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ABSTRACT

INSIGHTS FROM MACHINE LEARNING-BASED FORECASTS OF CONVECTIVE

HAZARDS AND ENVIRONMENTS

Severe convective thunderstorms and their associated hazards are costly, damaging, and diffi-
cult to predict. Machine learning (ML) techniques are rapidly being developed and deployed in
an effort to predict severe thunderstorms more quickly and with greater accuracy than traditional
methods. With these developments, there is a need to understand how ML-based weather predic-
tion systems rely on atmospheric data and generate their forecasts. This work probes a number of
ML-based convective thunderstorm-related forecasts over the contiguous United States to 1) un-
derstand how they make their predictions, 2) diagnose where their strengths and deficiencies may
lie, and 3) explore how well their predictions resemble physical characteristics of the atmosphere.
The insights gleaned from this research aim to support operational use of ML-based forecast guid-
ance.

First, probabilistic ML-based forecasts of severe convective hazards (i.e., tornadoes, hail, and
thunderstorm-driven winds) from the Colorado State University Machine Learning Probabilities
(CSU-MLP) system are studied using an explainable machine learning technique known as Tree
Interpreter (TI). TI provides context to the CSU-MLP forecasts by disaggregating its forecast prob-
abilities into “contributions” by each of the environmental variables that are used to train the model.
This technique allows one to see the extent to which each atmospheric “ingredient” contributes to

the final predictions. Results of this work show that CSU-MLP uses environmental information to
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make its predictions in ways that resemble the climatology and environments of severe storms, and
the values of the contributions generally scale with values of the environmental inputs, effectively
enhancing the interpretability of the ML system.

Second, CSU-MLP forecast performance is examined across different synoptic regimes in
an effort to understand which types of environmental conditions tend to lead to skillful versus
less-skillful forecast performance. Self organizing maps (SOMs), which are a type of ML, are
employed to statistically diagnose regimes across two years of reanalysis data. The skill of day-2
CSU-MLP probabilistic tornado, wind, and hail forecasts are examined across the SOM-identified
regimes. This work shows that SOMs are successful at identifying distinct atmospheric patterns
using only surface-based convective available potential energy (SBCAPE) and vertical wind shear
as inputs. At times, the best- and worst-performing CSU-MLP forecasts occur under highly similar
atmospheric conditions, though the best-performing forecasts tend to be characterized by strong
synoptic forcing and many storm reports.

Third, forecast output from three deep learning weather prediction (DLWP) models, Graph-
Cast, Pangu-Weather, and FourCastNetv2, is studied to investigate how well they model severe
storm environments and capture convection-related parameters. This work explores both native
and derived fields from 22 months of daily forecasts from these three models, all of which were
initialized with input conditions from the Global Forecasting System (GFS). The output is com-
pared to ERA-5 reanalysis and GFS forecasts, both broadly and for specific convective events.
Overarching results from this study show that the DLWP model forecasts tend to be character-

ized by less moisture and greater instability compared to ERA-5. For specific events, the DLWP
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forecasts can reasonably capture convective environments at least a week in advance and are com-
petitive with the GFS. However they tend to underforecast the vertical wind shear magnitude, and
their limited vertical resolution can lead to overly smooth profiles that lack key details such as

stable layers.
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Chapter 1

Introduction

1.1 Severe thunderstorms

Convection in the atmosphere can fuel the development of thunderstorms, which can pro-
duce a multitude of hazards that pose danger to life and property, including tornadoes, damaging
winds, hail, lightning, and flash flooding. Thunderstorm-driven hazards are not only dangerous
and deadly, but they are also extremely costly. Through October 2024, there have been 24 billion-
dollar disaster events this year in the United States alone, and 17 of those events were associated
with severe weather (NOAA National Centers for Environmental Information, 2024). This statis-
tic is not specific to 2024: for 20 of the previous 25 years (2000-2024), the majority of annual
billion-dollar disasters have been attributed to severe storms (Fig. 1.1).

While all thunderstorm-driven hazards could undoubtedly be described as “severe" phenomena,
“severe thunderstorms" in the United States are tied to a rather specific definition. The NOAA
Storm Prediction Center (SPC) states that a thunderstorm is considered “severe" if it produces hail
in excess of 2.54 cm or 1 inch diameter, severe wind stronger than 93 km h! or 50 knots, and/or a
tornado of any intensity (NOAA Storm Prediction Center, 2023b). Such events are not uncommon
in the United States, with thousands of reports of these hazards occurring each year (Fig. 1.2).

Predicting severe weather-driven hazards has been a long-standing forecast challenge. His-
torical approaches to forecasting severe weather have involved a combination of understanding
local climatology, pattern recognition, and evaluating environmental fields or parameters—termed
“ingredients-based forecasting" (e.g., Johns, 1984; Doswell, 1980; Johns and Doswell, 1992; Doswell

et al., 1996; Brooks, 2007). These methods, which are still used in practice today, largely focus on
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Figure 1.1: Consumer price index (CPI)-adjusted billion-dollar disasters from 1980 through 2024. Image
from the NOAA National Centers for Environmental Information (NCEI) (NOAA National Centers for
Environmental Information, 2024).

larger-scale environmental information (e.g., at the synoptic and mesoscale rather than the storm-
scale).

Though severe thunderstorm hazards generally impact extremely local areas (which further
complicates their predictability), the large scale environment can still provide rich data on where
and when severe thunderstorms can occur. At its foundation, moisture, instability, and a lifting
mechanism are crucial elements for deep moist convection to form (Doswell, 1987; Johns and
Doswell, 1992; Doswell et al., 1996). For severe thunderstorms specifically, vertical wind shear
has also been shown to be an important fourth “ingredient" (e.g., Brooks et al., 2003; Brooks,
2007). These four ingredients are typically described in terms of parameters, such as convective
available potential energy (CAPE) for instability and precipitable water (PWAT) for moisture, as

they provide measurements of the amount of the ingredient present (e.g., Doswell and Schultz,



(b) United States Annual Counts of 1_'o|"nado LSRs* (C) United States Annual Counts of Wind LSRs*

Figure 1.2: NOAA Storm Prediction Center annual cumulative counts of (a) severe hail (b) tornadoes, and
(c) wind local storm reports (LSRs) since 2010. 2024 reports (green, red, and blue bolded lines, respectively)
are accumulated through 26 October 2024 only. Images from the NOAA Storm Prediction Center (NOAA
Storm Prediction Center, 2023a).

2006; Brooks, 2007) as well as synthesize meteorological data throughout the atmospheric col-
umn. Parameters are useful for climatological studies of severe storm environments (e.g., Brooks
et al., 2003; Taszarek et al., 2020) as well as for model and observational analysis in operational

forecasting.

1.2 Machine learning for severe weather forecasting

Since its inception, severe weather forecasting has strongly relied on observations and output
from numerical weather prediction (NWP) systems. Raw output from NWP models can provide
some insights about severe storm environments, but additional information is needed for more
skillful predictions. Post-processed products can provide such guidance. These types of tools take
output from NWP (and/or observations) and apply some kind of mathematical and/or statistical
technique to the data to generate new output. The resulting guidance is often displayed in the
form of parameters, probabilities, or proxies, which allow a forecaster to better calibrate where
and when storms are imminent or occurring. Countless products have been developed in support
of operational severe weather forecasting (e.g., Sobash et al., 2011; Schwartz et al., 2015; Gallo

et al., 2016; Sobash et al., 2016; Smith et al., 2016; Gallo et al., 2018; Heinselman et al., 2024).



Machine learning (ML) has begun to be leveraged as an alternative post-processing technique
(as well as in other ways) to aid in understanding and predicting severe weather (e.g., McGovern
et al., 2023). For example, some work has utilized ML to generate probabilistic severe weather
forecasts to inform operations (Burke et al., 2020; Hill et al., 2020; Loken et al., 2020; Flora et al.,
2021; Loken et al., 2022; Clark and Loken, 2022; Hill et al., 2023). Others have used ML for
classification tasks, including to to study properties of convective environments (e.g., Nowotarski
and Jensen, 2013; Anderson-Frey et al., 2017; Nowotarski and Jones, 2018; Gensini et al., 2021;
Hua and Anderson-Frey, 2022; Nixon et al., 2023) or to diagnose convective storm mode (e.g.,
Jergensen et al., 2019). ML has also been used in various capacities to emulate storms (e.g.,
Hilburn et al., 2021; Flora and Potvin, 2024; Pathak et al., 2024).

Many of these tools have shown promise for use in forecasting convective weather. However,
there are many research opportunities that exist beyond the development and early testing phases of
these systems. Some examples include utilizing explainability techniques to see how environmen-
tal information is used (e.g., McGovern et al., 2019), evaluating existing model performance for
specific and/or complex weather system prediction tasks, and identifying potential biases in model
training or prediction (e.g., McGovern et al., 2022a, 2024). In other words, with the plethora of
ML weather prediction systems available presently, there is plenty of research to be conducted on
these existing systems that does not require the training and testing of new systems (including for

severe weather prediction applications specifically).

1.3 Dissertation outline and research objectives

Because of the substantial economic and and life-threatening impacts that thunderstorms can

create, there is strong motivation to better understand and predict the environments that precede



thunderstorms. ML offers potential avenues to support these efforts. As such, this work broadly
studies ML forecasts of convective environments and hazards. The overarching science objectives

of this research can be summarized as follows:

1. to elucidate how environmental information is used to make ML-based probabilistic severe

weather forecasts forecasts (Chapter 2)

2. to diagnose ML-based probabilistic forecast performance across various severe-weather-

producing regimes (Chapter 3) and

3. to examine how derived convective parameters and environments in deep learning weather

prediction (DLWP) models compare to reanalysis and operational forecasts (Chapter 4).

This dissertation proceeds as follows. Chapter 2 utilizes Tree Interpreter (TI), an explain-
able artificial intelligence (xAl) technique, to investigate two years of probabilistic random forest
(RF)-based forecasts of severe weather hazards over the contiguous United States (CONUS).
Specifically, TI is harnessed to disaggregate forecasts from the Colorado State University Ma-
chine Learning Probabilities (CSU-MLP) system into the meteorological features (i.e., inputs to
the ML model) that were used to make forecasts. Separate examinations are conducted on CSU-
MLP predictions of severe hail, tornadoes, and severe wind (as well as “any severe") and across
lead times of two- to four-days. By using the TI technique, the ways in which environmental infor-
mation is used by the RFs to make their predictions can be studied, providing important contextual
information to their forecasts and supporting their use in operations. This work has been published

in Weather and Forecasting ' and is reproduced here without changes.

ICitation: Mazurek, A. C., Hill, A. J., Schumacher, R. S., and McDaniel, H. J. (2024). Can Ingredients-Based
Forecasting be Learned? Disentangling a Random Forest’s Severe Weather Predictions. Wea. Forecasting, 40 (2),
237-258, https://doi.org/10.1175/WAF-D-23-0193.1.



Chapter 3 also utilizes probabilistic hazard predictions from the CSU-MLP system, but atten-
tion is shifted from the ways in which they use environmental information to make predictions to
the quality of their predictions across different environment types. In this work, a subset of the
probabilistic severe weather forecasts studied in Chapter 2 (i.e., two-day forecasts only) are sorted
by synoptic regimes that have been identified using self organizing maps (SOMs), and the forecast
skill across each of these regimes is assessed. Using SOMs allows for regimes to be classified sta-
tistically/objectively (rather than manually/subjectively). The purpose of this section is to evaluate
how CSU-MLP forecast performance may vary across different synoptic patterns, so that its output
can be used more skillfully. This work is in preparation for publication.

In Chapter 4, forecasts from an entirely separate suite and variety of ML weather prediction
models are studied. Specifically, output from three global NWP-emulating deep learning weather
prediction (DLWP) systems (GraphCast, Pangu-Weather, and FourCastNetv2) from an archive de-
veloped by the Cooperative Institute for Research in the Atmosphere (CIRA) are studied in the
context of severe weather. The archive includes raw output from these models as well as a number
of derived parameters that have relevance to severe convective environments (such as instability,
moisture, and shear parameters). Twenty-two months of forecasts and derived forecast parameters
are examined over CONUS. This work builds on previous evaluations of these relatively new ML
systems by assessing 1) how they capture convective environments relative to reanalysis and exist-
ing NWP forecasts and 2) if more complex environmental parameters (specifically those related to
convection) can be extrapolated from their output. This work is in preparation for publication.

A summary of this dissertation, some avenues for future work, and final reflections are pre-

sented in Chapter 5.



Chapter 2
Can Ingredients-Based Forecasting be Learned? Disentangling a Random

Forest’s Severe Weather Predictions

2.1 Introduction

As machine learning (ML)-based guidance has become more commonplace in weather fore-
casting, it has become evident that there is a urgent need to curate resources to make these data-
driven methods more understandable and trustworthy by forecasters and other end-users in the
weather enterprise (Roebber and Smith, 2023). Educational tools such as course materials, review
articles, tutorial-style papers, and programming modules that cover ML approaches to meteorology-
specific problems have been one effort towards increasing literacy on the subject (e.g., Arcodia
et al., 2022; Chase et al., 2022; McGovern et al., 2022b; Chase et al., 2023; ECMWF, 2023; Mc-
Govern et al., 2023; Molina et al., 2023; Flora et al., 2024). While these educational tools are
foundational to building trust in ML methods, additional techniques are needed to build end-user
confidence in specific ML-based forecasting guidance. In operational forecasting settings, emerg-
ing work has shown that having information about an individual ML model’s internal architecture
(e.g., features and training), development (e.g., developer affiliations), and performance can in-
crease forecaster trust in ML products (Cains et al., 2024). Explainable artificial intelligence (xAl)
techniques naturally support this transparency by explaining the internals of an ML prediction. xAl
methods have already been applied across a number of ML tools that aim to forecast convective
weather (e.g., Herman and Schumacher, 2018b; McGovern et al., 2019; Hill et al., 2020; Lagerquist

et al., 2020; Hilburn et al., 2021; Mamalakis et al., 2022; Loken et al., 2022; Hill et al., 2023) and



has been helpful for research and development purposes, such as assessing scientific validity or
optimizing compute time. Flora et al. (2024) acknowledges the increasing use of explainability
techniques in atmospheric science-focused applications, and they provide a tutorial on several xAl
methods using additional meteorological datasets.

Fewer efforts have been made to harness xAl specifically for assisting with operational inter-
pretation and trust of ML-based forecast guidance, even though explainability has been shown to
add value to forecasters in testbed settings (Clark et al., 2022). One potential reason for this exclu-
sion may be due to the fact that many of the frequently-used x Al methods, such as permutation or
impurity importances (e.g., Breiman, 2001; Lakshmanan et al., 2015; McGovern et al., 2019; Mol-
nar, 2022; Flora et al., 2024) are classified as global explainability methods. Global explainability
methods interrogate all of a trained ML model’s predictions collectively by separating out its com-
ponents to probe how the predictions are made (e.g., Molnar, 2022; Flora et al., 2024). When
applied to ML models that are geared towards operational convective weather forecasting (e.g.,
Herman and Schumacher, 2018b; McGovern et al., 2019; Hill et al., 2020, 2023), global explain-
ability methods can be useful for seeing if a model’s predictions are overall consistent with what
one might expect in the real world. Still, many of these global explainability methods measure
feature importance. As a measure of global explainability, feature importances are useful for diag-
nosing performance or optimizing the purity of model’s predictions (e.g., McGovern et al., 2019;
Flora et al., 2024) by diagnosing how much each predictor influences the quality of the model’s
predictions. However, feature importances do not provide insights as to how features dictate indi-

vidual predictions. This lack of detail, combined with the notion that forecasters are already tasked



with looking at too many products, offer additional explanations for why xAl has not been more
readily introduced into operational forecasting alongside the new ML tools themselves.

One xAI method that has the potential to address some of the aforementioned roadblocks to
introducing explainability in operations is tree interpreter (TI hereafter; Saabas, 2014; Loken et al.,
2022; Flora et al., 2024). TI is a python package that allows for disaggregation of random forest
(RF)-type (Breiman, 2001) ML predictions. There are a number of reasons that this particular
method offers a promising avenue for harnessing xAl for operationally-focused purposes. For
example, although TI can only be used for RF models specifically, there are already a number of
promising RF-based products that have been developed for forecasting convective weather (e.g.,
Gagne et al., 2017; Herman and Schumacher, 2018a; Hill et al., 2020; Loken et al., 2020; Yao et al.,
2020; Flora et al., 2021; Hill and Schumacher, 2021; Mecikalski et al., 2021; Schumacher et al.,
2021; Clark and Loken, 2022; Loken et al., 2022; Hill et al., 2023; McGovern et al., 2023; Radford
and Lackmann, 2023b), demonstrating that there are plenty of products that TI could theoretically
be applied to, several of which some forecasters already have exposure to in testbeds (e.g., Clark
et al., 2022, 2023; Trojniak and Correia, 2022) or in operations (e.g., Schumacher et al., 2021). In
addition, TT presents itself as operationally useful because it is a local feature attribution method.
In other words, TI can explain 1) how each feature contributes to an individual RF prediction
(i.e., local explainability) and 2) how each predictor modulates the actual value of the prediction
generated by the model (i.e., feature attribution) (Saabas, 2014; Loken et al., 2022; Flora et al.,
2024).

Such attributes of TI could allow an end-user (i.e., the forecaster) to intuitively see how each

meteorological predictor contributes to a single RF-based forecast, offering much needed context



to the RF’s often opaque output. Further, TI’s property of decomposing a prediction into me-
teorological parts presents itself as having similar properties to ingredients-based forecasting: a
fundamental, decades-old methodology that is still widely used in operational meteorology. Fore-
casting with an ingredients-based approach involves an assessment of environmental conditions,
often represented by parameters (e.g., convective available potential energy) or indices (e.g., lifted
index), to build a forecast (e.g., Johns and Doswell, 1992; Doswell et al., 1996; Doswell and
Schultz, 2006; Brooks, 2007). Ingredients-based forecasting was established (and continues to
be frequently used) in the context of predicting thunderstorms and their associated hazards (e.g.,
Doswell, 1987; Johns and Doswell, 1992; McNulty, 1995; Doswell et al., 1996; Brooks, 2007),
but it has also been applied to other forecast problems, such as predicting snowfall (Wetzel and
Martin, 2001), illustrating that it is a transferable method. Forecasters have historically applied
the ingredients-based approach to numerical weather prediction-based model output and observa-
tions in tandem with other forecasting methods to implicitly make probabilistic forecasts (such as
the NOAA Storm Prediction Center (SPC) convective outlook; NOAA Storm Prediction Center,
2023b). However, this technique has yet to be formally applied to ML-based forecasts, largely be-
cause such products are typically not accompanied by interpretability or explainability information
that yield insights as to why the model is generating a given prediction, which poses a challenge to
real-time operations.

Little work has been done to formally apply TI to RF models that predict weather phenomena.
However, one exception is work by Loken et al. (2022). They demonstrated that TI provided useful
insights (both from a research and forecasting perspective) to their next-day convection allowing

model (CAM)-based RF predictions for severe convective hazards. Their work establishes an

10



exciting precedent for using TI, and recent work on comparing xAl methods for weather-centric
ML models has recommended that the package be explored further (Flora et al., 2022).

As such, we leverage TI here to investigate two years of RF-based probabilistic severe weather
forecasts generated by the Colorado State University Machine Learning Probabilities (CSU-MLP)
system (Hill et al., 2020, 2023): a tool that has been used by meteorologists at SPC and numerous
NWS Weather Forecast Offices since at least early 2022 and became fully operational in Spring
2024. This work is distinct from Loken et al. (2022) in three key ways: model architecture, fore-
cast lead time, and use of an operational (rather than experimental) forecast system. Specifically,
this work examines whether TI can provide insightful, ingredients-based insights to severe weather
forecasts from CSU-MLP, specifically those made between 36 and 72 hrs after initialization (out-
side the prediction window of most CAMs). The decision to apply TI to these particular forecast
lead times is further motivated by 1) interest in augmenting severe weather forecasting information
at lead times beyond the plethora of quality, high-resolution forecast data that exists within 36 h
and 2) the choice of ML modeling system used in the study.

In this manuscript, the following questions are explored:

1. Which meteorological features tend to have the greatest impact on enhancing or constraining

the CSU-MLP probabilities?

2. How do the TI-derived contributions by the most pertinent meteorological predictors vary in

time, space, hazard type, and lead time?

3. Do the spatiotemporal patterns in the model probabilities and feature contributions tend to

be consistent with current knowledge of severe storm environments and climatology?
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Section 2 of this will provide an overview of the CSU-MLP architecture, TI algorithm, data
selection and preprocessing, and aggregation techniques. Section 3 illustrates the results. Section
4 places the results in the context of severe storm climatology and environments, offers discussion
on potential benefits to operational forecasting, and presents limitations of the study. A summary

of this work, as well as conclusions and propositions for future research are covered in section 5.

2.2 Data and methods
2.2.1 Overview of the CSU-MLP system

Full details of the CSU-MLP system for severe weather prediction can be found in Hill et al.
(2020) and Hill et al. (2023), but a summary of the model infrastructure is provided here (Fig. 2.1).
CSU-MLP uses RF classification (Breiman, 2001) to generate daily 24-h probabilistic predictions
of severe weather out to 8-day lead times, as well as individual severe hazards (i.e., tornadoes,
severe convective wind greater than 93 km h! or 50 knots, and severe hail greater than 2.54 cm or
1 inch diameter) out to 3-day lead times. The finalized CSU-MLP products are intended to mimic

the convective outlooks that are issued by the SPC (NOAA Storm Prediction Center, 2023b)>.

Model architecture

The current system uses RFs trained on the ensemble median values of environmental predictor
fields® (Table 2.1) from the 5-member Global Ensemble Forecast System v12 (GEFS) Reforecast
Dataset (GEFS/R; Hamill et al., 2022; Zhou et al., 2022). The model training period is approx-

imately 9 years long, incorporating daily GEFS/R initializations from 12 April 2003 through 11

2 At the time of this manuscript submission, SPC convective outlooks for individual hazards are only issued for days 1
and 2, whereas CSU-MLP forecasts for individual hazards are issued out to day-3.

3Equations for derived variables can be found in the appendix of Hill et al. (2020).
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Figure 2.1: Overview of the CSU-MLP system training, historical testing and verification, and real-time
forecasts. (a) summary of how the RFs are trained in the CSU-MLP system, including its feature and label
assembly techniques, training regions, and training period. (b) summary of previous work that has been
done to test and verify the probabilistic severe forecasts made by the CSU-MLP system. (c) overview of
how the current real-time CSU-MLP forecasts are run. An example real-time CSU-MLP day-2 probabilistic
tornado forecast is also shown, with the SPC day-2 tornado outlook valid for the same period below it. Both
forecasts were issued 28 November 2022. Tornado reports are also overlaid as red triangles, and the black
contours indicate regions of significant severe tornado probabilities.

April 2012 (Hill et al., 2020, 2023). The environmental predictors have a temporal resolution of 3
hours, so for a given 24-h forecast (valid 1200 UTC to 1200 UTC), 9 instantaneous environmental
fields are used as model inputs (Fig. 2.1a). For example, a day-3 forecast would consider data
from a 0000 UTC initialized GEFS/R run valid for forecast hours 60 through 84. Meanwhile, each
forecast grid point (which has 0.5° grid spacing and matches the GEFS/R grid*) considers inputs

from a horizontal radius of 3 grid points for each timestep (Fig. 2.1a). Thus, each CSU-MLP fore-

cast grid point considers 6,615 dynamic predictors (i.e., 15 environmental variables * 49 spatial

4Some variables in the GEFS/R dataset that are used in training are on a 0.25° grid, so those variables are interpolated
to the 0.5° grid to match the lower-resolution fields.

13



Table 2.1: Environmental predictors used in the CSU-MLP system for predicting severe weather as in Hill
et al. (2020, 2023). Predictors with an asterisk are only used in the day 1 through day-3 models (i.e., the
forecast lead times when tornadoes, wind, and hail are predicted separately). Predictors with a plus sign
are derived variables that are not explicitly included in the GEFS output (see Hill et al. (2020) for equations
used in these calculations).

Abbreviation Description Variable type
APCP 3-h accumulated precipitation Thermodynamic
CAPE Surface-based convective available potential energy Thermodynamic

CIN Surface-based convective inhibition Thermodynamic
MSLP Mean sea level pressure Kinematic
PWAT Total precipitable water Thermodynamic

Q2M 2-m specific humidity Thermodynamic

RH2M*+ 2-m relative humidity Thermodynamic

SHR500+ Bulk wind difference between 10 m and 500 hPa Kinematic

SHR850+ Bulk wind difference between 10 m and 850 hPa Kinematic
SRH*+ Storm relative helicity between the surface and 850 hPa Kinematic

T2M 2-m air temperature Thermodynamic

Ul10 Zonal component of 10-m wind Kinematic
UV10+ 10-m wind speed Kinematic

V10 Meridional component of 10-m wind Kinematic

ZLCL*+ Lifted condensation level height Thermodynamic

points * 9 timestamps, plus three static predictors—latitude, longitude, and julian day) to make one
24-h prediction. Extensive feature sensitivity testing was done for the companion CSU-MLP ex-
cessive rainfall model (Herman and Schumacher, 2018a; Schumacher et al., 2021) and informally
for the CSU-MLP severe model (Hill et al., 2020) to lead to the current choice in meteorological
predictors, and thus those same inputs are used in this work.

Storm reports of tornadoes, severe convective wind, and severe hail from the NOAA Storm
Data dataset (NOAA Storm Prediction Center, 2023a; NOAA National Centers for Environmental
Information, 2023) are used as CSU-MLP training labels (i.e., historical observations; Fig. 2.1a).
Reports are gridded using a 40-km neighborhood radius to the same 0.5° forecast grid that is used

in the GEFS, meaning that each report will be mapped to at least one grid point (a 0.5° grid spacing
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corresponds to a horizontal distance of approximately 55 km). Gridded reports are labeled sepa-
rately as “severe" versus “significant severe" based on their intensity (per NOAA Storm Prediction
Center, 2023b), allowing the RFs to predict 3 classes (with “no severe" being the third class). Only
the “severe" predictions will be considered here.

To accommodate for spatiotemporal variability in severe weather climatology and computa-
tional limitations, separate RF models are trained over three CONUS regions: “west", “central”,
and “east" (Fig. 2.1a). Separate models are also trained for each of the eight forecast lead times,
as well as for each of the individual severe hazards for the day 1-3 period.

The CSU-MLP system produces real-time forecasts by using environmental predictors from
the operational GEFSv12 dataset (Zhou et al., 2022), since those fields are available nearly in
real-time unlike those from GEFS/R (Fig. 2.1c). The 0000 UTC operational GEFS run is used

to generate daily probabilistic predictions of severe weather out to 8-day lead times, and the 1200

UTC GEFS run is used to generate a second batch of forecasts for the day 1-3 individual hazards.

Objective performance

Previous work by Hill et al. (2020, 2023) has used multiple quantitative metrics to evaluate
the skill of CSU-MLP severe forecasts at days 1-8 (Fig. 2.1b). Using Brier skill score BSS;
(Brier, 1950), they show that at day-1 lead times, wind forecasts tend to have the best skill with
respect to climatology, followed by the hail and tornado forecasts. In addition, while SPC outlooks
were shown to be more skillful than CSU-MLP forecasts at day 1, CSU-MLP forecasts tended to
outperform SPC convective outlooks at lead times between day-2 to at least day 5. However, these

skill differences vary spatially, seasonally, and by hazard type.
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2.2.2 Tree interpreter

To analyze the CSU-MLP forecasts, tree interpreter or TI (Saabas, 2014)—a python package
that allows for disaggregation of RF predictions made in scikit-learn (Pedregosa et al., 2011)-is
used. One of the most useful properties of TI is that it decomposes the probability made by a
decision tree into a sum of the feature contributions and a bias term (Saabas, 2014; Loken et al.,
2022). For a given decision tree in a RF, the final prediction f(z) can be thought of as follows

(using notation from Saabas (2014)):

K

f(z) = crun + Z contrib(x, k) (2.1)

k=1

where ¢y, is the initial prediction value at the root of the decision tree, K is the number of features,
and contrib(x, k) is the contribution from the kth feature for a given xth feature vector (i.e., all
the feature values that represent a given sample). To elaborate further, contrib(z, k) for a given
prediction f(x) measures the sum of the changes in the training sample purity across the all nodes
(excluding the root node cy,;;) where the feature k is used when a given testing sample (defined by
a feature vector x) traverses the tree (see Saabas (2014) for an interactive example that illustrates
this type of calculation). Thus, the contribution to the final prediction for a given feature k is
dependent on the path taken along the decision tree, and this path is governed by the feature vector
x. These contributions (or changes to the training sample purity) by a given feature can be positive
or negative, meaning they can act to increase or decrease the value of the final prediction as the
decision tree is traversed. Since a RF reflects the average of all predictions made by the decision

trees in the forest (i.e., each f(x)), the collective prediction made by the RF, F'(x), can be written

as such:
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where J is the number of trees in the forest and f;(x) is the prediction made at the jth decision
tree in the forest. Continuing the derivation from Saabas (2014), Eq. (2.1) and Eq. (2.2) can be

combined:

L K o4
F(x) = 3 Z Cjran T Z(j Z contrib;(z, k)) (2.3)
j=1

k=1 7 j=1
where ¢;, , is the initial prediction value at the root of a given decision tree j. Hence, TI demon-
strates that the final prediction made by the RF can be viewed as a function of the average biases
(i.e., the climatology of the training data in our application; Loken et al., 2022) and average feature
contributions across all trees in the forest. CSU-MLP predictor architecture allows for feature con-
tributions to be disaggregated in time, space, and by meteorological variable type at each gridpoint,
yielding 6,615 contributions (i.e., the number of dynamic predictors).

It is worth mentioning that TI shares several similarities to a more well-known xAI method
known as SHapley Additive Explanations (SHAP; Shapley, 1953; Molnar, 2022). Both methods
are local explainability methods that describe the degree to which a final probability can be at-
tributed to a given feature, but attributions are computed differently between the two techniques
(Loken et al., 2022). SHAP calculates feature contributions by permuting the initial input data
via subsetting the predictors, providing flexibility to explore scenarios with different predictor sets
(Molnar, 2022), whereas TI requires that the input data remain fixed to calculate the feature attri-
butions. Some tradeoffs between the TI and SHAP are transferability (TI can only be used with

RFs, whereas SHAP can be used with many ML architectures), notoriety (TI is relatively new
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and untested in research, while SHAP has been used across multiple disciplines for decades), and
speed (SHAP values can be slower to compute than TI feature contributions) (Lundberg et al.,
2020). Additionally, TT can be inconsistent with weighting the contributions, while SHAP is not.
Contributions from feature spits at nodes near the decision tree leaves tend to be weighted more
heavily than those closer to the roots of the trees in T1 (Lundberg et al., 2020).

With these pros and cons considered, given that CSU-MLP uses RFs and has a large number of
predictors, TI offers a performance advantage over SHAP for RFs, even when a tree-based SHAP
approach (e.g., TreeExplainer) is used (Lundberg et al., 2020). Speed is particularly desirable
in this study, given the authors’ interest in investigating the potential utility of this approach in
operations (where timely data is essential). Additional discussion on the similarities, differences,
strengths, and weaknesses of TI and SHAP are provided by Loken et al. (2022) and Flora et al.

(2024).

2.2.3 Forecast data selection and preprocessing

For this work, two years of daily day-2 through day-4 CSU-MLP probabilistic severe forecasts
(initialized with 0000 UTC operational GEFS runs) between 1 January 2021 through 31 December
2022 are analyzed through the lens of T1. For day-2 and day-3, probabilistic forecasts for individual
tornado, wind, and hail hazards are evaluated separately, and aggregate severe probabilities are
assessed for the day-4 period. These particular model forecasts were chosen largely due to their
objective (Hill et al., 2020, 2023) and subjective (Clark et al., 2021, 2022, 2023) performance at
these lead times.

TI feature contributions are calculated for each of the day-2 through 4 CSU-MLP forecasts in

the 2-yr period. In the calculation, only the 6,615 dynamic (environmental) predictors are included:
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Figure 2.2: An example of the disaggregated feature contributions and masking procedure for a CSU-
MLP day-2 tornado forecast. (a) the day-2 CSU-MLP tornado probabilities issued 28 November 2022
at 0000 UTC and valid for 29 November 1200 UTC to 30 November 1200 UTC. Red markers represent
tornado reports. (b) the SPC day-2 tornado outlook issued 28 November 2022 at 1730 UTC. (c) feature
contributions for each meteorological variable in the CSU-MLP day-2 tornado forecast shown in (a), masked
according to the minimum discrete probability threshold (2%). Contributions in (c¢) are ordered from top left
to bottom right by greatest absolute contribution value. Plots show feature contributions by variable for one
timestamp (2100 UTC on 29 November 2022) within the 24-hour forecast period. Areas where the feature is
contributing positively to the forecast probabilities are shown in orange shading, and areas where the feature
is contributing negatively are shown in green shading. CSU-MLP forecast probabilities from (a) that are
used to mask the contributions are overlaid in black using the same contour intervals. Feature abbreviations
are defined in Table 2.1. This example forecast is discussed in detail in section 3d.

latitude, longitude, and Julian day are excluded. Feature importance values suggests that these
three static predictors have negligible importance to the model (not shown), providing confidence
in the decion to exclude them. Additionally, feature contributions occurring outside of the CONUS

boundaries are excluded.

Masking procedures

Although the forecast probabilities exhibited by the system are continuous, minimum discrete

thresholds are applied to the forecasts to emphasize contributions associated with probabilities that
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are large enough to be operationally-relevant. These thresholds match the minimum thresholds
used in SPC convective outlooks (NOAA Storm Prediction Center, 2023b) and vary by forecast
lead time and hazard type (Table 2.2). Only contributions associated with daily probabilities
above the minimum threshold are considered—see Fig. 2.2 for an illustration. This choice in-
herently focuses the results towards how the model uses environmental information to generate
its probabilities (and uncovering which variables may enhance or constrain these above-threshold
probabilities), rather than how the model uses these same inputs to ultimately not generate proba-
bilities. In other words, this work emphasizes understanding how the CSU-MLP system makes its
severe weather forecasts (not how it makes forecasts where probabilities are very low nor where it
doesn’t generate probabilities at all). Since the CSU-MLP system generates probabilities in excess
of the minimum thresholds at a higher frequency than the SPC forecasters themselves (Hill et al.,
2020, 2023), this decision still allows for a large sample size of forecasts to evaluate over the 2-yr
analysis period.

Because of TI's additive properties, information about how each 3-h timestamp contributes to
the 24-h CSU-MLP prediction window can be determined. To assess temporal variability in the
feature contributions, TI is used to generate “3-h contributions" that are used to mask the contri-
butions data on sub-daily timescales. To generate these 3-h contributions, the contributions are
summed along the variable type and spatial neighborhood dimensions at each grid point for each
forecast in the 2-yr period. This computation results in a single “3-h contribution" value at each
grid point for each timestamp considered in a given 24-h forecast period. Similar to the previ-
ous probability-based masking procedure, minimum thresholds (Table 2.2) are applied to the 3-h

contributions. These 3-h contribution thresholds are smaller than the daily probability thresholds,
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Table 2.2: Minimum discrete thresholds set for the daily CSU-MLP forecast probabilities and 3-h contribu-
tions, which are used to mask the feature contributions on daily and sub-daily timescales respectively. 3-h
contributions are defined as the sum of the contributions by all features for a given timestamp within the
24-h the forecast period; the sum of all 3-h contributions for a given CSU-MLP forecast is approximately
equal to the daily probability for that particular forecast. Note that the daily probability thresholds match
those used in the SPC convective outlooks (NOAA Storm Prediction Center, 2023b).

Forecast type  Minimum daily probability threshold Minimum 3-h contributions threshold

Day-2 hail 5% 0.02
Day-2 tornado 2% 0.01
Day-2 wind 5% 0.02
Day-3 hail 5% 0.02
Day-3 tornado 2% 0.01
Day-3 wind 5% 0.02
Day-4 severe 15% 0.02

since the 3-h contribution values are fractions of the daily probabilities and are thus inherently
smaller in value. Thresholds were chosen rather arbitrarily, largely because there are no official
probability thresholds that are used operationally at SPC at sub-daily timescales. Results are sen-
sitive to choosing a larger or smaller threshold (since the choice yields smaller and larger sample
sizes, respectively), but the results remain qualitatively consistent across different thresholds.

The masking procedure using the 3-h contributions mimics the daily forecast masking proce-
dure in Fig. 2.2, except that the 3-h contribution mask varies across each timestamp in each 24-h
forecast period (rather than staying the same for the full forecast period). The purpose of applying
the 3-h contribution mask to the contributions data in this way is to emphasize the contributions that
are most important to the probabilities at various points in time: using the static daily probabilities

mask would not allow for this temporal variability.
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2.2.4 Using tree interpreter for global explainability

While TI is a local attribution method that provides insights on individual forecasts, it is not
feasible to present results for two years of daily forecasts. Thus, in sections 3.1-3.2, the contri-
butions are analyzed in aggregate over many forecasts, meaning that TI is scaled up to a global
explainability method. This approach allows for a big-picture view of how the features in CSU-
MLP generally act to augment or limit the probabilities. The contributions are aggregated to assess
three aspects of them: 1) spatial distributions, 2) seasonality, and 3) diurnal patterns. Aggregation
approaches are applied to each lead time and forecasted variable type separately.

To examine spatial distributions, the contributions are summed along the spatial neighborhood
and forecast hour axes to yield a single daily contribution value for each grid point in the lati-
tude/longitude space. Feature contributions are then summed across the two years of forecasts for
each variable type, resulting in composite feature contribution maps for each CSU-MLP variable.
These results are shown in section 3.1.

To assess the seasonal variability in the feature contributions (results shown in section 3.2), the
contributions by each predictor to the daily forecast probabilities are computed for each forecast
in the 2-yr analysis period using two aggregation approaches. The first approach analyzes feature
contributions over time by their two respective variable type categories (i.e., thermodynamic versus
kinematic; Table 2.1) over the 2-yr period. Here, the absolute values of the feature contributions
are taken, then summed across the spatial neighborhood, forecast hour, latitude and longitude
dimensions. This method provides a daily sum of the (absolute value of the) contributions to the
forecast probabilities by the set of kinematic variables and by the set of thermodynamic variables.

The relative contribution of each set variables to each day’s forecast probabilities can subsequently
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be computed. Note that while MSLP could be classified as both a kinematic and thermodynamic
variable, it is categorized here as kinematic to be consistent with previous literature on the CSU-
MLP system (Hill et al., 2020, 2023).

The second aggregation method used to assess seasonal variability in the contributions in-
vestigates the contributions by each variable individually (rather than categorically). For each
variable, raw contribution values are summed along the forecast hour and spatial neighborhood
axes, then a daily mean is computed along the latitude and longitude dimensions. The daily means
are smoothed by taking a 30-day moving average for each variable.

Diurnal patterns in the feature contributions (section 3.2) are examined in two ways. First,
frequency maps of the “3-h contributions" (described in the previous subsection) are plotted for
each forecast hour to analyze which timestamps are contributing most to the probabilities and how
that might vary spatially. Second, diurnal patterns in the contributions are analyzed across dif-
ferent variable types by summing over the spatial neighborhood axis, then masking the data at
each forecast hour and forecast day according using the 3-h contributions threshold (see previous
subsection; Table 2.2). Then, a mean contribution value across the latitude/longitude axes is com-
puted for each forecast variable, hour, and day. This computation provides a distribution of daily
mean contribution values for each variable and forecast hour, which are smoothed with gaussian
kernel density estimators (KDE) that use the scott bandwidth estimator (Scott, 1979) in scikit-learn

(Pedregosa et al., 2011).

2.2.5 Feature contributions versus GEFS inputs

In addition to assessing the feature contributions on their own, it is also useful to compare the

values of the feature contributions to the values of the GEFS inputs that they are associated with.
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This analysis can illustrate whether the relationships between the contributions and GEFS values
are intuitive (e.g., does a large CAPE contribution correspond to a large value of CAPE in GEFS?).

Comparisons are made between the TI contributions and GEFS inputs on a grid point-by-grid
point basis for a select number of environmental fields in section 3.3. Given the large number of
grid points and for clarity of presentation, the datasets are reduced further to only include forecasts
valid in the spring (March-May 2021 and 2022) and at a single GEFS forecast hour (forecast
hour 45, which corresponds to 2100 UTC in the day-2 period). In an effort to fully capture the
relationship between the contributions and raw NWP data at these dates/times, the probability-
based mask is not applied here. In other words, contributions data that are associated with forecast

probabilities below the minimum thresholds are included in this analysis.

2.3 Results
2.3.1 Spatial patterns in feature contributions

When the feature contributions are summed across each variable for the two years of forecasts,
similar results were found for the day-2 and 3 forecasts. Therefore, spatial patterns in the day-2
and day-4 forecasts are emphasized, and a few select variables are focused on (Fig. 2.3). Because
aggregated contribution values are dependent on the magnitude and frequency of the probabilities,
interpretation of the raw contribution values is slightly complex. Thus, interpretation of Fig. 2.3 is
kept more qualitative rather than quantitative.

Accumulated precipitation (Fig. 2.3a-d) and surface-based CAPE (Fig. 2.3e-h) are generally

positive contributors to the CSU-MLP probabilities for day-2 through 4 forecasts for all hazard

SMore feature contribution values will be accumulated in locations where more CSU-MLP probabilities have occurred,
and the values of the most pertinent contributions to the model forecasts will inherently be higher in locations where
probabilities were higher.
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Figure 2.3: Aggregated feature contributions to the CSU-MLP forecast probabilities by (a)-(d) accumulated
precipitation, (e)-(h) surface-based CAPE, (i)-(1) surface-based CIN, and (m)-(p) 10m-500hPa shear for two
years of forecasts spanning January 2021 to December 2022 period. From left to right column, the CSU-
MLP forecasts that these contributions are derived from are day-2 hail, day-2 tornado, day-2 wind, and
day-4 severe. Note that scaling on the figures for the day-2 tornado forecasts is different than for the other
figures.

types. That is, accumulated precipitation and CAPE tend to enhance (rather than constrain) the
model predictions in most locations. Previous work has shown surface-based CAPE to be one
of the most important (if not the most important) predictors in CSU-MLP forecasts across most

forecasts and lead times according to Gini impurity-calculated feature importances (Hill et al.,

2020, 2023), though accumulated precipitation has shown much less importance according to this
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metric. This result is interesting considering that features usually tend to rank similarly across both
of these explainability methods (Flora et al., 2022).

Spatial patterns in the aggregated CIN (Fig. 2.3i-1) and aggregated 10m-500 hPa shear (Fig.
2.3m-p) fields are different than those for CAPE and accumulated precipitation. In general, CIN
strongly constrains the forecast probabilities in parts of the Southeast and Ohio Valley, particularly
in the day-2 hail (Fig. 2.31) and wind (Fig. 2.3k) forecasts. It is unclear why this variable may be so
important to the forecast probabilities in this area and not other regions. Aggregate contributions
by 10m-500hPa shear show the prevalence of negative aggregated contributions across the Great
Plains in both the day-2 and day-4 forecasts (Fig. 2.3m-p). A possible explanation for this pattern
could be related to the terrain in these regions: elevation increases in the High Plains with proximity
to the Rockies, and elevation is also greater along the Appalachian Mountains. Increasing elevation
decreases the depth of the shear layer between 10m and 500 hPa, and this reduced depth could
influence how the GEFS-derived shear calculations are used in the random forests. Additional
model training and testing would be needed to confirm this hypothesis. Outside of the Great
Plains, 10m-500hPa shear largely augments the forecast probabilities, particularly over the Deep
South.

Overall, APCP, CAPE, and SHR500 have the largest and most extensive positive contributions
to the forecast probabilities across all or most lead times and hazards. However, there are a few
additional variables that are not shown here that have a role in influencing probabilities across cer-
tain regions that are worth noting. For the day-2 and 3 hail forecasts, SHR850 has a profound role
in enhancing probabilities over the Great Plains (a region where SHR500 largely constrains those

forecast probabilities; Fig. 2.3m). MSLP (not shown) tends to positively enhance hail probabilities
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over this same region—usually to a lesser extent than SHR850 but to a greater extent than SHR500.
LCL enhances probabilities in most locations, though its positive impact is most noticeable in the
day-2 and 3 wind and tornado forecasts across the Appalachians and parts of the Deep South (not
shown). Meanwhile, PWAT tends to limit hail probabilities over the Midwest and eastern Texas for
day-2 hail forecasts, while 2-m specific humidity positively impacts tornado probabilities across
parts of the Southeast (though to a lesser extent than other environmental fields).

Spatial patterns in the feature contributions illustrate that there are a few key variables in CSU-
MLP that tend to have the most dominant role in increasing forecast probabilities. Interestingly,
these variables that are most crucial to the CSU-MLP forecasts represent ingredients that are fun-
damental for severe convection: CAPE (instability), APCP (moisture and lift), and SHR850/500
(shear) (e.g., Doswell et al., 1996; Brooks and Craven, 2002; Brooks et al., 2003). Without these
key variables in place, it seems that the RFs have learned that severe convection is very unlikely

(if not impossible), which is also true in the real world.

2.3.2 Temporal patterns in feature contributions

Here, patterns in the feature contributions are investigated seasonally and diurnally. For brevity,

the day-2 CSU-MLP forecasts are discussed in greatest depth.

Seasonality

Fig. 2.4 illustrates the relative degree to which the thermodynamic versus kinematic variables
influence the forecast probabilities. It is evident that there is noticeable day to day variability, but
taking the 30-day running means of the relative contributions from category reveals longer-term

patterns. This smoothing illustrates that the thermodynamic features typically have a larger role in
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influencing the daily forecast probabilities compared to the kinematic features, and this observation
is consistent across all three day-2 forecasted hazard types (Fig. 2.4), and these results are consis-
tent in the day-3 forecasts (not shown). The dominance of the thermodynamic variables over the
kinematic variables is most pronounced in the warm season—especially mid- to late summer into
early fall- for all three hazards.

In the cool season, there are some subtle differences among the relative contributions by the
thermodynamic and kinematic features for each hazard type. For example, in the day-2 hail fore-
casts, the relative contributions by each feature category are much closer to being equal compared
to the warm season, though the thermodynamic variables still mostly outweigh the kinematic vari-
ables (Fig. 2.4a). Similar patterns are found in the day-2 tornado (Fig. 2.4b) and day-2 wind (Fig.
2.4c) forecasts, though the 30-day moving averages of the relative contributions by each variable
type are closer to being evenly weighted in the cool season for these forecasts compared to the
hail forecasts. Thus, while thermodynamic variables tend to have a larger impact on the model’s
probabilities relative to the kinematic variables, the extent to which this is true varies by hazard
type and season.

When the day-2 CSU-MLP probabilities are disaggregated by individual features (see methods
for details), several notable patterns emerge. For example, accumulated precipitation (APCP) is
a meaningful contributor to the probabilities year-round across all three hazards. Surface-based
CAPE also has an important role in increasing CSU-MLP probabilities: its contributions are most
apparent in the warm season hail probabilities (Fig. 2.5a), followed closely by wind (Fig. 2.5¢),
then tornado probabilities to a lesser extent (Fig. 2.5b). LCL height augments the tornado probabil-

ities to a greater extent than the other hazards, especially in the late spring to summer (Fig. 2.5b).
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Figure 2.4: Relative contributions to the forecast probabilities by the daily-summed absolute value of the
feature contributions by thermodynamic features (blue) and kinematic features (purple) for the daily day-2
(a) hail, (b) tornado and (c) wind CSU-MLP forecast probabilities over the January 2021 to December 2022
period. Blue and purple bars indicate the daily relative contributions by the thermodynamic and kinematic
features, respectively, to the daily forecast probabilities (see text for more details on the aggregation ap-
proach). The 30-day rolling means of these relative contributions by thermodynamic and kinematic features
are shown by the blue and purple lines respectively.

This feature is consistent with real-world knowledge of tornadic environments, as LCL height has
been shown to be a key discriminator between environments that do or do not produce tornadoes
(e.g., Brooks and Craven, 2002; Brooks et al., 2003; Thompson et al., 2012), whereas it is not quite

as informative for other severe hazards such as hail (Brooks and Craven, 2002; Thompson et al.,

2003; Nixon et al., 2023).
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The vertical wind shear variables (SHR850 and SHRS500) have the largest role in dictating the
seasonal variability among the kinematic features, though the magnitude of their relative contri-
butions vary by forecasted hazard type. For example, in the day-2 tornado and wind forecasts,
SHRS500 has a prominent role in influencing the forecasts during the cool season (i.e., Decem-
ber through April; Fig. 2.5b,c), whereas this feature has less influence on the hail probabilities.
On the other hand, SHR850, has an important role in the hail forecast probabilities (Fig. 2.5a).
SHR850 is also a notable contributor to the day-2 wind probabilities, though to a lesser extent
than SHR500. Both shear variables instrumental in causing the kinematic variables to have greater
relative importance in the cool season wind probabilities (Fig. 2.4c¢).

Physically, the differences in the importance of SHR500 and SHR850 to the model forecasts for
each hazard are intriguing. It is well-known that shear in the lowest levels of the atmosphere (below
1 km) tends to be crucial for tornado formation, whereas deep-layer shear and shear at higher
levels (above 1 km) tends to have greater importance for hail formation (Nixon and Allen, 2022).
Yet surprisingly, the feature contributions here seem to suggest that the shallower shear variable
(SHR&850) is used by the model to delineate hail probabilities more than SHR500 is, whereas the
opposite is true for the tornado probabilities. Without further analysis, one can only speculate on
why CSU-MLP uses the shear information in these ways. Possible explanations range from flaws
in the model training to potential gaps in our understanding of how shear correlates with severe
weather environments. It is also possible that not holding the shear depth constant (which will
inherently affect the shear values and therefore the values of the feature contributions) introduces a

confounding factor in the dataset that the model is not aware of. Regardless, this example illustrates
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Figure 2.5: 30-day rolling means of the mean daily contributions of each feature to the day-2 CSU-MLP
(a) hail, (b), tornado, and (c) wind probabilities over the January 2021 to December 2022 period. See text
for full details on the aggregation approach. Feature abbreviations are defined in Table 2.1.

that while TI can provide powerful insights into how a model makes a prediction, there are limits
to how much information it can provide.

There are several predictors that contribute very little to the forecast probabilities. For all three
hazards, these features include Q2M, UV10, U10, V10, and CIN (Fig. 2.5). This result suggests
that these variables are generally unimportant to increasing the severe hazard predictions made by
the CSU-MLP system, though they may still hold some relevance in individual forecasts (e.g., Fig.

2.2) and limiting the probabilities (i.e., negative contributions).
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Diurnal patterns

Frequency plots of severe reports (aggregated at 3-h intervals) (Fig. 2.6) are used to contextu-
alize frequency plots of the 3-h contributions for day-2 and day-4 forecasts (Figs. 2.7; 2.8). While
the sub-daily day-3 contributions will not be discussed explicitly, spatial patterns in those forecasts
strongly resembled those in the day-2 forecasts.

In general, the day-2 sub-daily contributions occur most frequently during local mid afternoon
to late evening (i.e., 2100 UTC to 0300 UTC; Fig. 2.7d-1) and relatively infrequently in the early
morning (not shown), though there is variability amongst the three hazard types. In the day-
2 hail forecasts, 3-h contributions gradually ramp up in frequency throughout the daytime, and
peak in occurrence during the late evening to overnight hours over the Great Plains (Fig. 2.7j,m).
Meanwhile, across the lee of the Appalachians, the 3-h contributions peak in frequency during the
afternoon to early evening (Fig. 2.7a,d) as well as overnight (Fig. 2.7m).

When compared to storm report patterns over the 2-yr study period, hail observations in the
lee of the Appalachians peak during a similar time frame to the peak in the contributions, with
most reports occurring between 1800 to 0000 UTC in this area (Fig. 2.6d,g). This timing is
consistent with diurnal patterns in longer term hail observations for this particular region (Wendt
and Jirak 2021). Meanwhile, spatial patterns in the 3-h contributions over the central to southern
Great Plains align reasonably well with locations of reports, though the hail report frequency peaks
earlier than the peak frequency in 3-h contributions (i.e., 2100 to 0300 UTC in the reports (Fig.
2.6g,j) versus 0300 to 0600 UTC in the sub-daily contributions). Diurnal patterns in the two years
of reports are consistent with longer term hail records, which show a peak in reports around 0000

UTC (Allen and Tippett, 2015; Wendt and Jirak, 2021), suggesting that the CSU-MLP system may
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Figure 2.6: Gridded reports of hail (left column), tornadoes (center column), and wind (right column) from
January 2021 through December 2022. Reports are compiled over select 3-h increments: (a)-(c) 1500-1759
UTC, (d)-(f) 1800-2059 UTC, (g)-(i) 2100-2359 UTC, (j)-(1) 0000-0259 UTC, and (m)-(o) 0300-0559 UTC
to illustrate diurnal variability. Each report is gridded to the nearest 0.5° grid point in the GEFS dataset
(Hamill et al., 2022; Zhou et al., 2022). Storm reports are sourced from the NOAA Storm Data dataset
(NOAA Storm Prediction Center, 2023a; NOAA National Centers for Environmental Information, 2023).
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Figure 2.7: Heatmaps showing the number of days in the January 2021 to December 2022 period when
the 3-h contributions for the day-2 CSU-MLP forecasts exceed 0.02 in hail or wind forecasts (left and right
columns, respectively) or 0.01 in tornado forecasts (center column). Heatmaps are shown for the daily
frequencies of the 3-h contributions exceeding these thresholds at forecast periods ending at (a)-(c) 1800
UTC, (d)-(f) 2100 UTC, (g)-(i) 0000 UTC, (j)-(1) 0300 UTC, and (m)-(0) 0600 UTC within the day-2
period. These timestamps correspond to forecast hours 42, 45, 48, 51, and 54 respectively. Forecast times
before 1800 UTC and after 0600 UTC are not shown to conserve space and because the 3-h contributions at
these timestamps are small and infrequent compared to the rest of the forecast period.
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have a systematic tendency to rely on the GEFS information at timestamps that extend later into
the overnight hours (after the climatological maximum in hail reports has occurred) to generate its
hail forecast probabilities.

The day-2 sub-daily tornado contributions occur over parts of the Deep South (i.e., Arkansas,
Louisiana, Mississippi, and Alabama) relatively often over the 2-yr period for all forecast hours
(Fig. 2.7b,e,h,k,n), including in the morning forecast hours (not shown). Other locations see sub-
daily tornado contributions on a similarly frequent basis as the Southeast, such as the Midwest,
parts of the Great Plains and the Mid-Atlantic (Fig. 2.7h,k), though contributions over those re-
gions peak in frequency over a more narrow time frame within the diurnal cycle (i.e., evening to
early overnight). The peak in tornado reports over the 2-yr period occurs in the late afternoon to
late evening hours when examining CONUS as a whole (i.e., 2100 to 0300 UTC; Fig. 2.6h.k),
though they are not rare later or earlier in the day, particularly across the Southeast and parts of
the Midwest (e.g., Fig. 2.6e,n). It appears that CSU-MLP does utilize information from the GEFS
(albeit infrequently) over those locations during these times of day, and there are essentially never
sub-daily tornado contributions outside of this region during the late night or morning hours. These
characteristics are consistent with previous work that has examined regional variability in diurnal
patterns of tornado reports. Tornado activity in the Southeast tends to be distributed throughout
the day, whereas it peaks in the late afternoon to evening for most other regions (e.g., Krocak and
Brooks, 2018), due to regional variability in tornadically favorable environments during the day
versus night (e.g., Kis and Straka, 2010; Sherburn et al., 2016). Thus, despite having no infor-
mation on diurnal timing on either the storm reports or the GEFS meteorological fields that are

used to train the RFs, it appears that the CSU-MLP system is capable of learning the times of day
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when environments tend to be most favorable for tornadic activity (including how that might vary
spatially).

The 3-h day-2 wind contributions occur most frequently in the early afternoon across much
of the Southeast and Mid-Atlantic compared to other times of day (Fig. 2.7c), though it is not
uncommon for GEFS information to influence forecast probabilities in those areas during other
times of day such as the evening (Fig. 2.7f,1), overnight (e.g., Fig. 2.70) or late morning (not
shown). The high frequency of reports across the Mid-Atlantic coincide well with the frequent
3-h wind contributions in the afternoon through late evening hours (Fig. 2.6c,f,i,l), though the
increased frequency in sub-daily contributions after 0600 UTC (Fig. 2.70) is not reflected in the
wind reports (Fig. 2.60). Further, the large number of reports across New England do not seem
well-represented by the frequency the sub-daily contributions in this region. This discrepancy
could be attributed to choosing to plot the number of reports at each grid point versus the number
of days with severe wind reports (i.e., it is not unusual to get several hundred wind reports along the
East Coast in a single 24-h period). The Midwest and Ohio Valley lack an obvious diurnal pattern
in the frequency of the sub-daily contributions, despite relatively frequent wind probabilities those
areas (not shown). However, wind gust reports increase in frequency slightly later in the day across
these locations compared to the East Coast (Fig. 2.61,1,0).

The spatial patterns in the day-4 sub-daily contributions (Fig. 2.8) combine some features of the
sub-daily contributions for day-2 individual hazard forecasts, but there are also some differences.
For example, the Mid-Atlantic displays frequent 3-h contributions in the late morning to early
afternoon compared to other locations (Fig. 2.8b,c) much like the patterns shown in the day-2 sub-

daily contributions to the wind probabilities (e.g., Fig. 2.7c). Parts of the Great Plains also have
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frequent 3-h contributions at day 4 in the late evening and overnight hours (Fig. 2.8f,g), similar to
the day-2 sub-daily hail contributions (Fig. 2.7j,m). A notable difference between the day-2 and
day-4 sub-daily contributions is that the Midwest frequently sees 3-h contributions at 2100 UTC
in the day-4 forecasts (Fig. 2.8d), whereas the 3-h contributions for this area were more common
in the late evening to early overnight hours in the day-2 individual forecasts (e.g., Fig. 2.7h,j,k,m).
One hypothesized explanation for these differences is related to the GEFS ability to predict the
timing of severe storms across increasing lead times. That is, as lead time decreases, the GEFS
may be able to better diagnose the timing of when severe hazards are most likely to occur, whereas
it might struggle to capture favorable environments outside the diurnal heating maximum at longer
lead times.

One perplexing feature in the day-4 sub-daily contributions that is also present in the day-2 and
3 forecasts (not shown) is that there are some areas with frequent contributions at the first forecast
hour (1200 UTC; Fig. 2.8a) that are not similarly highlighted during the last forecast hour (1200
UTC; Fig. 2.81). Possible explanations for these discrepancies could be 1) the model has learned
in training that the pre-storm environment is more important than the post-storm environment, 2)
there is smaller ensemble spread in the GEFS at the start versus end of the period, which varies
the predictor and contribution values at those times, and/or 3) it is an unknown statistical artifact
of the TI or RF algorithms.

To further diagnose diurnal variability in the feature contributions, a couple key environmen-
tal predictors (surface-based CAPE and SHR500) can be analyzed temporally (see methods and
Fig. 2.9 caption for more details). For simplicity, this analysis is restricted to only day-2 forecasts

(though there are again similarities in the results from the day-3 probabilities). Distributions of
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3-h mean contributions by CAPE show a strong diurnal pattern across predictions for all three
hazards (Fig. 2.9). The greatest mean 3-h CAPE contributions tend to occur in the local after-
noon to evening hours (i.e., 1800 UTC to 2100 UTC), which is consistent with when atmospheric
instability tends to be at its greatest. From overnight to mid-morning, (e.g., 0600 UTC to 1200
UTC), the mean CAPE contributions are almost always small. Surface-based instability is typi-
cally eroded significantly (if not altogether) overnight due to stability induced by nocturnal cooling
in the boundary layer, so it seems that contributions by SBCAPE tend to be larger during times
of day that SBCAPE values are typically larger. While all three hazards show diurnal variability
in 3-h mean contributions by CAPE, smaller contribution values (near zero) in the afternoon to
evening hours are not as uncommon for the tornado probabilities as they are for the wind and hail
probabilities (c.f., Fig. 2.9b and 2.9a,c). This pattern suggests that CAPE may have a greater role
in enhancing the hail and wind probabilities than it does for the tornado probabilities. Tornado
events are not uncommon in low CAPE environments particularly at night and as long as substan-
tial shear is present (e.g., Guyer and Dean, 2010; Sherburn et al., 2016; Nixon and Allen, 2022),
so it is notable that the contributions reflect this physical attribute of tornadic environments.
Distributions of 3-h mean contributions by SHR500 show different patterns across the day-2
forecasts (Fig. 2.10) compared to the CAPE contributions. Overall, the mean values of the contri-
butions by SHR500 are much lower than the 3-h distributions of CAPE in the day-2 hail forecasts
(Fig. 2.10a). This difference is not too surprising, as SHR500 was not shown to be a particularly
important predictor for the hail probabilities, particularly compared to CAPE (e.g., Figs. 2.3m;
2.5a). For the day-2 tornado probabilities, however, 3-h mean contributions by SHR500 are simi-

lar in magnitude to the 3-h mean CAPE contributions (Fig. 2.10b), though SHR500 contributions
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peak at a slightly later time in the diurnal cycle (0000 UTC to 0300 UTC). The difference in the
diurnal peak between the contributions by these two predictors is also apparent in the day-2 wind
forecasts, where the mean 3-h contributions by SHR500 tend to be greatest between approximately
0000 UTC to 0300 UTC (Fig. 2.10c), but the mean 3-h contributions by CAPE tend to occur be-
tween 1800 UTC to 2100 UTC (Fig. 2.9¢). While the largest mean contributions by SHR500 occur
most often in the evening for all three hazards, there is a less clear diurnal cycle than there is in the
CAPE contributions, as large SHR500 values are also somewhat common at other times of day.
This finding is not too surprising from a physical perspective, as large-scale kinematic variables
tend to have less variability between day and night compared to thermodynamic variables (with

one exception being the nocturnal low-level jet).

2.3.3 Comparing contributions to GEFS fields

There are strong relationships between the raw GEFS data and the contribution values, though
the nature of these relationships vary with variable and hazard being forecasted (Fig. 2.11). To
start, correlation between the GEFS PWAT values and the TI contributions by PWAT shows an
interesting pattern across each forecasted hazard type. For the day-2 hail forecasts, PWAT contri-
butions seem have the capacity to be greatest for GEFS values around 30 mm (Fig. 2.11a). Above
this threshold, the contributions have the tendency to become negative. The tornado contributions
show a slightly similar pattern, though there is much less variability because the contribution values
for tornado probabilities are much smaller (Fig. 2.11b). The wind contributions show a roughly
opposite pattern from the hail contributions in the PWAT data (Fig. 2.11c), where the values of the
contributions seem to minimize with a GEFS input of around 25 mm, then steadily become more

positive thereafter. Perhaps these differences could be related to characteristics of wind-producing
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versus hail-producing storms (e.g., large PWAT can limit updraft speeds due to hydrometeor load-
ing, reducing hail growth potential). CAPE contributions and GEFS CAPE values show a more
straightforward relationship, where negative contribution values are found in low-CAPE regimes,
particularly for the hail and wind forecasts, then generally become positive above roughly 1500
J kg! (Fig. 2.11d,f). This pattern is less linear in the tornado contributions (Fig. 2.11e), which
could be a function of there being frequent tornado probabilities in the Southeast (not shown),
where high shear-low CAPE tornadic environments tend to be common (e.g., Sherburn and Parker,
2014). For CIN, the TI contributions appear to be negative or very near zero for the majority of grid
points for day-2 forecasts of all three hazards, though the greatest positive contributions occur with
low GEFS values of CIN (Fig. 2.11g-1). This pattern makes sense physically, as severe hazard-
producing storms are often able to overcome small amounts of convective inhibition (e.g., “loaded
gun" soundings) through lifting or surface heating, while large amounts tend to fully suppress se-
vere convection. Lastly, contributions by SHR850, similar to those by CAPE, show a generally
positive correlation with GEFS shear values (Fig. 2.11j-1), suggesting that larger values that are
input to the system tend to lead to enhanced probabilities. Again, this pattern has consistencies
with observed storm environments, where higher shear tends to favor more organized convection,
which has greater tendency to produce severe hail, wind, and tornadoes.

While this analysis is limited to only a subset of the forecasts examined in this paper, it il-
lustrates that there are profound ties between the GEFS data and the TI contributions. More
importantly, the relationships between the two values largely follow properties of real-world expec-
tations of severe environments (e.g., larger CAPE and shear signifies greater potential for severe

weather). It is also worth taking note of the concentration of grid points with TI contributions that
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are near or very near zero with highly variable corresponding GEFS values (Fig. 2.11). A hypoth-
esis for this pattern is that the CSU-MLP system has learned about dependencies of the various
environmental inputs on one another. For example, if the system is given 4000 J kg™! of CAPE, but
there is no accumulated precipitation and/or shear, perhaps it has learned that instability alone is
not enough to support severe convection.

Knowledge of the ways in which ML systems such as CSU-MLP make their predictions and
how it relates to the model data that it relies on offers valuable information to a forecaster. Specif-
ically, knowing how CSU-MLP uses GEFS inputs can help a forecaster deduce whether the model
output should be trusted for a given forecast: if a forecaster suspects a bias in a particular GEFS
field, and they know how much that field tends to influence CSU-MLP probabilities, they can

decide whether the ML output can be trusted.

2.3.4 Feature contributions for an example forecast

In addition to analyzing the contributions in aggregate, it is important to consider the informa-
tion that TI can provide for a single CSU-MLP forecast, as fine details in the contributions over
small spatial and temporal scales become illuminated. The example forecast and contributions
shown in Fig. 2.2 are discussed here.

Overall, the location and magnitude of the of the SPC forecast and the CSU-MLP probabilities
are similar for this case (Fig. 2.2a,b), with both products highlighting northern Louisiana, south-
east Arkansas, and Mississippi for the greatest risk for tornadoes. The CSU-MLP probabilities are
more spatially extensive compared to the SPC forecast, as the probabilities for the former extend
farther north and west compared to the latter. While the greatest density of tornado reports ulti-

mately occurred southeast of where the highest tornado probabilities were in both forecasts, both
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the human and machine-learned forecasts still encompassed nearly all reports within the forecast
period, and their predictions were skillful relative to climatology based on their positive BSS (Fig.
2.2a,b).

TI can dissect the CSU-MLP probabilities into contributions by each feature to contextualize
how environmental information from the GEFS informed the prediction. As an illustration, Fig.
2.2c shows the feature contributions from each of the 15 environmental predictors for one forecast
timestamp (2100 UTC) in the 1200 UTC to 1200 UTC day-2 forecast window. In this exam-
ple, CAPE, 0-3km SRH, 10m-500 hPa shear, accumulated precipitation have the greatest overall
influence on the forecast probabilities. Meanwhile, other predictors (such as precipitable water
and LCL height) influence the probabilities very little according to their contributions (at least
at this particular timestamp). Still, there is spatial variability in the sign of the contributions of
many features, demonstrating that features can augment and offset each other to influence the final
probabilities.For instance, there is a sharp gradient in the CAPE contributions to the forecast prob-
abilities, where the variable is positively contributing to the forecast probabilities over east Texas,
southern Arkansas, and much of Louisiana and Mississippi, while it is limiting the probabilities

over areas northeast of this region.

2.4 Discussion
2.4.1 Resemblances to severe hazard climatology and environments

The results of the aggregate feature contribution analysis show that the CSU-MLP predictions
rely most strongly on just a handful of predictors in the model to make its forecasts: CAPE,

SHRS500, SHR850, LCL height, and APCP (e.g., Fig. 2.5). Collectively, these five variables can
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serve as indirect or direct measures of instability, lift, moisture, and shear, which are all funda-
mental large-scale ingredients required for severe convection (e.g., Doswell et al., 1996; Brooks
and Craven, 2002; Brooks et al., 2003). In other words, the RFs generally get most information
from just a handful of predictors, and the variables that it relies on most heavily to make these pre-
dictions are crucial for severe convection. While some predictors may influence the probabilities
very little and add “redundant” information to the algorithm in a broad sense, they may provide
key information in individual forecasts. Further, redundancy in the predictors does not imply that
these environmental fields are physically unimportant for predicting severe weather—just that they
are not really used by this particular algorithm.

Analyzing the feature contributions in aggregate also showed that there is some variability
in how salient each of the key predictors are to the CSU-MLP probabilities in terms of hazard
type, time of year, and time of day. For instance, thermodynamic variables tended to be more
important to the RFs in the warm season compared to the cool season when kinematic variables
tended in influence the probabilities more (Fig. 2.4). This seasonal variability is consistent with
previous studies that have illustrated that dynamically-dominant regimes (i.e., “high shear, low
CAPE") more frequently characterize cool season events compared to the warm season (Sherburn
and Parker, 2014; Sherburn et al., 2016). Another example shown in the results is that the RFs
depend more heavily on LCL for generating its tornado probabilities compared to other hazards
(Fig. 2.5), which is in agreement with previous work that has shown it to be crucial for diagnosing
tornado environments but is perhaps not as useful for other hazard types (e.g., Brooks and Craven,
2002; Brooks et al., 2003; Thompson et al., 2012; Nixon et al., 2023). In terms of diurnal variabil-

ity, the aggregate feature contributions showed that thermodynamic features (such as surface-based
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CAPE; Fig. 2.3) tended to contribute more to probabilities during the day compared to the night,
whereas kinematic variables (such as SHR500; Fig. 2.3) did not have such a prominent diurnal
cycle. These differences in the diurnal pattern amongst kinematic versus thermodynamic variables
in the feature contributions is similar to patterns found in the feature importances associated with
the CSU-MLP system (Hill et al., 2023), illustrating that this finding exists across multiple ex-
plainability metrics. This result is also consistent with what one might expect physically, where
surface-based instability shuts down at night with boundary layer cooling, large-scale forcing re-
mains relatively unchanged.

This sub-daily (3-h) disaggregation TI revealed one of the more remarkable results of this
study. In Fig. 2.7, it was shown that the contributions have a discernible diurnal cycle, with larger
contributions occurring with greater frequency during the late afternoon through evening and fewer
sub-daily contributions occurring in the late night through mid-morning. This variability was found
to some extent across all lead times and hazard types in ways that are mostly consistent with the
diurnal patterns in the reports during the study period (Fig. 2.6). This result is notable because
there is no information that denotes time of day in the CSU-MLP system’s training: that is, the
RFs are not “aware" of the timestamps in the GEFS fields nor in the storm reports. Yet, because the
system has learned relationships between atmospheric conditions and observed severe weather, it
is able to recognize that conditions at certain times of day are generally more favorable for severe
weather hazards than others.

Patterns in the 3-h contributions were also found to vary spatially in ways that are consistent
with previous literature on severe storms climatology. For example, sub-daily tornado contribu-

tions in parts of the Deep South tended to exist during the overnight and morning hours, whereas
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other locations (such as the Plains) did not see the 3-h contributions at these times of day. These
differences in likelihood for daytime versus nocturnal tornadoes between various locations have
been documented in the literature both in terms of reports (e.g., Krocak and Brooks, 2018) as well
as environments (e.g., Kis and Straka, 2010). Additionally, while 3-h hail contributions tended to
maximize later in the night than the diurnal maximum in hail reports, it is possible that report bi-
ases could be contributing to this discrepancy. Radar-derived hail estimates suggest that the actual
diurnal maximum in reports may be slightly later in some locations due to undereporting biases
after dark (Wendt and Jirak, 2021), and so it is possible that the system has learned the larger-scale
ingredients that tend to favor after-dusk hail-producing storms, despite the fact that there tend to
be fewer reports during this time of night.

Relatedly, because CSU-MLP is trained on storm report observations, there may be limits on
how well the system is able to capture the “truth" in its probabilities because of the underlying
issues that exist within the storm events database. Some of these issues (particularly with hail
and wind reports) can be tied to population biases, spatial variability in observing platform siting,
and varying land surface conditions just to name a few (e.g., Doswell et al., 2005; Smith et al.,
2013; Allen and Tippett, 2015; Edwards et al., 2018; Bunkers et al., 2020; Wendt and Jirak, 2021).
Patterns in the CSU-MLP probabilities reflect some of these reporting characteristics, such as
the very high frequency of wind probabilities in the Mid-Atlantic (where dense population and
vegetation favor frequent estimated gusts) compared to the Great Plains (which is where measured
severe wind most often occur; e.g., Doswell et al., 2005; Smith et al., 2013; Edwards et al., 2018;
Bunkers et al., 2020). While these issues are well-known in the meteorology community, progress

towards managing these characteristics of estimated severe wind gusts is being made (Tirone et al.,

45



2024). It is important to be aware of the observation characteristics when interpreting ML-based
weather predictions like CSU-MLP, as issues in the model input cascade into issues in the model

output.

2.4.2 Utility in operational forecasting

Understanding the TI feature contributions in aggregate can have useful applications to op-
erational forecasting. This work has demonstrated that the CSU-MLP probabilities are made
using learned statistical relationships amongst the meteorological predictors that are consistent
with characteristics of real-world environments. This evidence can offer trust and confidence that
the ML forecasts are generated in ways that follow scientifically meaningful patterns rather than
relationships that are inconsistent with physical processes. Additionally, this work suggests that
the CSU-MLP predictions are largely reliant on just a handful of predictors. Awareness of these
characteristic variables could help a forecaster parse down the number of key environmental fields
they might want to consider when examining the CSU-MLP output alongside the raw GEFS fields.
More broadly, these results show that there is a vast amount of information for severe weather
forecasting that can be extracted from the large-scale environment alone (and without CAM data),
and ML is capable of skillfully learning these patterns and their nuances.

Applying TI to individual forecast probabilities offer several benefits to the forecaster. First,
in a real-time forecasting setting, disaggregated contributions allow a forecaster to “interrogate”
the model’s prediction to gain insights on otherwise vague model probabilities. The forecaster
can use the contributions to see how the probabilities are constrained and enhanced by different
features across various locations and times, allowing them to see which variables are most relevant

to the prediction. This approach presents itself similarly to a familiar technique to forecasters,
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ingredients-based forecasting (e.g., Johns and Doswell, 1992; Doswell et al., 1996; Brooks, 2007),
where each environmental variable (or ingredient) known to be important for a particular weather
phenomenon are taken into consideration to make a forecast. The forecaster can use contributions
to dissect a machine learning forecast in similar ways that they analyze an NWP forecast. This
information may be particularly advantageous at longer lead times, when a forecaster has less
information available. Second, contributions can be used by forecasters as a confidence-booster or
checkpoint on their forecast intuition. For instance, if the contributions are agreeable with other
data, they can provide additional confidence in the forecast. If the contributions disagree with
a forecaster’s thinking, they could offer motivation for looking more closely at certain variables
in the NWP models. Third, using the contributions over time—especially in retrospective event
analyses—could also help a forecaster identify biases in the model probabilities and allow them to
use it more effectively. Lastly, forecasters can use TI contributions to assess whether a ML model
is making a prediction in ways that are consistent with physical intuition, which could enhance

their trust in the output.

2.5 Summary and conclusions

The work presented in this paper leverages tree interpreter (TI), a local explainable artificial
intelligence (xAI) method, to investigate how severe weather forecasts are made at lead times of 2
to 4 days. TI is used to disaggregate daily probabilistic forecasts for severe weather hazards (hail,
tornadoes, and convective wind) generated by the Colorado State University Machine Learning
Probabilities (CSU-MLP) system: a random forest (RF)-based model that has undergone thorough
evaluation in testbeds and is now a fully operational forecasting product. The daily probabilistic

forecasts are disaggregated in time, space, and by variable type into “feature contributions".
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When the TI-generated feature contributions are analyzed in aggregate across two years of
forecasts, the results show that the RFs are able to learn that certain meteorological fields from the
Global Ensemble Forecast System Reforecast Dataset (GEFS/R) have a crucial role in influencing
severe weather probabilities generated by the model. These fields (such as CAPE, wind shear,
and LCL height) are also known via observations to be key in generating severe weather, so the
model is able to recognize patterns that are consistent with physical expectations. Further, patterns
in the feature contributions over this 2-yr period vary significantly in time and space in ways that
resemble severe storm climatology and environments. These results provide confidence that the
CSU-MLP system is learning scientifically-meaningful relationships, despite the absence of high
resolution data and convection-permitting information in the model.

For individual daily forecasts, disaggregating the CSU-MLP probabilities by feature can il-
lustrate how each meteorological input variable is acting to increase or constrain the forecast
probabilities in time and space throughout the prediction period. Given these properties, as well
as the fact that the feature contributions generated by TI sum to the daily forecast probabilities,
this approach can be thought of as an ingredients-based forecasting approach (Brooks, 2007), but
it is applied to the output of a machine learning model, rather than a numerical weather prediction
model.

From an operational forecasting perspective, this work demonstrates that TI can supply in-
sightful information on machine learning guidance across a variety of applications. For individual
forecasts, TI can provide an ingredients-based perspective for the probabilistic guidance from
CSU-MLP. At extended lead times (e.g., for forecast periods beyond the current availability of typ-

ical convective-allowing models) when there are less data available to consider, TI could provide
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valuable information to a forecaster considering the ML-based output in real-time. This infor-
mation could also be helpful in post-event analysis, allowing a forecaster to look back on the
ingredients that most influenced the ML guidance for a given forecast period, and those fields can
be compared to what was seen in observations. Finally, demonstrating how the CSU-MLP fore-
casts are generally made by analyzing the TI feature contributions in aggregate could help build
a forecaster’s trust in the model as a whole, particularly considering that the model’s predictions
tend to be consistent with physical patterns and relationships. Given the familiarity and use of the
CSU-MLP guidance across much of the weather forecasting community, a deeper understanding
of the probabilities put forth by the model is likely to be of interest to those who use it.

Future work will investigate the connections between attributes of the TI feature contributions
(e.g., magnitude and sign) and actual values of the meteorological parameters that are used in the
GEFS/R. If the feature contributions are correlated with the values of the meteorological predictors
in ways that make physical sense (e.g., high positive CAPE contributions being correlated with
high CAPE values), it would build confidence that CSU-MLP is learning meteorologically-relevant
patterns and further motivate its use as an ingredients-based forecasting tool that could be applied
to other ML guidance. Potential connections between TI feature contributions and model skill
could also be explored. Lastly, near-term research aims to diagnose regimes amongst the CSU-
MLP forecasts that are tied to successful and unsuccessful performance. That work, in addition
to guidance from the TI contributions, would provide an additional layer of transparency to the
CSU-MLP probabilities, allowing a forecaster to better understand how heavily the model output

should be taken into account in their day-to-day forecasting practices.
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Figure 2.8: As in Fig. 2.7, but for the 3-h contributions exceeding 0.02 in the day-4 CSU-MLP severe
forecasts. Heatmaps are shown for the daily frequencies of the 3-h contributions exceeding 0.02 at forecast
periods ending at forecast hour (a) 84 or 1200 UTC, (b) 87 or 1500 UTC, (c) 90 or 1800 UTC, (d) 93 or
2100 UTC, (e) 96 or 0000 UTC, (f) 99 or 0300 UTC, (g) 102 or 0600 UTC, (h) 105 or 0900 UTC and (i)
108 or 1200 UTC within the day-4 period.
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Figure 2.9: Gaussian kernel density estimator (KDE) plots illustrating the smoothed distributions of the
sub-daily mean 3-h CAPE contributions to the CSU-MLP day-2 (a) hail, (b) tornado, and (c¢) wind forecast
probabilities over the January 2021 to December 2022 period. Forecast timestamps and KDE plots are listed
in chronological order from the top to the bottom of the plots. That is, the KDE plot on the upper side of the
figure represents the distribution of the daily mean CAPE contributions at the earliest valid timestamp (1200
UTC, dark gray) in the day-2 period, followed by the distribution at the next valid timestep (1500 UTC, dark
blue), and so on. Vertical black bars along each KDE plot mark the mean of the distribution of mean CAPE
contributions at each 3-h forecast period. Note the differences in scaling along the x-axis.
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Figure 2.10: As in Fig. 2.9, but for 10m to 500 hPa bulk wind shear (i.e., SHR500).
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Figure 2.11: Hexbin plots comparing operational GEFS forecasted values (x-axes) versus TI contributions
(y-axes) of (a)-(c) PWAT, (d)-(f) CAPE, (g)-(i) CIN, and (j)-(I) SHR850 on a grid point-by-grid point basis.
Specifically, day-2 GEFS forecasts valid at hour 45 (i.e., 2100 UTC in the day-2 period) are compared to the
CSU-MLP contribution values valid for 2100 UTC for the day-2 hail (left column), day-2 tornado (center
column), and day-2 wind (right column) forecasts. Data are only shown for forecasts valid for 1 March to 31
May 2021 and 2022 . The number of values in each bin is on a log scale, with the lighter colors representing

GEFS SHR850 (m s~1)

a larger number of points falling within that bin.
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Chapter 3
Investigating Skill of Probabilistic Severe Weather Forecasts Across Self

Organizing Map-Diagnosed Regimes

3.1 Introduction

Despite improvements to modeling systems, communications, and forecasting practices, pre-
dicting severe weather remains a complex forecast challenge. Among the plethora of upgraded
modeling systems and guidance products that have contributed to improved forecasting capabili-
ties, machine learning (ML) has become an increasingly relied-upon tool for forecasting convective-
related hazards (McGovern et al., 2023). At convective time scales, accurate and timely forecast
information is of utmost importance, and ML has shown promise in accomplishing both of these
needs. Unlike the requirements of numerical weather prediction (NWP)-based models, ML ap-
proaches typically rely on data (either from past forecasts, reanalysis, and/or observations). By
side-stepping the need to solve hundreds of complex prognostic equations to produce a forecast,
ML-based weather prediction systems also typically also offer speed advantages over traditional
methods. Recent work suggests that it may even be possible to effectively model storms at
convection-allowing model scales with these tools (e.g., Flora and Potvin, 2024; Pathak et al.,
2024).

While these numerical weather prediction (NWP)-emulating systems, particularly at fine res-
olutions, are relatively new to the community, other ML-based forecasting products that focus on
convective weather prediction have been around for longer. Among the tools that have been de-

veloped are probabilistic ML-based forecasts. These types of systems typically rely on two key
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datasets: 1) atmospheric variables (such as from NWP models, observations, and/or reanalysis)
and 2) observations of some convective weather phenomenon. Such ML models are trained to
learn statistical relationships between the “predictors"—i.e., the input atmospheric data (such as hu-
midity or temperature)—and the “labels" (i.e., the severe weather observations). Once satisfactorily
trained on historical data, the ML model can then be used to make future severe weather predic-
tions using new atmospheric data. Probabilistic ML forecasts have been developed for all kinds
of convective weather prediction tasks, including tornadoes, hail, strong winds, and heavy rainfall
(e.g., Lagerquist et al., 2017; Herman and Schumacher, 2018a; Loken et al., 2019; Hill et al., 2020;
Hill and Schumacher, 2021; Flora et al., 2021; Schumacher et al., 2021; Clark and Loken, 2022;
Loken et al., 2022; Hill et al., 2023).

ML is undoubtedly changing the landscape of forecast products that are available for opera-
tional weather prediction. However, another (perhaps quieter) way that it has been used in the
context of convective weather is to better understand their environments. Self-organizing maps,
or SOMs (Kohonen, 1982), are one ML method that has been used for these purposes. SOMs
are a type of artificial neural network that employ competitive learning, which is an unsupervised
ML technique. SOMs are powerful tools for conducting dimensionality reduction and clustering
on datasets that are described by many parameters. Thus, they can be useful for identifying and
visualizing patterns in complex multivariate datasets.

SOMs have been used for at least two decades to describe and categorize atmospheric patterns
(Hewitson and Crane, 2002), offering an alternative to manual classification that had been done
for many decades prior. For convective storms environments specifically, SOMs have been used in

a number of studies. For example, Nowotarski and Jensen (2013) and later Nowotarski and Jones
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(2018) used SOMs to classify proximity soundings in an effort to distinguish between tornadic
and non-tornadic supercell environments. Anderson-Frey et al. (2017) evaluated relationships be-
tween variability in environments and attributes of associated tornado warnings and reports using
SOMs. Hua and Anderson-Frey (2022) also examined characteristics of tornadic environments
with SOMs, though their work focused on describing diurnal variability in such environments
across different locations and seasons. Meanwhile, Nixon et al. (2023) leveraged SOMs to classify
different types of hail environments. SOMs have also been used to describe variability in environ-
ments associated with specific convective storm types, including right-moving supercells (Warren
et al., 2021) and mesoscale convective systems (Song et al., 2019).

Probabilistic ML-based severe weather forecasts and SOMs both have relevance to the research
conducted here: in this work, output from a ML-based probabilistic forecasting model, the Col-
orado State University Machine Learning Probabilities (CSU-MLP) system, is studied with the
help of SOMs. The CSU-MLP system was originally developed as a tool for aiding in predic-
tions of excessive rainfall (Herman and Schumacher, 2018a; Schumacher et al., 2021), eventually
becoming an operational product used at the NOAA Weather Prediction Center. Soon after, the
model architecture was leveraged to predict severe weather events—tornadoes, severe wind, and
hail- in support of needs at the NOAA Storm Prediction Center or SPC (Hill et al., 2020, 2023).
These probabilistic severe weather forecasts, which will be the focus of this work, are now also
operational at NOAA. Additional details on this model can be found in the methods section.

The CSU-MLP severe probabilities have been shown to be skillful (Hill et al., 2020, 2023),

though additional work is needed to support forecaster confidence and trust in its predictions.
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Recent work by Mazurek et al. (2025) (Chapter 2 herein) contributed to these efforts by show-
ing that the CSU-MLP system uses simulated environmental information to make its forecasts in
ways that agree with the physical and climatological characteristics of severe storm environments,
demonstrating that the predictions align with conceptual understandings of the atmosphere. This
work furthers the goal of optimizing CSU-MLP’s use in operations by using SOMs to investigate
the skill of their forecasts across different environments. 1t builds on previous work by Escobedo
(2022) (Escobedo and Schumacher, 2024, submitted to Wea. Forecasting), which examined per-
formance of the CSU-MLP excessive rainfall forecasts across different regimes, though this study
employs SOMs (rather than hand-labeling) for regime identification and examines severe weather
environments (rather than excessive rainfall environments). SOMs have been shown to be a useful
tool for studying relationships between forecast skill and associated environments in physics-based
models (e.g., Kolczynski and Hacker, 2014; Radford and Lackmann, 2023a), and it is hypothesized
that they could be useful for studying ML-based forecast skill as well.

The overarching objective of this work is to establish an understanding of which type of synop-
tic patterns tend to be associated with good versus poor-performing CSU-MLP forecasts. SOMs
are used here as a regime diagnostic tool to describe the various ambient synoptic and mesoscale
characteristics that were in place during two years of day-2 CSU-MLP probabilistic severe weather
forecasts. Relationships between the different environmental conditions that are present in each
regime are compared to the skillfulness of the model’s tornado, hail, and wind predictions. The
broader purpose of this work is to identify atmospheric patterns that correlate to strong and weak
predictability in the CSU-MLP system, which will allow a forecaster to use it more effectively as

guidance.
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This chapter proceeds as follows. Section 2 provides background on the CSU-MLP system,
SOM development, and forecast evaluation techniques. Section 3 highlights the results, where
characteristics of the SOM-identified regimes and forecasts that fall within each of them are pro-
vided. Forecast skill of the CSU-MLP probabilities are also discussed across the various regimes.
In section 4, the findings in section 3 are put into context to describe overall strong and weak points
of CSU-MLP predictability. Future work and a summary of the project are provided in section 5.

Additional figures for this work can be found in Appendix A at the end of this dissertation.

3.2 Methods
3.2.1 CSU-MLP system overview

The CSU-MLP system is a random forest (RF)-based (Breiman, 2001) machine learning model
that produces probabilistic forecasts of tornadoes (of any magnitude), severe hail (in excess of 2.54
cm or 1 inch diameter) and severe wind (stronger than 93 km h™! or 50 knots) at one-through eight-
day lead times. In essence, these probabilistic forecast products are designed to resemble the SPC’s
convective outlooks (i.e., predicting the probability of tornadoes, severe wind, and/or severe hail
within 40 km of a location) and provide forecasters with an objective “first-guess" at where severe
hazards may occur. The products have undergone several years of evaluation in NOAA’s Hazardous
Weather Testbed (e.g., Clark et al., 2021, 2023) as well as internally at the SPC (personal comm.
with Israel Jirak) and are now operational at NOAA. Throughout this evaluation period, forecasts
have been used in operations by SPC and local Weather Forecast Offices (since at least early 2022;
personal comm.). The CSU-MLP probabilistic forecasts became operational in spring 2024.

The system is trained on nine years (spanning April 2003 to April 2012) of environmental fields

from the Global Ensemble Forecast System v12 Reforecast (GEFS/R) dataset (Hamill et al., 2022)

58



and gridded observed hail, wind, and tornado reports from NOAA’s Storm Data (NOAA Storm
Prediction Center, 2023a; NOAA National Centers for Environmental Information, 2023). These
datasets are used as the predictors and training labels, respectively, to train separate RF models at
each of the eight lead times. At day 1 through 3 lead times, three separate models are trained to
predict separate tornado, hail, and wind probabilities (Hill et al., 2020)°, whereas a single model
is trained to predict “aggregate severe" forecast probabilities at days 3 though 8 (Hill et al., 2023).
The day 1-3 models share the same environmental predictors with each other, while the day 3-8
models are trained on a slightly smaller subset of these predictors (see Table 1 in Mazurek et al.
(2025)). Predictors were informed via formal sensitivity tests conducted in its predecessor model
for excessive rainfall prediction (Herman and Schumacher, 2018a; Schumacher et al., 2021) as
well as informally with early iterations of the severe weather version of the system (Hill et al.,
2020). The day 3-8 models use a smaller number of predictors than the day 1-3 models as testing
showed that the additional predictors did not enhance model skill (personal comm. with Aaron
Hill).

Real-time forecasts are run twice-daily’ at 0000 UTC and 1200 UTC using forecasted environ-
mental fields (the same variables as those used in training) from the operational Global Ensemble
Forecast System v12 (Zhou et al., 2022). These probabilistic forecast products are designed to
resemble the SPC’s convective outlooks (i.e., they predict the daily probability of tornadoes, se-
vere wind, and/or severe hail within 40 km of a location) and provide forecasters with an objective
“first-guess" look at where severe hazards may occur. Additional details of the CSU-MLP archi-

tecture (including data, preprocessing, and predictor assembly techniques) can be referenced in

®Forecasts of individual hazards for days 2 and 3 have been added since the publication of Hill et al. (2020).

"The day-1 forecast is only run at 0000 UTC.
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Hill et al. (2020) (see (Mazurek et al., 2025) for more recent updates to the day 1-3 forecasts) and
(Hill et al., 2023).

Two years (January 2021 to December 2022) of day-2 CSU-MLP probabilistic severe weather
forecasts of tornadoes, severe hail, and severe wind—encompassing lead times of 36 to 60 hours
from the 0000 UTC GEFS initialization—are the focus of this work. This lead time was selected
for a few reasons. First, the day-2 forecast period encompasses lead times that near the limits
of present operational convective allowing model guidance, where model skill tends to degrade,
promoting the utility of the CSU-MLP system at these lead times in particular. Additionally, at
shorter lead times (i.e., day 1), there already exists a crowded field of skillful forecast guidance
that can offer more detailed information on where severe hazards are likely than the CSU-MLP
output can. At longer lead times, CSU-MLP forecast skill degrades, and forecast probabilities that
exceed the minimum SPC-defined threshold (15% for days 4-8) become fewer in number, reducing
the sample size of forecasts viable for analysis. Thus, day-2 forecasts are selected in an effort to
probe a “sweet spot" in the model’s predictions. Plus, it has been shown that the trained models
for days 2 and 3 tend to use environmental information in similar ways (Mazurek et al., 2025),
which suggests that the findings surrounding the day-2 forecasts in this study would potentially be

applicable to day 1 and 3 forecasts that utilize the same model architecture.

3.2.2 Self organizing map (SOM) development
This work uses the SOMPY library (Moosavi et al., 2014) to train the SOMs in Python®.
Vesanto et al. (1999) and Nowotarski and Jensen (2013) provide thorough overviews of how SOM

algorithms work, but a brief overview is provided here, along with specifications on this work’s

8SOMPY models the algorithm of the long-running SOM toolbox in Matlab (Vesanto et al., 1999).
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specific training approach (using details from the SOMPY documentation and source code). SOM
training generally begins with defining a hexagonal or rectangular lattice (that is typically two-
dimensional) with some number of user-specified nodes or neurons and their orientation. Each
node is initialized with a weight vector with dimensions that match the input data. Various initial-
ization methods exist, but this work uses random initialization, where the initial weights represent
random values that fall within confines of the input dataset. Then, an input data vector is passed
through the SOM and compared to the current weight vectors at each node via some distance calcu-
lation (Euclidean distance is most common and used here). The “winning node" or Best-Matching
Unit (BMU) is the node that is the shortest Euclidean distance from the input vector. The SOM
learns by shifting the weight vector at each node towards the input vector values. Because SOMs
use a competitive learning approach, the weight vector at the winning node is nudged the most,
and weights at neighboring nodes are nudged only slightly. The degree of nudging outside the
winning node is determined by a neighborhood function (a Gaussian is used here). A batch train-
ing approach is used in this work, so all input vectors are seen by the SOM at the same time, and
the weights are updated together (rather than over each input, as is done in sequential training).
The distance-weighted nudging is repeated many times in two training phases (rough and fine-
tuning). At the conclusion of training, the SOM sorts all of the input vectors into their appropriate
final-weighted BMU .

SOMs are used as a regime classification technique in this work. Using SOMs for this purpose
allows for regimes to be sorted more quickly and statistically (which are two advantages over

subjective manual classification). Two SOMs are trained, and their configuration is kept rather
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Figure 3.1: The SOM training area.

simple. SOMs with few variables have shown to be successful in previous work (e.g., Anderson-
Frey et al., 2017). Training two SOMs allows for the analysis and conclusions to be interpreted
somewhat more broadly by illustrating how sensitive the results might be to the SOM configuration
(i.e., it would be difficult to make major conclusions about the relationship between environmental
characteristics and forecast skill if the regimes were vastly different between the two SOMs).
Both SOMs utilize fields from ERA-5 reanalysis (Hersbach et al., 2020): one is trained on a
combination of surface-based convective available potential energy (SBCAPE) and 10m to 850 hPa
shear (SHR850), and the other is trained on SBCAPE and 10m to 500 hPa shear (SHR500). These
SOMs will be referred to as SOMO and SOMI respectively. SBCAPE and shear fields are selected
for SOM training because they are well-known to be associated with severe convection when they
are co-located with each other (e.g., Brooks et al., 2003; Taszarek et al., 2020). Training on SOMs
with a large number of variables (e.g., adding precipitable water, mean sea level pressure, and

others) seemed to lead to less-clearly defined regimes during informal testing, thus these two key
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variables are relied on here. Because CSU-MLP forecasts only exist over the contiguous United
States (CONUS), and this work focuses on synoptic characteristics of the environment, the SOM
training region is restricted to areas encompassing CONUS and slightly beyond (Fig. 3.1). One
ERA-5 timestamp, valid at 2100 UTC, is considered for each valid date in the two-year analysis
period. The 2100 UTC timestamp is used in an effort to best align the reanalysis data with the
timing of when the diurnal maximum in severe storms tends to occur over CONUS (e.g., Krocak
and Brooks, 2020).

There is some preprocessing done to the SBCAPE and shear data before SOM training. First,
because shear is not a native variable in the ERA-5 dataset, bulk wind shear difference is computed
over the 10m-850hPa and 10m-500 hPa layers. Because these parameters can be noisy, a small
amount of Gaussian smoothing is applied to smooth the fields spatially®. Then, daily standardized
anomalies are computed for the two years of data in the analysis period. Anomalies are computed
relative to the 30-yr (1991-2020) ERA-5 reanalysis climatology of these variables. The fields used
in the daily 30-yr mean and standard deviation calculations have the same spatial smoothing as
the fields in the two-year analysis period. Additionally, some temporal smoothing is also applied
to the 30-yr climatological fields (via taking a 15-day moving average). Anomalies are computed
in this way to remove seasonality from the environmental fields. Finally, because SOMs require
each of their training cases to be one-dimensional data vectors, each of the daily standardized
anomalies of SBCAPE and shear (which are two-dimensional arrays that are a function of latitude

and longitude) are reshaped into one-dimensional arrays.

The smooth gaussian function from MetPy (May et al., 2022) is used, and the degree of smoothing used here is
subjectively set to 2, which adjusts the standard deviation of the Gaussian to determine the degree of smoothing (2 is
very little smoothing). Additional details can be found in the function’s documentation.
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A summary of the parameters used to train the SOMs is provided in Table 3.1. A number
of sensitivity tests were conducted to tune the parameters, such as training length and training
radius, in an effort to maximize the SOM skill. Two metrics were used to test SOM skill in this
tuning phase. The first is topographic error, which is a measure of how well the SOM retains
the original data structure by computing the proportion of inputs (data vectors) for which the best
node and second best node are not adjacent to each other on the SOM (Kiviluoto, 1996; Moosavi
et al., 2014). Quantization error captures how much (on average) the data vectors differ from their
winning nodes on the SOM. It is optimal to keep both of these scores as small as possible. Some
of these sensitivity tests can be found in Appendix A. These tests illustrate that changes to the
random seed, training radii, and training length (beyond a certain number of epochs) generally
did not yield substantial differences in quantization and topographic errors, suggesting that the
SOM regime diagnostics are not highly sensitive to these parameters. Still, this testing did help
with adjusting some of the parameters and with building confidence in the SOM approach. For
instance, sensitivity tests showed that a smaller fine-tune training radius generally favored more
skillful results, though the effects of the rough training radius on skill were less clear!®.

The trained SOMs use a rectangular 3x3 lattice structure. This training architecture classifies
the ERA-5 reanalysis data into 9 nodes or regimes. As shown by Anderson-Frey et al. (2017),
there are advantages and drawbacks to increasing or decreasing the number of nodes: more nodes
can elucidate additional details on regime characteristics but could ultimately results in nodes with

redundant patterns, whereas fewer nodes reduce the risk of redundancy but may smooth the regimes

10Tn the literature, it is generally recommended that SOMs use a wide radius during rough training and a smaller
radius during fine-tune training (e.g., Kohonen, 1990; Vesanto et al., 1999). Because our data are standardized and
our SOM is relatively small (Kohonen, 2013), these numbers are kept relatively small.
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Table 3.1: Parameters used to train the SOMs.

parameter value
number of nodes 3x3 (9 total)
lattice structure rectangular
neighborhood Gaussian
rough training length 50
fine-tune training length 10
rough training radius 3
fine-tune training radius 1

too much. In this study, 9 nodes subjectively seemed to strike a reasonable balance across these

considerations.

3.2.3 Assessing regime characteristics and forecast skill

While all two years of ERA-5 reanalysis data are included for the training of the SOMs and the
construction of the regimes, “null" cases are removed after the SOM regimes are identified. Null
cases are taken to be forecast days when the maximum CSU-MLP system probabilities are less
than 15% for hail and wind and less than 5% for tornadoes, which is the “slight" risk probability
threshold for severe storms as defined by the SPC. The daily maximum CSU-MLP probabilities
for all three hazards must be less than this threshold in order for the case to be removed. Removing
null cases allows for the analysis to be restricted to cases when the CSU-MLP system predicted that
severe weather was likely (rather than when the model probabilities suggested that it was unlikely).

This approach resulted in a sample size of 381 cases over the two-year period. Table 3.2 illus-
trates the number of cases that were sorted into each node before and after null cases were removed.
There is substantial variability in the fraction of cases that are removed from each node anywhere

in CONUS, though the majority of nodes retain a reasonable number of cases for compositing. It
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Table 3.2: Summary of the number of total cases and non-null cases in each node, as well as the percentage
of cases that were retained after removing null cases.

node case non-null  percent case non-null  percent

number count case of cases count case of cases

(SOMO) count retained (SOM1) count retained

(SOMO)  (SOMO) (SOM1) (SOM1)
node0 107 83 77.6% 115 70 60.9%
nodel 57 33 57.9% 59 30 50.8%
node?2 161 61 37.9% 151 41 27.2%
node3 44 34 77.3% 46 38 82.6%
node4 21 11 52.4% 20 13 65.0%
node5 54 16 29.6% 81 29 35.8%
node6 92 76 82.6% 100 82 82.0%
node7 67 30 44.8% 42 30 71.4%
node8 124 37 29.8% 113 48 42.5%
total 727 381 52.4% 727 381 52.4%

is worth noting that this methodology inherently focuses the analysis on hits and false alarms of
the CSU-MLP system rather than its misses and correct negatives.

While only SBCAPE and shear parameters are used to train the SOMs, once the cases are
sorted among the nodes, additional environmental fields can be examined by constructing com-
posites. Compositing offers a way to analyze environmental characteristics of the non-null cases
that fall into each node. It is worth emphasizing that the composites are composed using the
ERA-5 reanalysis from the cases themselves (as opposed to any raw SOM node output, which do
not represent physical characteristics of the environment). Composite fields are shown as mean
standardized anomalies, which are computed relative to the 30-year climatology (following the
same procedure as the calculations for the SOM input fields). Regime characteristics are discussed
qualitatively.

The day-2 CSU-MLP forecasts for tornadoes, severe wind, and severe hail are sorted into their

appropriate SOM regime (i.e., each forecast is matched with the ERA-5 case that falls in that valid
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forecast period). Spatiotemporal patterns of the forecast probabilities are analyzed across each
node. Results are also framed in the context of the ERA-5 composites across the different regimes.
Brier skill score, or BSS, is used as the main verification method to evaluate the skill of the

CSU-MLP forecasts across various regimes. BSS is computed as follows:

BSfcst

BSS =1-
BSref

3.1

where BSj.s is the Brier score (Brier, 1950) of the CSU-MLP forecast, and BS,.; is the Brier
score of the reference climatology. The reference climatology is a smoothed daily 30-year clima-
tology (1990-2019) of severe weather reports from the SPC that has been used in past CSU-MLP
evaluations (see Hill et al. (2023) for details). BS describes how accurate a probabilistic fore-
cast is at predicting a binary event (typically using mean squared error), and the BSS describes
how good a probabilistic forecast is relative to climatology. A positive score would indicate that
the probabilistic forecast is more skillful than climatology, whereas a negative score implies the
opposite.

BSS is computed for CSU-MLP forecasts as well as SPC forecasts, so that the ML forecasts
can be compared both to climatology as well as operational human-generated guidance. Day-2
SPC forecasts are sorted into nodes in the same manner as the day-2 CSU-MLP forecasts. All
SPC day-2 forecasts that match the dates of the non-null day-2 CSU-MLP forecasts are retained
(regardless of whether they would be considered null cases or not). In order to create a fairer
comparison between the CSU-MLP forecasts (which have continuous probabilities) and the SPC
probabilities (which have discrete probabilities), probabilities from both products are discretized

to the midpoint of the SPC probability bins (see Hill et al. (2023) for more information).
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Figure 3.2: Mean standardized daily 500 hPa height anomalies (see methods for details), sorted by each
node in SOMO. Node numbers and the number of non-null forecast cases in each node are annotated on
each panel.

To analyze variability in skill across cases in each of the nodes, daily BSS is used to discrim-
inate between “best" and “worst" forecasts. Best forecasts are considered to be forecasts with a
daily BSS in the top 25% (75th percentile or greater) of all 381 forecasts in the dataset, whereas
worst forecasts are characterized by a daily BSS in the bottom 25%. Best and worst forecasts are

compared across the nodes.

3.3 Results
3.3.1 SOMe-identified regime characteristics
Examining the overall synoptic pattern using 500 hPa composite ERA-5 reanalysis standard-

ized geopotential height anomalies (z500; Figs. 3.2; 3.3) shows that there are distinct regimes

across the nodes identified by both SOMO and SOM1. In SOMO (Fig. 3.2), two of the nodes

68



composite standardized z500 (SOM 1)
"»' (b) node1 ; f

(f) node5

1 [|[n_cases = 29

(i) node8

N |[n_cases = 48

n_cases = 82 " |[n_cases = 30

-3.0 -2.5 -2.0 -1.5 -1.0 -0.5 060 05 1.0 15 2.0 25 3.0

Figure 3.3: As in Fig. 3.2, but for the SOM1 node configuration.

(nodes 2 and 5) show anomalous mid-level ridging over the western CONUS coupled with anoma-
lous mid-level troughing over the eastern CONUS. In SOM1, nodes 0, 1, and 2 match this pattern
most closely (Fig. 3.3a,b,c). Meanwhile several of the nodes in both SOMs show a nearly opposite
pattern, with an anomalous ridge in the eastern CONUS and an anomalous trough in the western
CONUS (i.e., nodes 6 and 7 in SOMO and SOM1). Node 3 in the SOMs resemble each other, with
above-average heights over most of CONUS and subtle troughing over Canada. Node 1 in SOMO
(Fig. 3.2b) and node 4 in SOM1 (Fig. 3.3e) are perhaps less similar to each other compared to other
nodes, but they share some resemblance to each other with respect to below-average heights in the
center of CONUS with slightly above-average heights in other locations. The node similarities

suggest that both SOMs pinpoint characteristically similar regimes.
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Figure 3.4: As in Fig. 3.2, but for precipitable water (PWAT).

However, despite the number of similarities in the 500 hPa height anomalies composited across
the nodes in each SOM, there are some differences in the synoptic regimes between the two SOMs.
For example, node 8 in SOMO (Fig. 3.2i), which shows below-average heights over the Mid-
Atlantic and the northern Intermountain West, does not share obvious similarities to any of the
nodes in SOM1. Similarly, the anomalously low heights over the Pacific Northwest coupled with
above-average heights in the eastern third of CONUS in node 8 of SOM1 (Fig. 3.3i) seems to be a
distinct regime from the nodes in both SOMs. Node 0 in SOMO (Fig. 3.2a) and node 5 in SOM1
(Fig. 3.3f) both suggest subtle troughing over the far southwest CONUS and northern Mexico but
are otherwise dissimilar from the other nodes.

Additional details can be gleaned about the regimes in SOMO and SOM1 by examining other

composite variables, such as precipitable water anomalies (PWAT; Figs. 3.4; 3.5). For example,
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Figure 3.5: As in Fig. 3.3, but for precipitable water (PWAT).

the 500 hPa height anomaly composites show nearly-identical patterns in nodes 6 and 7 in SOM1
(Fig. 3.3g,h), yet the precipitable water composites for these nodes appear different (Fig. 3.5g,h).
Node 6 shows anomalously moist conditions over the eastern half of CONUS with anomalously dry
conditions over the western half. Yet, node 7 focuses the largest PWAT anomalies over the Great
Lakes region, with a mixture of slightly-above and slightly-below average conditions elsewhere.
Some nodes with similar height anomaly patterns do, however, share similar moisture anomalies.
For example, nodes 2 and 5 in SOMO, which are characterized by a western CONUS ridge/eastern
CONUS trough pattern in the 500 hPa height anomalies, show similar composite PWAT anoma-
lies (Fig. 3.4c,f), with below-normal moisture accompanying the lower heights and above-normal

moisture accompanying the higher heights. Additionally, some of the nodes that are characterized
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Figure 3.6: As in Fig. 3.2, but for 10-m to 850 hPa vertical wind shear.

by similar 500 hPa height anomaly patterns across both SOMO and SOM1 (e.g., Figs. 3.2c; 3.3b)
also have similar composite PWAT anomalies (Figs. 3.4c; 3.5b).

Examining vertical wind shear anomalies, both in the 10-m to 850 hPa layer (SHR850; Fig. 3.6)
and in the 10-m to 500 hPa layer (SHR500; Fig. 3.7) in SOMO provides additional insights about
the regimes and may also elucidate which shear parameter is a better regime diagnostic. Equivalent
plots for SOMI can be found in Appendix A (Figs. A.16; A.15). One notable regime that stands
out among the SOMO nodes is node 6, which is characterized by anomalously high low-level shear
values over the Midwest (Fig. 3.6g) along with anomalously high mid-level shear farther upstream
(Fig. 3.7g), near where the 500 hPa height anomaly gradient exists (Fig. 3.2g). Node 5 shows
anomalously large SHR850 and SHRS500 values over the Northwest CONUS (Figs. 3.6f; 3.7f)

atop an anomalous ridge over the Southwest (Fig. 3.2f). Notably, SHR500 composite anomalies
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Figure 3.7: As in Fig. 3.2, but for 10-m to 500 hPa vertical wind shear.

are much smaller in magnitude overall compared to SHR850 composite anomalies. This finding is
also consistent in SOM1 (Figs. A.16; A.15), even though SOM1 uses SHR500 (not SHR850) in
its training. The stronger SHR850 anomalies among the different nodes suggests that it is a more
useful parameter for distinguishing between different synoptic environments than SHR500, which
could be attributed to differences in the widths of their distributions (i.e., the SHR850 distribution
could be wider than SHR500, providing opportunity for more extreme anomalies).

Another way to make sense of the SOM nodes is to study which seasons they are associated
with. In Fig. 3.8, most nodes are featured across most of the seasons, though there are some notable
features. For example, DJF is dominated by node 6 in both SOMO0 and SOM1, with at least a quar-
ter of wintertime cases being classified under that regime. Node 6 also describes a large proportion

of fall (SON) events. Recall node 6 is very similar in SOMO (Fig. 3.2g) and SOM1 (Fig. 3.3g),
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Figure 3.8: Regime composition of each season for (a) SOMO and (b) SOM1.

featuring prominent regions of below-normal and above-normal anomalies in the 500 hPa heights.
NodeO is also characterized by a longwave trough pattern over CONUS (specifically the Midwest),
and cases in that node also tend to comprise a large percentage of wintertime severe weather events
(Fig. 3.8). It is well-known that cool season severe weather events tend to rely on strong synoptic
forcing (e.g., Sherburn and Parker, 2014; Sherburn et al., 2016), so these observations agree with
physical reasoning. However, not all regimes fit this rationale. For example, node 7 in SOM1
exhibits a 500 hPa height anomaly pattern similar to node 6, yet node 7 cases account for a similar
fraction of severe weather events across all seasons (Fig. 3.8b). That is, despite sharing synoptic
characteristics with node 6, node 7 SOM1 cases do not seem as strongly tied to the fall and winter
season as node 6 cases do (though it is worth mentioning that there are nearly three times as many
forecasts in node 6 than node 7). Node 7 in SOMO shares similar z500 composite characteristic to
node 7 in SOM1 and despite them having the same number of cases, SOMO node 7 cases account
for a larger fraction of MAM events than the SOM1 node 7 does.

The spring, summer, and fall months feature a more diverse set of regimes in both SOMs

compared to winter months. In both SOMs, MAM, JJA, and SON all feature cases from all nine
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Figure 3.9: Fraction of non-null day-2 CSU-MLP hail forecasts out of total forecast days (381) at each node
diagnosed at SOMO. A non-null forecast day is considered a forecast with a maximum hail probability of at
least 15%; thus note that lower probabilities in the non-null cases are still considered here.

nodes (Fig. 3.8), whereas this is not the case for DJF. Nodes 4 and 5 are notably absent from the sets
of wintertime cases. This result can likely be attributed to the methods used and seasonal variability
in severe storm environments. Recall that while all two years of reanalysis data are used for the
SOM development, only cases associated with CSU-MLP forecasts that have at least a “slight"
risk are used for the node composites and subsequent analysis. Severe storm environments tend to
be much more common in spring through fall than they are in the winter (and thus frequency of
CSU-MLP severe probabilities also tend to fluctuate seasonally), so a disproportionate number of
winter environments are removed from the dataset. Thus, events in the spring through fall appear

to be described by the SOM regimes with more granularity than the winter cases.
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Figure 3.10: As in Fig. 3.9, but for day-2 CSU-MLP tornado forecasts. Note the maximum daily probability

must only exceed 5% to be considered a null case here.
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Figure 3.11: As in Fig. 3.9, but for day-2 CSU-MLP wind forecasts.
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3.3.2 CSU-MLP forecast characteristics across regimes

With these SOM regimes introduced, characteristics of the CSU-MLP forecasts in the nodes
can be discussed. Figs. 3.9- 3.11 show the fraction of day-2 CSU-MLP forecasts (for hail, tor-
nadoes, and wind respectively) out of the total number of non-null forecast days (i.e., “slight" risk
days, or forecasts with a daily maximum probability of at least 5% or greater for tornadoes or 15%
or greater for hail) that fall into a given SOMO-defined regime!!. Equivalent plots for the SOM1
regimes are not discussed here for the sake of brevity, but they can be found in Appendix A.

There 1s apparent spatial variability in the CSU-MLP hail, tornado, and wind forecasts. One
notable feature is that a majority of CSU-MLP hail probabilities along the East Coast tend to be as-
sociated with the node0 regime (Fig. 3.9a). This observation holds true for the tornado (Fig. 3.10a)
and especially the wind forecasts (Fig. 3.11) as well. This regime is characterized by relatively
weak synoptic forcing compared to many of the other regimes according to the 500 hPa height
anomalies (Fig. 3.2a), with composite PWAT anomalies 2 to 3 standard deviations above the mean,
especially over the Northeast (Fig. 3.4a). Low-level (10m—850 hPa) shear values are also anoma-
lously high across this region (Fig. 3.6). A large fraction of northern High Plains hail probabilities
also are grouped into node0, though that is not the case for the tornado or wind probabilities. In
this region, the node0 composites show near-normal to below-normal shear and instability, which

contrasts the pattern along the East Coast (Figs. A.6a; 3.7a).

"Note that the contours for each forecast day include probabilities as small as 2% for tornadoes and as small as 5%
for hail and wind (i.e., a “marginal” risk). So, shaded areas reflect the frequency of CSU-MLP forecasts with a
maximum probability at least in the “slight" risk (not the overall frequency of 15% or greater probabilities).
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Node 6 also describes a relatively large fraction of CSU-MLP tornado, hail, and wind forecasts
(Figs. 3.9¢g; 3.10g; 3.11g). Of particular note is the large fraction of tornado, wind, and hail fore-
casts in the Midwest and tornado probabilities in the Deep South that fall into this node. Node 6 is
characterized by a distinct swath of positive 500 hPa height anomalies over the western CONUS
coupled with negative height anomalies to the east (Fig. 3.2g). These height anomalies are ac-
companied by large positive PWAT anomalies stretching from the Midwest to Gulf Coast, with
particularly high values near the Great Lakes (greater than 3 standard deviations above the mean;
Fig. 3.4). There are also anomalously high amounts of low-level (10m-850 hPa) and deep-layer
(10m-500 hPa shear) present (Figs. 3.7g; 3.6g) in these locations.

Separate from nodes 0 and node 6, there are a few other characteristics about the forecast
frequencies across the SOMO nodes that are worth mentioning. For example, CSU-MLP wind
probabilities are common across the southeastern CONUS, and they occur with notable frequency
across a number of nodes in addition to nodes 0 and 6 (i.e., nodes 1, 2, 3 and 8; Fig. 3.11). Nodes
4, 7 and 8 seem to be dominated by High Plains hail probabilities as opposed to other regions
(Fig. 3.9). Lastly, probabilities west of the Rockies are rare, but they seem to be well-distributed
across the nodes (rather than confined to specific regimes). While the same could be said for a
number of regions east of the Rockies, it is a little surprising given the infrequency of severe storm
environments in western CONUS cases that they did not cluster on specific CAPE/shear regimes.
Perhaps these cases were largely ignored by the SOM algorithm due to relatively weak signals in

the SBCAPE and shear fields compared to other cases.
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Table 3.3: BSS threshold for 75th percentile and 25th percentile cases for the 381 CSU-MLP and SPC
day-2 forecasts of hail, tornadoes, and wind.

Forecast product 75th percentile 25th percentile

BSS threshold BSS threshold

(“best" cases) (“worst" cases)
CSU-MLP hail 0.051 -0.127
CSU-MLP tornado 0.005 -0.061
CSU-MLP wind 0.110 -0.017
SPC hail 0.057 -0.027
SPC tornado 0.009 -0.016
SPC wind 0.087 -0.003

3.3.3 CSU-MLP forecast skill across regimes

Table 3.3 shows the minimum threshold for the 25% most skillful (or “best") and maximum
threshold for the bottom 25% least skillful (or “worst") day-2 CSU-MLP and SPC forecasts, based
on daily BSS. Note that the “best" forecast thresholds are greatest for the wind forecasts (followed
by the hail and then the tornado forecasts), meaning that those forecasts have the most stringent
criteria for being considered a “best" forecast (relative to the hail and tornado forecasts). It also
demonstrates that the wind forecasts tend to be the most skillful among the three hazards, which
generally agrees with the findings in Hill et al. (2020) though is somewhat complicated due to
practices surrounded estimated wind reports (e.g., Edwards et al., 2018).

Using the thresholds in Table 3.3, the “best" and “worst" forecasts in each of the SOM nodes
can be identified. Figs. 3.12 and 3.13 show the relative percentage of CSU-MLP and SPC
forecasts in each node that are considered a “best" or “worst" forecast. Bars that are above the
25% line indicate that forecasts in those nodes tend to be disproportionately skillful (panels (a) and

(b)) or unskillful (panels (c) and (d)) compared to the other nodes. Note that this metric does not
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Figure 3.12: In the top panels, relative percentage of cases in each node with a daily BSS in the top 25%
of all (a) day-2 CSU-MLP forecasts and (b) day-2 SPC outlooks, separated by SOMO-identified node. In
the bottom panels, relative percentage of cases in each node with a daily BSS in the bottom 25% of all (c)
day-2 CSU-MLP forecasts and (d) day-2 SPC outlooks, separated by node. BSS for best and worst cases are
shown for day-2 hail (teal), tornado (pink), and wind (blue) forecasts. The black dashed line marks 25%.
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Figure 3.13: As in Fig. 3.12,
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necessarily describe which nodes have the largest (or smallest) BSS, but rather it describes which
nodes are most often associated with the most and least skillful forecasts.

There is variability across the hazards in terms of the frequency that forecasts in the nodes tend
to be skillful versus unskillful. In the CSU-MLP forecasts classified by SOMO, the most skillful
hail forecasts are most often associated with nodes 4, 5, and 7 (Fig. 3.12a), whereas the least skillful
forecasts tend to most frequently be associated with nodes 1 and 6 (Fig. 3.12c). SPC forecast skill
largely mirrors this result, with the exception of node 8 also showing a disproportionate number
of skillful forecasts compared to the other nodes (Fig. 3.12b). Nodes 6 and 7 exhibit similar
z500 composite anomalies (i.e., troughing over the western CONUS; Fig. 3.2), but CSU-MLP
hail probabilities in node 7 seem to be more confined to areas over the High Plains and Midwest,
whereas the probabilities in node 6 are more widespread (Fig. 3.9). It is worth noting that both
the CSU-MLP and SPC hail forecasts classified under the node 6 regime in SOM1 (which is
synoptically similar to node 6 in SOMO), also have a tendency to have low skill (Fig. 3.13).

Like the CSU-MLP hail forecasts, tornado forecasts in the SOMO node 1 and 6 regimes have a
greater tendency to perform poorly compared to forecasts classified under other nodes (Fig. 3.12c).
However, the tornado forecasts also have a greater propensity to perform well in nodes 1 and 6—
both in the CSU-MLP (Fig. 3.12a) and SPC (Fig. 3.12b) forecasts, which was not the case for
the hail forecasts. In other words, it seems that the tornado forecasts have both strong successes
(forecasts in the “best" category) and big failures (forecasts in the “worst" category) in these types
of regimes relatively often. Synoptically, these regimes are quite different from each other (Figs.
3.2b,g; 3.4b,g), and their forecast frequencies also differ spatially (Fig. 3.10b,g), so additional

analysis would be needed to understand why these particular regimes have greater likelihoods of
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having both good and poor forecast skill. It is worth noting that the SPC forecasts in nodes 1 and 6
do not have an increased tendency to be low-skill compared to forecasts in other nodes (Fig. 3.12d).
The worst-performing SPC forecasts seem to be disproportionately associated with nodes 5 and 8.

In general, the best CSU-MLP wind forecasts are relatively well-distributed across the nodes.
This pattern can be seen in both SOMO (Fig. 3.12a) and SOM1 (Fig. 3.13a) and suggests that the
skillfulness of wind forecasts may be less reliant on regime type (compared to the hail and tornado
forecasts). The worst performing CSU-MLP wind forecasts tend to be associated with the regimes
described by nodes 2, 6 and 7 in both SOMO and SOM1 (Figs. 3.12c; 3.13c). SPC wind fore-
casts in node 2 of SOMO also have a notably greater tendency to do poorly compared to forecasts
associated with other nodes (Fig. 3.12d). Interestingly, nodes 2, 6 and 7 are all characterized by
a prominent regions of positive and negative anomalies in the 500hPa height composites (Figs.
3.2¢c,g,h; 3.3c,g,h), suggesting that well-defined wave patterns in mid-level heights (that can at
times provide strong synoptic forcing) may not necessarily benefit wind forecast skill.

Across the different SOM nodes, there is clear variability in the frequency that CSU-MLP
probabilistic forecasts tend to exist among the best and worst predictions by the ML system. But
what does this skill look like across each of the nodes? Fig. 3.14 illustrates the mean BSS of the
best- and worst-performing CSU-MLP and SPC forecasts in each of the SOMO nodes (analogous
results for SOM1 are in Appendix A; Fig. A.21). In SOMO, the nodes with the most-skillful CSU-
MLP forecasts (i.e., forecasts that have a BSS above the 75th percentile) for hail, tornadoes, and
wind are nodes 3, 6 and 5 respectively (Fig. 3.14a). The nodes with the lowest mean BSS among
the poorest-performing forecasts, are nodes 3, 7, and 1 for the hail, tornado and wind forecasts

respectively (Fig. 3.14b). Indeed, the mean best and worst CSU-MLP hail forecasts are classified
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Figure 3.14: In the top panels, mean BSS for top 25% most-skilled (a) CSU-MLP day-2 forecast cases and
(b) SPC day-2 outlooks, separated by SOMO-identified node. In the bottom panels, mean BSS for the bottom
25% least-skilled (¢) CSU-MLP day-2 forecast cases and (d) SPC day-2 outlooks across the nodes. BSS for
best and worst cases are shown for day-2 hail (teal), tornado (pink), and wind (blue) forecasts. Teal, pink,
and blue dashed lines represent the mean BSS among all best (or worst) hail, tornado, and wind forecasts
across all the nodes. The number listed by each of the SOM node labels represents the total number of

non-null forecasts that are in that node.
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Figure 3.15: Mean number of CSU-MLP grid points with at least one (a), (b) hail, (c), (d) tornado, or (e), (f)
wind report among best and worst CSU-MLP and SPC forecasts, separated by SOMO nodes. Mean counts
are shown for CSU-MLP forecasts in the left column and SPC forecasts in the right column.

under the same SOM node (note that SPC forecast skill is also poor in this node; Fig. 3.14d). How-
ever, node 5—the most skillful among the “best" wind forecasts—has one of the lowest mean BSS
among the “worst" forecasts in that node, suggesting that wind overall forecast skill is relatively
high compared to other nodes and that node 5-type wind events are quite predictable. SPC wind
forecast skill is also very high in node 5, evidenced by the high mean BSS among both the best-
and worst-performing forecasts in that regime (Fig. 3.14b,d). Meanwhile, the regimes with the
highest mean BSS among the best-performing SPC forecasts are nodes 7 and 3 for the hail and
tornado forecasts (respectively).

One approach towards understanding variability in forecast performance across the different
SOM nodes is to study reports across each of the nodes. In Fig. 3.15, it is immediately appar-
ent that the best-performing forecasts (both by CSU-MLP and SPC) tend to be associated with
a much larger number of storm reports compared to the worst-performing forecasts. This obser-

vation is true across all hazard types and nodes, as well as for SOM1 (Fig. A.22). This result
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Figure 3.16: For each season, SOMO node composition of best and worst (a),(d) hail, (b),(e) tornado, and
(c),(f) wind forecasts that occurred during that season. The total number of best or worst forecast cases
falling into each season for a given hazard are annotated along the x-axes.

suggests that CSU-MLP and SPC forecasts performance is high during severe weather outbreaks
(when there are many reports) and lower when severe weather events are more isolated. The rela-
tively few reports associated with the poor-performing forecasts can also be viewed in map form
across the various nodes (Figs. A.23 - A.25). Among the individual nodes, the largest numbers
of storm reports among the best-performing CSU-MLP forecasts seem to occur in nodes 3 and 6
(Fig. 3.15a,c,e), which happen to be the best-performing nodes for the hail and tornado forecasts
respectively (Fig. 3.14).

To further understand characteristics of the most- and least-skillful CSU-MLP forecasts, the
best and worst forecasts can also be examined seasonally across the SOMO nodes. Fig. 3.16
illustrates the seasonal SOMO node composition of best- (panels a-c) and worst- (panels d-f) per-
forming CSU-MLP hail, tornado, and wind forecasts. One notable feature is the difference in the

fraction of node 6 forecasts comprising the hail forecasts between the best- and worst-performing
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cases. Among the best-performing hail forecasts (Fig. 3.16a), the forecasts associated with node
6 occupy a relatively small fraction of the MAM and JJA forecasts. However, among the worst-
performing forecasts, node 6 accounts for nearly 40% of the overall worst-performing forecasts
in JJA (Fig. 3.16d). This result suggests that JJA hail forecasts made under node 6 conditions are
likely to be less skillful. The frequency of the node O forecasts in the best- and worst-performing
tornado and wind forecasts also varies substantially. Among the best-performing tornado forecasts,
node O represents a relatively small fraction of the best-performing forecasts across the seasons,
especially in SON and DJF (Fig. 3.16b). Yet, node O tornado events account for very large frac-
tions of the worst-performing tornado events in JJA and SON (Fig. 3.16e). However, nearly the
opposite is true in the seasonal breakdown of the best- and worst-performing wind forecasts, where
node O forecasts dominate the best-performing wind forecasts (especially in SON and DJF), and
they comprise relatively small fractions of the worst-performing forecasts (Fig. 3.16c¢,f). To sum-
marize, node regimes are more common at certain times of year than others, and there is seasonal

variability in how often they tend to yield forecasts with high skill versus low skill.

3.4 Discussion: node characteristics of best- and worst-performing CSU-MLP forecasts

It is helpful to contextualize the CSU-MLP forecast skill across the SOM nodes in terms of the
regime and forecast characteristics. As such, this section takes a closer look at the SOMO regime
characteristics associated with the best- and worst-performing hail, tornado, and wind forecasts.
The specific nodes that are discussed here have the highest (or lowest) mean BSS among the
75th percentile and 25th percentile CSU-MLP forecasts that are in each SOMO node. According to

Fig. 3.14a,b, nodes 3, 6, and 5 have the highest mean BSS among the best-performing hail, tornado,
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and wind forecasts (respectively), and nodes 3, 7 and 1 have the smallest mean BSS among the
worst performing hail, tornado, and wind forecasts (respectively).

Both the best- and worst-performing CSU-MLP hail forecasts tend to occur in node 3 of SOMO
(Fig. 3.17). Hail forecasts in node 3 cover almost the entire eastern two-thirds of CONUS, and
thus they do not account for a large fraction of hail forecasts in any particular area (Fig. 3.9d).
However, reports associated with the best-performing node 3 hail forecasts tend to occur over the
Plains, parts of the Deep South (including Louisiana, Mississippi, and Alabama), as well as in
parts of the Mid-Atlantic (Fig. A.23d). Reports associated with worst-performing are sporadic
and occur intermittently over the High Plains and Deep South. Node 3 hail forecasts constitute
a similar fraction of forecasts across all seasons, with their biggest prevalence seeming to occur
during the summer and winter months (Fig. 3.8a). The best-performing node 3 hail cases occur
exclusively in MAM and JJA, while the worst-performing node 3 hail forecasts span all seasons
(Fig. 3.16a,d). Node 3 is characterized by very little synoptic forcing based on the 500 hPa and
850 hPa height anomalies (Fig. 3.17b,c). There tends to be subtle troughing over Canada near
the Great Lakes region in node 3 cases, evidenced by below-normal mean sea level pressure and
enhanced low-level shear (Fig. 3.17d,f). Lastly, there are indications of a west-east moisture and
instability gradient between the Plains and areas further east (Fig. 3.17a,1) and a cold frontal trough
(Fig. 3.17d), which could perhaps act as a catalyst boundary for severe storm development.

The best-performing CSU-MLP tornado forecasts with the highest average BSS occur in SOMO’s
node 6 (Fig. 3.18). Node 6 tornado forecasts also span a large area of CONUS, but they comprise
the largest fraction of forecasts over the over the Great Lakes region and the Deep South relative

to other locations (Fig. 3.10g). The tornado reports associated with the best-performing node 6
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Figure 3.17: ERA-5 reanalysis composite anomalies for a variety of fields for the node 3 regime in SOMO.
The CSU-MLP day-2 hail forecasts with both the best and worst skill tend to occur in node 3.
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Figure 3.18: As in Fig. 3.17, but for node 6. The best-performing CSU-MLP day-2 tornado forecasts tend
to be associated with node 6 regimes.
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forecasts tend to be concentrated over these regions as well (Fig. A.24g), which makes sense given
the enhanced positive skill of these forecasts. In general, node 6 forecasts comprise an appreciable
fraction of forecasts in each season (Fig. 3.8a), and the most-skillful tornado forecasts in node 6
also span all seasons (Fig. 3.16b). However, the most-skillful node 6 CSU-MLP tornado forecasts
comprise the largest fraction of the best-performing tornado forecasts during SON and DJF, ac-
counting for 40% and 50% of cases respectively. Contrary to node 3, node 6 suggests prominent
synoptic-scale forcing, with anomalous low 500 hPa heights over the Intermountain West and a
850 hPa negative height anomaly displaced slightly further east (Fig. 3.18b,c). There is anomalous
shear present on the eastern sides of the trough anomalies (Fig. 3.18e,f) that is also accompanied
by anomalously warm, moist, unstable air (Fig. 3.18a,g,h). This overall pattern is indicative of an
ejecting longwave trough with moist, unstable air downstream and is a classic pattern associated
with severe weather outbreaks.

The worst-performing CSU-MLP tornado forecasts tend to be associated with synoptic condi-
tions described by node 7 (Fig. 3.19). In general, the tornado forecasts characterized by node
7 are mostly limited to the central CONUS (Fig. 3.10h). Among the tornado reports associ-
ated with the best- and worst-performing forecasts, most reports occur in tandem with the best-
performing forecasts in that node; there are very few reports that occur with the worst-performing
forecasts (Fig. A.24h). This poor performance accompanied by few reports suggests that the
worst-performing tornado forecasts in node 7 occur either because the model overforecasts tornado
probabilities under these conditions (and the magnitude and/or spatial extent of the probabilities is
not backed up by reports), or the probabilities are displaced and the reports are fully missed by the

forecasts. As for seasonality, node 7 forecasts only occur in spring, summer, and fall (Fig. 3.8a).
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Figure 3.19: As in Fig. 3.17, but for node 7. The worst-performing CSU-MLP day-2 tornado forecasts tend
to be associated with node 7 regimes.
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The worst-performing node 7 CSU-MLP tornado forecasts comprise the largest portion of over-
all worst-performing tornado forecasts during MAM (Fig. 3.16e), though best-performing node 7
CSU-MLP tornado forecasts comprise a similar proportion of the best-performing MAM tornado
forecasts. Node 7 composite anomalies show below-normal z500 over the western half of CONUS
and the opposite over the eastern half of CONUS (Fig. 3.19b). This pattern is even more strongly-
pronounced in the z850 anomalies (Fig. 3.19¢). Other features include positive SHR850, PWAT,
and 2-m dew point anomalies over the Midwest and Plains (Fig. 3.19f,g,i), suggesting the pres-
ence of northward moisture transport. Interestingly, despite the anomalously strong SHR850, the
SHRS500 is very weak in node 7 (Fig. 3.19¢), suggesting that the strongest shear in these cases may
be limited to the lower levels in this node. SHR500 has been shown to be an important variable to
the CSU-MLP tornado forecasts (Mazurek et al., 2025), so perhaps the model struggles with this
prediction task when SHRS500 is weak.

Among the best-performing CSU-MLP wind forecasts, the forecasts with the highest mean
BSS tended to occur in node 5 (Fig. 3.20). The wind reports associated with the best-performing
wind forecasts occur almost exclusively across the Southeast (Fig. A.25f). CSU-MLP wind prob-
abilities also occur in this vicinity as well as across the Midwest and Plains, suggesting that the
above-average skill among the node 5 wind forecasts may be limited to forecasts over the South-
east (Fig. 3.11f). However, it is worth mentioning that there are relatively few node 5 forecasts
(16 total, with 4 being classified as “best-performing"), so conclusions may be limited. Despite
the limited number of cases, there is a clear pattern in the z500 and z850 composites, including

anomalously low heights over the eastern third of CONUS (Fig. 3.20b,c). Composites of other
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Figure 3.20: As in Fig. 3.17, but for node 5. The best-performing CSU-MLP day-2 wind forecasts tend to
be associated with node 5 regimes.
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fields offer fewer details, though it seems there may be enhanced deep-layer shear (SHR500) over
the Southeast, near where the CSU-MLP wind forecasts and associated reports tend to occur.
Lastly, some of the worst-performing CSU-MLP wind forecasts tend to occur in node 1 of
SOMO (Fig. 3.21). CSU-MLP wind probabilities in node 1 occupy a notable fraction of total
probabilities over the Southeast, Mid-Atlantic and Ohio Valley (Fig. 3.11b). Reports associated
with the worst-performing node 1 forecasts mostly occur across the South, though there are a
number of cases that also occur in the western CONUS (Fig. A.25b). Node 1 forecasts occupy
the largest fraction of DJF forecast cases compared to other seasons (Fig. 3.8a), which is also the
case among the worst-performing CSU-MLP wind forecasts specifically (Fig. 3.16f). Node 1 is

characterized by anomalous CAPE, SHR850 and PWAT over Southeast CONUS (Fig. 3.21a,f,g).

3.5 Summary and Conclusion

This work utilizes self-organizing maps, or SOMs, to study variability in forecast skill of two
years of day-2 probabilistic random forest-based severe weather forecasts for tornadoes, wind, and
hail from the Colorado State University Machine Learning Probabilities (CSU-MLP) system. Key

points from this research can be summarized as follows:

e The SOMs trained on surface-based CAPE and SHR850 (SOMO0) and surface-based CAPE
and SHR500 (SOM1) are both effective at diagnosing nine synoptically-distinct regimes.
There is some overlap in node characteristics between the two SOMs, though each SOM

also has nodes with unique characteristics.

* SHR850 composites overall have stronger, more definitive anomalies than the SHR500 com-
posites in both SOMs, suggesting that SHR850 may be a better parameter to use for regime

diagnostics.
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Figure 3.21: Asin Fig. 3.17, but for node 1. The worst-performing CSU-MLP day-2 wind forecasts tend to
be associated with node 1 regimes.
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» CSU-MLP forecasts exhibit some spatial variability across the nodes, suggesting that some
of the SOM-identified regimes tend to be correlated with severe weather events in certain

locations.

* There is variability in the relative frequency of the most and least skillful forecasts across

the nodes. This result at times varies between CSU-MLP forecasts and SPC guidance.

* Some nodes have a tendency to be associated with both disproportionately more most- and
least-skillful forecasts compared to the other nodes, suggesting that forecast performance in

some nodes can fluctuate substantially (despite similar environmental conditions).

» Some nodes capture both some of the best- and worst-performing forecasts among the whole
dataset, which further supports the previous claim. The CSU-MLP hail forecast performance

in SOMO’s node 3 exemplifies this finding.

* Forecast skill in some nodes remains high even when the worst-performing forecasts are
considered. The skillful CSU-MLP wind forecast performance across many of the SOMO

nodes, especially nodes 5 through 7 support this observation.

* The most skillful CSU-MLP and SPC forecasts tend to be associated with more storm reports
than the least skillful forecasts. This result suggests that the worst-performing forecasts tend
to stem from either missed isolated reports or false alarms (rather than incorrect contour

placement during events with many reports, for instance).

More broadly, this work offers valuable insights on the CSU-MLP system’s predictability
across different environments. Understanding scenarios where the model tends to make skillful

versus less skillful predictions could allow the products to be used more strategically. Thus, these
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results may be useful to forecasters who actively use or would like to use CSU-MLP guidance in
their day-to-day predictions. More broadly, by establishing relationships between synoptic patterns
and forecast skill, this work classifies connections between large-scale environments and charac-
teristics of subsequent severe weather events. These results could help inform future studies aiming
to better understand how subtle differences in large-scale atmospheric patterns are correlated with
severe storm outcomes.

In this study, SOMs are shown to be a useful tool here for examining ML forecast performance
across different weather regimes. There are a number of avenues for future work that are inspired
by this research. For example, experiments with different SOM configurations could be conducted,
such as adding or substituting environmental fields used in SOM training (e.g., moisture variables).
Different combinations of variables could also be used to train separate SOMs for examinations
of various hazard types (e.g., a SOM trained on downdraft CAPE may prove useful for assessing
skill of probabilistic CSU-MLP wind forecasts specifically). Best- and worst-performing CSU-
MLP forecasts could also be used to stratify SOM inputs before training; this approach could yield
more granular insights on the relationships between environmental characteristics and CSU-MLP
forecast performance. Adding more CSU-MLP forecasts to the dataset could also clarify findings
for a similar reason. Additionally, future work could aim to better correlate the timestamps of input
fields with the onset of severe storms (rather than using data at a single timestamp). Doing so may
illuminate stronger relationships between CSU-MLP forecast skill and timing of observed severe
weather. SOMs could also easily be used to evaluate CSU-MLP forecasts at longer lead times
(particularly in the medium range) or other ML-based prediction systems altogether. Lastly, while

this work has focused on using SOMs to study CSU-MLP forecast skill, it could also be used to
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study the skill of the GEFS itself. Understanding areas of strong/weak predictability in the GEFS
could illuminate regimes under which there are deficiencies in the ensemble’s ability to forecast

the environment (which inevitably would impact the CSU-MLP system’s forecasting capabilities).
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Chapter 4
Analyzing Derived Convective Parameters from Deep Learning Weather

Prediction Models

4.1 Introduction

Artificial intelligence (AI)-driven weather forecasting systems are rapidly being developed
across numerous agencies, particularly over the last couple of years. Many of these models harness
deep learning machine learning (ML) approaches (especially deep learning) to emulate numerical
weather prediction (NWP) output. Such methods offer computationally-savvy, data-driven alterna-
tives to traditional methods that rely on prognostic equations and parametrizations. As data-driven
methods, these deep learning weather prediction (DLWP) models are diverse in their training ap-
proaches, including relying on observations (e.g., Vaughan et al., 2024), reanalysis (e.g., Pathak
etal., 2022; Biet al., 2023; Bonev et al., 2023; Chen et al., 2023; Lam et al., 2023; Schmude et al.,
2024; Zhong et al., 2024), or some combination of reanalysis and NWP output (e..g, Bodnar et al.,
2024; Lang et al., 2024; Pathak et al., 2024).

DLWP seeks to provide both speed and accuracy advantages over NWP models. The initial
training of DLWP models is extremely computationally expensive, and due to their complexity
relative to other ML methods, substantial energy resources are needed (Xu et al., 2021). However,
once trained, DLWP models are extremely fast and efficient: Google’s GraphCast (Lam et al.,
2023), for example, can generate a 10-day global forecast in less than a minute—a task that would
require substantially more time in a physics-based system. With increased computing capabilities

accompanied by longer historical data records (exemplified by the recent extension of ERA-5 back
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to 1940, for instance; Hersbach (2023)), DLWP model development is more attainable now than
ever before. And in terms of accuracy, developers of these models have demonstrated that their
forecasts are competitive with forecasts from the European Centre for Medium-Range Weather
Forecasts (ECMWF)’s Integrated Forecasting System (IFS) (e.g., Bi et al., 2023; Lam et al., 2023;
Lang et al., 2024)—considered to be the gold standard for operational NWP (Rasp et al., 2024).
From a speed and accuracy perspective, it seems that DLWP models are ready to compete with
physics-based weather models.

However, while evaluations of DLWP systems from model developers are optimistic, many
additional comprehensive, operationally-focused evaluations are needed in order to identify their
fitness for various forecasting challenges. These types of studies can elucidate model behaviors
and provide application-based results that could make it easier for forecasters to increase their lit-
eracy on the output (e.g., Ebert-Uphoftf and Hilburn, 2023). To support these efforts, a number of
these DLWP systems have begun to be studied and leveraged for operational use (e.g., Ben Boual-
legue et al., 2024) and specific prediction tasks that have relevance to forecasters. For example,
Feldmann et al. (2024) computes most unstable convective available potential energy (MUCAPE)
and shear parameters from a number of these models to understand how they model pre-convective
environments. Their work finds that deriving MUCAPE and shear from DLWP forecasts does pro-
duce reasonable results across multiple global regions, though the skill of these parameters varies
substantially across each modeling system. DeMaria et al. (2024) evaluates DLWP model forecast
skill of tropical cyclones, showing that they are competitive against current NWP-based systems
for predicting their tracks but poor at forecasting intensity. Olivetti and Messori (2024) explores yet

another complex forecast problem by examining whether DLWP models are capable of predicting
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extreme temperatures and winds near the surface. Their work shows that DLWP models can pro-
duce skillful forecasts for extremes, however their skill varies substantially on location, magnitude
of the extremes, and other factors.

These works motivate the need to examine DLWP output for specific forecast problems, and
this study aims to contribute to furthering this research. Like Feldmann et al. (2024), this work ex-
amines convective environments and parameters in output from several DLWP models. However,
this research differentiates itself from that study in a few ways, such as the initial conditions, study
period, and types of convective parameters used in the analysis. Additionally, this study is framed
around determining the fitness of DLWP for day-to-day forecasting tasks, and emphasizes forecast
metrics to a smaller degree.

In this study, 22 months of forecasts from three DLWP systems, Pangu-Weather (Bi et al.,
2023), GraphCast Operational (Lam et al., 2023), and FourCastNetv2-small (Bonev et al., 2023),
are examined. These forecasts are run courtesy of the Cooperative Institute for Research in the
Atmosphere (CIRA) using initial conditions from the Global Forecasting System or GFS (Radford
et al., 2025). A combination of native output variables and derived convection-pertinent variables
(specifically, precipitable water, convective available potential energy, and deep-layer wind shear)
are compared to ERA-5 reanalysis and output from an operational physics-based model (i.e., the
GFS). Differences between the forecasts and reanalysis are studied seasonally and across different
convective events. This approach therefore provides both a big picture view of what derived con-
vective parameters generally look like from these three DLWP models, as well as investigates how
operationally-informative they may be for day-to-day forecasting. Thus, the overarching goal of

this work is to examine differences in the derived convective parameters and environments between
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the DLWP model forecasts, ERA-5 reanalysis, and GF'S forecasts, both broadly and for specific se-
vere convective events. The hope is that this research will help catalyze future investigations into
the potential utility of DLWP model output for operational forecasting.

This chapter continues as follows. In section 2, the DLWP model architectures, forecast data,
and analysis strategies are introduced. Section 3 highlights results for two years of forecasts as well
as select severe weather cases. Discussion, conclusion, and avenues for future work are included

in section 4.

4.2 Data and methods
4.2.1 Deep learning weather prediction models

The three DLWP models used here are similar in that all three are trained on ERA-5 reanalysis
(Hersbach et al., 2020) and are capable of producing global weather forecasts out to 10 days.
However, there are differences among their ML architectures.

FourCastNetv2 is a second generation version of its predecessor model, FourCastNet (Pathak
et al., 2022), which is regarded as the first DLWP model able to generate global forecasts that
were competitive with NWP. The original version of FourCastNet, developed by NVIDIA, is a vi-
sion transformer model that relies on an Adaptive Fourier Neural Operator (AFNO; Guibas et al.,
2022)-type architecture to make its forecasts (Pathak et al., 2022). However, this architecture led to
unstable performance when used with spherical coordinates, so a Spherical Fourier Neural Opera-
tor (SFNO) approach was designed and used to develop FourCastNetv2, which led to more stable
and accurate results (Bonev et al., 2023). Pangu-Weather was developed at Huawei Cloud soon
after the original FourCastNet. It distinguishes itself from predecessor DLWP in two ways. First,

its architecture is characterized by a novel three-dimensional Earth-specific vision transformer that

102



allows for three dimensional data to be directly input to the neural network (i.e., dimensionality
reduction is not needed). Second, they employ hierarchical temporal aggregation, which reduces
the number of time iterations needed to make a forecast and has speed and accuracy benefits, par-
ticularly at longer lead times (Bi et al., 2023). GraphCast is Google’s reanalysis-trained DLWP
model, and it relies on Graph Neural Networks or GNNs (Lam et al., 2023). The GNNs in Graph-
Cast are defined by nodes and edges, where the nodes contain information about the state of the
atmosphere and the edges describe the relationships between the adjacent nodes (which presents
itself as a graph-like structure). In addition to its architecture, GraphCast further distinguishes
itself from Pangu-Weather and FourCastNetv?2 in its temporal feature assembly approach by con-
sidering data from two timesteps prior to the forecast valid time (rather than only one timestamp)
as inputs. The operational version of GraphCast, which is the version studied here, is fine-tuned
from its parent model with several years of output from the ECMWF’s deterministic IFS model in
its training, meaning that it is not solely trained on reanlaysis. Since only the operational version

of GraphCast will be used in this study, it will be referred to throughout as GraphCast.

4.2.2 Generating forecast data

Open-source code provided by developers of all three DLWP models used in this study allows
for public users to download the already-trained models to their own machines. By removing
computationally-intensive training requirements, the average user can run their own forecasts with
relative ease. Researchers at the Cooperative Institute for Research in the Atmosphere (CIRA) are

one group that has harnessed these resources to generate forecast output (Radford et al., 2025).
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Instead of initializing forecasts using ERA-5 reanalysis (which all three models are trained
on), CIRA DLWP forecasts are forced using initialized conditions from the Global Forecast Sys-
tem (GFS). Using inputs from an operational numerical weather prediction (NWP) model allows
for predictions to be made in real-time, which offers benefits to real-world forecasting scenarios
that require timely model output. At the timing of writing this dissertation, CIRA forecasts are
actively being run for the three DLWP models examined in this study (as well as others) two to
four times per day (i.e., every 6 to 12 hours), using GFS initial conditions. Additionally, retrospec-
tive forecasts have been processed using GFS initializations back to at least 1 January 2022, with
archived forecasts from Pangu-Weather and FourCastNetv2 going back even further'?. Real-time
forecasts are publicly available!'?, and retrospective forecasts can be accessed via Amazon Web
Services'?.

An overview of the native variables output in the CIRA DLWP forecasts is shown in Table 4.1.
Note that some variables differ from model-to-model, as each of them are trained to predict a
slightly different suite of variables. Vertical pressure levels are kept consistent to 13 across the
three models, and forecasts have a quarter-degree spatial resolution that matches both the ERA-5
and GFS grids.

As seen in Table 4.1, the forecast variables are fundamental but limited in use for studying

convective environments. As such, a number of derived parameters that have relevance to con-

vective forecasting were generated from the CIRA DLWP forecasts. These variables are listed in

12GraphCast forecasts prior to 1 January 2022 were not generated, as the GraphCast Operational training dataset
includes data through the end of 2021, and thus forecast inputs prior to 2022 would not be independent from the
training data.

Bhttps://aiweather.cira.colostate.edu/

14https://noaa-oar-mlwp-data.s3.amazonaws.com/index.html
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Table 4.1: Native variables in archived CIRA DLWP forecasts (Radford et al., 2025). Variables that are not
included across all three models are bolded.

Model Vertical levels  Pressure-level variables Single-level variables
(hPa)
GraphCast 1000, 925, geopotential height, 10m u- and v-wind, 2-m
Operational 850, 700, 600, temperature, u- and temperature, MSLP, 6-h
500, 400, 300, v-wind, specific precipitation
250, 200, 150, humidity, vertical
100, and 50 velocity
Pangu- 1000, 925, geopotential height, 10m u- and v-wind, 2-m
Weather 850, 700, 600, temperature, u- and temperature, MSLP
500, 400, 300, v-wind, specific
250, 200, 150, humidity
100, and 50
FourCastNetv2- 1000, 925, geopotential height, 10m u- and v- wind,
small 850, 700, 600, temperature, u- and 100m u- and v-wind,
500, 400, 300, v-wind, relative 2-m temperature,
250, 200, 150, humidity MSLP, surface
100, and 50 pressure, total column

water vapor

Table 4.2. Given the limited vertical resolution of the DLWP output, it should be noted that some
of these parameters use very few vertical levels in their calculations. This limited resolution ob-
viously limits the quality of the output and will be discussed in greater detail later. These derived
parameters are not currently generated from the forecast output in real-time, but archived data are

accessible via the aforementioned Amazon Web Services bucket.

4.2.3 Analysis techniques

In this study, daily forecasts initialized between 1 January 2022 to 31 October 2023 are exam-
ined, yielding 22 months of data. While records of the native variables extend beyond that, there
remains a gap in the derived parameters between 1 November 2023 to 31 December 2023, and so
the study is restricted to just shy of two years. This limitation is not overly concerning, given that

severe weather activity is much lower during the cool season versus the warm season. The analysis
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Table 4.2: Derived convective parameters available in the CIRA DLWP archive. Variables examined in this
study are bolded.

Derived convective parameters
convective available potential energy (surface-based, mixed-layer, most-unstable)
convective inhibition (surface-based, mixed-layer, and most-unstable)
lifted index

planetary boundary layer height

precipitable water
storm relative helicity (0-1 km, 0-3 km)
Bunkers right-mover
vertical wind shear (850 hPa-200 hPa, surface-850 hPa, surface-500 hPa)

Sounding Locations

l

BIS
o

Y
y

s =

Figure 4.1: Selected point sites for the study, which are strategically co-located with upper-air stations:
Bismarck, ND (BIS), Norman, OK (OUN), Lincoln, IL. (ILX), Birmingham, AL (BMX), and Albany, NY
(ALB).
is restricted within a set of boundaries that roughly encompass CONUS (i.e., 60°W to 135°W and
20°N to 55°N) and forecasts valid at 0000 UTC are primarily focused on throughout this work (in
an effort to best-align the characteristics of the environment with the peak timing of severe storms
over CONUS). Both native and derived variables from the DLWP models are compared to ERA-5
reanalysis (Hersbach et al., 2020) and operational GFS forecasts in various capacities.

Forecasts are analyzed in three ways across this study. First, differences between the DLWP

derived parameters and ERA-5 derived parameters are studied across the full 22-month dataset.

This manuscript evaluates these differences in surface-based convective available potential energy
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Table 4.3: Number of "convectively favorable" forecasts at each site of interest. Convectively favorable
forecast days are defined by days when an SPC enhanced risk or greater intersects the County Warning Area
of the National Weather Service office that is co-located with the given site.

Location Number of forecasts

ALB 6
BIS 8
BMX 23
ILX 15
OUN 38

(SBCAPE)", precipitable water (PWAT), and vertical wind shear between the surface and 500hPa
layer. These variables are chosen as proxies for instability, moisture, and shear, which are three
critical ingredients for severe convection. In this analysis, as well as throughout the manuscript,
the ERA-5 fields are computed only with the 13 vertical levels that are in the DLWP output in an
effort to provide a more fair comparison between the two datasets. For some analyses, the ERA-
5 land-sea mask is applied, and only points containing land are included. These distinctions are
noted in the figure captions where appropriate. The objective of this analysis is to understand how
the DLWP derived parameters generally differ from ERA-5 parameters during different times of
year as well as spatially.

The second analysis in this study examines forecast data from five geographically-diverse sites
over CONUS (Fig. 4.1). In addition to their geographic locations and propensity for severe thun-
derstorms, these sites were specifically selected because they are co-located with upper-air sites
(which has particular relevance to the third analysis), and they are also co-located with National

Weather Service Weather Forecast Offices (NWS WFOs). This latter point was important for

ISSBCAPE has limitations, particularly in that it fails to capture nocturnal instability when the boundary layer cools.
However, given that this analysis studies output valid at 0000 UTC, these concerns should be mostly mitigated.
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the next part of the methods, which seeks to limit this part of the analysis only to convectively-
favorable days. “Convectively-favorable days" were determined using the Storm Prediction Center
(SPC) convective outlooks as a proxy: days are considered to be “convectively-favorable" when
a day-1 enhanced risk or greater (NOAA Storm Prediction Center, 2023b) intersects the county
warning area associated with the site. These cases were identified using the IEM automated data
plotter'®. The enhanced categorical risk was chosen in an effort to strike a balance between only
examining “higher-end" convective environments (rather than more marginal cases) while also not
ruling out too many cases such that the sample size is small. Over the 22 months of forecasts, the
method resulted in 90 cases across the 5 sites, with notable variability primarily due to differences
in severe storms climatology (Table 4.3). Note that there are some forecast days that are consid-
ered a qualifying event at multiple sites, but given the distances between the sites and assumed
environmental differences between them, the cases are considered separately.

Using this dataset of convectively-favorable days, vertical profiles of the atmosphere (specifi-
cally temperature and dew point!”) are examined for each of the sites. These vertical profiles are
compared both to ERA-5 as well as GFS output across varying lead times. GFS vertical levels
are restricted to 13 in the same way as ERA-5 for this analysis. The goal of this assessment is to
examine how the DLWP vertical profiles might depart from reanalysis and operational guidance
for events favorable for severe convection.

In the third analysis, DLWP forecasts for two case studies, chosen for their large differences

in synoptic characteristics, geographic location, and intensity, are presented. Forecasts from the

16https://mesonet.agron.iastate.edu/plotting/auto/?q=200

"Dew points are derived from either the specific humidity or relative humidity in the DLWP models.
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Figure 4.2: Daily mean difference in surface-based convective available potential energy (SBCAPE) be-
tween ERA-5 reanalysis and (a) GraphCast, (b) Pangu-Weather, and (c) FourCastNetv2-small for forecasts
initialized at 0000 UTC between 1 January 2022 and 31 October 2023. Data are plotted according to valid
time. Only grid points that contain land within the “CONUS" bounds defined in the methods are considered.
For each panel, lines are colored according to the forecast lead time listed in the legend.

DLWP models are compared to operational GFS guidance (with all levels retained) as well as ERA-
5. Convective parameters, soundings, and hodographs are compared among the three datasets.
Sounding and hodograph data are analyzed at the aforementioned point locations where appropri-

ate, and observed soundings from the sites are used as another comparison point.
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Figure 4.3: Median differences in derived surface-based CAPE (SBCAPE) between the three DLWP models
and ERA-5 reanalysis for (a)-(c) MAM 2022, (d)-(f) JJIA 2022, (g)-(i) SON 2022, and (j)-(1) DJF 2022-2023.
DLWP forecasts are issued at a 48-h lead time, and forecasts and reanalysis are valid at 0000 UTC. Note the
JJA use a different color bar than the other three seasons.

4.3 Results
4.3.1 Seasonal characteristics of derived convective parameters

Beginning with examining daily mean differences in values of SBCAPE (Fig. 4.2), there is clear
seasonality in the degree to which the DLWP forecasts differ from ERA-5. In all three models, the
daily mean differences are largest in the late spring through early fall, with a peak around August.
Differences are small in the winter season, likely because surface-based instability is very small or
non-existent over CONUS at that time of year. The differences in GraphCast and Pangu-Weather
are similar (Fig. 4.2a,b), and it appears that both DLWP models tend to generally forecast too much
SBCAPE relative to ERA-5. FourCastNetv2 also has this tendency, but to a more extreme degree
(Fig. 4.2c¢). SBCAPE differences between ERA-5 and the DLWP models generally get smaller

with shorter lead times across the three models.
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Figure 4.4: As in Fig. 4.4, but for SBCAPE derived from the 192-h forecasts.

Examining median SBCAPE differences between the DLWP and ERA-5 in map view across
different seasons can provide additional insights (Figs. 4.3; 4.4). As anticipated, differences
are very small over land areas during DJF (Fig. 4.3j.k,1), while differences are very large in JJA
(Fig. 4.3d,e,f). However, in the summer months, the magnitude and sign of the SBCAPE differ-
ences varies substantially across CONUS. Both GraphCast and Pangu-Weather show a tendency
for the DLWP models to produce less SBCAPE than ERA-5 over the Southeast and Ohio Valley,
while they tend to produce more over the Great Plains (Fig. 4.3d,e). FourCastNetv2 SBCAPE
values, on the other hand, are larger than ERA-5 almost everywhere across CONUS during the
summer months (Fig. 4.3d,e), which explains the differences in the daily means between those
forecasts and the other two DLWP models (Fig. 4.2). Additionally, the derived SBCAPE from the
DLWP over the Rockies is very noisy and tends to be larger than ERA-5 values there, particularly
at longer lead times (e.g., c.f. Figs. 4.3a,b,c; 4.4a,b,c). The same number of levels are used to

compute SBCAPE in the DLWP models and ERA-5 reanalysis here, so these differences cannot
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Figure 4.5: As in Fig. 4.2, but for precipitable water (PWAT).

be simply be attributed to the low vertical resolution in the DLWP models. Regardless, these fig-
ures show that the differences in SBCAPE between the forecasts and ERA-5 can be substantial, at
times more than 500 J kg~! during the summer months. If ERA-5 is taken as “truth", it is likely
DLWP SBCAPE fails to properly characterize the convective environment.

Like SBCAPE, mean daily differences in PWAT between ERA-5 and the DLWP models are
largest during the late spring to early fall across all three models (Fig. 4.5), with PWAT in the
DLWP models being generally less than ERA-5. PWAT remains lower in the DLWP models in

the cool season as well, though the daily mean differences are only on the order of a couple of
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Figure 4.6: Median differences in derived precipitable water (PWAT) between the three DLWP models and
ERA-5 reanalysis for (a)-(c) MAM 2022, (d)-(f) JJA 2022, (g)-(i) SON 2022, and (j)-(1) DJF 2022-2023.
DLWP forecasts are issued at a 48-h lead time, and forecasts and reanalysis are valid at 0000 UTC.

mm. There are not obvious differences between the models both in these daily means, nor in the
seasonal medians (Fig. 4.6). In fact, there are very few differences in the three models with regards
to the magnitude of the PWAT differences across various regions and seasons. Like with SBCAPE,
all models show the largest differences between ERA-5 and the DLWP models over the western
CONUS. Notable differences can also be seen over the Appalachians, suggesting that even though
the levels are consistent across reanalysis and the models, elevation seems to have some effect on
the PWAT calculations across the two datasets. As is seen in Fig. 4.5, PWAT differences become
larger with longer lead times, but the magnitudes of these differences are small and yield very few
changes in the seasonal medians (not shown).

Daily mean SHRS500 differences between the DLWP models and ERA-5 appear to show op-
posite seasonality compared to SBCAPE and PWAT. Fig. 4.7 illustrates that the largest shear
differences between the DLWP forecasts and ERA-5 occur in mid-fall to mid-spring; this pat-

tern is less obvious in the short-term forecasts but more obvious in the long-term ones. Given that
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Figure 4.7: As in Fig. 4.2, but for surface to 500 hPa vertical wind shear (SHR500).
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Figure 4.8: Median differences in derived 10m-500 hPa vertical wind shear (SHR500) between the three
DLWP models and ERA-5 reanalysis for (a)-(c) MAM 2022, (d)-(f) JJA 2022, (g)-(i) SON 2022, and (§)-(1)
DJF 2022-2023. DLWP forecasts are issued at a 144-h lead time, and forecasts and reanalysis are valid at
0000 UTC.
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Figure 4.9: As in Fig. 4.8, but for SHR500 derived from the 240-h forecasts.



dynamics are generally weak in the warm season, this result is not overly surprising. For forecasts
valid at shorter lead times, because the shear differences are so small, there are not obvious or
persistent seasonal or regional differences in the SHR500 fields that stand out among the three
models. However, when forecasts at longer lead times are evaluated, some subtle patterns begin
to emerge. For example, examining the median seasonal differences in derived SHR500 between
6-day (Fig. 4.8) and 10-day (Fig. 4.9) DLWP forecasts and ERA-5 shows that in MAM and JJA,
the DLWP models tend to have less shear than ERA-5 over the Midwest. This pattern is most ob-
vious in GraphCast (Figs. 4.8a,d; 4.9a,d), but it can also be seen to some extent in Pangu-Weather
(Figs. 4.8b,e; 4.9b.e). In the winter, when SHR500 differences tend to be greatest between the
two datasets, the 10-day forecasts all show greater median values over the northwestern CONUS
compared to ERA-5, particularly in GraphCast and Pangu-Weather (Fig. 4.9;,k). This pattern is
not evident in the 6-day forecasts, but it can be seen in the 8-day forecasts (not shown). In the
fall, Pangu-Weather and FourCastNetv2 seem to have greater SHR500 values compared to ERA-5
(Figs. 4.8h,i; 4.9h,1). Still, these patterns are much less clear than those in PWAT and SBCAPE,
which could be attributed to the fact that shear is tied solely to kinematics (which the DLWP mod-
els have shown to be rather successful at capturing in past work) as opposed to thermodynamics
(which the DLWP models have been shown to struggle with), so differences between the model
output and reanalysis may more subtle and difficult to interpret in these cases. Still, other analyses

may be better suited to assess SHR500 differences in greater detail.

4.3.2 Vertical profiles of temperature and dew point during severe weather events

In the previous section, it was shown that the PWAT in the DLWP models tended to be generally

lower than ERA-5, and examining dew point profiles can help illustrate why these differences
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Figure 4.10: Mean differences in vertical profiles of dew point between (a)-(f) Pangu-Weather forecasts and
ERA-5 and (g)-(1) Pangu-Weather forecasts and GFS forecasts. Differences are shown for forecasts valid at
0000 UTC on “convectively-favorable" forecast days (see methods for what constitutes such days). Mean
differences are show for forecasts at 10-, 8-, 6-, 5-, 3- and 1-day lead times. Each line is colored according

to the station they represent, which is listed in the legend along with the number of cases that contributed to
the mean.
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may exist. Beginning with Pangu-Weather, it is clear that across all 5 sounding sites that the
DLWP forecasts tend to be much drier compared to ERA-5 reanalysis at longer lead times (e.g.,
Fig.4.10a,b). Aslead time decreases, the overall mean difference does get smaller, especially in the
lower-levels (e.g., Fig. 4.10e,f). Dew point differences aloft remain several degrees Celsius lower
in Pangu-Weather compared to ERA-5 at pressure levels above approximately 400 hPa. Given the
already limited moisture at these levels of the atmosphere, this tendency is not overly concerning
(at least in the context of large-scale storm environments—these differences would perhaps be of
greater concern in finer-scale forecasts). Among the stations themselves, the mean dew point
difference at OUN seems to be more closely aligned with ERA-5 (on average) compared to the
other stations, though this could be related to the large number of samples included from that site.

When compared to the GFS, Pangu-Weather forecasts have less moisture throughout the verti-
cal profiles in some, but not all cases. For example, at 10- and 8-day lead times, Pangu-Weather
forecasts are generally drier compared to the GFS throughout the mid- and upper-levels at most
stations, but the average differences in dew points near the surface tend to vary from station to
station (Fig. 4.10g-h). This result implies that both Pangu-Weather and GFS are drier than ERA-5,
but Pangu-Weather tends to be the driest overall. At shorter lead times, these differences be-
come smaller, particularly in the lower atmosphere where the majority of moisture exists (e.g.,
Fig. 4.10k,1). It should be noted, however, that dew points near the surface remain slightly lower
on average in Pangu-Weather than the GFS even at 1-day lead times (and this is also true in the
ERA-5 data). While these differences are subtle, they could have notable implications in the de-

rived convective parameter computations (e.g., SBCAPE and PWAT).
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Figure 4.11: As in Fig. 4.10, but for GraphCast.
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Like Pangu-Weather, GraphCast also shows a tendency for dew point temperatures to be lower
than ERA-5 at longer lead times, and the differences become smaller at shorter lead times (Fig. 4.11a-
f). In general, the mean dew point profile differences relative to ERA-5 are very similar between
the Pangu-Weather and GraphCast forecasts over the various lead times. Thus, it is not too sur-
prising that the profile differences between GraphCast and the GFS (Fig. 4.11g-1) also show many
similarities to the dew point profile differences in Pangu-Weather versus the GFS.

The mean dew point difference profiles between FourCastNetv2 and ERA-5 also show that,
like GraphCast and Pangu-Weather, FourCastNetv2 tends to have less moisture in the low- to mid-
troposphere than the reanalysis (Fig. 4.12a-f). However, unlike Pangu-Weather and GraphCast,
the FourCastNetv2 forecasts do not exhibit the drier dew points in the upper atmosphere (above
approximately 400 hPa) like the other DLWP models. When compared to the GFS, the Four-
CastNetv2 profiles show more moisture in the upper levels, which was not seen in the GraphCast
or Pangu-Weather comparisons with the GFS (e.g., Fig. 4.12k,1). Those differences remain even
within a 1-day lead time. It is worth noting that FourCastNetv2 outputs relative humidity as a
native variable, while Pangu-Weather and GraphCast output specific humidity. Perhaps because
the models are trained to predict moisture slightly differently, there could be impacts on the dew
points that are derived from these moisture variables as a result. However, Feldmann et al. (2024)
suggest that moisture deficiencies in the models may be independent of thermodynamic moisture
conversions, as their work showed that such errors exist in the native moisture variable outputs
(before such conversions are made).

While the mean profiles can provide some useful insights on the overall behavior of the DLWP

model dew points throughout the column, examining individual forecasts of dew point profiles can
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Figure 4.12: As in Fig. 4.10, but for FourCastNetv2.
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Figure 4.13: Differences in vertical profiles of dew point between day-2 (a) FourCastNetv2, (b) GraphCast,
and (c) Pangu-Weather forecasts and ERA-5 for the 23 convectively favorable cases at Birmingham, AL. The
teal lines represent the profile differences for each case, and the yellow line represents the mean difference.

provide additional details. Fig. 4.13 shows dew point differences between (a) FourCastNetv2, (b)
GraphCast, and (c) Pangu-Weather and ERA-5 for the Birmingham, AL convective cases at 2-day
lead times. FourCastNetv2 seems to exhibit the least amount of variability in its differences with
ERA-5 compared to the other models (Fig. 4.13a), but all three forecasts display substantial case-
to-case variability, even at this relatively short lead time. Thus, it is important to emphasize that
the DLWP moisture tendencies will vary across individual forecasts.

Temperature profile differences between the DLWP models and ERA-5 show much less vari-
ability between them than the dew point profiles (Fig. 4.14). Around 50 to 200 hPa, model
temperatures tend to be higher than ERA-5, especially in Pangu-Weather (e.g., Fig. 4.14a) and
GraphCast (e.g., Fig. 4.14d). Below these levels, down to roughly 800 hPa, temperatures tend
to be lower than ERA-5 in the models. These differences become smaller for shorter lead times
(Fig. 4.14c,t,1), but differences on the order of several degrees Celsius between the models and re-
analysis remain, particularly near the tropopause. Near-surface temperature differences compared

to ERA-5 vary across the different models and sites, though by the 3-day lead time, most profiles
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Figure 4.14: Mean differences in vertical profiles of temperature at 9-, 6-, and 3-day lead times between
(a)-(c) Pangu-Weather, (d)-(f) GraphCast, and (g)-(i) FourCastNetv2 and ERA-5 reanalysis. Differences are
shown for forecasts valid at 0000 UTC on “convectively-favorable" forecast days (see methods for what
constitutes such days). Each line is colored according to the station they represent, which is listed in the
legend along with the number of cases that contributed to the mean.
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Figure 4.15: As in Fig. 4.14, but for differences between the DLWP models and GFS forecasts.
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show a greater propensity for having lower near-surface temperatures than ERA-5. For some sites,
discrepancies in mean temperature difference between the DLWP models and ERA-5 are at most
a couple degrees Celsius. Broader evaluations of these DLWP systems have shown skillful per-
formance for temperatures at the surface and aloft (Bi et al., 2023; Bonev et al., 2023; Lam et al.,
2023), and while the temperature differences are not totally unreasonable in the cases presented
here, these seemingly subtle differences can have subsequent implications (such as for computing
derived parameters, as will be discussed in greater detail later).

Results are similar when comparing the DLWP modeled temperatures to the GFS predicted
temperatures (Fig. 4.15). Temperatures above 200 hPa tend to be higher than the GFS and lower
throughout much of the rest of the atmospheric column. Across most of the lead times and sites,
temperatures near the surface also seem to be lower than the GFS, though there are some exceptions
(e.g., ALB seems to be warmer near the surface compared to other models; e.g., Fig. 4.15¢). Tem-
perature differences throughout the atmospheric column will inherently impact derived parameter

calculations, particularly for instability parameters such as SBCAPE.

4.3.3 Case studies

To examine the DLWP model output in a practical, operational manner, it is helpful to ret-
rospectively examine forecasts for individual cases. The two cases presented here examine two
severe weather events that were selected due to differences in their environmental characteristics,
seasonal timing, intensity, and location. The first case, also referred to as case 1 or the strongly-
forced case, took place in spring 2023 and affected the Midwest and Deep South. The second case

(case 2 or the weakly forced case), occurred in summer 2023 and impacted the Ohio Valley and
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| SPC Day 1 Outlook and Prelim. Reports Valid: 7 SPC Day 1 Outlook and Prelim. Reports Valid: —f
(a) “~___ 11630 UTC 03/31/2023 to 1200 UTC 04/01/2023 y (b) : 1300 UTC 08/12/2023 to 1200 UTC 08/13/2023

Figure 4.16: Day 1 SPC convective outlooks issued (a) 1630 UTC on 31 March 2023 and (b) 1300 UTC
on 12 August 2023. Both outlooks are overlaid with tornado (red), hail (green) and blue (wind) reports.
Significant severe wind and hail reports are labeled with squares and triangles respectively. The cases in
panels (a) and (b) will be referred to as case 1 (or the “strongly-forced" case) and 2 (or the “weakly-forced"
case) respectively.

Northeast. A brief meteorological summary is presented for each case prior to discussing their

respective forecasts's.

Case 1: 31 March - 1 April 2023

Case 1 was a rare SPC-defined high risk day, with reports ultimately stretching from the Great
Lakes region to eastern Texas (Fig. 4.16a). In the upper levels, a deep longwave trough with a
strong jet streak was centered near eastern Oklahoma and southern Nebraska and promoted diver-
gence aloft (not shown). In the mid- and lower-levels, the trough was displaced further eastward
(e.g., Fig. 4.17), which enhanced deep-layer vertical shear and created southerly flow that helped
advect moisture from the Gulf of Mexico. At the surface, a low-pressure system centered over
Nebraska quickly intensified as it moved into Iowa by the afternoon, which helped generate ad-
ditional shear in the lower levels (not shown). This classic severe weather regime supported the
development of both supercellular and linear convection throughout the outbreak area, ultimately

leading to several hundred tornado, severe wind, and hail reports.

3The SPC Mesoscale Analysis Archive was used to summarize the cases (https://www.spc.noaa.gov/exper/ma_
archive/).
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Figure 4.17: 42-h 500 hPa geopotential height forecasts valid for 1800 UTC on 31 March 2023 from (a)
GraphCast, (b) Pangu-Weather, (c) FourCastNetv2, and (e) GFS, as well as (d) ERA-5 reanalysis valid at
that time.
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Figure 4.18: 186-h surface-based CAPE forecasts valid for 1800 UTC on 31 March 2023 from (a) Graph-
Cast, (b) Pangu-Weather, (c) FourCastNetv2, and (e) GFS, as well as (d) ERA-5 reanalysis valid at that time.
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Figure 4.19: As in Fig. 4.18, but for the 42-h forecasts.
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Figure 4.20: Differences between forecasted SBCAPE in (a), (e) GraphCast, (b), (f) Pangu-Weather, (c),
(g) FourCastNetv2, and (d), (h) GFS and ERA-5 reanalysis. The top panels shows differences between the
DLWP models and ERA-5 for forecasts initialized 24 March 2023 at 0000 UTC (as in Fig. 4.18), and the
bottom panels show these differences for forecasts initialized 30 March 2023 at 0000 UTC (as in Fig. 4.19).
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Evaluating the evolution of SBCAPE at different forecast times helps illustrate how well the
models predicted the placing, timing, and spatial extent of the instability during the strongly-
forced case. Comparing forecasts from the DLWP models and GFS to ERA-5 at lead times of
approximately 8 (Fig. 4.18) and 2 days (Fig. 4.19), all three DLWP models illustrate a plausible
SBCAPE footprint at the longer lead time that is fine-tuned by the day-2 forecasts. In the 184-
h forecasts, GraphCast, Pangu-Weather, and FourCastNetv2 show a ribbon of moderate to high
SBCAPE stretching from the Gulf of Mexico into the Midwest, which generally agrees with the
ERA-5 reanalysis (Fig. 4.18d). There are some subtle differences among the three models at this
lead time, such as that GraphCast limits the northern extent of the strongest instability compared
to the other models (Fig. 4.18a), and FourCastNetv2 has larger amounts of SBCAPE (Fig. 4.18c).
Compared to the GFS, the three DLWP seem to have a better handle on the magnitude of instability
present, as the GFS only shows modest amounts in comparison (Fig. 4.18e). By the 42-h forecasts,
however, the models are visually in much better agreement with ERA-5, though it should be noted
that the GFS offers much more granularity than the DLWP models do (Fig. 4.19).

Another way to evaluate the SBCAPE from the DLWP models for these lead times is to ex-
amine their differences with ERA-5 (Fig. 4.20). For the 186-h forecasts, all three DLWP models
show a tendency to limit the northward extent of the instability relative to ERA-5, and they also
show too much instability to the east (Fig. 4.20a,b,c). Some of these issues may arise in subtle
forecast timing differences, however. For instance, GraphCast and Pangu-Weather show smaller
amounts of instability on the western side of the region of increased instability relative to ERA-

5 (Fig. 4.20a,b), while FourCastNetv2 shows greater instability in this area (Fig. 4.20c). These
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Figure 4.21: As in Fig. 4.17, but for forecasts initialized 24 March 2023.
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differences suggest that for this particular forecast, GraphCast and Pangu-Weather move the syn-
optic system too quickly (i.e., locations to the west stabilize too quickly) and FourCastNetv2 may
be too slow (i.e., locations to the west remain unstable for too long). The 500 hPa height fore-
casts at this lead time seem to confirm this theory: GraphCast and Pangu-Weather eject the trough
more quickly than ERA-5 (Fig. 4.21a,b,d), and FourCastNetv2 has the trough lagging slightly be-
hind ERA-5 (Fig. 4.21c,d). For the 42-h forecasts, despite the better placement of the greatest
instability (Fig. 4.19a,b,c,) and stronger agreement in the placement of the trough (Fig. 4.17a,b,c),
large differences in the magnitude of SBCAPE between ERA-5 and the DLWP models remain
(Fig. 4.20d,e,f). Results are noisy in these plots, but in general it seems that GraphCast has a
greater tendency to have too little SBCAPE relative to ERA-5, FourCastNetv2 tends to have too
much (but also does not bring the instability far enough north), and Pangu-Weather shows mixed
results.

To examine forecasts of the convective environment further, skew-T log-P diagrams can be
used to visualize temperature and dew point forecasts compared to reanalysis and observations
(Figs. 4.22; 4.23). Beginning with the forecasted soundings valid for 1800 UTC for 31 March at
the grid point nearest Lincoln IL, it is clear that all the models (including the GFS) struggle to cap-
ture moisture relative to ERA-5 and observations, illustrated by their uncertainty across different
forecast lead times (Fig. 4.22). The DLWP models show more smoothness over time in their dew
point fields compared to the GFS (Fig. 4.22d), due in part to the fact that the GFS has more vertical
levels in comparison. Still, while the DLWP dew point forecasts show uncertainty, they represent
the environment reasonably well compared to ERA-5 and observations (even getting closer to the

observed dew point profile in the mid-upper levels than ERA-5 suggests). This variability in the
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Figure 4.22: Time-evolution of forecast soundings from (a) Pangu-Weather, (b) GraphCast, (c¢) FourCast-
Netv2, and (d) the GFS valid at 1800 UTC 31 March 2023 at the model grid point nearest Lincoln, IL.
Red and teal lines show the temperature and dew point profiles (respectively) for forecasts initialized every
24 hours beginning at a 234-h lead time (approximately 10 days) to an 18-h lead time; lines darken with
decreasing lead time. The model forecasts are overlaid with the ERA-5 reanalysis using only 13 pressure
levels (orange), as well as the observed ILX sounding with all levels (white solid) only 13 vertical pressure
levels (white dashed).

134



Pangu-Weather GraphCast
" Lincoln, IL (ILX) forecasts valid 2023040100 UTC  Lincoln, IL (ILX) forecasts valid 2023040100 UTC

—— T, Td observed 3 —— T, Td observed
T, Td observed (sel. levels) T, Td observed (sel. levels)
—— T, TdERA-5 —— T, Td ERA-5

pressure (hPa)

lead time
240h
216h
192h

168h

-30 -10 40 40 -10 0 144h
temperature (C) temperature (C) 120h

FourCastNetv2 GFS
o Lincoln, IL (ILX) forecasts valid 2023040100 UTC Lincoln, IL forecasts valid 2023040100 96h

—— T, Td observed > —— T, Td observed 72h
T, Td observed (sel. levels) T, Td observed (sel. levels) h
—— T, TdERA5 I 48

24h

pressure (hPa)

-10 10
temperature (C) temperature (C)

Figure 4.23: As in Fig. 4.22, but forecasts, reanalysis, and soundings are valid for 1 April 2023 at 0000
UTC, and forecasts are initialized every 24 hours beginning at a 240-h lead time up to a 24-h lead time.
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dew point forecasts over time is also evident in forecasts 6 hours later (Fig. 4.23), though Graph-
Cast seems to match the ERA-5 reanalysis profile most closely. Note that the dew point profile
in the observed sounding is much different from both the forecasts and the reanalysis. It shows
a well-saturated atmosphere, which resulted from of a thunderstorm moving through Lincoln just
prior to the 0000 UTC launch (not shown). While the observed profile is different from the fore-
cast data, it is to be expected that present global resolution models, both ML-based and NWP, will
inherently miss these small details in forecasts. Further, it raises questions on how the vertical
profiles from the ML-based forecasts might appear in and around observed precipitation given that
(with the exception of GraphCast) they do not currently predict precipitation.

With respect to temperature, the DLWP models all demonstrate accuracy in their predictions,
even at advanced lead times (Figs. 4.22a,b,c; 4.23a,b,c). However, there is one major caveat
here: note that in the observed sounding at 1800 UTC, there is a low-level inversion (Fig. 4.22).
None of the DLWP models model this stable layer, but the GFS (while not perfect) is able to. It
is suspected that the primary reason for this deficiency in the DLWP models is due to the fact that
they have too few vertical levels to be able to properly capture such details. The ERA-5 reanalysis,
which only includes 13 vertical levels here, also does not show a stable layer and thus supports
this theory, however additional experimentation with the GFS vertical levels would be needed to
determine whether the DLWP have compounding issues or if missing stable layers is solely a
matter of limited vertical resolution.

Skew-T diagrams can also be examined for Birmingham, AL, which describes the forecasted
and observed environment in the southern part of the risk area (Fig. 4.24). Forecasted dew points in

the DLWP models show similar degrees of uncertainty as the forecasts for Lincoln, IL, and much
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Figure 4.24: As in Fig. 4.23, but forecasts and reanalysis are valid at the grid point nearest Birmingham,
AL. The 0000 UTC observed sounding from BMX is overlaid.
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of this uncertainty occurs in the mid- and upper-levels. Forecasted dew points in the lower levels
align well with the observed sounding in the three DLWP models. Interestingly, the GFS shows a
saturated sounding in the majority of its forecasted profiles (Fig. 4.24d), which disagrees with the
observed sounding as well as the DLWP forecasted moisture profiles. Temperature forecasts are
in good agreement across the forecasts from all models, however the DLWP models fail to capture
an observed stable layer in this example as well (Fig. 4.24a,b,c). To be fair, the GFS also largely
does not predict the temperature inversion, but it does show more stability near 850 hPa (where the
inversion occurred) compared to the DLWP models.

Comparing forecasted versus observed hodographs can help illustrate how well the models are
capturing wind shear during the event compared to observations and reanalysis (Figs. 4.25; 4.26).
Among the DLWP forecasts, the predicted shear profile does not change substantially in terms of
magnitude or direction over the 10 days of forecasts, evidenced by both the 1800 UTC and 0000
UTC valid times (Figs. 4.25a,b,c; 4.26a,b,c). Compared to ERA-5, the shear magnitude and
direction is well-predicted in both hodographs. However, compared to the observations, it appears
that the DLWP models significantly underdo the magnitude of the wind shear, as well as miss some
directional characteristics. For example, at 0000 UTC, the wind vectors in the DLWP models at
925 hPa (i.e., the second vertical level from the surface) are almost southwesterly (Fig. 4.26), while
it is southerly in the observed sounding (and nearly southerly in many of the GFS runs). Further,
the wind speed is nearly more than double in the observations at this level compared to the wind
speeds in the DLWP models. These differences would undoubtedly have significant implications
for derived shear-related parameters. The GFS seems able to capture the magnitude (at least in the

mid-levels) slightly better than the DLWP models (e.g., Fig. 4.26d), but it too underdoes the shear
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Figure 4.25: Time-evolution of forecast hodographs from (a) Pangu-Weather, (b) GraphCast, (c) FourCast-
Netv2, and (d) the GFS valid at 1800 UTC 31 March 2023 at the model grid point nearest Lincoln, IL.
Pink lines show the wind hodographs for forecasts initialized every 24 hours beginning at a 234-h lead time
(approximately 10 days) to an 18-h lead time; lines darken with decreasing lead time. The model forecasts
are overlaid with the ERA-5 reanalysis using only 13 pressure levels (orange), as well as the observed ILX
hodograph with all levels (thin white line) only 13 vertical pressure levels (bold white line).
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Figure 4.26: As in Fig. 4.25, but forecasts, reanalysis, and soundings are valid for 1 April 2023 at 0000
UTC, and forecasts are initialized every 24 hours beginning at a 240-h lead time up to a 24-h lead time
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Figure 4.27: 42-h 500 hPa geopotential height forecasts valid for 1800 UTC on 12 August 2023 from (a)
GraphCast, (b) Pangu-Weather, (c) FourCastNetv2, and (e) GFS, as well as (d) ERA-5 reanalysis valid at
that time.

magnitude substantially. These results are consistent in the Birmingham, AL soundings for this

case as well (not shown).

Case 2: 12-13 August 2023

The second case, which took place 12 to 13 August 2023, was a lower-end severe weather out-
break relative to case 1. On this day, there were actually four general areas where severe weather
reports ultimately occurred, including western South Dakota, southwestern Kansas into the Texas
Panhandle, the Tennessee Valley and Southern Appalachians, and the Ohio Valley into the North-

east (Fig. 4.16b). This case study will focus on this latter area of interest, where the SPC day-1
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convective outlook highlighted an enhanced risk of severe storms that day. Surface maps pre-
ceding the event showed an occluding surface low located near Lake Ontario on the morning of
12 August (not shown). A warm front associated with the system gradually pushed northeast-
ward across New York throughout the day, while the system’s cold front moved across the Ohio
Valley (not shown). Aloft, a shortwave trough became increasingly negatively tilted early in the
day over the Great Lakes region (Fig. 4.27), which enhanced southwesterly flow and ushered in
moisture and helped destabilize the atmosphere. New convection began to initiate midday across
Ohio, growing into a relatively disorganized multicellular cluster that produced severe wind and
tornado reports soon after (not shown). Meanwhile, downstream of this small thunderstorm com-
plex, isolated storms developed ahead within the warm sector and produced damaging winds and
a few tornadoes across New York, Pennsylvania, and other nearby areas (not shown). Beginning
with SBCAPE forecasts made approximately 8 days from the start of the event (Fig. 4.28), there
is much more variability in the SBCAPE forecasts among the three DLWP models compared to
the 8-day forecasts for case 1. Relative to ERA-5, GraphCast shows too little SBCAPE over the
Midwest and Ohio Valley (Fig. 4.28a). Pangu-Weather shows too much SBCAPE compared to
ERA-5 in this area, while results are variable for FourCastNetv2 (Fig. 4.28b,c). The GFS shows
little SBCAPE in the region of interest (Fig. 4.28). This lack of agreement among these forecasts
suggest that SBCAPE predictability by the DLWP may be even more difficult in weaker-forced
scenarios like this case, as opposed to stronger-forced cases like case 1, though additional case
studies are needed to confirm this theory. At the day-2 lead time, consensus is stronger among the
DLWP models (Fig. 4.29). Pangu-Weather has too much SBCAPE over Ohio and western Penn-

sylvania and New York (Fig. 4.29b), but the other two DLWP models are more closely aligned with
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Figure 4.28: 186-h surface-based CAPE forecasts valid for 1800 UTC on 12 August 2023 from (a) Graph-
Cast, (b) Pangu-Weather, (c) FourCastNetv2, and (e) GFS, as well as (d) ERA-5 reanalysis valid at that time.
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Figure 4.29: As in Fig. 4.29, but for the 42-h forecasts.
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ERA-5 (Fig. 4.29a,c). While these forecasts generally place instability in the correct locations of
where storms are likely, none of the DLWP models offer the level of detail provided by the GFS
(Fig. 4.29¢). Plus, the DLWP forecasts are still off by several hundreds of J kg~! of SBCAPE even
at a two-day lead time (not shown), so their output should be taken with caution.

The forecast soundings valid near Albany, NY at 0000 UTC for the case 2 period (Fig. 4.30)
display similar findings to the case 1 results. The temperature profiles show better run-to-run
agreement compared to the dew point profiles, but they also show more disagreement compared
to the temperature profiles in case 1. Interestingly, in the lowest levels, the DLWP models are
drier relative to ERA-5, but they are in closer agreement with the moisture profile in the observed
sounding that was launched three hours prior (at 2100 UTC). This pattern is also evident in the mid-
to upper-levels. It is worth noting that while there was not an inversion present on the observed
soundings, some of the GFS forecasts show one (Fig. 4.30d), yet none of the DLWP models do, an
observation that again may speak to limitations of their vertical resolution.

In the hodographs near Albany (Fig. 4.31), the DLWP models again show strong skill in captur-
ing the shape of the hodograph in the ERA-5 reanalysis, including at advanced lead times. In this
particular case, they perform much better than the GFS forecasts (Fig. 4.31d), which show a much
different wind shear profile in some of the model runs. Still, like the first case, the magnitude of
the shear in the DLWP forecasts is substantially underdone compared to the shear in the observed
sounding. This discrepancy is particularly obvious in the lowest levels, where the wind speed at
925 hPa is at least double in the observed sounding compared to the other models. Shear in the

lowest levels is crucial for tornado formation (e.g., Brooks et al., 2003; Thompson et al., 2003,
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Figure 4.30: As in Fig. 4.23, but for case 2. Forecasts, reanalysis, and soundings are valid for 13 August
2023 at 0000 UTC at the point nearest Albany, NY. Note the overlaid sounding from ALB is valid 3 hours
earlier at 2100 UTC on 12 August 2023, as this was the only available observed sounding at that site for this
case.
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Figure 4.31: As in Fig. 4.26, for case 2. Forecasts, reanalysis, and soundings are valid 13 August 2023 at
0000 UTC. Note the overlaid hodograph from ALB is valid 3 hours earlier at 2100 UTC on 12 August 2023,
as this was the only available observed sounding at that site for this case.
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2012), so the fact that the models (and ERA-5) differ from observations to this extent in this case

(as well as case 1) is noteworthy and has operational significance.

4.4 Discussion

To bring everything together, this study showed that vertical moisture profiles tended to be
drier in the DLWP models relative to ERA-5, which helps explain why they also tended to have
lower PWAT than ERA-5. DLWP temperature profiles also tended to be slightly cooler—especially
in the mid-levels and at longer lead times. While the magnitude of these differences between the
models and reanalysis may be on the order of only a few degrees Celsius, these differences could
certainly have impacts on the derived SBCAPE profiles. Lower temperatures in the mid-levels
would favor steeper low-level lapse rates and thus lead to larger SBCAPE values (with all else
being equal), so these subtle differences could be contributing to the generally larger SBCAPE
values in the DLWP models. However, the tendency for the DLWP models to have lower dew
points and lower temperatures near the surface would counter this point. Additionally, the apparent
inability of the DLWP models to identify inversions (due to their limited vertical resolution) has
obvious implications on the SBCAPE calculations. By limiting ERA-5 to 13 vertical levels, the
reanalysis also fails to account for inversions in its SBCAPE calculation, so inversions would not
impact the analysis shown here. However, using the full ERA-5 profile would inevitably change
the results. This point is discussed in greater detail below.

There are some similarities and differences between the findings in this study and those in
Feldmann et al. (2024). For example, their work also examined a strongly-forced severe weather
event as a case study, and like this study, they showed that the DLWP models were capable of

predicting large CAPE values at long lead times (i.e., a week) over the location where severe storms
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occurred. They also noted that the operational NWP model captured much finer details than the
DLWP models. In their broader CAPE analysis (their work used most-unstable or MUCAPE),
they also showed that FourCastNetv2 tended to predict the largest amounts of CAPE compared to
the other models and that the models performed best when CAPE was small. However, they also
found that FourCastNetv2 was less accurate at predicting humidity compared to GraphCast and
Pangu-Weather. Examining dew point and PWAT in this work, there did not seem to be obvious
deficiencies in that model that were not also present in GraphCast and Pangu-Weather. However,
these results focused more on scenario-based evaluations rather than broader forecast metrics,
so these results do not necessarily contradict their findings, as direct comparisons are limited.
Regardless, both works showed that the DLWP struggled with characterizing moisture, and there
is room for developmental improvements on this front.

It seems that using 13 vertical ERA-5 levels to compute the derived parameters (in the same
way they are computed for the DLWP models) has impacts on the results presented here. Namely,
preliminary research in this study used the raw PWAT and SBCAPE values from ERA-5 as the
reference dataset to compare to the DLWP output. This early analysis showed that the DLWP
output tended to have more PWAT and less SBCAPE than the ERA-5 raw variables— i.e., the
opposite of the results that were shown when only 13 vertical ERA-5 levels were used in the PWAT
and SBCAPE calculations. Bafio-Medina et al. (2024) also showed in their work that PWAT values
in the same DLWP models as this study tended to be consistently higher than the ERA-5 full-
profile PWAT. However, they found that using the native PWAT from FourCastNetv2 (and version
1) did not lead to this effect. Thus, it is apparent that 1) the limited vertical levels in the DLWP

models have serious implications on computing derived variables across layer depths and 2) there
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is motivation for predicting these variables directly, as has already been suggested by previous
work (Feldmann et al., 2024). This second point is further supported by preliminary examinations
of other derived DLWP variables in the CIRA dataset (not discussed here) that rely on fine-scale
information about the lower atmosphere, such as convective inhibition and mixed-layer CAPE.
Early analyses of these DLWP model derived variables have shown that they exhibit some strange
behaviors, such as mixed-layer CAPE values exceeding most-unstable CAPE values.

Despite these shortcomings, these results do offer some promise towards using derived DLWP
data for severe certain weather prediction purposes. The case studies presented here show that
the DLWP models can reasonably forecast the thermodynamics and dynamics of severe weather
environments at lead times beyond a week (at least comparably to the present GFS). The guidance
seems particularly useful for strongly-forced severe weather events, though it is helpful for weaker-
forced events as well. More broadly, these results (and the results in Feldmann et al. (2024))
demonstrate that DLWP models are best used when the derived variable quantities are small (e.g.,
the cool season and overnight for instability and the warm season for shear). This knowledge
is useful from a forecasting perspective, as a forecaster wanting to incorporate DLWP output in
their work could adjust their trust in the model output for different situations. Further, given
that aggregate evaluations of these models have shown that they capture large-scale atmospheric
features with greater skill than existing NWP systems (Bi et al., 2023; Bonev et al., 2023; Lam
et al., 2023) and that this work (as well as that presented by Feldmann et al. (2024)) shows that
derived convective parameters from DLWP models are reasonable, it is fair to suggest that they can

be integrated into operations in at least some capacity. However, it is imperative that forecasters
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remain privy to their shortcomings (as they do with other model output) if they do choose to use

them.

4.5 Summary and conclusions

This work examines convective environments and derived convective parameters over the CONUS
in three DLWP models: GraphCast, Pangu-Weather, and FourCastNetv2. 22 months of DLWP
model output and derived output from the Cooperative Institute for Research in the Atmosphere
are compared to ERA-5 reanalysis and operational Global Forecasting System (GFS) forecasts.
Three analyses of these forecasts are presented, each using an increasingly-detailed approach than
the last. Those results are summarized here.

In the first analysis, derived values of precipitable water (PWAT), surface-base convective avail-
able potential energy (SBCAPE), and vertical wind shear between the surface to 500 hPa (SHR500)
were compared across the 22 months of DLWP forecasts and ERA-5 reanalysis. The ERA-5
parameters were computed with the same 13 vertical levels as the DLWP forecasts for a fairer
comparison. Broadly, the DLWP models depicted more PWAT and less SBCAPE than ERA-5.
SBCAPE differences tend to be the largest in FourCastNetv2, while PWAT differences are roughly
equivalent among the three systems. SHR500 differences between the models and reanalysis were
mixed. The PWAT and SBCAPE differences between the DLWP models and ERA-5 were largest
during the warm season, while SHR500 differences were largest during the cool season.

In the second analysis, profiles of dew point and temperature were analyzed with respect to
ERA-5 and GFS forecasts during “convectively-favorable" forecast days across five geographically-
diverse sites: Albany, NY, Bismarck, ND, Birmingham, AL, Lincoln, IL, and Norman, OK.

Convectively-favorable forecast days were defined as days where a Storm Prediction Center (SPC)
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day-1 convective outlook of the “enhanced" or greater intersected the National Weather Service
County Warning Area of that site across the 22-month forecast archive. This approach yielded 90
cases. Examining the averaged dew point and temperature profiles across the many convectively-
favorable environments showed that dew points in the DLWP models tended to be drier than ERA-5
throughout most of the atmospheric column, which helps explain the tendency of the models to
have lower PWAT than ERA-5. These averaged differences became smaller at lead times within 5
days in the low- to mid- troposphere, but in GraphCast and Pangu-Weather, this pattern remained
at levels above approximately 400 hPa as well as near the surface. Compared to the GFS, Graph-
Cast and Pangu-Weather dew points were also lower (especially aloft), yet FourCastNetv2 dew
points tended to be higher than the GFS in the upper levels. Still, there was substantial variability
in dew point behavior across individual forecasts, making it challenging to identify clear biases.
Temperature profiles in the DLWP models showed a much greater degree of predictability than
the dew point profiles, but they still differed from ERA-5 and the GFS. Compared to ERA-5, the
DLWP models tended to have higher temperatures above 200 hPa and lower temperatures below
200 hPa, especially between 800 hPa and 200 hPa. Similar results were found in comparisons to
the GFS. It is hypothesized that because the DLWP models tend to have lower temperatures in the
mid-levels, which correlate with steeper lapse rates, the models thus tend to have larger SBCAPE
values (despite the lower amounts of moisture present).

In the third analysis, DLWP forecasts were examined for two severe weather outbreaks: one
strongly-forced event and one weakly-forced event. As was shown in the second analysis, the
DLWP models struggled with predicting moisture (as seen in the dew point profiles), but they

were much better at predicting temperature. However, due to their limited vertical resolution, the
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DLWP failed to model shallow stable layers that are able to be captured by the GFS. Examining
hodographs of the DLWP forecasts showed that the models were very effective at modeling the
shear direction and evolution relative to ERA-5 reanalysis, however they fell short of capturing the
true magnitude of the shear compared to the observed sounding hodographs. Lastly, there tended
to be greater predictability at longer lead times in the DLWP model forecasts—both in the evolution
of SBCAPE forecasts and predicted sounding profiles—in the strongly-forced case compared to the
weakly-forced case.

This work only scratches the surface of operationally-focused analyses of the DLWP forecasts
for convective events, and there are a number of opportunities for future work. For example, it
would be worthwhile to investigate the DLWP forecasts for specific types of convective events,
such as nocturnal events or cold season events. Characteristics of forecasts associated with prolific
tornado versus hail versus severe wind events would be another interesting research avenue. It
would also be worthwhile to identify potential failure modes in DLWP systems, such as if there
are situations when they predict large co-located values of CAPE and shear, but severe storms do
not occur. And lastly, future work should aim to identify additional flaws in the DLWP model
output that have relevance to convective forecasting (such as their inability to capture inversions).
Knowledge of these DLWP model shortcomings and successes is key for supporting their potential

future use in operational forecasting.
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Chapter 5

Summary and Conclusions

5.1 Summary

In this dissertation, three studies that aim to better understand machine learning (ML)-based
forecasts of severe convective weather hazards and environments at short to medium-range lead
times are presented. Forecasts from architecturally-diverse ML systems are investigated through
a number of lenses. Specifically, Chapter 2 elucidates how environmental information is used
to make ML-based probabilistic severe weather forecasts. Chapter 3 probes forecast skill across
a variety of severe weather-producing regimes. And finally, Chapter 4 investigates how derived
convection-related parameters and environments in deep learning weather prediction (DLWP)
model output compare to reanalysis and operational forecasts. Summaries of each of these studies
are presented here.

In Chapter 2, Tree Interpreter (TI; Saabas, 2014), an explainable artificial intelligence method
for analyzing random forest (RF) ML-based forecasts, is harnessed to analyze two years of proba-
bilistic severe weather forecasts from the Colorado State University Machine Learning Probabili-
ties (CSU-MLP) system. Two years of CSU-MLP forecasts of tornadoes, severe convective wind,
and severe hail at two- and three-day lead times, as well as “any” severe convective hazard at day
4. TI is used to disaggregate the daily CSU-MLP probabilities into “feature contributions”. This
approach allows for an examination of how each of the environmental input variables (i.e., fields
from the Global Ensemble Forecast System, or GEFS) contribute to the probabilistic forecasts

temporally and spatially. Overarching results of this work show that characteristics of the feature
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contributions that comprise the CSU-MLP probabilities resemble aspects of severe convective en-
vironments. For example, CSU-MLP probabilistic severe weather forecasts are strongly influenced
by environmental input variables that are intimately tied to observed severe convection, including
surface-based convective available potential energy (SBCAPE), wind shear, and LCL height. Ad-
ditionally, there is seasonal variability in the magnitude to which these variables influence the
forecasts, with thermodynamic input variables contributing to the probabilities more strongly than
dynamic variables in the warm season (and vice-versa in the cool season). This variability fol-
lows seasonal availability of these ingredients in the real world: thermodynamic ingredients tend
to be more plentiful in the summer, whereas kinematic ingredients tend to be more abundant in
the winter. Examining relationships between the values of the feature contributions and the val-
ues of the environmental inputs from the GEFS further elucidates the relationships between them.
For instance, larger values of SBCAPE and shear tend to correlate with larger SBCAPE and shear
contributions (which would enhance CSU-MLP probabilities), whereas surface-based convective
inhibition (SBCIN) often tends to negatively contribute to the probabilities. While much of this
work focuses on understanding characteristics of the CSU-MLP feature contributions in aggre-
gate over many forecasts, finer details can be gleaned by examining feature contributions in an
individual case. Applying TI to the now-operational CSU-MLP forecasts for both aggregated and
the individual forecasts can offer benefits to forecasting. Namely, the aggregate analysis illumi-
nates that the CSU-MLP system makes its predictions in ways that are consistent with physical
relationships in the atmosphere, which could enhance overall trust in the product. For individual

forecasts, a forecaster can use TI to probe how specific environmental information contributes to
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the CSU-MLP predictions—analogous to the “ingredients-based forecasting” framework that most
are already well-acquainted with.

Chapter 3 also analyzes forecast output from the CSU-MLP system, but this project focuses on
forecast skill across regimes. To identify regimes, self-organizing maps (SOMs) are leveraged to
identify synoptic scale weather regimes in reanalysis data (ERA-5) over a two-year period. Two
SOMs are constructed using 2100 UTC daily ERA-5 reanalysis standardized daily anomalies. One
SOM is trained on SBCAPE and 10m-850hPa wind shear, and the other trained on SBCAPE and
10m-500hPa wind shear. Each SOM is trained to generate 9 regimes with meteorologically-distinct
characteristics. Day-2 probabilistic forecasts of tornadoes, wind, and hail from the CSU-MLP sys-
tem are sorted into their respective regimes that describe the ambient conditions during each of
their forecast periods. Only day-2 forecasts that have a maximum probability at least in the Storm
Prediction Center-defined “slight” risk category are considered (i.e., the maximum daily CSU-MLP
forecast probability must exceed 5% for tornadoes or 15% for hail or wind to be considered a case).
The CSU-MLP forecast skill is compared to forecast skill of the Storm Prediction Center (SPC)
convective outlook skill across the various nodes and hazard predictions. Composites of environ-
mental variables across each of the nodes show that there is overlap between the types of regimes
identified by each of the SOMs, but each SOM also diagnoses a few of their own unique regimes.
Frequency of CSU-MLP forecasts across the nodes varies spatially for each of the hazard fore-
casts, suggesting that some SOM regimes are closely related to CSU-MLP forecast probabilities
in certain regions. Brier skill score is used to identify the best- and worst-performing CSU-MLP
forecasts over the SOM nodes, and results show that the nodes characterized by the best- and

worst-performing forecast skill varies by hazard type. Examining nodes of the SOM trained on
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SBCAPE and 10m-850 hPa shear (“SOMO0") and in greater detail shows that CSU-MLP best- and
worst-performing CSU-MLP tornado forecasts both occur in strongly forced synoptic regimes, but
the best-performing tornado forecasts appears to have a greater magnitude of forcing compared to
the worst-performing regime based on environmental composite analysis. Best-performing wind
forecasts also occur in a regime with stronger synoptic forcing compared to the regime where its
worst-performing forecast tend to occur. Interestingly, the mean best- and mean worst-performing
hail forecasts occur within the same node in the first SOM, suggesting that both the most-and least-
successful forecasts can occur under similar synoptic conditions, and additional analysis may be
needed to further diagnose catalysts for the forecast performance. Lastly, the most-skillful CSU-
MLP and SPC forecasts tend to be associated with many reports, while the less-skillful forecasts
tend to be correlated with fewer reports. This finding implies that poor skill likely stems from a
combination of false alarms and isolated events.

Finally, in Chapter 4, focus is shifted towards analyzing a series of different ML-based fore-
casts. In this work, output from three DLWP systems—GraphCast Operational, Pangu-Weather, and
FourCastNetv2-small-is examined in the context of severe convection. In this work, 22 months
of Global Forecasting System (GFS)-initialized daily forecasts from these three models are used
to generate a number of derived parameters that have relevance to severe convective forecast-
ing. Environments and parameters from these model forecasts are analyzed in three ways. First,
three of the derived parameters (precipitable water (PWAT), SBCAPE, and surface-500hPa shear
(SHR500)) are compared to ERA-5 reanalysis spatially and seasonally over the 22 month period.
Differences in PWAT and SBCAPE are greatest during the warm season, whereas shear differences

are largest during the winter months. Average PWAT values tend to be lower than ERA-5 overall,

157



SBCAPE values tend to be generally larger than ERA-5 (with largest discrepancies occurring in
the summer and over the Rockies), and results for SHR500 are mixed. Second, forecast point data
from five geographically-diverse radiosonde sites are compared to ERA-5 reanalysis and the GFS
output. In these data, it is shown that temperature profile data between the DLWP models, GFS,
and ERA-5 show strong agreement, even at lead times of a week or more. Profiles of dew point
have much larger differences between the DLWP models and both the GFS and reanalysis, with
moisture differences between the datasets at times exceeding 10°C or more even at lead times as
short as two days. Many of these characteristics are consistent across the different sites, suggesting
that they may represent broader characteristics of the forecasts. Third, DLWP forecasts from two
case studies of severe weather events—one strongly-forced case and one weekly-forced case—are
examined. Soundings and hodographs show that the DLWP models struggle to capture moisture
and may underestimate wind shear magnitude, though their predictions of temperature and direc-
tional shear are comparable to ERA-5 and observations. The DLWP also fail to predict low-level
stable layers present in the observations in the GFS forecasts and the observations for these cases,
which is likely caused by their limited vertical resolution. Understanding differences in the native
variable forecasts in convective environments presents can help with hypotheses on the causes of
discrepancies in the derived parameters in the models compared to reanalysis. For instance, per-
haps the DLWP models’ inability to capture shallow stable layers may be contributing to larger
derived SBCAPE values. This work demonstrates that while derived convective parameters from
some DLWP may offer insights on convective environments, the degree to which they are useful

varies by model and variable, parameter, and even on a forecast-by-forecast basis.
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5.2 Future work

Though the CSU-MLP probabilistic severe products are now operational at NOAA, there are a
number of additional studies that could be conducted with the modeling system that have not yet
been explored. For example, the studies presented in Chapters 2 and 3 inherently focus on days
when the CSU-MLP system does issue probabilities for severe hazards. An investigation of days
when the system does not issue probabilities (both for correct negatives and misses) would also
be interesting, particularly if explainability approaches (such as TI) are used. Further, qualitative
survey results containing Storm Prediction Center forecaster evaluations of the CSU-MLP severe
probabilities have not been thoroughly explored. These results likely offer invaluable suggestions
for how the probabilities could be better presented for operational forecasting in the future. With
this said, there are a number of parameters in the CSU-MLP system that could be tuned in fu-
ture experiments to support efforts to optimize its performance. Potential experiments include,
but are not limited to: adjusting environmental input variables (e.g., computing shear parameters
over fixed rather than pressure-based layer depths), changing predictor assembly techniques (e.g.,
increasing/decreasing the spatial radius of inputted grid points), or using environmental data from
other models for initialization (e.g. from the ECMWF Integrated Forecasting System, or IFS).

Development of DLWP systems that emulate NWP has increased dramatically in recent years,
and with new systems becoming available (and open-source) frequently, nearly endless opportuni-
ties exist to study their output using explainability methods and statistics, as well as leverage their
output for specific tasks related to convective environments. As a starting place, there are a number
of convection-pertinent parameters derived from the CIRA archive of deep learning forecasts that

were not examined here, such as lifted index, storm relative helicity, and convective inhibition.
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Exploring the quality of these parameters would be a logical next step from the work presented
in Chapter 4, though it is hypothesized that they may be poor given the limited vertical resolu-
tion of the DLWP models. Additionally, CIRA has begun to run additional DLWP forecasts than
those used in this dissertation, including the ECMWEF’s Artificial Intelligence Forecasting System
(AIFS; Lang et al., 2024) and IFS-initialized forecasts for Pangu-Weather, GraphCast, and Four-
CastNetv2. Comparing convective environments and derived convective parameters from these
forecasts with those used in Chapter 4 present another avenue for future work. Exploring these
parameters from the GFS-initialized forecasts in other locations globally (building on work by
Feldmann et al. (2024)) or from the perspective of other convective hazards (e.g., flooding) may
also be worthwhile.

Beyond analyzing output of the DLWP models, these output data could also be harnessed to
generate post-processed output for predicting severe weather. A few studies have already begun to
use them for this purpose (e.g., Flora and Potvin, 2024; Hill and Radford, 2024), but there are many
existing data-driven forecasting systems that could experiment with incorporating DLWP output as
inputs to the models (as opposed to relying on NWP output). If successful, these endeavors could

allow such forecast products to be generated and viewed by forecasters in a more timely manner.

5.3 Final thoughts

ML offers a promising new frontier for weather forecasting. With multiple new ML-based
weather prediction systems being released practically each month, this field will continue to evolve
very quickly in the coming years, and it is impossible to forecast how it may look a decade from
now. As developers continue to advance and fine-tune these models, it is essential that scientists

continue to dedicate time to studying ML forecasts from physics-informed perspectives. Because
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a large percentage of this development is being pioneered in the private sector at present (largely
because of their computing advantages), perhaps academia will feature a smaller role in develop-
ing ML-based forecasting models and a larger role in employing their subject-area expertise to
understand ML predictions (Bauer, 2024). These scientific efforts are essential to bringing these
datasets to operational weather forecasters: as ML forecast output becomes more widely dissemi-
nated, forecasters will continue to have increased interest in understanding their characteristics and
biases, so they can better use them in their day-to-day predictions.

This dissertation research supports these operationally-informed objectives by analyzing output
from just a couple of ML-based weather forecasting models to understand and communicate their
strengths, shortcomings, tendencies, and “quirks”. It is hoped that the results presented herein
underscore the importance of scientifically investigating these new types of forecast output before
they are used in decision-making. While this work supports broader efforts towards trust and
transparency of ML prediction systems, there are still a number of ongoing discipline-specific
barriers (e.g., McGovern et al., 2022a), such as forecaster training, that will need to be overcome

before such systems can be fully assimilated into the weather enterprise.
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Appendix A

Supplementary Material for Chapter 3

A.1 Example SOM parameter tuning experiments

A few SOM parameter tuning experiments are provided here as justification for the inputs used
in the final SOM configurations. Details on each experiment are provided in the figure captions.
All tuning experiments shown here were conducted with the SOMO environmental inputs (i.e.,
SBCAPE and 10m-850hPa shear) with a 3x3 rectangular lattice structure.

These experiments show that relationships between the SOM parameters and SOM skill are
non-linear, and it is difficult to parse some of the patterns. However, the results show that changes
to the parameters generally do not result in remarkable skill differences with respect to topographic
and quantization errors. A few overarching findings from these experiments can be summarized as

follows:

* Increasing rough and fine-tuning training lengths beyond a few epochs does not seem to
result in large skill differences. Fine-tuning training lengths seem to have a particularly

small influence on skill (c.f., Figs. A.1; A.2).

* Despite little correlation between training length and skill, differences in skill across various

random seeds seems to converge across when rough training length is increased (Fig. A.1b).

* There is some variability in SOM skill across the random seeds (e.g., Figs. A.4; A.5). How-

ever, these skill differences seem relatively small.

* For some random seeds, the SOM can get “stuck" and try to sort all cases into 3 nodes rather

than 9. This behavior results in quantization errors that are larger than other random seeds
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and topographic errors of zero (e.g., Figs. A.1; A.5). Such random seeds are not used for the

SOM training.

* The impacts of rough and fine-tuning training radius on skill are not entirely clear, however it

seems that keeping fine-tuning radius relatively small may result in smaller errors (Fig. A.4).
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Figure A.1: (a) topographic error and (b) quantization error for assorted rough training lengths. Fine tuning
training length is held constant at 10 epochs, and rough and fine-tuning training radii are 3 and 1 respectively.
Colors correspond to assorted random seeds.
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Figure A.5: Quantization error vs. topographic error for SOMs initialized over 50 random seeds. Rough
and fine-tuning training radii are both set to 1, and training lengths are held constant at 20 ad 5 epochs

respectively.
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A.2 SOM regime characteristics

Additional characteristics of the trained SOM regimes presented in Chapter 3 are provided
here. This includes environmental composites not included in the main text, as well as forecast
frequency composites and skill-related assessments across the various nodes. Details are included

in the captions.
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Figure A.6: Mean standardized daily surface-based CAPE anomalies, sorted by each node in SOMO. Node
numbers and number of non-null forecast cases in each node are annotated in each panel.
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Figure A.7: As in Fig. A.6, but for 2-m temperature.
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Figure A.8: As in Fig. A.6, but for 2-m dew point.
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Figure A.9: As in Fig. A.6, but for mean sea level pressure.
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Figure A.10: As in Fig. A.6, but for 850 hPa geopotential heights.
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Figure A.11: Mean standardized daily surface-based CAPE anomalies, sorted by each node in SOM1. Node
numbers and number of non-null forecast cases in each node are annotated in each panel.
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Figure A.12: Asin Fig. A.11, but for 2-m temperature.
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Figure A.13: As in Fig. A.11, but for 2-m dew point.
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Figure A.14: As in Fig. A.11, but for mean sea level pressure.
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Figure A.15: As in Fig. A.11, but for 10-m to 500 hPa vertical wind shear.
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Figure A.16: As in Fig. A.11, but for 10-m to 850 hPa vertical wind shear.
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Figure A.17: Asin Fig. A.11, but for 850 hPa geopotential heights.
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Figure A.18: As in Fig. 3.9 but for SOM1: fraction of non-null day-2 CSU-MLP hail forecasts out of total
forecast days (381) at each node diagnosed at SOM1. A non-null forecast day is considered a forecast with
a maximum hail probability of at least 15%; thus note that lower probabilities in the non-null cases are still
considered here.
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Figure A.19: As in Fig. A.18 but for day-2 CSU-MLP tornado forecasts. Note that the maximum daily

probability must only exceed 5% to be considered a null case here.
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Figure A.20: As in Fig. A.18, but for wind forecasts.
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Figure A.21: As in Fig. 3.14, but for the SOM1 node configuration.
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Figure A.22: Mean number of CSU-MLP grid points with at least one (a),(b) hail, (c), (d) tornado, or (e),
(f) wind report among the best and worst CSU-MLP and SPC forecasts, separated by SOM1 nodes. Mean
counts are shown for CSU-MLP forecasts in the left column and SPC forecasts in the right column.
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Table A.1: Aggregate BSS for CSU-MLP and SPC forecasts in the 75th percentile (“best cases"). Aggregate
scores are computed across each node for SOMO and SOM1. The largest and second largest (i.e., best and
second best) node-aggregated BSS are denoted by a double and single asterisk (respectively) for SOMO and

SOML.
SOM  node CSuU SPC CSU SPC CSU SPC
75%ile 75%ile 75%ile 75%ile 75%ile 75%ile
aggregate aggregate aggregate aggregate aggregate — aggregate
BSS hail BSShail BSStorn BSStorn BSSwind BSS wind
SOMO node0  2.41%** 1.86%* 0.98%* 1.00%* 3.99* 2.30%*
SOMO nodel 0.80 0.76 0.49 0.52 1.06 1.38
SOMO node2 1.45% 1.59 0.52 0.41 1.52 1.31
SOMO node3 0.87 0.80 0.55 0.63 1.62 1.87
SOMO node4 0.54 0.32 0.02 0.05 0.00 0.14
SOMO node5 0.67 0.86 0.03 0.10 0.83 1.06
SOMO node6 1.20 1.96%* 1.78%* 1.59%* 4.409%* 3.77%*
SOMO node7 1.37 1.61 0.46 0.34 1.47 1.52
SOMO node8 1.09 1.44 0.45 0.47 2.01 2.24
SOM1 node0  2.15%* 1.43 0.81* 0.96* 4.12% 3.48%
SOM1 nodel 0.99 1.00 0.28 0.21 0.69 0.50
SOMI1 node2 1.18 1.84 0.43 0.34 1.92 2.00
SOM1 node3 0.45 0.44 0.62 0.36 1.40 0.59
SOM1 node4 0.34 0.38 0.18 0.13 0.48 0.40
SOM1 node5 0.82 0.31 0.27 0.45 1.55 1.30
SOM1 node6 2.14% 2.26%* 177 1.73%% 4.16%* 4.09%+*
SOM1 node7 0.35 0.72 0.51 0.57 1.36 1.48
SOM1 node8 1.98 2.83%* 0.42 0.36 1.31 1.75
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Table A.2: As in Table A.1, but for cases in the 25th percentile (“worst cases"). The smallest and second
smallest (i.e., worst and second worst) node-aggregated BSS are denoted by a double and single asterisk

(respectively) for SOMO and SOM1.

SOM node CSU SPC CSU SPC CSU SPC
25%ile 25%ile 25%ile 25%ile 25%ile 25%ile
aggregate aggregate aggregate aggregate aggregate — aggregate
BSS hail BSShail BSStorn BSStorn BSSwind BSS wind
SOMO node0 -11.21*  -10.45%* -14.16** -5.14* -3.35 -2.09
SOMO nodel -6.28 -3.41 -2.05 -0.80 -3.00 -0.50
SOMO node2 -3.56 -0.97 -4.52 -2.17 -3.92%* -3.32%
SOMO node3 -4.77 -3.07 -1.78 -0.95 -3.22 -1.53
SOMO node4 -0.23 0.00 -0.57 -0.05 -0.20 -0.30
SOMO node5 0.00 -0.17 -0.08 -0.35 -0.24 -0.15
SOMO node6 -15.26%* -8.63* -9.83* -6.07%* -5.85%% -3.69%*
SOMO node7 -4.86 -1.36 -5.60 -1.03 -2.59 -0.73
SOMO node8 -2.72 -3.79 -4.64 -3.07 -0.67 -0.40
SOM1 node0  -9.45% -6.66 -8.20%* -6.04%* -4.774%* -2.82%
SOM1 nodel -1.96 -0.22 -1.52 -0.74 -0.62 -0.13
SOM1 node2 -2.46 -1.37 -4.79 -2.76 -2.16 -1.79
SOM1 node3 -8.50 -7.45% -5.97 -1.07 -2.77 -0.45
SOM1 node4 -0.87 -0.72 -0.31 -0.05 -0.78 -0.19
SOM1 node5 -3.53 -2.09 -1.89 -0.78 -0.65 -0.16
SOM1 node6 -14.11**  -7.55%*%  _-12.09%* -2.87 -6.39%* -3.38%*
SOM1 node7 -6.52 -4.30 -6.13 -3.95% -2.55 -1.65
SOM1 node8 -1.48 -1.50 -2.33 -1.34 -2.37 -2.14
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hail reports for best/worst CSU-MLP forecasts (SOMO)

0 1 2 # of reports 3 4 5

Figure A.23: Frequency plot of CSU-MLP grid points with at least one hail report over the 381 forecasts
used in the study. Only reports that are associated with the 25% most-skilled CSU-MLP forecasts (blue) and
25% least-skilled forecasts (red) are shown. “Best" and “worst" thresholds are computed over all forecasts,
but results are stratified by each SOMO node.
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tornado reports for best/worst CSU-MLP forecasts (SOMO)

0 1 2 #of reports 3 4 5

Figure A.24: As in Fig. A.23, but for tornado reports.
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Figure A.25: As in Fig. A.23, but for wind reports.
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