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Abstract. Compound hot and dry and dry-to-wet seesaw events are hydrometeorological extremes that involve the propagation
of water deficits through the hydrological cycle, driven by multiple interactions between precipitation, temperature and soil
moisture. Here we demonstrate new understanding of such events gained by directly modelling these interactions using copulas
rather than treating each variable separately. New Zealand makes for a useful case study, owing to the occurrence of relatively
high-magnitude extremes across strong hydroclimatic gradients. Standardised indices are constructed for soil moisture,
temperature and precipitation using ERA5-Land for 1950-2021. A conventional bivariate copula model is used to capture the
joint variation between precipitation and soil moisture indices for seesaw events, with a mere-nevel-trivariate (vine) copula
used for modelling all three indices during compound events. Differences in compound event detection are strongest in eastern
regions, where evapotranspiration is more important for dry phase development. The copula approach reveals more
frequent/extreme occurrence of compound events compared to coincident extremes in separate variables: for a 1-in-100-year
vine copula event the equivalent magnitude coincident soil moisture and temperature extreme is a 141-year event (171-year
for the coincident precipitation-temperature event). Large differences in seesaw event detection also occur in the east:
compared to a 1-in-100-year bivariate copula event the equivalent soil moisture extreme is less frequent (126 years) but the
precipitation extreme more frequent (65 years). These results highlight the advances that a copula approach can provide in
terms of better understanding the magnitude-frequency characteristics of compound and seesaw events, as well as their drivers

— critically important for managing the impacts of these events, especially in the context of climate change.

1 Introduction

Extreme hydrometeorological events such as drought, floods and heatwaves pose a substantial risk to life (Moravec et al.,
2021), economics (Wittwer and Waschik, 2021) and ecosystem function (Bastos et al., 2020). Recent focus on these
hydrometeorological events has revealed a shift towards a more holistic examination of their occurrence across the wider
hydrological cycle (Ward et al., 2020). Two examples of these types of hydrometeorological events are compound (i.e.
multivariate) and seesaw (i.e. temporally compounding) events (Zscheischler et al., 2020). Compound events result in

disproportionately larger effects than the sum of their individual parts (Alizadeh et al., 2020), with multiple (coincident) drivers
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causing one or more hazards — for instance, drought and heatwave resulting from compound hot and dry events (Zscheischler
et al., 2020).

Temporally compounding events are a succession of consecutive hazards whose effects are amplified as a result (Zscheischler
et al., 2020). While these may be a clustering of the same event type (e.g. two cyclones in quick succession), they can also be
a consecutive occurrence of different hazards such as a drought followed by a flood (Zscheischler et al., 2020). In the case of
the drought-to-flood transition (also termed seesaw event) the change may be rapid, and can represent a substantial risk due to
competing requirements for hydrological management (i.e. storage versus flood mitigation; Brunner, 2023; Ward et al., 2020).
Hot and dry compound and dry-to-wet seesaw events both require some form of quantification of dry or drought conditions.
There are well-documented classifications of drought e.g. meteorological, hydrological, agricultural_drought (Mishra and
Singh, 2010), reflecting a core hydrometeorological principle: drought can occur in different parts of the hydrological cycle.
Accordingly, any investigation of hot and dry compound and dry-to-wet seesaw events should consider where the deficit of
water occurs, e.g. compound events defined by soil moisture (Bastos et al., 2020) or precipitation (Zscheischler and
Seneviratne, 2017). Similarly, an investigation into seesaw events, involving a transition out of (or into) a dry period or drought
should also consider the appropriate component of the hydrological cycle.

Compound hot and dry events are typically exacerbated by positive land-atmosphere feedback relationships as the surface
dries out (Dirmeyer et al., 2021). Consequently, some representation of soil moisture dynamics is required to understand these

events. Despite the requirement to understand soil moisture dynamics when characterising compound hot and dry events,

precipitation-based metrics are often utilised as a means to quantify the dry phase in these events (e.g. Bevacqua et al., 2022;

De Luca and Donat, 2023; Zscheischler and Seneviratne, 2017), taken together with long accumulation periods. However,

declines in precipitation propagate through the hydrological cycle at different rates depending on the underlying landscape
characteristics (amongst others), meaning the use of one accumulation period as a proxy for agricultural drought across varied
climates and regions may be problematic (Afshar et al., 2022; Orlowsky and Seneviratne, 2013).

The use of copulas to investigate the joint probability of precipitation and soil moisture provides a method to investigate
simultaneously different aspects of the hydrological cycle - by not focusing on a single variable and one form of drought, they
allow for the statistical integration of water deficits across different components of the hydrological cycle (Kanthavel et al.,
2022). When employed as a detection metric for compound hot and dry events, this statistical integration provides a wider

event space than the conventional approach of analysing coincident changes in separate precipitation/soil moisture/temperature

metrics-approach (Hosseinzadehtalaei et al., 2024). Copulas also provide a means to capture essential characteristics from
differing hydrological cycle components, such as the early onset of drought (i.e. precipitation deficits) and an adequate
representation of both drought duration and propagation via the relatively slower soil moisture declines and recovery
(Cammalleri et al., 2024; Hao and AghaKouchak, 2013), although relating such transitions back to hazard management may
be troublesome (Brunner, 2023).

For seesaw events, all dry phases of the hydrological cycle and the associated transfer into a wet phase are of interest: i.e.

meteorological transitions via precipitation (Zscheischler and Seneviratne, 2017), hydrological transitions via flow records
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(Parry et al., 2016), or agricultural transitions via soil moisture proxy metrics (De Luca et al., 2020). Therefore, the targeted
transition (e.g. meteorological, hydrological etc.) should be made clear to ensure the appropriate measurement is used.

Although compound and seesaw hydrometeorological extreme events occur globally (He and Sheffield, 2020; Zscheischler et
al., 2020), New Zealand represents a particularly interesting case study. New Zealand encompasses a range of both climate
and hydrological regimes (Biggs et al., 2008), with its latitudinal extent ranging from sub-tropical to temperate and topographic
variation leading to both extreme wet (>12,000 mm per year) and dry (<400 mm per year) conditions as well as seasonal snow
cover across high elevation regions. Its exposure to heatwaves (e.g. Harrington 2021), occasional tropical cyclone remnants
(Sinclair 2002, 2004) as well as being a global hotspot for atmospheric rivers (Guan et al., 2023) result in both relatively high
magnitude hydrometeorological extremes and substantial regional variation therein. With a reliance on hydropower for
electricity generation (Purdie, 2022) and a large primary sector focused on agriculture, the impacts of these events can be
substantial for life, livelihoods and the wider environment (e.g. McAneney et al. 2022). Accordingly, understanding how
compounding hot and dry conditions or rapid hydrometeorological transitions occur is critically important. However, previous

research here has typically focused on_analysis of coincident_extremes in separate variables for compound events, or

consecutive approaches to analysing how extreme precipitation_and/or; temperature subsequently relate to and-soil moisture

interact-in-compound-andfor seesaw events (Bennet et al., 2023).
Bearing in mind the potential for copula approaches to provide improvedaew understanding of that-ean-be-generated-by—the

use-of copulas-to-directhy-integratehow -hot-to-cold andwith wet-to-dry dynamics are connected, here we aim to shed new light

ndetermine-whatnew-understanding theirapplication-canprovide-for the characterisation-of the hydrological cycle processes

that underpin extreme hydrometeorological compound and seesaw event occurrence in New Zealand. In this context, the
objectives of this study are to: (1) determine the difference in occurrence and characteristics of extreme hydrometeorological
compound and seesaw events in New Zealand between copula-based methods and conventional coincident/consecutive
approaches; (2) highlight the regional variation in compound and seesaw event guantifieation—characteristics dependent on
climatic setting, and (3) provide recommendations, where appropriate, as to the usage of detection methods for compound and

seesaw events.



2 Data and Methods

An outline of the selected data sets and different components of the methods is provided in Fig. 1.
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90 Figure 1: Flowchart illustrating the methodological procedure and steps performed in the current work to construct

— Goodness of Fit Tests

the multivariate index using both bi (Standardised Bi-Copula Index; SBI) and vine (Standardised Multivariate Index;
SMI) copula methods.

2.1 Location and Datasets

95 New Zealand is an island nation located in the midlatitudes of the southwest Pacific. The country is characterised by two main
island masses, aptly named the North Island and South Island, with the northeast-to-southwest aligned Southern Alps being a
dominant feature of the South Island. The country is surrounded by ocean, including the Tasman Sea to the west, Southern

Ocean to the south, and Pacific Ocean to the north and weast. While this geographic setting and associated range of

hydroclimatic regimes means that New Zealand dees—provides an ideal testing ground for research on extreme event

100 propagation through the hydrological cycledue-to-the laree variety-ofhydroclimatic resimes-across-small spatial seales, direct
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comparison with equivalent regimes globally is not attempted hereinthe-applicability-of these reeimes-as—aproxyfor-wider
slobal-hydroclimatic regimes-istessunderstood. Accordingly, Wwithout explicit analysis onprierunderstandineof the cross-

applicability of hydroclimatic regimes, the transferability of the present findings should be made with caution. It should be

noted however that with testing showing the presence of dry, wet and transitional regimes (Bennet et al., 2023) confidence is

present on the cross-applicability to these forms of hydroclimatic regimes.

Data were obtained from the European Centre for Medium-Range Weather Forecasts (ECMWF), specifically precipitation,
temperature and soil moisture (0-1 m depth) from the European ReAnalysis 5th Generation Land Component (ERAS5-Land)
dataset (Mufioz-Sabater et al., 2021). The ERAS5-Land dataset has shown suitable soil moisture representation in Bennet et al.
(2023), although the limitations in the spatial representation of temperature and precipitation in the context of finer scale spatial
gradients are acknowledged (Pirooz et al., 2021). ERAS5-Land is available at a resolution of 0.1° x 0.1° and at an hourly
temporal resolution. Soil moisture was represented across the 0-1 m depth zone (root zone), with Hirschi et al. (2014)
previously establishing the root zone as having a key role in the modulating effect of soil moisture on extreme
hydrometeorological events.

Data were obtained on an hourly time step for the period 1 January 1950 to 31 December 2021 across the wider New Zealand
domain (166.30°- 178.70° E longitude and -47.50°- 34.30° S latitude). Total precipitation from ERA5-Land was accessed as
an accumulated value, with the time step 00:00 selected to represent the previous days accumulated precipitation. Hourly data
for soil moisture were aggregated into daily means, while hourly temperature data were used to find the daily maximum
temperature. Total precipitation was converted to mm of water, while maximum temperature was converted to degrees Celsius.
Soil moisture was accessed on three levels representing the top 1 m depth of soil: 0-7 cm, 7-28 ¢cm and 28-100 cm. Each depth
was converted to mm of water by multiplying by the specified depth before combining all three levels to result in total soil
moisture (mm) in the 0-1 m depth. Leap year days were removed from all datasets for ease of calculation (Bennet and Kingston,

2022).

2.2 Standardised Indices

To model the land - atmosphere interaction, standardised indices were selected due to their multi scalar properties—(both
spatially-and-temporally). Specifically, the Standardised Precipitation Index (SPI;} (McKee et al., 1993)-(preeipitation), the
Standardised Temperature Index (STI:} (Zscheischler et al., 2014) (for maximum temperature) and the Standardised Soil
Moisture Index (SSMI:3} ¢Sheffield and Wood, 2007; Xu et al., 2018)-(set-meisture) were calculated. A 30-day accumulation
period was selected, representing a monthly time step. 10- and 90--day sensitivity testing are shown in the supplementary

material (Fig S4, Eig—S45, Fig. S56, Fig. S67). Broadly, the 10- and 90--day testing showed similar spatial patterns to the 30--

day accumulation here-chosen here, with fewer (more) events which were both-less (more) intense, and-less (more) severe, and

of shorter (longer) duration under the 10- (90-) day accumulation periods. The standardised indices were constructed on a daily

time step, requiring the fitting of 365 parametric distributions (Stagge et al., 2015). The normalisation process was performed

relative to the reference period 1961 to 1990 in accordance with World Meteorological Organisation (2017) guidelines for
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climate change assessments. To ensure consistent representation of standardised univariate relationships, the sign of maximum
temperature was first reversed. Parametric distributions were fitted as: Beta (SSMI), Gamma (SPI) and Normal (STT) (Sheffield
and Wood, 2007; Stagge et al., 2015; Zscheischler et al., 2014).

2.3 Multivariate Indices: Vine Copula and Bivariate Copula

To model the land - atmosphere interaction via a multivariate methodology, copulas were chosen as they have the unique
advantage that the construction of the joint distribution is without any constraints on the marginal distribution of the chosen
random variables (AghaKouchak et al., 2010). A limitation of the conventional copula approach is the difficulty in modelling
dependence relationships inhigherdimensions—i-e—beyond two dimensions or variables (Hao and Singh, 2013; Kao and
Govindaraju, 2008). However, vine copulas (also termed Pair-copula constructions) are increasingly being-used for this task
(Bevacqua et al., 2017; Wu et al., 2021). Different copulas are used as building blocks for the vine copula, by modelling the

bivariate dependence structures (i.e. copulas) for each variable pair (Erhardt and Czado, 2018). Like bivariate copula studies

Vvine copulas have also been employed in drought research within the atmospheric and hydrological sciences (Wu et al.,

2021).and are here used for comparative insights between the bi-variate pairing-although-theiremploymentremainsrelatively
rovelin-the-atmosphericand-hydrological seicnees-when-compared-to-bivariate-copu ueies. As described by Sklar (1959),

the joint multivariate distribution (F) can be described as:

F(x) = C{F;(x1), ..., Fa(xa)} )
where x;, ..., xs denotes a setting of d relevant variables, F, ..., F; the marginal distributions and C is a copula (itself a d-
dimensional distribution function on [0, 1]; with uniform margins) (Erhardt and Czado, 2018).
Following the methodology of Erhardt and Czado (2018), the copula data that are obtained from the marginal models
corresponding to d different drought variables can be described as:

u = (Uq, ..., Ug) ?2)

where u; = (1), j =1, ..., d and u; are the copula data corresponding to variable ;.

2.3.1 Preliminary work on Vine Copula Structure

A C-Vine structure was selected for Vine Copula construction, with testing (not shown; utilizing the algorithm of Dissmann
et al. (2013)) revealing the conditional/root variable precipitation as the optimal variable. Figure S2 (top right) shows the
variable order represented by precipitation-soil moisture-temperature, which in real terms results in precipitation having a
direct impact on soil moisture, and an indirect impact on temperature (as temperature can vary depending on soil moisture and
the associated energy balance partitioning (Seneviratne et al., 2010)). Bivariate copulas are therefore required to be established
between precipitation and soil moisture (edge 1,3), precipitation and temperature (edge 1,2) and temperature-soil moisture,

conditional on precipitation (edge 2,3:1). As noted by Aas et al. (2009), vine copulas can be used to model multivariate data
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acting on two variables at a time, offering a way in which to construct higher-dimension copulas. For a three variable example,

the vine copula density c¢ is given as:
c(ug, up,uz; ) = C1,2 (u1. Uy; @1,2)01,3 (u1; Usz; @1,3)02,3;1{h2|1(u2; Ug; @1,2), h3|1 (us; Uy; @1,2)i 02,31} 3
where c12, ¢1,3 and ¢y 3;1 are the pair copula densities corresponding to the copulas Ci 2, Ci 3 and Cs 3.1. The h-functions involved

are defined as /pa(us, ua; O) = Cpa(uslua; @), where Cy, denotes the conditional distribution function of Uy given U, (Erhardt

and Czado, 2018). Copula selection was from a family made up of Clayton (lower tail), Frank (symmetrical) and Joe (upper

tail), with optimal copula selection across New Zealand identified in Fig. 2, which in turn captures the regional hydro-climatic

variation across the country. Additional methodological detail is contained in Text S1, Text S2, and Table S1.
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Figure 12: Spatial comparison of the optimal copula family for the pair copulas: Precipitation-Soil Moisture (a);
Precipitation-Temperature (b) and Temperature-Soil Moisture, given Precipitation (c). Optimal family was determined

using AIC for the period 1 January 1950 to 31 December 2021 and covering the entirety of New Zealand.

2.4 Construction of Copula Indices

2.4.1 Multivariate Vine Copula Index

After fitting a copula for each grid cell and calendar day, the resultant copula data (encompassing precipitation, maximum

temperature and soil moisture; Table 1) were transformed into independent data in the [0, 1] space using a probability integral
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transformation (the Rosenblatt transformation (Rosenblatt, 1952)). The Rosenblatt transforms v := (v, ..., v4) on the basis of

the selected vine copula C for the data u = (uy, ..., ug) is defined as:

Vg = Cd|1,...,d—1(ud|u1' e Ug—1) C))
where Cjji, ., /-1 is the conditional cumulative distribution function for variable j given the variables 1, ..., j— 1 forallj=2, ..,
d. In the Canonical Vine (C-Vine) context the order of the variables is determined by the selected order of root variables
(Erhardt and Czado, 2018). Following the transformation into the [0, 1] space, the data is-are further transformed into a standard
normal distribution using the inverse of the cumulative distribution function of a standard normal distribution:

pj = @71 (v) )
before being aggregated and standardised to the final Standardised Multivariate Index (SMI):

da
1 ()

Limits of -3/3 were also imposed to ensure reasonableness with the extrapolation of return periods (Stagge et al., 2015). Each
calendar day was then placed back into a sequential time series within each grid cell, resulting in the construction of the
Standardised Multivariate Index (SMI). The SMI was then employed to characterise compound events. The 30-day
accumulation was chosen due to the desired focus on monthly accumulations, with existing research on compound (Feng et
al., 2021) and seesaw events (He and Sheffield, 2020) employing a similar one-month accumulation. Fig. S8 illustrates a
clustering performed on a 1-day accumulation of the SMI, highlighting known climatic regions of New Zealand when clustered

outside temporal auto-correlation, while additional methodological detail is contained in Text S1, Text S2, and Table S1.

2.4.2 Bivariate Copula Index

An additional bivariate copula index was also constructed, the Standardised Bivariate Index (SBI), following the same
procedure listed-as for the SMIabeve- (with the exclusion of the vine copula components; Fig. S121). A bivariate copula index
was constructed between soil moisture and precipitation (Table 1), to enable a comparison of these variables outside of the
influence of temperature (i.e. the SBI is used to characterise seesaw event), with the bivariate copula construction between
precipitation and soil moisture being a common copula pairing in multivariate hydroclimatic studies (AghaKouchak, 2015;

Hao and AghaKouchak, 2013; Hao and AghaKouchak, 2014).

Table 1: Climate indices constructed and used and their abbreviations.

Index Variable Abbreviation
Standardised Precipitation Index Total Precipitation SPI
Standardised Temperature Index Maximum Temperature STI
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Standardised Soil Moisture Index Soil Moisture (1 m) SSMI
Standardised Bi-Variate Index Total Precipitation and Soil Moisture SBI
Standardised Multi-Variate Index Total Precipitation, Maximum Temperature SMI
and Soil Moisture

2.5 Data Processing: Compound and Seesaw Events

Following the construction of the vine copula (SMI) and bivariate (SBI) indices, the relative performance of each approach
was assessed against the more eemmenty-conventionalempleyed coincident and consecutive approaches. Compound events
were identified as the occurrence of low soil moisture (or precipitation) at the same time as that of high temperatures (De Luca
and Donat, 2023). For the concurrent approach, a compound event day was identified if both STI and SSMI (SPI) were at or
below -1, with dryness therefore defined by soil moisture (precipitation). For the vine copula, a compound event day was
identified if the SMI and STI were both lower than -1 with dryness therefore defined by the joint probability between
temperature, soil moisture and precipitation.

For seesaw events, the consecutive approach defines seesaw transitions as changes from dry to wet conditions (separately
defined by single variable(s)) (He and Sheffield, 2020). Here, seesaw events were defined as the transition from -1 to +1 on
the selected univariate (SPI or SSMI) indices. Bivariate transitions were identified as transitions from -1 to +1 on the SBI-30
index. Each index (SPI, SSMI and SBI) was first filtered to find both dry (-) and wet (+) phases that lasted longer than 30-days
and that at least one day surpassed the threshold of -1 (dry) and +1 (wet) in standardised values. Seesaw events were defined
as transitions from these dry to wet phases, utilising a 30-day buffer i.e. a wet phase must begin within 30-days of the dry

phase ending.

2.5.1 Compound and Seesaw Event Frequency

To investigate the differences in event detection between the-coineident{conseecutive)-and-SMI{SBH-approaches, binary event

occurrences were developed at each grid cell. These were then evaluated by comparing the-event detection considering the
SMI/«SBI} approach as the true detection and developing a confusion matrix (e.g. error matrix). To illustrate, any day where
both the SMI (SBH-and coincident (or SBI and consecutive) approaches detect the same compound/«seesaw?) event is classed
as a true positive, while any day where both approaches do not detect an event is classed as a true negative. If the SMI/(SB)
approach detected a compound/{seesaw) event day; which was not detected by the coincident/-(consecutive} approach, then
this was classed as a false negative, while the detection of a compound/-(seesaw} event day under a coincident/-(consecutive)
approach which is not present in the SMI/<SBI) approach is classed as a false positive. The results at each grid cell were
summarised by taking the mean across all days. For all compound event days at each grid cell, as defined by the SMI threshold,
the mean of the STI and either the SPI or SSMI were extracted, as well as the STI value in isolation. These were then visualised

as density plots of all grid cells. For seesaw events, density plots were constructed using the mean value for each grid cell as
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defined by the SBI approach; i.e. the value of the SPI, SSMI and their mean for the same days that SBI identifies a seesaw

event.

2.5.2 Run Theory

Run theory, commonly applied to drought analysis to calculate severity, intensity, duration and frequency (Panu and Sharma,
2002; Yevjevich, 1972), was used here to further investigate the differences in the representation of both compound and seesaw
events under each classification. Frequency was defined as the total number of events. Duration is defined as the number of
days below the exceedance thresholds_for {compound events.} or the average length of all seesaw events. Severity is defined
as the cumulative sum of all index values. For compound events, the severity and intensity metrics for the coincident
classification criteria were treated as the mean of the SSMI and/ STI, or SPI_and/ STI. To minimise the effects of minor
compound events, only those events which exceeded 14 days were investigated. Intensity is defined as the average of the index
value for compound event days, while for seesaw events the intensity metric was replaced with anew-metrie:-phase domination.
Phase domination was defined as the combined total of both the lowest (dry) and highest (wet) value during the event, with
negative values thereby indicating relatively stronger dry phases compared to the wet phase of the seesaw event (and vice

versa).

2.5.3 Compound and Seesaw Event Characteristics

The onset rates (maximum compound event value over number of days to reach said value from the start of the event) and
termination rates (maximum compound event value over number of days to cessation of event) were compared between each
classification criteria for compound events, with the multivariate (SMI) approach used as the baseline — i.e., SMI compared to
coincident SSMI/STI, SMI compared to coincident SPI/STI (Fig. S23; a-b). For seesaw events, the average transition time for
each event was established for each grid cell, by taking the average number of days between the peak dry period and peak wet
period, for all events at each grid cell, following the methods of Rashid and Wahl (2022). Differences between dry termination
rates (minimum dry phase value over number of days to reach zero) and wet onset rates (maximum wet phase value over
number of days to reach said value) were also calculated on a grid cell level-basis (termed slope rates). Statistical significance
was calculated using a t-test (Student, 1908), with 2000 iterations of a bootstrapping procedure performed (Wilkes, 2019), and
adjusting p-values for spatial autocorrelation using the False Discovery Rate (FDR) approach (Wilkes, 2016). This method of

comparison enables statistical confidence in the identification of events, but it should be noted that the suitabilityle of the

method at detecting historical events remains to be tested. In turn, this work will enable this future alignment by providing the

necessary event identification to ensure robust statistical testing.

10
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3 Results
3.1 Compound Events

The coincident-approach low precipitation and high temperature metrics (SPI and STI) are in strongest agreement in the
detection of compound event days with the SMI, with strong true positive (0.95) and true negative (0.95) values (Table 2).
Conversely, coincident low soil moisture and high temperature (SSMI and STI) haves lower agreement in compound day
detection compared to the SMI approach, with true positive rates of 0.75; i.e. only 75% of SMI defined compound event days
are captured by the coincident approach of low soil moisture and high temperature. Despite this, true negative rates remain

high (0.94).

Table 2: Confusion matrix for compound event detection. The matrix is created by treating the multivariate (SMI)

detection as the true event occurrence.

Classification | True Positive | True Negative | False Positive | False Negative
Soil/Temp 0.75 0.94 0.06 0.25
Precip/Temp 0.95 0.95 0.05 0.05

A comparison of the relative severity of hot and dry compound events between the SMI and individual indices was achieved
through analysis of SPI, STI and SSMI values on days when the SMI was below -1 (Fig. 32; d). These results showed that the
STI is typically more extreme than the SMI (STI mean of -1.76 vs. -1.58 for the SMI), while the SPI and SSMI are less extreme
in the same situation (mean values of; SPI -1.11 and SSMI -1.02).

11
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Figure 32: Duration (a), severity (b) and frequency (c) (y axis), mapped against intensity (common x axis), represented
by the mean metric value at each grid cell. Note the different x and y scales within and between plots. Plots are for the
multivariate (SMI) and coincident (SPI and STI; SSMI and STI) classification techniques. Also included are density
plots (d), showing the distribution (SPI, SSMI and STI) during hot and dry conditions defined by the multivariate

approach (SMI), with vertical dotted lines representing mean values.

SMI defined compound days are more frequent (median occurrence of 65 events) but less intense (median value of -1.62),
while coincident SPI and STI, and coincident SSMI and STI, reveal less frequent (SPI/STI: 34, SSMI/STI: 47) and more
intense (SPI/STI: -1.77, SSMI/STI: -1.67) events (Fig. 23; a-c). This means that nationally there are 63% more events when
defined by SMI compared to coincident SPI/STI, and 32% more events when defined by SMI compared to coincident
SSMI/STI.
Meanwhile;eCoincident SPI/STI compound events are characterised by shorter duration (24 days) and lower severity (absolute
value of 44), compared with SMI events (28 days and absolute severity of 47). In contrast, coincident SSMI/STI are
b ised-displayas longer duration (32 days) and higher severity (absolute value of 55) compared with SMI events. SMI
defined compound days indicate much closer agreement countrywide, with less overall variation (and lowest values overall)

in the relationship between intensity (value range of 0.23).-and duration (day range of 11) and/ severity (absolute range of 19).
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Spatial variation is the lowest for SMI defined compound days, with the least variation in intensity, duration and severity (Fig.
43; c, f, it). Frequency (j-1) shows the most variation for run theory metrics (between 46 and 87 events), although compared to
coincident metrics the variation is weaker (SPI and STI, frequency range between 15 and 58 events; SSMI and STI, frequency
range between 14 and 66 events). Coincident SSMI and STI indicates the largest variation and highest values in all run-theery
metrics<{a;-b;-e-e-e-h19. Spatially, this large variation is expressed across the North Island (duration; 18 days and severity;
absolute value of 39), with an extension into the west coast of the South Island for the intensity metric (variation in values of
-0.28). The highest frequency of events (50 days) is visible across the upper east coast of the South Island and large parts of
the North Island (52 days) under the coincident SSMI and STI approach, but remains less than the frequency expressed by the
SMI approach (east coast of South Island: 72, North Island: 65).

All three approaches indicate longer duration (Fig 34; a-c) and stronger severity (d-f) of compound events in the mid and upper
far north of the North Island - albeit with less extreme values expressed in the SMI (8 days duration; 8-days-and-severity:
absolute value of 13) compared to coincident SSMI and STI. Intensity (g-i) is the most spatially variable of the metrics
employed, with the most intense compound days across the upper and middle North Island and south of the South Island
measured using coincident SPI and STI (mean minimum value of -1.8). This is captured to a lesser extent within coincident
SSMI and STI (-1.7), and the SMI (-1.7). As a whole, intensity expressed by the SMI displaysis the least variationvariable
amongst the three approaches, with the lowest intensity events across the east coast of both islands (mean value of -1.6). The
mid and east coast of the North Island and mid to upper east coast of the South Island indicate the most frequent occurrence
of events (j-1), with the SMI having 72 events compared to the coincident SPI/STI (42 events) and coincident SSMI/STI (51
events) approaches. For the wet west coast regions of New Zealand, more events are detected under the SMI approach (62
events) compared to coincident SPI/STI (33) and coincident SSMI/STI (44), however such events are of smaller intensity

(SMI: -1.66; SPI/STI: -1.83; SSMI/STI: -1.77).
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320 Figure 43: Average duration (a-c), severity (d-f), intensity (g-i) and frequency (j-1) of compound events on a grid cell

325

basis for the period 1950-2021. Showing the coincident of -1 SPI and STI (a, d, g, j), coincident of -1 SSMI and STI (b,
e, h, k) and co-occurrence of -1 SMI and STI (c, f, i, I). Note the differing scales.

Compound event onset is more rapid for the multivariate SMI approach for much of the country. The largest differences in

onset rates of compound events are revealed between those of the coincident SSMI and STI with the multivariate SMI approach
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(Fig. 54; a-b). This consists of stronger onset rates (i.e. quicker onset, more severe or combination thereof) within the
multivariate-SMI approach-against the coincident SSMI and STI approach. These differences are strongest across the west
coast of the North Island (slope differences of -0.08), which is simultaneously the only region with weaker slope rates in the
coincident SPI/STI appreach-compared to the SMI (slope differences of -0.02). Elsewhere, coincident SPI/STI reveals stronger

onset rates, indicating a quicker onset / more severe (or combination thereof) compound events than the multivariate-SMI
appreach-(average slope difference of 0.03).
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Figure 54: Differences in compound event onset slope rates between coincident (SPI and STI) and SMI (a), and

coincident (SSMI and STI) and SMI (b). Average onset rates are calculated for each grid cell for the period 1 January
1950 to 31 December 2021. Note the differing scales. Stippling indicates significance at the 5% level.

An overall general dominance of stronger coincident (SPI and STI) termination rates exists compared to that of the multivariate
SMI termination rates (average slope differences of 0.12; Fig. 465 a-b). This is strongest across the east coast of the South

Island (slope differences of 0.15). The SMI also reveals stronger termination rates compared to the coincident SSMI and STI

approach (average slope difference of -0.05).
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1950 to 31 December 2021. Note the differing scales. Stippling indicates significance at the 5% level.
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3.2 Seesaw Events

There is modest agreement in the detection of dry-to-wet seesaw event days between the SBI appreach-and the consecutive

350

between SBI and SSMI of 0.56 and SBI and SPI of 0.59. True negative rates indicate greater agreement between SBI and

0.25

SSMI (0.81) than the SBI and SPI (0.77), although the differences are minor.

355

16

180

coincident (SSMI and STI) and SMI (b). Average onset rates are calculated for each grid cell for the period 1 January

SSMI and SPI approaches (Table 3). Both true positive and true negative rates are similar between approaches, with agreement



Table 3: Confusion matrix for seesaw event detection. The matrix is created by treating the bivariate (SBI) detection

as the true event occurrence.

Classification | True Positive | True Negative | False Positive | False Negative
Soil (SSMI) 0.56 0.81 0.19 0.44
Precip (SPI) 0.59 0.77 0.23 0.41

SSMI values during SBI defined seesaw events are more strongly negative (i.c. less wet), with mean values of -0.18 compared

|360 to -0.02 in the SBI (Fig. 756; d), and consecutive SPI (0.03). Little dominance in either phase is therefore present for SBI and

SPI seesaw events.
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365 Figure 76: Duration (a), severity (b) and frequency (c¢) (y axis), mapped against phase domination (common x axis),
represented by the mean metric value at each grid cell. Note the difference x and y scales within and between plots.
Plots are for the bivariate (SBI) and consecutive (SPI; SSMI) classification techniques. Also included are density plots
(), showing the distribution (SPI, SSMI and mean of both (SPI and SSMI)) during seesaw events defined by the bivariate
approach (SBI), with vertical dotted lines representing mean values.
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Phase domination, duration and severity all indicate a similar distribution amongst the three classification approaches (Fig.
756; a-c). Consecutive SPI seesaw events occur the most frequently (average of 79 days), while consecutive SSMI seesaw
events show the most variation in event occurrence (variance of 99 events), with longer events generally characterised by a
dry phase dominance (c). SBI seesaw events on the other hand reveal longer duration events (average duration of 149 days) as
wet phase dominance increases, although an apparent tipping point is reached whereby this wet phase dominance becomes
weaker (a).

Consecutive SPI events are of the shortest duration (112 days), with the smallest range in duration (range of 23 days), while
being of the strongest severity (absolute value of 1.0) (Fig. 576; a-b). Consecutive SSMI events are of the longest duration
(233 days), while SBI defined events have the largest range in duration (110 days) and are generally of lower severity (absolute
value of 0.85) i.e. less extreme (a-b). SSMI events are of similar severity to consecutive SPI events (absolute value of 1.0),
with the most severe events being wet side dominated (i.e. wet phase is longer; b-c). This wet phase dominance is most
prevalent in SBI defined seesaw events, while for SSMI defined events longer duration, severe events tend to dominate across
the wet phase (duration of 287 days for wet side dominated events against of 191 days for dry side dominated events; a-c).
Spatially, these differences in seesaw event run theory metrics are expressed as shorter duration events with lower severity
across the west coast of the South Island for both the SSMI (duration of 135 days; severity of 1.00) and SBI (duration of 123
days; severity of 0.84) seesaw events (Fig. 87; a-f). SSMI events are also dominated on the dry side across the west coast of
the South Island (-0.38; h). SPI defined events meanwhile have an average duration of 115 days across the west coast of the
South Island, which is characterised by a dry phase dominance (-0.19 average value; a, g). More generally, SBI seesaw events
show a wet phase dominance across the entire country (absolute value of 0.31), compared to the dry phase dominance shown
in the SSMI (-0.06) and SPI (-0.26) (g-i).

SPI defined seesaw events occur the most frequently, which is strongest across the west coast of both islands with 80 events
under the SPI approach compared to the SSMI (62 events) and SBI (64 events) (Fig. 8%; j-1). Agreement for the frequency of
events across the three metrics is strongest between SBI (62 events) and SSMI (57 events) classifications, with an overall
higher occurrence of events under the SPI (79 events) classification. While the west coast of the South Island remains a high
frequency region under the SPI approach (79 events), more events are detected with the SBI (84 events) and consecutive SSMI
(85 events) approaches. Finally, the east coast of both islands display the greatest variation in event occurrence, with a total

difference of 40 events (SBI: 42 events; SSMI: 53 events; SPI: 82 events).
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Figure 78: Average duration (a-c), severity (d-f), phase domination (g-i) and frequency (j-1) of seesaw events on a grid
cell basis for the period 1950-2021. Showing the concurrent classifications of SPI (a, d, g, j) and SSMI (b, e, h, k), as
well as the bivariate SBI (c, f, I, 1). Note the differing scales.

Seesaw transitions (time from -1 to +1) show an overall longer transition time for SSMI based classifications compared to SPI
and SBI based classifications (Fig. 98 b; transition time of 107 days). The longest transition times are present on the east coast

of both islands for SSMI based classification (132 days), and SBI based classification (88 days), while the SPI classification
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reveals the shortest transition time across the three classification criteria (56 days; a-c). The west coast of the South Island

reveals the shortest transition times, with transition times of SSMI (65 days), SPI (60 days) and SBI (68 days) (a-c).
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Figure 98: Average transition time (days) of seesaw events for SPI (a), SSMI (b) and SBI (c¢) classifications. Transition

time is defined as the amount of time taken to pass from the peak dry value to the peak wet value.

Nationally, SPI defined events have the strongest dry terminations rates (statistically significant; slope difference of 0.04),
while stronger wet onset rates are present for SSMI (average slope difference of -0.01) and SBI defined events (average slope
difference of -0.02) (Fig. 109; a-c). The east and west coasts of the South Island reveal contrasting termination/onset rates to
that expressed by individual metrics. On the east coast, SPI defined events have stronger wet onset rates (minimum slope
difference of -0.05), while SBI defined events have stronger dry termination rates (maximum statistically significant average
slope difference of 0.04) (a-b). For the west coast of the South Island a similar contrast emerges, with stronger dry termination
rates under the SSMI approach (significant slope differences of 0.01) compared to the stronger wet onset rates under the SBI
approach (significant slope differences of -0.02) (b-c).

Differences in event characteristics are strongest across the east coast of the North Island (transitional regime), with long
duration, high severity and low frequency events represented by the SSMI and SBI, compared with the SPI representation as
short duration, low severity and high frequency events. Notable slope rate differences between drought termination and wet

onset are also present (Fig. 109a-c). The slower responding soil moisture indicates much of east coast as having a significantly
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| quicker onset of wet phases (relative to drought cessation) (Fig. 109b). Consecutive SPI also reveals parts of the east coast as
having quicker wet onset phases, although such differences are not significant. Contrasting this, the copula approach reveals

| weaker wet phase dominance across the east coast of both islands (Fig. 109¢c).
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Figure 109: Differences in slope rates between dry termination and wet onset rates of seesaw events for the period 1
January 1950 to 31 December 2021 for SPI (a), SSMI (b) and SBI (¢) classifications. Stippling indicates significance at

the 5% level.
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4.1.1 Examination of Regional Variation in Compound Events

For the east coast of both islands (examples of transitional regimes, being regions where soil moisture constrains
evapotranspiration variability (Seneviratne et al., 2010))), SPI/STI events have the strongest agreement in severity and duration
to the SMI (Fig. 32a-b; Fig. 43a,d). This is in contrast to the longer duration and stronger severity observed within the
coincident SSMI/STI detection method, which also drives their faster onset and termination rates (Figs 5 and 6-32a-b:Fig—43
bye: Fig45a-b:Fig—65a-b). Thus, a more common (and more extreme) temperature anomaly is visible within coincident soil
moisture / high temperature, resulting in longer duration (and subsequently stronger severity) events, reflective of the
underlying surface energy balance exchanges (e.g.. increased sensible heat) taking place during compound event occurrence
(Seneviratne et al., 2010)).

The strong relationship between low soil moisture and high temperature (given precipitation —i.e., lower tail dependence; Fig.
21) in the vine copula results in a more common occurrence of compound events within the SMI than coincident approaches
(i.e. not accounting for the dependence between soil moisture and temperature). A higher frequency of events across the east
coast of both islands is also shown in Bennet et al. (2023), demonstrating the importance of compound events for these regions
of the country, and in agreement with the findings that extreme temperatures impact these regions (Harrington, 2021;
Harrington and Frame, 2022). This is expressed across the east coast regions as high event occurrence across all metrics-{SME:

s}. Put another way, a 1--in--100 year event defined by the SMI across these

east coast regions becomes a 1--in-—-171 (SPI/STI) or 1--in--141 (SSMI/STI) year event. Such variation has vital implications
for hazard management and planning; and illustrates the importance of understanding uncertainty in compound hot and dry
event detection which is driven by the choice of dry indicator (Hosseinzadehtalaei et al., 2024).

The identification of agricultural dry conditions in wet, energy limited regimes (i.e. displaying lower tail dependence;
Cammalleri et al. (2024)) is impacted by the vine copula approach to a greater extent than transitional regimes. The
representation of agricultural drought via the SMI captures a higher occurrence of dry phases, with the lower tail dependence
resulting in the largest difference in event frequency compared to the coincident approaches (Fig. 32a-c). Similar to transitional
regimes, precipitation metrics for agricultural drought identify the least number of compound events, reflecting the delay in
moisture deficit propagation into soil moisture (Zhu et al., 2021). The lower number of agricultural droughts identified using
precipitation metrics is further supported by Bachmair et al. (2018) who identified that meteorological indices (e.g. SPI) were
less informative of agricultural drought across colder/wetter regions in Europe.

Building on the findings of Bachmair et al. (2018) that precipitation metrics are less informative of agricultural drought in wet
regions, the present research generates the greatest disparity between deteetion-methods across wet regions. For example, the
west coast of both islands indicate large variation in events across all three metrics (SMI: 62; SSMI/STI: 44: SPI/STI: 33),
which simultaneously indicate a weaker intensity — - i t i i

SPHST-average-intensity-of —-83).e. more frequent and; less intense under the SMI approach. For the west coast of the

South Island, the high occurrence of events captured by the SMI results in events which are shorter, less severe and less intense
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than the coincident SSMI/STI approach or the high intensity coincident SPI/STI approach. For example, low severity events
(defined as the 25th percentile of SMI events) with a 1--in--100 year return period equate to a 1--in--181 (SSMI/STI) or 1--in--
219 (SPI/STI) year event. Meanwhile, high severity events (75th percentile of SMI) with a 1--in--100 year event (SMI) equate
to a 1--in--160 (SSMI/STI) or a 1--in--210 (SPI/STI) year event. While dry indicator uncertainty for compound hot and dry
events is significant in general (Hosseinzadehtalaei et al., 2024), the regional variation shown here indicates that the greatest

sensitivity to dry indicator selection is found across wet energy limited regions.

4.1.2 SMI Detection of Compound Events

The spatial expressien-variation in event occurrence for New Zealand shown here (0.64 to 1.21 events per year based on the
SMI) is similar to thatwas-alse shown in Bennet et al. (2023), where a range of 0.21 to 1.14 events per year was identified
using coincident SSMI/STI. The coincident metrics currently employed, being SPI/STI (0.19 to 0.92 events per year) and
SSMI/STI (0.21 to 0.81 events per year), both reveal an overall lower frequency compared to that reported in Bennet et al.
(2023). An overall higher frequency of events is present across the entire country for the SMI (median of 65 events) compared
to the coincident approaches (SSMI and STI (47 events); SPI and STI (34 events)) (Fig. 32c; Fig. 43j-1). This is expressed as
a 63% difference under the SMI compared to the coincident SPI/STI approach, and a 32% difference compared to the
coincident SSMI/STI approach. Such differences suggest careful consideration should be made to the choice of dry indicator
for any study involving compound hot and dry events (e.g. establishing trends or projected changes) (Hosseinzadehtalaei et
al., 2024).

Nationally, the soil moisture / high temperature anomaly is more common than precipitation / high temperature (Fig. 32d),
indicating the difficulty of detecting co-occurring low precipitation and high temperature anomalies with the coincident
approach (Tabari and Willems, 2023; Zscheischler and Seneviratne, 2017). The use of precipitation as a proxy for agricultural
drought (coincident SPI/STI) identifies the least number of compound events, an outcome of the delay in moisture deficit
propagation from atmosphere to soil moisture (He and Sheffield, 2020). The usage of any precipitation metric as a proxy for
soil moisture and agricultural dry conditions should only be made after careful consideration of the appropriate accumulation
period, necessitating a regional specific prior analysis and acknowledgement of possible spatial variation in appropriate
accumulation periods (Wang et al., 2022). Without this prior analysis, soil moisture-based approaches should be the default
for investigating compound hot and dry events.

Meanwhile, representing agricultural drought as the dependence between soil moisture and precipitation (Hao and
AghaKouchak, 2013) via the SMI results in the highest detection of compound events-(SM}) nationally. The use-ef-the-vine
copula approach for agricultural drought representation in compound event detection enables a greater understanding of the
impact regional differences in variable anomalies have on compounding conditions (e.g. stronger termination rates for lower
tail dependency regions (east coast of New Zealand) or more frequent events in wet, energy limited regions). The vine copula
approach simultaneously reveals a greater frequency of this agricultural dry phase than selels=independent precipitation or soil
moisture indices (Hao and AghaKouchak, 2013). Accordingly, S-whi i i i i
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the multivariate appreaches(SMI) identifiesy events which
would otherwise go undetected—when—selely—usingsot-meisture. Multivariate approaches may therefore provide a more

accurate description for both risk and hazard management, as well aid-ing accurate identification of wider atmospheric controls

and teleconnections.; byThis more accurate description and identification by mwtivariatethe SMI-appreaches is achieved by

revealing the true probability for hot and dry co-occurrence; and should therefore sheuld-be utilised whenever possible.-

4.2 Seesaw Events

4.2.1 Examination of Regional Variation in Seesaw Events

Similarities between approaches are strongest between-approaches-across wet, energy limited regions. The west coast of the

North Island shows a similar pattern of high frequency occurrence (SBE-64-events: SSME-62-events:-SPE-80-events)-and phase

. Meanwhile, the average transition

domination
time is lowest across the west coast of the South Island under all measurement techniques (Fig. 98a-c). Differences between
approaches are most noteworthy between—approaches—inthe representation—offor slope rate differences between drought
termination and wet onset (Fig. 109a-c). Consecutive SPI values reveals significant parts of the country (upper-mid North
Island, north and south of South Island) as having rapid drought cessation relative to wet onset (Fig. 109a), driven by the return
to relatively wet conditions in these wet regimes (Bennet et al., 2023). For the west coast of the South Island, the SSMI
representation of seesaw events reveals a stronger dry termination rate, evidence of the comparatively wet environment
witnessing a return to the wet, normal conditions. Contrasting this, the eeprla-SBI approach reveals much of the country has
quicker wet phase onsets - it is noted that this is the generally expected response given the required time to recover from dry
or drought conditions (Rashid and Wahl, 2022).

The emergence of stronger wet phases in the SBI across wet energy-limited regions becomes apparent due to the lower tail
dominance (Fig. 2+), whereby agricultural drought detection is greater (Cammalleri et al., 2024)) in the west coast (Fig. 871)
(an outcome of the more common agricultural drought phase driven by the slow responding soil moisture i.e. weaker but more
frequent agricultural drought). In turn, this more common drought phase and lower tail dominance drives weaker termination
rates relative to the onset rate of the wet phase in the SBI-(slope-difference-of—0-02). Contrasting this, consecutive metrics
reveal stronger dry termination rates (Fig. 109¢), a result of the stronger dry phases relative to wet phase (i.e. stronger, less
frequent agricultural drought; Fig. 87g-i).

The west coast of the South Island is characterised by its exposure to the westerly passage of air movement which drives New

Zealand’s weather systems (Macara, 2018), as well as large atmospheric river events which bring substantial precipitation
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(Prince et al., 2021). Therefore, the high occurrence of seesaw events (Fig. 56c) is somewhat expected. Further, De Luca et al.
(2020) note a domination of wet over dry extremes in wet climates across the globe. Combined with a greater identification of
agricultural drought across these wet regions (i.e. lower tail dependence; Cammalleri et al. (2024)) (Fig. 24), a relatively high
number of both dry and wet events results, with a subsequent increased likelihood of these occurring consecutively. However,
of note is the severity of such events being comparatively minor, likely driven by their short duration (Fig. 87a-c).

The consistent finding that seesaw events on the South Island west coast are typically high frequency, short duration and low
severity for each of the SBI, SSMI and SPI (Figures 6 and 7) is consistent with the findings for this region in the global-scale
study of Rashid and Wahl (2022).-Similarbs+Return periods are also similar between the three indices—ewveral, indicating

little overall difference in detection metrics across wet energy-limited regions such as this, and in stark contrast to these regions

having the strongest differences between metrics for compound hot and dry events (Figures 3 and 7).

The strong differences in seesaw event characteristics across the transitional regime of the North Island east coast (long
duration/high severity/low frequency for SSMI and SBI, vs. opposing characteristics for the SPI) are associated with notable
slope rate differences between drought termination and wet onset (Figure 9). The slower responding soil moisture indicates
much of east coast as having a significantly quicker onset of wet phases (relative to drought cessation) (Fig. 109b). Consecutive
SPI also reveals parts of the east coast as having quicker wet onset phases, although such differences are not significant.
Contrasting this, the copula approach reveals weaker wet phase dominance across the east coast of both islands (Fig. 109c¢).
The weaker wet phase dominance in the SBI approach is present due to the upper tail dominance (Fig. 2-}) resulting in a more
frequent wet or pluvial phase under the joint probability framework (Fig. 87). With evapotranspiration (including seasonal
variation) becoming a controlling factor in moisture loss in transitional regimes (Seneviratne et al., 2010), no distinguishable
lower tail relationship is present across these east coast regions under the SBI approach (Fig. 2+4), resulting in more rapid shifts
out of the dry phase into the more common wet phase (e.g. the upper tail dependence) (Fig. 109c¢).

East coast regions reveal the largest variation between event detection (SBI: 53 events; SSMI: 42 events: SPI: 82 events), as
well as the longest transition time in the SBI (88 days) and SSMI (132 days) driven by the slow responding soil moisture and
upper tail dominance in the SBI. The high occurrence across east coast regions described by the SPI is similarly reflected in
Bennet et al. (2023), where up to 18% of droughts were terminated by a pluvial. Translated into return periods, a 1--in—-100
year event as defined by the SBI results in a 1--in—-126 (SSMI) and 1--in--65 (SPI) year return periods. Dry indicator selection
therefore has the most uncertainty across the east coast of both islands (transitional regimes), with key implications for water

management practices illustrated in the range in return periods.

4.2.2 SBI Detection of Compeund-Seesaw Events

Collectively, the SBI representation of seesaw events exists in the middle between the SSMI (57 events) and SPI (79 events)
detection approaches, with a spatial average of 62 events across the country. As a spatial average, SBI events are dominated

on the wet side-Grean-valae-o£031), characterising SBI-defined transitions as having longer or more intense wet phases during
seesaw events in comparison to the dry phase dominance shown in SPI (mean-value-of-0-26)-and SSMI (mean-value-of-0.06)
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{e-g—moere-intense-orlonger-dry-phases). Nationally this is expressed as a range in return periods of 30 years using SBI as the
1--in--100 year baseline (SPI: 1--in--79 years, SSMI: 1--in--109 years).

Wet, energy limited regions show the greatest agreement between approaches, with precipitation and soil moisture seesaw
events progressing at a comparatively similar speed. In contrast, seesaw events across transitional areas have the largest
deviation between precipitation and soil moisture seesaw, indicative of evapotranspiration becoming a controlling factor
(including seasonal variation) in dry phase development during soil moisture seesaw. Consistent with the existing research on
drought quantification uncertainty (Mishra and Singh, 20102} {Stagge et al., 2017:} {Vicente-Serrano et al., 2012), the present
work illustrates variation in seesaw event detection and characteristics dependent on the chosen representative variable—(Eig
Similar to compound hot and dry events (e.g. Hosseinzadehtalaei et al., 2024), sensitivity to selection of dry indicator for
seesaw events is expected. However, unlike the recommended use of soil moisture metrics for compound hot and dry detection
(and preference for multivariate representation of agricultural drought), no one method should be ultimately termed “superior”
for seesaw detection, reflecting the more general comments by Lloyd-Hughes (2014) on drought detection. Accordingly, care
is needed to fully differentiate studies according to the hydrological domain(s) implied by the dry phase/drought type targeted
and subsequent index selection (Hoffmann et al., 2020) (e.g. precipitation seesaw, soil moisture seesaw). The differences in
frequency and return periods of water deficits in different hydrological cycle domains can have vital implications for water

management practices as well as the understanding of driving mechanisms and wider teleconnections. For New Zealand, east

coast regions show the largest difference in detected events, and with these regions being key agricultural centres and sources
of significant hydropower generation, not framing the study around the desired hydrological cycle component could have

significant implications.

5 Summary and Conclusions

While it is essentialaneed to investigate the interconnectedness of hydroclimatic variables is-reeessary-for extreme compound
events, the complexity in drought quantification itself must not be overlooked. Relating to the first objective of this study (to
determine the differentee eventin occurrence and characteristics between—of-extreme hydrometeorological compound-and
seesaw—events—inNewZealandusine copula-based and conveentional methods), As—itrelatesto-compoundinghotand-dry

cenditions-the multivariate copula approach reveals almost double the number of extreme hot and dry events compared to a

conventional assessment of coincident (but independent) precipitation and temperature metrics, and more than a quarter more

events vs. coincident precipitation and soil moisture. -mere-variable-preeipitation-metrie-coineideslessfrequenthy-with-high

0 S . . o o
S 1<) 1) B

the—eeuntry—This higher frequency of events is contrasted with the-a comparatively lower intensity of events;with-median
intensity-in-the SMI-of —1-62-compared-to- SSMISTHeof —1-67and SPHSTHef—1-77. Relating to the second objective of the
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study to explorethighlight-the regional variation in compound and seesaw event quantification), sRegional-differences—in
compound-eventcharacteristies-are-evidentwith-the wet, west coast regions of the country displayingshowing a strengthened
relatively stronger pattern-differences between approaches te-compared to the nationwide setriessituation. This is manifested
as more deteeted-events detected using the SMI approach (62-events}-compared to the coincident approaches(33-SPHSTand
44-SSMI/STH, but with a correspondingly weakerlower intensity in compound events-e-e—mere-commen-and-less-extreme

{averageintensityin-SMl-of 166 SSMESTH77-SPHSTE1-83). Across the west coast of the South Island, this equates to
low severity events having return-periods-ofnearly+nt8+ (SSMI/STI) or just more thantin2+9 (SPI/STI) double the return

period of the compared to the copula-based SMIbaselne 1--in--100 year SMi-event.

Seesaw event detection using a bivariate copula methodology identifies_more events than using the SSMI in a consecutive

framework, but fewer events compared to the SPI-based approach. —m&nﬁr&t&nees—ef—seesaw—behawear—aefess—th%ee&mw—

differences in return period are not as large as for compound eventswith-a+in100-yeareventunderthe-SPhapproach-becoming

at+in128-year (SBh-erat-in139-year {SSMb-event. Across wet, energy limited regions (e.g. the west coast of the North
Island), agreement is strongest in the identification of seesaw events, with-64-events-detectedunderthe SMI-62events-detected

using-the-SSMl-and-80-eventsusing-the- SPL-This-agreement-is-driven by the compatibility in identifying dry phases in wet
regions across all metrics, with stronger wet onset rates in the SBI-(slope-difference-e£-0-02) an outcome of the more common
agricultural dry phase representation and identification of high frequency events. Contrasting this, differences are greatest
across the-east coast regions-of-the-country (i.e. transitional regimes), where evapotranspiration plays a greater role in dry
phase development, resulting in the 10ngest transition time éweFag%eHQ—days—aemss—aH—memes)—and largest variation in
detection methods—4
Addressingln terms of the third objective of this study (to provide recommendations-as-te-the-usage-of detection-methodsfor
compound-and-seesaw-events), Tthe inclusion of more variables as a representation of dreught-dry conditions results in a more

complete-variation—in-theresultant-index; representation ofing the hydrological cycle-to-greater-extent(e-g—SMl-vsSBDH.
Employing the often-used drought definitions (e.g. Mishra and Singh. {20103), the dry component of compound hot and dry

events is arguably representative of an agricultural drought. Accordingly, Efor compound event detection-then; soil moisture-
based metrics are recommended, ideally as a multivariate representation of agricultural drought, with precipitation-based
metrics only suitable if significant prior work is performed to understanding how precipitation deficits propagateies into soil
moisture. For seesaw event detection, these results demonstrate thea need to clearlyisshewn-te frame rapid transitiens-changes

in-hydrological-states-within their respective domain—framework of the hydrological cycle, i.c.-mere-commenly-employed

within-dreughtreseareh: as rapid meteorological or agricultural transitions. In turn, multivariate representation via the bivariate

means-copula provides an intermediary means tothed-that highlights the regional variation_in these shifts, such as between

energy limited and transitional regimes—n

hic ] ¥ sions.
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Both compound and seesaw events are complex hydrometeorological events, the study of which is made furthermore complex

due to the inherent uncertainty in drought quantification. The use of multiple variables to define the drought phase enables the

characteristics unique to different physieal-forms of drought to be captured — and as such improves our overall understanding

of the dynamics underpinning extremes of variation in the hydrological cycle. The multivariate framework provides not only

a means to encapsulate these multiple drought typeswvariables, but te-dedoes so in a manner that respects the regional variation

in the dependence structure between_the constituent variables (i.e.- temperature, precipitation and soil moisture)them. With

significant work now present in the detection of compounding and seesaw event behaviour across New Zealand, research
should now be directed towards understanding the driving mechanisms responsible for these events, i.e. wider atmospheric
controls. Continuing to understand the differences in compound event detection under differing drought classifications,
particularly under projections of a changing climate, should also remain a top priority. For water management, unravelling the
regional variation and mechanisms responsible for the differing pace of seesaw transitions also remains a key research

objective.
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