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ABSTRACT

THE ROLE OF INTERNAL VARIABILITY AND EXTERNAL FORCING ON THE

EMERGENCE OF COMPOUND EXTREMES IN THE CESM2 LARGE ENSEMBLE

Extreme hot and dry compound events pose significant hazards to human health, agriculture,

and ecosystems, making it critical to better understand what drives their occurrence and spatiotem-

poral variability. Although the role of internal climate variability in driving compound events has

been previously studied, we leverage a large ensemble to enable a more robust understanding of

the response of hot and dry events to both large-scale internal climate variability and external forc-

ing. We explore the influence of well-known large-scale climate modes including the El Niño

Southern Oscillation (ENSO), Pacific Decadal Oscillation (PDO), Indian Ocean Dipole (IOD),

and the North Atlantic Oscillation (NAO) on the occurrence of hot and dry compound events in

the Community Earth System Model 2 Large Ensemble (CESM2-LE). We also investigate when

anthropogenic changes in hot and dry compound events emerge from the noise of internal variabil-

ity. Knowledge of drivers from an internal variability perspective combined with an understanding

of greenhouse gas forced changes can aid in quantifying the predictability of extreme compound

events on regional scales.
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Chapter 1

Introduction

Extreme weather and climate events have been studied for decades due to their effects on

human health, agriculture, ecosystems, infrastructure, and the economy [1–3]. This research also

includes what drives these events including internal variability such as large-scale internal climate

modes [4] and external forcings such as anthropogenic climate change [5, 6]. For the former,

recent work has demonstrated the utility of large ensemble models to study well-known large-scale

climate modes as drivers of extreme events [7].

Large-scale climate modes including the El Niño Southern Oscillation (ENSO), Pacific Decadal

Oscillation (PDO), Indian Ocean Dipole (IOD), and the North Atlantic Oscillation (NAO), are

characterized by positive, neutral, and negative phases. The oscillating behavior of these four

modes impacts temperature and precipitation in different regions and can thus influence the occur-

rence of extremes [8, 9]. Knowledge of the influence of these drivers on extreme events, including

compound events, assists in the prediction of, and preparation for these events [10].

Compound events are hazards that occur in some combination including at the same time or

sequentially [11]. The IPCC Special Report on Managing Risks of Extreme Events and Disaster

to Advance Climate Change Adaptation (SREX) published in 2012 drew attention to the need

to study compound events due to increased consequences of these events compared to extremes

that occur individually [12]. Since the publication of the SREX, more studies have been devoted

to understanding frequency changes of these extremes both in the historical period [13, 14] and

under different future projections [15–17]. From this research, there is now growing evidence that

anthropogenic climate change is impacting compound events due to its effects on temperature and

precipitation. This thesis investigates extreme hot and dry events that occur at the same time and

place (i.e. hot and dry compound events).

In chapter 2 of this thesis, we expand on previous literature by leveraging a large ensemble

to provide a comprehensive analysis on the influence of four well-known climate modes on hot
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and dry compound events at a global scale. This increases understanding of these events to un-

forced, internal climate variability, especially for regions, including South America and Africa,

that are underrepresented in the existing literature [18]. Although frequencies of compound events

are increasing in most regions, the idea of emergence of the events remains underexplored. We

investigate when hot and dry compound events emerge from internal variability, building funda-

mental knowledge of when certain regions will see an influence from external forcing. We use

100 members from the Community Earth System Model version 2 Large Ensemble [19, 20] to in-

vestigate these two ideas. Using a large ensemble to analyze the roles of internal variability and

external forcing on driving hot and dry compound events could aid in quantifying changes and

predictability on regional scales.

Chapter 2, alongside the Appendix A as supplementary material, will be submitted as the fol-

lowing paper.

• Dwyer, A.E., Barnes, E.A., Hurrell, J.W. The Role of Internal Variability and External Forc-

ing on the Emergence of Hot and Dry Compound Events in a Large Ensemble. To be Sub-

mitted

Chapter 3 describes possible future directions for research.
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Chapter 2

The Role of Internal Variability and External

Forcing on the Emergence of Compound Extremes in

the CESM2 Large Ensemble

2.1 Introduction

Hot and dry compound events pose significant hazards through impacts on human health (e.g.

temperature-related deaths), agriculture (e.g. reduction in crop yield), and ecosystems [21–23],

making it critical to better understand what drives their occurrence and spatiotemporal variabil-

ity. Although drivers of compound events, including and most often the El Niño Southern Os-

cillation (ENSO) [18], have been analyzed through the observational record [9, 24], recent work

demonstrates the utility of large climate ensembles to advance physical understanding of the events

drivers [7, 25, 26]. For example, Reddy et al. (2022) leveraged a large ensemble to quantify which

combinations of ENSO and the Indian Ocean Dipole (IOD) phases have the greatest influence on

compound events in Australia [25].

Numerous studies have examined how the variability, amplitude, and teleconnections of large-

scale climate modes may be altered by anthropogenic climate change in the 21st century [27–29].

Such changes may lead to changes in extreme event occurrence in the future [30,31]. Studies have

also shown that the frequency of hot and dry compound events are changing due to the response of

temperature and precipitation under climate change [13, 14, 17, 32]. Quantifying when changes in

the frequency of hot and dry compound events may emerge from the noise of internal variability

has primarily been analyzed in reanalysis and observational datasets. For example, Scmutz et al.

(2025) analyzed the year of emergence in ECMWF version 5 reanalysis data [33] across Europe

and northern Africa and found that, in most locations, compound events emerge from internal

variability by 2015 [34]. Although observational and reanalysis datasets provide crucial insight on

3



historical patterns, large ensemble datasets, when compared to the short duration of observations

and reanalysis products, increase the power of analyzing extreme events and allow for more robust

assessments of future changes in compound event frequency.

Our study builds on the aforementioned literature by using a large climate model ensemble

to analyze the influence of four different internal climate modes on compound events at a global

scale. Leveraging a large ensemble enables a more robust understanding of the response of these

events to both unforced and forced climate variability across the historical record in addition to the

21st century. We strive to expand understanding of the influence of large-scale patterns of internal

climate variability on hot and dry compound events. After removing the external forcing signal,

we explore how well-known large-scale climate modes including El Niño Southern Oscillation

(ENSO), Pacific Decadal Oscillation (PDO), Indian Ocean Dipole (IOD), and the North Atlantic

Oscillation (NAO) influence hot and dry compound events. We use the Community Earth System

Model 2 Large Ensemble (CESM2-LE), which is a set of 100 historical and future climate simu-

lations under SSP 3-7.0 [19, 20]. We then investigate how conditional frequencies of compound

events are changing over the 21st century and compare this to the historical period. This builds

on previous research on changing climate mode variability by analyzing its impact on future com-

pound events. We then retain the external forcing component and investigate when hot and dry

compound events emerge beyond the range of internal variability in the CESM2-LE.

2.2 Data and Methods

2.2.1 Data

We employ the CESM2-LE to study hot and dry compound events across preindustrial, present

and future climates [19, 20]. CESM2-LE follows protocols provided by the Coupled Model In-

tercomparison Project Phase 6 (CMIP6), with historical forcings for 1850-2014 and SSP3-7.0

forcings for 2014-2100 [35]. Monthly data for precipitation rate (PRECT), 2m temperature (TRE-

FHT), surface temperature (TS), and surface-level pressure (PSL) are used to define and analyze

compound events on a 0.94° by 1.25° horizontal grid. The ensemble mean over all 100 members is
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computed monthly and subtracted from each member to remove the forced response and the sea-

sonal cycle. Temperature and precipitation anomalies are then analyzed for each month of every

year from 1850 to 2100.

Monthly El Niño Southern Oscillation (ENSO), Indian Ocean Dipole (IOD), and Pacific Decadal

Oscillation (PDO) indices from the Climate Variability Diagnostics Package [36, 37] are used to

explore the connection between modes of internal climate variability and hot and dry compound

events. Monthly North Atlantic Oscillation (NAO) indices are calculated in each member from the

difference of normalized sea level pressure between Ponta Delgada, Azores (38.17 N, 25 W) and

Stykkisholmur/Reykjavik, Iceland (63.61 N, 22.5 W) [38]. The positive phase of each of these

four modes is defined as the anomalies in the indices that are ≥ 0.5, the negative phase as ≤ -0.5,

and the neutral phase as the anomalies between these two bounds.

ECMWF Reanalysis V5 data [33] is used for comparison against the CESM2-LE results.

Monthly 2m temperature (t2m), precipitation (tp; converted to a monthly rate), and surface tem-

perature (skt) from ERA5 is analyzed from January 1940 through December 2023 after regridding

to the CESM2-LE spatial grid using bilinear interpolation via the Climate Data Operators pack-

age [39]. We also use a 3rd order polynomial fit for each month and at every grid point to estimate

and remove climate forcing and deseasonalize the ERA5 data to produce monthly anomalies.

2.2.2 Methods

We investigate multivariate extremes, or two hazards that occur in the same place at the same

time [11]. The 90th percentile of monthly 2m temperature anomalies across the 100 members

in the CESM2-LE is used to define extreme high temperatures. The 10th percentile of monthly

precipitation rate anomalies across the 100 members is used to define extreme low precipitation.

Concurrent hot and dry events (T90/P10) at a grid point thus occur when the monthly temperature

anomaly exceeds the 90th percentile and the concurrent precipitation anomaly is below the 10th

percentile. We investigate what drives compound events regardless of time of year; therefore,

percentiles for each variable are computed for each month after combining the ensemble members.
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In this way, anomalies from internal variability in specific seasons can be isolated and investigated

(e.g. warm and dry extremes can occur in winter months and in wet seasons). A value of 1 is

assigned to a gridpoint to signify a compound event in a given month, and a value of 0 is assigned

if there is not a compound event. Analysis is then performed based on this binary classification.

The global distribution of T90/P10 compound event frequencies are computed by averaging across

all ensemble members over the 1850-1950 period. We then display the results as a percentage.

We compare our T90/P10 frequencies to independent frequencies, where temperature and pre-

cipitation variables are uncorrelated, to determine the extent to which internal variability is in-

fluencing the frequency of compound events. Independent frequencies are calculated via boot-

strapping, where T90/P10 events are computed across scrambled ensemble members. Namely, the

ensemble members for temperature are kept fixed and the ensemble members for precipitation are

shifted down by one member (e.g. pairing temperature of member 1 with precipitation of member

2, temperature of member 2 with precipitation of member 3, etc.). The ensemble-mean frequen-

cies across the 100 member pairings are then computed. We then proceed to shift the precipitation

members again and run the same calculation. This is continued through the last possible com-

bination. The result is 99 ensemble-mean frequencies under the null hypothesis of independent,

uncorrelated variables. From here, we compute the 1st and 99th percentiles to define the bounds of

independent chance. If the unscrambled frequencies fall outside of these bounds, we suggest that

there may be evidence that internal climate variability drives correlations between T90 and P10

events, leading to more (or less) frequent extremes.

We also recognize the impact of climate change on T90/P10 compound events and thus analyze

results when the forced response is retained. In this case, 1850-1900 is used as the baseline period

for percentile calculation and compound events are determined using the same methods as before

with the exception that the ensemble mean is not removed.

We then investigate the year of emergence of T90/P10 compound events from internal vari-

ability to demonstrate when climate change has or will become a significant influence on the oc-

currence of T90/P10 compound events under historical and SSP 3-7.0 forcing. As defined here,
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compound events emerge from internal variability when the median number of events in the 100-

member ensemble exceeds and remains above the 90th percentile of compound events from all

members over the 1850-1900 period. Time series of compound events in different locations are

visualized by taking a five-year forward moving sum of the events (Figure A.9).

2.3 Results and Discussion

2.3.1 Role of Internal Variability

We first quantify the influence of internal climate modes on the occurrence of T90/P10 com-

pound events (henceforth referred to as compound events or CEs) by computing frequencies in

CESM2-LE from 1850-1950 and ERA5 from 1940-2024. Particular locations, including northern

South America, eastern Africa, the Indian subcontinent, and the Indonesian archipelago, depict

the highest frequencies of compound events in both the CESM2-LE and ERA5 (Figures 2.1a,b).

However, the frequencies in eastern Africa and northern South America encompass more land in

ERA5 than in CESM2-LE, expanding into the Congo Rainforest in central Africa and throughout

the Amazon Rainforest in northern South America. Frequencies of compound events in the Tibetan

Plateau are also higher in ERA5 than they are in CESM2-LE (Figures 2.1a,b).

Internal climate modes influence the dependency between precipitation and temperature anoma-

lies [40] which then impacts the occurrence of compound events [41]. However, even if the tem-

perature and precipitation values are treated as independent variables, random sampling of their

distributions would still result in CEs. We use a bootstrapping technique (see Methods) to calculate

99 ensemble-mean frequencies under the null hypothesis of independent, uncorrelated variables.

We compare our unscrambled frequencies with the 99 ensemble-mean frequencies under this null

hypothesis to analyze where frequencies are greater or less than independent chance. Most of

the land areas in the world exhibit frequencies of CEs that are distinguishable from independent

chance (Figure 2.1c), and regions with CEs that are not distinguishable from independent chance

are often found in transition regions. Dry regions, such as some high-latitude areas and the Saharan
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and Arabian deserts, have compound event frequencies that are below independent chance because

precipitation and precipitation variance is low.

Figure 2.1: Frequency of T90/P10 compound events due to detrended anomalies a) 1850-1950 from the 100

member CESM2-LE and b) 1940-2024 ERA5 data. c) Difference of frequencies for CESM2-LE from the

average of the 99 scrambled ensemble-mean frequencies under the null hypothesis (see Methods). Stippling

indicates where the null hypothesis cannot be rejected and the frequencies of T90/P10 events are consistent

with independence. Areas that are shaded green without stippling indicate frequencies of T90/P10 com-

pound events that are greater than independent chance whereas areas that are pink without stippling indicate

frequencies that are less than independent chance.

To investigate the connection between internal climate modes and compound events, we first

examine the mean sea surface temperature (SST) conditions during months containing compound

events at ten different locations (Figures 2.2, A.1, A2). SSTs at specific grid points are selected to

build on previous studies investigating internal climate drivers of compound events [9,24,42]. SST

patterns in CESM2-LE and ERA5 during compound events over eastern Brazil resemble El Niño

(Figures 2.2a, b), the positive phase of the PDO (Figures 2.2a, b), and the positive phase of the IOD
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N = 43N = 3,879

N = 982 N = 24

N = 2,049 N = 25

N = 1,943 N = 29

Figure 2.2: Mean sea surface temperature (SST) for all months that contain a T90/P10 compound event for

a location over (a, b) eastern Brazil (teal box; 3.30 S, 52.50 W), (c, d) Northeast Nigeria (12.72 N, 13.75

E), (e, f) Central Spain (40.05 N, 3.80 W), (g, h) Southwest Australia (30.63 S, 118.80 E). The left column

depicts SSTs using 1850-1950 in CESM2-LE and the right column from ERA5, 1940-2024.
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(Figures 2.2a, b). SST patterns for northeast Nigeria and southwest Australia exhibit El Niño-like

patterns and positive PDO-like patterns (Figures 2.2c,d,g). Thus, we include ENSO, the PDO, and

the IOD in the following analysis. Although SST patterns for CEs in central Spain, as well as other

locations in Europe, do not strongly resemble SSTs associated with the North Atlantic Oscillation

(NAO) (Figures 2.2e, f, A.1, A.2), previous studies [43] have documented the effects of the NAO

on temperature and precipitation patterns in Europe and therefore we choose to include this mode

in our analysis as well.

The SST patterns that occur during CEs qualitatively indicate how internal climate modes may

influence the presence of compound events. We quantify the possible influence of ENSO, PDO,

IOD, and the NAO on compound events in CESM2-LE and ERA5 by calculating conditional fre-

quencies of CEs during each phase of each climate mode (Figures 2.3, 2.4). As ENSO is known

to drive temperature and precipitation anomalies globally [44,45], the analysis for PDO, IOD, and

the NAO is conditioned on ENSO being in its neutral phase. Conditional frequencies without the

neutral ENSO condition are also calculated for comparison and show minor differences except in

regions with known strong ENSO teleconnections (Figure A.3). For the calculation of conditional

frequencies, we pool all members and sum the number of compound events that occur concur-

rently with the two phases of the climate modes (e.g. positive PDO and neutral ENSO). We then

divide this sum by the total number of months where the two phases of the climate modes are

present to determine the conditional frequencies (Figure 2.3). A chi-square test for independence

is used to determine if the conditional frequencies are significant relative to our null hypothesis

of independent, uncorrelated variables. Grid points where we do not reject the null hypothesis

at 98% are represented through the gray shading (Figures 2.3, 2.4). We note that significance is

likely much more difficult to obtain using ERA5 due to the low sample size in the reanalysis data

(1,008 months) (Figure 2.4). Sample sizes for CESM2-LE are more than 100 times larger than

the ERA5 sample sizes, allowing for more confidence in our assessments of where climate modes

significantly influence compound events (Figures 2.3, 2.4).
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N = 40,184N = 40,163

N = 11,402 N = 13,299

N = 6,673

N = 15,898 N = 12,974

N = 7,106

Figure 2.3: Conditional frequencies of T90/P10 compound events given a climate mode for detrended

anomalies from CESM2-LE (1850-1950). A chi-square test of independence is employed to determine

where compound event frequencies can be considered independent of the climate modes and is demonstrated

through the gray shading.
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For the CESM2-LE, regions with high conditional frequencies during El Niño (Figures 2.3a,

2.4a), such as northern South America, the Indonesian Archipelago, and the Indian subcontinent,

can be partially explained by the warmer temperature anomalies and drier conditions that occur

during an El Niño month (Figure A.7, A.8). Our ERA5 results for the conditional frequencies for

ENSO (Figures 2.4a, b) are consistent with previous studies [42, 46].

Although there are warmer temperature anomalies in Alaska and western Canada during a pos-

itive PDO event (Figure A.7), the region does not experience drier precipitation anomalies (Figure

A.8). This leads to a low frequency of CEs despite the PDO’s influence on temperature (Figure

2.3c). Higher frequencies of CEs in India and southeast Asia during the positive PDO and neutral

ENSO phases correspond well with the known precipitation and temperature anomalies associated

with the PDO (Figures 2.3c, A.7, A.8). The positive phase of the IOD leads to higher frequencies

of compound events in India and the conditional frequencies for the negative phase of the IOD has

the highest number of compound events in eastern Africa (Figures 2.3e, f). Figures 2.3g and h

depict the NAO’s influence on compound events in Europe and lack of influence in the majority of

the Southern Hemisphere (Figures 2.3g, h), consistent with known NAO teleconnections [43].

The variability of climate modes may change over the 21st century [47, 48]. With the forced

trend still removed, we investigate how the statistics (i.e. conditional frequencies) of CEs change in

the future using CESM2-LE and how this may be related, in part, to changes in internal variability.

We take the difference in conditional frequencies for the four climate modes between 2000-2100

and 1850-1950 to depict future changes of CE occurrence. A z-test comparison of two propor-

tions is used to determine if our difference in conditional frequencies between the two periods is

significant relative to our null hypothesis of equal conditional frequencies.

Future changes in the conditional frequency with El Niño are largest in South America, Africa

(south of the Sahara), and the Maritime Continent (Figure 2.5a). As these regions are most im-

pacted by ENSO teleconnections (Figures A.7, A.8) [44], a change in ENSO’s amplitude or vari-

ability in the CESM2-LE [27, 28] may more strongly impact CEs in these regions compared to

other locations. Likewise, the variability and amplitude of the PDO, IOD, and NAO may change
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N = 231 N = 260

N = 86 N = 165

N = 20 N = 68

N = 172 N = 147

Figure 2.4: As in Figure 3, but for ERA5 conditional frequencies from 1940-2024.
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Figure 2.5: As in Figure 2.3 but for the changes in conditional frequencies of T90/P10 compound events

between 2000-2100 and 1850-1950 in CESM2-LE after removing external forcing. Positive differences

in probabilities (green) illustrate that the modes’ influence on CEs increases in the future while negative

differences in probabilities (pink) illustrate that modes’ influence decreases in the future.
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throughout the 21st century [49–51]. We find that the conditional frequency changes under the

PDO are largest in South America (Figure 2.5c, d), throughout central Africa (Figures 2.5c, d),

and in Indonesia in the CESM2-LE (Figure 2.5d). The conditional frequencies under the pos-

itive IOD phase increase across the Indonesian archipelago and decrease across the sub-Sahara

and India in the future (Figure 2.5e). Although existing literature predicts a decrease in future

precipitation over southern Europe under the positive NAO phase [29], the change in conditional

frequencies in most of this region does not reject the null hypothesis of equal frequencies (Figure

2.5g). However, under the negative NAO phase we find an increase of compound events over the

United Kingdom and Ireland, Iceland, and Scandinavia, while there is a decrease in regions sur-

rounding the Mediterranean (Figure 2.5h). The magnitude of change in conditional frequencies

for the NAO is also lower in southern South America when accounting for the PDO’s influence

(Figures 2.5g, A.6). The changes in conditional frequency between phases for ENSO, PDO, IOD,

and the NAO are not identical (or opposite). For example, although conditional frequency for

compound events with El Niño increases across Australia in the future, conditional frequencies for

La Niña stay approximately the same (Figures 2.5a, b). The future conditional frequencies under

the positive IOD phase decrease across the Indian subcontinent but largely stay the same for the

negative IOD phase (Figures 2.5e, f).

2.3.2 Role of External Forcing

Many studies have documented increasing frequencies of hot and dry compound events under

historical and future scenarios [16,32], but few have examined the time of emergence of CEs from

the noise of internal climate variability [34]. Due to the consequential impacts of hot and dry

compound events, identifying how they may change over the 21st century is crucial for adaptation

planning. We use 1850-1900 as our baseline period, retain the external forcing, and compute the

90th percentile of compound events of the 100 members in CESM2-LE at all grid points. The year

of emergence from internal variability is defined to be when the median number of CEs in a five-
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b) c) d)

e) f) g)

Figure 2.6: a) Year of emergence for the ensemble median. White indicates no emergence from the 90th

percentile before 2096. Time series of the five-year forward moving sum of compound events shown for six

locations: b) southeast United States (35.34 N, 88.80 W), c) northern France (48.53 N, 2.50 W), d) northeast

India (24.03 N, 87.50 E), e) southeast Brazil (20.26 S, 51.20 W), f) northeast Nigeria (12.72 N, 13.75 E), g)

eastern Indonesia (0.47 S, 113.80 E).

year forward moving sum at every grid point exceeds the 90th percentile of the baseline (Figure

A.9).

We find that compound events emerge from internal variability before 2025 for most land

regions under SSP 3-7.0 (60% of land area, excluding Antartica, Figure 2.6a). The majority of the

Southern Hemisphere emerges prior to 2025 (87% of land area, excluding Antartica), except for

portions of central Africa and southern South America. In contrast, there is far more heterogeneity

in emergence timing over the Northern Hemisphere, with only 50% of the land area emerging

prior to 2025 (Figure 2.6c). Regions with the highest frequency of CEs in the early historical period
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(Figure 2.1a, c) display a wide range of emergence times. For example, northern Brazil and eastern

Africa exhibit similar frequencies of CEs between 1850-1950 (Figure 2.1a), but northern Brazil

emerges around 2003 while eastern Africa still has not emerged by the end of the 21st century

(Figure 2.6a). Differences in precipitation trends could account for the emergence differences as

there is a decrease in precipitation over northern Brazil in the 21st century and an increase in

precipitation over eastern Africa, including South Sudan and Uganda (Figure A.12). Southern

Brazil and western Africa exhibit relatively early emergence times (prior to 1965), which may be

driven, at least in part, by the decrease in natural vegetation during that time (Figure A.10).

Time series of compound events for fourteen locations are shown in Figures 2.6b-g and A.11.

Over northern France, as well as other locations across Europe, a consistently increasing trend

of compound events is evident early in the 21st century (Figure 2.6c, A.11). This result is con-

sistent with projections of the global average of hot and dry compound events under SSP 3-7.0

found in previous studies [13, 17]. However, for locations exhibiting earlier emergence, including

southern Brazil and the Indonesian Archipelago, emergence during the 20th century is followed

by stabilization of CE frequencies. This could be due to observed decrease in natural vegetation in

the mid-twentieth century combined with unchanged precipitation patterns across the 21st century

compared to the historical period (Figures 2.6e, g, A.10, A.13). Other regions with historically low

frequencies, including northeast India and northeast Nigeria, show minimal changes under climate

change (Figures 2.6d, f).

2.4 Conclusion

In this study, we explored the roles of internal climate variability and external forcing as drivers

for hot and dry compound events in the CESM2-LE, defined by using the 90th percentile of

monthly temperature and the 10th percentile of monthly precipitation rate at each land gridpoint

over the globe. We analyzed the influence of the El Niño Southern Oscillation (ENSO), the Pacific

Decadal Oscillation (PDO), the Indian Ocean Dipole (IOD), and the North Atlantic Oscillation

(NAO) on compound events through calculations of conditional frequencies. We found that ENSO
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had the largest impact on northern South America, the Indonesian archipelago, and the Indian

subcontinent (Figure 2.3a, b) and that conditional frequencies for the positive PDO are higher in

southeast Asia than in Alaska and western Canada, most likely due to precipitation anomaly dif-

ferences that occur during the positive PDO phase across these regions (Figures 2.3c, d, A.8). The

IOD has the most influence over eastern Africa and the Indian subcontinent (Figures 2.3e, f). The

NAO impacts the conditional frequencies of CEs over Europe (Figures 2.3g, h).

Although previous comparisons have been made for the changing magnitude, occurrence, and

severity of compound events due to future increases in external forcing [13, 14, 17, 32], we add

to this by exploring when the occurrence of compound events emerges from internal variability

under SSP 3-7.0 (Figure 2.6a). We find that under climate change, the frequency of compound

events emerges from the noise of internal variability over many land areas before 2025. Regions

with compound events that emerged before 1975, such as southeastern Brazil, may have emerged

earlier due to changes in natural vegetation (Figure A.10). We also find differences in the regional

timeseries of these events (Figures 2.6b-g), and not all locations (i.e. southeast United States,

northeast India) coincide with the average global projection of compound events under SSP 3-

7.0 [17]. This could be, in part, due to the influence of internal climate variability (Figures 2.4,

A.3) as well as precipitation pattern changes (Figures A.12-15).

Our results demonstrate the utility of the CESM2-LE to advance understanding of large-scale,

unforced, internal climate variability and external forcing as drivers of hot and dry compound

events. Although external forcing will impact compound events in the future over many regions, we

show that internal variability will continue to be a strong influence. To quantify this influence, we

first used SST composite maps during compound event months to motivate our choice of climate

modes. We then leveraged the CESM2-LE to provide a comprehensive global analysis of four

large-scale climate modes. Our analysis of the joint influence of ENSO, PDO, IOD, and NAO as

drivers of hot and dry CEs adds to the literature that has almost exclusively focused on ENSO’s

influence. We then quantified frequency differences between the historical and future period due

to possible changes in future internal variability.
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The time of emergence of compound events is underexplored. We quantified the time of emer-

gence of hot and dry CEs under SSP 3-7.0 and visualized the spatiotemporal patterns associated

with this emergence. Investigation into other scenarios would assist in understanding the range

of possible CE emergence. Expanding such analyses can improve understanding of these events’

response to internal and external climate drivers, aiding in preparation for the future compound

event changes.
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Chapter 3

Future Work

In this thesis, we first investigated internal variability as a driver of hot and dry compound

events in CESM2-LE. This work could be expanded to explore combinations of the four mode

phases in our study – ENSO, PDO, IOD, and NAO – and how their interactions influence the

frequency of hot and dry compound events. Understanding how combinations of drivers dampen

or amplify the occurrence of compound events would enhance regional preparation capabilities.

Leveraging a large ensemble to examine combinations of modes at a global scale allows a larger

sample size of co-occurring modes than if observations alone were used, which has been demon-

strated in regional-scale analysis [25]. Incorporating this on a global scale provides information on

drivers of compound events for regions, such as the “Global South”, where such studies are lack-

ing [18]. Furthermore, the incorporation of other large-scale modes that have been shown to exert

influence over hot and dry compound events in specific regions, such as the Atlantic Multidecadal

Oscillation (AMO) [8], could also be included in future studies.

In this work, we also found that under SSP 3-7.0, which is a particularly high emission sce-

nario, 60% of land area (excluding Antarctica) emerged before 2025. Exploring the emergence

of compound event frequency in higher and lower emission scenarios (i.e. SSP 5-8.5, SSP 2-4.5)

would further assist in understanding the potential range of compound event occurrence in the 21st

century. Furthermore, regions may temporarily emerge from internal variability and then return

to the range of internal variability before ultimately emerging or not emerging by the end of the

century. This concept can be referred to as the period of emergence and drivers of this tempo-

rary emergence may vary across different regions [34]. Further study on the period of emergence

including what drives them would assist in sectors such as agriculture due to enhanced predic-

tion capabilities. For example, while a region in eastern Africa does not emerge by the end of

the 21st century in our study (Figure 6a), certain locations within the region experienced increased

compound events above the range of internal variability for multiple decades before returning. This
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could lead to heightened impacts during this period of emergence compared to when the compound

event occurrence is within the range of internal variability.

Hot and wet compound events, pertaining to either flooding and extreme heat or humid heat/heat

stress, can also lead to human health impacts [23]. Evaluation of these extremes is not analyzed as

often as hot and dry extremes [18, 52]. Existing literature has shown changing occurrences of hot

and wet compound events both in historical analysis [53] and in future scenarios [16, 32, 54], and

are attributed to climate change [55]. Knowledge of the time of emergence as well as the period(s)

of emergence for these events is lacking and should be investigated to further understand how these

compound events respond to climate change. This could be done using SSP 3-7.0 in CESM2-LE

as well as other emission scenarios. Exploring the role of internal variability as drivers of hot and

wet compound events could then be investigated through use of the large ensemble to assist in

explaining the time and period(s) of emergence of hot and wet events.
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Appendix A

Supplementary Figures
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N = 31

N = 24

N = 5N = 565

N = 3,912

N = 2,605

Figure A.1: As in Figure 2 but for northeast India (24.03 N, 87.5 E), central United States (38.17 N, 96.2

W), and Reykjavik, Iceland (64.55 N, 22.2 W).
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N = 22N = 1,959

N = 27N = 2,398

N = 19N = 1,941

Figure A.2: As in Figure 2 but for central United Kingdom (52.3 N, 2.5 W), Hungary (46.65 N, 16.25 E),

and eastern Norway (59.84 N 11.25 E).
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Figure A.3: As in Figure 3 but for one mode in each conditional.
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N = 46 N = 123

Figure A.4: As in Figure 4 but for one mode in each conditional.
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Figure A.5: As in Figure 5 but for one mode in each conditional.
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Figure A.6: As in Figure 5g, h but for neutral PDO and ENSO phases.
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Figure A.7: Mean surface temperatures for all months that contain the specific climate mode phase.
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Figure A.8: As in Figure A.7 but for precipitation rate anomalies.
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Figure A.9: Annotated schematic of the calculation of time of emergence in Figure 6b-g.
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Figure A.10: Changes in natural vegetation in the Community Land Model in CESM2-LE for years 1850-

1975. Blue indicates a decrease in natural vegetation and red indicates an increase in natural vegetation

coverage.
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Figure A.11: As in Figure 6b-g but for locations over western Kenya (0.50 S, 35 E), southeast Angola

(15.55 S, 21.25 E), Madrid, Spain (40.05 N, 3.8 W), Freetown, Sierra Leone (8.95 N, 13.8 W), central

United Kingdom (52.90, 1.75 E), Reykjavik, Iceland (64.55 N, 22.5 W), Yellowstone, Wyoming (44.76 N,

111.2 W), and southwest California (35.34 N, 121.2 W).
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Figure A.12: Precipitation, temperature, and time of emergence timeseries for grid cells over northeast

Brazil (3.298 S, 60 W) and southern South Sudan (5.183 N, 32.50 E).
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Figure A.13: Precipitation and temperature timeseries for grid cells over eastern Indonesia (0.47 S, 113.80

E), southeast United States (35.34 N, 88.80 W), northern France (48.53 N, 2.50 W), and southeast Brazil

(20.26 S, 51.20 W).
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Figure A.14: Precipitation and temperature timeseries for grid cells over northeast India (24.03 N, 87.50

E), northeast Nigeria (12.72 N, 13.75 E), western Antarctica (76.81 S, 80 W), and central Greenland (75.86

N, 40 W).
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Figure A.15: Precipitation and temperature timeseries for grid cells over southern Alaska (60.79 N, 113.8

W), northern Australia (15.55 S, 126.2 E), southwest Australia (32.51 S, 118.8 E), and Freetown, Sierra

Leone (8.95 N, 13.8 W).
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