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Abstract

As climate change accelerates, heat waves are becoming more frequent, intense, and
deadly. Enhancing predictive capabilities through a better understandingséasdnal drivers
of extreme heat is crucial for adaptation efforts. This stiligesan interpretable machine
learningmodel, implementindgextreme Gradient Boosting (XGBoost) with SHapley Additive
exPlanations (SHAP), to evaluate fhredictive strengtlof various climate factods including
local weather, global climate indices, geopotential heights, soil moisture, and sea surface
temperature® on extreme daily maximum temperaturékis model demonstrates strong
predictive performance for extreme heat in Austin, TUSA, o the subseasonal time scale,
with soil moisture features emerging as more influential than atmospheric features. Notably, our
analysis uncovers previously underexplored teleconnections between distant soil moisture
anomalies and local extreme heat, warranting further investigétisralso shown thahe
MaddenJulian Oscillation (MJO) has predictive value for extreme heat in Austin, underscoring
its utility relative to other indices like ENSO and NAO. This method shows promise for
application to other cities and for integration with dynamical modeling approaches, advancing

subseasonal extreme heat forecastimgre broadly.

Significance Statement

As heat waves intensify with climate change, there is an urgent need for more accurate sub
seasonal forecasts. This research presents a novel machine kesasedgethodto improve
heat wave predictions, offering insights into key drivers of heat on thsesigmnal scale and
enabling earlier, more precise public health interventions that can redugelbtat illness and

mortality.

1. Introduction

Heat waves pose a significant and escalating threat to public health worldwide, with global
trends demonstrating increases in their intensity, duration, seasonal length, and frequency due to
anthropogenic climatehanggPerkinsKirkpatrick and Gibson 2017The rate of heat wave
occurrences has accelergtegbsulting in a notable rise in healated mortalitHoward et al.
2024) However, forecasting heat wayespecially on subeasonal timescales (two weeks to

two monthsyemains a challeng&Vhile there are efforts usindgynamical, statistical, machine
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learning, and hybridhodels forsulbbseasonal forecasting effortheir performance varieand
they arenot currentlyoperational for forecasting extreme heaénts Developing reliable
methods to forecast these events eitendedead timesis critical forenactingtimely public
health interventions.

This study introduces aomel machinelearningbased methodology enhancsubseasonal
heat wave prediction. Bgxtendingthe lead time ananprovingreliability of heat wave
forecaststhis researchims to advancesarly warning systemsnd support public health
strategieso mitigate theadverse effectsf extreme heat.

Furthermore, this approaemables quantification and examinatiorthe predictors and
drivers of extreme heat on the ssdmasonal timescale, illuminating the spediiteractionsof
various meteorological, larslrface, atmospheric, and ocean processes. This information will
not only improve heat wave forecasting but also enharezdemunderstanding of subeasonal

weather patterngacilitatingimprovements irfuture models.

2. Related Work

Over the past decadeperational dynamical sufeasonal forecasts haadvanced
significantlyin skill, application, and utilitf{White et al. 2022)with the European Centre for
Medium-Range Weather Forecasting (ECMWixtendeerange (up to 46 days) ensemble
forecastgRichardson et al. 202@nd the SubX Subseasonal Experim(@gion et al. 2019)
among the leading effortg/hile these models have successfully forecasted some extreme events
(Vitart and Robertson 2018)ther events have not been captured beyond three weeks lead time
(Lin et al. 2022) The body of research on sgbasonal extreme heat forecasting is still limited,
restricting its operational use in emergepogparednesstudies indicate thatccurate sub
seasonal climate forecastirggthe missing linkn developing ararly-warning system for heat
related mortalityLowe et al. 2016)emphasizing thaemperaturgelated illnesses atargely
preventable with timelynterventions

Purely statistical or machirearningbased models f@ubseasonal forecasting extreme
heat haveshown considerable skilbftenmatching or exceeding the performance of dynamical
models(Miller et al. 2021; WeirickBenet et al. 20235tudies havedentifieddry soil moisture
and persistent atmospheric blocking pattes&ey factorgor predictingextreme heatvens
(Wehrli et al. 2019; Lee et al. 2016; Zhang et al. 20R8enly, hybrid modelsthatintegrate
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dynamicalandmachinelearningapproacheshave demonstrated enhanced predictive skill
compared to dynamical models aldite et al. 2022; Chung et al. 2024; Hwang et al. 2019)
However further refinement in the selection of covariates and methodological approaches is
needed to optimize the performance of these hybrid models.

Heat wavecharacteristics and drivers of heat waves \ryegion andndividual event
(Wehrli et al. 2019; Jiang et al. 2028nhderscoring the need for a thorough understanding of
regionspecific drivers tomproveforecastaccuracyAustin, Texas, USA, iparticularly
vulnerableto the health effects of heat way&eong et al. 2023; Boumans et al. 20b#gking it
an ideatest case for thisavel machindearningbased methodologyVith drying summer soil
moisturéd a trend expected to pers(dtielsenGammon et al. 2020) Austind slimate isshaped
by complexland-atmosphere interactionsfluences fronthe nearbyGulf of Mexico,and
broaderclimatepatternsoriginating from the Pacific, Atlantic, and Indian Ocsakdditionally,
atmospheric blocking patterm®ntribute to the formation and persistence of heat waves in the
region.

This study aims to assess the influence of these drivers through a rrlaeimeg approach
tailored to local heat wave prediction, leveraging a comprehensive range of variables. By
examining the impact of these drivers, we aim to advanceesagonal heat wave forecasting in
Austin and lay the groundwork for future regional hybrid models that integrate machine learning

and dynamical approaches.

3. Data

Data for thisstudyspanthe heatwave season (June 1st through September 30th) for the 11
year period from 2013 through 2023. Thexiodwaschosen to ensure data availability for each
of the predidie variablesLimiting the study to this period helps mitigate the confounding
effects of vegetation change in Austin, TX and increased urbanizatibeat wave prediction
Variables that change monotonicatlyer the study period and/or vary too slowlguld have
insufficient trainingspacedor prediction andvere therefore excluded from analysssich as
longertermclimate oscillationge.g.Pacific DecadaDscillation).

Climatological datavere sourcedrom theNOAA NCEI Global Historical Climatology
Network(GHCN)1 Daily from theAustin Bergstrom International AirpofBtation ID:
USWO00013958fMenne et al., 2012 he climatological data for daily maximum temperasure
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were averaged for each day of the yeaer a30-year period19931 2022) Missing datd<1%

of days)were excludedvhen averaging and calculating standard deviation. The standard
deviationof daily maximum temperature was calculateddach day over the thiryear period
and used to create tB&" percentile threshold for defining hedays.Boththe mean and
standard deviatiowere smoothed with a-&eek running average to reduce noise arising from
natural variability.

The same Austin station provided daily weather data. These data contained fevidr than
missing values over the study peri@d % of day$, which were imputeavith values from the
nearest available date.

TheGulf of Mexico sea surface temperatures were obtainedtlieMOAA Optimum
Interpolation Sea Surface Temperature (OISST) datase{Huang et al. 2028) This gridded
datasetncorporateduoy measuremenigorrected by remotely sensed and ship,datdis
interpolated to a 0.25 0.25 grid. The Gulf of Mexicaregion was defined bhe grid cells
within 20°N to 30°Nlatitudeand 82°W to 95°Wongitude Daily sea surfaceemperatures
(SSTs)across this areaere averaged tproducea single daily mean SST value representirgg
Gulf of Mexico.

Global climate variabilitydatawere included to represent the statehaf EI NineSouthern
Oscillation(ENSO) the MadderJulian Oscillation(MJO), and the North Atlantic Oscillation
(NAO). First, thedaily Southern Oscillation Indg6OI) from the Queensland Governmént
Long Paddock Centre was usedlculated as the pressure difference between Tahiti and Darwin
relative to a 1938 1922 baselin¢Queensland Government Dept. of Environment and Science
2019) Secondthe Realtime MultivariateMJO (RMM) index which characterizehe MJO
throughtwo values (RMM1 and RMM2)was used to represeénth e MJ O6s pha.se
For clarity, thephase and amplitude valugsrivedfrom this datasewere usednstead of the
raw RMM1 and RMM2values(Wheeler and Hendon 2004H)inally, the daily NAOindex
sourced fronNOAA/OAR/PSL (Boulder, Colorado, USPand available from their websia
https://psl.noaa.gowas usedKalnay et al. 1996)This indexcompares 50thb geopotential
height anomalies tstandardNorthern Hemisphere loading pattetogproduce a single NAO
index value.

Atmospheric data are obtainedrom the ECMWF Reanalysis v5 (ERA5) hourtiataset
(Hersbach et al. 2023providedon a 31 km by 31 km grid adienited tothe Western North

and
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America regionspanningrom 25°N to 55°Nlatitudeand 90°W to 135°Wongitude Three
pressure levelwere analyzedB50 mb (lower tropospher,é00 mb (midtroposphere)and250
mb (upper tropospherdjor each pressure levélye metrics were derivedhe latitudinaland
longitudinal gradierstof geopotential heigtdcross th&Vestern North America regiothe
latitudinal and longitudinal gradieswf geopotential heighdpecific toAustin, Texas, anthe
geopotential heighdat Austin(30.25°N, 97.75°W)Gradientsvere calculated by converting
latitudeandlongitude points to metdvasedlistances andomputingthe partial derivative of
geopotential height the northsouthand eastvest directios. This resulted in a total of fifteen
values overallfive for eachpressure leveFigure 1provides an example of the 500 mb

geopotential gradient variablés a singletimestep example.

Example Single Day Geopotential Height at 500 mb with Gradient Vectors
55

45 A
o _ _
- Region avg. gradient
=
—
(14}
-
35 A Austin, TX gradient
25 T T T
—-135 -125 -115 -105 -85

Longitude (°)

T T T
5250 5350 5450 5550 5650 5750 5850
Geopotential Height (m) at 500 mb

Figure 1. Examplef 500 mb geopotential height on a single day, with vectors illustrating the
average gradient across the Western North America region and the local gradient at Austin,

Texas.
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Finally, eighteersoil moisture valueare included in the analysisachrepresentingne of
the USG&delineated hydrological regioagross the United Stat@d.S. Geological Survey
2024) Thesevalues wergyenerateddy averaginghedaily gridded soil moisture data from the
Climate Prediction Center (CPGyhich repreant the soil moisturguantitieswithin the top 1.6
meters of soibn an 0.2%x 0.25 grid (van den Dool et al. 2003y heGeoPandas package
v1.0.1(Jordahl et al. 2020 Python v3.12.§Python Software Foundation 20283s used to
map each CPC soil moisture grid cell to its respective hydrological tegiayrid cells within
or intersecting a hydrological region were averageddlnl daily mean soil moisturéor each

hydrological region.

Predictionwith multiple leads

Variableswere c | as si f i ecdh aansg i@nsgt-thhea n giif rmgs-ahangifgo r
variablesthreedifferent lead were prescribedthe firstrepresenting the mean values of each
daily variablefrom 21to 23 days beforéhe prediction,the secondrom 24 to 27 daysandthe
third from 28to 34 days For slowchanging variablesuch as sea surface temperaturegain
global climate oscillations, arrégionalsoil moisture only one kadwas usediepresenting the
times from 21to 34 days prior to the predictio®nly variableswvith leadswere uilized for
prediction, excepfior climatology, where valug®r the specific prediction day were providéd

full table of variables and theieddclassification is shown below (Table 1).

Variable Name Variable Type Leads Data Source
Max.Temp.
Min. Temp.
Relative Humidity Meteorological Fastchanging NOAA NCE| GHCN

Avg. Wind Speed (Menne et al., 2012)

Total Precip.
NormalMax. Temp. _
Climatology None
Normal Min. Temp.
. Daily SOI
SOIndex GlobalClimate Slow-changing (Queensland

Variability Government Dept. 0

f ast
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Environment and
Science 2019)
Daily NAO Index

NAQ Index (Kalnay et al. 1996)
Fastchanging Rea?“me
MJO Index Multivariate MJO
(Amplitude & Phasg Index(Wheeler and
Hendon 2004)
Gulf of MexicoSST Ocean Slow-changing NOAA OISST

(Huang et al. 2021)

Lon. Grad of W.N.A.
850 mb GeoHeight
Lat. Grad of W.N.A.
850 mb GeoHeight
Lon. Grad of W.N.A.
500 mb GeoHeight
Lat. Grad of W.N.A.
500 mb GeoHeight ERADS hourly single
Lon. Grad of W.N.A. Atmosphere Fastchanging pressure level data
250 mb GeoHeight (Hersbach et al.
Lat. Grad of W.N.A. 2023)

250 mb GeoHeight
Austin, TX 850 mb
Gea Height
Austin, TX 500 mb
Gea Height
Austin, TX 250 mb
Gea Height

CPC Daily Soil
Moisture(U.S.
Geological Survey
2024)

Table 1 Variable name, typeehds, and data source for diily predictive variables

USGS Hydo. Unit-

AveragedSM Land Surface Slow-changing

Heat wave identification

Heat wave days were identifiéy comparing daily maximum temperatures to858
percentile othe climatological maximum temperatuBpecifically,aday was classified as a
heat wave day if the thregay running average of daily maximusmperatures, centered on the
current day, exceeded the'"8gercentile of the smoothed climatology for that.d&y example
heat wave day classification is shown below for the summer of 2023 (Figuvbele days are

categorized as either heat wave days ormeat wave dayBasedon the climatologal



170 threshold This definitionallowsflexibility . For instancea single day with a maximum

171 temperature significantly higher than climatology or three consecutive days with temperatures
172 just over the 88 percentile both qualify as heat wave days.

173

2023 Heat Wave Days in Austin, TX

Temperature (°C)

204 (@] ——- 85th Percentile Daily Maximum Temperature Climatology
o —— Daily Maximum Temperature Climatology

O 3-day average under threshold

@ 3-day average over threshold

174 ¥ * * u ¢
175 Figure2. Heat wave identification in Austin, TX during 2023. Curves represent smoothed daily

176  maximum temperature climatology using a tweek running average. Individual points

177  represent }lay average daily maximum temperatures.

178

June July August  September Total
2013 5 2 4 0 11
2017 0 3 0 0 3
2018 7 9 1 0 17
2019 0 0 0 8 8
2020 0 3 5 0
2021 0 0 0 1
2022 13 11 1 0 25
2023 2 10 26 18 56
Total 27 38 37 27 129

179
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Table 2 Descriptive statistics of heat wave days in Austin, TX during the months of June
through September of 2013 through 2023.

A total of 129 days met the criteria for a heat wave day over the months of June through
September of 2013 through 2023. 37 of the days were in June, 38 were in July, 27 were in
August, and 37 were in September. More than 40% of the days were in the summer of 2023, with
11in 2013, 3in 2017, 17 in 2018, 8 in 2019, 8 in 2020, 1 in 2021, and 25 in 2022.

4. Prediction & Interpretation

Machine learning models for heative-day classification werdevelopedising eXtreme
Gradient Boosting (XGBoos{Chen and Guestrin 201,8)hosendr its efficiency andhigh
performance imandling diverse input variables in classification ta¥k3Boost models were
run through ScikHearn packagel.5.2(Pedregosa et al. 201ih) Python v3.12.6Each variable
listedin Table 1lwasusedto predictwhetheraday meets the heatave day criterian abinary
classification task with logistic regressias the output functigrevaluated byhelog loss
metric.

To ensure robust model performance without overfitting,-foldr validation was usk
For this, the dataset was randomly divided into four subsets, each containing at least 25 heat
wave days to ensure balance across fdfdeach iteration, the model was trained on three of the
four subsets and tested on the remaining subset. This process was repeated to create a single
ensemble model with predictive guidance based on the mean outcomes from the validation folds.
All models were created using common paramefgne learning rate, eta, was setto 0.1. The
maximum tree depth was set to 4. The fraction of rows sampled by each tree was set to 0.8. The
fraction of features sampled by each tree was also set to 0.8. The class imbalance weighting was
calculated to be 11.3 and setcordingly

The complete foufold validation process was repeated ten tinpesducing arensemble
of models Performancenetrics, including accuracy, precision, recall, and F1 score were
aggregated acrosdl ensemble members tierive mean performance values.

To interpret the contributions of each feature in the machine learning model, Shapley
Additive exPlanations (SHAP) values were utilifedndberg and Lee 201L7pHAP values

guantify each variableds i mpact on model outop
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influence on heatvave day classification. These values are derived by evaluating the average
marginal contribution of each feature to the model's predictions. By assigning an importance
score to each feature based on its contribution, the relative predictive strength of features
influencing heatvave days at a stdeasonal time scale can be quantified. SHAP values were
averaged acrogsketenmodels in the ensemble to produce mean absolute SHAP scores for each
feature, as well as ensemilased partial dependence plots, which display SHAP values as a
function of feature value.

After creatngan initial XGBoostmodelthat includedall features, arrelation analysis was
conductedo ensure features were rioghly collinear.Between variablewith leads there were
thirty-three pairwiseorrelations such thgt | > 0.8. In these cases, the variable which had the
higher SHAP score in the model inclusive of all variables was retained from each correlated pair
and the other was excluded. This continued until no variables had a correigto.8.

Ultimately, twenty featuresvereexcluded from the finalefinedmodel four regional soil

moisture features (Rio Grande Region, Upper Colorado Region, California Region, Arkansas
White-Red Region), two meteorological features (maximum temperatuday kad maximum
temperature 28lay kead, and fourteen atmospheric features (500Nbomean ygradient 21,

24-, and 28day leads, 250 mb NA mean-gradient 24 and 28day kead, 500 mb NA mean-x
gradient 28ay lkead 250 mb Austin geopotential height-224-, and 28day kads 500 mb

Austin geopotential height 2@ay lead 500 mb ygradient 21 and 28day kads, 250 mb y

gradient 24 and 28day leads). Full details on th&HAP scoresf the initial models well as the
covariance matriare providedn Supplemental Table 1 and Supplemental Figure 1.

A final case studypf the 2023 heat wavaeasomwas performed. Each feature was averaged
acrossh6 days during this season which met tisat wave dagondition.The mean conditions
for each featurgveretheninputted into the ensemb}GBoost predictiormodel. Theresulting
probability of a heat wave ddgr these conditions is then outputted by the maalell aSSHAP

explainer ot is generatedhowingthe relative contributionf eachfeature to this prediction.

5. Results
The refined XGBoostnsemble model demonstrated strong predictive performance across
several metrics. The mean accuracy across ensemble members was approximately 0.984, with

recall, precision, and F1 score all exceeding 0.%igufe 2,Table 2).This indicates that the
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242  model was effective at identifying heat wave days while minimizing false positives and

243  negatives.
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Mean Confusion Matrix Across Ensemble Models
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246  Figure3. Mean confusion matrix of XGBoost model ensemble with refined feature selection
247

Metric Mean Standard 95% Confidence
Deviation Interval
Accuracy 0.984 0.002 (0.980, 0.988)
Recall 0.917 0.011 (0.895, 0.940)
Precision 0.915 0.012 (0.892, 0.938)
F1 Score 0.916 0.012 (0.893, 0.939)

248 Table3. Performance metrics for XGBoost ensemble models using rdéaadte selectian
249

250 Among thepredictorsthe TexasGulf Region soil moisture stood out as the most

251 influential featurgmean absolute SHAP value = 1.015),d&aceeihg the next strongest

252  predictor which had a mean absolute SHAP value of 0.&88r of the top ten features were
253  regional soil moisture values, including the Mitlantic, New England, and Missouri regions.

254  Relativehumidity at 21 and 24day lkead were also strong predictoradditionally, MJO
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amplitude at 28ay kademerged as the fourth strongest feature. Geopotential height gradients,
both longitudinalgradientsat low to medium pressure levels {28d 24day lkeads, respectively)

and latitudinalgradientsat high pressure levels (thy kad, were also among the top

predictors.

As shown in Figure 3, predictors are divided into meteorological, atmospheric, and
climate features for comparison. Notall§JO amplitude and phase at-88y leadtime was a
stronger predictor of heat wave days on thesedsonal time scale thre Gulf of Mexico
SST, NAO at anydad and SOI.
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Mean Absolute SHAP Score by Feature

Texas-Gulf region

Mid Atlantic region

New England region
Missouri region

Lower Mississippi region
Upper Mississippi region -
Great Basin region -
South Atlantic-Gulf region
Pacific Northwest region
Souris-Red-Rainy region
Tennessee region -
Lower Colorado region -
Great Lakes region

Ohio region A
Relative humidity 24-day lead
Relative humidity 21-day lead
Max. temp. 24-day lead
Min. temp. 28-day lead
Relative humidity 28-day lead
Daily precipitation 28-day lead
Min. temp. 24-day lead
Daily precipitation 24-day lead
Min. temp. 21-day lead
Daily avg. wind speed 24-day lead
Daily avg. wind speed 28-day lead
Daily avg. wind speed 21-day lead
Daily precipitation 21-day lead
MJO amplitude 28-day lead
M)O phase 28-day lead
MJO amplitude 21-day lead
Gulf of Mexico SST Anomaly
NAO 28-day lead
S0l
MJO amplitude 24-day lead
NAO 21-day lead
M)O phase 21-day lead
NAO 24-day lead
MJO phase 24-day lead
850 mb lon. grad. 28-day lead
500 mb lon. grad. 24-day lead
250 mb lat. grad. 21-day lead
NA mean 250 mb lat. grad. 21-day lead
NA mean 250 mb lat. grad. 24-day lead
NA mean 850 mb lon. grad. 28-day lead
Austin 500 mb 24-day lead
500 mb lat. grad. 24-day lead
NA mean 250 mb lat. grad. 28-day lead
NA mean 850 mb lon. grad. 21-day lead
500 mb lon. grad. 28-day lead
NA mean 850 mb lat. grad. 21-day lead
NA mean 850 mb lon. grad. 24-day lead
850 mb lon. grad. 24-day lead
250 mb lon. grad. 24-day lead
NA mean 500 mb lon. grad. 24-day lead
NA mean 250 mb lon. grad. 21-day lead
250 mb lon. grad. 21-day lead
NA mean 500 mb lon. grad. 28-day lead
Austin 850 mb 21-day lead
Austin 500 mb 21-day lead
500 mb lon. grad. 21-day lead
NA mean 850 mb lat. grad. 28-day lead
Austin 850 mb 28-day lead
850 mb lat. grad. 24-day lead
850 mb lat. grad. 28-day lead
850 mb lat. grad. 21-day lead
850 mb lon. grad. 21-day lead
Austin 850 mb 24-day lead
NA mean 850 mb lat. grad. 24-day lead
250 mb lon. grad. 28-day lead

T T T T
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...[0.949, 1.082)

Mean Absolute SHAP Value

atmospheric, and climate features.
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Category
Soil Moisture Features
EEE Met. Features
B Climate Oscillations and S5T
B Atmospheric Features

Figure4. Mean absolute SHAP scores fand surfacesoil moisture meteorological
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Many regional soil moisture featurdemonstrated relatively high predictive powas,
illustrated in Figure 4Soil moisture values inistantregions including the MidAtlantic and
New England, were among th@p predictorsSome nearby regions such as the Arkaivghie-

Red regionomitted from refined modetid not showpredictive skill.

Soil Moisture Feature Importance by Hydrological Unit
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Figure5. Map of soil moisture feature importance by means absolute SHAP score in initial
unrefined ensemble modélatchedregionswere excluded in the refined ensemble model to
reduce collinearity effects.

Figure 5 presents the partial dependence plots for the top five predictors in the model.
The TexasGulf Region soil moisture had the strongest influence on heat wave prediction, with
positive anomalies significantly reducing the likelihood of heat wave days. Convéhngely,
likelihood of a heatvavedayincreased with decreasimggative soil moisture anomalies. The
Mid-Atlantic soil moisture exhibited a more complex relationship, but similarly, positive
anomalies were associated with a lower chance of heat waves in Alrgtiopposite trend is
seen between New England soil moisture and Austin heat wave dayes. relative humidity at
a 24day kad(below 70%) vasmore strongly correlated with heat waves, while higher values
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288 decreased this likelihood. Higdmplitude MJQconditions(greater than 0.75) also reduced the
289  probability of heat waves. Finally, stronger etastvest 850 mb pressure gradients at alag
290 leadwere linked to an increased likelihood of heat waves.
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293  Figure6. Partial dependence plots for the six features with the greatest mean absolute SHAP

294  scores.
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Regional Soil Moisture Values by Heat Wave Day Status

150 Il Heat Wave Day
[ Non-Heat Wave Day

100

g
o

o

Soil Meisture Anomaly (mm)

|
a
o

-100

Texas-Gulf Coast Mid-Atlantic New England

Figure 7. Box plot of soil moisture anomalies for heat wave day antiemtinvave day
conditions for three strongest regional soil moisture features. Innermost black points and error

bounds represent 95% confidence interval for the true mean.

Mean soil moisture anomalies were significantly lower on heat wave days compared to
northeat wave days in the Tex@alf Coast and MidAtlantic regions (p < 0.05figure 7). In
the TexasGulf Coast region, mean soil moisture anomalies were at least 50 mm lower during
heat wave days than on rbeat wave days. Conversely, in the New England region, soil
moisture anomalies were significantly higher on heat wave days than dreabwave days (p <
0.05).

The mean conditions during the 2023 heat wave resulted in the ensemble model
predicting a 97.2% chance of a heat wave day, with a 95% confidence interval for the mean
predicted probability of the ensemble members ranging from 96.6% to Hig@de 8 shows
that regional soil moisture features primarily drive this prediction, with soil moisture conditions
in Texas and neighboring regions, as well as more distant areas, counteracting upper
tropospheric latitudinal geopotential height gradients in predicting heat wave days in Kustin
this figure, positive SHAP values (red) indicate contributions toward predicting heat wave days,

while negative SHAP values suggest a prediction trend towartheainwvave days.
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Mean SHAP Values for Summer 2023 Heat Wave Prediction

Sum of other features -
Lat. grad. 500 mb geo. height 24d lead - —
NA mean lat. grad. 850 mb geo. height 21d lead - —
Lon. grad. 500 mb geo. height 24d lead -
M]O amplitude 28d lead -
Missouri SM -
South Atlantic-Gulf SM -
Relative humidity 24d lead -
New England SM -
Max. temp. 24d lead -
NA mean lat. grad. 250 mb geo. height 28d lead - —
NA mean lat. grad, 250 mb geo. height 21d lead -
Souris-Red-Rainy SM -
NA mean lon. grad. 850 mb geo. height 28d lead -
Lon. grad. 850 mb geo. height 28d lead -
Great Basin Region SM -
NA mean lat. grad. 250 mb geo. height 24d lead - — =
Lower Mississippi SM -
Mid-Atlantic SM -
Texas-Gulf Coast SM -
Upper Mississippi SM -

r T T T T |
0.4 —-0.2 0.0 0.2 0.4 0.6
Mean SHAP Value

Figure 8. SHAP values derived from ensemble model predictions using mean 2023 heat wave
day feature values. Error bars represent calculated 95% CI across the 10 ensemble model

members.

Discussion

These results indicate that individual soil moisture features are the strongest predictors of
subseasonal heat waves, with additional significant predictors spanning a variety of
meteorological, atmospheric, and MJO indicators. Prior studies have similarly highlighted the
influence of both atmospheric blocking patterns and-Enéace characteristics on heat waves.
However, this study finds that, at the ssdasonal scale, local and teleconnected soil moisture
features are generally more predictive of heat waves in Austin, Texas, than atmospheric factors
alone(Wehrli et al. 2019)Thisfinding aligns with other results whiahow soil moisture in
Texasstrongly correlatingvith temperature and heat waves specificéMyralles et al. 2012)

The partial dependence plot for soil moisture in the Texas Gulf Coast region supports
existing literature, showing that positive soil moisture anomalies are typically associated with a
reduced likelihood of heavave daysBenson and DirmeydR021)found a strongnegative
correlation(r <-0.7) between daily soil moisture and maximum temperatutbe TexasGulf
Coast regionthough theynotethat the relationship is ménearand varies through different

couplingregimes (weakBhcoupled, sensitive, and hypersensitivid)is study providestrong
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evidence thatbelowthe mean soil moisture threshplteat extremes araorelikely, marking
thetransitionbetween the sensitive and hypersensitive regimes in Austin, Tewaamic
modeling studies have shown tisail moisture conditions are particularly critical in heat wave
modeling for regions situated between humid and arid clin{8&ss et al. 2019Wwhich supports
the importance of local soil moisture in predicting Texas heat waves.

The predictive relationship between soil moisture in distant regions and heat waves in Texas
has significant physical implication$his relationshipshown in this studpy the strong mean
absolute SHAP scores in the general XGBoost model and strengthened by similarly strong
feature importances in the 2023 heat wave case study, shows that while some atmospheric
features predicted against the likelihood of a heat wave, teleconnected soil moisture features
countered these atmospheric featumegccurately predicting a heat wave with the conditions
prescribedSubseasonal planetary wave patterns, commonly associated with heat waves
(Barriopedro et al. 2023; Teng et al. 20 specially those with wavenumbers 5 through 8
may drive or be driven by teleconnections between soil moisture anomalies and &da¢me
events across different are&sr instancel.i et al. (2024)suggest a mechanism for the 2021
Pacific Northwest Heat Dome, where decreased soil moisture inducedprésgre ridge,
ultimately leading to quasiesonant amplification of planetary waves and a stationary high
pressure ridge. In such cases, soil moisture anomalies in one region may influence the ridge
trough pattern of Rosshy waves, affecting the likelihood of extreme temperatures in Texas. Other
studies have noted that heat waves oftenaur within spatially networked regions across
CONUS(Mondal and Mishra 2028nd otheglobal regiongMiloshevich et al. 2023)
potentially linkingthes patterns to cros®ggional soil moistureorrelations. Future research
should investigate the emccurrence of heat waves in the Mitlantic, New England, and Texas
Gulf Coast regions, focusing on soil moisture effects using coupled Land Surface Models and
GCMs.

The MJO was found to be a stronger predictor of heat waves over Texas than ENSO or NAO
on the sukseasonal time scaleower MJO amplitude at a longezddtime (28 to 34 days) was
more strongly associated with heat wagesr Austin Other studies have shown summertime
temperatures and heat waves over CONUS associated witl{lldd@nd Grotjahn 2019;

Krishnamurthy et al. 2021yVhile the relationship between phase and amplitude at vagads |
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times on extreme heat is difficult to decode in this study, future work should investigate different
MJO definitions to maximize predictability on heat waves over Austin.
Atmospheric featurgghough shown in this study and othgkslams et al. 2021tp be
significant predictors of heat wavesge also complex to interpret. These results show that
stronger eastio-west lowlevel geopotential gradients at-28 34day lkeadtime are more likely
to result in heat wave formation in the Uwever,combinations of different atmospheric
variablesarenot easilyinterpretableDifferent methodologies for simplifying complex muilti
level atmospheric information into a series of interpretable variables should be investigated
better understand thalue of local and global atmospheric trends on-ineate predictability.
Though this model shows strong skill with similar amounts of false positives and negatives,
for operational purposes, this method can intentionally be modifiedhinize false negatives,
erring on the side of ovaredicting heat waves rather than missing true heat waves in
prediction. However, it should be emphasized thaintiodelwill be tested in livetime and
likely amended with dynamical modghtaand othercovariateseforebeing recommended for

any operational use.

6. Conclusiors

The ensemble model's strong performance in predicting heat wave days underscores its
potential as an effective tool for sgbasonal heat wave forecasting in Austin. This stedyes
as a significantoundation forregional hybrid models that leverage both maciéaening and
dynamical approaches, providing a promising pathway for localizeehleadth impact systems.
With further refinement, this approach could offer critical advancements for public health
preparedness, particularly in urban settings facing increased heatwaveitisk. studies that
test regional differences wilupporta broader understanding of he@eve formation on the sub
seasonal time scalproviding information orhow predictors varyn regions with different
climatic background conditions.

Future workwill test these predictions reattime and updatthe model with new

training setsHeatwave dynamicsvill likely change as the climate changes, changingyr&mels
andrelative importance anof predictors.The model's flexible framework and high

interpretability make it atrong and usableption for developing eariywarningheathealth
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impactpredictions serving as a prototype for futugeiiding modelonthe health impacts of

extreme heat

Acknowledgements

J.J.A. acknowledges the University of Texas at Austin, Jackson School of Geosciences,
Department of Earth and Planetary Sciencessdpportthrough a Graduate Fellowship,
Graduate Teaching Assistantship, and Independent Study Semester Fellowship. Additionally, we
extend our gratitude to Kerry H. Cook, Geeta G. Persad, and Catherine Cubbin for their valuable

insights, whichhelped guide this study.

Avalilability Statement
All data used for analyses in this study are publicly accessible through their original web

access point. Weather and climatological data are available\atncei.noaa.gov/acces$Soil

moisture data are availablevalvw.cpc.ncep.noaa.gov/products/Soilmst_Monitori@®I data

are available avww.data.qld.gov.aus/datasetitbeutherroscillationrindexdaily. NAO data

are available avww.cpc.ncep.noaa.gov/products/precip/CWlink/pna/NAO.shiidlO data are
available atridl.ldeo.columbia.edu/SOURCESOBI/.MJO/.RMM. Hydrological region data are

available atvww.usgs.gov/nationahydrography/watershebboundarydatasetAtmospheric

reanalysis data are availablecds.climate.copernicus.eu/datas&sa surface temperatures data

are available avww.ncei.noaa.gov/products/optimuimerpolationsst



http://www.ncei.noaa.gov/access
http://www.cpc.ncep.noaa.gov/products/Soilmst_Monitoring
http://www.data.qld.gov.aus/dataset/the-southern-oscillation-index-daily
http://www.cpc.ncep.noaa.gov/products/precip/CWlink/pna/NAO.shtml
http://iridl.ldeo.columbia.edu/SOURCES/.BOM/.MJO/.RMM
http://www.usgs.gov/national-hydrography/watershed-boundary-dataset
http://cds.climate.copernicus.eu/datasets
http://www.ncei.noaa.gov/products/optimum-interpolation-sst

References

Adams, R. E., C. C. Lee, E. T. Smith, and S. C. Sheridan, 2021: The relationship between
atmospheric circulation patterns and extreme temperature events in North America.
International Journal of Climatology1, 92 103, https://doi.org/10.1002/joc.6610.

Barriopedro, D., R. Garciderrera, C. Ordofiez, D. G. Miralles, and S. SaleBdoz, 2023:
Heat Waves: Physical Understanding and Scientific ChalleRgesews of Geophysics
61, e2022RG000780, https://doi.org/10.1029/2022RG000780.

Benson, D. O., and P. A. Dirmeyer, 2021: Characterizing the Relationship between Temperature
and Soil Moisture Extremes and Their Role in the Exacerbation of Heat Waves over the
Contiguous United States. https://doi.org/10.1175/30120-0440.1.

Boumans, R. J. M., D. L. Phillips, W. Victery, and T. D. Fontaine, 2014: Developing a model for
effects of climate change on human health and Heaithronment interactions: Heat
stress in Austin, Texaklrban Climate 8, 78 99,
https://doi.org/10.1016/j.uclim.2014.03.001.

Chen, T., and C. Guestrin, 2016: XGBoost: A Scalable Tree Boosting Sy&tereedings of
the 22nd ACM SIGKDD International Conference on Knowledge Discovery and Data
Mining, K D D ,dN@wsYork, NY, USA, Association for Computing Machinery, ¥85
794.

Chung, U., J. Rhee, M. Kim, and-&.Sohn, 2024: Advancing seasonal to seasonal multi
model ensemble precipitation prediction in east asia: Deep ledragegl post
processing for improved accura¢yeliyon, 10,
https://doi.org/10.1016/j.heliyon.2024.e35933.

van den Dool, H., J. Huang, and Y. Fan, 2003: Performance and analysis of the constructed
analogue method applied to U.S. soil moisture over il2&11.Journal of Geophysical
Research: Atmosphered8 https://doi.org/10.1029/2002JD003114.

He, S., X. Li, L. Trenary, B. A. Cash, T. DelSole, and A. Banerjee, 2022: Learning and
Dynamical Models for Sukeasonal Climate Forecasting: Comparison and
Collaboration AAAI, 36, 4495 4503, https://doi.org/10.1609/aaai.v36i4.20372.

Hersbach, H., and Coauthors, 2023: ERA5 hourly data on single levels from 1940 to present.
https://doi.org/10.24381/CDS.ADBB2DA47.

Howard, J. T., N. Androne, K. C. Alcover, and A. R. Sailtozada, 2024: Trends of Heat
Related Deaths in the US, 199023.JAMA 332
https://doi.org/10.1001/jama.2024.16862.

Huang, B., C. Liu, V. Banzon, E. Freeman, G. Graham, B. Hankins, T. Smith, -&hdaHang,
2021: Improvements of the Daily Optimum Interpolation Sea Surface Temperature
(DOISST) Version 2.1Journal of Climate34, 2923 2939, https://doi.org/10.1175/JCGLI
D-20-0166.1.



Hwang, J., P. Orenstein, J. Cohen, K. Pfeiffer, and L. Mackey, 2019: Improving Subseasonal
Forecasting in the Western U.S. with Machine Learrifigceedings of the 25th ACM
SIGKDD International Conference on Knowledge Discovery & Data Mikn@ D ,6 1 9
New York, NY, USA, Association for Computing Machinery, 282335.

Jiang, L., J. Zhang, Q. Liu, X. Meng, L. Shi, D. Zhang, and M. Xing, 2023: Spatiotemporal
variations of the global compound heat wave and the drivers of its spatial heterogeneity.
Journal of Cleaner Productio@08, 137201,
https://doi.org/10.1016/j.jclepro.2023.137201.

Jordahl, K., and Coauthors, 2020: GeoPandas. https://doi.org/10.5281/zenod0.3946761.
Kalnay, E., and Coauthors, 1996: The NCEP/NCARY4@r Reanalysis Project.

Krishnamurthy, V., and Coauthors, 2021: Sources of Subseasonal Predictability over CONUS
during Boreal Summer. https://doi.org/10.1175/30:20-0586.1.

Lee, E., R. Bieda, J. Shanmugasundaram, and H. Basara Richter, 2016: Land surface and
atmospheric conditions associated with heat waves over the Chickasaw Nation in the
South Central United Statekournal of Geophysical Research: Atmosphet24, 6284
6298, https://doi.org/10.1002/2015JD024659.

Lee, Y:Y., and R. Grotjahn, 2019: Evidence of Specific MJO Phase Occurrence with
Summertime California Central Valley Extreme Hot WeathAel. Atmos. S¢i36, 589
602, https://doi.org/10.1007/s003069-81671.

Li, X., M. E. Mann, M. F. Wehner, S. Rahmstorf, S. Petri, S. Christiansen, and J. Carrillo, 2024
Role of atmospheric resonance and Tarichosphere feedbacks as a precursor to the June
2021 Pacific Northwest Heat Dome evdnitoceedings of the National Academy of
Sciencesl2], €2315330121, https://doi.org/10.1073/pnas.2315330121.

Lin, H., R. Mo, and F. Vitart, 2022: The 2021 Western North American Heatwave and Its
Subseasonal PredictioriGeophysical Research Letted®, e2021GL097036,
https://doi.org/10.1029/2021GL097036.

Lowe, R., M. Garcidiez, J. Ballester, J. Creswick;M. Robine, F. R. Herrmann, and X. Rodé,
2016: Evaluation of an Earyarning System for Heat WaaRelated Mortality in
Europe: Implications for Subeasonal to Seasonal Forecasting and Climate Sgrvice
International Journal of Environmental Research and Public Heah206,
https://doi.org/10.3390/ijerph13020206.

Lundberg, S. M., and 8. Lee, 2017: A Unified Approach to Interpreting Model Predictions.
Advances in Neural Information Processing Syst&fos 30 of, Curran Associates, Inc.
https://papers.nips.cc/paper_files/paper/2017/hash/8a20a8621978632d76c43dfd28b67767
-Abstract.html (Accessed November 1, 2024).



Menne, M. J., |. Durre, R. S. Vose, B. E. Gleason, and T. G. Houston, 2012: An Overview of the
Global Historical Climatology Networbaily Database. https://doi.org/10.1175/JTECH
D-11-00103.1.

0 0 , and Coauthors, Global Historical Climatology Netwebxaily (GHCN-Daily).
https://doi.org/10.7289/V5D21VHZ.

Miller, D. E., Z. Wang, B. Li, D. S. Harnos, and T. Ford, 2021: Skillful Subseasonal Prediction
of U.S. Extreme Warm Days and Standardized Precipitation Index in Boreal Summer.
https://doi.org/10.1175/JCHD-20-0878.1.

Miloshevich, G., P. Roubfoizat, F. Ragone, and F. Bouchet, 2023: Robustmtdel
teleconnection patterns for extreme heatwakvesnt. Earth Sci.11,
https://doi.org/10.3389/feart.2023.1235579.

Miralles, D. G., M. J. van den Berg, A. J. Teuling, and R. a. M. de Jeu, 2012: Soil moisture
temperature coupling: A multiscale observational analZe®physical Research Letters
39, https://doi.org/10.1029/2012GL053703.

Mondal, S., and A. K. Mishra, 2021: Complex Networks Reveal Heatwave Patterns and
Propagations Over the US&eophysical Research Letteds8, e2020GL090411,
https://doi.org/10.1029/2020GL090411.

NielserGammon, J. W., and Coauthors, 2020: Unprecedented Drought Challenges for Texas
Water Resources in a Changing Climate: What Do Researchers and Stakeholders Need to
Know?E ar t h 6 s8, e202QEE00IS52, https://doi.org/10.1029/2020EF001552.

Pedregosa, F., and Coauthors, 2011: Stekitn: Machine Learning in Pythah. Mach. Learn.
Res, 12, 2825 2830.

Pegion, K., and Coauthors, 2019: The Subseasonal Experiment (SubX): A Multimodel
Subseasonal Prediction Experiment. https://doi.org/10.1175/BBMS-0270.1.

PerkinsKirkpatrick, S. E., and P. B. Gibson, 2017: Changes in regional heatwave characteristics
as a function of increasing global temperat@a.Rep7, 12256,
https://doi.org/10.1038/s41598.7-125202.

Python Software Foundation, 2023: Python 3.12.6.

Queensland Government Dept. of Environment and Science, 2019: Daily Southern Oscillation
Index (SOI) Data (1933992 Base). https://www.longpaddock.gld.gov.au/scidsba
files/ (Accessed September 23, 2024).

Richardson, D., H. Cloke, and F. Pappenberger, 2020: Evaluation of the Consistency of ECMWF
Ensemble ForecastSeophysical Research Lette4s,
https://doi.org/10.1029/2020GL087934.



Seo, E., and Coauthors, 2019: Impact of soil moisture initialization on boreal summer
subseasonal forecasts: niaditude surface air temperature and heat wave evelis.
Dyn, 52, 1695 1709, https://doi.org/10.1007/s003828-4221-4.

Seong, K., J. Jiao, and A. Mandalapu, 2023: Evaluating the effects of heat vulnerability-on heat
related emergency medical service incidents: Lessons from Austin, Eexamnment
and Planning B: Urban Analytics and City Sciey®%@, 776 795,
https://doi.org/10.1177/23998083221129618.

Teng, H., G. Branstator, H. Wang, G. A. Meehl, and W. M. Washington, 2013: Probability of US
heat waves affected by a subseasonal planetary wave phitture Geosgié, 1056
1061, https://doi.org/10.1038/nge01988.

U.S. Geological Survey, 2024: Hydrological Unit Boundaries for the United States, Puerto Rico,
and the U.S. Virgin Islands. https://doi.org/10.5066/P9MYEDAT.

Vitart, F., and A. W. Robertson, 2018: The s#asonal to seasonal prediction project (S2S) and
the prediction of extreme evenigj Clim Atmos Se¢il, 17 7,
https://doi.org/10.1038/s416421.8-00130.

Wehrli, K., B. Guillod, M. Hauser, M. Leclair, and S. Seneviratne, 2019: Identifying Key
Driving Processes of Major Recent H¥éaves.Journal of Geophysical Research:
Atmospheres

Weirich-Benet, E., M. Pyrina, B. Jimén&steve, E. Fraenkel, J. Cohen, and D. I. V. Domeisen,
2023: Subseasonal Prediction of Central European Summer Heatwaves with Linear and
Random Forest Machine Learning Models. https://doi.org/10.1175/BH23-0038.1

Wheeler, M. C., and H. H. Hendon, 2004: An-8kason Realime Multivariate MJO Index:
Development of an Index for Monitoring and Predictiblonthly Weather Review32,
1917 1932, https://doi.org/10.1175/152393(2004)132<1917:AARMMI>2.0.CO;2.

White, C. J., and Coauthors, 2022: Advances in the Application and Utility of Subsemsonal
Seasonal Predictions. https://doi.org/10.1175/BAM30-0224.1.

Zhang, X., and Coauthors, 2023: Increased impact of heat domes chk202dat extremes in
North America under global warminijat Communl4, 1690,
https://doi.org/10.1038/s4146)23-37309y.



Supplemental Materials

Supplemental Figure 1. Linear correlation for all predictive variabitrsleads Correlations

with |r] > 0.8 aralisplayed with a dark black border.

Feature Mean Absolute SHAP Value
TexasGulf region 0.792585
Mid-Atlantic region 0.328136
Relativehumidity 24-day kead 0.296123
Rio Grandeegion 0.265358
MJO amplitude 28day kad 0.250870




