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ABSTRACT

Due to increased emissions of greenhouse gases, oceans are warming, caus-

ing sea level to rise as the density of seawater falls. Predicting the rates of

steric expansion is challenging because of the natural variability of the ocean

and because observations are insufficient to adequately cover the ocean basins.

Here, we investigate the ability of one ocean reanalysis, two objective analy-

ses and one combination of satellite geodetic measurements to accommodate

data gaps and reconstruct typical patterns of the steric sea level variability

at inter-annual and multidecadal time-scales. Six climate indices are used to

identify robust features of the internal variability, using a Lasso regression to

select significant predictors of the steric variability. Spatially consistent fin-

gerprints are revealed for all climate indices in the ocean reanalysis dataset,

allowing the recovery of most of the steric variability observed in the Tropical

and North Pacific, as well as large fractions of the Atlantic and Indian Ocean

signals. Robust climate mode fingerprints are also identified with high spatial

resolution but limited temporal coverage in the geodetic observations. The

objective analyses fail to detect many of the patterns expected from climate

modes, especially before the Argo era. Climate indices constitute valuable

yet underexploited tools to assess the performance of different techniques to

reconstruct steric sea levels at inter-annual and multidecadal scales. Such

progress will increase confidence in the historical reconstructions of steric sea

levels, which is necessary to improve the closure of regional and global sea

level budgets and to validate the predictions of climate models.
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1. Introduction31

Steric sea level changes are associated with ocean temperature and salinity changes, causing32

seawater to expand or contract as the density changes. According to the IPCC (Intergovernmental33

Panel on Climate Change) fifth assessment report (e.g. Church et al. 2013a), ocean thermal ex-34

pansion contributed about 40% of the global mean sea level rise observed from 1971 to 2010. On35

regional scales, steric sea levels can differ significantly from the global mean due to the combined36

effects of ocean circulation and wind stress, transporting heat and salt across the ocean basins37

(e.g. Stammer et al. 2013). Comparisons of in situ measurements with satellite altimetry mea-38

surements revealed that most of the regional variability in sea surface heights has a steric origin39

(e.g. Cazenave and Llovel 2010; Piecuch and Ponte 2011; Meyssignac and Cazenave 2012). The40

regional sea level trends observed today are influenced by the natural variability of the ocean and41

climate, and could have been very different in the past decades.42

Unfortunately, the regional variability of steric sea level changes is extremely difficult to assess,43

especially during the 20th century. Indeed, before the deployment of Argo floats in the 2000s44

(e.g. Roemmich et al. 2009), temperature and salinity measurements were mainly collected from45

merchant ships and research vessels, leaving large regions of the oceans unsampled (Figure 1 in46

Abraham et al. (2013)). Deep layers of the oceans were particularly poorly observed (e.g. Church47

et al. 2010) and salinity measurements were considerably less abundant than those of temperature48

(e.g. Levitus et al. 2005b).49

To accommodate data gaps, ’objective analyses’ use statistical techniques allowing reconstruc-50

tion of temperature and salinity changes in space and time (e.g. Boyer et al. 2005; Cabanes et al.51

2013; Good et al. 2013). Such analyses are generally limited in scope (few data before the 1990s52

often restricted to depths above 700 m) or resolution (data averaged over 3 to 5 years) to achieve53
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statistically significant sampling, but constitute the most common practice for analyzing steric sea54

level changes (e.g. Ishii et al. 2006; Levitus et al. 2012).55

Alternatively, ’ocean reanalyses’ rely on assimilation techniques to predict temperature and56

salinity changes across the world’s ocean (e.g. Carton and Giese 2008; Balmaseda et al. 2013).57

The combination of in situ (and eventually satellite) measurements with ocean general circula-58

tion models (OGCM) allows reconstruction of historical observations with global coverage and59

monthly resolution since the beginning of the 20th century (e.g. Yang et al. 2017). The absence60

of independent observations, however, makes reanalysed signals difficult to assess, leaving inter-61

comparisons as the main tools of quality control (e.g. Balmaseda et al. 2015).62

Finally, since the launch of the GRACE (Gravity Recovery and Climate Experiment) satellite63

gravity mission in 2002, steric sea level changes can also be evaluated from sea level anomalies64

measured with satellite altimetry corrected for ocean mass changes (e.g. Chambers 2006). While65

only available for 15 years at present, ’satellite geodesy’ can be used to determine global (e.g.66

Llovel et al. 2014; Purkey et al. 2014) and regional (e.g. Volkov et al. 2017) changes in steric sea67

levels over the full ocean depth.68

Evaluating the rates of ocean thermal expansion remains uncertain, as a large range of methods69

leads to a large range of values (Table 13.1 in Church et al. 2013a). While much attention has been70

paid to the reconstruction of the global mean (e.g. Ishii et al. 2006; Domingues et al. 2008; Levitus71

et al. 2012) discussing potential model biases (e.g. Gregory et al. 2013a; Church et al. 2013b)72

and imbalances in global mean sea level budgets (e.g. Gregory et al. 2013b; Hay et al. 2015),73

few studies have attempted to appraise the regional variability in steric sea levels. In a recent74

assessment report (Storto et al. 2017), ocean reanalyses were shown to display higher ensemble75

consistency than objective analyses, both at global and regional scales, especially in data sparse76

regions such as the Southern Ocean. Ocean reanalyses were also shown to be closer to geodetic77
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estimates than objective analyses between 2003 and 2010 (Storto et al. 2017). These results remain78

limited by the small number of criteria (a seasonal cycle and a linear trend) and the relatively short79

time span (1993-2010) considered in the study. The assessment of the inter-annual to multidecadal80

variability in a representative ensemble of datasets would be particularly useful to understand the81

causes of regional variability in steric sea levels and to weigh the impact of the ocean and climate82

natural variability in global and regional sea level budgets (Church et al. 2013a).83

Climate modes define typical patterns of the internal variability of the coupled atmosphere-84

ocean system, shown to influence sea-levels at inter-annual to multidecadal time scales for the85

Pacific, Indian, Atlantic, Arctic and Southern oceans (e.g. Han et al. 2017). Climate modes signals86

have been analysed in various types of sea level observations, including satellite radar altimetry87

measurements (e.g. Zhang and Church 2012; Frankcombe et al. 2015), sea surface temperature88

measurements (e.g. Hamlington et al. 2012), climate model predictions (e.g. Roberts et al. 2016;89

Cheung et al. 2017), and tide gauge measurements (e.g. White et al. 2014). The earliest analysis90

suggesting that historical observations of steric sea levels were closely related to climate modes91

goes back to the late 20th century (e.g. Stammer 1997). Since then, statistical decomposition of92

steric datasets with empirical orthogonal functions (EOF) has shown that the principal components93

of steric sea level variability are highly correlated with the El Niño Southern Oscillation (ENSO),94

Pacific Decadal Oscillation (PDO) (e.g. Levitus et al. 2005a) and North Atlantic Oscillation (NAO)95

(e.g. Lombard et al. 2005). Regional analyses performed over the Tropical (e.g. Meyssignac et al.96

2012; Palanisamy et al. 2015) and Indo- (e.g. Nidheesh et al. 2013) Pacific confirmed that ENSO,97

PDO and the Indian Dipole (IOD) are major contributors of steric sea level variability.98

This study proposes a new way to assess the performance of objective analyses, ocean reanalyses99

and satellite geodesy at inter-annual and multidecadal time-scales based on the analysis of six cli-100

mate indices. Our objective is to isolate robust features of the internal variability in very different101
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datasets and, based on that information, gauge the ability of different techniques to accomodate102

data gaps and reconstruct historical steric sea level changes. To this end, we analysed the response103

of four steric datasets to six climate indices, using a Lasso (Least Absolute Shrinkage and Selection104

Operator) regression (e.g. Hastie et al. 2015) to perform variable selection. Ordinary least square105

(OLS) regressions performed on observed (satellite altimetry) and predicted (climate models) sea106

level changes indeed showed strong aliasing between climate mode signals (e.g. Frankcombe et al.107

2015), which can be mitigated with the application of band-pass filters aiming at separating high108

and low frequency contents of climate indices (e.g. Zhang and Church 2012). The Lasso is a109

regularisation technique which performs variable selection through the penalisation of the magni-110

tude of the coefficients (e.g. Tibshirani 1996). In this study, we will investigate the potential of111

Lasso regressions to select the minimum set of appropriate climate indices for each geographical112

location, within an ensemble of indices defined for different ocean basins.113

First, the historical steric reconstructions derived from two objective analyses, one ocean re-114

analysis and one combination of two geodetic datasets is presented. After the description of our115

climate mode analysis (based on a Lasso regression), we discuss the evolution of regional trends116

over three different time periods (1958-2015, 1990-2015 and 2003-2015) characteristic of the four117

datasets considered. Finally, we show the fingerprints associated with the climate modes in each118

dataset, discuss their contribution to the total steric signal and use that information to assess the119

ability of each technique to recover inter-annual and multidecadal signals. We found that climate120

indices are particularly useful to predict the steric signals over the Tropical and North Pacific and121

that climate mode fingerprints are better recovered with the ocean reanalysis and geodetic datasets122

than with objective analyses.123
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2. Steric datasets124

Objective analyses125

Steric sea level anomalies (ηS) are expressed as a function of density (ρ) (e.g. Stammer 1997),126

which can be assumed to only depend on temperature (T ) and salinity (S) (e.g. Antonov et al.127

2002) :128

ηS =−
∫ 0

H

ρ−ρ0

ρ0
dz =

∫ 0

H

(
− 1

ρ0

∂ρ

∂T
T ′− 1

ρ0

∂ρ

∂S
S′
)

dz, (1)129

where H is the ocean depth, ρ0 is a reference density profile, T ′ = T − T0 is the temperature130

anomaly relative to a reference temperature profile T0, and S′ = S−S0 is the salinity anomaly rela-131

tive to a reference salinity profile S0. In practice, ηS is computed as the sum of thermosteric anoma-132

lies (ηT S) due to temperature changes, and halosteric anomalies (ηHS) due to salinity changes, over133

n ocean layers of width hi:134

ηS = ηT S +ηHS =
n

∑
i=0

αiT ′i hi +
n

∑
i=0
−βiS′ihi, (2)135

where αi =− 1
ρ0

∂ρ

∂T and βi =
1
ρ0

∂ρ

∂S are the thermal expansion and saline contraction coefficients of136

the layer i (McDougall and Barker 2011).137

In situ temperature (T ) and salinity (S) values come from two objective analyses: EN4 (Good138

et al. 2013) and CORA5 (COriolis dataset for Re-Analysis; Cabanes et al. (2013)). These two139

products are based on the statistical analysis of temperature and salinity measurements from vari-140

ous sensors, including Argo floats, mechanical bathythermograph (MBT), expendable bathyther-141

mograph (XBT), CTD (Conductivity Temperature and Depth) and XCTD (eXpendable CTD) pro-142

filers, moorings, sea mammal data, and some drifting buoys. The EN4 analyses include a larger143

number of profiles during a longer time span (data updated each month since 1900) than CORA5144

(data updated each year since 1990). The processing, corrections, quality control and interpolation145

techniques applied to temperature and salinity data differ for the two products (Good et al. 2013;146
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Cabanes et al. 2013). For example, the EN4 analyses give several choices of bias corrections for147

MBT and XBT profiles (here, Gouretski and Reseghetti (2010) is used), while the bias correction148

in CORA5 is based on Hamon et al. (2012). The EN4 analyses are interpolated on 42 depth levels149

for the first 5500 m of the ocean with 1◦ resolution, while CORA5 is interpolated on 152 depth150

levels for the first 2000 m of the ocean with 0.5◦ resolution. In this study, EN4 data were extracted151

for the first 2000 m of the ocean, to avoid the interpretation of spurious signals at depth, and from152

January 1958 to December 2015 to match the ORAS4 coverage. The CORA5 data, spanning153

from January 1990 to December 2015, are used in full and are linearly interpolated onto a regular154

1◦×1◦ grid to be compared with other datasets (Table 1).155

Reference temperature (T0) and salinity (S0) profiles, used to compute temperature (T ′) and156

salinity anomalies (S′) (Eq. 1 and 2), are the monthly climatological values taken from the World157

Ocean Atlas (WOA13V2) (Locarnini et al. 2013; Zweng et al. 2013). Thermal expansion (α)158

and saline contraction (β ) coefficients are computed using TEOS10 (Thermodynamic Equation159

Of Seawater 2010) (Millero 2010; McDougall and Barker 2011).160

Ocean reanalysis161

The Ocean ReAnalysis System 4 (ORAS4) provides monthly estimates of the ocean state vari-162

ables (including temperature and salinity) with a global coverage and a resolution of 1◦ from 1958163

to 2015. Historical observations of the ocean and atmospheric fluxes are combined with NEMO164

(Madec 2008) predictions in the NEMOVAR assimilation system (Balmaseda et al. 2013). Forc-165

ing fields and observational datasets include temperature and salinity profiles from EN4 (Good166

et al. 2013), sea level anomalies from AVISO satellite altimetry distribution, as well as sea surface167

temperature and sea ice cover from ERA40 (Uppala et al. 2005). Steric sea level anomalies are168
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computed with the same method, the same climatological reference (WOA13 V2) and the same169

equation of state (TEOS10) as used in the objective analyses.170

Satellite geodesy171

Steric sea level changes can be expressed as the difference between total sea level anomalies and172

ocean mass changes and can therefore be estimated as the difference between satellite altimetry173

and GRACE measurements (e.g. Chambers 2006).174

Here, sea level anomalies are estimated with the Ssalto/Duacs MSLA-DT altimetry product, pre-175

viously distributed by AVISO, now provided by the Copernicus Marine Environment Monitoring176

Service (CMEMS). Daily sea level anomalies are given from January 1993 to December 2015,177

with respect to a twenty year mean, on a regular 0.25◦×0.25◦ degree grid. To be consistent with178

GRACE data, sea level anomalies are averaged monthly, linearly interpolated to a 1◦× 1◦ grid179

and corrected for Glacial Isostatic Adjustment (GIA) using the ICE-5G (VM2) geoid correction180

computed by A et al. (2013). We use the same GIA model for altimetry (geoid correction) as for181

GRACE solutions (mass correction).182

Ocean mass changes are estimated with the GRACE SLA mascon solution (Luthcke et al. 2013)183

provided by the Goddard Space Flight Center (GSFC) from January 2003 to March 2016. The184

GSFC SLA mascon solution takes into account all necessary corrections to be consistent with185

satellite altimetry, including the global mean sea level pressure, GIA (A et al. 2013) and pole tides186

(Wahr et al. 2015). The GSFC SLA mascon solution, provided on a geodesic grid (respecting187

equal areas of approximately 1 square degree), is linearly interpolated onto a regular 1◦×1◦ grid188

for each calendar month.189

The geodetic steric anomalies, representative of the entire ocean width, are computed from Jan-190

uary 2003 to December 2015, on a monthly basis and a regular 1◦× 1◦ grid (Table 1). The191
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geographical coverage is nearly global, but altimetry values are missing at high latitudes due to ice192

coverage and the inclination of the satellite orbits.193

3. Description of the climate mode analysis194

Choice of climate indices195

Climate indices have been developed to identify typical patterns of ocean and climate variabil-196

ity in all major ocean basins (e.g. Deser et al. 2010; Han et al. 2017). Here, six climate indices197

(Figure 1) are used to represent the Pacific Decadal Oscillation (PDO), El Niño Southern Oscilla-198

tion (ENSO), North Pacific Gyre Oscillation (NPGO), Atlantic Multidecadal Oscillation (AMO),199

Indian Ocean Dipole (IOD) and Indian Ocean Basinwide Mode (IOBM). The PDO expresses a200

decadal to multidecadal oscillation of the temperature in the North Pacific Ocean, along a typical201

Northwest - Southeast dipole (e.g. Mantua and Hare 2002). The ENSO, strongly correlated with202

PDO, is a coupled atmosphere-ocean mode of inter-annual variability, expressed by periodic fluc-203

tuations of sea surface temperature (El Niño) and air pressure (Southern Oscillation), characterised204

by a west-east dipole across the tropical Pacific (e.g. Rasmusson et al. 1983). The NPGO reflects205

changes in the intensity of the central and eastern branches of the North Pacific gyre circulations,206

forming a double gyre along the west coast of North America (e.g. Di Lorenzo et al. 2008). The207

AMO describes basin-wide changes in sea surface temperatures across the North Atlantic ocean,208

with cool and warm phases that may last 20 to 40 years each (e.g. Enfield et al. 2001). The Indian209

ocean dipole (IOD) is an oscillation of sea surface temperature in which the western Indian Ocean210

becomes alternately warmer and colder than the eastern part of the ocean (e.g. Saji et al. 1999).211

Finally, the IOBM is a periodic cooling and warming of the whole Indian Ocean, which is strongly212

related to ENSO events (e.g. Yang et al. 2007). Each climate mode is defined with a characteristic213
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time series (or index) which is, in most cases, based on the analysis of sea surface temperature214

data (Table 2), except for the Multivariate ENSO Index (MEI), which merges six climate fields215

(Wolter 1987; Wolter and Timlin 1993).216

Removal of linear trends, annual cycles and semi-annual cycles217

The focus of this study is the inter-annual to multidecadal signals associated with climate modes.218

To isolate such variations, steric anomalies are first detrended and deseasoned. A linear trend, an-219

nual and semiannual sinusoids are simultaneously calculated by ordinary least square adjustments220

and removed from each dataset. When the residuals of the regression exhibit significant serial221

correlation (tested with Ljung and Box (1978)), uncertainty values (given within one standard-222

deviation) are adjusted for an effective sample size, accounting for a first-order autoregressive223

noise model (e.g. Santer et al. 2000; Pfeffer and Allemand 2016). More complex models might224

have to be considered to fully account for serial correlation, allowing more robust estimation of the225

uncertainties (e.g. Bos et al. 2013). This is unlikely to affect the first-order estimation of trends, an-226

nual and semi-annual cycles and, therefore, would have little impact on the climate mode analyses227

performed on the residuals of the regression. Regional trends and uncertainty values are presented228

in Figure 2 and 3. In the following, the detrended and deseasoned steric anomalies are referred229

as ’steric*’.230

Regression of six climate indices with a Lasso constraint231

Our aproach is based on a suite of time series analyses, in which each singular grid element (a232

square degree) is treated independently. The steric* anomalies are inverted simultaneously for six233

climate indices (Table 2) in a Lasso regression (e.g. Tibshirani 1996; Hastie et al. 2015). The234
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Lasso is a regularisation technique, involving the addition of a constraint on the l1-norm of the235

coefficients of the regression (ψi), estimated by solving the minimisation problem :236

n

∑
t=1

(
yt−

6

∑
i=1

ψiCMi,t−ψ0

)2

+λ

6

∑
i=1
|ψi|, (3)237

where yt are the steric* anomalies, CMi,t are the six climate indices, ψ0 is a constant and λ238

is the penalty controlling the weight of the regularisation. Because of the l1 regularisation, the239

coefficients (ψi) shrink towards zero when they do not help to significantly reduce the residuals240

of the regression. The degree of shrinkage is controlled by the penalty λ , calculated so that it241

minimises the prediction error plus one standard deviation of a 5-fold cross-validation (e.g. Arlot242

and Celisse 2010). Because the l1 constraint will favour low amplitude parameters, all indices are243

standardised (mean = 0, standard deviation = 1) over the time period considered in the analysis.244

Climate indices are not detrended nor deseasoned.245

Ideally, the Lasso will select relevant climate indices at each geographical location, and lead to246

the generation of a simple, easily interpretable model with a minimal number of non-zero coeffi-247

cients. However, the Lasso will only be appropriate if the problem is sparse (i.e. steric* anomalies248

can be described with a minimal number of climate indices at each location). In our formulation,249

model sparseness has been encouraged by the simultaneous inversion of six climate indices, inde-250

pendently, at each geographical location. It is indeed highly unlikely for steric sea level changes to251

be influenced by all six climate indices at the same place. Climate indices that are not significant252

will tend to have their coefficients reduced to zero by the Lasso. In the case of highly correlated253

variables (i.e. predictors), the solution might be unstable and the value of the coefficients will254

strongly depend on λ (Hebiri and Lederer 2013). In this case, the value of the penalty should255

be adjusted according to a cross-validation process (Hebiri and Lederer 2013). The Lasso tends256

to generate regularised and parsimonious solutions, that may not fully account for the complex257
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interactions between climate indices. However, for many applications, the degree of complexity258

allowed in the regression model was appropriately tuned with cross-validation procedures, even in259

the case of highly correlated predictors (e.g. Usai et al. 2009; Hammami et al. 2012; Toiviainen260

et al. 2014).261

4. Comparison of regional trends262

Regional trends in steric sea levels are strongly non-uniform (Figure 2). The global average of263

steric trends ranges from 0.4 to 1.2 mm/yr (Figure 3) depending on the dataset and time period264

considered. The highest trends (from 5 to 15 mm/yr) are observed in the Arctic, Southern ocean,265

Southeast Indian Ocean and Tropical Pacific (Figure 2). Strong local to regional variability is266

observed in complex ocean circulation regions, which leads to significant differences between the267

datasets across the Northeast Atlantic and the Southern Ocean (Figure 2). Significant decadal sea268

level variability (e.g. Calafat et al. 2012) and poor instrumental coverage (e.g. Abraham et al. 2013)269

may also explain the differences observed in the trend values for various historical reconstructions.270

Overall, the three datasets agree reasonably well when trends are compared over the same time271

period (Figures 2 and 3). Major differences between the datasets are strongly dependent on their272

spatial resolution: smaller scale features can be detected with satellite geodesy, regional features273

are relatively patchy in objective analyses and more continuous in ocean reanalysis (Figure 2).274

The statistical distribution of regional trend values varies strongly with the time period consid-275

ered, but is consistent from one dataset to another (Figure 3). Over long time periods (1958-2015),276

steric sea level trends are relatively uniform (Figure 2), display a smaller range of variability (Fig-277

ure 3) and, by mathematical construction (e.g. Santer et al. 2000), a smaller uncertainty (Figure 2)278

than those evaluated over shorter time periods. Higher extreme values (Figure 3) and uncertainties279

(Figure 2) are therefore found in steric trends when only considering 13 or 25 years of observation.280
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The variability of steric sea levels is indeed impacted by natural oscillations acting on inter-annual281

to multidecadal timescales, which prevents the extrapolation of linear trends from short (one to282

several decades) to long (one century) time periods. The part of this variability associated with283

climate modes is assessed in the next section.284

5. Climate modes fingerprints285

Climate mode fingerprints are the solution coefficients (ψi) of the Lasso regression presented in286

Eq. 3. There is no spatial constraint imposed in the analysis: each time series of each grid point287

is treated independently. In spite of this, consistent spatial patterns are retrieved for each climate288

mode in steric sea level anomalies (Figure 4). Before any detailed description of the results,289

it should be mentioned that the solutions are parsimonious (ψi = 0 in grey areas), revealing the290

ability of the Lasso to select one climate index over another, despite the relatively small number291

of predictors considered (only 6 climate indices) and their correlations (e.g. Deser et al. 2010; Han292

et al. 2017). The same analysis, performed with ordinary least square regressions, provides noisier293

solutions, that are much more difficult to interpret (see supplementary material).294

The steric* response to ENSO is clear and strong (up to ± 60 mm), with the expected Tropical295

Pacific dipole recovered in all datasets at all timescales (Figures 4e to h). The influence of ENSO296

extends to the Indian Ocean (Figures 4e to h), the South Pacific (Figures 4e and f) and the South-297

ern Ocean (Figure 4e). Small-scale features, likely associated with turbulent eddies, are observed298

across the Southern Ocean, Kuroshio region and Northeast Atlantic for all geodetic fingerprints299

(last column in Figure 4), including ENSO.300

Clear steric* responses to PDO (Northwest/Southeast dipole in the North Pacific) and NPGO301

(double gyre in the Northeast Pacific) are observed in the ocean reanalysis (Figures 4a and i) and302

geodetic (Figures 4d and l) datasets, as well as in the EN4 objective analysis (Figures 4b and j).303
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The influences of PDO and NPGO on steric* sea levels seem to extend to the tropical and southern304

Pacific in ORAS4, EN4 and CMEMS-GSFC fingerprints. In the CORA5 objective analysis, PDO305

(Figure 4c) and NPGO (Figure 4k) patterns are observed with attenuated amplitudes and restricted306

extents.307

A distinct response to AMO appears in the ocean reanalysis dataset (Figure 4m), which benefits308

from a sufficient time coverage (1958-2015) to detect multidecadal oscillations. The AMO finger-309

print consists of a positive anomaly over the Atlantic, extending from the Arctic to the Southern310

tropics, with a notable absence of signal along the east coast of North America, probably masked311

by circulation processes. Some connections with AMO seem to be detected in the Arctic, Pacific312

and Southern Ocean, which may potentially be artefacts of the regression (more details in the dis-313

cussion). The AMO signal is not identified by any other dataset, including the objective analysis314

EN4 (Figure 4n) spanning over the same time-period than ORAS4 (1958 - 2015). Negative am-315

plitudes (- 25 mm for EN4) are detected along the Gulf Stream, that might be related with AMO,316

but do not strongly emerge from the solution noise (Figure 4n to p).317

The steric* responses to IOD and IOBM have less amplitude in all datasets (Figures 4q to x). A318

west-east dipole can be observed across the Indian ocean in reanalysed (Figure 4q) and geodetic319

(Figure 4t) fingerprints. The dipole is however smaller than typical IOD patterns (e.g. Saji et al.320

1999) observed in SST anomalies (Table 2) and confined to the east of the basin. For the IOBM,321

positive anomalies (Figures 4u and x) are observed in the west of the Indian Ocean, which are also322

smaller than typical IOBM fingerprints (e.g. Yang et al. 2007) observed in SST (Table 2) data.323

Connections with the Tropical and South Pacific are observed for both modes in ocean reanalysis324

(Figures 4m and p) and geodetic (Figures 4o and r) datasets. There is no evident response to325

IOD or IOBM in the objective analyses (Figures 4r, s, v and w) data. Though the positive part326

of the Indian dipole lies undetected in both datasets, the negative pole is larger in EN4 (Figure327
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4r) than CORA5 (Figure 4s). A positive anomaly of low amplitude (less than 10 mm) and small328

geographical coverage (Figure 4v and w) is detected in the west of the Indian Ocean for the329

IOBM, but it is not significantly different from the solution noise.330

6. Discussion331

A large part of the steric* variability observed with ocean reanalysis, objective analyses and332

satellite geodesy can be predicted with the combination of six climate indices presented in Figure333

1 and Table 2. We evaluate the contribution of climate modes to the observed steric* signal with334

the coefficient of determination (R2), interpreted as the ratio of predicted to observed variance335

(Figure 5, first column). In the tropical Pacific (∼ 20◦S−20◦N), the major part (up to 80% in the336

geodetic dataset) of the steric* variance can be predicted with a combination of climate modes,337

including in particular ENSO. Along the North American Pacific coastline, up to 60% of the steric*338

variance can be predicted with a combination of PDO and NPGO indices in the geodetic and ocean339

reanalysis datasets. In the central part (∼ 5− 10◦S) and along the east coast (∼ 100− 115◦E) of340

the Indian Ocean, up to 45% of the geodetic and reanalysed steric* variance can be predicted with341

a combination of climate indices (IOD, IOBM and ENSO). Finally, in a large part of the North342

Atlantic (including the Labrador Sea and the southeast quadrant), up to 30% of the reanalysed343

steric* variance is predicted with AMO.344

The recovery of the complete steric signal is significantly improved when climate modes are345

combined with a linear trend, an annual sinusoid and a semi-annual sinusoid, with R2 values346

exceeding 0.5 over large regions of the world’s oceans (second column in Figure 5). In particular,347

high R2 values are reached for the geodetic dataset (Figure 5k), largely due to high amplitudes348

in the annual and semi-annual sinusoids. Annual and semiannual signals are much smaller in349

the ocean reanalysis and objective analysis datasets, in which steric anomalies are computed with350
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respect to the climatology. Overall, the results of our climate mode analysis (six climate indices351

and six fingerprints) can be used in several regions of the world (Tropical Pacific, Eastern Pacific,352

and large parts of the Atlantic and Indian Ocean) to predict the steric variability with a limited353

number of parameters, with about 60 - 90% of signal recovered in recent years (2003 - 2015:354

Figure 5k) and 50 to 75% of the signal recovered over longer time-scales (1958-2015) when355

using ocean reanalysis (Figure 5b).356

Climate indices cannot fully predict the steric signals (Figure 5, last column), as other relevant357

processes contribute to the ocean variability. Complex circulation processes occur for example358

in the Southern Ocean, Northeast Atlantic and Kuroshio region. In these regions, the climate359

indices that we have used are unable to explain the steric signal (low R2 and high RMSE values360

in Figure 5). Particularly low RMSE values are seen in the ocean reanalysis, which may be due361

to the under-estimation of transport energy in these regions (Balmaseda et al. 2013). Globally362

averaged, climate indices can predict 11% of the ocean reanalysis, 5% and 4% of the objective363

analyses (EN4 and CORA5 respectively), and 10% of the geodetic steric* variance. When a linear364

trend, an annual sinusoid and a semiannual sinusoid are added to the climate indices, 37% of the365

steric signal can be predicted in ocean reanalysis, 26% and 28% in objective analyses (EN4 and366

CORA5 respectively) and 39% in satellite geodesy. Other climate indices representing the North367

Atlantic Oscillation (NAO), Arctic Oscillation (AO) and Antarctic Oscillation (AAO) have been368

considered to complete the model, but were found inefficient (improvement of R2 values smaller369

than 0.03 locally) to predict inter-annual or decadal variations in our steric* reconstructions.370

Our analysis reveals climate mode fingerprints synchronous with climate indices, providing typ-371

ical series of events and oscillations, identified point by point in steric* sea levels with a Lasso372

regression. Sea level changes occur, however, on a wide range of temporal scales (e.g. Carton and373

Giese 2008), so that aliasing of temporal signals (e.g. Ray 1998) should be expected in steric* time374
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series (e.g. Stammer 1997). Climate indices reflect to some extent this issue, as long-term SST375

anomalies result in large part from the stochastic response of the ocean surface to the excitation376

of the atmosphere at high frequencies (e.g. Frankignoul and Hasselmann 1977). Besides, climate377

modes are intrinsically coupled one with another. The PDO includes, for example, a reddened378

response to ENSO (e.g. Newman et al. 2016). Similarly, IOD (e.g. Ashok et al. 2003) and IOBM379

(e.g. Yang et al. 2007), while constituting inherent modes of variability of the Indian Ocean, have380

been shown to interact with ENSO through the atmospheric bridge. The reemergence of climate381

mode signals (e.g. Nidheesh et al. 2017) through atmospheric or oceanic teleconnections patterns,382

that are not already included in the six climate indices considered here (Table 2), cannot be de-383

tected with our approach, which does not include a time lag.384

The Lasso aims to find the minimal set of climate indices explaining the typical succession385

of events and oscillations constituting each time series. Because of temporal aliasing, some of386

the signals predicted with climate modes may be artefacts of the regression. For example, the387

AMO index is the only one to display multidecadal oscillations. Long-term oscillations present in388

steric* time series may overfit this index, in order to explain some of the variance. Also, complex389

circulation processes are likely to generate a high level of noise and variability in the steric sea390

levels observed over the Southern Ocean, Northeast Atlantic and Kuroshio region, so that observed391

steric anomalies may be aliased with climate modes in the regression process. This may explain392

the small scale variability observed in geodetic fingerprints (last column in Figure 4) in complex393

ocean circulation regions (Southern Ocean, Kuroshio and Gulf Stream regions). Overfitting issues394

are reduced by the Lasso constraint, which only allows solution coefficients (ψi in Eq. 3) to be395

different from zero if they significantly minimise the residuals.396

On the other hand, an overestimation of the Lasso constraint would lead to the underestimation397

of the parameters (ψi in Eq. 3) of the regression, which would result in a shrinkage of climate398
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mode fingerprints. Such scenario may be observed in the Northeast Atlantic, where a high level of399

noise is expected due to the oceanic circulation, which may mask the AMO signal retrieved in the400

ocean reanalysis dataset (Figure 4m). This may also explain why the IOD and IOBM fingerprints401

are smaller than typical SST patterns observed for these two modes (e.g. Saji et al. 1999; Yang402

et al. 2007). The cross-validation process ensures the balance between the excess of noise (low403

Lasso constraint) and the absence of solution (high Lasso constraint). Overall, the climate mode404

fingerprints retrieved with steric* datasets are consistent with typical signatures observed in SST405

(e.g. Deser et al. 2010) and sea surface heights (e.g. Han et al. 2017).406

If many common characteristics are shared among the four datasets compared, our analysis407

points out the abilities of each technique to detect inter-annual to multidecadal signals. Ocean408

reanalysis performs remarkably well, as relevant fingerprints are recovered for each climate mode,409

with relatively low noise. In spite of the short (13 years) record available, satellite geodesy also410

allows us to recover many relevant features of the steric* variability for most of the climate modes.411

The climate mode fingerprints retrieved in the geodetic dataset exhibit, however, a rather high412

level of noise in the Southern Ocean, Gulf Stream and Kuroshio regions, appearing as small-scale413

signals likely associated with ocean circulation, such as eddies. The difficulty of isolating climate414

mode signals in objective analyses is presumably related to the sparsity of measurements. Among415

the two objective analyses considered, the EN4 dataset was better able to recover the climate mode416

signals, associated with the PDO and NPGO, probably due to the inclusion of a larger number of417

temperature and salinity profiles. Neither EN4, nor CORA5, could detect the typical patterns418

expected from the AMO, IOD or IOBM. The performance of objective analyses is noticeably419

improved in recent years (2003-2015), which benefited from increased data coverage, with the420

detection of stronger PDO, NPGO, IOD and IOBM fingerprints (Appendix A : Figure A1).421
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We acknowledge that only four products are considered in this study, and that different results422

may be obtained with other datasets (Storto et al. 2017). However, because the datasets considered423

here are representative of the three techniques available to reconstruct steric signals, the main424

conclusions reported here should remain valid in the general case. Different datasets should be425

included in future assessments of the inter-annual to multidecadal steric variability to generalise426

these findings.427

7. Conclusions428

The regional variability of steric sea levels is strongly influenced by climate modes oscillating429

from inter-annual to multidecadal timescales. A combination of six climate indices (PDO, ENSO,430

NPGO, AMO, IOD and IOBM) can explain most of the detrended and deseasoned steric variance431

observed across the Tropical and North Pacific (especially along the coast with North-America),432

and large parts of the variance in the Atlantic and Indian Ocean. The comparison of four steric433

datasets reveals that the ocean reanalysis dataset outperforms the other three, as it is the only one434

able to predict the signals associated with climate modes on multidecadal timescales. Geodetic435

techniques offer promising solutions to reveal the regional variability of steric sea levels, but on436

shorter timescales (less than 15 years). The two objective analyses, on the other hand, struggle to437

recover the variability associated with climate modes other than ENSO (which is the only mode438

recovered with CORA5), PDO and NPGO (which are the three modes recovered with EN4). The439

objective analyses datasets perform better after 2003, likely due to the deployment of Argo floats.440

While opening new possibilities to investigate the inter-annual to multidecadal variability in441

steric sea levels, our approach has two main limitations. First, only six climate indices and four442

steric products are considered in our analysis. Future studies assessing the steric variability related443

to climate modes should include different datasets and climate indices to generalise the findings444
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reported here. Besides, the interpretation of the steric variability is limited to the combination445

of a linear trend, an annual sinusoid, a semi-annual sinusoid and six climate indices. Aliasing446

of climate mode signals is neglected with our approach, which does not include a time lag. Be-447

sides, other sources of variability could be considered to explain the steric signal, especially across448

complex ocean circulation regions, such as the Southern ocean, Gulf stream and Kuroshio regions.449

The approach presented in this study can, however, be used to identify robust features of the450

steric variability at interannual and multidecadal timescales with a combination of only six climate451

indices and six climate mode fingerprints. Such information will allow to partially reconstruct452

steric signals over time spans as long as the climate indices themselves, which will be particularly453

valuable for the interpretation of long tide gauge records. Climate indices provide useful criteria454

to assess the efficiency of ocean reanalyses, objective analyses and satellite geodesy to reconstruct455

the inter-annual to multidecadal changes in steric sea levels associated with the natural variability456

of ocean and climate. Our approach is based on a simple parametric model, that can be easily457

adapted to different datasets. Such progress is important to increase confidence in the historical458

reconstructions of steric sea levels, and to guide the selection of steric products used to compute459

sea level budgets and validate climate model predictions.460
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TABLE 1. List of steric datasets used in this study

Type Source Time coverage Depth coverage Geographical coverage

Objective analysis EN4 1958 - 2015 Down to 2000 m Global

Objective analysis CORA V5 1990 - 2015 Down to 2000 m Global

Ocean reanalysis ORAS4 1958 - 2015 Down to 5500 m Global

Satellite geodesy CMEMS - GSFC 2003 - 2015 Full ocean depth Nearly global
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TABLE 2. List of climate indices.

Mode Index definition Reference

PDO 1 1st PC of SST anomalies over the North Pacific (> 20◦N) (Mantua et al. 1997)

ENSO 1, 2 1st PC of six combined fields over the Tropical Pacific (30◦S−30◦N) (Wolter and Timlin 1993, 2011)

NPGO 3 2nd PC of SST anomalies over Northeast Pacific (180◦−110◦W; 25◦−62◦N) (Di Lorenzo et al. 2008)

AMO 1 Detrended SST average over North Atlantic (0−80◦N) (Enfield et al. 2001)

IOD 1 Difference of SST averages between West (60−80◦E) and East (90−110◦E) Indian Ocean (Saji and Yamagata 2003)

IOBM4 1st PC of SST anomalies over the Indian Ocean (20◦S−20◦N; 40−110◦E) (Yang et al. 2007)

PC: Principal Component
SST: Sea Surface Temperature

1 Data available on www.esrl.noaa.gov
2 The six combined fields are: sea level pressure, zonal wind, meridional wind, SST, air tem-
perature, cloud fraction
3 Data available on www.ocean3d.org
4 Computed with the HadSST3 (www.metoffice.gov.uk) dataset (Kennedy et al. 2011a,b)
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FIG. 1. Climate indices over the 1958 - 2015 period

36



a) EN4 : 1958 - 2015 b) EN4 : 1990 - 2015 c) EN4 : 2003 - 2015

d) ORAS4 : 1958 - 2015 e) ORAS4 : 1990 - 2015 f) ORAS4 : 2003 - 2015

d) CORA5 : 1990 - 2015 e) CORA5 : 2003 - 2015 f) CMEMS - GSFC : 2003 - 2015

g) EN4 : 1958 - 2015 h) EN4 : 1990 - 2015 i) EN4 : 2003 - 2015

j) ORAS4 : 1958 - 2015 k) ORAS4 : 1990 - 2015 l) ORAS4 : 2003 - 2015

m) CORA5 : 1990 - 2015 n) CORA5 : 2003 - 2015 o) CMEMS - GSFC : 2003 - 2015
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FIG. 2. Linear trends (a to f) and uncertainties (g to l) of steric anomalies evaluated with ocean reanalysis

(ORAS4: 1958-2015, 1990-2015, 2003-2015), objective analyses (EN4: 1958-2015, 1990-2015, 2003-2015 and

CORA5: 1990-2015, 2003-2015) and geodesy (CMEMS - GSFC: 2003-2015).
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FIG. 3. Statistical distribution of regional trends in steric anomalies. Dots represent the mean, thick lines

represent the first and third quartiles and thin lines represent the first and ninety-ninth percentiles.
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a) PDO in ORAS4: 1958-2015 b) PDO in EN4: 1958-2015 c) PDO in CORA5: 1990-2015 d) PDO in CMEMS-GSFC: 2003-2015

e) ENSO in ORAS4: 1958-2015 f) ENSO in EN4: 1958-2015 g) ENSO in CORA5: 1990-2015 h) ENSO in CMEMS-GSFC: 2003-2015

i) NPGO in ORAS4: 1958-2015 j) NPGO in EN4: 1958-2015 k) NPGO in CORA5: 1990-2015 l) NPGO in CMEMS-GSFC: 2003-2015

m) AMO in ORAS4: 1958-2015 n) AMO in EN4: 1958-2015 o) AMO in CORA5: 1990-2015 p) AMO in CMEMS-GSFC: 2003-2015

q) IOD in ORAS4: 1958-2015 r) IOD in EN4: 1958-2015 s) IOD in CORA5: 1990-2015 t) IOD in CMEMS-GSFC: 2003-2015

p) IOBM in ORAS4: 1958-2015 p) IOBM in EN4: 1958-2015 q) IOBM in CORA5: 1990-2015 r) IOBM in CMEMS-GSFC: 2003-2015
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FIG. 4. Climate mode fingerprints in steric* anomalies evaluated with ocean reanalysis (ORAS4: 1958-2015),

objective analyses (EN4: 1958-2015 and CORA V5: 1990-2015) and geodesy (CMEMS - GSFC: 2003-2015).

The ENSO signal (about ± 60 mm) extends beyond the colour scale, chosen to represent all climate modes,

including those with smaller amplitudes. Coefficients (ψi in Eq 3) equal to zero have been masked (in grey), as

they do not contribute to the regression model.
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a) CM in ORAS4 ∗ : 1958-2015 b) Full model in ORAS4: 1958-2015 c) ORAS4 residuals: 1958-2015

d) CM in EN4 ∗ : 1958-2015 e) Full model in EN4: 1958-2015 f) EN4 residuals: 1958-2015

g) CM in CORA5 ∗ : 1990-2015 h) Full model in CORA5: 1990-2015 i) CORA5 residuals: 1990-2015

j) CM in CMEMS-GSFC ∗ : 2003-2015 k) Full model in CMEMS-GSFC: 2003-2015 l) CMEMS-GSFC residuals: 2003-2015
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FIG. 5. Contribution of predicted signals to historical steric reconstructions derived from an ocean reanalysis

(ORAS4: 1958-2015), two objective analyses (EN4: 1958-2015 and CORA5: 1990-2015) and one combination

of satellite geodetic measurements (CMEMS - GSFC: 2003-2015). The first column (a,d,g,j) shows R2 values

between the climate modes predictions and steric* anomalies. The second column (b,e,h,k) shows R2 values

between the total predicted steric anomalies (including a linear trend, an annual sinusoid, a semi-annual sinusoid

and six climate indices) and the historical reconstructions. The third column (c,f,i,l) shows the RMSE values

associated with the steric residuals (i.e difference between the historical reconstructions and total predicted

anomalies).
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a) PDO in ORAS4: 2003-2015 b) PDO in EN4: 2003-2015 c) PDO in CORA5: 2003-2015 d) PDO in CMEMS-GSFC: 2003-2015

e) ENSO in ORAS4: 2003-2015 f) ENSO in EN4: 2003-2015 g) ENSO in CORA5: 2003-2015 h) ENSO in CMEMS-GSFC: 2003-2015

i) NPGO in ORAS4: 2003-2015 j) NPGO in EN4: 2003-2015 k) NPGO in CORA5: 2003-2015 l) NPGO in CMEMS-GSFC: 2003-2015

m) AMO in ORAS4: 2003-2015 n) AMO in EN4: 2003-2015 o) AMO in CORA5: 2003-2015 p) AMO in CMEMS-GSFC: 2003-2015

q) IOD in ORAS4: 2003-2015 r) IOD in EN4: 2003-2015 s) IOD in CORA5: 2003-2015 t) IOD in CMEMS-GSFC: 2003-2015

u) IOBM in ORAS4: 2003-2015 v) IOBM in EN4: 2003-2015 w) IOBM in CORA5: 2003-2015 x) IOBM in CMEMS-GSFC: 2003-2015
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Fig. A1. Comparison of climate mode fingerprints in one ocean reanalysis, two objective analyses and one

combination of satellite geodetic observations over recent years (2003 - 2015)
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