have included the average global
warming level, with respect to the early-industrial period, for the present day and the three future
climate scenarios; RCP2.6, 6.0 and 8.5, in Fig. 1 and Fig. 4.

- Modified Fig.1
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Figure 1: Boxplots showing the annual average percentage of the region affected by each of the 15 pairs of concurrent extreme
events under past, present and future climates. The extreme events are: RF = River floods, WF = Wildfires, HW = Heatwaves,
CF = Crop failures, DR = Droughts and TC = Tropical cyclones. 50-year periods are considered for computing the average for
each time window (1861-1910 for early-industrial, 1956-2005 for present day, and 2050-2099 for the future periods). A multi-
model ensemble mean is shown that considers all available combinations of impact simulations in the dataset driven by the
same GCM. Boxplots display the median (centre line) and upper and lower quartiles (box limits), with whiskers extending to
the last value located within a distance of 1.5 times the interquartile range. The yellow circles show mean values. Outliers are
not shown. Average global warming level (shown in the brackets within the legend) for each climate scenario, with respect to
the early-industrial period, is determined using ISIMIP Global Mean Temperature (GMT) anomalies considering the mean across
the respective 50-year windows




7. Regarding Figure 5: Do we even understand the coupling between two variables of river floods
and wildfires in present-day climate? Similar to the panel display in Figure 5, please provide all
corresponding maps of actual values in the early-industrial or present-day conditions. Also, explain
why some areas have D<1 while other areas have D>1 in Figures 5c and 5i.

Response:

Thank you for this comment. In our analysis, we find that dependence of the extreme events is not
the main determinant of co-occurrence in the pairs of extremes under future warmer climate;
instead, the increase in frequency of these individual extremes is main determinant. For illustration
purposes, the figure below (attached to our response) shows a more extensive scale of Fig.6a-c
(originally Fig. 5). Here, we observe that for co-occurring river floods & wildfires, the contributing
probability ratio (PR) considering coupling of the two events, PR change in 0 = 1 (no substantial
change) in many locations and in other locations PR change in b < 1 (less likely to occur). This
suggests that dependence of these two extreme events is not the main determinant of co-
occurrence, under RCP8.5. This is also the case under present-day conditions (Fig. D5 a-c). As
suggested, in the updated manuscript we also provide similar maps showing the contributing
probability ratios (PRs) to the change in probability of joint occurrence of different pairs of extreme
events under present-day climate (Fig. D5-D9).
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lllustration figure: Contributing PRs to the change in probability of joint occurrence of river floods & wildfires, whereby we
illustrate the PR assuming only changes in one of the extremes per pair (first and second columns) and the PR assuming
changes only in the dependence of two concurrent extremes (third column). The resulting PRs compare the end-of-century
conditions under RCP8.5 to the early-industrial period conditions, whereby PR > 1 represents more likely occurrence of the
extremes and P R < 1 represents less likely occurrence. The grey shaded areas did not experience either of the extreme
events in each pair (first two columns) or co-occurrences (third column) during the early-industrial period. [Here we show a
more extensive scale than in the manuscript to show probability ratio values with no substantial change i.e. PR ~1
(between 1 and 1.5) |

Additionally, in the updated the manuscript we added a new section i.e., Section 5.4: Potential
mechanisms underlying the co-occurring extreme events (lines 338-348). Here, we provide
scientific hypotheses about the possible physical mechanisms leading to some of these co-
occurring extreme events and their dependence.

5.4 Potential mechanisms underlying the co-occurring extreme events

Changes in frequency of large-scale modes of variability such as the Indian Ocean Dipole
(IOD) could potentially increase the coupling between the individual extreme events in East




Africa. For example, the increase in frequency of extreme positive 10D events in East
Africa, as a result of global warming, would lead to intense precipitation and increased
susceptibility to flooding (Palmer et al. 2023). Similarly, positive IOD events substantially
influence the frequency and intensity of tropical cyclones (Mahala et al. 2015), and thus
under a future warmer climate, more coupling of river floods & tropical cyclones could occur
during positive-IOD years by the end of the century. This aligns with our analysis that
illustrates an increase in dependence (with high contributing PRchange in 0> 6) in areas along
the coast of East Africa under RCP8.5 (Fig. D2i). However, in general, we find that
dependence of the various extreme event pairs is not the main determinant of co-
occurrence of extremes; instead, the increase in frequency of the individual extremes is
main determinant in both present day conditions and future warmer climate (Fig. 6 and Fig.
D1-D9).

Furthermore, we added the following text in the Section 4.3 (Lines 225-235) to explain the results
in Fig. 5 and Fig. D1-D9 with respect to the coupling of two extreme events.

We next investigate the causes of the changes in the frequency of concurrent extremes
across East Africa. Here, we compare maps (e.g., Fig. 6a-c) showing the contributing
probability ratios (PRs) to changes in probability of joint occurrence of extreme events
under future warmer climate, whereby we: (1) assume only changes in either of the
extremes per pair (first and second columns), and (2) assume changes only in the
dependence of two co-occurring extremes (third column). As illustrated in Fig. 6 and Fig
D1-D4, a PR = 1 represents more likely occurrence of the extremes and PR < 1 represents
less likely occurrence, under a warmer climate in comparison to the early-industrial period.

In general, the changes in the frequency of individual extreme events control the
widespread increases in compound events. This is illustrated by more locations within East
Africa having higher contributing PRs (>1) for the individual extremes per pair than the PR
considering coupling (dependence) as determined using Eq. 6 and 7 respectively. Thus,
changes in the coupling between extremes appear to have comparably small effects (Fig.
6 and Fig D1-D9), which is in line with previous studies (e.g., Bevacqua et al. (2020, 2022)).

Additional references included in the updated manuscript:

Larsen, I. J., MacDonald, L. H., Brown, E., Rough, D., Welsh, M. J., Pietraszek, J. H., Libohova,
Z., de Dios Benavides-Solorio, J., and Schaffrath, K.: Causes of Post-Fire Runoff and Erosion:
Water Repellency, Cover, or Soil Sealing?, Soil Science Society of America

Mahala, B. K., Nayak, B. K., and Mohanty, P. K.: Impacts of ENSO and IOD on tropical cyclone
activity in the Bay of Bengal, Natural Hazards, 75, https://doi.org/10.1007/s11069-014-1360-8,

2015.

Moody, J. A. and Ebel, B. A.: Hyper-dry conditions provide new insights into the cause of extreme
floods after wildfire, CATENA, 93, 58-63, https://doi.org/10.1016/j.catena.2012.01.006, 2012

Palmer, P. I., Wainwright, C. M., Dong, B., Maidment, R. |., Wheeler, K. G., Gedney, N., Hickman,
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