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Abstract

Long periods of extreme precipitation can cause significant impacts to many eco-
nomic sectors, including transportation, water resource management, agriculture pro-
duction, and infrastructure. Planning for these impacts would ideally start between the
typical weather (out to 10-14 days) and seasonal (1-3 months) forecast periods. This
gap in forecasting periods, referred to as the subseasonal to seasonal timescale (S2S), is
known for relatively low accuracy in precipitation prediction when compared to other
extremes, such as heatwaves and drought. Thus, very few forecast products exist for
stakeholder use for decision-making regarding S2S precipitation. This dissertation (1)
quantifies the current prediction capabilities of atmospheric conditions associated with
extreme precipitation within S2S models, (2) demonstrates how extra-tropical cyclones
play a role in driving extreme periods, and (3) engages with stakeholder communities
to learn what is needed for usable S2S products.

Studies have shown that S2S precipitation forecasts have very low skill beyond 2
weeks. Yet studies quantifying the skill associated with atmospheric variables coinci-
dent with and preceding extreme precipitation periods have not been conducted. A
database of 14-day extreme precipitation periods across the US was used to assess the
current predictive skill of synoptic variables during the extreme periods for the first
time. The highest skill is seen for geopotential height (representative of atmospheric
pressure variations). Since the anomaly correlation coefficient drops below climatol-
ogy by Week 2 for all variables, model bias during the extreme periods was examined.
During the extreme periods, there is a dry bias that increases with lead time for spe-
cific humidity. The models also have an inability to realize the magnitude of 500hPa
geopotential height dipole, common to all extreme periods. While, on average, skill is
low past Week 2, there are cases where the precipitation period is driven by large-scale
atmospheric conditions and has skill out to Week 4.

Case studies of these 14-day extreme precipitation periods revealed that they are
often created by multiple rounds of storms, which are associated with extratropical

cyclone (ETC) activity. Studies have shown that ETC activity accounts for 50% of

xiii



Northern Hemisphere precipitation; thus, understanding ETC activity during the 14-
day extreme periods would help reveal future avenues of S2S prediction of long-duration
precipitation extremes. Using a database of ETC tracks within ERA5 observational
data, frequency, speed, intensity and event precipitation contribution of ETC activity
during our extreme precipitation periods was analyzed and compared to non-event
periods ETC activity. Characteristics of event ETC activity was highly dependent
on the region. The Northern Plains events have slow moving, intense ETC that, on
average, contributed more than 50% of the events precipitation. However, the West
Coast, Great Lakes and Southeast have intense ETCs, that are more frequent during
event periods than non-event periods. While the Northeast has many events with
intense ETC activity, with higher precipitation contributions, the speed and frequency
of ETCs was not significantly different than non-event periods. The Southern Plains
did not have any differences between event and non-event ETC activity, with high
variance of ETC precipitation contribution. Therefore, there is a strong connection
to ETC activity within precipitation events in many regions that would need to be
explored within S2S models in the future.

Since S2S forecasts have had low skill, forecast products have been underutilized.
This creates an opportunity to work alongside stakeholders to develop forecast prod-
ucts that are useful and usable. The Prediction of Rainfall Extremes at Subseasonal
to Seasonal Periods (PRES2iP) project team conducted three workshops over six years
to engage with stakeholders to learn what is needed for decision-making for subsea-
sonal precipitation. The PRES2iP team used the knowledge gained from the first two
workshops to design a suite of extreme precipitation subseasonal forecast products
for the third and final workshop in April 2023. Participants identified that impact-
based text products alongside quantitative precipitation forecasts helped to improve
their interpretation of products at longer lead times and greater ranges of uncertainty.
Participants also noted that regional time-series of precipitation were useful when a
measure of uncertainty was also included in the product. Uncertainty tolerance relat-
ing to the subseasonal forecast location and size of the 14-day extreme precipitation
period was also found using an object-oriented verification scheme. Overall, there was
no single product that worked best, but instead, a combination of spatial and temporal
products with associated narratives, including impacts is needed. This work helps to

close the gap associated with S2S prediction of impactful extreme precipitation, while
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also engaging potential users throughout the research process to co-produce usable and

trustworthy S2S precipitation forecast products.
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Chapter 1

Introduction

Skillful prediction of extreme precipitation is a topic of significance for a variety of
end-user sectors, including civil protection (Curriero et al. 2001), water resource man-
agement (Feldman et al. 2021), flood disaster prevention (Wilhelmi and Morss 2013),
agricultural production (Klemm and McPherson 2017), transportation planning (Liu
et al. 2022), and infrastructure security (McPhillips et al. 2021). When a precipitation
period lasts multiple weeks compounding impacts are seen within these sectors over the
region affected (Schroers and Martin 2022). Planning for these impacts would ideally
begin at the subseasonal to seasonal timeframe (S2S; i.e. 2 weeks to 3 months), ahead
of the typical weather timeframe (i.e. 0-10 days ahead). Application of operational and
experimental S2S forecasts have shown that “horizon scanning” for signs of potential
impacts caused by precipitation extremes is useful for many industries including agri-
culture, water management and emergency management (White et al. 2017; Merz et al.
2020; White et al. 2022; VanBuskirk et al. 2023a). Yet, this relies on S2S precipita-
tion forecast products that are skillful, interpretable, and aid current decision-making
processes. Thus there has been an increasing demand by decision makers for forecasts
of precipitation extremes given that daily and multi-day extreme precipitation events
are increasing, primarily due to the increase in the most extreme values (Kunkel et al.
1999; Groisman et al. 2012; Barlow et al. 2019).

The S2S timeframe is highly important to decision makers for planning and prepa-

ration for extreme weather hazards as regional disaster preparedness actions require



time for execution. For example, it can take several weeks to procure disaster-response
or mitigation supplies (e.g., first aid kits, cleaning supplies, water-purification tablets,
sandbags to reinforce riverbanks; White et al. 2017). Additionally, decision-makers
within water management could utilize S2S forecasts of rainfall as input into stream-
flow modeling to show potential flood risk (White et al. 2015). Forecasts targeting the
S2S timeframe can extend time to pre-purchase and preposition essential materials in
the at-risk region, reducing response time. Yet, weather and climate prediction prod-
ucts are often under-used by decision makers (Rayner et al. 2005; Morss et al. 2008;
Weaver et al. 2013), most likely because forecasters and end-users perceive scientific
information in different ways (Lemos and Morehouse 2005). For example, information
that forecasters deem useful may not be usable by decision makers due to regulatory,
political, or resource constraints (Morss et al. 2005; VanBuskirk et al. 2023b). Engag-
ing users of the forecast products throughout the research development process has
increased information adoption (Lemos and Morehouse 2005) and resulted in “action-
able science,” i.e., science that is directly applied by decision makers and, by extension,
benefits society (e.g. Vogel et al. 2016; Norstrom et al. 2020; Nyboer et al. 2021).

An ongoing challenge in the prediction of extreme precipitation on the S2S time-
frame is the relatively low skill of precipitation forecasts and, subsequently, the abil-
ity to convey the associated risks and uncertainties to decision-makers. To increase
research at this time frame the S2S prediction project created a database of S2S real-
time and hindcast forecasts, out to a lead time of 60 days (Vitart et al. 2017). These
models tend to have low skill in midlatitude precipitation past Week 1, especially when
compared to the skill of other climate extremes within the United States, such as heat
waves (de Andrade et al. 2019; Domeisen et al. 2022). Skill of long-duration precipi-
tation extremes also showed negligible skill within the S2S project database (McAfee

et al. 2023). Recent studies have shown improvements of S2S precipitation skill using



post-processing of S2S model output, including atmospheric variables and precipita-
tion forecasts (Dickinson 2023; Lyu et al. 2023; Zhang et al. 2023). The low forecast
skill seen for S2S precipitation forecasts may limit the trust and usability of potential
forecast products at S2S lead times.

To address the gap in skillful and useful S2S extreme precipitation forecasts and
encourage knowledge exchange among researchers and decision makers, the Prediction
of Rainfall Extremes at Subseasonal to Seasonal Periods (PRES2iP) project, funded
by the National Science Foundation (NSF), applied the stakeholder engagement ap-
proaches of “participate” and “empower,” as defined by Bamzai-Dodson et al. (2021).
Specifically, the PRES2iP team collaborated with decision makers during workshops to
steer PRES2iP research questions and co-develop S2S precipitation forecast products
to be analyzed during the final workshop.

The long-duration extreme precipitation events analyzed within this dissertation
come from a database of 14-day extreme precipitation periods, defined in Dickinson
et al. (2021). Events were defined using a three criteria approach: accumulation,
duration and size of area affected. These events are commonly associated with a broad
area of large positive moisture anomalies and a trough-ridge anomaly dipole centered
over the region to help drive ascent (Jennrich et al. 2020; Schroers and Martin 2022;
Dickinson 2023). Further, looking at the daily evolution of the precipitation events
shows multiple peaks in area-averaged rainfall (Pruitt et al. 2023), suggesting the 14-
day events have multiple systems of precipitation that compound to an impactful two
week period. There are multiple types of precipitation systems that can cause rainfall
within a region including: extra-tropical cyclones (ETC) and their associated frontal
systems, the North American Monsoon, mesoscale convective systems (MCS), small-
scale unstable air mass thunderstorms, orographic precipitation and tropical cyclone

associated precipitation (Kunkel et al. 2012). Out of these systems, ETCs, and their



related fronts, account for a majority of the climatological total precipitation over the
midlatitudes (Hawcroft et al. 2012; Kunkel et al. 2012; Pfahl and Wernli 2012; Agel
et al. 2015), with ETC activity accounting for up to 80% of daily extreme precipitation
events in parts of the CONUS (Pfahl and Wernli 2012).

This goal of this study is to examine skill and usability of S2S prediction of 14-day
extreme precipitation events. This is accomplished through three connected research
projects, organized in three chapters. In Chapter 2, S2S predictability of long-duration
extreme precipitation events and their associated atmospheric variables is analyzed.
In Chapter 3, drivers of the events are examined through the role of ETCs. Lastly, n
Chapter 4, an understanding of the potential usability of S2S precipitation forecasts,
to help support the decision making process at S2S lead times, is gained through

discussions with end-users.



Chapter 2

Veri cation of 14-day Extreme Precipitation Events

in S2S Models

2.1 Background

Although model forecast of precipitation have low skill on average (de Andrade et al.
2019; Domeisen et al. 2022), there have been improvements using post-processing of
S2S model output, that utilize atmospheric variables and precipitation. Bias-correcting
S2S model precipitation fields alone have shown to either slightly improve or leave skill
unchanged (Baker et al. 2019; Kolachian and Saghafian 2019; Li et al. 2019). Other
post-processing techniques commonly involve the use of atmospheric variables, that
have longer lasting skill than precipitation alone. Regime-based forecasting has shown
skillful forecasts of 500 hPa geopotential height regimes associated with precipitation
out to 10-15 days in advance (Robertson et al. 2020). Machine learning techniques
have been used to improve skill by using inputs of S2S forecasted precipitation along
with other S2S model outputs. For example, Lyu et al. (2023) used a U-net model
approach to improve South China summer precipitation skill using ECWMF precipita-
tion and atmospheric variable fields. Their analysis on predictor importance revealed
that precipitation supported improved skill at Week 1, whereas atmospheric variables
contributed to skill improvement past Week 1. Zhang et al. (2023) found that the addi-

tion of S2S forecasted surface temperatures and geopotential heights into their model



improved skill out to Week 4, when compared to their model using S2S forecasted
precipitation alone. Further, Dickinson (2023) found that convolutional neural net-
works may be able to increase prediction skill of long-duration precipitation extremes
when trained on S2S model output, including geopotential height, specific humidity,
temperature, wind fields and vertical velocity.

It is known that synoptic forcing, geopotential height dipoles and anomalous mois-
ture in a region, can be responsible for driving long-duration extreme precipitation
events (Jennrich et al. 2020; Schroers and Martin 2022). One study found that on
average 500 hPa forecasts within the S2S project models have skill out to day 13 in the
Northern hemisphere, with higher skill seen in the winter (Son et al. 2020). Regime
based verification has shown that S2S models can better predict persistent synoptic
patterns but struggle to simulate regime transitions (Ferranti et al. 2015; Tuel and
Martius 2023). Therefore there is potential for skillful forecasts of atmospheric vari-
ables within S2S models, also shown by the use of these variables in post-processing
techniques in order to improve precipitation skill. Yet no studies have quantified the
skill and biases of atmospheric variables associated with extreme precipitation with
S2S models.

This chapter seeks to address the following research questions:

e What is the skill of atmospheric variables associated with 14-day extreme precip-

itation events within the S2S models and how does it compare to overall model

skill?
e How do the bias distributions of these variables compare to overall model bias?

e Can case studies reveal preferred synoptic set ups for skillful S2S precipitation

forecast and how it may differ from a forecast bust?



To address these questions, three S2S project models hindcasts are used to quantify
the skill and bias of synoptic conditions associated with 14-day extreme precipitation

events within the CONUS.

2.2 Data

2.2.1 1l4-day Extreme Precipitation Event Database

A database from 1915-2018 of 14-day extreme precipitation events across the CONUS
created by Dickinson et al. (2021) was used for this study. Events were found using
three thresholds: (1) 14-day precipitation totals have to be above the 99th percentile
of the 14-day climatology, (2) 7 days of the 14-day period receive precipitation above
their daily-mean and (3) the area of the event (identified by the event polygon) must be
greater than or equal to 200,000 km?. These criteria ensure that the event is extreme,
large, and persistent. A total of 851 events were found throughout the CONUS. The
resulting event polygons were then clustered, using k-means clustering, into 15 clusters.
To increase the sample size of events, but keep regional similarity, events evaluated
within the S2S hindcasts were placed into 6 regional groups, from the 15 clusters
(Figure 2.1). Groupings of clusters were based on similar synoptic connections seen
during extreme events, while also balancing a similar number of events covered during

S2S model verification, Table 2.1.

2.2.2 S2S Hindcasts and Observation Data

Three model ensembles from the S2S project database were investigated (Vitart et al.
2017). Models used are from European Centre for Medium-Range Weather Forecast
(ECMWFEF), the Met Office (UKMO) and Météo-France/Centre National de Recherche
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Figure 2.1: Cluster grouping used for S2S model veri cation of CONUS 14-day extreme
precipitation events, clustered in Dickinson et al. (2021)

Meteorologiques (CNRM). Models were chosen due to their higher skill seen in pre-
diction of precipitation extremes relative to other S2S models (McAfee et al. 2023).
The main characteristics of the three models can be found in Table 2.2. Veri cation
was conducted on the hindcast common period of 1996-2014. This period covers 171
extreme events across all groups, Table 2.1. Along with precipitation, atmospheric
variables chosen for veri cation include 500 hPa geopotential height, 700 hPa and 850
hPa speci ¢ humidity. Previous studies have shown the importance of mid-level geopo-
tential height and moisture during these events (Jennrich et al. 2020; Dickinson et al.
2021; Schroers and Martin 2022) and these variables have been widely used as inputs
within machine learning models for precipitation prediction (Dickinson 2023; Lyu et al.
2023; Zhang et al. 2023). Model anomalies were created by subtraction of the model

climatology for all lead times. Model climatology was found by (1) calculating the



Group Region Covered Number of Events

1 West Coast 33
2 Northern Plains 25
3 Southern Plains 32
4 Midwest 39
5 Northeast 17
6 Southeast 25

Table 2.1: Group descriptions, including the number of events from 1996-2014.

mean of each day-of-year, during the model common period of 1996-2014, and (2) ap-
plying a 15-day triangular smoother similar to the methodology found in Pegion et al.
(2019).

All hindcast variables were evaluated against the European Centre for Medium-
Range Forecasts ERAS reanalysis regridded to the common S2S model resolution of
1.5 x 1.5. Anomalies of ERA5 were found using the same climatological period and

triangular smoother as the model hindcast anomalies.



Model Time Reforecast Ensemble Resolution

Range Frequency Size

European Centre 1996-2014 Weekly 11 1.5 1.5
for Medium-Range

Weather Forecast

(ECMWF)

Met O ce (UKMO) 1996-2015 4/month 2 1.5x 15
Meeo-France/Centre  1993-2014 Weekly 15 1.5 1.5
National de

Recherche

Metorologiques

(CNRM)

Table 2.2: S2S Project Hindcast Model Details

2.3 Methods

2.3.1 Veri cation Methods

S2S models are typically not initialized on the same days or at the same frequency (Ta-
ble 2.2) and therefore can make veri cation of speci c periods across multiple models
di cult. To verify precipitation total and atmospheric variables during the 14-day ex-
treme precipitation events we employed lagged average ensembles (Pegion et al. 2019).
This allows for the direct comparison of two-week ensemble-average model anomalies to
two-week averaged observational anomalies during the extreme events. This technique
causes small di erences in lead-times associated with each veri cation period between
the models used. As we are targeting two week events, skill values were found for
Weeks 1/2, Weeks 2/3, Weeks 3/4, and Weeks 4/5. Thus, the lead-times associated
with the beginning of each veri cation period vary between lead day 0-7 for Weeks
1/2, 8-14 for Weeks 2/3, 15-21 for Weeks 3/4, and 22-28 for Weeks 4/5. To address

whether the skill within the extreme events di er from the model skill of all 14-day
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periods (referred to as full model), 14-day averages were found within the models and
skill was found using the climpred package (Brady and Spring 2021) for the same lead
times as the events.

Anomaly Correlation Coe cient (ACC) was used to assess the model skill of predic-
tion of the 14-day averaged ensemble-mean of each model. Although ACC is a measure
of forecast accuracy and not a direct measure of forecast skill, it is used in this study in
order to compare accuracy of the models across variables. ACC is also commonly used
to measure skill within S2S models (Ferranti et al. 2015; Pegion et al. 2019; Zheng et al.
2019) When nding area-averaged ACC values a CONUS wide domain was used for
geopotential height [1ON to 60 N and 135W to 60 W]. A regional domain was used
for remaining variables by creating a domain box using the maximum and minimums
of latitude and longitude of the group being assessed.

Although ACC skill values can give us information on how well observations and
forecasts are correlated, it does not tell us about di erences in magnitude of the elds.
Therefore, bias of the raw elds, model - observations, during the event periods were
found and compared to the distribution of bootstrapped non-events (n=2500) from the
same common period for multiple lead times. Non-events were found by randomly sam-
pling 14 consecutive days from the common period, excluding all event days. Geospatial
signi cant di erences were found between the bootstrapped randomly sampled non-

event bias and the event bias at the 90 % con dence level.

2.4 \eri cation Results

2.4.1 Precipitation Veri cation

To highlight the need to look into other atmospheric variables in tandem with precipita-

tion, Figure 2.2, top row, shows the skill of ensemble-averaged 14-day total precipitation
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anomalies for the three S2S project models used in this study. With the exception of
Week 1/2 in ECMWEF (ACC of 0.52) the model skill of all 14-day periods is negligible
in all models, for all lead times. There is also a large drop in model skill seen between
Week 1/2 and Week 2/3. During event periods (Figure 2.2, bottom panels), a similar
pattern in skill across lead times is seen. The largest skill values, between 0.57 and
0.67, are seen in group 1 (West Coast) at Week 1/2. Although ECMWF has ACC
values above 0.5, which is considered as skillful as climatology, for all groups at Week
1/2 on average there is no skill in 14-day precipitation anomalies past Week 1/2 for all
three models. These skill values are similar to the precipitation skill when complex bias

correction techniques are applied to model precipitation output McAfee et al. (2023).

Figure 2.2: Heat map of area-averaged ACC values for ensemble-averaged 14-day total
precipitation anomalies, for whole model - CONUS domain (top) and event-speci c
within the six groups (bottom), for ECMWEF (left), UKMO (middle), and CNRM

(right).
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2.4.2 Atmospheric Variable Veri cation

Predictive skill of 500 hPa geopotential height anomalies for the full model and event
periods are shown in Figure 2.3. The overall full model skill of 14-day periods, (i.e. not
event speci c), is comparable for all three models. The ACC skill values begin near
0.8 at Week 1/2 and decrease with lead time as expected, with ECMWF having the
highest skill out of the three models. This pattern in model skill across lead times is
similar for event speci c skill for all three models. The event skill across the six groups
is above 0.6 during events at Weeks 1/2 for all models, with small di erences between
groups. At Week 2/3, ECMWEF is the only model that has ACC values greater than
0.5 for all six groups. All three models show skill, ACC values above 0.5, out to Weeks
2/3 for group 1 (West Coast). By Weeks 3/4 and Week 4/5 all models have ACC
values below 0.5, with the exception of an ACC value of 0.52 in Week 3/4 for group 6
(Southeast) in ECMWEF. The skill values for events is often lower than model skill at
shorter lead times, but can have similar or higher magnitudes of ACC in some cases
at lead times of Week 3/4 and Week 4/5. On average across the models, groups 1 and
6 have similar skill magnitudes to the overall model skill, due to the faster drop o in
skill seen in Week 2/3 for the remaining groups.

The skill of the full model and extreme events ensemble-averaged speci ¢ humidity
anomalies at 850 hPa are shown in Figure 2.4. The model skill of all 14-day periods
is highest at Week 1/2, with ACC values above 0.5 for all three models shown. Skill
drops below skillful values past Week 1/2, with a larger drop in skill seen in UKMO
and CNRM. With overall lower ACC values for 850 hPa speci ¢ humidity than skill
of 500 hPa geopotential height. Comparing model to event skill, we see di erences

between magnitude of skill and pattern of skill change across lead times for all models.

13



Figure 2.3: Heat map of area-averaged ACC values for ensemble-averaged 14-day av-
eraged 500 hPa Geopotential Height anomalies, for whole model - CONUS domain
(top) and event-speci ¢ within the six groups (bottom), for ECMWEF (left), UKMO
(middle), and CNRM (right).

With events having generally lower skill, with a larger drop in skill in between lead
times, with an exception of group 1 (West Coast) that has higher skill values seen
during events for all lead times in the three models. The event skill of 850 hPa specic
humidity has large di erence in skill values across models and groups. The highest
skill during events is seen in Week 1/2 in ECMWF, where all ACC values are above
0.5. While UKMO and CNRM have low skill for most groups beginning at Week 1/2,
that quickly drops to near zero ACC at Week 2/3 for all groups, with the exception of
group 1 (West Coast) which has the highest skill across all models with ACC values of
0.76 for ECMWEF, 0.49 for UKMO, and 0.71 for CNRM. Conversely, groups 5 and 6,

the East Coast, tend to have much lower skill overall, with the only skill values above

0.5 seen in during Week 1/2 in ECMWEF. A similar trend is seen for 700 hPa speci c
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Figure 2.4: As in Figure 2.3, but for 850 hPa speci ¢ humidity anomalies.

Figure 2.5: As in Figure 2.3, but for 700 hPa speci ¢ humidity anomalies.
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humidity anomalies, Figure 2.5, with the only skillful predictions seen in Week 1/2.
On average, skill of specic humidity during events at 850 hPa and 700 hPa drops
with increasing lead time quicker than the overall model skill of 14-day periods, with
negligible event skill starting at Week 1/2 in UKMO and CNRM.

Figure 2.6 shows the predictive skill of ensemble averaged Omega anomalies at 500
hPa for all 14-day periods and the 14-day extreme events. The maximum in skill is skill
in ECMWEF, with an ACC of 0.43 at Week 1/2, which is much smaller than skill seen
in both geopotential height and spec ¢ humidity. The skill has similar values across all
lead times for both the model skill and event skill. Across all models and groups, there
are no skillful ACC values seen for any lead time, with the highest values occurring
in Week 1/2. For Week 2/3 and beyond skill values are near zero across all groups.
Although the low skill of omega might be due to averaging over a 14-day period, there
are also other considerations. Omega is highly variable on spatial and temporal time
scales, often associated with convection that may not be realized given the large grid
spacing of the S2S models.

For the remaining sections results will be shown only for ECMWEF, due to the higher
skill values seen during event periods for all variables investigated. Bias analysis will
focus on low level speci ¢ humidity (850 hPa) and 500 hPa geopotential height given
these variables have the highest skill and have been previously shown as predictors of

precipitation (Schroers and Martin 2022).

2.4.3 Extreme Events Bias

In order to compare event bias to overall model bias, bias distributions were analyzed.
The distributions of ECMWEF bias for 500 hPa geopotential height for non-event and

event periods within groups 1, 3 and 5 can be seen in Figure 2.7, and groups 2, 4 and
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Figure 2.6: As in Figure 2.3, but for 500 hPa omega anomalies.

6 can be seen in Figure 2.8. Details of the moments of all distributions for Weeks
1/2 and Weeks 4/5 can be found in Appendix A, Table A.1. The distributions at
Week 1/2 and Week 4/5 of non-event bias for all groups are similar, with a mean value
near 8 gpm, signifying higher heights on average within the model. In addition, the
non-event distributions have increasing variance with lead time, with increases seen in
positive bias. The event bias distributions have similar mean and variance to the non-
event distributions at Week 1/2. Yet at longer lead times, there is higher probability
densities toward the positive and negative tails of the distributions, indicating that
bias, both positive and negative, is increasing with lead time. This is also seen as
increasing variance with lead time within the event distributions. Although all groups
have similar patterns in increasing bias, group 5 (Northeast) has the largest range of

bias, from -40 to 70 gpm, in both event and non-event distributions.
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Figure 2.7: Distribution of ECMWF 500 hPa geopotential height bias for group 1 (left),
3 (middle), and 5 (right) for bootstrapped (n=2500) non-events Weeks 1/2 and Weeks
4/5, top panels (a), (b), and (c), and Events Weeks 1/2 and Weeks 4/5, bottom panels
(d), (e), and (f). Note the di erences in the range of speci ¢ humidity bias, along the
x-axis. Zero bias is indicated as a dashed black line.

To understand where the larger biases from the distributions are seen, speci cally
within group 5 (Northeast), the spatial distributions of bias were examined (Figure
2.9). We know that these extreme events are often associated with an anomaly dipole
centered over the region of the extreme event (Dickinson 2023; Schroers and Martin
2022; Jennrich et al. 2020). Speci cally for the Northeast, the composites of the events
days result in a anomaly dipole with a positive height anomaly o the coast and a
negative height anomaly over the Eastern United States. Therefore the geospatial bias
past Week 1/2 shows the model has an overall weaker anomaly dipole. At Week 1/2 the

model is overestimating heights in the northeast (the region of extreme precipitation),
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Figure 2.8: As in Figure 2.7 for group 2 (left), 4 (middle) and 6 (left).

with biases from 10 to 20 gpm, although these are not signi cantly di erent from
the non-event biases. Past Week 1/2 the positive bias increases and a dipole bias
develops with positive values over the Eastern United States, maximum bias of 40
gpm, and signi cant negative values to the east o the coast, maximum bias of -35
gpm. Although both observed positive and negative anomalies within the dipole play
a role in event precipitation, the negative anomaly within Eastern United States is
the dominate feature in the Northeast, often appearing ahead of the 14-day event
(Jennrich et al. 2020). Therefore the positive bias in this region seen starting in Week
1/2 may misrepresent the formation of the 14-day event. This bias dipole oriented
over the region of interest is seen for all groups, not shown. This suggests that the

model is misrepresenting the extreme events dipole magnitude or orientation, as well
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Figure 2.9: ECMWF geospatial bias of 500 hPa geopotential height for group 5 for all
lead times. Signi cant di erence from the respective lead-time dependent bootstrapped
(n=2500) non-events is shown as a fuchsia contour, at the 90% con dence interval.

as being signi cantly di erent than the model systematic bias. In addition, there is a
large positive height bias seen in the Northern Paci c, greater than 50 gpm for all lead
times. Although it is seen during event days, it is not signi cantly di erent than the
model bias. This suggest that the model is producing a weaker trough in this region
that may have downstream a ects.

The distributions of ECMWF 850 hPa speci ¢ humidity bias are shown for non-
event and event periods for odd numbered groups in Figure 2.10 and even numbered
groups in Figure 2.11. Details of the moments of all bias distributions can be found
in Appendix A, Table A.2. The distributions of bias of non-event periods does not
vary much from the rst to the last lead times, seen as similar means and variances
in Table A.2, with the largest shift seen in Group 2. Yet during our event periods,

the distributions see a larger shift toward a dry bias with increasing variance as from
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Figure 2.10: As in Figure 2.7 but for 850 hPa speci ¢ humidity bias, for groups 1 (left),
3 (middle) and 5 (right)
Week 1/2 to Week 4/5. For example, both non-events and events in group 3 have a
bias distribution that has a negative mean, -0.13 and -.34 respectively, at Week 1/2.
Going to Week 4/5 the non-event mean become slightly more negative at -0.20, Figure
2.7b, but the event distribution mean is -0.77, Figure 2.7e. The trend to larger dry
biases with increasing lead time during event periods is seen for the all groups. It is
also important to note, that groups 4, 5 and 6 have diering signs of mean bias in
non-events and events. During non-event periods the model trend is increasing wet
bias with lead time, although the opposite is true during the event periods, although
event periods bias is highly variable.

The spatial distributions of low level speci ¢ humidity shows the increasingly dry

biases with lead time for all regions, shown only for group 5 in Figure 2.12. At Week
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