10

15

20

Local and remote climatic drivers of extreme summer sea surface
temperatures in the Arabian Gulf

Zouhair Lachkar!, Olivier Pauluis'?, Francesco Paparella', Basit Khan', and John A. Burt!?

Mubadala Arabian Center for Climate and Environmental Sciences, New York University Abu Dhabi, Abu Dhabi, UAE
2Courant Institute of Mathematical Sciences, New York University, New York, USA
3Water Research Center, New York University Abu Dhabi, Abu Dhabi, UAE

Correspondence: Zouhair Lachkar (zouhair.lachkar@nyu.edu)

Abstract.

The Arabian Gulf (also known as the Persian Gulf; hereafter simply the Gulf) is a shallow, subtropical, semi-enclosed sea that
experiences the highest average summer sea surface temperatures (SSTs) in the global ocean. While local marine organisms
have adapted to these extreme conditions, interannual temperature fluctuations result in occasional marine heatwaves (MHW3s)
that trigger mass coral bleaching and other ecological impacts. However, the climatic drivers of this variability remain poorly
understood. In this study, we investigate the sources and mechanisms behind extreme summer SSTs in the Gulf. Analyzing a
regional eddy-resolving ocean hindcast simulation combined with ERAS reanalysis data, we find that extreme summer surface
temperatures are tightly linked to lower-than-normal surface pressure over the Arabian Peninsula and higher-than-normal
surface pressure over Iran and Pakistan. These pressure anomalies are typically associated with stronger monsoonal winds in
the western Arabian Sea and weakened local winds. Enhanced monsoon circulation leads to (i) increased evaporation over
the Arabian Sea and greater moisture transport into the Gulf in the lower troposphere, trapping heat near the surface, and (ii)
enhanced subsidence over the Arabian Peninsula and the Gulf in the upper troposphere, inducing further surface heat retention.
Meanwhile, weakened local Shamal winds—particularly in the northern Gulf—reduce evaporative cooling and facilitate the
accumulation of moist, warm air, amplifying local warming. These regional atmospheric changes are strongly modulated by
large-scale climate variability modes, with El Nifio-Southern Oscillation (ENSO) and the North Atlantic Oscillation (NAO)
together explaining over 50% of the observed interannual SST variability in the Gulf. La Nifia (El Nifio) and the negative
(positive) phase of the NAO both favor weaker (stronger) Shamal winds and warmer (cooler) SSTs during the peak summer
months over the Gulf. Additionally, La Nifia (El Nifio) is associated with stronger (weaker) monsoon winds in the southern and
western Arabian Sea, leading to stronger and more persistent warming (cooling) anomalies in the Gulf. The influence of these
teleconnections is additive, with the warmest summers occurring when La Nifia and negative NAO phases coincide. These

findings have implications for the predictability of summer MHWs and associated ecosystem risks in the Gulf.

1 Introduction

The Gulf is a shallow, subtropical, semi-enclosed sea that experiences the highest average summer SSTs in the global ocean

(Vaughan et al., 2019). Although local marine organisms have evolved to tolerate these extreme conditions, many species are
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believed to live near their upper thermal tolerance limits. As a result, MHWs driven by interannual temperature fluctuations can
trigger coral bleaching and mass mortality events, even during summers when temperatures rise by only 2 C above the long-
term average (Riegl et al., 2018; Burt et al., 2019). In addition to thermal stress, extreme temperatures increase the metabolic
oxygen demand of ectothermic organisms like fish, which face significant physiological strain. These species must consume
more oxygen under elevated temperatures while simultaneously being challenged by lower dissolved oxygen concentrations—a
consequence of both warming-induced decline in oxygen solubility and enhanced water column stratification in the Gulf
(Vaughan et al., 2021; Lachkar et al., 2022, 2024). The long-term physiological burden of coping with the Gulf’s naturally
extreme temperature has also been linked to reduced body size and productivity in Gulf fish populations, thereby negatively
impacting fisheries—a sector of critical socio-economic importance (Ben-Hasan et al., 2024; Johansen et al., 2024). Finally,
extreme summer temperatures in the Gulf may also affect regional extreme precipitation, given the Gulf’s role as a key moisture
source for the surrounding atmosphere (Pathak et al., 2025).

Several previous studies have investigated Gulf SST variability and explored the potential influence of large-scale climate
oscillations on extreme temperatures in the Gulf. For example, Purkis and Riegl (2005) noted a similarity between the frequency
of ENSO events and extreme Gulf SSTs, and speculated that ENSO might influence Gulf temperatures indirectly via its impact
on the Indian Ocean Dipole (IOD). Al-Rashidi et al. (2009) suggested that El Nifio could affect summer SSTs in the Gulf,
linking the record-high SSTs of summer 1998, and the associated coral reef mortality (Riegl, 2003), to the El Nifio event
that developed in late 1997. Nandkeolyar et al. (2013) examined SST variability in several marginal seas of the Arabian Sea
during 1985-2009, highlighting long-term warming trends while also proposing that ENSO and IOD modulate interannual
SST variability. However, that study did not identify a consistent one-to-one correspondence between SST anomalies and these
climate modes. More recently, Al Senafi (2022) applied an Empirical Orthogonal Function (EOF) analysis to identify dominant
patterns of SST variability in the Gulf, attributing the first three principal components to the Atlantic Multidecadal Oscillation
(AMO), ENSO, and IOD. Bordbar et al. (2024) analyzed Gulf SSTs between 2003 and 2021, and suggested that positive
10D events may favor elevated SSTs in the region. However, most previous studies relied on coarse-resolution datasets (e.g.,
Purkis and Riegl, 2005), were spatially or temporally limited (e.g., Al-Rashidi et al., 2009; Nandkeolyar et al., 2013; Bordbar
et al., 2024), or analyzed multi-seasonal data without isolating the summer period, when extreme SSTs predominantly occur
(e.g., Nandkeolyar et al., 2013; Al Senafi, 2022; Bordbar et al., 2024). Moreover, no study has yet systematically investigated
the mechanisms through which large-scale climate modes influence Gulf SSTs, nor quantified the relative contributions and
interactions among these modes. As a result, the drivers of summer SST extremes and the mechanisms through which large-
scale climate modes influence Gulf SSTs remain poorly understood.

This study aims to fill these gaps by identifying the local and remote climatic drivers of extreme summer SSTs in the
Gulf. Specifically, we address three key questions: (i) what are the dominant drivers of Gulf SSTs during summer?, (ii) what
atmospheric conditions accompany extreme summer SSTs in the Gulf?, and (iii) to what extent, and through what mechanisms,
are these conditions influenced by large-scale climate teleconnections?

To answer these questions, we analyze an eddy-resolving hindcast simulation of the Gulf along with ERAS reanalysis data

over the period 1980-2018. Our results show that extreme summer SSTs in the Gulf are associated with lower surface pressure
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over the Arabian Peninsula and higher pressure over Iran and Pakistan in the lower troposphere. This pressure configuration
weakens the predominantly northwesterly winds over Iraq, most of the Arabian Peninsula, and the Gulf, known as Shamal, and
strengthens monsoon winds over the western and southern Arabian Sea. These changes enhance the transport of atmospheric
moisture into the Gulf and increase upper-tropospheric subsidence, both of which contribute to heat trapping near the surface
and elevated SSTs. Additionally, the reduction in evaporative cooling due to weaker local winds further amplifies the warming.
We show that these atmospheric conditions are strongly favored during La Nifia and negative NAO summers, with the warmest
summers occurring when both modes co-occur. In contrast, limited warming is observed when the two modes are in opposite
phases. Our results also reveal that major climate teleconnections influence Gulf temperatures more strongly, and often in ways

that contrast with their impact on surface temperatures in the Arabian Sea.

2 Methods

We analyze the interannual variability of Gulf SSTs over the period 1980-2018 using two complementary data sources: (i) an
eddy-resolving ocean hindcast simulation, which allows for quantification of the key drivers of SST variability at relatively
high spatial resolution; and (ii) reanalysis data, which is used to investigate the link between local atmospheric changes over

the Gulf and large-scale atmospheric circulation.
2.1 Hindcast Simulation

The circulation model is based on the Regional Ocean Modeling System (ROMS) (Shchepetkin and McWilliams, 2005). The
model uses non-local K-profile parameterization (KPP) scheme for vertical mixing (Large et al., 1994). Advection is calculated
using a rotated-split, third-order upstream-biased scheme following Marchesiello et al. (2009), which has been shown to reduce
numerical dispersion while maintaining low diffusion. Covering the Indian Ocean from 31.5 S to 31 N and 30 E to 120 E,
the model employs a horizontal resolution of 1/10 degree and 32 sigma-coordinate vertical layers, with enhanced resolution
near the surface. Seafloor bathymetry is derived from the one arc-minute ETOPO1 dataset (Amante and Eakins, 2009). Open
lateral boundary conditions are specified along the southern and eastern boundaries of the domain. For depth-averaged velocity
and sea surface height, radiation boundary conditions following Flather (1976) and Chapman (1985), respectively, are applied.
Barotropic tidal forcing is imposed at the open boundaries using eight tidal constituents (K2, S2, M2, N2, K1, P1, O1, Q1)
obtained from the TPXOS8 global tidal model (Egbert and Erofeeva, 2002). Finally, river discharge from major rivers within
the model domain, including the Shatt al-Arab in the northeastern Gulf, is imposed as point sources. Monthly climatological
runoff from rivers discharging into the northern Indian Ocean, including the Arabian Sea and the Gulf, is incorporated using the
global discharge dataset of Dai and Trenberth (2002). The hindcast simulation is forced by ECMWF ERA-Interim 6-hourly heat
fluxes, air temperature, pressure, humidity, precipitation, and winds spanning January 1980 to December 2018. The initial and
lateral boundary conditions for various parameters are derived from the ECMWF Ocean Reanalysis System 5 (ORASS; Zuo
et al., 2019) and World Ocean Atlas 2018 Garcia et al. (2019). Further details of the model setup are provided in Lachkar et al.

(2024). The performance of the model in reproducing key aspects of the hydrography of the region was extensively evaluated
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in Lachkar et al. (2024). In general, the model captures the essential hydrographic features of the Gulf region, including the
seasonal progression of temperature, salinity, and Gulf outflow, as well as the long-term trends in sea surface temperatures. A

detailed description of the model evaluation is provided in Lachkar et al. (2024).
2.2 SST tendency equation

In order to understand the drivers of SST variability in the Gulf, we consider the SST tendency equation:

Verticaladvection ~ Atmospheric heat flux
Diffusion Horizontgl advection Z-]} r-‘E Z—Tf_
er _ Zr_ill(TF'I{ Z_}lffl'ic W@—T + _Qnet
ot 0z wCpw h

where T is the SST, K is the diffusivity tensor, and where ¥ and I, are the 3-D and horizontal gradient operators, respectively.
The symbols u and W denote the horizontal and vertical velocities, respectively, while v, Cpw and h are the water density,

specific heat capacity and thickness of the model’s surface layer. Q. is the atmospheric net surface heat flux.
2.3 Formulation of Surface Heat Fluxes

The net heat flux, Q,e, at the ocean surface is the sum of four components: solar shortwave radiation (Qsy ), longwave radiation

(Quw), latent heat flux (Qyy), and sensible heat flux (Qgen):

Qnet = st + Qlw + Qlat + Qsen (1)

The longwave radiation, Qyy, is further decomposed into downward radiation (Qgyw) and upward radiation (Qyw):

Qlw = lew + Qulw (2)

While the solar radiation Qg and the downward longwave radiation Qg are prescribed from the atmospheric reanalysis

used to force the model, the outgoing longwave radiation Qyy is estimated from the SST using the Stefan—Boltzmann law:

Qulw = T 4 (3)

where and are the emissivity of the ocean surface and the Stefan—Boltzmann constant, respectively, and T is the SST
expressed in Kelvin.

The latent and sensible heat fluxes are parameterized using bulk formulae following Fairall et al. (1996):

Qu= aCeLU Q; with Q= Q%5 Q% 4)
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where , and ¢ are the air density and the speci ¢ heat of air at constant pressure, respectivalyd ¢ are the bulk
transfer coef cients for latent and sensible heat; L is the latent heat of vaporization; U is the wind speed at 10 m; Q is
the humidity gradient; ® and Q" are the saturated speci ¢ humidity at the sea surface and the speci ¢ humidity at 10 m,
respectively; T is the air-sea temperature difference; artl &nd SST are the surface air and sea temperatures.

To characterize the relationship between anomalies in atmospheric heat uxes and SST, we analyze the statistical correlations
between interannual anomalies of&and anomalies in the SST tendency t&ﬁ. Additionally, to quantify the drivers of
Gulf SST variability, we regress SST on the following heat ux components: solar shortwave radiatign ¢@wnward
longwave radiation (@), latent heat ux (Qs), and sensible heat ux (Q,).

2.4 Reanalysis Data

ERADS reanalysis data was retrieved from the Copernicus Climate Change Service (C3S) Climate Data Store (CDS) (Hersbach
et al., 2023). Data are provided on a regular latitude—longitude grid with a spatial resolution off2Ehe purpose of this

study, the data were extracted for a domain encompassing the Arabian Peninsula, the Gulf, and the Arabian Sea, extending fron
the equator to 33N and from 40E to 80 E. The reanalysis data, used for composite and regression analyses, covers the same
period as the hindcast simulation, that is, 1980 to 2018. For the Self-Organizing Map (SOM) analysis, the data was extended
to the entire 1950-2024 period to ensure robust training of the neural network, as described in Section 2.5. In addition to SST,
the ERAS dataset includes the following meteorological variables: 2-metre air temperature; 10-metre wind speed and its zonal
and meridional components; sea level pressure; evaporation rate; total column water vapor; 2-metre relative humidity; cloud
cover; and, in the free atmosphere, geopotential height, speci ¢ humidity, and wind vectors at 850 hPa (lower troposphere) and
300 hPa (upper troposphere).

Finally, to assess the robustness of the key ndings with respect to the choice of reanalysis product, we additionally use
two independent atmospheric reanalysis datasets: the Japanese 55-year Reanalysis (JRA-55; Kobayashi et al., 2015) and tl
Modern-Era Retrospective Analysis for Research and Applications, Version 2 (MERRA-2; Gelaro et al., 2017). Data from
these datasets were extracted over the same study period and include the following variables: sea level pressure, 10-m wind:
850 hPa winds and geopotential height, and total-column water vapor.

2.5 Climate Teleconnections

To explore the potential in uence of large-scale natural climate variability on extreme temperatures in the Gulf, we consider
four global and regional climate variability modes known to affect the climate of the Middle East and the Arabian Peninsula:
ENSO, NAO, IOD, and the Indian Summer Monsoon (ISM). Other modes, such as the Arctic Oscillation, were also examined
but showed very weak and statistically insigni cant correlation with summer Gulf SST (Fig S1, Supplementary Information
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— For ENSO, we use the Oceanic Nifio Index (ONI), de ned as the 3-month running mean of sea surface temperature
anomalies in the Nifio 3.4 region (85 S, 120-170 W), based on NOAAs ERSST.v5 dataset (Huang et al., 2017).

The anomalies are calculated relative to centered 30-year base periods, updated every 5 years.

— For NAO, we use the NAO Index, which is based on the difference in sea-level pressure between the Subtropical (Azores)
High and the Subpolar Icelandic Low following Barnston and Livezey (1987). The index, standardized and smoothed

using a 3-month running mean, is obtained from the NOAA Climate Prediction Center website.

— The IOD is represented by the Dipole Mode Index (DMI), de ned as the anomalous SST gradient between the west-
ern equatorial Indian Ocean (3-70 E, 10 S—-10N) and the southeastern equatorial Indian OceanESQ10E,
10 S—-0 N). DMl values are obtained from the NOAA Physical Sciences Laboratory (PSL) website.

— Finally, to characterize the strength of the Indian Summer Monsoon, we use the Webster—Yang Monsoon Index (WYMI),
a dynamical index de ned as the vertical shear of zonal wind between the upper and lower troposphere over the region
extending from 0 to 20 N and from 40E to 110 E (Webster and Yang, 1992). A stronger WYMI re ects enhanced
low-level westerlies and upper-level easterlies—both manifestations of a vigorous ISM circulation.

2.6 Statistical Analysis

To extract the interannual variability in Gulf temperature and its drivers, the data were deseasonalized by removing the monthly
climatological means from the original time series, and detrended by subtracting the long-term linear trends over the study

period. Speci cally, for a variable A, we considered the interannual anom3lgé\ned as:
A0=A A clim A trend (6)

where A'™ and A"®"drepresent the monthly climatology and the linear trend of the variable A, respectively. The analysis was
further restricted to the summer months (July to September), when extreme temperatures are most likely to occur. We tested the
normality of the data using the Shapiro—Wilk test (Table S1, Sl) and by visually inspecting quantile—quantile (Q—Q) plots, which
compare the data quantiles to the theoretical quantiles of a normal distribution (Fig. S2, Sl). The results of the test, along with
the visual inspection, indicate that all variables are either normally distributed or approximately normal. Given that the data do
not substantially deviate from normality, we chose to use parametric methods to analyze statistical correlations. We computed
local Pearson correlation coef cients between SST anomalies and anomalies in potential drivers at each grid point, as well as
correlations between Gulf-mean SST anomalies and regional or global climate variability modes. The statistical signi cance of
the correlations was assessed using a Student's t-test at a 95% con dence level. Because these modes are not independent a
exhibit mutual correlations, we further conducted a partial regression analysis to isolate the unique relationship between each
mode and Gulf SST anomalies while statistically controlling for the in uence of the others. This approach involves regressing
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the residuals of SST (after removing the effects of all other predictors) against the residuals of each individual climate mode
(after removing the effects of the remaining modes).

To quantify the typical SST response to variations in surface heat uxes, we perform a composite of SST anomalies cor-
responding to the difference between high (> +1 SD above the mean) and low (< —1 SD below the mean) values of atmo-
spheric heat uxes. To identify and interpret the atmospheric conditions associated with extreme summer SST anomalies in
the Gulf—or those commonly observed under speci ¢ climate variability modes—we conduct a composite analysis, in which
atmospheric elds are averaged during periods when Gulf SST anomalies exceed the 90th percentile, or when climate modes
such as ENSO and NAO are in strong positive or negative phases. The most extreme summers are identi ed as summers wher
SST exceeds 2 standard deviations (98th percentile) over at least one-third of the Gulf.

To quantify the extent to which summer SST variability in the Gulf is collectively explained by the four climate modes, we
performed a stepwise multiple linear regression analysis with forward variable selection. In this approach, NAO, ENSO, 10D,
and ISM were successively introduced as predictors based on the incremental variance each contributed to the model. Finally
to partition the total explained variance into independent (unique) and joint (shared) components, we applied a hierarchical
partitioning approach (Mac Nally, 1996), which systematically evaluates all possible combinations of predictors to quantify

how much variance each explains individually versus in combination with others.
2.7 Self-Organizing Maps

To visualize the relationship between Gulf SST anomalies and the leading climate variability modes we apply a Self-Organizing
Map (SOM) analysis. SOM is a nonlinear, unsupervised learning algorithm that projects high-dimensional data onto a lower-
dimensional (typically 2D) grid while preserving topological relationships—such that similar patterns are mapped close to
one another (Kohonen et al., 2000). Each neuron (or map unit) represents a typical or prototype pattern learned from input
observations and has the same dimensionality as the input. In this study, each neuron corresponds to a specic Gulf SST
anomaly and the concurrent intensity and phase of key climate variability modes, represented by their respective indices.
To ensure robust training, the data coverage was extended to the full 1950-2024 period. Prior to training, the data were
standardized to zero mean and unit variance. During training, input vectors are iteratively matched to their best matching
unit (BMU), and neighboring neurons are updated to better represent the underlying data distribution. Upon convergence,
the SOM provides a low-dimensional approximation of the probability density function of the input space. We use a 10x10
rectangular SOM (100 neurons), which offers a balance between pattern resolution and generalization. Neuron weights are
initialized using the linear initialization method which ensures a faster convergence, and training is performed with a Gaussian
neighborhood function, which minimizes topographic error. The initial learning rate is set to 0.2, and the initial neighborhood

radius, de ning the in uence range of the BMU, is set to 5. Slight variations in map size and training hyperparameters yielded

205comparable results.



Figure 1. Inter-annual variability of the Gulf summer SST. (A) Time evolution of Gulf-averaged summer SST between 1980 and 2018
(black curve). The grey shading indicates the spatiotemporal variability, represented by 1 standard deviation around the Gulf-averaged
summer SST. The red and the blue curves show the absolute local maximum and minimum summer SSTs within the Gulf, respectively. (B-C)
Mean summer (July-September) SST (B) and inter-annual standard deviation (C) over the study period (1980-2018). The Gulf basin, Sea of

Oman, and Strait of Hormuz are indicated in panel B.
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3 Results
3.1 Summer SST Variability in the Gulf and Its Drivers

The summer SST in the Gulf exhibits pronounced spatial and temporal variability. During the study period (1980-2018),
average summer SSTs ranged from below@8& above 35C across the Gulf (Fig. 1A). This variability re ects interannual
uctuations superimposed on a long-term warming trend, further modulated by spatial heterogeneity. On average, SSTs are
generally higher in the southern part of the Gulf compared to the northern region (Fig. 1B). When spatial variations are
averaged out, the Gulf-wide mean summer SST increased at a rate of approximatey fleBtHecade over the study period

(Fig. 1A). Superimposed on this long-term warming trend are substantial interannual anomalies, with the most extreme basin-
scale positive and negative departures occurring in the summers of 1998 and 1991, respectively (Fig. 1A). The magnitude of
these interannual uctuations also displays strong spatial variability, with weaker anomalies near the Strait of Hormuz (SD

0.3 C) and stronger anomalies in the northern Gulf (up to SD @C7 Fig. 1C).

A heat budget analysis of the surface layer over the study period reveals that anomalies in the SST tendéﬁﬁl fpeFm
marily re ect the near-compensating effects of anomalies in atmospheric heat uxes (r 3 Gr&Bvertical transport processes
(mixing and advection; r = -0.87 (Fig. 2A). In contrast, anomalies in Gulf-integrated lateral heat transport—associated with
heat exchange with the Sea of Oman—exhibit only a weak correlation with the SST tendency (r=0.25; Fig. 2A). The strong
anticorrelation between anomalies in atmospheric heat uxes and vertical transport (r 5 f0r®9er indicates that vertical
transport largely acts as a response to surface forcing rather than an independent driver of SST variability (Fig. 2A). Overall, at
the scale of the entire Gulf, variations in atmospheric heat uxes emerge as the dominant control on SST variability. Spatially,
this in uence is strongest in the northern Gulf, where atmospheric heat uxes account for 92% of the SST variance (Fig. 2B),
and remains dominant in the southern Gulf, accounting for about 83% (Fig. 2C).

Warm summer SST anomalies are associated with positive anomalies in downward longwave radiation and, to a lesser
extent, latent heat ux—particularly in the northern Gulf (Fig 3). However, high summer SSTs are generally accompanied by
weaker-than-average sensible heat ux and incoming solar (shortwave) radiation (Fig. 3). The reduced sensible heat ux from
the atmosphere to the ocean surface during warm summers results from the combined effect of weaker winds and a smalle
air—sea temperature difference ( T =3 — SST; de ned in Eq. 5), as air temperature does not increase as much as SST during
these periods (Fig. 4A-B and Fig. S3, Sl). The weaker-than-average shortwave radiation is likely due to increased atmospheric
moisture content during warm SST summers, since changes in cloud cover are not statistically signi cant (Fig. 4D—E). The
contrasting impact of atmospheric moisture on surface shortwave and longwave radiation uxes is further evidenced by the
strong anticorrelation between anomalies in downward longwave and shortwave radiation (Fig. S4, Sl).

Finally, changes in evaporative cooling—which depend on both the air-sea humidity gradient ( @=@"; de ned in
Eqg. 4) and wind speed—are governed by the sign and relative contribution of these two factors. The surface saturation speci ¢
humidity (&) and air speci ¢ humidity (@") increase with rising SST and air temperature, respectively. However, because
SST anomalies tend to be larger than air temperati#d @homalies during warm Gulf SST summers, and because relative



Figure 2. Drivers of interannual variability of summer Gulf SST. (A) Interannual anomalies of the temperature tendency téj?ﬁ

(black), atmospheric heat uxes (red), and vertical (blue) and horizontal (green) heat transport uxes, integrated over the entire Gulf. Cor-
relation coef cients (r) in the legend indicate the Pearson correlation between each heat ux and the SST tendency term. (B-C) Inter-annual
summer SST anomaly (black) as a function of time, along with the contribution of atmospheric heat uxes to the SST anomaly (red), in the
northern (B) and southern (C) Gulf. Note that in (A) the tendency term and horizontal transport uxes are plotiegeinyear, while the
atmospheric heat uxes and vertical transport uxes are showrGrper month, allowing all four terms to be displayed on the same scale.

The contribution of heat uxes in (B) and (C) is estimated from a linear regression of SST anomalies onto anomalies in the four heat ux

components: solar shortwave radiation, downward longwave radiation, latent heat ux, and sensible heat ux.

humidity typically decreases with increasing air temperatures, the humidity gradient ( Q) increases under these conditions
240 (Fig. 4C).
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Figure 3. Relationship between atmospheric heat uxes and Gulf SST. (Left): Pearson correlation coef cients between SST anomalies
and atmospheric heat ux anomalies. (Right): Composite SST anomalies corresponding to the difference between high (> +1 SD above
the mean) and low (< —1 SD below the mean) values of atmospheric heat uxes. The composites represent the typical SST response to

uctuations in surface forcing. Hatching indicates statistical signi cance at the 95% con dence level. Positive heat ux values indicate net

heat gain by the ocean.
11



Figure 4. Correlations between SST and meteorological variables over the Gulf. Correlation between SST and wind speed (A), air-sea
temperature difference T = P' - SST (B), air-sea humidity gradient Q = &- Q" (C), total column water vapor (D), cloud cover (E),
and evaporation (F). Hatching indicates statistical signi cance at 95% con dence intefVand@ G refer to air temperature and speci ¢

humidity at 2m. § is the saturation speci ¢ humidity at sea surface.
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