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Abstract

The Gulf Stream is a vital limb of the North Atlantic circulation that influences regional climate, sea level, and hurricane
activity. Given the Gulf Stream’s relevance to weather and climate, many studies have attempted to estimate trends in its
volumetric transport from various datasets, but results have been inconclusive, and no consensus has emerged whether the
current is weakening with climate change. Here we use Bayesian analysis to jointly assimilate multiple datasets from the
Florida Straits to quantify uncertainty and change in Gulf Stream volume transport since 1982. We find with virtual certainty
(probability $P>99\%$) that Gulf Stream volume transport through the Florida Straits declined by $1.2 \pm 1.0$ Sv in the
past 40 years (95\% credible interval). This represents the first unequivocal evidence for a recent multidecadal decline in this

climate-relevant component of ocean circulation.
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Key Points:

« We quantify changes in Gulf Stream volume transport through Florida Straits since
1982 by applying Bayesian methods to multiple datasets.

e Gulf Stream volume transport through Florida Straits declined by 1.2 + 1.0 Sv
during the past 40 years (95% credible interval).

 This represents the first unequivocal observational evidence for a recent multidecadal
weakening of this climate-relevant ocean current.
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Abstract

The Gulf Stream is a vital limb of the North Atlantic circulation that influences regional
climate, sea level, and hurricane activity. Given the Gulf Stream’s relevance to weather
and climate, many studies have attempted to estimate trends in its volumetric transport
from various datasets, but results have been inconclusive, and no consensus has emerged
whether the current is weakening with climate change. Here we use Bayesian analysis

to jointly assimilate multiple datasets from the Florida Straits to quantify uncertainty
and change in Gulf Stream volume transport since 1982. We find with virtual certainty
(probability P > 99%) that Gulf Stream volume transport through the Florida Straits
declined by 1.2 4+ 1.0 Sv in the past 40 years (95% credible interval). This represents
the first unequivocal evidence for a recent multidecadal decline in this climate-relevant
component of ocean circulation.

Plain Language Summary

The Gulf Stream is a major ocean current located off the East Coast of the United
States. It carries a tremendous amount of seawater and along with it heat, carbon, and
other ocean constituents. Because of this, the Gulf Stream plays an important role in
weather and climate, influencing seemingly unrelated phenomena from sea level along
coastal Florida to temperature and precipitation over continental Europe. Given how
important this ocean current is to science and society, scientists have tried to figure out
whether the Gulf Stream has undergone significant changes under global warming, but
so far, they have not reached a firm conclusion. Here we report our effort to synthesize
available Gulf Stream observations from the Florida Straits near Miami, and to assess
whether and how the Gulf Stream transport there has changed since 1982. We conclude
with a high degree of confidence that Gulf Stream transport has indeed slowed by about
4% in the past 40 years. Our finding is the first conclusive, unambiguous observational
evidence that this ocean current has undergone significant change in the recent past, and
future studies should try to identify the cause of this change.

1 Introduction

The Gulf Stream is the western boundary current of the subtropical North Atlantic
Ocean (Stommel, 1965). It flows north through the Florida Straits off Miami and along
the continental slope of the South Atlantic Bight before detaching from the coast at Cape
Hatteras and meandering freely into the open ocean (Heiderich and Todd, 2020). By virtue
of its volume and heat transports, the Gulf Stream affects regional weather and climate
as well as coastal conditions, including European surface air temperature and precipi-
tation, sea level along the Southeastern United States, and North Atlantic hurricane ac-
tivity (Donnelly et al., 2015; Little et al., 2019; Palter, 2015). Understanding past Gulf
Stream changes is therefore important for interpreting observed changes and predicting
future trends in extreme events including droughts, floods, heatwaves, and storms (Senevi-
ratne et al., 2021).

Determining trends in Gulf Stream transport is also relevant for clarifying whether
elements of the large-scale North Atlantic circulation have changed and determining how
the ocean is feeding back on the global climate system (Jackson et al., 2022). The dif-
ference between the northward transport by the Gulf Stream and southward transport
due to winds over the ocean interior defines the strength of the Atlantic meridional over-
turning circulation (McCarthy et al., 2019). The overturning circulation is the primary
means by which the ocean moves heat across latitudes, cooling tropical regions and warm-
ing the poles (Lumpkin and Speer, 2007). Climate models predict that the Atlantic merid-
ional overturning circulation has weakened by 1.2 + 0.2 Sv since the 1980s due to hu-
man influence (Menary et al., 2020; Weijer et al., 2020), but reconstructions derived from
the sparse hydrographic data available since the 1980s find no significant weakening (Cainzos
et al., 2022; Fu et al., 2020; Worthington et al., 2021). It is unclear if the discrepancies
reflect issues with the models (inability to resolve fronts, jets, eddies, etc.) or the data
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(e.g., aliasing of the sparse hydrographic observations), or whether the signal of anthro-
pogenically forced change is below the detection threshold set by natural variability (Jack-
son et al., 2022). While continuous direct observations of the overturning circulation are
too short to corroborate the simulated weakening (McCarthy et al., 2019; Lobelle et al.,
2020), estimates of Gulf Stream transport are available earlier in time.

There is a long history of Gulf Stream observations from remote sensing and in situ
data along the current’s path (Stommel, 1965). The longest, most continuous record of
Gulf Stream transport is from Florida Straits at 27°N (Figure 1) (Baringer and Larsen,
2001; Meinen et al., 2010; Volkov et al., 2020). There, quasi-daily estimates from sub-
marine telecommunications cables calibrated with regular shipboard hydrographic sur-
veys extend from 1982 and satellite altimetry provides additional data constraints ev-
ery ~ 10 days since 1992 (Figures 1, 2a). Despite the extraordinary density of data, there
is, as yet, no consensus that Gulf Stream transport is weakening with climate change.
Meinen et al. (2010) interrogated observations from free-falling floats and cable data at
27°N since 1982 along with earlier upstream float measurements from south of North-
west Providence Channel near 26°N. They argued that the data do not support a change
in Gulf Stream transport over 1964-2009, but they did not quantify the longterm rate
of change or provide error estimates. In contrast, Park and Sweet (2015) reported a trans-
port trend equivalent to a weakening of 1.140.1 Sv from the cable data over 1982-2014.
Yet, their calculation did not account for serial correlation of residual transports or the
large, time-variable uncertainties on the cable data (Garcia and Meinen, 2014; Meinen
et al., 2010; Volkov et al., 2020), and so their formal error bars were probably too small
(Bos et al., 2014). Evidence from farther downstream along the Gulf Stream is also equiv-
ocal. Rossby et al. (2014) analyzed 20 years of direct velocity data at 70°W but found
no evidence of a decrease in Gulf Stream transport over 1993-2012, whereas Dong et al.
(2019) used satellite altimetry to infer a weakening east of 65°W during 1993-2016, but
no change west of 70°W.

In summary, there have been many attempts to estimate Gulf Stream trends from
various data sets, but a definitive answer has remained elusive. We propose that, to make
a robust estimate of longterm change with meaningful error bars, the available data should
be jointly assimilated in a way that accounts for the time series properties of the trans-
port and the uncertainties characterizing the different data streams.

2 Methods

To quantify, with uncertainties, daily Gulf Stream transports at Florida Straits since
1982, we apply hierarchical Bayesian modeling (Cressie and Wikle, 2011) to transports
from cable, hydrography, and altimetry at 27°N (Appendix). Hierarchical modeling is
based on the notion of conditional probabilities (Berliner, 1996), and represents a math-
ematically coherent framework for jointly assimilating all the available data and mod-
eling the sources of uncertainty that characterize the problem. Our Bayesian model con-
sists of three submodels—the first is the process submodel representing the temporal evo-
lution of the Gulf Stream transport, which we model as the sum of a linear trend, sea-
sonal cycle, and autoregressive noise; the second is the data submodel, which prescribes
the relationships between the true underlying transport process and noisy, gappy trans-
ports from the cable, hydrography, and altimetry; the third is the prior submodel that
places initial constraints on the uncertain parameters in the process and data submod-
els. We bring these submodels together using Bayes’ theorem, which allows us to prop-
agate uncertainties across the various levels of the problem. We generate an ensemble
of posterior solutions that provide a probabilistic, continuous description of Gulf Stream
transport on daily to decadal timescales from 18 March 1982 to 06 December 2021 (Fig-
ure 2b, 2¢). See the Appendices for more detailed descriptions of the data and the model.
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3 Results

We find a mean transport of 31.84+0.27 Sv (95% posterior credible interval), which
is more tightly constrained than the value of 32.14+0.4 Sv reported by Meinen et al. (2010),
and lower than the value of 32.2 Sv from Baringer and Larsen (2001) based on a shorter
cable record (1982-1998), since we assimilate longer, more recent data during a time when
transport declined (see immediately below). While errors vary in time depending on data
quality and availability, daily transport uncertainties (posterior standard deviations) are
~ 0.9 Sv on average, which is smaller than the standard errors on the daily cable data
(Figure 2c, 2d).

We conclude that Gulf Stream transport in Florida Straits declined by 1.2+ 1.0
Sv over the past 40 years (Figures 2e, 2f), which is equivalent to a change of 4.0+£3.2%
relative to the mean transport. The probability that Gulf Stream transport weakened
more than expected from random chance is P > 99%. This trend only recently emerged
from the data. A set of sensitivity experiments where the Bayesian model was only given
the data through 2005, 2009, 2013, and 2017 yielded respective transport-weakening prob-
abilities of P = 51%, P = 79%, P = 96%, and P = 97% (Figure 2e). This demon-
strates that a significant decline in Gulf Stream transport has only become detectable
during the past decade. The Gulf Stream transport decline from the Bayesian model is
also robust across datasets. Omitting data from the cable, hydrography, or altimetry from
the analysis, we determine weakenings of 0.8 +1.0, 1.14+1.0, and 1.24+0.9 Sv, respec-
tively (Figure 2f). This shows that a very likely (P > 94%) transport weakening is a
common signal and not dependent on any one dataset.

4 Discussion

The 1.2+1.0-Sv transport weakening identified we find here is consistent with the
1.2 4+ 0.2-Sv decline in the Atlantic meridional overturning circulation since 1980 due
to human influence predicted by climate models (Menary et al., 2020; Weijer et al., 2020).
However, it remains to determine whether wind-driven interior circulation also changed
over the same time. Future studies could apply similar Bayesian methods to additional
data to paint a fuller picture of past changes in North Atlantic circulation. For exam-
ple, data from the RAPID array across the Atlantic since 2004 could be assimilated with
temperature and salinity observations across the basin at 26°N and within Florida Straits
to establish whether the Gulf Stream slowdown is associated with interhemispheric ex-
change by the meridional overturning or local recirculation by the subtropical gyre (Cainzos
et al., 2022; Fu et al., 2020; McCarthy et al., 2019; Worthington et al., 2021). Folding
temperature, salinity, carbon, and other tracers into a more expansive Bayesian model
may also permit an inference on ocean heat and biogeochemical transports that are more
directly relevant to climate (McCarthy et al., 2019). Our new Gulf Stream transport time
series could also be used to investigate relationships between Gulf Stream transport and
flooding along the Florida coastline, since it is made independently of coastal tide-gauge
data (Sweet et al., 2015).

We find unequivocal evidence for a multidecadal decline of Gulf Stream transport
in Florida Straits since the 1980s. Yet, this longterm weakening represents only a frac-
tion of the variability and change in ocean transport. There is debate surrounding whether
proxy reconstructions based on natural archives support a significant decline in North
Atlantic circulation on longer centennial timescales since the Industrial Revolution (Cae-
sar et al., 2022; Kilbourne et al., 2022), and shorter instrumental observational records
of the meridional overturning circulation reveal strong decadal variability (Jackson et
al., 2022; Moat et al., 2020; Smeed et al, 2019). These remaining ambiguities underscore
the value of sustained longterm monitoring of ocean circulation and the importance of
assimilating available observations within a hierarchical framework to rigorously quan-
tify uncertainty and change.



166

167

168

169

170

171

172

173

174

175

176

177

178

179

180

181

182

183

184

185

186

187

188

189

190

191

192

193

194

195

196

197

198

199

200

201

202

203

204

205

206

207

208

209

210

211

Acknowledgments

Support came from NSF awards OCE-2123692/0CE-2123691 (Physical Oceanography),
OCE-2002485 (P2C2), and NASA grant 80NSSC20K1241 (Sea Level Change Team). Woods
Hole Oceanographic Institution is located on the unceded ancestral and contemporary

land of the Wopanaak (Wampanoag) peoples.

Open Research

All data used in this study were downloaded from the NOAA WBTS project web-
site on 10 December 2021 (https://www.aoml.noaa.gov/phod/wbts/). The computer
code used to run the Bayesian model and produce the results in this study is available
at the CGP’s GitHub website (https://github.com/christopherpiecuch).

Appendix A Data

The Florida Current represents the Gulf Stream at its headwaters in Florida Straits.
Therefore, we use the phrases Florida Current and Gulf Stream at Florida Straits inter-
changeably, noting that the Gulf Stream’s behavior is distinct at other latitudes upstream
(Heiderich and Todd, 2020). We use observations of Florida Current volume transport
from the National Oceanic and Atmospheric Administration Western Boundary Time
Series (NOAA WBTS) project. All data were downloaded on 10 December 2021, includ-
ing transport estimates determined from cable voltages, hydrographic cruises, and satel-
lite altimetry.

A1l Cable

We use 13,105 quasi-daily Florida Current transport estimates from voltages mea-
sured across abandoned submarine telecommunications cables between Florida and The
Bahamas. The principle is based on electromagnetic theory: oceanic transports of charged
particles in the presence of earth’s geomagnetic field result in variable across-cable volt-
ages (Larsen, 1992). Data from 18 March 1982 to 22 October 1998 are from a cable be-
tween Jupiter Inlet and Settlement Point while the data from 9 June 2000 to the present
are from a cable from West Palm Beach to Eight Mile Rock. No measurements were made
from October 1998 to June 2000. The data are provided at daily resolution, but the ef-
fective sampling rate is three-daily, since the data are low-pass filtered to suppress ge-
omagnetic effects and other noise. Cable estimates are calibrated against independent
transport measurements from free-falling dropsonde floats and lowered acoustic doppler
current profiler (LADCP) during cruises by the R/V Walton Smith across Florida Straits
(Meinen et al., 2010; Garcia and Meinen, 2014). Volkov et al. (2020) compare the ca-
ble data to dropsonde observations and obtain standard errors on the former of 2.8 Sv
for 1993-1998, 2.0 Sv for 2000—2005, and 1.3 Sv for 2006 onward. Larger errors for 1993—
1998 and 2000-2005 result from the cables being in active telecommunications use and
problems with the recording system, respectively (Meinen et al., 2010; Volkov et al., 2020).

A2 Hydrography

We use 388 direct observations of Florida Current transport from a variety of in
situ hydrographic platforms. Of these, 247 are from free-falling dropsonde floats, 85 are
from LADCP, 60 are from acoustically-tracked Pegasus floats, and 9 from Pegasus floats
in dropsonde mode. Pegasus float measurements were made from 1982 to 1984 as part
of the Subtropical Atlantic Climate Studies program (Molinari et al., 1985), while the
observations from Pegasus floats in dropsonde mode were obtained during later campaigns
between 1986 and 1988. Dropsonde and LADCP measurements began later in 1991 and
2001, respectively. All WBTS hydrographic observations are on hiatus since 2021 due
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to permitting issues with The Bahamas. Meinen et al. (2010) and Garcia and Meinen
(2014) provided a detailed discussion of these observations and their uncertainties.

A3 Altimetry

We use 979 Florida Current transport estimates based on satellite altimetry. Satel-
lite altimeters observe the global sea-surface height field every ~ 10 days. By virtue of
geostrophy, gradients in sea-surface height are coupled to surface geostrophic currents.
Motivated by this relationship, Volkov et al. (2020) used sea-surface height differences
from along-track altimetry data across Florida Straits to estimate Florida Current trans-
port since January 1993. Those authors compared their altimetry-based transport es-
timates to data from cables, dropsondes, and LADCP, and derived a standard error on
the ~ 10-daily altimetric estimates of ~ 2 Sv.

Appendix B Model

We develop a hierarchical Bayesian time series model to analyze Gulf Stream trans-

port data from cable, hydrography, and altimetry. The algorithm design follows the paradigm

established by Berliner (1996): a process level (submodel) encodes mathematical rules
describing the temporal evolution of the process, a data level specifies relationships be-
tween the true underlying process and the imperfect data, and a prior level imposes con-
straints on the parameters in the process and data levels, which are uncertain. We re-
late the posterior probability of the process and the parameters given the data to the
process, data, and prior levels using Bayes’ theorem. See Cressie and Wikle (2011) and
Gelman et al. (2006) for a detailed description of hierarchical Bayesian modeling.

We use autoregressive-moving-average (ARMA) models (Cryer and Chan, 2008)
to describe the structure in the data. The model equations below are the result of data
exploration and trial and error. We successively applied ARMA (p, ¢) models with p au-
toregressive terms and ¢ moving-average terms to the observations, increasing the or-
der (p,q) until the residuals were described by white noise (see below). We interpreted
the lowest-order model producing white-noise residuals as the simplest model that could
justifiably be applied to the data.

All model processes, data, and parameters are listed in Table Al.

B1 Process level

We represent the Gulf Stream volume transport process T' = [T7, . .. ,TK]T in terms
of a third-order autoregressive [AR(3)] process superimposed on a time mean, seasonal
cycle, and linear trend

3
T, — w8 = Z [pi (Teei — wi_;B)] + sk, (B1)
i=1
where s, ~ N (O, 02) is a zero mean, independent and identically distributed random
normal innovation with unknown variance o2; k € [1, K] is the index; wy, is the k*" col-
umn of the [6 x K] design matrix

1 1 e 1
t to A tx
_ C.OS (27rt1/TA) Cf)S (27rt2/TA) C?S (2’/TtK/TA) 7 (B2)

sin (27Tt1/TA) sin (27rt2/7'A) -+ gin (QWtK/TA)

cos (27Tt1/TSa> cos (27rt2/7'sa) N o)) (QFtK/TSa)

sin (27Tt1/7’sa) sin (27Tt2/TSa) -+ sin (27TtK/TSa)
where t;, is the k*® time and 74 and 7g, are annual and semiannual periods, respectively;
B =106152 ... 66]T are unknown regression coefficients; and {p1, p2, p3} are the un-
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known AR coefficients. Note that we scale and center the time such that ¢t; = —1 and
tx = 1. Also note that the ~ symbol is read “is distributed as” and N (a, b?) is the nor-
mal distribution with mean a and variance b2.

B2 Data level
B21 Hydrography

We assume the hydrographic data @ = [z1,...,2x T correspond to the transport
process T according to

zy = Ty + di, (B3)

where dj, ~ N (0,67) is random noise with zero mean and 67 is the data error variance.
Similar to values in Volkov et al. (2020) and Garcia and Meinen (2014), we set 67 = (1.0 Sv)?
if the data value was taken by dropsonde, 67 = (1.5 Sv)? if it was taken by LADCP,

62 = (1.0 Sv)? if it was taken from Pegasus profiling float, and 67 = (1.0 Sv)? if it was

taken from Pegasus float in dropsonde mode.

B22 Cable

We represent differences between the cable data y = [y, ... 7yK]T and the trans-

port process T using a second-order moving-average [MA(2)] model
2

ye =T+ Y (Biex—i) + ex, (B4)
i=1

where ej, ~ N (0,€7) is random noise with zero mean, €; is the data error variance, and
{01, 62} are unknown MA coefficients. This model captures the fact that the errors on

the cable estimates are not independent from one measurement to the next because three-
day averaging is applied to the data. To obtain similar errors to Volkov et al. (2020) given
the form of Eq. (B4), we set €2 = (0.9 Sv)? for data before 1993, €2 = (2.0 Sv)? for

data over 1993-1998, €2 = (1.4 Sv)? for data over 2000-2005, and €2 = (0.9 Sv)? for

data since 2006.

B23 Altimetry

We model the relationship between the altimetry data z = [z1,.. ., ZK]T and the
process U = [Uy,...,Uk]" as

2k = Uk + fk7 (B5)
where f; ~ N (0,w?) is random noise with zero mean and w} is the data error vari-

ance. We set w? = (2.0 Sv)? following Volkov et al. (2020).

Altimetry observes sea-surface height, not transport per se. We assume that the
process underlying the altimetry data U reflects a combination of effects related and un-
related to transport T', which we model as

U —Tp = ¢ (Up—1 — Ti—1) + 9x, (B6)

where g ~ N (0, 72) is a zero mean, independent and identically distributed random
innovation of unknown variance 72 and ¢ an unknown AR coefficient.

B3 Prior/Parameter level

We place prior constraints on the set of model parameters to complete the model.
Our approach is to use agnostic, uninformative prior distributions, which have little ef-
fect on the posterior solutions, but rather serve to initialize the sampling algorithm on
roughly the right order of magnitude in solution space. All priors are listed in Table Al.
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B4 Evaluating the posterior distribution

Given the process-, data-, and parameter-level equations and Bayes’ rule, we as-
sume the posterior distribution of the process and the parameters given the data can be
expressed as follows

p(T.U,e,B,p,0,6,0°, 7w,y 2z) < p(B)p (c?) p (7%) p(p1) p (p2) P (p3)
x p(01)p(02)p(9)p(To)p (T-1)p(T-2)p(eo)p(e—1)p (o)

K
X H[ (zk|T%) p (Yi| Tk, 01,02, ex—1, ex—2) p (2|Ux) p (Ui | T, Up—1, To—1, 6, 7°)

=1

=

x  p(Tulo?, p1,p2. p3. B, Ti—1, T2, Tho— 3)} (B7)

where p is probability distribution function, | indicates conditionality, o indicates pro-
portionality, p = {p1, p2, p3}, and 8 = {01,062 }.

We evaluate posterior solutions using Markov chain Monte Carlo (MCMC) meth-
ods. We sample from the full conditional distributions using a Gibbs sampler (Gelman
et al., 2006). We run 20,000 iterations of the Gibbs sampler, where initial process val-
ues are set to zero, and initial parameter values are drawn from their respective prior
distributions. To eliminate startup transients, we discard the first 10,000 “burn-in” draws.
To reduce serial correlation of the remaining samples, we thin the chains by only keep-
ing one out of every 50 samples. Our final results are based on five separate 200-member
chains run to convergence and then concatenated together.

B5 Technical details on the model solution
B51 Convergence

We assess convergence by computing the R statistic from Gelman et al. (2006) based
on between-sequence and within-sequence variance. Values R ~ 1 indicate convergence.
For all posterior scalar parameter solutions, R values are indeed ~ 1 (not shown), mean-
ing that solutions are converged.

B52 Influence of priors

To quantify the influence of the prior distributions on the posterior solutions, we
compute ratios between the widths of the 95% posterior and prior credible intervals. Val-
ues ~ 1 indicate that the posteriors are as wide as the priors, meaning that the priors
strongly constrain the posteriors and not much additional has been learned from the data,
whereas values < 1 identify that the posteriors are much narrower than the priors, im-
plying that solutions are largely determined from the information content of the obser-
vations and relatively unaffected by prior belief coded into the model. For all scalar pa-
rameters, we obtain ratios < 1 (not shown), demonstrating that the priors have com-
paratively small influence on the posterior solutions.

B53 Restdual analysis

The process- and data-level model equations include residual time series sk, dy, ek,
fk, and gk that we assume behave like white noise with respective variances o2, 07, €2,
w?, and 72. To test if model solutions conform to these assumptions, we perform resid-
ual analyses (Cryer and Chan, 2008) and interrogate the posterior sk, di, eg, fi, and g
solutions. If the residuals are consistent with white noise, then they will show no tem-
poral autocorrelation. However, if the residuals feature temporal structure, then it would
indicate a violation of the model assumptions, and that the model does not capture the
structure in the data.
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Figure A1 shows examples of posterior residual time series and autocorrelation func-
tions. The time series look more or less random and have magnitudes basically consis-
tent with the expected variance. More quantitatively, we find that 95%, 90%, 98%, 97%,
and 95% of posterior sy, dg, ek, fr, and gi values are captured by the 95% credible in-
tervals on simulations of zero-mean white noise with variances o2, 5,%, ei, w,%, and 72. The
autocorrelation functions demonstrate that the residuals exhibit no significant tempo-
ral structure. From this, we conclude that posterior solutions are consistent with under-
lying model assumptions, meaning that the design of our algorithm is appropriate given
the data.

B5/ Cross-validation

The posterior uncertainties on our daily transport estimates are roughly half the
size of the standard errors on the quasi-daily cable measurements (Figure 2d). To test
whether our uncertainty estimates are meaningful, we perform a four-fold cross-validation
(Efron and Hastie, 2016). That is, we perform four additional data-assimilation exper-
iments. In each experiment, we withhold a randomly selected quarter of the observations,
so that every data point is withheld in one of the four experiments. Then, with the re-
sulting solutions for the transport process, we use the data equations to predict obser-
vations for times corresponding to the withheld data and, by comparing the predicted
observations to the withheld data values, we quantify the prediction errors of the model
solutions and the coverage of the posterior credible intervals. The prediction errors should
be comparable to standard errors on the respective data, and the credible intervals should
envelop the correction fraction of true values (~ 90% of the true values should be cap-
tured by the 90% posterior credible interval, etc.).

Based on these experiments, we determine mean prediction errors of 1.1, 1.6, and
2.3 Sv for the cable, hydrographic, and altimetric data, respectively. These values are
roughly consistent with data error variances coded into the model (see above). We also
obtain that 97%, 77%, and 84% of the the respective cable, hydrographic, and altimet-
ric data values are within the 90% posterior credible intervals from the Bayesian model
solution. These results demonstrate that our uncertainty estimates capture roughly the
correct proportion of true values.
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Figure 1. Study area. Color shading is topography/bathymetry (m) from the GEBCO 2021
grid. Orange lines mark nominal locations of submarine telecommunications cables between
Jupiter Inlet (Florida) and Settlement Point (The Bahamas), and between West Palm Beach
(Florida) and Eight Mile Rock (The Bahamas). Yellow line at 27°N marks nominal location of
hydrographic sections. Purple dots mark altimeter ground tracks. Black arrows identify the
relative magnitude and sense of the surface circulation from drifter observations (Laurindo et al.,

2017). Inset shows the study area in global context.
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Figure 2. (a.) Observed Gulf Stream transport from undersea cable (orange), hydrography
(blue), and satellite altimetry (yellow). (b.) Daily transport from the Bayesian model: posterior
medians (black line) and 95% pointwise credible intervals (gray shading). (c.) Detail of observed
(orange, blue, and yellow dots) and modeled (black line and gray shading) transport during 2019.
Two randomly drawn posterior ensemble members are shown for comparison (purple and green
lines). (d.) Posterior standard deviations on daily transports from the Bayesian model (black
line) and standard errors on quasi-daily cable observations (cyan dots). (e.) Histograms of
modeled transport change estimated over different time periods all starting in 1982. (f.)
Histograms of modeled transport change over 1982-2021 estimated from experiments excluding

each datasets from the analysis.
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Figure A1l. (a.) Orange shows medians (line) and 95% credible intervals (shading) for
transport process residuals s, determined empirically from the posterior model solution. Blue
shading shows 95% credible intervals from simulations of random white noise with variance equal
to posterior solutions of o2, (b.) As in (a.) but for hydrographic data residuals dy and error
variance 67. (c.) As in (a.) but for cable data residuals ey and error variance ez. (d.) Orange
shows medians (line) and 95% credible intervals (shading) on the autocorrelation function for the
transport process residuals s, determined empirically from the posterior model solution. Blue
shows the autocorrelation function expected theoretically for white noise with the same degrees
of freedom. (e.) Asin (d.) but for hydrographic data residuals di. (f.) Asin (d.) but for cable

data residuals ey.
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Robust weakening of the Gulf Stream during the past
four decades observed in the Florida Straits

Christopher G. Piecuch'* and Lisa M. Beal?
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Key Points:

« We quantify changes in Gulf Stream volume transport through Florida Straits since
1982 by applying Bayesian methods to multiple datasets.

e Gulf Stream volume transport through Florida Straits declined by 1.2 + 1.0 Sv
during the past 40 years (95% credible interval).

 This represents the first unequivocal observational evidence for a recent multidecadal
weakening of this climate-relevant ocean current.

*Christopher G. Piecuch, Physical Oceanography Department, Woods Hole Oceanographic Institution,
266 Woods Hole Road, Massachusetts, USA 02543
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Abstract

The Gulf Stream is a vital limb of the North Atlantic circulation that influences regional
climate, sea level, and hurricane activity. Given the Gulf Stream’s relevance to weather
and climate, many studies have attempted to estimate trends in its volumetric transport
from various datasets, but results have been inconclusive, and no consensus has emerged
whether the current is weakening with climate change. Here we use Bayesian analysis

to jointly assimilate multiple datasets from the Florida Straits to quantify uncertainty
and change in Gulf Stream volume transport since 1982. We find with virtual certainty
(probability P > 99%) that Gulf Stream volume transport through the Florida Straits
declined by 1.2 4+ 1.0 Sv in the past 40 years (95% credible interval). This represents
the first unequivocal evidence for a recent multidecadal decline in this climate-relevant
component of ocean circulation.

Plain Language Summary

The Gulf Stream is a major ocean current located off the East Coast of the United
States. It carries a tremendous amount of seawater and along with it heat, carbon, and
other ocean constituents. Because of this, the Gulf Stream plays an important role in
weather and climate, influencing seemingly unrelated phenomena from sea level along
coastal Florida to temperature and precipitation over continental Europe. Given how
important this ocean current is to science and society, scientists have tried to figure out
whether the Gulf Stream has undergone significant changes under global warming, but
so far, they have not reached a firm conclusion. Here we report our effort to synthesize
available Gulf Stream observations from the Florida Straits near Miami, and to assess
whether and how the Gulf Stream transport there has changed since 1982. We conclude
with a high degree of confidence that Gulf Stream transport has indeed slowed by about
4% in the past 40 years. Our finding is the first conclusive, unambiguous observational
evidence that this ocean current has undergone significant change in the recent past, and
future studies should try to identify the cause of this change.

1 Introduction

The Gulf Stream is the western boundary current of the subtropical North Atlantic
Ocean (Stommel, 1965). It flows north through the Florida Straits off Miami and along
the continental slope of the South Atlantic Bight before detaching from the coast at Cape
Hatteras and meandering freely into the open ocean (Heiderich and Todd, 2020). By virtue
of its volume and heat transports, the Gulf Stream affects regional weather and climate
as well as coastal conditions, including European surface air temperature and precipi-
tation, sea level along the Southeastern United States, and North Atlantic hurricane ac-
tivity (Donnelly et al., 2015; Little et al., 2019; Palter, 2015). Understanding past Gulf
Stream changes is therefore important for interpreting observed changes and predicting
future trends in extreme events including droughts, floods, heatwaves, and storms (Senevi-
ratne et al., 2021).

Determining trends in Gulf Stream transport is also relevant for clarifying whether
elements of the large-scale North Atlantic circulation have changed and determining how
the ocean is feeding back on the global climate system (Jackson et al., 2022). The dif-
ference between the northward transport by the Gulf Stream and southward transport
due to winds over the ocean interior defines the strength of the Atlantic meridional over-
turning circulation (McCarthy et al., 2019). The overturning circulation is the primary
means by which the ocean moves heat across latitudes, cooling tropical regions and warm-
ing the poles (Lumpkin and Speer, 2007). Climate models predict that the Atlantic merid-
ional overturning circulation has weakened by 1.2 + 0.2 Sv since the 1980s due to hu-
man influence (Menary et al., 2020; Weijer et al., 2020), but reconstructions derived from
the sparse hydrographic data available since the 1980s find no significant weakening (Cainzos
et al., 2022; Fu et al., 2020; Worthington et al., 2021). It is unclear if the discrepancies
reflect issues with the models (inability to resolve fronts, jets, eddies, etc.) or the data
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(e.g., aliasing of the sparse hydrographic observations), or whether the signal of anthro-
pogenically forced change is below the detection threshold set by natural variability (Jack-
son et al., 2022). While continuous direct observations of the overturning circulation are
too short to corroborate the simulated weakening (McCarthy et al., 2019; Lobelle et al.,
2020), estimates of Gulf Stream transport are available earlier in time.

There is a long history of Gulf Stream observations from remote sensing and in situ
data along the current’s path (Stommel, 1965). The longest, most continuous record of
Gulf Stream transport is from Florida Straits at 27°N (Figure 1) (Baringer and Larsen,
2001; Meinen et al., 2010; Volkov et al., 2020). There, quasi-daily estimates from sub-
marine telecommunications cables calibrated with regular shipboard hydrographic sur-
veys extend from 1982 and satellite altimetry provides additional data constraints ev-
ery ~ 10 days since 1992 (Figures 1, 2a). Despite the extraordinary density of data, there
is, as yet, no consensus that Gulf Stream transport is weakening with climate change.
Meinen et al. (2010) interrogated observations from free-falling floats and cable data at
27°N since 1982 along with earlier upstream float measurements from south of North-
west Providence Channel near 26°N. They argued that the data do not support a change
in Gulf Stream transport over 1964-2009, but they did not quantify the longterm rate
of change or provide error estimates. In contrast, Park and Sweet (2015) reported a trans-
port trend equivalent to a weakening of 1.140.1 Sv from the cable data over 1982-2014.
Yet, their calculation did not account for serial correlation of residual transports or the
large, time-variable uncertainties on the cable data (Garcia and Meinen, 2014; Meinen
et al., 2010; Volkov et al., 2020), and so their formal error bars were probably too small
(Bos et al., 2014). Evidence from farther downstream along the Gulf Stream is also equiv-
ocal. Rossby et al. (2014) analyzed 20 years of direct velocity data at 70°W but found
no evidence of a decrease in Gulf Stream transport over 1993-2012, whereas Dong et al.
(2019) used satellite altimetry to infer a weakening east of 65°W during 1993-2016, but
no change west of 70°W.

In summary, there have been many attempts to estimate Gulf Stream trends from
various data sets, but a definitive answer has remained elusive. We propose that, to make
a robust estimate of longterm change with meaningful error bars, the available data should
be jointly assimilated in a way that accounts for the time series properties of the trans-
port and the uncertainties characterizing the different data streams.

2 Methods

To quantify, with uncertainties, daily Gulf Stream transports at Florida Straits since
1982, we apply hierarchical Bayesian modeling (Cressie and Wikle, 2011) to transports
from cable, hydrography, and altimetry at 27°N (Appendix). Hierarchical modeling is
based on the notion of conditional probabilities (Berliner, 1996), and represents a math-
ematically coherent framework for jointly assimilating all the available data and mod-
eling the sources of uncertainty that characterize the problem. Our Bayesian model con-
sists of three submodels—the first is the process submodel representing the temporal evo-
lution of the Gulf Stream transport, which we model as the sum of a linear trend, sea-
sonal cycle, and autoregressive noise; the second is the data submodel, which prescribes
the relationships between the true underlying transport process and noisy, gappy trans-
ports from the cable, hydrography, and altimetry; the third is the prior submodel that
places initial constraints on the uncertain parameters in the process and data submod-
els. We bring these submodels together using Bayes’ theorem, which allows us to prop-
agate uncertainties across the various levels of the problem. We generate an ensemble
of posterior solutions that provide a probabilistic, continuous description of Gulf Stream
transport on daily to decadal timescales from 18 March 1982 to 06 December 2021 (Fig-
ure 2b, 2¢). See the Appendices for more detailed descriptions of the data and the model.



115

116

117

118

119

120

121

122

123

124

125

126

127

128

129

130

131

132

133

134

135

136

137

138

139

140

141

142

143

144

145

146

147

148

149

150

151

152

153

154

155

156

157

158

159

160

161

162

163

164

165

3 Results

We find a mean transport of 31.84+0.27 Sv (95% posterior credible interval), which
is more tightly constrained than the value of 32.14+0.4 Sv reported by Meinen et al. (2010),
and lower than the value of 32.2 Sv from Baringer and Larsen (2001) based on a shorter
cable record (1982-1998), since we assimilate longer, more recent data during a time when
transport declined (see immediately below). While errors vary in time depending on data
quality and availability, daily transport uncertainties (posterior standard deviations) are
~ 0.9 Sv on average, which is smaller than the standard errors on the daily cable data
(Figure 2c, 2d).

We conclude that Gulf Stream transport in Florida Straits declined by 1.2+ 1.0
Sv over the past 40 years (Figures 2e, 2f), which is equivalent to a change of 4.0+£3.2%
relative to the mean transport. The probability that Gulf Stream transport weakened
more than expected from random chance is P > 99%. This trend only recently emerged
from the data. A set of sensitivity experiments where the Bayesian model was only given
the data through 2005, 2009, 2013, and 2017 yielded respective transport-weakening prob-
abilities of P = 51%, P = 79%, P = 96%, and P = 97% (Figure 2e). This demon-
strates that a significant decline in Gulf Stream transport has only become detectable
during the past decade. The Gulf Stream transport decline from the Bayesian model is
also robust across datasets. Omitting data from the cable, hydrography, or altimetry from
the analysis, we determine weakenings of 0.8 +1.0, 1.14+1.0, and 1.24+0.9 Sv, respec-
tively (Figure 2f). This shows that a very likely (P > 94%) transport weakening is a
common signal and not dependent on any one dataset.

4 Discussion

The 1.2+1.0-Sv transport weakening identified we find here is consistent with the
1.2 4+ 0.2-Sv decline in the Atlantic meridional overturning circulation since 1980 due
to human influence predicted by climate models (Menary et al., 2020; Weijer et al., 2020).
However, it remains to determine whether wind-driven interior circulation also changed
over the same time. Future studies could apply similar Bayesian methods to additional
data to paint a fuller picture of past changes in North Atlantic circulation. For exam-
ple, data from the RAPID array across the Atlantic since 2004 could be assimilated with
temperature and salinity observations across the basin at 26°N and within Florida Straits
to establish whether the Gulf Stream slowdown is associated with interhemispheric ex-
change by the meridional overturning or local recirculation by the subtropical gyre (Cainzos
et al., 2022; Fu et al., 2020; McCarthy et al., 2019; Worthington et al., 2021). Folding
temperature, salinity, carbon, and other tracers into a more expansive Bayesian model
may also permit an inference on ocean heat and biogeochemical transports that are more
directly relevant to climate (McCarthy et al., 2019). Our new Gulf Stream transport time
series could also be used to investigate relationships between Gulf Stream transport and
flooding along the Florida coastline, since it is made independently of coastal tide-gauge
data (Sweet et al., 2015).

We find unequivocal evidence for a multidecadal decline of Gulf Stream transport
in Florida Straits since the 1980s. Yet, this longterm weakening represents only a frac-
tion of the variability and change in ocean transport. There is debate surrounding whether
proxy reconstructions based on natural archives support a significant decline in North
Atlantic circulation on longer centennial timescales since the Industrial Revolution (Cae-
sar et al., 2022; Kilbourne et al., 2022), and shorter instrumental observational records
of the meridional overturning circulation reveal strong decadal variability (Jackson et
al., 2022; Moat et al., 2020; Smeed et al, 2019). These remaining ambiguities underscore
the value of sustained longterm monitoring of ocean circulation and the importance of
assimilating available observations within a hierarchical framework to rigorously quan-
tify uncertainty and change.
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Appendix A Data

The Florida Current represents the Gulf Stream at its headwaters in Florida Straits.
Therefore, we use the phrases Florida Current and Gulf Stream at Florida Straits inter-
changeably, noting that the Gulf Stream’s behavior is distinct at other latitudes upstream
(Heiderich and Todd, 2020). We use observations of Florida Current volume transport
from the National Oceanic and Atmospheric Administration Western Boundary Time
Series (NOAA WBTS) project. All data were downloaded on 10 December 2021, includ-
ing transport estimates determined from cable voltages, hydrographic cruises, and satel-
lite altimetry.

A1l Cable

We use 13,105 quasi-daily Florida Current transport estimates from voltages mea-
sured across abandoned submarine telecommunications cables between Florida and The
Bahamas. The principle is based on electromagnetic theory: oceanic transports of charged
particles in the presence of earth’s geomagnetic field result in variable across-cable volt-
ages (Larsen, 1992). Data from 18 March 1982 to 22 October 1998 are from a cable be-
tween Jupiter Inlet and Settlement Point while the data from 9 June 2000 to the present
are from a cable from West Palm Beach to Eight Mile Rock. No measurements were made
from October 1998 to June 2000. The data are provided at daily resolution, but the ef-
fective sampling rate is three-daily, since the data are low-pass filtered to suppress ge-
omagnetic effects and other noise. Cable estimates are calibrated against independent
transport measurements from free-falling dropsonde floats and lowered acoustic doppler
current profiler (LADCP) during cruises by the R/V Walton Smith across Florida Straits
(Meinen et al., 2010; Garcia and Meinen, 2014). Volkov et al. (2020) compare the ca-
ble data to dropsonde observations and obtain standard errors on the former of 2.8 Sv
for 1993-1998, 2.0 Sv for 2000—2005, and 1.3 Sv for 2006 onward. Larger errors for 1993—
1998 and 2000-2005 result from the cables being in active telecommunications use and
problems with the recording system, respectively (Meinen et al., 2010; Volkov et al., 2020).

A2 Hydrography

We use 388 direct observations of Florida Current transport from a variety of in
situ hydrographic platforms. Of these, 247 are from free-falling dropsonde floats, 85 are
from LADCP, 60 are from acoustically-tracked Pegasus floats, and 9 from Pegasus floats
in dropsonde mode. Pegasus float measurements were made from 1982 to 1984 as part
of the Subtropical Atlantic Climate Studies program (Molinari et al., 1985), while the
observations from Pegasus floats in dropsonde mode were obtained during later campaigns
between 1986 and 1988. Dropsonde and LADCP measurements began later in 1991 and
2001, respectively. All WBTS hydrographic observations are on hiatus since 2021 due
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to permitting issues with The Bahamas. Meinen et al. (2010) and Garcia and Meinen
(2014) provided a detailed discussion of these observations and their uncertainties.

A3 Altimetry

We use 979 Florida Current transport estimates based on satellite altimetry. Satel-
lite altimeters observe the global sea-surface height field every ~ 10 days. By virtue of
geostrophy, gradients in sea-surface height are coupled to surface geostrophic currents.
Motivated by this relationship, Volkov et al. (2020) used sea-surface height differences
from along-track altimetry data across Florida Straits to estimate Florida Current trans-
port since January 1993. Those authors compared their altimetry-based transport es-
timates to data from cables, dropsondes, and LADCP, and derived a standard error on
the ~ 10-daily altimetric estimates of ~ 2 Sv.

Appendix B Model

We develop a hierarchical Bayesian time series model to analyze Gulf Stream trans-

port data from cable, hydrography, and altimetry. The algorithm design follows the paradigm

established by Berliner (1996): a process level (submodel) encodes mathematical rules
describing the temporal evolution of the process, a data level specifies relationships be-
tween the true underlying process and the imperfect data, and a prior level imposes con-
straints on the parameters in the process and data levels, which are uncertain. We re-
late the posterior probability of the process and the parameters given the data to the
process, data, and prior levels using Bayes’ theorem. See Cressie and Wikle (2011) and
Gelman et al. (2006) for a detailed description of hierarchical Bayesian modeling.

We use autoregressive-moving-average (ARMA) models (Cryer and Chan, 2008)
to describe the structure in the data. The model equations below are the result of data
exploration and trial and error. We successively applied ARMA (p, ¢) models with p au-
toregressive terms and ¢ moving-average terms to the observations, increasing the or-
der (p,q) until the residuals were described by white noise (see below). We interpreted
the lowest-order model producing white-noise residuals as the simplest model that could
justifiably be applied to the data.

All model processes, data, and parameters are listed in Table Al.

B1 Process level

We represent the Gulf Stream volume transport process T' = [T7, . .. ,TK]T in terms
of a third-order autoregressive [AR(3)] process superimposed on a time mean, seasonal
cycle, and linear trend

3
T, — w8 = Z [pi (Teei — wi_;B)] + sk, (B1)
i=1
where s, ~ N (O, 02) is a zero mean, independent and identically distributed random
normal innovation with unknown variance o2; k € [1, K] is the index; wy, is the k*" col-
umn of the [6 x K] design matrix

1 1 e 1
t to A tx
_ C.OS (27rt1/TA) Cf)S (27rt2/TA) C?S (2’/TtK/TA) 7 (B2)

sin (27Tt1/TA) sin (27rt2/7'A) -+ gin (QWtK/TA)

cos (27Tt1/TSa> cos (27rt2/7'sa) N o)) (QFtK/TSa)

sin (27Tt1/7’sa) sin (27Tt2/TSa) -+ sin (27TtK/TSa)
where t;, is the k*® time and 74 and 7g, are annual and semiannual periods, respectively;
B =106152 ... 66]T are unknown regression coefficients; and {p1, p2, p3} are the un-
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known AR coefficients. Note that we scale and center the time such that ¢t; = —1 and
tx = 1. Also note that the ~ symbol is read “is distributed as” and N (a, b?) is the nor-
mal distribution with mean a and variance b2.

B2 Data level
B21 Hydrography

We assume the hydrographic data @ = [z1,...,2x T correspond to the transport
process T according to

zy = Ty + di, (B3)

where dj, ~ N (0,67) is random noise with zero mean and 67 is the data error variance.
Similar to values in Volkov et al. (2020) and Garcia and Meinen (2014), we set 67 = (1.0 Sv)?
if the data value was taken by dropsonde, 67 = (1.5 Sv)? if it was taken by LADCP,

62 = (1.0 Sv)? if it was taken from Pegasus profiling float, and 67 = (1.0 Sv)? if it was

taken from Pegasus float in dropsonde mode.

B22 Cable

We represent differences between the cable data y = [y, ... 7yK]T and the trans-

port process T using a second-order moving-average [MA(2)] model
2

ye =T+ Y (Biex—i) + ex, (B4)
i=1

where ej, ~ N (0,€7) is random noise with zero mean, €; is the data error variance, and
{01, 62} are unknown MA coefficients. This model captures the fact that the errors on

the cable estimates are not independent from one measurement to the next because three-
day averaging is applied to the data. To obtain similar errors to Volkov et al. (2020) given
the form of Eq. (B4), we set €2 = (0.9 Sv)? for data before 1993, €2 = (2.0 Sv)? for

data over 1993-1998, €2 = (1.4 Sv)? for data over 2000-2005, and €2 = (0.9 Sv)? for

data since 2006.

B23 Altimetry

We model the relationship between the altimetry data z = [z1,.. ., ZK]T and the
process U = [Uy,...,Uk]" as

2k = Uk + fk7 (B5)
where f; ~ N (0,w?) is random noise with zero mean and w} is the data error vari-

ance. We set w? = (2.0 Sv)? following Volkov et al. (2020).

Altimetry observes sea-surface height, not transport per se. We assume that the
process underlying the altimetry data U reflects a combination of effects related and un-
related to transport T', which we model as

U —Tp = ¢ (Up—1 — Ti—1) + 9x, (B6)

where g ~ N (0, 72) is a zero mean, independent and identically distributed random
innovation of unknown variance 72 and ¢ an unknown AR coefficient.

B3 Prior/Parameter level

We place prior constraints on the set of model parameters to complete the model.
Our approach is to use agnostic, uninformative prior distributions, which have little ef-
fect on the posterior solutions, but rather serve to initialize the sampling algorithm on
roughly the right order of magnitude in solution space. All priors are listed in Table Al.



287

288

289

290

291

292

293

294

295

296

297

298

299

300

301

302

303

304

305

306

307

308

309

310

311

312

313

314

315

316

317

318

319

320

321

322

323

324

325

B4 Evaluating the posterior distribution

Given the process-, data-, and parameter-level equations and Bayes’ rule, we as-
sume the posterior distribution of the process and the parameters given the data can be
expressed as follows

p(T.U,e,B,p,0,6,0°, 7w,y 2z) < p(B)p (c?) p (7%) p(p1) p (p2) P (p3)
x p(01)p(02)p(9)p(To)p (T-1)p(T-2)p(eo)p(e—1)p (o)

K
X H[ (zk|T%) p (Yi| Tk, 01,02, ex—1, ex—2) p (2|Ux) p (Ui | T, Up—1, To—1, 6, 7°)

=1

=

x  p(Tulo?, p1,p2. p3. B, Ti—1, T2, Tho— 3)} (B7)

where p is probability distribution function, | indicates conditionality, o indicates pro-
portionality, p = {p1, p2, p3}, and 8 = {01,062 }.

We evaluate posterior solutions using Markov chain Monte Carlo (MCMC) meth-
ods. We sample from the full conditional distributions using a Gibbs sampler (Gelman
et al., 2006). We run 20,000 iterations of the Gibbs sampler, where initial process val-
ues are set to zero, and initial parameter values are drawn from their respective prior
distributions. To eliminate startup transients, we discard the first 10,000 “burn-in” draws.
To reduce serial correlation of the remaining samples, we thin the chains by only keep-
ing one out of every 50 samples. Our final results are based on five separate 200-member
chains run to convergence and then concatenated together.

B5 Technical details on the model solution
B51 Convergence

We assess convergence by computing the R statistic from Gelman et al. (2006) based
on between-sequence and within-sequence variance. Values R ~ 1 indicate convergence.
For all posterior scalar parameter solutions, R values are indeed ~ 1 (not shown), mean-
ing that solutions are converged.

B52 Influence of priors

To quantify the influence of the prior distributions on the posterior solutions, we
compute ratios between the widths of the 95% posterior and prior credible intervals. Val-
ues ~ 1 indicate that the posteriors are as wide as the priors, meaning that the priors
strongly constrain the posteriors and not much additional has been learned from the data,
whereas values < 1 identify that the posteriors are much narrower than the priors, im-
plying that solutions are largely determined from the information content of the obser-
vations and relatively unaffected by prior belief coded into the model. For all scalar pa-
rameters, we obtain ratios < 1 (not shown), demonstrating that the priors have com-
paratively small influence on the posterior solutions.

B53 Restdual analysis

The process- and data-level model equations include residual time series sk, dy, ek,
fk, and gk that we assume behave like white noise with respective variances o2, 07, €2,
w?, and 72. To test if model solutions conform to these assumptions, we perform resid-
ual analyses (Cryer and Chan, 2008) and interrogate the posterior sk, di, eg, fi, and g
solutions. If the residuals are consistent with white noise, then they will show no tem-
poral autocorrelation. However, if the residuals feature temporal structure, then it would
indicate a violation of the model assumptions, and that the model does not capture the
structure in the data.
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Figure A1 shows examples of posterior residual time series and autocorrelation func-
tions. The time series look more or less random and have magnitudes basically consis-
tent with the expected variance. More quantitatively, we find that 95%, 90%, 98%, 97%,
and 95% of posterior sy, dg, ek, fr, and gi values are captured by the 95% credible in-
tervals on simulations of zero-mean white noise with variances o2, 5,%, ei, w,%, and 72. The
autocorrelation functions demonstrate that the residuals exhibit no significant tempo-
ral structure. From this, we conclude that posterior solutions are consistent with under-
lying model assumptions, meaning that the design of our algorithm is appropriate given
the data.

B5/ Cross-validation

The posterior uncertainties on our daily transport estimates are roughly half the
size of the standard errors on the quasi-daily cable measurements (Figure 2d). To test
whether our uncertainty estimates are meaningful, we perform a four-fold cross-validation
(Efron and Hastie, 2016). That is, we perform four additional data-assimilation exper-
iments. In each experiment, we withhold a randomly selected quarter of the observations,
so that every data point is withheld in one of the four experiments. Then, with the re-
sulting solutions for the transport process, we use the data equations to predict obser-
vations for times corresponding to the withheld data and, by comparing the predicted
observations to the withheld data values, we quantify the prediction errors of the model
solutions and the coverage of the posterior credible intervals. The prediction errors should
be comparable to standard errors on the respective data, and the credible intervals should
envelop the correction fraction of true values (~ 90% of the true values should be cap-
tured by the 90% posterior credible interval, etc.).

Based on these experiments, we determine mean prediction errors of 1.1, 1.6, and
2.3 Sv for the cable, hydrographic, and altimetric data, respectively. These values are
roughly consistent with data error variances coded into the model (see above). We also
obtain that 97%, 77%, and 84% of the the respective cable, hydrographic, and altimet-
ric data values are within the 90% posterior credible intervals from the Bayesian model
solution. These results demonstrate that our uncertainty estimates capture roughly the
correct proportion of true values.
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Figure 1. Study area. Color shading is topography/bathymetry (m) from the GEBCO 2021
grid. Orange lines mark nominal locations of submarine telecommunications cables between
Jupiter Inlet (Florida) and Settlement Point (The Bahamas), and between West Palm Beach
(Florida) and Eight Mile Rock (The Bahamas). Yellow line at 27°N marks nominal location of
hydrographic sections. Purple dots mark altimeter ground tracks. Black arrows identify the
relative magnitude and sense of the surface circulation from drifter observations (Laurindo et al.,

2017). Inset shows the study area in global context.
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Figure 2. (a.) Observed Gulf Stream transport from undersea cable (orange), hydrography
(blue), and satellite altimetry (yellow). (b.) Daily transport from the Bayesian model: posterior
medians (black line) and 95% pointwise credible intervals (gray shading). (c.) Detail of observed
(orange, blue, and yellow dots) and modeled (black line and gray shading) transport during 2019.
Two randomly drawn posterior ensemble members are shown for comparison (purple and green
lines). (d.) Posterior standard deviations on daily transports from the Bayesian model (black
line) and standard errors on quasi-daily cable observations (cyan dots). (e.) Histograms of
modeled transport change estimated over different time periods all starting in 1982. (f.)
Histograms of modeled transport change over 1982-2021 estimated from experiments excluding

each datasets from the analysis.
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Figure A1l. (a.) Orange shows medians (line) and 95% credible intervals (shading) for
transport process residuals s, determined empirically from the posterior model solution. Blue
shading shows 95% credible intervals from simulations of random white noise with variance equal
to posterior solutions of o2, (b.) As in (a.) but for hydrographic data residuals dy and error
variance 67. (c.) As in (a.) but for cable data residuals ey and error variance ez. (d.) Orange
shows medians (line) and 95% credible intervals (shading) on the autocorrelation function for the
transport process residuals s, determined empirically from the posterior model solution. Blue
shows the autocorrelation function expected theoretically for white noise with the same degrees
of freedom. (e.) Asin (d.) but for hydrographic data residuals di. (f.) Asin (d.) but for cable

data residuals ey.
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