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Abstract

Hydrometeorological hazards such as droughts and floods can have devastating consequences.
Central America is one region at risk of hydrometeorological extremes impacts, which will
likely increase under human-induced climate change. Physically-based subseasonal to seasonal
(S2S) rainfall forecasts from Atmospheric Oceanic General Circulation Models (AOGCMs) can
be used to inform anticipatory actions from multiple weeks to several months ahead. Multiple
AOGCMs can be combined into multi-model ensembles (MMEs) to generate ensemble
forecasts, which often have higher skill than individual models. There are two leading MMEs
that provide publicly available forecasts: the North American Multimodel Ensemble (NMME)
and the European multi-model seasonal prediction system (C3S). The skill of these models’
rainfall forecasts is critical. Uncertainties in AOGCM estimates affect preparedness planning, as
they are used to drive regional rainfall and hydrological models. Rainfall forecasts from
individual AOGCMs and MMEs need more evaluation over Central America at the S2S scale.
Relatively few evaluations have compared multiple AOGCMs over the region, making it
difficult for stakeholders to choose which models to use and to know when to trust the
predictions. More clarity is needed on the performance of S2S rainfall forecasts spatially and
temporally, and on optimal postprocessing techniques to enhance the detection of low and high
rainfall extremes.

This thesis conducts a comparative assessment of S2S rainfall forecasts across ten AOGCMs
that contribute to the NMME and C3S, using statistical and process-based evaluation
techniques. AOGCMs are found to generally have higher skill in the late wet season (September
and October) compared to the early wet season (May and June), possibly due to the increased
strength of the El Niflo Southern Oscillation (ENSO) teleconnection in the late wet season. The
models often perform better on the Pacific side of the region, which experiences a more distinct
wet season compared to the Caribbean. Low and high rainfall extremes are challenging to
predict even in the late wet season when the ENSO teleconnection is stronger. Techniques to
optimize AOGCM outputs for S2S rainfall prediction are then assessed, including using hybrid
forecasts and subsampling. Hybrid forecasting methods use AOGCMs to generate forecasts by
statistically relating their predictions of large-scale drivers, such as sea surface temperatures, to
rainfall. Findings show some hybrid methods improve AOGCM forecasts at the seasonal scale,
such as those using forecasts of Tropical North Atlantic (TNA) sea surface temperatures in the
early wet season when TNA is more strongly associated with regional rainfall. A novel post-
processing technique is also developed that improves subseasonal detection rates of low and
high rainfall extremes by subsampling ensemble members that better represent key drivers of
Central American rainfall. The post-processing technique is beneficial for operational
forecasters who can leverage their expertise of relevant rainfall-generating processes to
subsample better performing ensemble members for their region. These findings underscore the
importance of evaluating AOGCM rainfall forecasts regionally due to the spatial and temporal
variability in AOGCM skill and showcase how alternative ways to post-process or use these
models can significantly improve S2S forecasts over Central America.
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Introduction

CHAPTER

Planning for weather is a pressing issue, especially as extreme weather continues to threaten the
safety and livelihoods of people across the world. Disasters have increased fivefold in the last
fifty years (WMO, 2023), making disaster preparedness a more widespread challenge. Central
America is one region that warrants significant attention, as it faces heightened vulnerability to
extreme weather, which will likely increase with human-induced climate change (e.g. Giorgi,
2006; Taylor et al., 2012; Alfaro-Coérdoba, Hidalgo and Alfaro, 2020; Almazroui et al., 2021).
Early warning systems can support anticipatory action when they are both effectively
communicated and provide reliable information (Domeisen et al., 2022; White et al., 2022).
Dynamic model forecasts are generated using physically-based models that use numerical
weather prediction to estimate future states of the earth system (Doblas-Reyes et al., 2013). This
work focuses on the technical quality of these models (and their combined ensembles) to
address some challenges in forecasting rainfall at the subseasonal to seasonal forecast scale (S2S
— multiple weeks to several months ahead).

Three aims are addressed here: (1) further the understanding of how dynamic model-based
ensembles of S2S rainfall forecasts compare spatially and temporally over Central America,
including how well the models detect low and high rainfall extremes; (2) provide more insight
into why model performance may vary by considering how key processes that drive regional
rainfall relate to the models’ rainfall predictions; and (3) identify opportunities to optimize
regional rainfall forecasts from these models by investigating novel ways to use the model
outputs to generate skilful rainfall forecasts (e.g. through hybrid forecasting methods and
alternative post-processing techniques). These aims are addressed over the course of the three
studies developed as part of this work.

1.1 Background and Motivation

Central America is vulnerable to the effects of climate change. To date, changes in Central
America's climate have primarily been observed as increases in temperature, potential
evapotranspiration, and the rate of precipitation extremes (Aguilar et al., 2005; Taylor et al.,
2012; Anderson et al., 2019; Alfaro-Coérdoba, Hidalgo and Alfaro, 2020). Reports include
increased frequency of warmer days and nights on the Caribbean side of Central America
(Peterson et al., 2002; Stephenson et al., 2014; Jones et al., 2016), and a significant increase in
the duration of the mid-summer dry period (Anderson et al., 2019).



1.1 | Background and Motivation

Several studies have projected future declines in regional water availability across multiple
time-scales over the 21% century (Giorgi, 2006; Rauscher et al., 2008; Maurer, Adam and Wood
2009; Hidalgo et al. 2013; Hannah et al., 2017; Imbach et al., 2018; Cook et al., 2020; Corrales-
Suastegui, Fuentes-Franco and Pavia, 2020; Almazroui et al., 2021; Vichot-Llano et al., 2021).
Giorgi (2006), for instance, identified Central America as the main tropical hotspot using the
Regional Climate Change Index for the 2080-2099 period, primarily due to decreases in rainfall
and increases in rainfall variability. Maurer, Adam and Wood (2009) also showed decreases in
potential rainfall and reservoir levels in the largest river basin (Rio Lempa) in Central America.
Nearer-term projections align with these trends. Imbach et al. (2018), for instance, also found
that rainfall is likely reduced during the wet season within the 2021-2050 time-period.

Changes in rainfall can significantly affect critical infrastructure services within the region. Key
impacts include hydropower (e.g. Meza, 2014; Ng et al., 2017), agriculture (Marengo et al.,
2014; FAO, 2015b; Hannah et al., 2017; Stewart et al., 2022), and water and waste-water
services, which become increasingly difficult to provide when water availability decreases or
water quality is compromised through contamination (Rangel Soares et al., 2002; Bundschuh et
al., 2010; Litter, Morgada and Bundschuh, 2010). In many Central-American catchments,
impacts are closely tied with rainfall extremes. For instance, there is a relatively close
relationship between rainfall deficits and hydrological droughts because groundwater processes
do not dominate (Quesada-Montano et al., 2019). In the Central American Dry Corridor
(CADC), a subregion that is particularly prone to drought (Gotlieb et al., 2019; Hidalgo et al.,
2019), many smallholder livelihoods depend on rain-fed agriculture (e.g. Lopez-Ridaura et al.
2019), and has faced significant increases in drought frequency driven by decreases in rainfall
(Stewart et al., 2022).

Early warnings based on forecasting provide one way to reduce vulnerability (Domeisen et al.,
2022; Goddard et al., 2020; White et al., 2022). Climate services encompass a broad range of
tools for climate preparedness, including communication of these warnings to decision-makers
to enhance risk management for day-to-day variability and extreme weather (Vaughan and
Dessai, 2014). S2S climate information can inform many aspects of society (Zebiak et al.,
2015), including agriculture (de Sousa et al., 2018; Fernandes et al., 2020; Hansen et al., 2006;
Pons et al., 2021), health (DiSera et al., 2020; Muifioz et al., 2017; 2020), and disaster mitigation
(Coughlan de Perez et al., 2015; Merz et al., 2020). S2S predictions of rainfall can support
planning for a variety of disasters, such as floods (Braman et al., 2013; Coughlan de Perez et al.,
2016, 2017; Golding et al., 2019; Kreibich et al., 2017a; 2017b), droughts (Cook, 2016; Lange
& Cook, 2015; Wilhite, 2016), and fires (Fernandes, Bell and Mufioz, 2022). Rainfall forecasts
are one of many tools needed to enhance resilience. Drought and flooding impacts, for instance,
are modulated by several factors, including other physical variables (e.g. soil moisture,
temperature), and social and economic conditions (Alfaro Martinez et al., 2018; Kuzdas et al.,
2015; Peréz-Briceno et al., 2016; Van Loon, 2015).

Several forecasting methods exist, including dynamic, statistical, and hybrid methods that
combine the two (Hao, Singh and Xia, 2018; Troin et al., 2021). Dynamic methods use

2
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physically based models of the earth system, such as coupled atmospheric and oceanic general
circulation models (AOGCMs). Statistical methods find patterns using observed variables to
make predictions (e.g. sea surface temperatures and rainfall), and hybrid methods combine
outputs from AOGCMs with statistical methods to generate forecasts (Slater et al., 2022). Many
AOGCMs are operationally deployed today in Central America. CFSv2 (an AOGCM produced
by NOAA; Saha et al., 2014), for instance, currently provides inputs for the Weather Research
and Forecasting (WRF) model, which is commonly deployed for seasonal rainfall forecasts by
multiple countries in Central America (WRF Clima - https://wrf-clima.imn.ac.cr).

AOGCM outputs can also be combined into multi-model ensembles (MMEs) to generate
forecasts. The comparative advantage of using MMEs compared to single model estimates has
been demonstrated in several cases (e.g. Elvidge et al., 2023; Palmer et al., 2004; Wang et al.,
2009). Two leading MMEs that produce S2S forecasts include the North American Multimodel
Ensemble (NMME — Becker et al., 2020), and C3S, the European MME (Marsh and Penebad,
2016). These ensembles provide inputs into the seasonal rainfall outlooks produced by the
Central American Climate Outlook Forum (CA-COF), an international institution that supports
sector-specific and national decision-making across Central America (Alfaro et al., 2016;
Donoso & Ramirez, 2001; Garcia-Solera & Ramirez, 2012).

Forecast evaluation sits within the research to operations (R20) lifecycle (e.g. Buizza et al.,
2017). Evaluation is a central part of R20 to ensure forecasts provide reliable information for
decision-makers. Some evaluations of AOGCMs and combined MMEs have showcased their
potential to provide rainfall and temperature forecasts over Central America and in nearby
regions (e.g. Becker et al., 2020; Carrao et al., 2018; Gubler et al., 2020; Khajehei et al., 2018;
Kirtman et al., 2014; Slater et al., 2016; Weisheimer & Palmer, 2014). A few studies have
targeted subregions within Central America, evaluating dynamic forecasts of rainfall at lead
times outside of the S2S scale (Hidalgo & Alfaro, 2012, 2015; Maldonado, Alfaro, & Hidalgo,
2018; Maldonado et al., 2018). There is a lack in evaluations, however, that compare S2S
forecasts across multiple AOGCMs over Central America, which makes it more difficult to
choose between models or know when and where to trust their S2S predictions. Furthermore,
subregions like the CADC need more targeted forecast verification to support preparedness
efforts.

Additionally, more analysis is needed on the underlying drivers of regional forecast skill.
Enhanced understanding of the connections between regional climate mechanisms and AOGCM
forecast skill can inform why some forecasts perform better than others and identify possibilities
to improve performance. For instance, although the El Nifio Southern Oscillation (ENSO) is a
dominant climate mechanism affecting rainfall over Central America (Duran-Quesada, Gimeno
and Amador, 2017), less than half of the drought-related impacts in the CADC occurred during
an El Nifio event in some historical analyses (Mufioz-Jiménez et al., 2019). As ENSO is also a
main driver of AOGCM performance in the eastern Pacific near Central America (Scaife et al.
2014), further investigation of how AOGCM forecasts differ from relying on statistical forecasts
that use ENSO alone to make predictions would be useful to establish their comparative value.

3
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Besides ENSO, other processes are critical to rainfall variability over the region (Anderson et
al., 2023; Duran-Quesada et al., 2020), and several large-scale processes and features modulate
the strength of trade wind patterns and subsequent rainfall, including SSTs in the Atlantic Ocean
(Taylor et al., 2002; Maldonado et al., 2017). The difference between SSTs in the two oceans is
significant, as the magnitude of their gradient affects moisture transport across the region
(Enfield & Mayer, 1997; Spence et al., 2004; Waylen & Quesada, 2001). Testing how models
capture different phenomena that are important to rainfall highlight mechanisms that are
important to represent in future model development.

A variety of approaches can also be deployed to post-process raw dynamic ensemble outputs
and optimize their forecasts (e.g. Doblas-Reyes et al., 2005; Hemri et al., 2020; Manzanas et al.,
2019). The Next-Gen operational approach to seasonal ensemble-based forecasting, for instance,
uses canonical correlation analysis (CCA) to statistically calibrate models before combining
them into an MME mean estimate (e.g. Fernandes et al., 2020; Mufioz et al., 2020b; Pons et al.,
2021). Sophisticated combination techniques have also been developed because MME skill does
not always significantly differ from using a calibrated single model, as the errors of contributing
AOGCMs in an MME are often correlated (Weigel et al., 2009). To improve on the unweighted
MME mean, some studies at the decadal to climate projection scale have combined AOGCMs
using weighted means (e.g. Brunner et al., 2020; Herger et al., 2018; Knutti et al., 2017;
Sanderson et al., 2017) to account for overlaps in structural components (Knutti, 2010). Some
recent studies have subsampled mean estimates based on model member representation of key
physical processes. For instance, a few groups have subsampled ensembles based on the
ensemble members’ abilities to represent the North Atlantic Oscillation (NAO; Hurrell et al.
2003) to improve temperature and precipitation forecasts in Europe (Dobrynin et al., 2018,
2022; Dusterhus, 2020; Smith et al., 2020).

Another way to potentially improve AOGCM forecasts is through using hybrid forecasting
approaches to extract AOGCM forecasts of predictor variables (e.g. sea surface temperatures -
SSTs) in zones that drive regional rainfall and statistically relate these outputs to rainfall
estimates. Hybrid forecasting could potentially improve AOGCM rainfall estimates because
these ensembles are more skilful at forecasting large-scale variability (e.g. oceanic variables like
SSTs) than rainfall (Barnston et al., 2012, 2019; Saha et al., 2014). CFSv2, for instance, has high
anomaly correlations with SST in the Nino 3.4 region (~0.82), while the average correlation
with observed Northern Hemisphere precipitation rate over land is equal to 0.12 (Saha et al.,
2014). Hybrid forecasts could therefore use AOGCMs for their strengths by forecasting SSTs
(e.g. in the Nifo 3.4 region as a proxy for ENSO) and then use a statistical relationship to
generate the forecast rather than relying on the AOGCMs more variable rainfall estimates.
Hybrid forecasts have been trialled with some successes in a few locations and times of year
(e.g. Alfaro et al., 2018; Colman et al., 2020; Strazzo et al., 2019). Expanding on analyses like
these could identify more opportunities to improve ensemble forecasts by capitalizing on
important processes for regional rainfall.
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1.2 Thesis Outline

This thesis is designed to support the R20 lifecycle of dynamic ensembles by evaluating their
S2S rainfall forecasts over Central America. Comparing how the ensembles’ S2S rainfall
forecasts perform over the region, examining how some key rainfall generating processes relate
to rainfall skill, and trialling out novel ways to post-process AOGCM forecasts can also further
support operational choices between which forecasts to use and how best to optimize their
results for preparedness decisions in Central America. The thesis is structured by first providing
further background on the key regional drivers of rainfall over Central America, a review of how
AOGCM forecasts are generated using numerical weather prediction, and an overview of the
methodological framework used in the thesis to evaluate different S2S forecasting methods.

The subsequent chapters follow a publication-based format and address the following research
questions:

1. How well do S2S models forecast monthly to seasonal rainfall, including low rainfall
extremes, over the Central American Dry Corridor? Chapters 4, 5

2. How do leading S2S ensembles compare spatially and temporally when used for
seasonal rainfall forecasts as deployed operationally today by institutions like the Central
American Climate Outlook Forum? Chapter 5

3. How do alternative forecasting methods compare to using the S2S models to predict
rainfall directly, including (1) a hybrid forecasting approach that uses the ensembles to
predict rainfall indirectly with SSTs in known teleconnection zones, or (2) a statistical
forecast based on ENSO? Chapter 5

4. Why do some models or their component members perform better than others at
forecasting rainfall over Central America? Chapters 4, 5, 6

5. Can we using physical process-based evaluations to not only diagnose model
performance, but to also select model members that represent key processes for rainfall
to improve standard ensembling approaches? Chapter 6



Literature Review

2.1 Central American Climate

CHAPTER

Central America forms a relatively thin isthmus that connects North and South America,
surrounded by the Caribbean Sea, Gulf of Mexico, and Easternmost Pacific Ocean, which is
sometimes described as the Intra Americas Sea region (e.g. Amador et al., 2006, Figure 2.1.1

inset). The region’s marked topography (Figure 2.1.1) gives rise to complex weather patterns, as
moisture interacts with the Cordillera mountain range when it gets transported between ocean
basins on either side of the isthmus (Taylor and Alfaro, 2005; Duran-Quesada, Gimeno and
Amador, 2017; Munoz-Jiménez et al., 2019; Duran-Quesada et al., 2020).
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Figure 2.1.1 Map of Central America within Intra-Americas Sea region. Inset shows regional
topography and labels Central American countries along with the Cordillera mountain range that divides

the isthmus.
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Rainfall is central to the Central American climate, which is often characterised by a wet and
dry season (Figure 2.1.2a, Giannini, Kushnir and Cane, 2000; Taylor et al., 2002; Taylor &
Alfaro, 2005). Seasonal rainfall patterns are often broadly categorized into Caribbean and
Pacific rainfall subregions (e.g. Figure 2.1.2b) due to interactions between topography and
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Figure 2.1.2 Central American climate. (a) average monthly variations in rainfall over the 35 years
analysed in the thesis (CHIRPS, 1982-2016), using the spatial average of subregions defined in (b).
Ribbons are plotted using the 10" and 90™ percentiles within the time period for the spatially averaged
monthly rainfall anomalies. (b) Although the Pacific, Caribbean, and CADC boundaries all vary (e.g.
Muiioz-Jiménez et al. 2019; Quesada-Hernandez et al. 2019), a loose approximation of the boundaries
is shown to demonstrate the differences in monthly variability in (a). CADC boundary is delineated
using the relatively contiguous locations in the CADC that have a dry season that lasts longer than
four months (IICACR, 2014), excluding the dry arc of Panama and a couple of isolated locations in
northern Guatemala. The Pacific is delineated to include regions that fall within the CADC, are on the
Pacific side of the Cordillera, or are in the Pacific rainfall regime in Guatemala as delineated by the
Guatemalan national weather service (e.g. INSIVUMEH, 2022a).
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large-scale circulation patterns (Garcia-Oliva & Pazos, 2021; Maldonado, et al., 2018; Portig,
1961; Taylor & Alfaro, 2005; Waylen et al., 1994), although these subregions are not always
clearly distinct (Mufioz-Jiménez et al., 2019). The annual rainfall variance in most locations in
Central America exhibits characteristics consistent with Pacific rainfall patterns, generally
experiencing a wet season from May through October (Alfaro, 2002). This wet season is marked
by a bimodal distribution with peaks in June and September and a trough in July and August,
commonly referred to as the mid-summer dry period (MSD — Magana et al., 1999, see Figure
2.1.2a). The CADC is another subregion within the Pacific region that experiences a longer
MSD during the wet season compared to other locations (Gotlieb et al., 2019), frequent dry
spells during the wet season (Peralta Rodriguez, Carrazon Alocén and Andrés Zelaya Elvir,
2012), and heightened vulnerability to droughts (Gotlieb et al., 2019).

The Caribbean rainfall region, in contrast, is often rainier (Figure 2.1.2.c) and experiences a
longer wet season (Figure 2.1.2a), although the seasonal variability of Caribbean rainfall
depends on the spatial and temporal scale of investigation (Martinez et al., 2019, 2020). Some
Caribbean studies have shown the bimodal distribution of the wet season only exists in the
northwestern Caribbean (Taylor and Alfaro, 2005; Garcia-Oliva and Pazos, 2021), and other
studies disagree on where and when the MSD exists (Alfaro, 2002; Curtis & Gamble, 2008;
Gamble et al., 2008; Giannini, Kushnir and Cane, 2000). Several locations within the Caribbean
regime near the Caribbean coasts of Honduras, Costa Rica and Panama have no defined dry
season in some studies (Alfaro, 2002; Giannini, Kushnir and Cane, 2000). Martinez et al. (2019)
provides one of the more recent comprehensive studies across the Caribbean using daily rainfall
data, showcasing how the northern Caribbean coast of Central America still experiences a
bimodal distribution in rainfall, but with a less distinct MSD.

2.2 Forecasting Across Timescales

Predictions can be generated across many timescales, from nowcasting at the very short range
(hours ahead) up to climate projections multiple decades onwards (see Figure 2.2.1 for timeline
of terminology). The type of information that can be effectively predicted changes as lead time
increases, which affects the decision-making context, ranging from immediate mitigation efforts
to longer-term adaptive and strategic choices, as illustrated in a schematic of decision-making
steps using the agricultural sector as an example in Figure 2.2.1. Rainfall forecasts at the S2S
timescale, for instance, can include lead times multiple weeks to several months ahead and can
provide climate information about longer-term averages and deviations from mean conditions
(e.g. average monthly rainfall, anomalies, below or above average rainfall, Stockdale et al.,
2010). These types of forecasts can support routine planning and more proactive preparedness
activities, including strategies for planting crops (e.g. Flohr et al.,, 2017, 2018) and
transportation of resources to higher ground (Coughlan de Perez et al., 2016).

The processes that drive predictability change as lead time increases. Up to two weeks ahead,

weather forecasts are primarily driven by the initial conditions of the atmosphere (Luo et al.,
8
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2011). At much longer lead times, external boundary forces become increasingly important, as
radiative forcing and other anthropogenic agents can affect the earth’s climate (e.g. Solomon et
al., 2007). S2S forecasts sit in between these time frames and their predictability is driven by a
combination of atmospheric and oceanic forces. At the seasonal timescale, initial conditions of
slower changing processes like soil moisture, sea-ice concentration, and SSTs dominate
predictability (Doblas-Reyes et al., 2013), and predictability is primarily driven by the coupling
of oceanic and atmospheric variability in the tropics (Luo et al., 2011). Subseasonal forecasts
(e.g. two weeks to one month ahead) can face special prediction challenges, as atmospheric
conditions lose most of their memory after several weeks and larger scale oceanic variability is
not as dominant compared to longer lead times (Vitart and Robertson, 2018).

The El Nifio Southern Oscillation (ENSO Trenberth, 1997) has the most important influence on
S2S predictability globally and is the most skilfully predicted large-scale phenomenon at
seasonal-to-interannual time scales (Stockdale et al., 2010). Predicting ENSO well may not be
sufficient to generate skilful rainfall forecasts over Central America, however, as other climate
phenomena drive regional rainfall (2.3). External boundary forces can also operate at the S2S
timescale (Boer, 2010; Wulff, Vitart and Domeisen, 2022). Anthropogenic forcing, for instance,
while sometimes thought to operate primarily beyond 10-year lead times (e.g. Cox &
Stephenson, 2007), affects seasonal predictions of air surface temperature as early as three
months ahead (Doblas-Reyes et al., 2006; Liniger et al., 2007; Boer, 2010).
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Now +12 hours +3 days +10-14 days +46 days +13 months +10 years +30 years

Prediction Cat Weather Subseasonal Seasonal Climate  Interannual Clima:
rediction Lategory Forecasts Climate Forecasts Forecasts Predictions
Prediction Horizon ~ ‘Very short-range’ ‘Short-Range’ ‘Medium-Range” ‘Extended-Range’ ‘Long-Range’

Decision Examples:  Pesticide/Herbicide Fertilizer Crop use / salvage Grazing Crop choice,

Agricultural Sector Use Applications decisions Decisions planting timing

Key Predictability Drivers Atmospheric Initial Conditions

Figure 2.2.1 Forecast Terminology Timeline. Timeline of the terminology used, with key drivers of predictability labelled as the lead time
increases from an initialization date. Terminology is generally agreed upon across forecasting centres but has some variation. For instance the UK
Met Office cuts ‘medium-range’ off at 10 days while the ECMWF will define medium-range out to 15 days ahead
(https://www.ecmwf.int/en/forecasts/documentation-and-support/medium-range-forecasts). The S2S scale applies as early as two weeks up to
several months ahead (e.g. White et al. 2022). Decadal predictions are often used to describe forecasts up to 30 years ahead (e.g. Doblas-Reyes et
al. 2013). Examples of types of decisions that can be informed in the agricultural sector are provided across the timeline, ranging from pesticide
use that depends on whether rainfall will wash away a treatment in the next half hour, to salvage decisions about how to use planted crops in a
drought prone season depending on whether rainfall will occur in the next couple of weeks, and crop choice and planting timing at the S2S scale
up to several months ahead. More adaptive decision-making is possible using decadal predictions and climate projections by making longer-term
strategic and investment decisions looking years onwards (e.g., Bodner et al., 2015; Flohr et al., 2017; Kamran et al., 2014). The key
predictability drivers that affect forecasts are summarized at the bottom of the figure, see Lorenz (1975) and Luo et al. (2011) for further
description of the transition between predictability drivers across timescales.

10


https://www.ecmwf.int/en/forecasts/documentation-and-support/medium-range-forecasts

2.3 | Key Drivers of S2S Rainfall over Central America

2.3 Key Drivers of S2S Rainfall over Central America

As a relatively thin isthmus between large ocean basins, Central America is subject to a
complex interaction of weather patterns (Duran-Quesada et al., 2020). Several components
of the earth system affect rainfall occurrence in Central America (Amador, et al., 2016a,
2016b). These components include energy reservoirs, available moisture in the air,
atmospheric circulation structures, and moisture transport processes. For instance, dry
winters in Central America are characterized by colder ocean temperatures in the Atlantic
Ocean (energy reservoirs), limited atmospheric humidity (available moisture), and strong
trade winds (moisture transport related to atmospheric circulation structures) (Taylor and
Alfaro, 2005). These types of drivers and how they interact to modify regional rainfall are
summarized in the following subsection.

2.3.1 Summary of Rainfall Drivers

(1) energy reservoirs for potential convective and transport activity are measured with
temperature metrics (e.g. SSTs), energy budget metrics (e.g. convective available potential
energy — CAPE), and heat exchange variables (e.g. latent and sensible heat fluxes that

transfer energy when water vapor condenses or directly through conduction and convection
between the earth surface and the atmosphere) (Amador, 2016a, 2016b). Warm water
structures form on either side of Central America in locations that experience peak incoming
short-wave radiation, often referred to as the Pacific and Atlantic components of the Western
Hemisphere Warm Pool (WHWP; Wang et al.,, 2008; Wang & Enfield, 2001). These
structures are often circumscribed by the 28.5 °C isotherm, forming regions for convection
and modifying moisture transport (Amador et al., 2006; Wang et al., 2008; Wang & Enfield,
2001, 2003).

(2) how_much moisture is currently available in the air is measured with metrics like
specific humidity. In low moisture conditions, the effects of transport processes are reduced,
as seen in moisture flux divergence computations (e.g. Durdn-Quesada et al., 2010, 2017).

(3)_how _air will circulate within the atmospheric structure is measured with pressure
metrics at different heights of the atmosphere like geopotential height (GPH) and sea level
pressure (SLP). The subtropical high of the North Atlantic (NASH), which forms the
southern part of the North Atlantic Oscillation (NAO - Hurrell et al., 2003; Stephenson et al.,
2003) around 1024 hPA (Taylor and Alfaro, 2005; Martinez et al., 2019), for instance, plays
a dominant synoptic role in Central American rainfall, and its displacement will affect
rainfall variability (Straffon, Zavala-Hidalgo and Estrada, 2020). The bimodal distribution of
wet season rainfall over the Pacific regime, for instance, coincides with the seasonal
migration of the NASH (Alfaro, 2002). The atmospheric circulation over the Pacific and
Atlantic oceans also interacts with the regional topography, affecting rainfall formation over
Central America (Taylor and Alfaro, 2005).

(4)_how fast air gets transported around the world is measured by metrics like zonal (u)
and meridional (v) wind components at different pressure levels, vertical velocity, and

vorticity (Amador, 1998). Regional moisture transport processes across the isthmus are
11
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connected to atmospheric circulation and play a key role in how much rainfall will occur
over Central America (Duran-Quesada, Gimeno and Amador, 2017; Perdigbn-Morales et al.,
2021). Two low level jet (LLJ) streams are significant for regional moisture transport: the
Caribbean Low Level Jet (CLLJ - Amador, 1998) and the Chorro del Occidente Colombiano
(CHOCO Jet / CJ; Poveda & Mesa, 1999, 2000). The strength of the LLJs affects rainfall in
part because it changes the amount of time clouds can precipitate over land, and weaker
LLJs are often associated with greater amounts of rainfall, whereas strong LLJs often
correspond to less total rainfall, especially on the Pacific side of the isthmus (Cook & Vizy,
2010; Hidalgo et al., 2015, 2019; Taylor & Alfaro, 2005). For instance, the significant
periodicity of droughts over the CADC has been linked to increased NASH pressure and
trade wind intensification (Hidalgo et al., 2019).

2.3.2 Driver Interactions and Effects on Seasonal /Interannual Rainfall

The CLLJ is connected to the NASH and is the main LLJ that transports moisture from the
Caribbean Sea to the Pacific Ocean over Central America (Amador, 1998, 2008; Duran-
Quesada et al., 2017; Hidalgo et al., 2015, 2019). The core of the CLLJ ranges from 925 to
700 hPA, its core crossing the middle of Central America around 12°N and peaking in
February (in part due to earth surface heating over South America Cook & Vizy, 2010) and
July (in part due to NASH expansion; Cook & Vizy, 2010; Martinez et al., 2019), then
reaching a minimum in October (Garcia-Martinez and Bollasina, 2020). CLLJ effects vary
spatially, as the CLLJ branches around the 10°N latitude line (Hidalgo et al., 2015). Regional
moisture transport in the northern half of Central America, for instance, is more affected by
the summer peak of the CLLJ in July, while the southern half is more affected by the winter
peak of the CLLJ in February (Muioz et al., 2008).

The CHOCO jet transports moisture in the opposite direction from the Pacific to the
Caribbean Sea over southern Central America and South America (Poveda and Mesa, 1999,
2000; Yepes et al., 2019; Mejia et al., 2021; Sierra et al., 2021), and its intensity is about half
of the CLLJ (Duran-Quesada et al., 2010; Yepes et al., 2019). The CHOCO jet peaks in
September and October when it also moves further north (Poveda and Mesa, 2000). This jet
is secondary to the CLLJ over Central America due to large divergence in winds, lower wind
intensities in the eastern equatorial Pacific region compared to the Caribbean Sea and
marked topography interrupting the moisture flow (Durdn-Quesada et al., 2010).

The convergence of these two jet streams is important, as Central America is located around
the Hadley cells that move hot air from the equator towards the mid-latitudes. The
positioning of the low pressure zone at the bottom of the ascending branch of the Hadley
circulation, known as the Intertropical Convergence Zone (ITCZ - Adam et al., 2016; Adam,
Schneider and Brient, 2018), is the area where the heaviest rainfall occurs in the earth system
(Barry and Chorley, 2010). The CJ and CLLJ are two main components of the states of the
ITCZ over the eastern Pacific (Mejia et al., 2021), and their convergence generates
favourable conditions for Mesoscale Convective Systems, which generate large amounts of
rainfall (Zuluaga and Houze, 2015) The seasonal migration of the ITCZ is key for regional
rainfall generation (Alfaro, 2002; Sachs et al., 2009). Seasonal ITCZ migration, for instance,
has been shown to contribute to the MSD formation (Small, de Szoeke and Xie, 2007). Each
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of these drivers interact and affect rainfall formation over Central America. Over the
Caribbean coast, for instance, the eastern Pacific ITCZ, interactions between the NASH and
ITCZ, and CLLJ modifications from the Atlantic component of the WHWP will come
together and affect rainfall (Martinez et al., 2019).

SSTs provide key energy reservoirs for rainfall over Central America. The oceans have
different connections, however, as the eastern Pacific SSTs likely have more remote control
over the ITCZ position in warm years (Taylor and Alfaro, 2005), whereas the Tropical North
Atlantic (TNA - Enfield & Mayer, 1997) has more local forcing, increasing latent and
sensible heat transfer over the troposphere in warmer conditions (Knaff, 1997; Giannini,
Kushnir and Cane, 2000; Taylor et al., 2002) The TNA also modulates LLJ positioning and
strength (Alfaro, 2002; Hidalgo et al., 2015; Maldonado et al., 2013; Taylor et al., 2002), and
is more strongly associated with early wet season rainfall as compared to the late wet season
(Taylor et al., 2002; Maldonado et al., 2017).

The El Nifo Southern Oscillation (ENSO - Trenberth, 1997) in the eastern Pacific is the
main mode of variability that affects rainfall over Central America (Durdn-Quesada et al.,
2020; Maldonado, Alfaro, & Hidalgo, 2018; Waylen et al., 1994), especially through its
modification of CLLJ strength (Amador, 1998, 2008; Hidalgo et al., 2019), CJ and ITCZ
position (Perdigdn-Morales et al., 2021). El Nifio events, for instance, have been shown to
decrease annual Central American dam hydropower production (Ng, Turner and Galelli,
2017). ENSO affects Caribbean and Pacific rainfall in different ways though, as El Nifio
conditions are often associated with drier conditions in the Pacific and wetter conditions on
the Caribbean side of the isthmus (Mufioz-Jiménez et al., 2019). ENSO is not the sole driver
of rainfall though. For instance, only around one in three drought events in the CADC were
related to an El Nifio period over the period of 1950-2014 (Mufioz-Jiménez et al., 2019).

The relationship between SSTs on the Atlantic and Pacific sides of the isthmus is also
important (Alfaro, 2002; Enfield & Alfaro, 1999; Giannini, Kushnir and Cane, 2000; Taylor
et al.,, 2002) Anomalously wet years with increased rainfall and extended wet seasons are
often associated with increased differences in temperature between the Pacific and Atlantic
Oceans on either side of the isthmus (Enfield and Mayer, 1997; Enfield and Alfaro, 1999)
Late wet season rainfall over the Caribbean, for instance, is strongly linked with the gradient
between the Nifo 3 region and the central equatorial Atlantic (0-15'W, 5'S-5'N) (Taylor et al.,
2002). Successful rainfall forecasts over Central America therefore will account not only for
individual changes in separate processes but be able to account for processes in both the
Atlantic and Pacific oceans in addition to their interactions.

Other mechanisms act on a variety of timescales and affect regional rainfall. For instance,
the Atlantic Multidecadal Oscillation (AMO - Enfield et al., 2001; Maldonado et al., 2016)
and the Pacific Decadal Oscillation (PDO - Fallas Lopez & Alfaro Martinez, 2012;
Maldonado, Alfaro, & Hidalgo, 2018; Mantua et al., 1997) change more slowly over time
and partially modulate tropical cyclone frequency just north over Mexico (Farfan, Alfaro and
Cavazos, 2013; Martinez-Sanchez and Cavazos, 2014). The Madden Julian Oscillation (MJO
- Madden & Julian, 1971) acts on shorter intraseasonal timescales (e.g. Barlow & Salstein,
2006; Barrett et al., 2013). Several other features can also affect rainfall, including direct
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solar heating, wind-topography interactions, tropical waves, tropical cyclones, and other
processes (Amador et al. 2016a, 2016b). Polar fronts from the midlatitudes (Nortes in
Spanish), for instance, cause dry winters and early summer periods in northern Central
America (Taylor and Alfaro, 2005), and tropical disturbances can propagate westward
primarily affecting summer rainfall in the Caribbean (Taylor and Alfaro, 2005).

2.4 Dynamic Model Based Ensembles

Dynamic model-based ensembles use numerical weather prediction (NWP) to generate
forecasts, which is the process of solving an initial-value problem: given what the earth
system looks like today, they simulate how that system will evolve. Solutions require
approximating physical processes based on a series of governing equations for how earth
system variables will change in space and time (e.g. wind and pressure; Bauer, Thorpe and
Burnet, 2015). The governing equations of atmospheric evolution were first referenced
together in the early 1900's, as Vilhelm Bjerknes introduced them in his manifesto on NWP
(Bjerknes, 1904). The governing equations include Newton's second law conserving
momentum, the Navier-Stokes continuity equations, equations for the ideal gas states, the
first law of thermodynamics, and the conservation equation for water mass (see full list of
equations in Kalnay, 2003).

Applying these equations, however, is complex because the interactions between variables
within the earth system are non-linear (Palmer, 2006). The non-linear aspect of the earth
system creates instabilities, as Lorenz first discovered looking at how minuscule
disturbances of a system can have large effects on its state (Lorenz, 1963, 1972, 1995). Lead
time (time between when a model is initialized and a prediction is made) is important, as the
internal variability of the earth system increasingly limits predictability as lead time
increases (Stockdale et al., 2010; Lehner and Deser, 2023)

Modern AOGCMs couple dynamic atmospheric and oceanic models to approximate the
states of many variables over space and time, such as wind speed, GPH, surface temperature,
and arctic-sea ice concentration. Multi-model ensembles (MMEs) then combine AOGCMs to
help address uncertainties in the earth system (different AOGCMs may have slightly
different structural variations that affect how they describe the nonlinear dynamics of the
earth system). MMEs ideally can offer a more robust prediction by sampling model
uncertainty across AOGCMs (Palmer et al., 2004; Hagedorn, Doblas-Reyes and Palmer,
2005; Ferro, Richardson and Weigel, 2008). The comparative advantage of using MMEs
compared to single model estimates has been demonstrated in several cases (e.g. Elvidge et
al., 2023; Palmer et al., 2004; Wang et al., 2009). The difference is not always significant
compared to using a calibrated single model, however, because the model errors in an MME
are often correlated (Weigel et al., 2009).

To help address uncertainties in the observations, dynamic model-based ensembles generate

probabilistic outputs comprised of multiple members that represent a distribution of guesses

of the initial state of the earth system (Balmaseda et al., 2011). NWP has evolved as

computational power has increased, creating the possibility to add more members and

increase the spatial resolution of the models (Bauer, Thorpe and Brunet, 2015). In 1950, for

instance, Charney, Fjortoft, and von Neuman made a one-day forecast using a barotropic
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one-layer filtered model (assumes theoretical winds will be the same across heights) with
some of the first electronic computers (Charney, Fjortoft and Neumann, 1950). By the 1980's
the UK Met Office (UKMO) had operationalized a 15-level model that included oceanic
wave components (Golding et al., 2004). Generating multiple members across initialized
states then grew as computational capacity expanded in the 1990’s (e.g. Tracton & Kalnay,
1993).

Methods to operationalize dynamic model-based ensembles are varied. Several choices can
affect their predictions, including the number of members included in model initialization
(e.g. Buizza, 2008; Leutbecher, 2019), bias adjustment and calibration techniques used to
correct raw model outputs (Manzanas et al., 2019), and combination methods applied to
aggregate models into MMEs (Hemri et al., 2020). Increasing the number of model members
is often in tension with the spatial resolution of the model due to computational power
constraints, which will also have a significant effect on skill, since models with higher
spatial resolution tend to have higher skill (Leutbecher, 2019). As summarized in Table 2.4.1,
the number of members in dynamic ensembles varies widely, ranging from as little as four
(e.g. CCSM4) to much larger (e.g. 51 members in SEASS).

Table 2.4.1 Summary of AOGCMs evaluated tagged by MME(s) to which they contribute,
available hindcasts for statistical analysis, and forecasts for operational predictions.

Forecasting Ensemble MME Available Available Reference
Center Contribution = Members Members

(Hindcasts) (Forecasts)
CMCC System 35 C3S 40 50 (Gualdi et al., 2020)
DWD System 21 C3S 30 50 (Frohlich et al., 2021)
ECCC CansipsIC3 C3S,NMME 20 20 (Merryfield et al., 2013;

Lin et al., 2021)
ECMWEF SEASS C3S 25 51 (Johnson et al., 2018)
Meteo France  Systems 7,8  C3S 12 25 (Batté et al., 2021)
NASA GEOSS2S NMME 4 10 (Molod et al., 2020)
NCAR/COLA CCSM4 NMME 10 10 (Gentet al., 2011)
NOAA GFDL  SPEAR NMME 15 30 (Delworth et al., 2020)
NOAANCEP CFSv2 C3S, 4/start date 4/day (Saha et al., 2014)
NMME from CDS, from CDS,

24 28

from IRI from IRI
UKMO Glosea6 C3S 7/start time 2/day (Davis et al., 2020)

Bias adjustment and calibration approaches are varied and can range from simpler methods,
such as mean variance adjustment (MVA, Hagedorn et al., 2005) and climate conserving
recalibration (Weigel et al., 2009), to more sophisticated regression-based calibration
techniques such as non-homogeneous Gaussian Regression (NGR - Gneiting et al., 2005).
Canonical correlation analysis (CCA) has also been deployed to calibrate ensembles in the
Next-Gen ensemble approach by fitting a correlation on principle components identified
using empirical orthogonal functions over a larger zone that encompasses the predictand area
(e.g. Acharya et al., 2021; Mufioz et al., 2019; Pons et al., 2021). The relative value of
calibrating models using more complicated techniques than simple bias adjustment,
however, is not always large (Manzanas et al., 2019).
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Techniques to combine models into MMEs are also debated (e.g. Hemri et al., 2020; Troin et
al., 2021). MMEs are often generated by first calibrating the individual model outputs and
then combining the results using an unweighted mean (Acharya et al., 2021; Hemri et al.,
2020; Munoz et al., 2020; Pons et al., 2021). Using an unweighted mean to combine model
outputs is debated, however, given that models are not necessarily independent from each
other. Different models can have overlapping structural components and assumptions about
how the earth system works, so they can have the same types of errors (Knutti, 2010).

Multiple efforts have been made to reduce interdependency issues when combining models,
primarily at longer timescales (e.g. climate projection), including using model independence
criteria to add relative weights to models before combining them or to select a subset of
models (Delsole et al., 2013; Elvidge et al., 2023; Eyring et al., 2019; Giuntoli et al., 2021;
Herger et al., 2018; Knutti et al., 2017; Lorenz, 2018; Sanderson et al., 2015, 2017; Slater et
al., 2017; Weigel et al., 2010). Weighting means using interdependence criteria, however,
adds complexity to the operationalization process, and the relative benefits of weighted
means are not necessarily large enough to warrant the added complexity. Some findings have
shown that hindcast samples at the seasonal scale, for instance, are too limited to see added
benefits from combining models using a weighted mean (e.g. Mishra et al., 2019).

Two leading MMEs, the NMME (Kirtman et al., 2014) and C3S (Marsh and Penebad, 2016),
are generated using model contributions from North America and Europe, as illustrated in
Figure 2.4.1, which shows where the models that are evaluated in this thesis are located.
While other forecasting centres also have AOGCMs that are publicly available (e.g.
JMA/MRI-CPS1 from the Japanese Meteorological Agency is also a contributor to C3S,
Takaya et al., 2017), those models’ spatial resolution is often coarser than 1°. It was preferred
to evaluate models that consistently offer at least 1° spatial resolution to keep the evaluation
more focused on higher resolution applications (closer to 0.25°). A few dynamic ensemble
systems are also produced in the southern hemisphere, such as the Predictive Ocean

Figure 2.4.1 Map of locations of evaluated AOGCMs in this thesis
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Atmosphere Model for Australia (Australian Bureau of Meteorology). Latin America
(Central and South America) has no unified MME designed for operational S2S forecasts,
although Brazil has an AOGCM (BESM; Veiga et al., 2019) with an atmospheric component
(BAM-v1.2) designed for operational seasonal climate predictions (Coelho et al., 2020).

Although the list of forecasting centres with dynamic AOGCM:s plotted in Figure 2.4.1 is not
comprehensive, these centres represent the main AOGCM options deployed by regional
forecasting institutions in Central America (e.g. CA-COF seasonal climate outlooks; Garcia-
Solera & Ramirez, 2012). Addressing research gaps in evaluations of dynamic model-based
ensembles over Central America is important because they are not designed for the Central
American context, but these models are often the best dynamic options available to be
deployed today and their uncertainties can have cascading effects on regional outlooks and
forecasting applications.
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Forecast Evaluation
Methodologies

CHAPTER

3.1 Forecast Purposes Affect Evaluation Techniques Used

Forecast evaluation can be approached in multiple ways depending on the motivation for
analysis. Evaluation aims can include considering operational elements that pose barriers to
forecast uptake (laws and norms, e.g. Feldman & Ingram, 2009; Rayner et al., 2005), and
technical quality constraints (e.g. Stockdale et al., 2010). Within the technical forecast
quality research context, evaluation purposes are often divided into three categories (Brier
and Allen, 1951):

(1) economic purposes place the value of a forecast in monetary gains and are unique to the
individual purpose of the forecast (e.g. how much more grain can a farmer produce from

using a forecasting technique);

(2) administrative purposes can encompass a diverse range of needs but also include the
need to communicate a forecast for non-specialist decisions (e.g. whether a flood warning is
sufficiently likely to warrant an evacuation); and

(3) scientific purposes are more specifically aimed at the precision of a forecast for given

states of the earth system.

The scientific value of a forecast often receives the most attention within the scientific
community (Joliffe and Stephenson, 2012), which is useful within the model development
context, but may not be as useful for decision-making as using an administrative lens
(Mason and Weigel, 2009). In this thesis, scientific and administrative purposes are primarily
considered to inform the evaluation methodology and metric choice.

3.2 Benefits of Statistical and Process-Based Evaluation Methods

Statistical methods are employed here alongside process-based analyses to further diagnose
model performance. Statistical methods primarily focus on how models predict target
variables (e.g. total monthly rainfall), using reforecasts over historical periods (often referred
to as hindcasts) and comparing the mean and variance of model outputs against observations
to test performance (e.g. Acharya et al., 2021; Coelho, 2013; Gubler et al., 2020; Hidalgo &
Alfaro, 2012; Mishra et al., 2019; Pillai et al., 2018; Scaife et al., 2019; Slater et al., 2016;
Walker et al., 2019). Statistical methods that assess predictions of target variables can answer
some of the questions most relevant to administrative purposes, such as which model
performs best for detecting high rainfall extremes in the early rainy season for a given
location and provide insights into the spatial temporal variation in forecast performance for
future model development.
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Process-based methods assess model representation of potential predictors of target
variables, such as moisture transport or SST (e.g. Baker et al., 2018; Oldenborgh et al., 2005;
Stockdale et al., 2018). Process-based methods can inform future model development by
shedding light on why a model is predicting a target variable well or poorly, and they can
also support implementation efforts that use hybrid forecasting methodologies. Colman et al.
(2020), for instance, create a hybrid forecast by using dynamic models to predict SSTs in
important locations for generating rainfall and then statistically relate those outputs to a
target variable. Many forecast evaluation studies perform a combination of the two methods.
For instance, Scaife et al. (2019) identifies the regions in the world with the highest seasonal
rainfall forecast skill using 14 dynamic model-based ensembles and examines how the
models’ abilities to predict the ENSO teleconnection relate to their rainfall forecast skill to
inform opportunities for future model development.

3.3 Evaluation Metrics for Forecast Performance are Varied

Forecast evaluation metrics are diverse and will change depending on the purposes for
analysis (e.g. administrative vs. scientific). Murphy (1993) outlines nine key attributes of
forecast quality:

e  Bias measures correspondence between the mean forecast and mean observation (e.g.
does the forecast overpredict or underpredict rainfall);

e Association assesses the strength of the linear relationship between the forecasts and
observations (e.g. Pearson correlation);

e  Skill documents the relative accuracy of the forecast compared to a reference (e.g. a
climatology, a random forecast, or persistence — most recent set of observations);

e  Reliability compares the observed frequency of events with the predicted frequency
of events (e.g. if a forecast system predicts 80% chance of above average rainfall for
upcoming season, the system is statistically reliable if in 80% of cases, the
observations are above normal in that season; Weisheimer & Palmer, 2014);

e  Resolution is the degree to which the forecast can resolve events into subsets with
different frequency distributions;

e  Sharpness measures forecast tendency to predict extreme values (not necessarily
correctly);

e Discrimination examines the forecast's ability to distinguish between observations,
1.e., higher predictive frequency when the event occurs; and

e Uncertainty considers the variability of the observations.

Using more metrics is often better to support scientific purposes by informing different
aspects of how a model represents the atmospheric system. Forecast verification papers often
deploy of few of these metrics together, commonly citing forecast skill, association, and bias
(e.g. Baker et al., 2018; Slater et al., 2016; Walker et al., 2019). Some skill scores can also be
decomposed into component parts that represent different aspects of model quality like
reliability and resolution (e.g. decomposition of Brier skill score; Young, 2010).
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For administrative contexts, discrimination has been promoted as a useful aspect of model
quality to test for decision-makers (Mason, 2018; Mason & Weigel, 2009; Weigel & Mason,
2011). In the CA-COF for instance, forecasts are currently communicated in tercile
categories (Above Normal, Normal, Below Normal — Garcia-Solera & Ramirez, 2012).
Mason and Weigel (2009) propose metrics like two alternative forced choice (2AFC) to
showcase a model's ability to differentiate between different states (e.g. high rainfall and low
rainfall cases versus normal conditions). 2AFC has been deployed in recent forecast
evaluation efforts (e.g. Acharya et al., 2021; Pons et al., 2021) and is cited as a metric for
forecast analysis in CA-COF meetings (discussion with CA-COF contributors, 28 September
2021).

Skill metrics like the Heidke Skill Score (HSS — Heidke, 1926) that test detection rates of
extremes are also common (e.g. Higgins, Kim and Unger, 2004; Becker et al., 2012; Walker
et al., 2019). Simpler metrics are also available for extremes detection (e.g. Hit Rate, how
often a model identifies an extreme event correctly, and False Alarm Rate, how often a
model misidentifies an extreme even when one did not occur). HSS is preferred for extremes
detection here because it is equitable, so random forecasts (e.g. a forecast that always
guesses an extreme will occur) always score as zero, meaning no skill (Hogan et al., 2010).
Forecast evaluations here are primarily conducted on the raw ensemble outputs to understand
their baseline forecast skill, which can provide insights into forecast potential, since positive
skill is often easier to improve through post-processing (e.g. Slater & Villarini, 2018).
Chapter 5 also uses calibration techniques that are used operationally today (e.g. using CCA
as is used in the Next-Gen forecasting approach).

Ultimately, a range of forecast evaluation metrics and techniques are useful to test the
trustworthiness of a forecast. Using statistical and process-based assessments is also
beneficial to more comprehensively showcase both the spatial and temporal variability in
forecast performance and some causal mechanisms that potentially drive AOGCM
predictions (e.g. how ENSO representation relates to predictive skill). The following
chapters (4-6) apply a range of probabilistic and deterministic metrics to assess both mean
estimates and the range of ensemble member predictions for different months and locations.

To further support implementation efforts, the evaluation methodology used here is also
structured around comparative evaluation. Comparative evaluation means framing the
analysis within relative terms as compared to solely using absolute values to assess
performance given that people often make decisions in terms of comparative losses and
gains (Kahneman and Tversky, 1984). Quoting absolute forecast skill values alone is
therefore less informative than showcasing how one model or method performs relative to
another when helping decision-makers choose between forecast tools. This includes
comparing how well AOGCM updates compare to their previous versions (e.g. SEASS
versus S4) and how well AOGCMs and their combined MMEs compare against each other.

20



SEASS5 SKilfully Predicts Late Wet-
Season Precipitation in Central
American Dry Corridor Excelling in
Costa Rica and Nicaragua

CHAPTER

Co-authors. Louise Slater, Anne F. Van Loon, and Christian Birkel
Published. 24 December 2021 https://doi.org/10.1002/joc.7514

Motivations

Low rainfall extremes are investigated in Chapter 4 due to drought risks in the CADC
(Calvo-Solano et al., 2018; Gotlieb et al., 2019). Two of the five central research questions
(RQs) are addressed in this chapter (RQs 1 and 4 in Thesis Outline, 1.2). SEAS5 was
selected for this study because there were no evaluations that focused on that model’s skill in
Central America, especially over the CADC. SEASS was also of interest because of its
potential to perform well in the region given evaluations in nearby regions (e.g. South
America, Gubler et al., 2020) and evaluations of the previous version (S4) in Central
America (e.g. Carrdo et al., 2018).

Abstract

Better drought preparedness is critically needed in the Central American Dry Corridor
(CADC). Seasonal forecasts can be used to build this preparedness but need localized
evaluations to ensure they are relevant and useful. This study provides a CADC-focused
assessment of the SEASS seasonal forecasting system produced by the European Centre for
Medium-Range Weather Forecasts (ECMWF). We evaluate SEASS predictions of the mean,
variability, and extremes of precipitation across the CADC at one- to seven-month lead
times. We assess differences in regional forecast quality across seasons and lead times by
evaluating spatial and temporal associations with El Nifio Southern Oscillation (ENSO)
phase, topography, and continentality. Results show that SEASS precipitation forecasts often
have better skill primarily during the mid to late wet season (July-October). In these months,
low/normal precipitation forecasts outperform the climatological mean (1982-2016) up to
five- or six-month lead times in some subregions. Forecast skill is often worse, however, for
predicting precipitation during the early wet season, primarily in June. Forecast skill varies
spatially across the region, with higher skill concentrated in the southeast (Costa Rica and
Nicaragua). Forecast skill is significantly related to continentality and topography, and
together these factors account for at least a quarter of the spatial variance in annual skill at
all lead times. Forecast accuracy varies depending on ENSO phase: predictions are often
worse in El Nifio (warm ENSO) periods during the early wet season when ENSO also has a
weaker association with cumulative precipitation relative to the later wet season. SEASS
could be a particularly useful tool during the second half of the wet season in the southeast
CADC, skilfully alerting of upcoming precipitation variability with over three-month lead

times.
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4.1 | Introduction

4.1 Introduction

Drought threatens many communities around the world. The Central American Dry Corridor
(CADC) is one region that continues to face acute drought impacts with significant costs to
health and livelihoods (Peréz-Briceno et al., 2016; Alfaro, Hidalgo, and Pérez Bricefio, 2018;
Calvo-Solano et al., 2018; Beveridge et al., 2019; Gotlieb et al., 2019). While most of
Central America is composed of a relatively wet climate, the CADC is along the Pacific
boundary (Figure 4.1) and experiences a longer dry season and higher risk of drought
(Peralta Rodriguez, Carrazon Alocén and Andrés Zelaya Elvir, 2012). The agricultural sector
in the CADC (a key income source for many locals — (Gotlieb et al., 2019) experienced
significant drought-related impacts in at least eleven of the twenty years during 1997-2016
(Calvo-Solano et al., 2018). Going forward, water availability is projected to decrease across
Central America with an increased frequency in drought (Hidalgo et al., 2013; Imbach et al.,
2018; Cook et al., 2020; Almazroui et al., 2021). Almazroui et al. (2021) for instance,
showed temperature is likely to increase while precipitation is projected to decrease between
10-40% over Central America by the end of the 21% Century. Therefore, exploring
preparedness options is important since drought-related pressures in the CADC are
widespread and unlikely to abate.

Seasonal forecasts can support ongoing preparedness efforts by informing decisions for the
upcoming season, such as crop choice, hydroelectric power reliance, and water supply for
human consumption. Several forecasting approaches are available to predict drought (e.g.
statistical or dynamical; Hao, Singh and Xia, 2018). Dynamic seasonal forecasts based on
ensembles of global circulation models combine multiple potential climate states into a
prediction, and their quality continues to improve (Bauer, Thorpe and Brunet, 2015). These
systems have shown promise near Central America in part due to the predictability of the El
Nifio Southern Oscillation (ENSO) teleconnection pattern in the eastern Pacific (Scaife et al.,
2019). While these systems are often only publicly available at relatively low spatial
resolutions (0.5° or 1° in some cases), they can warn of upcoming anomalies in drought-
related indicators across the CADC and be followed by impact-based forecasting
assessments that are tailored to more regional and sector-specific needs. Some dynamic
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Figure 4.1 CADC characteristics. (a) Elevation measured in meters above sea level (mASL) across
Central America with the CADC boundary outlined based on the climate risk index (IICACR, 2014),
including relatively contiguous locations with a dry season that lasts longer than 4 months. (b)
Average annual precipitation (1982-2016) using GPCC 0.25° resolution data (Schneider et al., 2018)
over Central America including CADC boundary.
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seasonal forecasting systems are in use today across Central America — the Central American
Climate Outlook Forum (CA-COF) leverages multiple dynamic systems to inform three-
month outlooks primarily for precipitation (Donoso & Ramirez, 2001; Garcia-Solera &
Ramirez, 2012; Maldonado et al. 2013, 2018).

Central America is subject to complex interactions between climatic mechanisms (Duran-
Quesada et al., 2020), which can limit drought predictability. ENSO, for instance, is key for
regional precipitation, and its various modes modulate the strength of other phenomena (e.g.
Caribbean Low Level Jet — CLLJ; Amador, 2008) that convey moisture across the isthmus
(Duran-Quesada, Gimeno and Amador, 2017). ENSO alone, however, cannot explain
regional drought occurrences (Hidalgo et al., 2019; Maldonado, Alfaro, & Hidalgo, 2018;
Mufioz-Jiménez et al., 2019). Although drought risk in the CADC is connected to El Nifio
(warm ENSO) events, drought severity is not consistent between strong El Nifio phases
(Mufioz-Jiménez et al., 2019) and extreme droughts can equally occur in other phases of
ENSO. During a La Nifia episode in 2010, for instance, the CADC experienced drought-
related losses in corn and bean crops worth over 85 million USD in El Salvador alone
(Calvo-Solano et al., 2018). Other factors may overwhelm the influence of El Nifio phases
on precipitation deficits (e.g. Tropical North Atlantic and quasi decadal variability — Alfaro,
2007; Maldonado et al., 2017; Hidalgo et al., 2019), as both the Atlantic and Pacific Oceans
play significant roles in weather formation over the thin land-bridge (Duran-Quesada et al.,
2020). The CADC also presents unique forecasting challenges compared to the rest of
Central America in part due to its complex topography. The region is mountainous with steep
changes in elevation from sea level to over 2000 mASL with some mountains reaching
anywhere from 3000-4000 mASL in some parts of the cordillera (Gotlieb et al., 2019, Figure
4.1a). Topography is important, as mountainous terrain creates special challenges for
numerical weather prediction (Serafin et al., 2018; Chow et al., 2019), but the relationship
between elevation and predictability could use further exploration in the CADC. A
forecasting evaluation that focuses on the CADC is therefore useful because it can identify
both the potential skill for regional applications and potential limits to predictability in the
region.

This study provides a first look into dynamic seasonal forecast quality across the CADC
using SEASS, the 2017 update to one of the leading dynamic forecasting systems produced
by the ECMWF (Johnson et al., 2019). Dynamic forecasting systems like SEASS5 require
more localized evaluation in the CADC specifically, as relatively few evaluations have
focused on how these systems perform across the region, and their quality may vary
regionally. Some studies have addressed how the previous version of the ECMWF
forecasting system (S4) performed over Central America more generally (Dutra et al., 2014;
Weisheimer and Palmer, 2014; Carrao et al., 2018), and others have investigated SEASS
performance in nearby regions (e.g. in South America — Gubler et al., 2020). For instance,
(Weisheimer and Palmer, 2014) showed S4 had a perfect reliability score in predicting
precipitation variability over Central America during June through August (JJA) and
December through February (DJF) using initialization periods of two and four months in
both relatively warm and cool years. Others have shown that S4 precipitation skill in South-
Central America was higher when predicting moderate drought events, but the system’s skill
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suffered as the intensity of the drought increased (Carrdo et al., 2018). To build on these
analyses, we investigate SEAS5 in more months, including the entire wet season (May-
October) when precipitation is most variable, explore sources of regional predictability that
may affect SEASS skill, and consider how SEASS predictions may have changed relative to
S4 — SEASS has upgrades compared to S4, including an increase in the resolution of the
ocean models from 1.0 to 0.25 degrees, which enhances the representation of ENSO
variability (Johnson et al., 2019) and could improve performance over Central America.

SEASS skill is assessed in different contexts, including precipitation mean and variability
over the entire period of analysis (1982-2016), below-normal precipitation cases (using 10™
and 20™ percentiles of monthly precipitation anomalies), and historical drought events to
showcase how SEASS could perform in years when residents would benefit from an early
precipitation-deficit warning. The specific goals of this assessment are to (1) examine the
spatiotemporal characteristics of SEASS forecasts across months and lead times within the
CADC with a focus on low-precipitation anomalies, and (2) explore potential associations
between forecast skill and regional drivers of predictability such as elevation, continentality,
and ENSO variability.

4.2 Data and Methodology
4.2.1 CADC Boundary Delineation and Data Selection

The delineation of the CADC is imprecise. Some studies have circumscribed the CADC
using the Climate Risk Index that identifies areas with a dry season lasting longer than four
months, including parts of Guatemala, Honduras, Nicaragua, El Salvador, Costa Rica, and
occasionally the Dry Arc of Panama (FAO, 2016; Gotlieb et al., 2019). Others have defined
the “core” CADC to include locations where the aridity index is less than one (ratio between
average annual precipitation to potential evaporation) (Hidalgo et al., 2019), or applied a
flexible boundary definition to better account for annual variations in precipitation
(Quesada-Hernandez et al., 2019). Our research defines the CADC by the outline shown in
Figure 4.1, which simplifies the boundary to a relatively contiguous region using the Climate
Risk Index (IICACR, 2014), excluding the Dry Arc of Panama and a few isolated places in
Guatemala.

SEASS total monthly precipitation 0.25° resolution hindcasts from all 26 available model
members (51 members are available for real-time forecasts and 26 are available for
hindcasts) were obtained over 1982-2016 across one- to seven-month lead times and
assessed against the Global Precipitation Climatology Centre (GPCC) 0.25° dataset, a
gridded gauge-based observational precipitation dataset (Schneider et al., 2018). While
observational datasets all have their relative benefits and drawbacks, GPCC is preferred here
because it is publicly available and has strict quality control requirements such as a
minimum of ten uninterrupted years of run time for rain-gauge station inclusion (Schneider
et al., 2018; Sun et al., 2018). Prior to evaluation, GPCC was also compared against Climate
Hazards Group InfraRed Precipitation with Station data (CHIRPS; Funk et al. 2014), which
showed similar mean monthly precipitation estimates at 0.25° resolution. Decreasing support
for rain gauges is also a known challenge (Sun et al., 2018), so the number of rain gauges in
the GPCC dataset were examined over the evaluation time-period. After 2000, the total
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number of gauges in the region dropped below 50, primarily in the central CADC
(Honduras). Fewer rain gauges were also in operation over the evaluation time period near
sea level and above 1250 mASL. Caution is therefore warranted in relying on the
observations outside of intermediary elevations, as for many observational rain gauge
datasets.

A few additional datasets (all publicly available) are leveraged to assess possible
relationships between different phenomena and forecast skill. To examine topography,
resampled Shuttle Radar Topography Mission elevation data (Hollister, 2021) is re-gridded
to 0.25° resolution using bilinear interpolation. Continentality is examined by calculating
distance from the coast using the Euclidean distance with Natural Earth data. Both the
Multivariate El Nifio Index (MEI) (Wolter and Timlin, 2011) and Oceanic Nifio Index (ONI)
(NOAA Climate Prediction Center, 2021) are used to assess the effects of ENSO phase. MEI
is employed here to provide a more comprehensive ENSO estimate, as this index is based on
multiple indicators such as sea surface temperature (SST) and sea level pressure (Wolter and
Timlin, 2011). ONI only accounts for SST anomalies but is preferred for categorizing
historical droughts by ENSO phase due to its clear delineations between phases in the U.S.
National Oceanic and Atmospheric Administration (NOAA) database.

4.2.2 Low-Precipitation Anomaly Thresholds and Historical Drought Events

For this assessment, SEASS is evaluated for its predictions of monthly precipitation across
the CADC with an emphasis on predictions of below-normal precipitation. Precipitation
anomalies drive meteorological droughts (below-normal precipitation events) and they are a
key factor in other forms of drought (Van Loon, 2015). In many Central-American
catchments in particular, there is a relatively close relationship between precipitation deficits
and hydrological droughts (low streamflow events) because groundwater processes do not
dominate (Quesada-Montano et al., 2019). Precipitation is also relevant because it is
prioritized in existing seasonal forecasting applications like those developed through the CA-
COF (Maldonado et al. 2013). Although several drought-monitoring indices and metrics
exist (WMO, 2016), monthly precipitation was chosen for evaluation because this metric is
relatively flexible — it can be applied in threshold analyses for sector-specific uses or
calculated into an index to monitor drought more broadly (e.g. Standardized Precipitation
Index — SPI; Mckee, 1995). Low-precipitation thresholds are defined using monthly
precipitation anomalies below the 10™ and 20" percentile chance of occurrence aligned with
Svoboda et al. (2002) and Peterson et al. (2002) definitions of moderate to severe drought
and below-normal precipitation. Although the absolute value of the threshold for each month
may vary depending on monthly precipitation accumulation (e.g. the driest 10% of May data
will be a higher value than the driest 10% of January data), the number of events included in
each threshold is consistent across months (e.g. 10% thresholds include about 4 of the 35
years).

SEASS accuracy during historical drought events is evaluated using three-month mean
precipitation hindcasts to show how SEASS would have performed in an operational context.
Calculating the three-month mean hindcast requires setting one initialized month and
combining different lead times from that date to construct a hindcast for the entire three-
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month period. For instance, a three-month mean hindcast that is initialized in June and
predicts precipitation for August through October would be calculated as the average
precipitation from a two-month lead time for August, a three-month lead time for September,
and a four-month lead time for October. Events are identified from the CADC drought-
related agricultural impact review by (Calvo-Solano et al., 2018). Agricultural impacts are
emphasized because this sector is key to most livelihoods in the CADC (Gotlieb et al.,
2019). Events are then categorized by ENSO phase to see how hindcast accuracy compares
between events that occurred in different ENSO phases, including those not typically
associated with drought (e.g. La Nifia and Neutral phases — Table 4.1). The 2000 event is
additionally included, because the annual precipitation anomalies were drier than one
standard deviation below the climatology in multiple locations and worsened the impacts
from the drought in 2001 (CEPAL, 2002).

Table 4.1 Historical drought events in the CADC from 1997-2016 with documented agricultural
impacts (Calvo-Solano et al. 2018) are categorized by the ENSO phases when they primarily
occurred (El Nifio, La Nifia, Neutral) as measured three-month mean SST anomalies in the Oceanic
Niflo Index (ONI — NOAA Climate Prediction Center, 2021).
Year Agricultural Impacts — see Calvo Solano et al. (2018) for more event descriptions
El Nifio, ONI > 0.5
1997 Loss of basic grains across CADC
2004 Loss of basic grains primarily in Guatemala
2009 Crop loss in Guatemala, Honduras, Nicaragua, and Costa Rica intensifies July-September
2015 Crop loss across CADC, Guatemala loses 80% first crops
La Nifia, ONI <-0.5
2000 Dry year preceding another dry year in 2001, which exacerbated crop losses in 2001
2008 Major crop reductions in El Salvador
2010 Crop loss in El Salvador and Guatemala, losses worth over 85 million USD in El Salvador
2016 Corn and bean losses in Guatemala and Honduras
Neutral, -0.5 <ONI < 0.5
2001 Loss of basic grains across CADC
2012 Primarily coffee crop losses, between 33-100% of harvest lost across the CADC
2013 Major coffee crop losses across Costa Rica and rice and bean crop losses in Guatemala
2014 Loss of basic grains primarily in Costa Rica, El Salvador, and Nicaragua

4.2.3 Evaluation Criteria

Several verification metrics are used to assess SEASS performance across the time series —
both deterministically using the ensemble mean, and probabilistically using the range of the
ensemble members (Table 4.2). To assess deterministic predictions of precipitation mean and
variability, skill is examined using the Mean Squared Error Skill Score (MSE-SS) (e.g.
(Gubler et al., 2020; Kelemen et al., 2019; Maldonado et al., 2018; Slater et al., 2016; Slater
& Villarini, 2018). MSE-SS is calculated from annual and monthly standard anomalies
(using the climatological mean and standard deviation from the hindcast period 1982-2016).
The Heidke Skill Score (HSS; Heidke, 1926) is used to assess the deterministic skill of
identifying low-precipitation anomalies. HSS is chosen for several reasons: the metric is
equitable by giving equal weight to different types of random forecasts (Hogan et al., 2010),
understandable (1 = perfect, 0 = skill of random forecast), and commonly used (Higgins,
Kim and Unger, 2004; Becker et al., 2012; Walker et al., 2019). Probabilistic skill for normal
precipitation variability is evaluated with the Continuous Ranked Probability Skill Score

26



4.2.3 | Evaluation Criteria

(CRPSS; Matheson and Winkler, 1976). CRPSS is employed to assess the spread of the
model members for normal precipitation variability and is preferred because the score is
widely used (Mishra et al., 2019; Ratri et al., 2019; Slater & Villarini, 2018; Wang et al.,
2019), clear to interpret (1 = perfect, 0 = skill of climatological mean), and applicable to raw
ensemble outputs to showcase initial performance prior to post-processing the data into a
probability distribution (Brocker, 2012). CRPS (different from CRPSS because CRPS only
measures differences between forecasts and observations and is not baselined against a
reference forecast) is calculated to show how the accuracy of the system varies in the
historical event cases (0 = forecast and observations are equal, larger values less accurate).

Multiple linear regressions are then used to assess the strength of the relationships between
regional characteristics and forecast skill. Forecast skill (using MSE-SS) is regressed against
elevation and continentality to understand the degree to which these factors relate to the
spatial variance in skill. To better understand the degree to which SEASS skill is associated
with ENSO variability, here we examined (1) how the strength of the relationship between
ENSO variability and precipitation accumulation compares with the seasonality in forecast
skill, and (2) how ENSO variability relates to forecast accuracy in different times of year. We
tested the first relationship by regressing MEI against precipitation in different periods of the
year and compared the strength of the association with the variations in forecast skill. To
explore possible connections between ENSO phase and forecast quality, the forecast
accuracy (using spatially averaged CRPS) is regressed against MEI for different periods of
the wet season and across lead times. We primarily focused on the relationships between
ENSO and forecast skill in the wet season because these months are when meteorological
drought forecasts are most relevant, as agriculture in the region is highly dependent on
precipitation during this period.

Table 4.2 Summary of forecast verification metrics with their relevant formulas
Metric Summary Formula

Deterministic Measures

Mean Average squared difference between 1
Squared ensemble mean and observations MSE = Ez(fl - x;)
Error Skill baselined against climatological mean (1 i=1
- .y . . MSE
Score = perfect, 0 = skill of climatological MSE —SS = 1 — f
(MSE-SS)  mean) (Deque, 2012). MSEciim
X = observation
x = forecast
n = total number of instances
MSE; = MSE forecasts
MSE i, = MSE climatology
Heidke Skill ~ Skill of categorical event detection using Hss = & +d—a, —d,
Score (HSS)  the ensemble mean that calculates n— a,— d,

proportion of correct identifications and
accounts for number of hits due to

a,=(a+b)(a+c)/n
d-=Mb+d)(c+d)/n

chance (1 = perfect, 0 = skill of random a = hits
forecast) (Heidke, 1926). b = false alarms
¢ = misses

Probabilistic Measures

Continuous
Ranked

Error of the range of ensemble members
(0 = perfect, larger values are less

27

d = correct rejections
n = total number of instances

CRPS = f {Fs(q) — FQ(q)}dq



4.2.3 | Evaluation Criteria

Metric Summary Formula

Probability accurate). Integrates squared difference Fs(q) = cumulative forecast distribution
Score between distributions of forecasts and FQ(gq) = cumulative observation distribution
(CRPS) observations (Weigel, 2012)

Continuous  Skill of the range of ensemble members CAES — CRPS; — CRPS,¢f

Ranked using CRPS compared to the climatology CRPSperfect — CRPS,of

Probability (1 = perfect, 0 = skill of climatological TPSf — i (CTROP Barorenn

Skill Score mean) CRPS,..; = mean CRPS observations
(CRPSS) CRPSperfect = 0

4.3 Results

4.3.1 Normal Precipitation Variability

SEASS forecasts of normal monthly precipitation are better in the mid to late wet season
across most lead times (July-October, Figure 4.2). Skill is highest in July and August,
commonly known as the mid-summer dry period, which is a relatively consistent
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Figure 4.2 Spatially averaged skill (MSE-SS) is plotted over lead time and colour-coded by
month using the ensemble mean (a) and using the range of the ensemble members with CRPSS

(b). Skill of the climatological mean (1982-2016) is at zero, plotted with a horizontal dashed line.
Months are labelled when the spatially averaged skill is positive for at least two lead times.
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phenomenon in the CADC (Magafia, Amador and Medina, 1999) — MSE-SS (1 = perfect, 0 =
skill of climatological mean) remains positive up to a four-month lead time in July and a
five-month lead time in August, and CRPSS (1 = perfect, 0 = skill of climatological mean) is
only negative in August at six-month lead time (Figure 4.2). SEASS forecasts also have
higher skill during the late wet season (September-October) compared to May through June
for normal precipitation variability. The spatially averaged skill (using MSE-SS), for
instance, ranges from 0.19 to 0.35 in September through October at one-month lead time,
whereas skill in the early wet season is never positive at any lead time (Figure 4.2).

The seasonality of SEASS skill is also apparent when the forecast skill (using CRPSS) is
plotted spatially over months and lead time (Figure 4.3). In the best performing months (July
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and August), skill is positive across almost the entire CADC with peaks in performance in
the southeast (Nicaragua and Costa Rica). In the early wet season, positive skill is less
widespread. Spatial skill maintains across multiple lead times in June primarily in the central
CADC (Honduras), while skill in May is worse (close to zero or negative) across all lead
times and locations except for in the southeast CADC (skill is positive at one-month lead
time in Nicaragua and Costa Rica). In the late wet season, positive skill is concentrated in the
southeast CADC over multiple lead times in September while skill better maintains across
the region in October.

4.3.2 Low-Precipitation Anomalies

SEASS skill (HSS — 1 = perfect, 0 = skill of a random forecast) in predicting low-
precipitation anomalies varies seasonally (Figure 4.4). Detections of the lowest 20% of
monthly precipitation anomalies (Figure 4.4a) are best during July and August in the wet
season and SEASS also achieves positive skill during May and October across multiple lead
times for this threshold. In contrast, lower skill is more common in June and September
(Figure 4.4a). When the low-precipitation events are constructed using the 0-10% and 10-
20% range of low-precipitation anomalies (Figure 4.4b and 4.4c), SEASS skill is less
seasonally consistent across lead times, but peaks and troughs in skill still occur in similar
months. For the lowest 10% of anomalies especially, July, May and October stand out as
high-performance months, whereas for the 10-20% range of monthly anomalies, there is less
consistency across months and lead times (Figure 4.4b and 4.4c). Limited consistency in the
10% ranges is likely due to fewer values in the dataset being examined, as 10% of a 35-year
period equates to only 4 events when the data is examined by month, whereas the lowest
20% of the data includes about 7 events per month.
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Figure 4.4. Spatially averaged skill (HSS) is plotted over months and shaded in lighter hues
of grey as lead time increases for the lowest 20% of monthly anomalies (a), 0—10% of monthly
anomalies (b), and 10-20% of monthly anomalies (c). Difference between the 10 and 20%
monthly thresholds in absolute precipitation ranges from 14 to 24 mm/month in the wet season.
One-month lead time is highlighted in black, and the skill of using a random forecast is plotted
as a dashed horizontal line.
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4.3.3 Historical Drought Events

Figure 4.5 highlights SEASS5 accuracy (CRPS — 0 = perfect, > 1 = inaccurate) in forecasting
historical drought events that had documented drought-related impacts to the agricultural
sector in the CADC. In agreement with the comparison across the entire time series, SEASS
often performed worse (CRPS > 1 in multiple years, e.g. 1997, 2001, 2010) in the earlier wet
season (April-June — AMJ, May-July — MJJ, June-August — JJA). In contrast, SEASS
accuracy was higher (CRPS < 0.6) for multiple lead times in the mid to late wet season
(July-September — JAS, August-October — ASO, September-November — SON). In addition,
during the driest anomaly periods in the historic drought years (shaded in grey — Figure 4.5),
SEASS inaccuracies (CRPS > 1) primarily occurred in the early wet season (e.g. in 1997 and
2013), whereas SEASS5 was more accurate across multiple lead times (CRPS < 0.4) when
dry anomalies occurred in the late wet season during multiple historical drought years (e.g.
in 2009, 2010, and 2014). Forecast quality during the historic drought events also varied
across ENSO phases, and no single phase showed a marked improvement over the others.
Another noteworthy aspect of Figure 4.5 is that not all reported years with drought-related
impacts to the agricultural sector experienced precipitation deficits over one standard
anomaly below the climatological mean, meaning other factors (e.g. temperature) were likely
also contributing to drought severity during those times.

2009

El Nifio
Impacts

Neutral
Impacts

Spatially Averaged CRPS

La Nifia
Impacts

<
=
[

==
L =X
S k=
Period

Three Month Perio

! | Periods with Months Initialized (NENERIN

[] El Nifio Phase
[] La Nifia Phase - Dry Anomalies < -1 Priorto Forecast 1 2 3 4 5

Figure 4.5 Spatially averaged accuracy during historic drought events (CRPS — 0 is perfect)
plotted over 3-month periods and colour-coded by number of months SEASS is initialized prior to
a hindcast. Drought years are categorized by the ENSO phase when impacts primarily occurred
(impacts primarily in El Nifio phases on top, in Neutral phases in the middle, and in La Nina
phases on bottom). Changes in ENSO phase are shaded based on ONI anomalies-El Nifo, La
Nifia, Neutral (no shading). Dry extremes (monthly precipitation < —1 below climatological mean
from 1982 to 2016) are highlighted between vertical dashed lines.

Figure 4.6 shows SEASS bias across the region in two of the historic drought years that
occurred in different phases of ENSO — a strong El Nifio phase (2015) and a Neutral phase
(2001). These years were selected to illustrate how SEASS could have performed: (i) in a
typical drought during a strong El Nifio phase (traditionally associated with drought in the
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CADC) that exhibited decreasing moisture in some subregions accompanied by strong
easterly winds and a change in the position of the Intertropical Convergence Zone among
other atmospheric anomalies (e.g. IMN, 2015; Sanchez-Murillo et al., 2017); and (ii) in a
more atypical drought (2001), when mechanisms other than ENSO may have driven the
event and the drought impacts manifested in part due to the irregular spatial distribution of
the precipitation rather than a uniform deviation from the climatological normal (CEPAL,
2002).. Forecasting bias is reported when the system is initialized one month and four
months prior to a forecast to illustrate how SEASS5 would have performed just prior to the
season and at longer lead times (e.g. a one-month forecast initialized in March would
combine a one-month lead time for April, a two-month lead time for May, and a three-month
lead time for June — Figure 4.6).

As shown in Figure 4.6, SEASS predicted the dry anomalies in 2015 relatively well during
the second half of the wet season (June-August and August-October), sometimes running
even drier than the observations when the reference data was more than one standard
anomaly below the climatological normal (e.g. in August-October). SEASS was less able to
represent the dry anomalies in 2001, especially in the central and northwest CADC
(Honduras and Guatemala) but showed minimal bias during the second half of the wet
season at one-month initialization. During the early wet season (April-June), SEASS
overpredicted precipitation in both cases, especially at the longer lead times. When
precipitation returned to above normal conditions, the forecasting system also
underpredicted precipitation and ran dry — for instance, SEASS continued to predict below-
normal precipitation in the regions that returned to wetter than normal in August through
October in 2015 (Figure 4.6). SEASS therefore would have been better at alerting people to a
dry event in the mid to late wet season in both years but would have been less useful for
strategically capitalizing on the sporadic above-normal precipitation conditions that
manifested in these relatively dry periods.

Some subregions would have benefitted more than others from SEASS5 predictions during
these years. In Honduras, for instance, the government declared a state of emergency in June
due to continued precipitation deficits across the region (FAO, 2015b). SEASS demonstrates
small bias in Honduras, slightly overrepresenting the magnitude of the dry conditions in this
region during the wet season in 2015 (Figure 4.6). In El Salvador, locals also faced acute
drought impacts due to irregular precipitation in 2015 (FAO, 2015a), but the SEASS
hindcasts were less able to predict the precipitation deficit during the early wet season at
longer lead times and then predicted below-normal precipitation during the late wet season
(August-October) when El Salvador experienced a return to above-normal conditions.
Overall, the spatial plots of these two years align with some of the other historic drought
cases (Figure 4.5), which show SEASS was often less accurate primarily during the early wet
season in the El Nifio phase droughts and had a more sporadic performance across lead times
and months for the Neutral phase droughts.
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Figure 4.6. Bias in two historical drought events is plotted spatially over 3-month mean periods at
different stages of the wet season (a) 2001, Neutral ENSO phase and (b) 2015, El Nifio ENSO
phase). Early wet season is on the left (April-June), mid wet season is in the middle (June—August),
and late wet season is on the right (August—October). The drought severity is plotted using observed
precipitation anomalies (based on 1982-2016 time period) on the top row of each panel and
compared against the bias of the forecast system below using two initialization periods (row one of
the forecast bias is at 1-month initialization and row two of the forecast bias is at 4-month
initialization).

4.3.4 Spatial Associations with SEASS5 SKkill: Elevation and Continentality

SEASS skill is concentrated in the northwest (Guatemala) and in the southeast (Nicaragua,
Costa Rica, and part of Honduras) when the months are pooled (Figure 4.7). Neither
continentality (distance from the coast) nor elevation play a decisive role in determining the
spatial variance in skill. Skill is worse, for instance, both near the coast in El Salvador and
further inland in Honduras. Skill is also better in the southeast, which is composed primarily
of intermediate and lower elevations (<250 mASL to 750 mASL), and in the northwest,
which has higher elevations (e.g. 1250-2000 mASL near -90°, 14.25 coordinates). These
differences are not necessarily due to differences in rain gauge support across the region. For
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instance, while Honduras tended to experience more changes in rain gauge support over the
1982-2016 period relative to other countries, spatial skill varies across the country and the
differences do not align with changes in rain gauge operations.

Together, continentality and elevation explain at least a quarter of the spatial variance in skill
when skill (using MSE-SS) is regressed against the two factors (Table 4.3). The R-squared
value of the linear model ranges between 0.26 at one-month lead time to a maximum of 0.41
at three-month lead time. Continentality has a small but significantly negative relationship
with forecast skill across lead times, while elevation has an even smaller and more
inconsistent relationship with skill that is negative at lead times beyond three months.
Although relatively few rain gauges are in operation at the extreme ends of the elevation
range across the CADC, especially above 2000 mASL, when the regression was performed
solely for locations with elevations less than 2000 mASL, the findings had no significant
changes, meaning the few gauges in operation above 2000 mASL are not biasing the rest of
the sample.
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Figure 4.7. Annual skill (pooling 12 months) is plotted spatially at 1-month lead time each using
MSE-SS. Positive skill is shaded in blue and negative skill is shaded in grey. Skill equal to using a
climatological mean is in white.

Table 4.3. Regression of spatial variance in skill (MSE-SS) against elevation and continentality
across lead times pooling months. R-Squared of multiple linear regression (Skill ~ Elevation and
Continentality and R coefficients of individual linear regressions (e.g. Skill ~ Elevation) are reported.
Significance p-value: *** <0.001 ** <0.01 *<0.05

Lead time (months) 1 2 3 4 5 6 7
Model R-Squared

0.26™ 0.35™ 0417 038" 0.36™" 032" 0327
(skill ~ elevation + continentality)
Coefficient R of skill ~ elevation 0.00002  0.000003™**  0.00001"** -0.000009™*  -0.0001"""  -0.0002"""  -0.0003"""
Coellicient R of skill ~ continentality -0.004™" -0.005™ -0.006™" -0.006™" -0.006™" -0.006"" -0.005™
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4.3.5 ENSO Associations with SEAS5 Accuracy

The strength of the relationship between SEASS5 accuracy and ENSO variability varies
seasonally (Table 4.4). In the mid to late wet season, MEI strength does not explain the
accuracy of the forecasting system, as the model R-Squared remains below 0.10 across lead
times in July through October (except for in July-August at five-month lead time). SEASS
skill is therefore not significantly better or worse in any particular phase of ENSO in these
months. May and June, however, stand out as one period when MEI is not only significantly
correlated with skill, but as MEI becomes stronger, forecast accuracy also decreases (CRPS
increases), meaning strong El Nifio phases are significantly worse times for predictions in
this period as compared to other months (Table 4.4). The traditionally recognized
relationship between ENSO and precipitation (EI Nifio events lead to drought in the CADC —
e.g. (Peralta Rodriguez, Carrazén Alocén and Andrés Zelaya Elvir, 2012; IMN, 2019) may
not be as strong during these months, as MEI is also less correlated with monthly
precipitation in May through June compared to other months in the wet season with a model
R-squared of 0.09 compared to 0.27 (July-August) and 0.19 (September-October) (Table
4.4). These early wet season months also tend to occur during the transitional phases of
ENSO, when ENSO is known for being more difficult to predict, commonly referred to as
Table 4.4. Associations between ENSO variability (using MEI) and the spatially averaged

precipitation in different periods of the year (left-hand column); and regression of the spatially

averaged forecast accuracy (using CRPS) against ENSO variability (using MEI) across different lead
times. Significance p-value: *** <(0.001 ** <0.01 * <0.05
Number of Months Model is Initialized Prior to Forecast

Bi-Month Period: CRPS ~ MEI

Precipitation ~ MEI 1 2 3 4 5 6
Model
January - February R-Squared 0.04 0.04 0.02 0.03 0.03 0.02
Model R-Squared: 0.12
R Coefficient: -0.32%** R Coefficient  -0.00%%%  _0.00%**  _.0.06*** - W0.07FF%  L0.06%**
0.07+*
March - April Il:[‘;del ; 0.00 0.02 0.01 0.01 0.00 0.01
Model R-Squared: 0.10 RS PENE
R Coefficient: 030" R Coefficient ~ 0.02%%*%  0.06***  0.04%**%  0.03%%%  0.02%%%  0.04***
May- June gl‘;del ‘ 0.15 021 0.28 0.26 0.25 0.26
Model R-Squared: 0.09 ->quare
R Coefficient: -0.30%**  p coofficient  0.14%%%  (.19%kx  Q27%kk  QQ7FFE () 3%EE 0.25%%x
Model
July - August R-Squared 0.01 0.02 0.03 0.07 0.18 0.12
Model R-Squared: 0.27
R Cocfficient: -0.49%** R Coefficient ~ -0.03%%*  _0.06%**  _0.06%** - 0.14%F% %
0.09%**

September - October g[(édel d 0.00 0.00 0.00 0.01 0.00 0.00
Model R-Squared: 0.19 -Square
R Coefficient: -0.41***  p o opficient  -0.02%%*  0.01 0.020F%  (.04FF%  _0.02FFE (. 02%H*
November - December Il\{/l-(;dilare d 0.00 0.00 0.01 0.00 0.02 0.01
Model R-Squared: 0.02 B
R Coefficient: -0.38%**

Coefficient: -0.38 R Coefficient  0.02%**  0.01* 0.04%%%  (.03Fkx (), 07%* 0.04%%%
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the spring predictability barrier (Duan and Wei, 2013; Clarke, 2014; Lai, Herzog and Graf,
2018; Chen et al., 2020). Duan and Wei (2013) also showed that development phases into El
Niflo events also had worse predictability on average than for corresponding transitions into
La Nina phases.

4.4 Discussion

4.4.1 Seasonal and Lead Time Variability in SEAS5 Skill

This analysis focused on the ensemble and mean of SEASS5 hindcasts. Cases when the
system outperforms the skill of the climatological mean are noteworthy in part because they
suggest that post-processing could effectively be employed to further heighten skill in the
region (Slater and Villarini, 2018). A relatively consistent seasonal variation in skill
maintains across normal and low precipitation periods (Figures 4.2 — 4.4). SEASS can be
best used to inform decisions in the mid to late wet season (July — October) when skill is
often positive up to four- or five- month lead times for normal precipitation variability and
low-precipitation forecasts (Figures 2 and 4). September and May stand out as two
exceptional cases from this pattern that show contrasting skill depending on the magnitude
of precipitation predicted. In May, SEASS is positive across multiple lead times for low-
precipitation variability (Figure 4.4) despite only achieving negative skill for normal
precipitation variability (Figure 4.2). In September, the opposite occurs, and SEASS low-
precipitation forecasts are much worse than its predictions of normal precipitation variability
(Figures 4.2 and4. 4). The overall seasonal variability aligns with findings from other studies
of the previous version (S4) — Carrao et al. (2018), for instance, demonstrated relatively
lower skill in May and June relative to July and August across much of Central America
when measuring S4 skill for predicting SPI at three-month lead time.

Regarding lead times, SEAS5 may maintain positive skill for longer periods than its
predecessor. Dutra et al. (2014) illustrate a relatively steep drop in skill beyond three-month
lead times when testing S4 predictions of SPI three-month mean values in September and
October for the Central America region, whereas in this analysis, skill of monthly
precipitation forecasts also declines for up to three-month lead times in these months but
then recovers at five-month lead times in September (using both MSE-SS and CRPSS) and
maintains positive skill up to seven-month lead times in October (using CRPSS) for
predictions of normal precipitation variability (Figure 4.2). Although by no means is this a
one-to-one comparison with S4 since three-month mean SPI and monthly precipitation are
different metrics, positive spatially averaged skill extending beyond three-month lead times
during most of the wet season is a good sign for progress in forecast system development.
Regional variability also affects SEASS usability, however, as positive skill maintains across
multiple months primarily in the southeast (Nicaragua and Costa Rica), whereas other
regions (e.g. El Salvador) experience negative skill for most lead times and months (Figure
4.3).

4.4.2 Associations between SEASS5 SKkill and Regional Climate Mechanisms

Understanding why SEASS performed well in some cases and not others is more complex.
Peak wet-season skill during July and August is possibly tied to the occurrence of the mid-
summer dry period, a regular break in wet-season precipitation that is sometimes referred to
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as the Mid-Summer Drought (Magafia, Amador and Medina, 1999). This annual break in
precipitation is a consistent phenomenon during July and August that many forecasting
systems can represent regardless of their ability to model the underlying causal mechanisms
(Rauscher et al., 2008). Going forward, further evaluations of forecast skill in this period
may be worthwhile, however, as mid-summer dry-period consistency may not maintain in
the future. (Anderson et al., 2019), for instance, found an increase in duration of the mid-
summer dry period, and (Rauscher et al., 2008) predicted it will occur earlier in the wet
season. Multiple causal mechanisms in both the Atlantic and Pacific Oceans likely drive the
decrease in precipitation during this period (Mapes, Liu and Buenning, 2005; Rauscher et al.,
2008; Karnauskas et al., 2013; Hidalgo et al., 2015; Maldonado, Alfaro and Hidalgo, 2018;
Anderson et al., 2019), and changes in any one of them could affect predictability. The
timing and location of both the Atlantic and Pacific components of the Western Hemisphere
Warm Pool (WHWP - Wang and Enfield, 2001), for instance, affect precipitation over both
eastern and western Central America (Duran-Quesada et al., 2017; Sori et al., 2015; Wang et
al., 2008) by modulating the magnitude of the mid-summer dry period (Wang et al., 2008).
Shifts in either of these warm pool components could affect the predictability of mid-
summer dry-period precipitation and would be useful to monitor.

The role the ENSO teleconnection plays in SEASS skill is also an ongoing discussion.
Previous studies have shown that the ENSO teleconnection often drives precipitation and
drought predictive skill of dynamic forecasting systems like SEAS5 (e.g. (Yuan and Wood,
2013; Mo and Lyon, 2015; Scaife et al., 2019; Gubler et al., 2020). The ENSO
teleconnection alone may not drive SEASS forecasting skill though — while SEASS
forecasting skill was largely restricted to strong El Nifio phases in the majority of South
America, for instance, the system showed slight improvements over using a statistical ENSO
model when predicting precipitation in multiple locations, meaning other sources of
predictability were also driving forecasting skill in that region (Gubler et al., 2020). We
wanted to explore how this teleconnection may relate to forecast skill in the CADC and
identify if there are times of the year when the association may change. Prior to conducting
this analysis, we hypothesized that SEAS5 would be more accurate at forecasting
precipitation when ENSO variability and precipitation have a close association. We found
that ENSO variability is less associated with precipitation during the early wet season than in
the late wet season (Table 4.4), which is also when SEASS skill tends to be worse (Figures
4.2 — 4.4, and historical drought examples in Figures 4.5 and 4.6). These predictability
challenges may be associated with the spring predictability barrier, which is a time when
ENSO is often transitioning between phases and is more difficult to predict (Duan and Wei,
2013; Clarke, 2014; Chen et al., 2020).

Other sources of predictability than the ENSO teleconnection may need more emphasis,
especially during the early wet season. During the early wet season (May-June), strong El
Nifio phases are also significantly negatively associated with forecast skill compared to other
phases of ENSO (Table 4.4), meaning the traditional logic (El Nifio phases lead to drought in
the CADC) that typically drives forecast skill may not hold as strongly during this period
and could even undermine the performance of the forecasting system if it relies too much on
ENSO predictability during this time of year. Other regional mechanisms affect precipitation
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and may need greater representation in the model to enhance skill. For instance, changing
Atlantic SST causes changes to moisture transport into the northern Caribbean and
Nicaraguan area (Enfield and Alfaro 1999). If there is less evaporation from the Caribbean
Sea, air masses that reach this sector of the CADC experience a precipitation deficit and
together with high temperatures enhance the soil moisture feedback leading to drought
conditions (Barrantes 2019).

We also see the associations between regional topography and forecast skill potentially
relating to the strength of ENSO’s teleconnection effects on precipitation across the CADC.
While regional topography and continentality only explain some of the spatial variance in
skill (Table 4.3), this relationship may matter more for subregions of the CADC when these
factors intermingle with the effects of ENSO. Annual spatial skill, for instance, is
consistently poor across the majority of El Salvador (Figure 4.7). Moisture transport from
the Caribbean Sea is lower and relatively constant over El Salvador, in part due to the local
topography shielding against the easterly trade winds, while Honduras, Nicaragua, and
Guatemala experience more intense moisture transport processes that are seasonally
dependent and tied to the position and intensity of the CLLJ (Duran-Quesada, Gimeno and
Amador, 2017). Because CLLJ strength plays a key role in moisture transport over the
Pacific Slope (Hidalgo et al. 2015) and is modulated by ENSO variability (Duran-Quesada et
al., 2020), the regions that experience the most intense fluctuations in precipitation due to
CLLJ and are not as shielded by their topography, may be more predictable using the ENSO
teleconnection.

To continue to improve seasonal forecasts, especially in the early wet season when skill is
relatively low, other physical drivers originating in both the Atlantic and Pacific Oceans may
need more emphasis relative to ENSO variability in the eastern Pacific. For instance,
variations in the North Tropical Atlantic affect regional precipitation (Alfaro, 2007),
especially in the early wet season (Maldonado et al., 2017). SST differentials are worth
exploring further, as previous studies have enhanced precipitation predictability in Central
America by accounting for differences in SST between the Pacific and Atlantic Oceans
instead of focusing on predicting the variability of one ocean alone (Alfaro, 2007; Hidalgo et
al., 2013; Alfaro et al., 2018). Alfaro et al. (2018), for instance, demonstrated positive skill
when predicting normal precipitation variability and 20™ percentile precipitation anomalies
during May through June at one- to two- month lead times in Central America using multiple
predictors in both the Pacific and Atlantic Oceans. Exploring other associations between
landcover and regional dynamics with forecast skill may also be worthwhile, as this study
showed that the spatial variance in skill is only partially explained by elevation and
continentality.

Examining precipitation characteristics at higher temporal resolution would also be useful.
Martinez et al. (2019, 2020), for instance, used precipitation data at relatively high temporal
resolution within the Intra Americas Seas region (including eastern Central America) to
compare seasonal precipitation characteristics and found distinct climate subregions that
exhibit different seasonal precipitation patterns, including differences in mid-summer dry
period characteristics. Although eastern Central America and the broader Intra America Seas
region are subject to a different interplay between climate mechanisms than western Central
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America (in part due to closer proximity to the Caribbean and Atlantic Oceans — e.g.
Martinez et al. 2019, 2020; Duran-Quesada et al. 2020), exploring daily precipitation data
across the CADC and other parts of western Central America would also further the
understanding of how the predictability of the mid-summer dry period and other seasonal
precipitation characteristics varies within the region.

Considering SEASS5 within the broader suite of preparedness strategies will also be
important for deployment possibilities. As shown by the analysis of historical drought events
(Figure 4.5), not all drought-related impacts are caused by extreme precipitation anomalies.
Other factors like temperature can modulate drought severity (Van Loon, 2015), and social
and economic characteristics can heighten vulnerabilities to hazard exposure (Adger, 2006;
O’Brien et al., 2007; Pérez Bricefo et al., 2016; Alfaro, Hidalgo and Pérez Bricefio, 2018).
Peréz-Bricefio et al. (2016), for instance, demonstrated how socioeconomic factors
significantly affect the spatial distribution of hydrometeorological impacts in Central
America. Precipitation forecasts alone will not ensure drought preparedness in the region,
but they could feed into ongoing strategies (e.g. Red Cross Climate Centre Strategy for
2021-2025) that build resilience to drought and other extreme weather events at multiple
levels. Considering their usability for different sector-specific cases will also be important to
enhance broader drought preparedness across the CADC.

4.5 Conclusions

This study showcased the spatiotemporal variability of SEASS skill in predicting monthly
precipitation variability with a focus on low-precipitation anomalies. SEASS5 demonstrates
positive skill primarily in the mid to late wet season (July-October) out to at least four-month
lead times in the southeast CADC (Nicaragua and Costa Rica). Precipitation forecasts matter
during this time of year, as many applications including agriculture (a dominant sector in the
region) rely on precipitation accumulation for success. The spatial variance in skill is
partially explained by elevation and continentality, and lower skill in the early wet season
(May-June) is linked with weaker associations between ENSO variability and precipitation
relative to the second half of the wet season. Compared to its predecessor (S4), SEASS
continues to show improvements in its predictive skill across lead times over the region. As
an open-access seasonal forecasting resource, SEASS presents a potentially useful option for
more regional water-based operations and it is worthwhile to continue to explore how the
spatial and temporal accuracy of systems like SEASS5 vary over lead-times, relate to
important regional drivers like ENSO, and compare against other drought prediction tools to
support drought preparedness over the CADC.
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Motivations

Several questions arose from the first assessment, including the need to further understand
how AOGCMs compare across Central America. One of the challenges of interpreting
dynamic ensemble evaluation studies is that they often use different metrics or time periods
of analysis, and hindcast length can significantly affect forecast skill assessments (Tippett,
Goddard and Barnston, 2005; Shi et al., 2015). This can make it difficult to choose which
models to use for regional forecast applications. Examining multiple models together also
enables investigation into the skill of the models when they are combined. Because MME
skill can outperform the skill of using one AOGCM alone (Elvidge et al., 2023), it was also
desired to test potential increases in forecast skill by combining models from both the C3S
and NMME ensembles. This chapter uses a more operational lens to support existing
regional forecast applications by testing the model forecasts as they are deployed today (e.g.
by the CA-COF).

Four of the five central research questions (RQs) are addressed in Chapter 5 (RQs 1-4,
Thesis Outline 1.2). The entirety of Central America is examined, including the CADC
(RQ1), and MMEs are tested for their detection rates of high and low rainfall extremes using
HSS (same metric as in Chapter 4). The AOGCMs and combined MMEs are compared
against each other as they are used in current operational practice by the CA-COF (RQ?2).
The seasonal forecasting periods were chosen because of their operational value. Although
the months overlap (e.g. May June July — MJJ and June July August — JJA), the forecasts are
still distinct because they are initialized on different dates.

Additionally, this chapter contextualizes ensemble forecast value relative to other approaches
(RQ3). A more relevant operational baseline was desired to test against the MMEs by using
statistical forecasts based on ENSO (a well-known climate phenomenon over the region; e.g.
IMN, 2015; 2019). Rather than testing models against a climatology or a random forecast,
statistical forecasts are generated using ENSO and TNA to showcase when the MMEs
provide comparative skill over using simpler forecasting techniques. Alternative forecasting
techniques are also compared using hybrid forecasts. RQ4 is then also briefly addressed by
examining how the forecasts vary over the wet season as compared to the relative strengths
of ENSO and TNA.
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Two points are worth noting regarding the format of this chapter. First, of the ten AOGCMs
that are compared, CFSv2 and CanSIPS-IC3 are listed as contributors to NMME rather than
C3S to avoid double counting the AOGCMs in the MMEs. Second, the nomenclature for
lead times used in this chapter (0,1,2 months) differs from the other chapters in this thesis
(1,2,3 months). The International Research Institute for Climate and Society (IRI) format is
loosely followed here, which labels lead time months as 0.5, 1.5, etc..., and these lead times
were shortened to the leading number, while the other chapters in this thesis follow the C3S
approach (1,2,3, etc...).

Abstract

Seasonal rainfall forecasts provide information several months ahead to support decision-
making. These forecasts may use dynamic, statistical, or hybrid approaches, but their
comparative value is not well understood over Central America. This study conducts a
regional evaluation of seasonal rainfall forecasts focusing on two of the leading dynamic
climate ensembles: the Copernicus Climate Change Service seasonal forecasting system
(C3S) and the North American Multimodel Ensemble (NMME). We compare the multi-
model ensemble mean and individual model predictions of seasonal rainfall over key wet
season periods in Central America to better understand their relative forecast skill at the
seasonal scale. Three types of rainfall forecasts are compared: direct dynamic rainfall
predictions from the C3S and NMME ensembles, a statistical approach using the lagged
observed sea surface temperature (SST), and an indirect hybrid approach, driving a statistical
model with dynamic ensemble SST predictions. Results show that C3S and NMME exhibit
similar regional variability with strong performance in the northern Pacific part of Central
America and weaker skill primarily in eastern Nicaragua. In the northern Pacific part of the
region, the models have high skill across the wet season. Indirect forecasts can outperform
the direct rainfall forecasts in specific cases where the direct forecasts have lower predictive
power (e.g. eastern Nicaragua during the early wet season). The indirect skill generally
reflects the strength of SST associations with rainfall. The indirect forecasts based on
Tropical North Atlantic SSTs are best in the early wet season and the indirect forecasts based
on Nifio 3.4 SSTs are best in the late wet season when each SST zone has a stronger
association with rainfall. Statistical predictions are competitive with the indirect and direct
forecasts in multiple cases, especially in the late wet season, demonstrating how a variety of
forecasting approaches can enhance seasonal forecasting.
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5.1 Introduction

Central America has been identified as a climate change hotspot at high risk of
hydrometeorological extremes (Almazroui et al., 2021; Giorgi, 2006; Taylor et al., 2012).
Drought and flooding events have devastated local communities in recent years (CEPAL,
2002; Marengo et al., 2014; Calvo-Solano et al., 2018; Guevara-Murua et al., 2018;
Beveridge et al., 2019; Gotlieb et al., 2019). These events are unlikely to abate (Almazroui et
al., 2021; Hannah et al., 2017; Hidalgo et al., 2013; Imbach et al., 2018), which makes
extreme weather preparedness an important challenge going forward. Drought and flooding
impacts are modulated by many factors, including social and economic conditions (e.g.
Perez-Briceno et al., 2016; Alfaro Martinez, Hidalgo Leon and Pérez Bricefio, 2018). Early
warnings based on forecasting do not provide a comprehensive solution to mitigate these
impacts but can be one factor to reduce vulnerability when effectively communicated
(Braman et al., 2013; Coughlan de Perez et al., 2016; Domeisen et al., 2022; Goddard et al.,
2020; Golding et al., 2019; Kreibich, et al. 2017b; White et al., 2022). Forecasts at the
seasonal scale are useful to inform planning for the upcoming season, including decisions
like crop choice and water supply and demand measures. Multiple efforts are underway to
enhance seasonal forecast efficacy over Central America, providing stakeholders with
rainfall information several months ahead. The Central American Climate Outlook Forum
(CA-COF), for instance, provides regional rainfall outlooks for national and sector-specific
planning (Alfaro et al., 2016; Donoso & Ramirez, 2001; Garcia-Solera & Ramirez, 2012).
These outlooks are disseminated through several public forums, such as the Mesa Técnicas
Agroclimaticas (MTAs) in Guatemala, which are local technical agroclimatic forums where
farmers can interact with scientists to learn more about upcoming seasonal rainfall
(INSIVUMEH, 2022c).

Regional evaluations of seasonal forecasts can help stakeholders choose which models are
most effective to be used in these forums and identify opportunities to improve forecast skill.
There are multiple ways to generate seasonal rainfall forecasts, including dynamic,
statistical, and hybrid approaches (Hao, Singh and Xia, 2018). Dynamic forecasting
approaches employ the predictions of physically-based climate models (General Circulation
Models - GCMs) that are initialized at different states of the climate system (Bauer, Thorpe
and Brunet, 2015). These models are currently used by the CA-COF, which often uses
GCMs from the North American Multimodel Ensemble (NMME - Kirtman et al., 2014).
Other dynamic forecasting systems are also publicly available, including the European
ensemble from the Copernicus Climate Change Service (C3S -
https://cds.climate.copernicus.eu/).

Statistical methods have also been used to estimate regional rainfall. Some studies for
instance use Canonical Correlation Analysis (CCA) to relate observed SST in the Atlantic
and Pacific Oceans to regional rainfall, demonstrating the important role different SST fields
play in rainfall over Central America (Alfaro, 2007; Alfaro et al. 2016; Giannini, Kushnir
and Cane, 2000; Maldonado et al., 2013, 2016, 2017). Hybrid methods then combine
dynamical and statistical methods (Slater et al., 2022). Some hybrid methods generate
indirect rainfall forecasts by extracting related variables (e.g. SST) from the GCMs and then
statistically translate those values to target variables like rainfall (e.g. Alfaro et al., 2018;
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Strazzo et al., 2019; Colman, Graham and Davey, 2020). Indirect forecasts could perform
well, as forecasts of large-scale variability like SST over tropical domains are often a
strength of the GCMs as compared to their forecasts of more variable parameters like rainfall
(Barnston et al., 2012, 2019; Saha et al., 2014). For example, Saha et al. (2014) found that
one contributing model to NMME (CFSv2) had anomaly correlations with SST in the Nifio
3.4 region of around 0.82, while the average correlation with observed Northern Hemisphere
precipitation rate over land is equal to 0.12. Using the GCMs for their strengths (e.g. SST
estimates) and statistically translating those to a rainfall forecast could potentially improve
on their direct rainfall forecast skill.

In this paper we compare the following methods: dynamical methods that take rainfall
forecasts directly from GCMs (direct), statistical methods based on observed SST values
months ahead of a season (statistical), and hybrid methods that generate forecasts indirectly
by using the GCMs to predict SST over a target period and then statistically translate those
values to a rainfall forecast in that same period (indirect). Evaluation of seasonal rainfall
predictions over Central America is needed because GCMs that perform well globally may
not necessarily capture the climate mechanisms necessary to forecast rainfall well over a
given region or the complex orography of regions like Central America, for instance, may
require higher spatial resolution for improved skill. Some evaluations of GCMs have
showcased their potential over Central America and in nearby regions (e.g. Kirtman et al.,
2014; Weisheimer and Palmer, 2014; Carrdo et al., 2018; Khajehei, Ahmadalipour and
Moradkhani, 2018; Slater, Villarini and Bradley, 2019; Becker, Kirtman and Pegion, 2020;
Gubler et al., 2020; Kowal et al., 2021). Very few of these studies target Central America
specifically and they typically compare one model, ensemble, or forecasting method, using
different forecast verification metrics and time-periods of evaluation. Furthermore, many of
these studies baseline the model skill against a climatological mean or a random forecast,
which is standard practice for many skill metrics. It is relatively easy to outperform the
climatological mean or a random forecast, so although multiple studies may show models
outperform the climatological mean, for instance, it is difficult to choose between different
models and methods on offer without one evaluation that compares them using the same
time frame and verification metrics.

Effective forecasts over Central America need to capture the region’s seasonal rainfall cycle
(Figure 5.1a). This cycle follows a bimodal distribution with peak rainfall primarily
occurring in June and September typically separated by the mid-summer dry period in July
and August (Figure 5.1a; Magana, Amador, and Medina, 1999). This mid-summer dry period
arises due to a decrease in nearby SST, which limits deep convection activity and enables
trade winds to intensify (Magafia, Amador and Medina, 1999). The seasonal distribution in
rainfall also varies regionally with more extreme rainfall events often occurring on the
Pacific slope during August-October as compared to the Caribbean slope (Peterson et al.,
2002; Taylor and Alfaro, 2005). The variability and intensity of seasonal rainfall is not
uniform across the isthmus (e.g. Mufioz-Jiménez et al., 2019, see Figure 5.1a/c for plots of
annual and monthly rainfall). For instance, the mid-summer dry period is more intense in the
Central American Dry Corridor (CADC - a regional drought hotspot - Gotlieb et al., 2019),
as compared to other locations on the isthmus (Figure 5.1a).
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Figure 5.1. Central American climate. (a) Spatially-averaged monthly rainfall between 1993-
2016 (using CHIRPS) plotted by subregions, which are tagged in the inset map. The southern part
of the isthmus is separated below the 10°N latitude line when the Caribbean Low Level Jet (CLLJ)
branches (Cook & Vizy, 2010; Hidalgo et al., 2015; Mufioz et al., 2008; Wang, 2007) and divided
into a Caribbean and Pacific regime. The North Pacific includes the Pacific side of the Cordillera,
the locations in Guatemala not located in the Caribbean climate regime as delineated by
INSIVUMEH based on the Thornthwaite index (e.g. INSIVUMEH, 2022a), and the CADC, all of
which experience a similar monthly rainfall distribution over the wet season. The CADC boundary
is delineated here based on the climate risk index that includes relatively contiguous locations with
a dry season that lasts over 4 months (IICACR, 2014). The North Caribbean then lies on the
Caribbean side of the Cordillera excluding the additional locations demarcated as the North Pacific.
(b) Elevation measured in meters above sea level (mASL) plotted with the Cordillera mountain
range. (c) Average annual rainfall (CHIRPS) from 1993-2016 plotted spatially.
Central America is an important region for a regional forecast evaluation, as it potentially
can have both high forecast skill due to its location in the tropics, and low forecast skill
because it is a relatively thin land bridge between two oceans and has relatively steep
changes in terrain from the Cordillera (Figure 5.1b). One tropical teleconnection is the El
Nifio Southern Oscillation (ENSO) in the eastern Pacific (Amador, 2008; Amador et al.,
2006; Duran-Quesada et al., 2017; Mariotti et al., 2020; Poveda et al., 2006; Spence et al.,
2004; Waylen et al., 1994). ENSO is the dominant climate mechanism affecting rainfall over
Central America through its modulation of moisture transport mechanisms like the
Caribbean Low Level Jet (CLLJ) (Spence, Taylor and Chen, 2004; Duran-Quesada, Gimeno
and Amador, 2017). Although ENSO is a well-known indicator of rainfall over Central
America, and its phases are publicized by meteorological bulletins to inform stakeholders

(e.g. IMN, 2019), this phenomenon is unlikely to provide the full rainfall picture. El Nifio
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phases of ENSO only explain some of the drought events in the CADC, for instance, and
drought events differ in intensity between similar El Nifio phases (Mufoz-Jiménez et al.,
2019; Kowal et al., 2021). The isthmus is affected by a complex interaction of weather
patterns that arise from processes in both the Pacific and Atlantic oceans (Duran-Quesada et
al., 2020), including seasonal migration of the inter-tropical convergence zone (ITCZ),
tropical cyclones, and movement of the Atlantic warm pool (Amador, 2008; Amador et al.,
2006; Duran-Quesada et al., 2017, 2020; Enfield & Alfaro, 1999; Hidalgo et al., 2015;
Poveda & Mesa, 1999; Sori et al., 2015; Wang, 2007; Wang & Enfield, 2001).

Evaluating whether the GCMs can improve on an ENSO-based forecast is useful. ENSO is a
known driver of skill of many GCMs (Gubler et al., 2020; Mo & Lyon, 2015; Scaife et al.,
2019; Yuan & Wood, 2013), and it is worthwhile to explore how the skill of the direct and
indirect forecasts differ from a statistical forecast based on ENSO alone. Some assessments
indicate ENSO alone does not drive GCM skill (e.g. Gubler et al., 2020; Zhao et al., 2021).
In their evaluation of SEASS, the seasonal forecasting system produced by the ECMWEF,
Gubler et al. (2020) used an ENSO-based statistical forecast to test against SEASS
performance over South America and demonstrated that SEASS skill differed from the
ENSO-based statistical forecast. Focusing on CFSv2, Zhao et al. (2021) also showed that the
ENSO teleconnection contributed to some of the skill of CFSv2, especially in southern
Central America in DJF, but that it was not a significant contributor to that model’s skill in
all parts of the isthmus, especially during other seasons when the ENSO teleconnection was
less prominent. Both examples indicate that the GCMs can derive skill from other
climatological mechanisms than ENSO, meaning they may outperform forecasts that only
use this variable.

SST in the Atlantic is also important to regional rainfall (Alfaro, 2007; Enfield & Alfaro,
1999; Giannini, Kushnir and Cane, 2000; Sori et al., 2015; Spence et al., 2004; Taylor et al.,
2002; Wang et al., 2008; Waylen & Quesada, 2001), as it modulates the magnitude of the
mid-summer dry period (Wang, Lee and Enfield, 2008; Maldonado et al., 2016), among
other influences over the region. Tropical North Atlantic anomalies (TNA; Enfield and
Alfaro, 1999), for instance, are one of the inputs the CA-COF uses to inform rainfall
outlooks (Alfaro et al., 2016). A systematic regional evaluation across multiple models and
approaches compared to a statistical model that includes ENSO and TNA SSTs could inform
how the skill of the GCM-based forecasts (direct and indirect) differs from the performance
of a statistical forecast that uses common SST indices known to influence regional rainfall.

This study explores how two of the leading dynamic forecasting ensembles, NMME and
C3S, compare at seasonal rainfall prediction over Central America, considers how best to use
their outputs, and investigates some of the climate mechanisms that may drive skill
variability over the region. We do this by (1) evaluating how the skill of direct, indirect, and
statistical forecasts varies spatially and temporally during key wet season periods, (2)
comparing the relative value of using the C3S and NMME ensembles for direct or indirect
forecasts to identify cases when they are significantly different from each other and a purely
statistical forecast, and (3) exploring why some GCMs may perform better than others by
investigating the relationship between the models’ rainfall skill and the skill of their
predictions of SST in some key climate regions.
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5.2 Data and Methods

5.2.1 Seasonal Forecast Scope

We focus on seasonal rainfall forecasts during key wet season months (May-October) across
Central America, using three-month seasonal totals from the forecasting models initialized
one month prior to the forecast, as is done operationally for rainfall outlooks produced by the
CA-COF (Alfaro et al., 2016; Donoso & Ramirez, 2001; Garcia-Solera & Ramirez, 2012).
We choose three periods of interest that are used by the CA-COF to assess different stages of
the wet season: May-July (MJJ; early wet season), June-August (JJA; includes mid-summer
dry period), and August-October (ASO; late wet season). Seasonal forecasts are generated by
taking the total rainfall over three-month periods. For instance, a forecast of total seasonal
rainfall from MJJ is initialized in April, essentially adding rainfall from a one-month lead
time for May, a two-month lead time for June, and a three-month lead time for July. Tercile
deterministic forecasts, like the ones produced by CA-COF where predictions are made for
below normal, normal, and above normal rainfall, are assessed using 33% and 66%
thresholds in the seasonal rainfall distribution. Predictions of total seasonal rainfall above the
upper 90% and below the lowest 10% thresholds are also assessed to better understand how
predictive skill may change for rainfall extremes. We then assess the forecasts spatially and
by subregion (as defined in Figure 5.1a), comparing performance between the North Pacific,
North Caribbean, South Pacific, and South Caribbean.

5.2.2 Dynamic Model Selection and Reference Data

This evaluation focuses on two multi-model ensembles: C3S and NMME. The European
ensemble, C3S, has become publicly available as of 2018 and is hosted by the ECMWF at
the Climate Data Store at daily and monthly time-scales with 1-6 month lead times
(https://climate.copernicus.eu/seasonal-forecasts). The leading North American ensemble,
NMME (Kirtman et al., 2014), is hosted by the International Research Institute for Climate
and Society at Columbia University (IRI) and is publicly available up to 11 month lead times
at monthly time scales (https://iridl.ldeo.columbia.edu/SOURCES/.Models/. NMME/).
Several models contribute to both ensembles, of which 10 are selected for this evaluation (5
from NMME with 73 total members and 5 from C3S with 148 total members for hindcast
analysis- see Table 5.1). The NMME models used in this study include multiple Phase II
models that are operationally available and two newer updates since the 2019-2020 Phase 11
annual report — GFDL SPEAR and Cansips-IC3 (NOAA, 2020). Five C3S models are
selected based on publicly available spatial resolution (1°) and consistent initialization (1% of
every month), as summarized in Table 5.1. Here, C3S and NMME are compared using the

overlap between their publicly available data, which includes monthly temporal resolution
and hindcasts from 1993-2016. For the purposes of this evaluation, when we refer to
forecasts, we use forecasts as a general term for predictions but are using hindcasts and
historical years.

For the observed rainfall data, Climate Hazards Group InfraRed Precipitation with Station

data (CHIRPS) total monthly rainfall data is used because it is a relatively common

observational reference dataset in Central American studies (e.g. Alfaro et al., 2016; Hidalgo,

Alfaro and Quesada-Montano, 2017), covers the entire time period of analysis (1993-2016),
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and is available at high spatial resolution ~0.05° (Funk et al., 2014). This dataset is compared
against Multi-Source Multi-Weighted Ensemble Precipitation (MSWEP - Beck et al., 2017),
Global Precipitation Climatology Center (GPCC - Schneider et al., 2018), but the difference
in observational datasets is often smaller than the range of the forecasts (Supplementary
Information figure 5.A1), and the forecast skill shows similar regional and seasonal
variability across observational datasets, so we prefer CHIRPS (Supplementary Information
figure 5.A2). Optimum Interpolation Sea Surface Temperature data (OISSTv2 - blended
dataset that combines a variety of inputs, e.g. buoys, satellites, Reynolds et al., 2007), is used
as the observed SST dataset to validate the ensemble SST hindcasts and generate the
statistical predictions.

Table 5.1. Summary of forecasting models in evaluation.

NMME
Contributing Center Model Hindcast Members Reference
NCAR-COLA/RSMAS CCSM4 10 (Gent et al., 2011)

. (Lin et al., 2021;
ECCC-CMC Cansips-IC3* 20 Merryfield et al., 2013)
NASA-GMAO g}EOSS2S, Version (Molod et al., 2020)
NOAA-GFDL SPEAR 15 (Delworth et al., 2020)
NOAA-NCEP CFSv2 24 (Sahaet al., 2014)
Total Models in Analysis: 5; Total Members in Analysis: 73
C3S
Contributing Center Model Hindcast Members Reference
CMCC System 35 40 (Gualdi et al., 2020)
DWD System 21 30 (Frohlich et al., 2021)
ECMWF SEASS 25 (Johnson et al., 2018)
Meteo France System 8 25 (Batté et al., 2021)
UKMO Glosea6 28 (Davis et al., 2020)

Total Models in Analysis: 5; Total Members in Analysis: 148

Note: Contributing centre is listed next to model name, total number of members available for hindcasts, along
with the reference for the model. Abbreviations: NCAR-COLA/RSMAS, U.S. National Center for Atmospheric
Research Center for Ocean Land Atmosphere Studies/Rosenstiel School for Marine and Atmospheric Science
at UMiami; ECCC, Environment and Climate Change Canada - Canadian Meteorological Centre; NASA-
GMAO, NASA Global Modeling and Assimilation Office; NOAA-NCEP, NOAA National Center for
Environmental Prediction; NOAA-GFDL, NOAA Geophysical Fluid Dynamics Laboratory; CMCC, Centro
Euro-Mediterraneo Sui Cambiamenti Climatici; DWD, Deutscher Wetterdienst; ECMWEF, European Centre for
Medium-Range Weather Forecasts; UKMO UK Met Office. *Cansips-IC3 is operationally treated as one but
technically made up of the GEM5-NEMO and CanCM4i-IC3 models, each containing 10 members.

5.2.3 Forecast Construction

5.2.3.1 Direct Forecasts from C3S and NMME using pyCPT

To test the ensembles in an operational-type setting, we evaluate the models and ensembles

as they are produced with pyCPTv2 (Muioz et al., 2019), a Python set of libraries that work

as a wrapper for the Climate Predictability Tool developed by IRI (we used version 17.6.1 -

Mason et al., 2022), and part of the NextGen methodology developed by IRI to improve

climate services at subseasonal to seasonal time-scales (Mufoz et al., 2019; Mufioz et al.,

2020; WMO, 2020). Here we provide a brief overview of the methodology, but other articles
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provide more details on the functionality (e.g. Mufioz et al., 2020; Pons et al., 2021) and
applications (Fernandes et al., 2020; WMO, 2020; Fernandes, Bell and Muifoz, 2022) of
NextGen. Steps performed in pyCPT include (1) download raw 1° hindcasts of C3S and
NMME GCMs from the IRI data library; and (2) calibrate the hindcasts and transform them
into 0.25° rainfall predictions over Central America using a Canonical Correlation Analysis
(CCA) model (see Figure 5.2 for a flowchart illustrating how we generate, calibrate, and
evaluate the predictions). The calibration procedure follows the pattern-based CCA Model
Output Statistics methodology described in Mason and Badour (2008) which is designed to

GENERATE PREDICTIONS
Input **Observed SST two months before GCM initialized one month before target period
target period {(e.g. March) (e.g. 15t of April)
Create statistical Extract direct Extract indirect
predictions (Im using hindcast hindcast
LOOV)
\ 4
Raw Output Total Seasonal Rainfall Over Large Zone Average SST In Selected Regions at 1’
at 1’ (e.g. MJJ over 63'N - 10°S; 170'W - 15'W) (e.g. TNA and Nifio 3.4 in MJJ)
CALIBRATE
v v Jr
Calibrated Rainfall at 0.25° Over Central America (e.g. MJJ, mm/season)
Qutput
v y Y
Prediction Tercile Anomalies  Anomalies >90t" Percentile Anomalies <10t Percentile

EVALUATE

Absolute SKill of Discriminating between Skill of Detecting High SKkill of Detecting Low  SST Association over TNA
Performance Above Normal, Normal, Below Rainfall Extremes (HSS) Rainfall Extremes (HSS) and Nino 3.4 (Pearson)
Normal Rainfall (2AFC)

Wilcoxon test
— -» Kruskall-Wallis and
post-hoc Conover tests

— Performed in PyCPTv2
— Performed in R

Comparative How Ensembles Compare How Ensembles Compare
Performance Against Statistical Models Against Each Other

Figure 5.2. Diagram of methods employed to generate forecasts, calibrate them, and evaluate their
performance. Statistical models: A linear model (Im) is generated using leave-one-out cross-validation
(LOOV) from 1981 to 2016 to train the models to make predictions over 1993-2016 based on 2-
month lagged SST for a specified region (e.g., Nino3.4 in March extracted to predict rainfall over
May—July, M1J). Direct models: Rainfall hindcasts are extracted at 1 from 1993 to 2016 over a larger
region than Central America and then are bias-corrected and calibrated using a canonical correlation
analysis (CCA) model that translates the 1 raw hindcasts into 0.25 hindcasts over Central America.
Indirect models: SST hindcasts are extracted at 1 from 1993 to 2016 over a target region (e.g.,
Nifo3.4) and then are bias-corrected and calibrated using a CCA model to then statistically translate
the 1 raw SST hindcasts into 0.25 rainfall hindcasts over Central America. Once 0.25 raw predictions
are made using each approach, the values are calculated as standardized anomalies and then
percentiles of rainfall are extracted depending on the question (e.g., 0.33/0.66 for normal rainfall
discrimination, 0.10 for low-rainfall extremes, 0.90 for high-rainfall extremes). Absolute skill is
measured using Heidke skill score (HSS), 2 alternative forced choice (2AFC), and Pearson's
correlation coefficient (Pearson). Comparative skill is tested by comparing the absolute skill between
the models/forecasting approaches using Wilcoxon and Kruskal-Wallis/Conover statistical tests.
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maximize the correlation of linear combinations between predictors and predictands,
summarised as follows: (1) correct biases by applying integrated cosine latitude weighting to
both predictor and predictands and transform them into normalized outputs; (2) reduce
dimensionality of the lat/lon/time data sets into an n points by n years data set and handle
missing datapoints (e.g. dropping data points with too many missing years of data and using
K-Nearest Neighbours to fill in missing data); (3) separately fit a Principle Components
Analysis (PCA) time series for predictors and predictands and calculate loadings by latitude
and longitude to identify the number of Empirical Orthogonal Function (EOF) modes for
predictor / predictand; (4) fit a CCA model onto the two PCA time series — one for predictor
and one for predictand; (5) produce a prediction by calculating the PCA scores for predictor
values, apply the CCA prediction with those scores as inputs, and use the CCA loadings to
reconstruct the rainfall prediction (for more details on CCA calibration in pyCPT see
Martinez et al., 2022; Mufioz et al., 2020).

In practice, these steps are simplified using the pyCPT libraries, where the generation and
calibration functions only require identification of the predictor field, the predictor variable
(e.g. total seasonal rainfall or mean seasonal SST), the predictand variable (e.g. total
seasonal rainfall), the maximum number of EOF modes for both predictor and predictand,
and the maximum number of CCA modes to constrain how many comparisons the model
runs (we choose maximum EOFx modes = 6, maximum EOFy modes = 5, and maximum
CCA modes = 5). For the direct forecasts, we set the predictor field to precipitation with a
larger grid box than Central America (63°N - 10°S; 170°W - 15°W), which is selected based
on the locations used for CCA in Maldonado et al. (2013) and includes both Pacific and
Atlantic zones of variability. We export the calibrated models into R version 4.1.2 (R Core
Team, 2021) to combine, evaluate, and visualize the results using several packages
(Grolemund & Wickham, 2011; Hijmans, 2021; Huang & Zhao, 2020; Kassambara, 2020;
Mangiafico, 2022; NCAR - Research Applications Laboratory, 2015; Pebesma, 2018;
Pedersen, 2022; Pierce, 2019; Pohlert, 2022; Weigel, 2017; Wickham, 2016; Wickham et al.,
2019, 2021; Wickham & Seidel, 2020).To create the ensembles, we use an unweighted
combination of each calibrated model’s mean to align with how the NextGen approach is
currently deployed, and because the added benefit of a sophisticated post-processing method
like Bayesian Model Averaging is often limited where sample periods are under 30 years
(Delsole et al., 2013; Weigel et al., 2010).

5.2.3.2 Indirect and Statistical Forecasts in Known Teleconnection Zones

We generate indirect and statistical forecasts using two known teleconnection regions - Nifio
3.4 (170°W-120°W, 5°N — 5°S) for the ENSO teleconnection (Trenberth, 1997; Trenberth and
Stepaniak, 2001) and Tropical North Atlantic (TNA - 55°W-15°W, 5°N-25°N) for the TNA
teleconnection (Enfield et al., 1999). TNA is selected partly because of its relatively strong
association with Central American rainfall in the early wet season (Alfaro, 2007; Maldonado
et al., 2017; Spence et al., 2004), a time of year when some GCMs have had relatively lower
skill (e.g. Kowal et al., 2021) to see how this SST zone could potentially enhance their skill.
The indirect forecasts are constructed in pyCPT like the direct rainfall forecasts, but SST is
selected as the predictor for either the Nifio 3.4 or the TNA region and then the same CCA
method is used to transform the raw 1° GCM forecasts to 0.25° and statistically relate the
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SST predictors from a selected zone (e.g. Nifio 3.4) in a given period (e.g. MJJ) to rainfall
over Central America in that period (e.g. MJJ).

For the statistical forecasts we run a linear regression of the observed rainfall against the
spatial average of observed lagged (2 months prior) SST in the Nino 3.4 region, the TNA
region, and using both regions as predictor variables. This process is done for each season
individually and over the entire overlapping period of available CHIRPS/OISSTv2 data up
until 2016 (1982-2016), giving the statistical models over 30 years of data for training. The
predictions are created using a cross-validation leave-one-out-approach in R (Kuhn, 2022) as
described in Mason and Badour (2008). For example, in the Nifio 3.4 statistical model to
predict precipitation for the year 1993, observed rainfall estimates in MJJ are regressed
against the spatially-averaged observed March Nifio 3.4 SST across 1982-2016 (without
1993), and 1993 is set as the year to predict. We select observed SST data two months prior
to a forecast period to simulate operational forecasting conditions — because the GCMs are
initialized on the first of the month (e.g. 1% of April), they do not benefit from the entirety of
that month’s data for the upcoming season (e.g. MJJ), so the observed SST values selected
for the statistical forecast of MJJ rainfall, for instance, are averaged over March instead of
April to not give the statistical model extra information the GCMs would not have had.

5.2.4 Evaluation Criteria

For this assessment, we focus on the models’ discrimination between tercile categories of
rainfall to understand the models as they are deployed today by the CA-COF. We also assess
the models’ identification rate of rainfall extremes above the 90" percentile and below the
10" percentile to better understand their potential for extreme event detection. We select the
two alternative forced choice (2AFC) metric to evaluate tercile forecasts, and the Heidke
Skill Score (HSS) for low and high rainfall detection (Table 5.2). 2AFC assesses forecast
ability to discriminate between categories and is preferred in part because it is an equitable
metric across ordinal categories (treats all random forecasts with the same score - Mason and
Weigel, 2009), is relatively common (e.g. Alfaro et al., 2018), and has been identified as a
good metric to support decision-making criteria (Weigel & Mason, 2011). HSS is preferred
for extreme event detection because the metric is equitable (Hogan et al., 2010), relatively
common (e.g. Higgins, Kim and Unger, 2004; Becker et al., 2012; Walker et al., 2019) and
simple to understand (0 = skill of a random forecast, positive is better). Before the skill is
tested, all the model and observational estimates are transformed into standardized anomalies
by season across the hindcast period. For the MJJ period for instance, the mean and standard
deviation of the MJJ forecasts from each model is calculated over 1993-2016 and then each
estimate is subtracted from the mean and that value is divided by the standard deviation (as
done in pyCPT).To assess comparative performance for each season and subregion, we use
two nonparametric statistical tests: a one-sample signed rank Wilcoxon test (Wilcoxon,
1945), and a Kruskal-Wallis test (Kruskal and Wallis, 1952) combined with post-hoc testing
using the Conover-Iman method (Conover & Iman, 1979; Conover, 1999), which is less
well-known than Dunn but has more statistical power (Gilbert, 2019). We select
nonparametric tests instead of their parametric counterparts (T-Test and ANOVA) because
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the data sample sizes are limited and we do not assume normality or homogeneity of
variance within each ensemble spread. To answer our first comparative question — do the
ensembles significantly outperform the statistical models or a random forecast, we use the
Wilcoxon test. For this test we first identify the skill of the top performing statistical model
against the observations and check whether that model is better than a random forecast for a
given period/subregion (e.g. North Pacific in MJJ). We then set the best performing
statistical model skill as the value to beat (or use the skill of a random forecast) to see if the
skill of the ensemble spread against the observations is significantly different from the best
statistical model skill. To compare across distributions of ensembles — i.e. C3S vs. NMME,
we use a Kruskal-Wallis test to identify if there are any significant differences between the
skill of the spread of the ensembles for a given seasonal period and subregion, and then
conduct post-hoc testing using Conover when the Kruskal-Wallis test shows there are
significant differences warranting pair- wise comparisons between groups to identify top
performers. Because we are only interested in identifying the top direct and indirect
forecasts, we only perform Kruskal-Wallis/post-hoc testing to compare the ensembles that
are found to be significantly better than the best

Table 5.2 Summary of evaluation metrics with their relevant formulas

Metric Summary Formula
Heidke Skill of categorical event _a+ d—a,—d,
Skill Score detection (1 = perfect, 0 hss = n— a,— d,
(HSS) = skill of random a, = (a+b)a+c)/n
forecast) (Heidke, 1926) d, =B +d)(c+d)/n
a = Hits
b = False alarms
¢ = Misses
d = Correct rejections
Computed with ‘verification’ package in R
Two- Discrimination between Z:';fl =i 2:’; 1Mo + 0.5 2:: Mok
Alternative events, i.e. below normal, p2AFC =
Forced normal, above normal (1 oMy
Choice = perfect, 0.5 = skill of N = nonevents
(2AFC) random forecast) (Weigel 2y = GRS .
& Mason, 2011) m, = number of forecast categories
ny; = i'" forecast issued, event did not occur
ng ;= j** forecast, event did occur
ngy, = number of forecasts for category k,no event occurred
n,, = number of forecasts for category k, event did occur
Computed with ‘afc’ R package (Weigel, 2017)
Qne-sample Nonparamet‘ric Fest if Test statistic (W,) = Z R:
signed rank  sample median is
Wilcoxon significantly greater than uw, = N (N + 1)
test a known value (Mann & 4
Whitney, 1947;
Wilcoxon, 1945) oW, = \/w
z statistic = M
oy
Null hypothesis (Hy): z < known value
Alternative hypothesis (H,): z > known value
Ri
= Ranks corresponding to positive dif ference between sample and known value
N, = Number of dif ference scores (sample — known value) not equal to zero
Computed with ‘stats’ package in base R (R Core Team, 2021)
Kruskal- Nonparametric o 12 R?
Wallis test comparison of variance H statistic = NN+ D ZLin 3(N+1)

to test if multiple samples
come from the same
distribution (Kruskal &
Wallis, 1952)

Test H statistic against critical chi-square value for N-1 degrees of freedom

Null hypothesis (H,): population medians are equal (critical chi — square value >
H)

Alternative hypothesis (H;): population medians are not equal (critical chi —
sqaure value < H)

Computed with ‘stats’ package in base R (R Core Team, 2021)
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compared statistical forecasts and a random forecast. We then assess differences in
predictability between the ensembles by evaluating the prediction skill of SST in known
teleconnection regions using Pearson’s R. The SST locations of interest include both the
Nifio 3.4 region and the TNA region. We also test average association (using Pearson’s R)
between observed SST and rainfall over Central America over different wet season periods
to compare with the SST forecast skill.

5.3 Results

5.3.1 SKkill of Discrimination between Above Normal, Normal, and Below Normal
Rainfall Categories

The 10 GCMs assessed show a similar seasonal and geographic variation in skill over
Central America when forecasting rainfall directly (Figure 5.3). For instance, in eastern
Nicaragua, the direct forecasts from the individual models have relatively low skill
compared to the rest of the isthmus, while skill is often higher along the Pacific coast (Figure
5.3). Combining the models into ensembles shows similar variation in seasonal/geographic
skill variability, and the ensembles tend to perform similarly within a given method (i.e.
direct or Nifio3.4/TNA indirect; Figure 4). Eastern Nicaragua is still a relatively lower skill
zone, and the North Pacific is an area with high skill (Figure 5.4). Looking across forecasting
methods (e.g. direct vs. Nifio 3.4 indirect), the direct rainfall forecasts showcase higher skill
than the indirect forecast skill in most cases except for the early wet season (MJJ) when the
indirect forecasts demonstrate better performance compared to the direct forecasts in
multiple locations (Figure 4 top row). The TNA indirect forecasts (Figure 4 right group), for
instance, have relatively higher skill compared to other forecast methods (Nifio 3.4 indirect
and direct) over eastern Nicaragua in MJJ, and the Nifio 3.4 indirect forecasts have highest
skill in Guatemala during this period (Figure 5.4 middle group). While the direct ensemble
skill tends to be highest in most other cases, the Niflo 3.4 indirect forecasts also have similar
skill in the late wet season (ASO) (Figure 5.4 bottom row).

The visual assessments of absolute skill (Figures 5.3 and 5.4) are confirmed when
statistically testing the differences between the spatially averaged skill by subregion (Figure
5.5a) and tagging the top performer by location for each seasonal period (Figure 5.5b). On
average, the North Pacific is the highest skill zone with the highest skill occurring in JJA
(Figure 5a top left panel). The differences in spatially-averaged skill are smaller between the
other sub regions, but similar differences still exist — e.g. direct forecasts have the lowest
skill in the North Caribbean of all the subregions in JJA (Figure 5.5a top right panel), which
is mirrored in the absolute skill plots of the direct forecasts (Figure 5.3). Between the direct
and indirect ensembles, the direct forecasts also tend to have one of the highest skill scores
in most cases, especially in the North Pacific (Figure 5.5a top left panel). Similar exceptions
persist. For instance, a TNA indirect forecast tends to have the highest skill in MJJ in the
North Caribbean (Figure 5.5a top right panel and 5.5b left panel). Although the spatially-
averaged skill of the Nifio 3.4 indirect forecasts are not best in the North Pacific generally in
the early wet season (MJJ) (Figure 5a top left panel), the Nifio 3.4 indirect forecast still
demonstrates more targeted value over Guatemala as the top performer in MJJ (Figure 5.5b
left panel). The Nifio 3.4 indirect and direct forecasts also tend to have the highest skill in the

52



5.3.1| Skill of Discrimination between AN, N, and BN Rainfall Categories

South Pacific and South Caribbean, often showing similar skill in ASO (Figure 5.5a bottom
two panels).

The direct and indirect forecasts do not consistently outperform the statistical forecasts
though for all periods. The forecasts are often better than a statistical forecast based on one
teleconnection region alone (e.g. Nifio 3.4 or TNA), but the combined statistical model skill
is usually the best performer of the statistical models with peak skill in the late wet season
(Figure 5.5a). In the North Pacific, for instance, the ensembles are better than the statistical
forecasts in the early to middle wet season (MJJ/JJA), but their skill is not significantly
better than using a combined statistical forecast based on TNA and Nifio 3.4 SST in ASO
(Figure 5.5a top left panel). Although direct forecast skill is high in the North Pacific in
ASO, the comparative value of using the direct forecasts over this subregion is clearer in the
early to middle wet season (MJJ and JJA) when the statistical model skill is lower.
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Figure 5.3. Rainfall skill for direct tercile forecasts (2AFC) across individual models in the
wet season. 0.5 is equal to the skill of using a random forecast.
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Figure S5.5. Statistical Comparison of Tercile Rainfall Discrimination. (a) Spatially averaged
comparison of forecast skill using 2AFC across seasons and grouped by subregion as defined in Figure
la. Boxplots are categorised by ensemble and show the spread of the individual model means
contributing to each ensemble. Dots within boxplots show the skill of the ensemble mean across all
contributing models using 2AFC. Dashed lines refer to statistical models (except 0.5 equal to skill of a
random forecast). Top performing direct and indirect forecasts are given stars (above the relevant
boxplot), which indicate if forecasts meet three criteria: they are significantly better than a random
forecast, significantly better than the best statistical forecast, and are not significantly worse than
another ensemble, e.g., an ensemble that beats a random and statistical forecast but is significantly
worse than another ensemble will not receive a star. (b) Top performing forecasting approach using the

2AFC score grouped by season.
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5.3.2. SKill of Detecting High ad Low Rainfall Extremes
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Figure 5.6. Ensemble mean skill for high- and low-rainfall extremes using HSS, where 0.0 is
equal to the skill of a random forecast. Skill is plotted over separate parts of the wet season--MJJ,
JJA, and ASO.

Ensemble skill is more limited when the models are used to predict extreme rainfall (Figure
5.6 — see Supplementary Information Figure 5.A3 for skill of direct forecasts of rainfall
extremes plotted individually by model). In the late wet season (ASO), for instance, skill is
almost always zero (Figure 5.6 bottom row of Rainfall <10™ Percentile and Rainfall > 90™
Percentile groups). Eastern Nicaragua is still a trouble spot for the direct and indirect
forecasts (Figure 5.6), but direct forecast skill is still high in much of the North Pacific
during the early to middle wet season (Figure 5.6 — left group, MJJ/JJA). When comparing
the absolute skill of direct and indirect detection of extreme rainfall, the skill also does not
have the same seasonal patterns as for tercile discrimination, emphasizing how the
application matters when evaluating forecasting methods. For instance, although a direct
forecast tends to have high spatial skill for the detection of low and high rainfall extremes in
the early to middle wet season (MJJ/JJA, Figure 5.6 left group), a TNA indirect forecast has
higher skill in some areas of Central America for detection of high rainfall extremes in JJA
(Figure 5.6 bottom right group), a period when direct forecasts often performed better for
tercile rainfall discrimination (Figure 5.5a).

The skill of the ensemble means is similar within forecasting methods (Figure 5.6), and the
differences between the two ensembles are often not significant when they are both top
performers (Figure 5.7a — e.g. both C3S and NMME direct forecasts get stars in most cases
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when a direct method performs well), meaning method choice matters more than ensemble
choice for extreme rainfall detection. The skill of extreme rainfall detection has higher
variability within ensembles than for discrimination between rainfall terciles though, which
makes it less easy to identify a top performing forecasting method for this application. The
ensemble mean often outperforms the median of the contributing models (Figure 5.7a), but
not as consistently as when the ensemble mean is used to discriminate between terciles
(Figure 5.5a). The C3S skill variations exemplify this variability. The median of the C3S
ensemble is sometimes higher than the NMME mean (e.g. MJJ in South Pacific Figure 5.7a
top panel second from right), the top of the interquartile range of the C3S ensemble is often
higher than the top of the interquartile range of the NMME for low and high rainfall
extremes even when the mean is lower, and the interquartile spread of C3S is often larger
than NMME, meaning some of the C3S contributors are dragging down the score of the C3S
mean for this case while others are performing much better (Figure 5.7a).

When compared to the statistical models, the direct and Nifio 3.4 indirect forecasts are often
significantly better for detecting low rainfall extremes (Figure 7a top panels). The TNA
indirect models show significantly better skill than the statistical models in multiple early
and middle wet season periods (MJJ/JJA) when detecting high rainfall extremes but are
never a standalone method that is significantly better than the others (any time a TNA
indirect forecast gets a star, another forecast method also receives a star — Figure 5.7a bottom
panels). Generally direct and indirect methods showcase more promise for detections of low
over high rainfall extremes — the ensembles significantly outperform the statistical forecasts
more often when detecting low rainfall extremes as compared to high rainfall extremes
(Figure 5.7a); and the top performing forecast type has more spatial consistency for low
rainfall extremes (Figure 5.7b — e.g. direct forecasts over Guatemala in MJJ).
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Figure 5.7 Statistical Comparison of Low and High Rainfall Extremes Detection. (a) Spatially
averaged comparison of forecast skill for low- and high-rainfall extremes using HSS across seasons
and grouped by subregion. Boxplots are categorized by ensemble and show the spread of the
individual model means contributing to each ensemble. Dots within boxplots show the skill of the
ensemble mean across all contributing models using HSS. Dashed lines refer to statistical models
(except 0, skill of a random forecast). Top performing direct and indirect forecasts are given stars,
which indicate if forecasts meet three criteria: They are significantly better than a random forecast,
significantly better than the best statistical forecast, and are not significantly worse than another
ensemble, e.g., an ensemble that beats a random and statistical forecast but is significantly worse
than another ensemble will not receive a star. (b) Top performing forecasting approach using HSS
grouped by season.
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5.3.3 Predictive Skill of Key Teleconnection Regions: ENSO and TNA

The skill of the ensembles’ predictions of SST over the Nifio 3.4 region is consistently high.
The association between each model and the observed Nifio 3.4 SST exceeds R=0.7 for most
models in the wet season periods, and the association of the ensemble means are between
0.85 and 0.98 for Nino 3.4 (Figure 5.8a). Differences in SST skill over Nifio 3.4 therefore are
not likely driving the differences in forecast skill over the region. SST skill is lower over the
TNA region in the late wet season (Figure 5.8a), but this is also when the TNA region is least
associated with rainfall, compared to the earlier months (Figure 8b). The stronger
performance of the TNA indirect forecasts correlates with this association between TNA SST
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Figure 5.8 Relationship between ENSO, TNA, and Skill. (a) Ensemble SST skill measured
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the range of contributing models; points refer to the skill of each ensemble's mean. (b)
Pearson's R between observed rainfall and SST in the Nifio3.4 and TNA regions, plotted by
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and Central American rainfall, as the TNA indirect forecasts tend to perform better earlier in
the wet season (Figures 5.4-5.7). The relative strength of the associations between each SST
zone and regional rainfall also somewhat aligns with the differences in rainfall skill. In the
North Caribbean, for instance, the association between Nifio 3.4 (TNA) SST and rainfall is
more than 15% (20%) lower than in the North Pacific in the early to middle wet season
(Figure 5.8b).

5.4 Discussion

No single model or method outperformed the others in all cases. Choosing between
forecasting approaches is not quite as simple as picking a ‘winner,” but our evaluation
highlighted a few comparisons that could be wuseful for decision-making:

(1) The North Pacific is a relatively high skill zone for seasonal rainfall forecasts. This is
true not only for tercile discrimination across the wet season but for low and high rainfall
extremes detection in the early and middle wet season (MJJ/JJA). Highest skill occurs in
JJA in the North Pacific for both tercile discrimination and rainfall extremes detection,
which is when the most distinct and consistent mid-summer dry period occurs of all the
subregions (see Figure 5.1a). These findings have useful implications for drought
preparedness. The CADC (a drought hotspot — Gotlieb et al., 2019) is in the North Pacific,
and high skill for low rainfall extremes detection could potentially help mitigate drought
impacts in this region. High skill in the North Pacific in the early wet season is also
important for the first planting period of the wet season. For corn and bean crops in
Guatemala, for instance, planting occurs primarily in the first ten days of May and June
(INSIVUMEH, 2022b), underscoring the importance of the MJJ forecasts for
communicating rainfall information to farmers at the MTAs (INSIVUMEH, 2022c).

(2) Trouble spots for seasonal rainfall forecasts include eastern Nicaragua for most
applications, and the late wet season for low and high rainfall extremes detection. TNA
indirect forecasts are relatively better than other forecasting methods over eastern
Nicaragua during the early wet season (MJJ) for tercile rainfall detection, but no
forecasting method has high skill when detecting high or low rainfall extremes over
eastern Nicaragua. Limited skill across Central America in the late wet season for
detection of high rainfall extremes is unfortunate but unsurprising, as this period is when
high rainfall extremes most often occur over Central America, primarily on the Pacific
slope (Maldonado et al., 2013; Taylor & Alfaro, 2005). High variability of rainfall during
the late wet season is compounded by the hurricane season, which occurs in October,
making rainfall more difficult to predict. This kind of variability is seen in the TNA SST
skill (Figure 8a), which drops significantly in ASO, when storms are forming over the
Atlantic.

(3) We saw larger differences between forecasting methods (e.g. direct vs. indirect) than
between ensemble types (C3S vs. NMME). Similarities in skill across ensembles simplify
decision-making, as the ensemble choice matters less than picking a forecasting method
for a given location/season. Why the dynamically driven forecasts (direct and indirect) are
so similar within a forecasting method could arise from a variety of reasons, including
limited observational data that constrains how scientists understand the atmospheric
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processes over a given location, regional predictability characteristics (e.g. eastern
Nicaragua may be harder to predict because the rainfall could be more determined by
atmospheric variability than oceanic influences, which are easier to simulate), or due to
the nature of the models themselves including structural and initialization choices, but the
exact reasoning behind the similarities lies outside the scope of this study. The similarities
are unlikely due to observational reference choice, however, as the similarities persist
across multiple observational datasets (see Supplementary Information).

(4) The comparative advantage of using direct, indirect, and statistical methods varies by
application.

- Tercile rainfall discrimination: direct and indirect forecasts are relatively better than
statistical forecasts in the early to middle wet season (MJJ/JJA) as compared to the
late wet season (ASO) when statistical skill is often high. Indirect forecasts have
comparative advantages in three primary locations: a Nifio 3.4 indirect forecast in
Guatemala in the early wet season (MJJ), a TNA indirect forecast over eastern
Nicaragua in the early wet season (MJJ), and a TNA indirect forecast centered over
the 86°W longitude line in the early to middle wet season (MJJ/JJA).

- Low rainfall extremes detection: direct and Nifio 3.4 indirect forecasts significantly
outperform statistical models in most cases, but in northern Central America in the
early and middle wet season (MJJ/JJA), a TNA indirect forecast is the top performer.

- High rainfall extremes detection: high rainfall extremes are more difficult for the
models to detect than low rainfall extremes across the wet season. Top performers are
less spatially and seasonally consistent, and the late wet season (ASO) is consistently
a low skill period.

The exact nature of the relationship between forecast skill and climatic drivers is still
unclear. Seasonal differences in SST skill are unlikely to drive any differences in rainfall
skill, as the SST skill is often high across the models, especially when SST for a given zone
(e.g. Nifio 3.4) is highly correlated with rainfall in Central America. The GCMs are relatively
good at predicting Nifio 3.4 SST (Figure 8a), which aligns with findings from other studies
(e.g. Zhang et al., 2017). SST skill does drop over TNA in the late wet season, but rainfall
also has a weaker relationship with SST in the TNA region during ASO as compared to
earlier in the wet season (Figure 8b), so lower TNA SST skill may have a negligible effect on
the skill of the rainfall predictions. The seasonal patterns of Nifio 3.4 and TNA SST
associations with rainfall also align with other studies, which find that ENSO has a stronger
relationship with rainfall in the late wet season (e.g. Waylen and Quesada, 2001; Spence,
Taylor and Chen, 2004), and TNA has a strong association with rainfall primarily in the early
wet season (Alfaro, 2007; Maldonado et al., 2017; Spence et al., 2004). The comparative
value of using dynamically driven forecasts primarily in the early to middle wet season
(MJJ/JJA) in the North Pacific, is possibly due to the strong relationship between ENSO and
regional rainfall during the late wet season, which increases the skill of the statistical
forecasts (Figure 5.8b).

The regional variations in the strength of SST association with rainfall may also be related to

rainfall forecast skill. In the Caribbean and the southern part of the isthmus, all forecast skill

tends to be lower, with an over 10% drop in 2AFC and HSS scores for normal and extreme
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rainfall as compared to their skill in the North Pacific (see Figures 5.5 and 5.7). SST
associations with rainfall are also strongest in the North Pacific across much of the wet
season (Figure 8b). As ENSO and TNA are not the only factors affecting rainfall over
Central America, other influences are important to consider for improving rainfall
predictions, especially in low skill zones (e.g. ITCZ migration, tropical cyclone formation,
(Durén-Quesada et al., 2020; Hidalgo et al., 2015; Maldonado, Alfaro, & Hidalgo, 2018).
The majority of eastern Nicaragua, for instance, has relatively low influence from the Pacific
Ocean as compared to the rainfall in the North Pacific (Figure 8b) and may have stronger
relationships with other drivers. For instance, the Caribbean Low Level Jet (CLLJ) branches
at the 10°N latitude line and travels north along Nicaragua and south across the southern
isthmus (Hidalgo et al., 2015), and the models’ abilities to capture this process and how it
interplays with the Cordillera (since mountainous terrain is often a challenge for numerical
weather prediction — e.g. Serafin et al., 2018) could play a significant role in rainfall forecast
skill, which would be worth exploring in future work.

This study aimed to enhance the comparisons of C3S and NMME by including some basic
statistical modelling for reference. The statistical models generated here show relatively high
forecast skill and would be worth exploring further to see how their skill could be improved.
For instance, two main drivers of rainfall were selected based on the literature, but predicting
other drivers of rainfall (e.g. windspeed) or conducting an empirical analysis to identify
potential hidden drivers of rainfall beyond traditional indices could further improve on the
indirect and statistical modelling approaches (e.g. Kretschmer et al., 2016; Kretschmer,
Runge and Coumou, 2017; Alfaro et al., 2018; di Capua et al., 2019; Renard and Thyer,
2019). Other study limitations include the limited time period of the hindcasts (1993-2016),
which increases the uncertainty of a skill assessment (Tippett, Goddard and Barnston, 2005;
Shi et al., 2015). As more models become publicly available for longer periods, it would be
worth reconducting the analysis to see how top performers might change over the region.
Furthermore, this work demonstrated spatial and seasonal variations in skill that are worth
exploring further to understand how different processes may affect model skill. SST skill is
relatively consistent across the GCMs (Figure 5.8a), but there is a need for further study of
how they capture atmospheric processes, to make sure the models are predicting rainfall for
the right reasons (e.g. modulating moisture transport mechanisms like the CLLJ correctly).
Next steps would include process-based evaluations that examine other important variables
like sea level pressure and wind speed that can affect moisture transport over Central
America and test how the ability of the models to represent those process relates to the skill
of their final outputs.

5.5 Conclusions

This study systematically compares seasonal rainfall forecasts from two multi-model
ensembles relative to a statistical forecasting approach and examines different ways they
could be deployed using direct and indirect forecasting techniques. Results demonstrate that
both C3S and NMME have high skill when detecting below normal, normal, and above
normal rainfall in the wet season, especially over the North Pacific region of Central
America. Their comparative value is often highest in the early to middle wet season
(MJJ/JJA) when the statistical forecast skill is relatively lower. Indirect forecasts can
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5.5 | Conclusions

improve upon direct rainfall forecasts when skill is low, primarily using a TNA indirect
forecast during the early wet season period in the North Caribbean. The multi-model
ensembles also show promise for detecting low rainfall extremes in drought hot spots like
the CADC but are less reliable for detecting high rainfall extremes in the North Pacific
where most high rainfall extremes occur. The variability of top performing forecasting
combinations demonstrates how multiple tools can help improve forecast skill rather than
selecting one forecasting method or model as the ‘winner’ for all cases. Continuing to
explore drivers of skill over the region and identifying when and where to trust these
forecasts is important to ensure they are as reliable as possible for seasonal rainfall planning.

5.A Appendix

5.A1 Observational Data Analysis
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Figure 5.A1 Comparison of observed datasets over 1993-2016 plotted as box plots and points
against direct rainfall forecasts from the compared models for each spatially-averaged compared zone
and season.

We selected CHIRPS as the rainfall verification dataset for this study, but multiple observational
datasets were considered for use in this evaluation. We compared rainfall at 0.25' monthly
resolution using CHIRPS (Funk et al., 2014), the Global Precipitation Climatology Centre
(GPCC - Schneider et al., 2018), and version 2 of Multi-Source Weighted-Ensemble
Precipitation (MSWEP - Beck et al., 2017), which we selected because they include a variety of
data inputs and their temporal coverage all span 1993-2016. There is a range in their anomalies
of total seasonal rainfall over the time series, and MSWEP tends to lie on the extreme ends of the
rainfall anomalies (Figure 5.A1). The range across the compared datasets, however, is often less
than the spread of the models (on average less than one standard anomaly for the compared
regions and seasons, Figure 5.A1).
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In terms of implications for model skill, the correlation between the observed data and model
skill is similar across GPCC, MSWEP, and CHIRPS (Figure 5.A2). The models perform
similarly for each of the observed datasets, often demonstrating lower association with the
observed data over the North Caribbean in Nicaragua, and higher association over the North
Pacific over each of the seasons compared.
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Figure 5.A2 Association (Pearson's R) is plotted spatially across observational datasets using
direct model mean rainfall forecasts over May-July, June-August, and August-September.

5.A2 Individual Model SKill for Detecting Low and High Rainfall Extremes

Here we illustrate how individual model skill varies for detections of low and high rainfall
extremes. There is more variability across models (Figure 5.A3) than between ensembles
(Figure 5.6) — as might be expected, but similar geographic and seasonal variations occur.
For instance, the North Pacific is still a relatively high skill zone and eastern Nicaragua is a
relatively low skill zone. The variability of the individual model plots illustrates why
forecast skill within ensembles has a larger range for detections of extremes. For example,
DWD (System 21) has almost very limited skill for detecting high rainfall extremes across
the wet season, as compared to Meteo France (System 8), which has high skill across most
of the isthmus in the early to middle wet season (MJJ/JJA) (Figure 5.A3 bottom right group).
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Figure 5.A3 Individual model skill (HSS) for direct forecasts of low and high rainfall extremes,
plotted spatially by wet season period.

65



Process-Informed Subsampling
Improves Subseasonal Rainfall
Forecasts in Central America

CHAPTER

Co-authors: Louise J. Slater, Sihan Li, Timo Kelder, Kyle J. C. Hall, Simon Moulds, Alan
Garcia-Ldpez, and Christian Birkel
Submitted 11" August 2023 to Geophysical Research Letters

Motivations

One of the challenges that emerged in Chapter 5 was identifying models that perform best
for a given location. While Chapter 5 highlights the top forecasting method (Figures 5.5 and
5.7), choosing between models to use as part of an MME is unclear: there is no spatial or
temporal consistency in the best performing model (Figure 6.0). Some models have the
lowest skill across large areas in some seasons, but the lowest performing model often varies
across seasons. Due to the seasonal and spatial inconsistencies in top and low scorers it
becomes difficult to choose one or a subset of ‘winning’ models to use as part of an MME.

A key goal of Chapter 6 was finding opportunities to improve forecast skill. Chapter 4, for
instance, demonstrates relatively low skill from SEASS in May and June. Chapter 5 reveals
that the comparative advantage of using the dynamic ensemble forecasts is often in the early
wet season (MJJ) because of the worse performance of the statistical models. If the dynamic

ensembles could be improved during May and June, the comparative advantage of using
(a) Best 2AFC Score
MJJ JJA ASO
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Figure 6.0 (a) best and (b) worst scoring models using 2AFC are plotted for three-month-mean
seasonal forecasts initialized one month prior across seasons (panels).
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these ensembles could possibly widen. Furthermore, while the ensembles often perform well
in the late wet season (Figures 4.3, 5.5), they often fail to detect low and high rainfall
extremes well, facing a steep drop in skill for the predictions that include September (Figures
4.4,5.7).

Chapter 5 also aligns with previous studies that find MMEs have higher skill than individual
models (e.g. Elvidge et al., 2023). The forecast skill of the MME mean is often higher than
the entire interquartile range of individual model skill for tercile rainfall discrimination
(Figure 5.5), demonstrating the added value of combining AOGCMSs to create a forecast.
However, the MME mean outperforms the interquartile range of the individual models less
often for low and high rainfall extremes detections (Figure 5.7). This difference in the
relative skill of the MME motivated Chapter 6’s investigation into alternative ways to
generate MMEs to improve detection rates of rainfall extremes.

Conducting a process-based evaluation was of interest partially due to the findings regarding
the hybrid models in Chapter 5. The skill of the hybrid forecasts often improves when the
teleconnection patterns they use (e.g. ENSO) are most related to rainfall (Figures 5.5, 5.7).
There are some exceptions, however, as the Nifio 3.4 hybrid forecast performs best in
Guatemala at discriminating between terciles of rainfall in the early wet season (Figure 5.5),
when Nifio 3.4 is relatively less related to regional rainfall as compared to other regions like
TNA (Figure 5.8). This exception raised the question about what drives rainfall forecast skill.
Does the hybrid model perform better over Guatemala in that instance due to Nifio 3.4 SSTs
being a relatively easier location to model? If an ensemble could be optimized to better
represent TNA SSTs, for instance, would a forecast that uses TNA outperform a forecast
based on Nifo 3.4 SSTs in the early wet season?

These questions further drove an interest in exploring how process representation in the
models relates to their final skill (RQ4, Thesis Outline 1.2), and questions over whether their
process representation could be capitalized on to improve MME skill (RQS5, Thesis Outline
1.2). Because the inconsistency in forecast skill across the models (Figure 6.0) does not
indicate a clear ‘best’ or ‘worst’ performing model, the focus for skill improvement pivoted
away from choosing between models towards developing a subsampling approach that
selects the best members within models that by chance have the correct process
representation at the point of model initialization.

A note on model inclusion in Chapter 6: contributing models to C3S are included partially
because of consistent availability of predictor and target variables over the available hindcast
period (1993-2016), but also because the C3S ensembles’ interquartile range was much
larger than that of the NMME (e.g. Figure 5.5), which might indicate a larger spread in
predictions and potential errors in C3S.
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Key Points

e Subsampling members using sea surface temperatures and zonal wind improves
subseasonal ensemble rainfall forecasts in Central America.

e In multiple months and locations mean squared error skill increases by 0.4 and
extreme rainfall skill improves by 0.5 (Heidke skill).

e Process-informed subsampling is useful because the models’ representation of
rainfall degrades as process error increases.

Abstract

Subseasonal rainfall forecast skill is critical to support hydrometeorological extremes
preparedness. We assess how a process-informed evaluation, which subsamples forecasting
models’ members based on their ability to represent potential predictors of rainfall, can
improve monthly rainfall forecasts within Central America one month ahead, using Costa
Rica and Guatemala as test cases. We generate a constrained ensemble mean by subsampling
130 members from five dynamic forecasting models in the C3S multi-model ensemble based
on their representation of both (1) zonal wind direction and (2) Pacific and Atlantic sea
surface temperatures (SSTs), at the time of initialization. Our results show in multiple
months and locations increased mean squared error skill by 0.4 and improved detection rates
of rainfall extremes. This method is transferrable to other regions driven by slowly-changing
processes. Process-informed subsampling is successful because it identifies members that
fail to represent the entire rainfall distribution when wind/SST error increases.

Plain Language Summary

Subseasonal rainfall forecasts provide alerts multiple weeks ahead. These forecasts present
an opportunity to facilitate anticipatory actions yet are often unreliable to use when
preparing for extreme weather. We develop a method to optimize rainfall forecasts by
selecting individual members from a large ensemble of dynamic forecasting model outputs
based on their ability to represent potential predictors of rainfall. We test our method on
monthly rainfall forecasts within Central America one month ahead, using Costa Rica and
Guatemala as key test cases. We select members from five contributing models of the C3S
multi-model ensemble using regional predictors, including wind direction and sea surface
temperatures (SSTs). Our results show improvements in the detection of low and high
rainfall extremes. This method is transferrable to other regions driven by slowly-changing
processes like SSTs and is beneficial for operational forecasters who can leverage regional
expertise of relevant rainfall-generating processes to subsample better performing ensemble
members for their regions.
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6.1 Introduction

Rainfall forecasts can support preparedness for hydrometeorological extremes like droughts
and floods (Braman et al., 2013; Merz et al., 2020; Domeisen et al., 2022; White et al.,
2022). At the subseasonal scale (14-60 days ahead), early warnings support proactive
disaster mitigation activities such as strategies for planting crops (e.g. Flohr et al., 2017,
2018) and transporting resources to higher ground (De Perez et al., 2016). Subseasonal
forecasts are challenging because after several weeks atmospheric conditions lose most of
their memory and large scale oceanic variability often only provides a limited source of skill
(Vitart and Robertson, 2018).

Atmospheric oceanic general circulation models (AOGCMs) provide one way to predict
rainfall by generating dynamic predictions of the earth system (Hagedorn, Doblas-Reyes and
Palmer, 2005; Stockdale et al., 2010; Bauer, Thorpe and Brunet, 2015). Several techniques
can correct raw AOGCM outputs, often categorized into calibration (Manzanas et al., 2019)
and combination methods (Hemri et al., 2020). Combining AOGCMs to generate multi
model ensembles (MMEs) has been advantageous in several cases (e.g. Elvidge et al., 2023;
Palmer et al., 2004; Wang et al., 2009), but does not always significantly improve forecast
skill compared to calibrated single models because model errors in MMEs are often
correlated (Weigel, Liniger and Appenzeller, 2009). Traditionally model evaluation is
conducted based on aggregated mean error and variance. Such evaluation techniques,
however, may obscure the possibility that models can be right for the wrong reasons (Eyring,
2016; Eyring et al., 2019; Nowack et al., 2020).

New approaches have been proposed to improve AOGCM temperature forecast skill in
Europe at seasonal to decadal scales by capitalizing on process differences within AOGCM
ensembles (e.g. Dobrynin et al., 2018, 2022; Dusterhus, 2020; Smith et al., 2020). Each
model is comprised of multiple members, which when initialized represent a range of
guesses of current day states to account for observational uncertainty (Balmaseda et al.,
2011). Smith et al. (2020), for instance, improved North Atlantic Oscillation (NAO)
representation by subsampling decadal predictions from CMIP5-6 based on each model
member’s proximity to the multimodel ensemble mean’s NAO estimate. Process-informed
subsampling approaches like these are useful not only because they can potentially improve
forecast skill, but also because they can provide insights into causal mechanisms that affect
model skill.

We expand on these ideas and propose a post-processing technique to help diagnose and
improve AOGCM subseasonal rainfall forecasts in real-time. As subseasonal forecasts sit
between weather and seasonal climate forecasting windows, we investigate process
representation of both atmospheric and oceanic drivers of rainfall (sea surface temperature —
SST — and zonal wind). We hypothesize that if through chance certain model members
predict both SST and zonal wind well one to two months ahead, these same members will
also have higher rainfall skill at two-month lead time. To subsamples members in a manner
that could be operationally deployed, we identify better performing members at the point of
model initialization. We evaluation the predictions of SST and zonal wind direction, two
variables that change more slowly over time, enabling us to use lagged observations as a

69



6.1 | Introduction

reference to filter out members whose predictions have become unrealistic. We then
subsample the ensemble to include only the top performing members, thereby improving the
ensemble mean rainfall forecast.

We test our process-informed subsampling method in Central America, a region in need of
further MME optimization where AOGCM skill varies across locations, times of year, and
lead times (Carrao et al., 2018; Hidalgo & Alfaro, 2012, 2015; Kowal et al., 2021, 2023;
Maldonado, Alfaro, & Hidalgo, 2018; Maldonado, Alfaro, Amador, et al., 2018). Central
America presents prediction challenges in part due to the complex interaction of weather
patterns originating from both the Pacific and Atlantic oceans and marked topography that
moderates moisture transport over the region (Duran-Quesada, Gimeno and Amador, 2017,
Duran-Quesada et al., 2020). Forecasts are therefore unlikely to improve by subsampling
ensembles using one process alone. The El Nifio Southern Oscillation (ENSO — Trenberth,
1997), for instance, is widely recognized as an important driver of ensemble forecast skill
(e.g. Scaife et al., 2019) due to its teleconnections with regional rainfall (Duran-Quesada et
al., 2020). ENSO alone, however, cannot always explain regional rainfall deficits
(Mufioz-Jiménez et al., 2019).

Here, we subsample ensemble members based on their representation of multiple key
regional rainfall-driving mechanisms, and examined whether our method improves
subseasonal rainfall forecast skill in two distinct subregions: Guatemala and Costa Rica
(Figure 6.1a). We then use this approach to assess which large-scale rainfall-generating
processes need to be accurately captured by models for subseasonal forecasts to be skilful.

6.2 Data

We generated a MME using members from five AOGCMs (Table 6.A1) that contribute to the
leading European seasonal forecasting system (C3S; Marsh & Penebad, 2016). These
models’ mean monthly estimates are available at 1° spatial resolution over a 24-year hindcast
period (1993-2016) up to six months ahead with a total of 130 members initialized on the
first day of every month. Each model contains SST, wind at 850 hPA, and rainfall; and they
are commonly deployed for monthly to seasonal forecasts around the world (e.g. Colman et
al., 2020; Mishra et al., 2019; Walker et al., 2019).

We used daily Optimum Interpolated Sea Surface Temperature data (OISSTv2 - Huang et al.,
2021) from National Oceanic Atmospheric Administration (NOAA) as our observational
reference data for the models’ SST predictions and ERAS reanalysis data for wind direction
(Hersbach, 2020). We used Climate Hazards Group InfraRed Precipitation with Station 0.25°
rainfall data (CHIRPS - Funk et al., 2014) to test the final predictions given CHIRPS has
been found to be a reasonable dataset within the region (Arciniega-Esparza et al., 2022;
Stewart et al., 2022). All variables tested (predictors and rainfall predictands) were converted
into standardized anomalies prior to testing (Text 6.A1 Equation 1).

6.3 Methodology

To support operational feasibility, we used observations just prior to model initialization as
reference data to select optimal members when the forecasts were issued. In this approach,
we selected members with the best representation of SST and zonal wind direction at one-
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and two- month lead times. SST and zonal wind were chosen because they are key drivers of
regional rainfall (see 6.3.1) and typically have greater persistence over other variables.
Although the magnitude of windspeed may change instantaneously, the low-level jet wind
direction is often seasonally stable (Figure 6.A1).

We assessed the usefulness of this subsampling technique on monthly rainfall forecasts in
the month after initialization (labelled two-month lead per C3S naming conventions). For
example, to generate a subsample for September rainfall predictions, we extracted all
available members from the models initialized on August 1* at two separate lead times: one-
month lead (August) and two-month lead (September). We selected members that best
represented our chosen predictors at one- and two-month lead times, using observations
averaged over the last two weeks of July (reference period) and used only those top
performing members in our final two-month lead rainfall prediction. Because this method
relies on lagged observations to select members at one- and two-month lead times, the
method will work better when SST and zonal wind direction change more slowly over our
predictor zones.

We tested the subsampling method in May, June, September, and October to see how its
ability to constrain ensemble predictions of rainfall varied temporally. The Central American
climate is characterized by monthly rainfall variations, separated into a wet and dry season
with peak rainfall often in May/June (early wet season) and September/October (late wet
season) (Giannini, Kushnir and Cane, 2000; Taylor & Alfaro, 2005; Magana et al. 1999). We
evaluated the subsampling method over the entirety of Costa Rica and Guatemala
respectively as key case studies and considered spatial patterns in subsample skill. Rainfall
connections with relevant predictors (6.3.1) for the Caribbean and Pacific sides of the region,
for instance, vary in part due to how the Cordillera mountain range (Figure 6.1b) interacts
with moisture transport from the Caribbean Sea to the Pacific Ocean (Taylor and Alfaro,
2005; Duran-Quesada, Gimeno and Amador, 2017; Mufoz-Jiménez et al., 2019).

6.3.1 Relevant Predictor Zones for Central America

We evaluated seven predictor types with well-documented connections to regional rainfall
(Figure 6.1c¢), including (1) Nifio 3.4 SSTs (Waylen, Quesada and Caviedes, 1994; Giannini,
Kushnir and Cane, 2000; Sanchez-Murillo et al., 2017), (2) Tropical North Atlantic (TNA)
SSTs (Enfield and Mayer, 1997; Maldonado et al., 2017), and (3) Caribbean SSTs (Duran-
Quesada, Gimeno and Amador, 2017; Duran-Quesada et al., 2020). We also evaluated
representation of the SST gradient across the isthmus (Alfaro, 2007; Enfield & Alfaro, 1999;
Enfield & Mayer, 1997; Hidalgo et al., 2015; Maldonado, Alfaro, & Hidalgo, 2018). We
used two different SST gradients as predictors to account for the spatial and temporal
variability in the relationship between SST gradients and regional rainfall: (4) the maximum
anomaly difference between the Nifio 3.4 region and the Caribbean (Wang, 2007), and (5)
the maximum anomaly difference between Nifio 3.4 and TNA SSTs (Enfield & Alfaro, 1999;
Taylor et al. 2002). Because the Caribbean Low Level Jet (CLLJ — Amador, 2008) and
Chorro del Occidente Colombiano Jet (CJ - Poveda & Mesa, 1999) are also well-
documented moisture transport mechanisms across Central America (Cook & Vizy, 2010;
Hidalgo et al., 2015; Muifioz et al., 2008; Poveda & Mesa, 1999; Wang, 2007), we assessed
zonal wind direction (6) using CJ alone, and (7) within a region that circumscribes the core
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CLLJ, Central America, and the eastern Pacific where the CJ crosses the isthmus (Figure 1c).
CLLJ was not used alone as a predictor because there was not a large difference between
member representation of the core CLLJ (Text 6.A2).
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Figure 6.1. Illustration of Central American climate and tested predictor zones. (a) Total annual
rainfall averaged over 1993-2016 using CHIRPS 0.25° (Funk et al. 2014) monthly rainfall data with
Guatemala and Costa Rica outlined in black. (b) Elevation in Central America including the
Cordillera. (c) Predictor locations used to test member performance plotted spatially (numbered as
labelled in text with SST predictor zones plotted behind country outlines and wind predictor zones
plotted in front). Zones include the Caribbean Sea (90°W, 60°W, 9°N, 25°N which includes the core
zone for moisture transport illustrated in Duran-Quesada et al. 2017, Nifo 3.4 (170°W, 120°W, 5°N,
5°S Trenberth 1997), and TNA (80°W, 15°W, 6°N, 22°N Enfield & Alfaro 1999); and wind direction
over the CJ (100°W, 77°W, 3°N, 7°N Poveda & Mesa 2000) and a broader ‘Regional Wind’ zone that
circumscribes the eastern Pacific, core CJ and CLLJ locations (100°W, 70°W, 3°N, 20°N).
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6.3.2 Member Performance and Top Performing Subsamples Selection

We processed all model data with the XCast Python package (Hall & Acharya, 2022; Text
6.A3) and predictor estimates from the raw 130-member ensemble at 1° spatial resolution.
We regridded the 130-member ensemble rainfall predictions to 0.25° resolution using
bilinear interpolation prior to subsampling. The 130 estimates of each predictor were ranked
(Figure 6.2, step 1) using the average mean squared error (MSE; Text 6.A1 Equation 2)
across the predictor zone for SST (or calculating one MSE estimate for the gradients with no
spatial field). The average Percent Correct Score (Text 6.A1 Equation 3) was used to rank
the members’ predictions of zonal wind direction within a predictor zone (e.g. CJ). We
filtered members based on their relative performance to one another (e.g. top 10) to keep
ensemble size consistent.

The ‘best’ subsample is application dependent. Here we showcase a few subsamples that
performed well on average over both countries using deterministic criteria over 1993-2016.
We used multiple metrics to evaluate rainfall skill of the subsampled means against the all-
member mean, including the Mean Squared Error Skill Score (MSE-SS - Deque, 2012, Text
6.A1 Equation 4) to assess performance across the entire rainfall distribution, and the Heidke
Skill Score (HSS - Heidke, 1926, Text 6.A1 Equation 5) to measure ensemble mean
detection rate of low (high) rainfall extremes below the 10™ (above the 90™) percentile of
monthly anomalies.

Step 1: Calculate and rank member predictor scores for 1- and 2- month lead times

Average MSE in 55T Zones MSE of SST Gradients Average Percent Correct of Wind Direction
Caribbean Nifio 3.4 / Caribbean Choco Jet (C))

Nifho 3.4 Nifio 3.4 / TNA Regional Wind

TNA

Step 2: Subsample members based on their predictor scores

80
All 7 Eredlctors for both > Permute > 60
lead times

40

Step 3: Identify top subsample that exceeds all-member MSE-SS, HSS90, and HSS10 on average across
country and select the subsample with the top HS590 score in any month on average over hindcast years
(1993-2016)

Figure 6.2 Schematic of method used to estimate how members represent physical processes. Step 1:
rank members based on their predictor scores for all seven predictors. Step 2: Subsample members based
on their predictor scores using permutations (order does not matter) of predictors. In this subsampling
step, filter size options include 80/60/40 (filter 1); 30/20 (filter 2); or 15/10/5 (filter 3) members. For
example (bolded arrow), select top 80 members that represent Nifio 3.4 SSTs best at two-month lead then
of those 80 members, select top 30 members that represent TNA SSTs best at one-month lead, then of
those 30 members select top 15 members that represent CJ wind direction best at one-month lead. Do this
for every possible order of predictors across the filter size options. Step 3: evaluate subsample skill scores
using MSE-SS, HSS90, and HSS10 and top subsamples that scored as well as the all-member ensemble
mean across all metrics on average over a country. Although many subsamples meet these criteria, for
illustration purposes in the results section, top subsample is selected using HSS90.

73



6.3.2 | Member Performance and Top Performing Subsamples Selection

We generated subsamples using our ranked predictor scores to select members for
permutations of one, two, and three predictors with several filter size options (Figure 6.2 step
2). Generating thousands of subsamples across a range of predictor permutations enabled us
to compare the subsamples that prioritized more well-rounded skill (using multiple
predictors to select members) against subsamples that prioritized representation of a
particular predictor. We identified a subset of better performing subsamples in which rainfall
predictions outperformed the all-member mean using all deterministic scores (MSESS,
HSS90, and HSS10) in any month (May, June, September, or October) on average over a
country for the entire assessed period (Figure 6.2 step 3). Many filter sizes resulted in skilful
subsamples (Text 6.A4), and when filter size did matter, it often indicated the relative
importance of different predictors (Figure 6.A4).

This selection procedure identifies subsamples that on average maintain better skill across
the analysed years. Because of the interannual variability in ensemble forecast skill, we
performed a sensitivity test to evaluate the robustness of the approach (Text 6.A5). Although
the skill of the all-member and subsampled ensembles changes interannually (Figure 6.A3),
randomly dropping five years from the analysis does not significantly change the difference
in skill between the all-member mean and subsampled mean in almost any case tested
(Figure 6.A4). To better understand what happens to the models’ rainfall predictions when
predictor error increases, we also examined the correlation between the model rainfall
predictions and the estimates of the seven predictors for each month analysed.

6.4 Results and Discussion
6.4.1 Top Subsamples Align with Key Processes that Drive Regional Rainfall

The ‘best’ subsample depends on the application (e.g. many subsamples detect high rainfall
extremes well but fail to consistently detect low rainfall extremes). Our results below
summarize subsamples that outperform the all-member mean across all three metrics
(MSESS, HSS90, and HSS10) on average within a country. Several subsamples outperform
the all-member mean across all metrics for a given month, but the ones highlighted here have
the top HSS90 skill for detections of high rainfall extremes (Table 6.1).

Subsamples that use three predictors to filter members tend to outperform subsamples with
fewer predictors, except when using TNA alone in May over Guatemala (Table 6.1 row 1
right column). We found no subsamples in June that outperformed the all-member mean in
Costa Rica across all metrics, while the ten member TNA subsample that performed best in
Guatemala in May still performed well in June. More limited success in June may be related
to the stronger influence of atmospheric drivers that affect moisture transport (Duran-
Quesada et al., 2017), or higher predictor variability, as the lagged observations were poorly
correlated with predicted months in that period (Figure 6.A1). While our method may
constrain error that occurs in a large ensemble, any subsampling procedure is also subject to
uncertainties in observational datasets. The usefulness of the method depends on these
datasets being close enough approximations of ‘real-world’ conditions to help filter out
unrealistic members.

Using process-informed criteria to select members from a large ensemble can help diagnose
why model skill may vary (Eyring et al., 2019; Nowack et al., 2020). The top subsamples
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Table 6.2. Summary of top subsamples identified by country and months where both countries
have subsamples that outperformed the all-member mean on average across all metrics. The top
subsamples for each month are listed next to the order of operations used to filter each predictor with
number of members selected in each step in parentheses and the average [worst,best] change in
predictor scores over 1993-2016 between the final subsample and the all-member mean.
Improvements in predictor score are reported in terms of MSE for SST zones and SST gradients and
Percent Correct for wind direction, as calculated for ranking members. Decreases in MSE (more
negative) and increases in Percent Correct scores show improvements in predictor score. Final

ensemble sizes and average changes in predictor errors are bolded.

Costa Rica Guatemala
Predictand Filter Predictors Average Predictors Average
Month (Filter Size) [worst,best] (Filter Size) [worst,best]
Change in Change in
Predictor Score Predictor Score

SSTs in Caribbean MSE: -0.24 SSTs in TNA MSE: -0.24

1-month lead (60)  [-0.11, -0.59] I-month lead (10)  [-0.12, -0.77]
May CJ Wind %Correct: 21%

2-month lead (20)  [10%, 33%]

SST Gradient MSE: -0.63

Nifio3.4/TNA [-0.17, -2.48]

2-month lead (5)

SSTs in Nifio 3.4 MSE: -0.02 SSTs in Nifio 3.4  MSE: -0.02 [0.01,

I-month lead (80)  [0.01, -0.06] 1-month lead (80) -0.06]
September SSTs in Nifo 3.4 MSE: 0.06 SSTs in Nifio 3.4  MSE: 0.05

2-month lead (30) [0.16, 0.01] 2-month lead (30) [0.16,-0.03]

Regional Wind %C Correct: 3% SST Gradient MSE: -0.54

I-month lead (15)  [-1%, 6%] Nifio3.4/Caribbean [-0.20, -1.12]

2-month lead (10)

SSTs in Nifio 3.4 MSE: -0.09 CJ Wind % Correct: 12%

2-month lead (40) [-0.04, -0.19] 1-month lead (60) [3%, 30%]

SST Gradient MSE: 0.28 SST Gradient MSE: 0.70
October Nifio3.4/Caribbean  [0.70, -0.12] Nifo3.4/TNA [1.63, 0.19]

2-month lead (20) 2-month lead (20)

SST Gradient MSE: -0.10 CJ Wind %Correct: 5%

Nifo3.4/Caribbean [0.41, -0.49] 2-month lead (15) [-12%, 10%]

1-month lead (15)

often relate to seasonal drivers of rainfall. In September, for instance, top subsamples
primarily rely on Nifio 3.4 SSTs, when ENSO drives rainfall more strongly, while in the
early wet season, Caribbean and TNA SSTs are more important (Table 6.1 row 1) when the
Caribbean and Atlantic have stronger correlations with regional rainfall (Taylor et al., 2002;
Spence, Taylor and Chen, 2004; Duran-Quesada, Gimeno and Amador, 2017; Maldonado et
al., 2017). SST Gradients improve subsamples across the wet season, as they are important
throughout (Enfield & Alfaro, 1999; Giannini, Kushnir and Cane, 2000; Hidalgo et al., 2015;
Maldonado, Alfaro, & Hidalgo, 2018).

The top subsample over Guatemala in October is less straightforward, as it is filtered
primarily using CJ representation. CJ nears peak strength in October as the intertropical
convergence zone is displaced northwards (Amador, Durdn-Quesada, et al., 2016), but this
jet primarily affects rainfall south of Guatemala (Duran-Quesada et al., 2010; Duran-
Quesada, Gimeno and Amador, 2017). This predictor may indicate related model errors (e.g.
if members poorly represent CJ, they may also poorly represent other drivers of Guatemalan
rainfall in October).
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Average predictor representation is not always substantially different between the all-
member mean and the top subsamples. The all-member mean typically includes members
with mixed levels of skill — some with high skill, some with low skill, and some with
splintered skill (high in some predictor metrics and low in others). The top subsample
sometimes improves representation across all predictors in the analysis (e.g. subsamples in
May for both countries), meaning the subsample filters out low-skill members. In other
cases, average process representation of the top subsample is similar to (e.g. in September)
or even worse than the all-member mean (e.g. average MSE of some SST gradient
representations in October). In these cases, the top performing subsamples filter out
splintered skill members from the all-member ensemble. In October, for instance, the
subsamples select more well-rounded members that can better represent multiple predictors
(e.g. CJ wind and SST gradients) compared to the filtered out splintered skill members that
poorly represent certain predictors. Further, no single AOGCM consistently outperforms the
others, and model representation within subsamples varies interannually (Text 6.A6), not
necessarily linked to the total number of members per AOGCM (Table 6.A2).

6.4.2 Subsamples Improve SKill for Entire Rainfall Distribution and Extreme Tails

In all three months, the subsamples improve MSE-SS across most of Costa Rica and
Guatemala (Figure 6.3a/c), with the largest change in September over Costa Rica (70%
locations increase >0.2 MSE-SS, 55% locations increase >0.3 HSS90, 33% locations
increase >0.3 HSS10) and in May over Guatemala (56% locations increase >0.2 MSESS,
62% locations increase >0.3 HSS90, 5% locations increase >0.3 HSS10). The skill of
predicting rainfall extremes improves more in some locations (Figure 6.3b/d) with >0.5
changes in HSS for P10 and P90 detections. Filtering out members with low skill is clearly
beneficial in Guatemala in May, when the top subsample filters members using TNA
representation alone (Figure 6.3c/d top row). Filtering out splintered members is also useful
in Costa Rica in September, when the top subsample significantly improves skill (Figure
6.3a/b middle row) despite similar average predictor scores as the all-member mean (Table
6.1). These results are similar at the raw 1° spatial resolution (Figure 6.A5).

Improving forecast skill across an entire country using one subsampling configuration is
challenging due to nuances in how processes drive rainfall. Some improvements are spatially
limited, highlighting locations where predictor relationships with rainfall may diverge. For
instance, in May, the top Costa Rican subsample mostly improves skill on the Pacific side of
the country (Figure 6.3a/b). Pacific rainfall patterns are distinct from Caribbean rainfall often
due to interactions between regional rainfall drivers and topography (Duran-Quesada,
Gimeno and Amador, 2017; Mufioz-Jiménez et al., 2019). The top subsamples also show
limited skill above 16°N in Guatemala in September and October (Figure 6.3c/d). This
spatial pattern in skill somewhat corresponds to differences between rainier locations in the
country that are closer to the Caribbean Sea, and drier locations in Guatemala with rainfall
more dominated by the Pacific (Figure 6.1a), including the Guatemalan Dry Corridor
(Gotlieb et al., 2019). This method could therefore benefit from using more locally
optimized subsamples (e.g. over Caribbean vs. Pacific rainfall regions in Costa Rica, Dry
Corridor in Guatemala).
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Figure 6.3 Spatial performance of the method in Costa Rica and Guatemala. (a) Spatial skill of all-
member ensemble (left), top performing subsampled ensemble (center) and difference between the two
(right) in Costa Rica. Skill is based on the entire rainfall distribution using MSE-SS. (b) Spatial skill for
detection of low rainfall extremes (P10) and high rainfall extremes (P90) using HSS in Costa Rica, again
for all-member (left), subsample (center), and their difference (right). (c) Same as (a) but for Guatemala.
(d) same as (b) but for Guatemala. Table 1 summarizes the criteria used to generate the subsamples in
each month that were selected for their ability to perform as well as the all-member mean across all three
metrics (MSESS, HSS10, HSS90) and were the top performers for HSS90 in each month as illustrated in
Figure 6.2.
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Figure 6.4 Process error versus rainfall estimates. Relationship between the spatial average of the
raw rainfall prediction at 2-month lead (y-axis) over 1993-2016 over each country and the MSE of
the predictors (x-axis) for different zones/predictors (columns) grouped by lead times (one month
ahead or two months ahead, rows) for different target months (rows), color-coded by the five models
evaluated.

We find when the models struggle to represent certain processes, as seen through estimates
of their predictor error using MSE, they are less able to capture the full range of the rainfall
distribution (Figure 6.4). This can be seen in the way the maximum rainfall predictions trend
downward (y-axis) as predictor error increases (x-axis) across predictor type (columns) in
each month tested (rows). Similarly, an upwards trend in the lowest rainfall predictions is
also seen across predictors as error increases. For SST zones like Nifo3.4 and for shorter
lead times (one-month lead), the range in error is smaller than in other regions at longer lead
times (e.g. Caribbean at two-month lead), but the slope is steeper, meaning small process
errors can have a greater influence on the models’ ability to predict rainfall (Figure 6.4).

Despite some structural differences among the models (e.g. DWD System 21 has a smaller
rainfall range than the other models, Figure 6.4), the relationship between process error and
the estimated rainfall range is consistent. This consistent cone-shaped pattern across models
showcases the value of the process-informed subsampling method to support operational
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forecasting. While a regional forecaster may not have as much familiarity as a model
developer with the structural nuances of each model, they can leverage their expertise in
regional rainfall drivers to select members that best represent important predictors across
ensembles. Some members with low process error may still be selected from a more limited
rainfall distribution that is unique to their parent model (e.g. in the case of DWD System 21),
but by minimizing some key process errors, forecasters can increase the likelihood that a
subsample better captures the entire rainfall distribution.

6.5 Conclusions

Subseasonal predictions present a gap between more well-established weather and seasonal
climate forecast fields that could benefit from optimization (Vitart and Robertson, 2018).
Our subsampling method presents an opportunity when a forecast is issued (initialization) to
select the model members that by chance correctly represent key rainfall predictors to
improve rainfall predictions a month ahead. We show the models are less able to capture the
full range of the rainfall distribution when SST and zonal wind error increases (Figure 6.4).
This method presents potential for better extreme rainfall preparedness planning by
improving extreme rainfall predictions. Process-informed subsampling may improve MME
rainfall skill especially when regional rainfall is driven by slowly-changing processes like
SSTs. Given the interannual variability of key processes, future work could enhance our
selection procedure by selecting subsamples based on representation of key processes that
are empirically derived from a moving evaluation window. This technique is ideal for
constraining regional forecasts based on knowledge of regional rainfall mechanisms and
could especially benefit regions where SSTs are key rainfall drivers.

6.A Appendix - Texts

Text 6.A1 Formulas Used to Process and Evaluate the Ensemble Members

The skill scores were applied individually for each grid cell on data that had been converted
from raw values into monthly standardized anomalies. Standardized anomalies were
calculated monthly across the time series (i.e. months were calculated individually) for each
grid cell individually following Equation 1:

Standardized Anomaly = X_Ti()x) ................................................. Equation 1

x = estimate (either a forecast or an observation)
u(x) = mean of estimate over time period (e.g.1993 — 2016)
o(x) = standard deviation of estimate over time period (e.g.1993 — 2016)

Predictor representation was scored using mean squared error (MSE, Equation 2) and a
Percent Correct Score (Equation 3). MSE is a measure of average accuracy, calculated by
adding the squared difference between the observations and the forecasts for every point in
time and dividing by the total number of instances (every date). When calculated for an SST
Gradient, the MSE score alone was used. When calculated for an SST zone, the average
MSE score over the entire grid-box was calculated.

MSE = > R = X)) o, Equation 2
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X = observation
x = forecast
n = total number of instances

Percent Correct Score was calculated for the binary zonal wind direction variables by
calculating the number of times the model member predicted wind direction correctly
divided by the total number of predictions of wind direction over a grid-box (e.g. CJ).

Percent Correct = s S Equation 3

a = correct detections
n = total number of instances

The formulas of the skill-scores used to evaluate the all-member ensemble mean and
subsample mean rainfall predictions are summarized below:

The MSE skill (MSE-SS) is a measure of how the average accuracy of the forecasts
compares to using a climatology alone (average estimate across a time series). MSE-SS is
calculated by dividing the MSEy, which is MSE (Equation 1) calculated for the forecasts,
with the MSEcim, which is MSE (Equation 1) calculated for the mean estimate across the
time series (climatology mean over 1993-2016). This ratio is subtracted from 1, meaning a
perfect score will result in 1, while a negative score means the MSE¢ is worse than the
MSE-clim.

MSEf

MSE —-SS =1 — MSE g, © 170 T Equation 4

MSE; = MSE forecasts
MSE_;imm = MSE climatology

The Heidke Skill Score (HSS - Heidke, 1926) assesses a forecasts’ ability to discriminate between
different categories of events. In this study, HSS was applied to decile discrimination at the low and
high ends of the rainfall distribution, essentially testing the forecasts’ ability to detect high rainfall
extremes (HSS90 - an event is defined as rainfall above the 90™ percentile of the monthly
climatology) and low rainfall extremes (HSS10 - an event is defined as rainfall below the 10
percentile). Unlike other scores, like hit rate (correct detection rate of an event), or false-alarm rate
(incorrect detection rate by predicting an event occurs when there is none), the HSS is equitable
(Hogan et al.,, 2010), meaning random or rigged forecasts will all score 0.0 (no skill). As
summarized by the following formula, HSS is calculated based on a 2x2 contingency table of hits
(correct detections - a), false alarms (predictions of an event when there is none — b), misses (failures
to detect an event — ¢), and correct rejections (not predicting an event will occur when there is none).

a+d—-a,—d, .
HSS = TR, TTTTTTTMTTTTIIeeeee Equation 5
a,=(@a+b)(a+c)/n
d, = (b+d)(c+d)/n
a = correct detections

80



6.A Appendix — Text 1 | Formulas Used to Process and Evaluate Ensemble Members

b = false alarms

¢ = misses

d = correct rejections

n = total number of instances

Text 6.A2 Observational Correlations that Affect Strength of Subsampling Method

The R-squared values listed in the inset of Figure 6.A1 provide a measure of how quickly the
observations change on average between the reference period and the months in which the
predictors are tested, which affects the strength of the subsampling method. These R-squared
values show the correlation between the temporal mean of the predictors in last two weeks
just prior to model initialization for a given forecast month, and the average monthly mean
of the predictors in the two months following model initialization (one- and two- month
leads). The Nifo 3.4 region has the most stable SSTs compared to other predictors used and
is more persistent during the September and October forecasting periods relative to earlier
months (Figure 6.A1 inset).

June is the least persistent observational forecasting period, with all observational
correlations for wind direction equal to an R-squared of less than 0.1 and observational SST
R-squared values below 0.5 for all zones tested (Figure 6.A1 inset). Although the observed
correlation between the reference data and two-month lead is typically worse than for one-
month lead (Figure 6.Al), two-month lead predictors were also tested as subsampling
options because longer lead times give the ensemble members more time to diverge prior to
evaluation.

Furthermore, although 925 hPA is at the peak intensity of the low level jets (Amador, 2008;
Hidalgo et al., 2015), we used 850 hPA for wind direction because 850 hPA is available
across all models evaluated and still falls within the range of the pressure levels of the low
level jet streams. The model members were also consistently able to correctly identify the
zonal wind direction within the maximum wind zone of the CLLJ (80W, 70W, 12.5N, 17.5N
- Amador, 2008). There was more variability in the correct identification rate within the CJ
and a broader zone that circumscribed the CLLJ and Central America, so we used a larger
‘Regional Wind’ box and CJ box as our final predictors to test how well the members
identified zonal wind (Figure 6.A1).

Text 6.A3 Software

The subsamples were generated using XCast, a python software package that was developed
to improve forecast post-processing and evaluation (https://github.com/kjhallO1/xcast). The

subsamples were processed using a combination of several other packages, including pysteps
(Pulkkinen et al., 2019; Imhoff et al., 2023). We plotted all figures in R using tidyverse and
ggplot2 (Huang & Zhao, 2020; Wickham, 2016; Wickham et al., 2019).

Text 6.A4 Sensitivity Test of Subsample Skill to Ensemble Size

We tested the sensitivity of the results to filter sizes in step four of the methodology, which
refer to how many members are selected in each subsampling step. Figure 6.A2 shows two
examples of sensitivity tests run on the top-performing subsamples: (1) using different
numbers of members to constrain the top subsample in May over Guatemala (using
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representation of TNA alone; Figure 6.A2a), and (2) constraining the top subsample in
September over Costa Rica (using representation of Nifio3.4 at one-month lead, Nifio3.4 at
two-month lead, and Regional Wind at one-month lead; Figure 6.A2b). Several studies have
examined the effects of ensemble size on forecast skill (e.g. Buizza, 2008; Buizza et al.,
1998; Buizza & Palmer, 1998; Leith, 1974; Leutbecher, 2019). Of these studies, many show
increases in skill as size increases, but that the change in skill begins to saturate at ensemble
sizes as small as eight (e.g. Buizza & Palmer, 1998; Leith, 1974). Similar to what these
previous studies have shown, in the comparison in Figure 6.A2, skill often declines abruptly
under 10 ensemble members, but the added value of selecting more members that best
represent key predictors do not dramatically increase when the number of ensembles is
at/above ten in the final subsample.

The example using May forecasts in Guatemala shows the effects of changes in ensemble
size alone (Figure 6.A2a). The effect of selecting fewer ensemble members is illustrated
most clearly when comparing MSE-SS (Figure 6.A2a bottom row). Selecting members that
best represent TNA at one-month lead begins to show an effect on skill using the top 30
members or less, and skill drops off between the top-10 and top-5 member subsamples.

When multiple predictors are used, the change in ensemble skill is often an indicator of
sensitivity to a particular predictor over ensemble size (Figure 6.A2b). For instance, in Costa
Rica, filtering too strictly over Nifio3.4 at one-month lead will limit skill (filtering by 60
members or less using Nifio3.4 one-month lead representation in step 1 is associated with
lower skill). Filtering more strictly for Nifio3.4 at two-month lead is more useful (Figure
6.A2b). Looking at differences within the top 80 members, for instance (left-hand side of
Figure 6.A2b), shows improved skill using the top 30 members that represent Nifio3.4 SSTs
at two-month lead over only selecting the top 40 members. In step three (still looking at left-
hand side of 6.A4b), filtering more strictly for representation of Regional Wind at one-month
lead within the top 30 or 20 members often performs better up to the top 10 members
(subsamples that use top 10/15 members for Regional Wind at one-month lead representation
often have higher skill than selecting top 20 members that represent Regional Wind at one-
month lead).

The top subsample for Costa Rica in September that is highlighted in the main article text
was identified using HSS90 skill (significance between this subsample and the all-member
ensemble is plotted in Figure 6.A2b). This subsample represents a balance between filters,
1.e. less strict filtering for the top members that represent Nifio3.4 SSTs at one-month lead
(top 80 members), more strict filtering for the top members that represent Nifio3.4 SSTs at
two-month lead (top 30 members), and additional filtering for the top 15 members that
represent Regional Wind at one-month lead. While this subsample was highlighted in the
main text, Figure 6.A2b shows how filtering for the top 20 members that represent Nifi03.4
SST at two-month lead in step 2 and the 10 members of Regional Wind at one-month lead in
step three also performs well on multiple metrics.

Text 6.A5 Sensitivity Test of Subsample Skill to Years Analyzed

The all-member and subsampled anomaly predictions change year to year, and more closely
follow the observations in some years over others (Figure 6.A3). The subsampling method
possibly has a greater effect on constraining the entire predicted range of the ensemble than
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changing the mean estimates (Figure 6.A3). In May over Costa Rica (Figure 6.A4 top row,
left panel), the ensemble is the most constrained, as it only contains five members, whereas
in other months and regions, the average percent change in the range of the predicted
estimate is around 30-40% for subsamples that contain 10-15 members (Figure 6.A3).

Although the constrained subsample range visually seems to follow the interannual pattern
of the observations more closely than the all-member range, both forecasts completely miss
the anomaly pattern in some years (e.g. May 2011 in Guatemala Figure 6.A3 left panel
bottom row). Because of these misses, we see opportunities to refine the approach beyond
using a constant set of process-based criteria to generate subsamples and more flexibly
emphasize different predictors for particular years (e.g. prioritize filtering members that
represent Nifio 3.4 SSTs in strong El Nifio years), which may be related to the changing
strength of predictors like ENSO and their relative importance to regional rainfall.

Although the bias varies interannually (Figure 6.A3), the sensitivity analysis suggests the
subsampling method is not necessarily sensitive to the time frame of analysis. Randomly
dropping five years from the analysis has some effect on the skill of the all-member and top-
subsample skill, but this does not often significantly affect the difference between the spread
in skill of the all-member ensemble mean scores and the top subsample scores across each
country (Figure 6.A4). The difference in skill between the all-member and top subsample
case for a given country and month often are still within the same level of significance (e.g.
p < 0.001) regardless of whether the entire time-series (1993-2016) or a random subset that
drops five years is used (significance tests plotted in Figure 6.A4. Additionally, when a
significance test was run between the ‘All Years’ and ‘Drop 5’ cases within each approach
(e.g. between the top subsamples over Costa Rica), no significant differences were found
between the boxplots except for MSESS in October (not plotted in 6.A4 because N.S. occurs
for all cases excluding October MSESS).

While year-to-year variability is worth investigating further to see how particular years may
be more difficult to predict or, alternatively provide windows of opportunity for improved
ensemble-based forecasts and subsampling methods, the average performance of the top
subsamples is not likely dependent on performing well in key years alone. It would be worth
continuing to test subsampled skill over more years outside of the 1993-2016 window,
however, to see how the relevance of the different predictors maintains over larger time-
periods.

To further operationalize the subsampling approach, next steps would be to identify top
subsamples over a moving testing window, and then use a separate verification window to
assess how long the top-subsample criteria maintains outside the window of analysis. This
step could be combined with comparing different lengths of testing windows with
consideration for potential years of interest (e.g. Strong El Nifio periods) to determine
optimal subsampling criteria prior to applying a subsampling approach in a real operational
forecasting scenario.

Text 6.A6. Average Model Representation in Subsamples
Subsample members come from different models depending on each models’ performance in
a given year. Models will vary from having zero representation in one year to making up
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more than 80% of the subsample in another, depending on their members’ predictor scores.
Table 6.A2 highlights the average percentages of the members that are represented by a
given model over the 24 year evaluation period (1993-2016) for each subsample type.
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Figure 6.A1 Predictor locations used to test member performance plotted spatially (same as
Figure 6.1c) with an additional inset that includes the R-squared values of the correlation between the
observed reference period and the predictor period for each prediction evaluated (Lead 1/Lead 2).
Colours indicate predictor zone ordered by column of forecast month at two-month lead, May, June,
September, and October.
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Figure 6.A2. Assessing the effect of filter size on subsample skill. Comparisons are performed
using boxplots with significance tests plotted (using a t-test) between the top-performing subsamples
and the all-member mean ensemble for each skill score (HSS10 top row, HSS90 middle row, MSE-
SS bottom row). *** indicate p < 0.001 ; ** indicate p < 0.01; * indicate p < 0.05. NS indicates non-
significant. (a) Skill at lead two is plotted for Guatemala in May using different filter sizes for the
top-performing predictor (TNA at one-month lead). Top subsample is highlighted in shaded box. (b)
Skill at lead two is plotted for Costa Rica in September using different filter sizes for the top-
performing predictor combination (Niflo3.4 at one-month lead; Nifio3.4 at two-month lead; Regional
Wind at one-month lead). To clarify the comparison between step differences across multiple
predictors, filter sizes are ordered by step 1 (80, 60, 40) as labelled in the top right box; followed by
step 2 (40;30;20), which is shaded across box-plots, and finally by step 3.
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Figure 6.A3. Comparing time series of the all-member and subsampled ensembles. Time series
of spatially averaged total monthly rainfall anomalies for Costa Rica and Guatemala (rows) and three
months (columns). Observed rainfall is shown in black (CHIRPS). The all-member ensemble (light
blue) and best performing subsample (grey) are shown using the mean (lines) and range (maximum
and minimum) of members. Table 6.1 in main article summarizes which criteria are used to generate
the subsamples in each month/country. Average percent change is calculated for each panel to show
the average difference between the predicted range of the all-member ensemble and the predicted
range of the top subsample over the time series.
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Figure 6.A4. Sensitivity of skill to years analyzed. Skill comparison between the baseline, using all
years in the analysis (1993-2016), and randomly dropping five years from the dataset. Boxplots show
the spread in skill using HSS10, HSS90, and MSE-SS metrics (columns) across Costa Rica (left four
boxplots for every panel) and Guatemala (right four boxplots for every panel) for the all-member and
top subsamples for May, September, and October (rows). Significance tests using t-tests are run
between the all-member mean scores and the top subsamples for both the ‘All Years” and ‘Drop 5’
cases in both countries (4 tests per panel). *** indicate p < 0.001 ; ** indicate p < 0.01; * indicate p <
0.05. NS indicates non-significant.
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Figure 6.AS. Spatial skill (same as Figure 6.3) but plotted at the raw 1° resolution where the
CHIRPS observations are bilinearly regridded to the raw model spatial resolution before the point-
wise skill is calculated. (a) Spatial skill of all-member ensemble (left), top performing subsampled
ensemble (center) and difference between the two (right) in Costa Rica. Skill is based on the entire
rainfall distribution using MSE-SS. (b) Spatial skill for detection of low rainfall extremes (P10) and
high rainfall extremes (P90) using HSS in Costa Rica, again for all-member (left), subsample
(center), and their difference (right). (¢) Same as (a) but for Guatemala. (d) same as (b) but for
Guatemala. Table 6.1 in main text summarizes the criteria used to generate the subsamples in each
month.
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Table 6.A1. Summary of Models Used in Evaluation. Contributing center listed next to model
name, total hindcast members used in analysis, and reference for the model. Abbreviations: CMCC,
Fondazione Centro Euro-Mediterraneo Sui Cambiamenti Climatici; DWD, Deutscher Wetterdienst;
ECCC, Environment and Climate Change Canada - Canadian Meteorological Centre; ECMWF,
European Centre for Medium-Range Weather Forecasts.

Contributing Center Model Hindcast Members  Reference

CMCC System 35 40 Gualdi et al. (2020)
DWD System 2.1 30 Frolich et al. (2021)
ECCC Cansips-IC3 10 Lin et al. (2021)
ECMWF SEASS 25 Johnson et al. (2018)
Meteo France System 8 25 Batté et al. (2021)

Total Models in Analysis: 5 ; Total Members in Analysis: 130

Table 6.A2 Average Model Representation in Subsamples over the hindcast period (1993-2016).
Criteria used to select top subsamples for each month correspond to the criteria in Table 6.1.

Month Model Name Average Model Member Representation over (1993-
(Total Members) 2016) (%)
Top Costa Rica Top Guatemala
Subsample Subsample
CMCC (40) 42% 35%
DWD (30) 40% 24%
May  ECCC (10) 3% 18%
ECMWEF (25) 11% 17%
METEOFRANCE (25) 5% 7%
CMCC (40) 29% 29%
DWD (30) 9% 18%
September ECCC (10) 3% 10%
ECMWEF (25) 30% 20%
METEOFRANCE (25) 29% 23%
CMCC (40) 28% 22%
DWD (30) 30% 28%
October  ECCC (10) 8% 14%
ECMWEF (25) 14% 24%
METEOFRANCE (25) 20% 13%
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CHAPTER

Discussion

Many approaches are available to predict rainfall at the S2S scale, and the method chosen
can significantly affect forecast skill. The skill of statistical, dynamical and hybrid
forecasting methods changes spatially and temporally. The following discussion identifies
common themes that arose across the three main chapters (4-6) and identifies the
comparative advantages of the different approaches evaluated.

7.1 Seasonal Variations in Dynamic Model-based Ensemble SKkill

The seasonal patterns in skill largely align across the chapters. Skill is often highest in July
and August, especially in locations with a consistent mid-summer dry period. For instance,
SEASS has the highest skill over the CADC in these months (Figures 4.2, 4.3). When both
months are included in a forecast (e.g. JJA), forecast skill is also often higher in locations
with a distinct mid-summer dry period (e.g. North Pacific, Figure 5.3). The increased
predictability of the mid-summer dry period may be due to its relative consistency compared
to rainfall in the early and late wet season months, as AOGCMs can often approximate a
seasonal decrease in rainfall despite not representing all the underlying causal mechanisms
(Rauscher et al., 2008).

Forecast skill is also often high in the late wet season when examining model skill using the
entire rainfall distribution (e.g. MSE-SS, CRPSS, or 2AFC metrics). For instance, the MSE-
SS and CRPSS scores for SEASS are high in September and October (Figure 4.2/4.3), and
both NMME and C3S have high 2AFC scores in ASO (Figure 5.5). This increased skill may
be related to the ENSO teleconnection, as ENSO is more strongly correlated with rainfall in
ASO compared to earlier months (Figure 5.8). In the late wet season, statistical models based
on ENSO, or a combination of ENSO and TNA also have higher skill (Figures 5.5, 5.7).

The comparative advantage of using dynamic model-based ensembles may often be in the
early wet season despite the relatively lower skill of the AOGCMs in May and June. June
was identified as a particularly challenging month to predict rainfall. In June, SEASS rarely
attained positive skill (e.g. Figure 4.2), and in Chapter 6 it was more difficult to find
subsampling options that improved the ensemble-mean skill. The skill of the statistical and
hybrid models, however, also suffers in early wet season, and the MMEs more frequently
significantly outperform the other forecasting approaches during these months (Figure 5.5).

Detections of rainfall anomalies at the tails of the rainfall distribution are critical for extreme
weather preparedness yet are often unreliable. As lead time increases, the low rainfall
extremes detections are significantly worse in key months (e.g. most SEASS lead times have
negative skill when detecting PO-10 and P10-20 rainfall events in October over the CADC;
Figure 4.4). Skilful detections of low and high rainfall extremes are also more spatially and
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seasonally limited within Central America (Figure 5.6). The seasonal variation in extremes
detection rates is also opposite to the findings for predictions of rainfall variability generally.
Extremes detections are often worse in the late wet season than the early wet season (Figure
5.6). For instance, SEASS detections of low rainfall extremes perform poorly in September
(Figure 4.4), and ensemble skill for both low and high rainfall extremes detections in ASO is
low using both the NMME and C3S MMEs (Figure 5.7).

7.2 Spatial Variations in Dynamic Model-based Ensemble Skill

Spatial patterns in skill also often align across the thesis chapters. The North Pacific is a
relatively high skill zone for rainfall detection (Figures 5.3-5.7), which includes most of the
southeast CADC (another high skill zone, Figure 4.3). Some of the spatial patterns change,
however, when looking at monthly versus seasonal estimates of rainfall. El Salvador stands
out within the North Pacific, for instance, as a country with relatively lower skill for SEASS
in many months (e.g. in June and September, Figure 4.3). When the ensembles are used to
generate three-month-mean seasonal forecasts, El Salvador no longer stands out as a
particularly low skill zone compared to other subregions using SEASS alone or one of the
combined MMEs (e.g. Figures 5.4, 5.6). This may be related to how forecasting over
multiple months at a time changes the skill. El Salvador is not a relatively low skill zone in
July, August, or October (Figure 4.3), and the predictability in these higher skill months may
make up for relatively lower skill in June and September. This change in skill between
monthly to seasonal forecasts highlights how seasonal rainfall forecast analysis can obscure
some of the monthly variability in forecast performance, as forecasts can perform reasonably
well at predicting three-month-means even if they fail to predict rainfall well in certain
months. In most cases this may not be a concern, but the models’ seasonal forecasts may
underperform in years when less predictable months (e.g. June) are more anomalous and
have a greater effect on the three-month-mean.

Eastern Nicaragua, however, stands out as a consistently low skill zone for both C3S and
NMME (e.g. Figures 5.4, 5.6). There are a few possible reasons for this relatively low skill.
Limited rain gauge availability presents a well-known challenge for observational rainfall
datasets across Central and South America (Carvalho, 2020), and gauges are even more
limited over the Caribbean slope as compared to the Pacific slope in Central America (e.g.
Maldonado et al., 2016). Regional predictability characteristics may also affect AOGCM
skill over eastern Nicaragua because the rainfall could be more determined by atmospheric
variability than oceanic influences, which are easier to simulate, or the structural nature of
the models themselves may also affect the spatial variability in skill (Chapter 5 discussion).
An additional factor that is more unique to Nicaragua may be in play though. Nicaragua is
currently under a dictatorship that has enabled massive deforestation in recent years on a
scale that could significantly affect regional rainfall (e.g. Sesnie et al., 2017). The models
may fail to account for this, which highlights the importance of including land surface
dynamics in rainfall predictions in addition to modelling oceanic and atmospheric processes.

While topography remains a known challenge for numerical weather prediction (Serafin et
al., 2018), topography alone does not provide a unifying explanation for spatial patterns in
rainfall skill (e.g. Table 4.3). SEASS5 has more limited skill over El Salvador in particular
months, however, which may be due to the interactions between the terrain and key
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processes (e.g. mountainous terrain shielding El Salvador from the easterly trade winds and
limiting the connection between the CLLJ and local rainfall, Duran-Quesada et al., 2017).
Going forward, it would be worth continuing to examine the interactions between local

terrain and regional mechanisms to test how these two factors combine to affect regional
rainfall skill.

7.3 Relying on ENSO Alone is Not Sufficient for Predicting S2S Rainfall

One of the motivations throughout this thesis was to assess the added value of dynamic
model-based ensemble forecasts compared to relying on well-known teleconnection patterns
like ENSO. ENSO is a dominant rainfall driver partially due to its modulation of regional
moisture transport (Duran-Quesada et al., 2020), but ENSO alone cannot explain cumulative
rainfall deficits in many locations within Central America (Mufioz-Jiménez et al., 2019).
AOGCM derived forecasts could be more skilful due to their more comprehensive
simulations of the earth system, including atmospheric variability (Doblas-Reyes et al.,
2013; Bauer, Thorpe and Brunet, 2015). It was unclear, however, how much more skilful
these forecasts could be over the region given the ENSO teleconnection is also a key driver
of AOGCM skill (e.g. Mo & Lyon, 2015; Scaife et al., 2019). Other studies have shown that
while ENSO is connected to dynamic model-based forecast skill, AOGCMs also derive skill
from other processes when predicting rainfall in nearby regions (Gubler et al., 2020; Zhao et
al., 2021). By more comprehensively estimating the earth system using multiple processes,
dynamic ensembles may outperform statistical models that solely rely on ENSO.

This work shows how although dynamic model-based ensemble skill may be affected by
ENSO, the comparative advantage of using these forecasting systems may often be when the
correlation between ENSO and regional rainfall is relatively weaker. Although all forecasting
methods assessed tend to perform worse in the early wet season (Figure 5.5), the dynamic
model-based ensembles better maintain their comparative edge over the statistical models
that purely rely on this teleconnection (Figure 5.5). ENSO phases, however, also showcase
the potential limitations of AOGCMs. Because AOGCMs are constructed to represent the
current understanding of how the earth system works, these models may perform better in
more typical conditions, and become less reliable in unexpected situations. In May and June,
for instance, SEASS predictions tend to perform less well during strong El Nifio phases
(Table 4.4). ENSO onset is typically in the spring, developing in summer, and maturing in
boreal winter (Kim and An, 2021). When a strong El Nifio phase develops earlier than
expected in the season, the AOGCMs may not account for this phenomenon as well.

Low and high rainfall extremes also present atypical situations when the ENSO
teleconnection is not a sufficiently significant predictor to obtain a skilful prediction. For
instance, multiple forecasting approaches struggle to detect low and high rainfall extremes in
ASO, including the statistical models based on ENSO (Figure 5.7). Although this period is
when ENSO is most strongly associated with regional rainfall (Figure 5.8), this
teleconnection alone is not sufficient for extremes detection applications. There are
alternative ways, however, to use the ENSO teleconnection to improve rainfall extremes
detections. By still using the AOGCMs to predict rainfall extremes, an S2S forecast can
benefit from their more comprehensive estimates of oceanic and atmospheric variability
compared to relying on ENSO alone. S2S detections of extreme rainfall anomalies can then
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be improved by selecting a subgroup of members that best represent SSTs in the Nifo 3.4
region in the late wet season (e.g. over Costa Rica in September, Figure 7.2). This
demonstrates how in times when ENSO is often a significant driver of regional rainfall (e.g.
late wet season), predicting SSTs correctly in related locations (e.g. Nifo 3.4) is especially
important to accurately detect rainfall at the tails of the rainfall distribution.

7.4 Process-Informed Analysis can Improve Rainfall Predictions

Modelling key processes is important for predicting rainfall over Central America. ENSO for
instance, is shown to be a key phenomenon that drives AOGCM skill, as MME predictions
often improve in the late wet season when ENSO is more related to rainfall (Figure 5.5).
Subsampling members based on their ability to represent key processes can further improve
their skill. Selecting the top ten members that represent TNA SSTs in May, for instance, can
improve skill over Guatemala (Table 6.1, Figure 6.3). Chapter 6 also demonstrates how the
ensemble members’ inabilities to represent key processes is correlated with their abilities to
represent the entire rainfall distribution (Figure 6.4), which may explain why members with
lower process error have higher skill when detecting rainfall extremes.

Representation of the entire rainfall distribution is important for multiple forecast
applications. For instance, DWD System 21 is one of the only European models that was
consistently identified as one of the worst models at discriminating between tercile
categories of rainfall for JJA forecasts (Figure 6.0). This model also has a much more limited
rainfall distribution than the other models in multiple months (Figure 6.4). Chapter 6,
however, shows that even when a variety of models are subsampled, each with a range in
rainfall distributions that are unique to their structure, the subsampling method can increase
the probability of selecting members across a larger rainfall distribution. Regional
forecasters do not have to be intimately familiar with each model structure to benefit from
post-processing models using this subsampling approach. They can rely on their regional
expertise of relevant rainfall-generating mechanisms and improve model skill so long as they
pull members from a few models that have a varying range of rainfall distributions.

Using process-informed approaches to evaluate and optimize model skill may become
increasingly important as the earth system changes in response to human-induced climate
change. The intensity and duration of the mid-summer dry period, for instance, varies
regionally (Alfaro, 2014; Corrales-Suastegui et al., 2020; Garcia-Oliva & Pazos, 2021;
Maurer et al., 2022), and its characteristics may change in the 21% century (Rauscher,
Kucharski and Enfield, 2011; Anderson et al., 2019; Corrales-Suastegui, Fuentes-Franco and
Pavia, 2020; Vichot-Llano et al., 2021; Maurer et al., 2022). Evaluating process-based
representation is needed as a continued practice to improve the understanding of how
different processes relate to rainfall and forecast skill.

Going forward, the subsampling technique could continue to be refined to diagnose process
representation and optimize rainfall skill. This would include expanding the analysis to a
moving testing and validation window to assess the interannual variability of climate
mechanisms and exploring how the usefulness of the approach changes across lead times.
While the subsampling method proposed in Chapter 6 is presented as an alternative post-
processing technique on its own, there are also opportunities for this method to be combined
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with the hybrid methods presented in chapter five. For instance, a hybrid forecast using TNA
could be generated using only the members that best represent SSTs over that region.

7.5 Limitations

The research in this thesis centred on forecasts as they are operationally deployed today. The
CA-COF was selected as one operational avenue to guide the forecasting analysis, which
meant the forecasts tested in Chapter 5, for instance, used three-month-means at one-month
initialization (same as CA-COF outlooks). The target periods MJJ and ASO were also
selected due to their current use in CA-COF outlooks, but because these three-month
estimates overlap with multiple phases of the wet season (e.g. early, mid-summer dry period,
and late), seasonal variations in climate patterns and rainfall become more difficult to
analyse. A few metrics were selected to evaluate the AOGCMs and MMEs in the thesis to
keep the evaluations simple, clear, and aligned with metrics that are already used in
operational settings like the CA-COF. While this can ease communication, additional
metrics, including more probabilistic analyses, would be useful to compare the models’
performance.

The time periods used in the analysis also limit some of the findings of the studies. The
choice of hindcast years can significantly affect forecast skill assessments (Tippett, Goddard
and Barnston, 2005; Shi et al., 2015; Risbey et al., 2021). Using hindcasts does not always
allow like for like comparisons with forecasts in real time in part due to initialization
differences (Risbey et al., 2021). For instance, some AOGCM hindcasts will be standardized
on the first of the month, while their forecasts combine multiple initialized dates (e.g. CFSv2
in CDS, see Table 2.4.1). The length of the hindcast period can also significantly affect
forecast skill (e.g. Shi et al., 2015). In this thesis, the longest hindcast period analysed was
35 years (Chapter 4), but Chapters 5 and 6 only include an evaluation period of 24 years due
to the limited overlapping window between AOGCM hindcast periods. Due to this limited
time window, some leave-one-out cross validation approaches were deployed when
calibrating and testing the models (e.g. in Chapter 5), to make sure tested years are
separated, but this cross-validation method does not account for potential changes in future
years that could change the results. While hindcast analysis provides a streamlined way to
evaluate models using a consistent evaluation framework, continuing to validate forecasts in
real-time as they are deployed would be useful to test AOGCM skill and the usefulness of
post-processing techniques like the process-based subsampling method developed in Chapter
6.

7.6 Towards a Cohesive Model Evaluation Workflow in the R20 Lifecycle

A continuous model evaluation workflow is needed to keep up with AOGCM updates to
ensure they support regional applications. Cascading uncertainties from using AOGCMs as
input data into other models has been identified as a significant challenge in climate
projection studies (e.g. Maslin, 2013). This challenge also affects S2S rainfall forecasts, as
rainfall forecasts from AOGCMs feed other models, and their uncertainties can affect
regional climate forecasts, streamflow, and impact modelling. Although predicting rainfall
anomalies is only one component of effective resilience, further study on how AOGCM
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rainfall skill varies spatially and temporally is key to determine the trustworthiness of their
predictions, which can support a holistic framework for preparedness strategies.

Continuing to comparatively evaluate dynamic model-based ensemble skill within other
forecasting methods is useful to establish the comparative advantage of the different
approaches, especially as new hybrid and machine-learning (ML) methods emerge.
Comparative evaluation was pursued as a key pathway to assess dynamic model-based
ensembles due to the power of framing effects on decision-making (i.e. it is easier to make
choices using relative comparisons between approaches rather than deciding if an approach
is good or bad using a numerical estimate in isolation, Kahneman & Tversky, 1984).
Although dynamic model-based ensembles may reach certain skill thresholds (e.g. MSE-SS
> 0.3), other approaches may perform even better. Canonical correlation analysis (CCA), for
instance, has been demonstrated as a skilful statistical method to enhance the detection of
extreme precipitation events in Central America and nearby regions (Alfaro et al., 2016;
Maldonado et al., 2013; Muiioz et al., 2016). It would be worthwhile to continue exploring
the relative performance of dynamic, statistical, and hybrid forecasting methods over
different locations and months. Many forecasting centres are also exploring ML approaches.
ECMWE, for instance, is developing a probabilistic ML-based forecasting system to
complement their dynamic physically-based ensembles
(https://www.ecmwf.int/en/about/media-centre/science-blog/2023/rise-machine-learning-

weather-forecasting). Comparative evaluations will help decision-makers choose between
forecasting tools and identify opportunities to leverage the value from each (e.g. using
AOGCMs to help explain some of the predictive relationships generated by ML approaches).

Technical AOGCM evaluations can also potentially ease some operational barriers to
forecast deployment. Within the R20 life cycle (Buizza et al., 2017), model evaluation plays
a key role in clarifying the potential skill of a model. Some operational constraints studies
have examined several barriers to forecast uptake, such as institutional mechanisms and
cultural norms (e.g. Broad et al., 2007; Crochemore et al., 2016; Feldman & Ingram, 2009;
Kirchhoff et al., 2013; Lange & Cook, 2015; Rayner et al., 2005). Lange and Cook (2015),
for instance, examined how water managers navigated legal criteria that increased avoidance
of using uncertain forecasts. Rayner, Lach, and Ingram (2005) illustrated how water
managers' expectations to build their systems to survive any situation decreased their
openness to using probabilistic forecasts. When technical forecast evaluations are done well,
these evaluations can clarify the trustworthiness of a forecast, which can also further the
dialogue on incorporating forecasting into decision-making. New decision-making
frameworks are being developed to incorporate forecasts into resilience. Forecast-based-
Action and Financing (FbA and FbF), for instance, have been approved and deployed as an
early action protocol for tropical storm preparedness by the Red Cross Red Crescent in
Central America (Red Cross Red Crescent, 2022a, 2022b, 2022c¢). Continuing to evaluate
forecasts will be critical to ensure these protocols are successfully supporting planning
efforts.
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Conclusions

CHAPTER

Evaluations of dynamic model-based ensemble forecasts of rainfall over Central America at
the S28S scale can support many regional applications. This thesis investigates the ability of
several leading AOGCMs to forecast regional rainfall at the S2S scale with an emphasis on
how these forecasts are operationally deployed today (e.g. in three-month-mean rainfall
outlooks). By assessing AOGCMs that contribute to NMME and C3S, the work provides a
comprehensive evaluation of the spatial and temporal skill of some of the leading dynamic
S2S forecasts of rainfall over Central America, including their abilities to detect low and
high rainfall extremes.

This work shows how AOGCMs and their combined MMEs have a comparative edge in the
early wet season over simpler statistical approaches that rely on the ENSO teleconnection.
While all forecasting methods assessed tend to improve in the late wet season, their skill
does not maintain for detections of low and high rainfall extremes. Using a process-informed
analysis can improve extreme rainfall detection rates by subsampling ensemble members
that best represent key processes for regional rainfall. This technique is designed to support
regional forecast operations by enabling forecasters to leverage their regional expertise of
important rainfall-generating mechanisms to select ensemble members that will likely be
more skilful at predicting rainfall. This work also identifies situations when hybrid
forecasting techniques can improve seasonal rainfall skill, such as using TNA-driven
forecasts in the early wet season over some locations in Central America.

These analyses provide a step forward in the understanding of how dynamic model-based
ensembles can support planning for normal rainfall variability and hydrometeorological
extremes in Central America. While the studies were developed for Central America, they
also explore ideas that could be useful for other regions (e.g. using hybrid methods and
process-based subsampling techniques). As part of the R20 lifecycle, model evaluation plays
a key role in making sure forecasting tools adequately support stakeholder needs. Ongoing
evaluation is an important aspect of model development, especially when models are being
applied in regions outside of the context in which they were developed. Ideally, evaluations
will also help strengthen the operations to research (O2R) workflow by identifying
opportunities for future model development when models fail to meet operational needs.
Continuing to strengthen the feedback loop between research and operations is critical going
forward, as the risk of extreme weather is unlikely to abate. Anticipatory action can save
lives and livelihoods, and making sure alerts meet stakeholder needs is critical to support
communities around the world.
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