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Characterizing the spatio-temporal variability of relative sea level (RSL) and estimating local, regional,
and global RSL trends requires statistical analysis of RSL data. Formal statistical treatments, needed to
account for the spatially and temporally sparse distribution of data and for geochronological and elevational uncertainties, have advanced considerably over the last decade. Time-series models have
adopted more ﬂexible and physically-informed speciﬁcations with more rigorous quantiﬁcation of uncertainties. Spatio-temporal models have evolved from simple regional averaging to frameworks that
more richly represent the correlation structure of RSL across space and time. More complex statistical
approaches enable rigorous quantiﬁcation of spatial and temporal variability, the combination of
geographically disparate data, and the separation of the RSL ﬁeld into various components associated
with different driving processes. We review the range of statistical modeling and analysis choices used in
the literature, reformulating them for ease of comparison in a common hierarchical statistical framework. The hierarchical framework separates each model into different levels, clearly partitioning measurement and inferential uncertainty from process variability. Placing models in a hierarchical
framework enables us to highlight both the similarities and differences among modeling and analysis
choices. We illustrate the implications of some modeling and analysis choices currently used in the
literature by comparing the results of their application to common datasets within a hierarchical
framework. In light of the complex patterns of spatial and temporal variability exhibited by RSL, we
recommend non-parametric approaches for modeling temporal and spatio-temporal RSL.
© 2018 Elsevier Ltd. All rights reserved.
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1. Introduction
The instrumental record of change in relative sea level (RSL, the
difference between sea-surface height and land-surface height) is
short, with the oldest tide-gauge record (Amsterdam, The
Netherlands) dating to the 18th century (e.g., Van Veen, 1945;

* Corresponding author. Department of Earth & Planetary Sciences, Rutgers
University, New Brunswick, NJ, United States.
E-mail address: erica.ashe@rutgers.edu (E.L. Ashe).
https://doi.org/10.1016/j.quascirev.2018.10.032
0277-3791/© 2018 Elsevier Ltd. All rights reserved.

Woodworth, 1999). Modern, quality-controlled measurements
from Northern Hemisphere sites are available beginning in the
early-to-mid 19th century, and globally from the mid 20th century
onward. However, the geographic distribution of observations remains skewed to the Northern Hemisphere (PSMSL, 2017; Holgate
et al., 2013; Pugh, 1987). RSL proxies are therefore required to infer
RSL changes and the contribution of processes that operate over
€rnqvist et al.,
longer timescales (Bloom, 1964; Shennan, 1989; To
2008; Dutton et al., 2015). Whereas instrumental records are
(near-)continuous with relatively small vertical uncertainty and
negligible (minute-to-hour resolution) temporal uncertainties, RSL
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proxy data exhibit sample-speciﬁc vertical (inferential and mea€rnqvist et al., 2015;
surement) and temporal uncertainties (e.g., To
Woodroffe et al., 2015; Hibbert et al., 2016). Like the distribution of
tide-gauge measurements, the distribution of RSL proxy data is
sparse in time and space.
Quantifying the rates and spatial patterns of RSL change, on
timescales ranging from decades to millennia, therefore involves
piecing together sparse and noisy instrumental and/or proxy
data (e.g., Kopp et al., 2009, 2016; Hay et al., 2015; Piecuch et al.,
2017). Statistical models allow RSL records to be ﬁltered for
quality assurance (Düsterhus et al., 2016b) as well as fused in a
consistent manner that allows rigorous quantiﬁcation of multiple
sources of uncertainty. Statistical models are needed to answer
fundamental questions in sea-level research, such as quantifying
rates of RSL change (e.g., Cahill et al., 2015a; Khan et al., 2015),
assessing spatial variability of the extent and magnitude of high
stands (e.g., Kopp et al., 2009; Khan et al., 2017; Vacchi et al.,
2018), identifying the global-mean sea-level (GMSL) signal (e.g.,
Church and White, 2004; Jevrejeva et al., 2006; Kopp et al., 2009;
Hay et al., 2015; Kopp et al., 2016), and improving estimates to
constrain dominant physical processes, including ice-sheet
behavior and glacio-isostatic adjustment (GIA; Engelhart et al.,
2011; Mitrovica et al., 2011), based on their distinct spatial and
temporal patterns (e.g., Milne et al., 2005; Dangendorf et al.,
2017; Kopp et al., 2015a; Hay et al., 2015). Although statistical
methods have for decades played a major role in reconstructing
other paleoclimate variables (e.g., temperature; Visser and
Molenaar, 1988; Fritts, 1991; Smith et al., 1996; Mann et al.,
1998), their application to instrumental (e.g., Church and
White, 2004; Jevrejeva et al., 2006; Hay et al., 2013; Kopp,
2013) and paleo (e.g., Parnell, 2005; Kopp et al., 2009; Cahill
et al., 2016; Khan et al., 2015) RSL data is more recent.
Hierarchical statistical models, described in detail in Section 2,
distinguish between a process level (representing, for example, the
physics of RSL change) and a data level (representing, for example,
the noisy recording of RSL by instruments or proxies) and cleanly
distinguish between variability and uncertainties introduced at
these different levels (Cressie and Wikle, 2015; Tingley et al., 2012).
They are ﬂexible, capable of accommodating missing data, and
enable probabilistic inference about RSL over time and space.
Viewing statistical models in a hierarchical framework, however,
does not require a hierarchical computational implementation; the
hierarchical perspective provides a valuable tool for dissecting and
comparing models (Tingley and Huybers, 2010), regardless of
implementation. Though only some authors have used hierarchical
RSL models explicitly (e.g. Kopp et al., 2016; Khan et al., 2017),
almost all statistical models of RSL can be reformulated hierarchically. Using a hierarchical framework to present modeling choices
(i.e., how to characterize the relationships among variables1) and
analysis choices (i.e., how to implement a model structure) in a
consistent manner, we present an integrated perspective on the
choices made in analyzing temporal and spatio-temporal RSL
datasets. Although this paper primarily concentrates on proxy data
from the Holocene, the models are applicable to other timescales
(e.g., Kopp et al., 2009). The appropriate modeling and analysis
choices depend on the research questions asked, the type of data
used, and the spatio-temporal scale (e.g., local to global, years to
millennia) under consideration.
In the remainder of this paper, we ﬁrst introduce hierarchical
models and their application to RSL data (Section 2). We then
describe different models representing the data-generating process (Section 3.1) by which RSL is linked to proxy records. At the

1

Italicized terms are deﬁned in the glossary, Section 3.

59

process level, we describe time-series models (Section 3.2) for
representing RSL at a single site and spatio-temporal models
(Section 3.3) for representing the temporal evolution of sea level
across a regional or global domain. We then discuss different
analysis techniques and their advantages and disadvantages
(Section 4). To illustrate more concretely the similarities and differences between these approaches, we build case studies by
applying models to common datasets including tide-gauges
measurements (TGs), near-continuous RSL reconstructions
(continuous cores), and sea-level index points (SLIPs) from locations
along the Atlantic coast of the United States (Section 5). Finally, we
make recommendations to help identify which methods to use to
obtain temporal and spatio-temporal estimates of RSL and/or
GMSL and rates of change based on the data being analyzed and
the objective of the study (Section 6).
2. Hierarchical statistical modeling
In statistical nomenclature, uncertainty signiﬁes an interval
around which the true value is likely to fall, whereas statistical
error is the (unknown) difference between the predicted value
and the true value. Residuals, which can be analyzed to test assumptions about modeled errors, are the difference between an
observed and a predicted value (Section 4). The prior distribution
of a Bayesian model represents the knowledge about a given
phenomenon before new data is observed, whereas the posterior
distribution is the conditional probability that is assigned after
the relevant new evidence (the observed data) is taken into
account.
Hierarchical statistical models, which are frequently but not
always implemented in a Bayesian framework, partition the multiple random effects that lead to individual observations into levels,
thus clarifying the assumptions in a statistical analysis. They
separate the underlying phenomenon of interest, such as sea level,
and its variability, characterized at what is called the process level,
from the noisy mechanism by which this underlying process is
observed, characterized at the data level). Bayesian hierarchical
models are based on conditional probabilities: observed data are
regarded as conditional on a latent (unobserved) process, which is
conditioned on unknown parameters and the assumptions in the
model structure. Inverting the conditional probabilities allows
probabilistic estimation of a time series or ﬁeld, which can vary as a
function of time and/or space. Each level of a hierarchical statistical
model quantiﬁes uncertainties separately; this can require more
careful consideration of sources of uncertainties than approaches
that pool the uncertainties from different levels together. Almost
any statistical model can be reinterpreted as a hierarchical model;
doing so increases transparency by explicitly making the distinction between modeling assumptions and analysis methods (or
inference choices), as well as the difference between process variability and observation noise.
The primary goal in statistical analysis of RSL data is to estimate
latent RSL (i.e., the noise-free time series or spatio-temporal ﬁeld)
and its uncertainty from observed, noisy data. At least three levels
are deﬁned in most RSL model hierarchies. The data level characterizes the relationship between RSL and the observed RSL data
(instrumental and/or proxy) and incorporates measurement,
inferential (e.g., from the conversion of a proxy's elevation to a
distribution of RSL), and dating uncertainties. The process level
models ‘true’ (i.e., noise-free) RSL and, in some cases, decomposes
RSL into the underlying processes that comprise it. The parameter
level captures key attributes of the data and process levels through
unobserved parameters (e.g., characteristic temporal and spatial
scales of variability). Hierarchical models estimate the posterior
probability distribution of the noise-free RSL time series or ﬁeld
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(and its uncertainty), which enables probabilistic inference about
RSL over time and space (see Cressie and Wikle, 2015, for further
details on hierarchical models). We interpret published sea-level
analyses within a hierarchical framework in order to compare
modeling assumptions as well as analysis methods from these
implementations.
Conditional probability distributions are the basic mechanism
for modeling uncertainty in hierarchical models. The conditional
probability distribution of A, given B, is denoted pðAjBÞ. Bayesian
statistics uses Bayes' theorem (Laplace, 1812) to invert the conditional probability of the observed data, y, and calculate the conditional probability of unknown parameter(s) or process(es), q, given
the data, y:

pðqjyÞ ¼

pðyjqÞpðqÞ
:
pðyÞ

(1)

The likelihood function, pðyjqÞ (also known as a sampling or data
distribution), is the probability of observing the data as described
by the parameter(s) or process(es) of the ﬁtted model. The prior
distribution, pðqÞ, expresses a priori beliefs about the unknown
parameter(s) or process(es), before data have been observed, and
pðyÞ is the marginal likelihood of the data, deﬁned as the probability
of observing y averaged across all possible processes or parameters.
The conditional, posterior distribution, pðqjyÞ, is the resulting process or parameter distribution, given the observations. The parameters used to construct the prior distribution, known as
hyperparameters, can be ﬁxed, estimated, or have (hyper)prior distributions themselves. For the remainder of this paper, we will
ignore the marginal likelihood, which is irrelevant provided the
observations are static, and use the alternative form of Bayes’ theorem that states the posterior is proportional to the likelihood
times the prior:

pðqjyÞfpðyjqÞpðqÞ:

(2)

In a simple hierarchical statistical model of RSL, the data model,
pðyjf ; qd Þ, expresses the distribution of the RSL data, y, given the
latent (unobserved) sea-level process, f, and the parameters of that

distribution, qd . Below the data level, the RSL process model, pðf jqs Þ,
incorporates scientiﬁc knowledge and uncertainty into the estimation of the true RSL process through its conditional parameters,
qs . On the bottom level, the parameter model, pðqd ; qs Þ, speciﬁes
the prior distribution of all unknown parameters and
hyperparameters.

pðf ; qs ; qd jyÞ fpðyjf ; qd Þ ,
|ﬄﬄﬄﬄﬄﬄﬄﬄﬄ{zﬄﬄﬄﬄﬄﬄﬄﬄﬄ} |ﬄﬄﬄﬄﬄﬄ{zﬄﬄﬄﬄﬄﬄ}
posterior

pðf jqs Þ
|ﬄﬄﬄﬄ{zﬄﬄﬄﬄ}

,

pðqd ; qs Þ
|ﬄﬄﬄﬄﬄ{zﬄﬄﬄﬄﬄ}

(3)

data model process model parameter model

Modeling choices refer to the relationships deﬁned within a
model and the assumptions made in constructing these relationships (e.g., a linear relationship between time and RSL), whereas
analysis choices describe decisions about how to implement a
speciﬁc model structure (e.g., using least-squares analysis, Aitken,
1934; likelihood maximization, Wilks, 1938; or fully Bayesian
analysis with Monte Carlo sampling, Hastings, 1970).
Models are always simpliﬁed, imperfect versions of reality. It is
therefore important to recognize that a model's estimate of the
truth (e.g., the latent process, f) is conditional upon the assumptions of the model and the accuracy of the analysis approach.
Because a perfect model of the world is also a uselessly intractable
one (Borges, 1954), statistical estimates are useful, but imperfect,
approximations. Consideration of alternative sets of structural
modeling assumptions is an important part of characterizing the
robustness of an estimate.
The hierarchical statistical framework accommodates a broad
range of complexity in modeling and analysis choices, and most
methods of statistical analysis used in sea-level science can be
reframed as hierarchical models. For example, the structure of
trends in RSL through time can be deﬁned prior to analysis by
explicitly assuming linear, polynomial, piecewise-linear, or other
forms of the relationship between time and RSL at the process level.
Non-parametric approaches, such as spline regression (e.g.,
Gharineiat and Deng, 2015) or models with Gaussian process priors
(GP; Rasmussen and Williams, 2006; e.g., Kopp et al., 2009; Cahill
et al., 2015a), can also be used to determine trends, without a
predetermined functional form at the process level. A probabilistic

Table 1
Techniques table.
Technique

Analysis Methods

Modeling Choices

Data

Time Period

Illustrative Publications

Simple Linear
Regression

Least squares

Temporally linear

TGs, CCs,
SLIPs

 3 ky

Shennan et al. (2002)
Engelhart et al. (2009)

EIV Changepoint

Errors-in-variable, Bayesian Change-point model
analysis

CCs, TGs,
SLIPs

Common Era, Late
Holocene

Kemp et al. (2013), Brain et al. (2015)

EIV IGP

Errors-in-variable, Bayesian Covariance functions, Proxyanalysis
systems model, Integrated GP

TGs, CCs,
SLIPs

Common Era, Holocene

Gehrels and Woodworth (2013), Cahill et al.
(2015a, 2015b)

Regional
Averaging

Least squares, Ad hoc, Virtual Physical models
station

TGs,
Altimetry
data

Instrumental

Douglas (1991), Jevrejeva et al. (2009),
Dangendorf et al. (2017)

EOFs

TGs,
Altimetry
data

Instrumental

Church and White (2006)

EOF Regression Least squares

Probabilistic
Ensembles

Particle ﬁlter

Physical models

SLIPs

LIG

Düsterhus et al. (2016)

Kalman
Smoother

Multi-model KS

Spatio-temporal, Covariance
functions, Physical models

TGs

Instrumental

Hay et al. (2013, 2015, 2017)

Gaussian
processes

Bayesian Analysis, Empirical Spatio-temporal, Covariance
Bayesian analysis
functions Physical models

TGs, CCs,
SLIPs

Instrumental, Holocene,
LIG, Common Era

Parnell (2005), Kopp (2013), Kopp et al.
(2015), Khan et al. (2015, 2017)

Table includes common techniques, analysis methods, modeling choices, the type of data typically used, relevant time periods to which this approach has been applied, and
some examples in publications. Sections 3.2 and 3.3 provide details on the modeling choices, and section 4 discusses speciﬁc analysis choices. TGs - tide gauges; CCs continuous core records; SLIPs - sea-level index points; EIV - errors-in-variables; IGP - integrated Gaussian process; EOFs - empirical orthogonal functions.
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ensemble approach (e.g., Düsterhus et al., 2016a,b), where each
ensemble member is assigned an equal prior probability, is another
option for modeling the process level. Table 1 presents pairs of
modeling and analysis choices from past analyses, recast within a
hierarchical framework, highlighting the time periods and data that
have been analyzed in the literature using these models.
3. Modeling choices
3.1. Modeling the data level
RSL proxy data differ from instrumental data in their sources of
uncertainty, which are modeled at the data level. Whereas instrumental data have negligible temporal uncertainty, proxy data have
inherent temporal uncertainties (e.g., from radiometric dating;
Polach, 1976; Stuiver and Polach, 1977; Reimer et al., 2013). In the
broadest sense, there are two types of Holocene RSL proxy data.
Discrete SLIPs constrain the position of RSL in time and space
(geographic and vertical) and can be treated independently of one
another at the data level in most circumstances (e.g., Shennan et al.,
2002; Engelhart and Horton, 2012; Engelhart et al., 2015). In
contrast, continuous cores are produced by analyzing a sequence of
ordered samples from a single sediment core. These records
constrain RSL change through time at a single geographic location
(Gehrels et al., 2002; Varekamp et al., 1992), but the data points are
not independent because a common age-depth model (e.g., Wright
et al., 2017) is generally used to estimate sample age. A particular
challenge when working with RSL proxy data is realistically characterizing the geochronological uncertainties that arise from the
process of radiocarbon calibration (Reimer et al., 2013), which results in probability distributions for calendar ages that are often
multi-modal and discontinuous. However, many models assume
(explicitly or implicitly) normal uncertainties for calibrated radiocarbon ages for simplicity (although this is an oversimpliﬁcation of
reality). Some age-depth models (e.g., Parnell et al., 2008, 2015;
Wright et al., 2017) handle these difﬁculties and return predicted
age distributions with approximately normal uncertainties.
The data level of a hierarchical statistical model represents the
relationship between uncertain observations and RSL. The speciﬁc
type of data and associated uncertainty determine the form of this
relationship and hence the form of the data-level model. For
example, regression models often assume that the independent
variable, time, t, has been measured exactly, and only account for
uncertainty in time's functional relationship with RSL, f. This link
between the observed data and the sea-level process can be represented as

yi ¼ f ðti Þ þ εi ;

(4)

where yi is proxy or instrumental observation i and f ðti Þ is true RSL
(under the assumptions of the model) at the time that yi was
observed. Many models assume measurement uncertainties are
independent and normally distributed, such that εi  N ð0; s2i Þ,
where si is the assumed standard deviation of measurement and
inferential uncertainty for observation i (e.g., Hijma et al., 2015). This
assumption, however, typically ignores some biases (e.g., miscalibration) and assumes an ideal measurement is taken, which is
rarely achieved in reality. In analyses that do not incorporate
measurement and inferential uncertainty speciﬁc to each observation, εi are typically assumed to be independent and identically
distributed (iid) with Gaussian uncertainty and to pool data uncertainty with process variability not represented in the structure
of f ðtÞ. The data level of a spatio-temporal model is equivalent to
that of a time-series model, where true sea-level, f ðxi ; ti Þ, is
dependent on both geographic location, xi , and time, ti .
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The distinction between measurement uncertainty and inferential uncertainty (the relationship between RSL and a proxy's
position) can be explicit:

yi ¼ f ðti Þ þ εi þ hi

(5)

where εi is the unobserved measurement error for observation i,
and hi is the indicative meaning (vertical relationship of a proxy to
contemporary tide levels) uncertainty for the speciﬁc sample (h ¼ 0
for direct instrumental observations of RSL), which may depend on
time due to changes in tidal range. Hierarchical models for RSL
proxies can be even more explicit in the representation of hi ;
whereas this is often speciﬁed in a database based upon an interpretation (which can introduce subjectivity and additional assumptions) conducted separately, it can be related directly and
probabilistically to raw data, such as microfossil species abundances, in an additional level of the model (e.g., extending the
approach used by Parnell et al., 2015 for paleoclimate data).
Temporal uncertainties in proxy data are separated from process
noise at the data level:

ti ¼ ti þ di ;

(6)

where ti is the central point estimate of the calibrated age for
radiocarbon dating, ti is the true age (under the assumptions of the
model), which is unknown and unobserved, and di is unobserved
temporal error, which is often incorporated as normal uncertainty
within the analysis. These uncertainties can be incorporated in
several different ways (see Section 4.6).
3.2. Process level: modeling the temporal sea-level process
RSL time-series models have a long history, beginning with
hand-drawn curves (e.g., Lighty et al., 1982; Zong, 2004; Smith
et al., 2011; Abdul et al., 2016) and evolving to include different
forms of statistical regression (e.g., temporally linear, Shennan
et al., 2002; change-point, Kemp et al., 2015b; GP, Kopp et al.,
2009; EOF, Church and White, 2004). Some of these explicitly
separate data uncertainty from process variability; others incorporate both data uncertainty and non-linear or high-frequency
process variability into the error term, ε. Recasting these models
in a hierarchical framework allows the separation of uncertainties
of different types, providing a common basis for comparing
modeling choices.
3.2.1. Temporally linear models
The simplest approach to estimating RSL and an average rate of
RSL change is ﬁtting a temporally linear model to observed data. As
just two examples, Shennan and Horton (2002) and Engelhart et al.
(2009) applied simple linear regression to discrete SLIPs and tidegauge measurements to estimate the rate of RSL change during
the past few thousand years, over which period the observations
were qualitatively judged to be well approximated by a linear trend.
In both instances, the authors performed linear regression on the
midpoints of the SLIPs and did not account for inferential and
measurement uncertainty (temporal and vertical). The processlevel relationship is represented by

f ðtÞ ¼ mt þ b;

(7)

where f ðtÞ is the modeled true RSL, m is the constant rate of change
in RSL, and b is the intercept. The slope, m, and y-intercept
parameter, b, can be estimated using many analysis methods, but
are most typically analyzed using least-squares regression.
Temporally linear models are familiar to most researchers and
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easy to use, and therefore provide a convenient way to ﬁnd a ﬁrstorder estimate (a rough approximation) of rates over time periods
when they are expected to be roughly constant. However, temporally linear models can provide biased estimates of the slope parameters, due to their sensitivity to the temporal distribution of
data. For example, intervals with a high concentration of data exert
an undue inﬂuence on rate estimates. In addition, the linearity
assumption is rigid; temporally linear models lack the ability to
model any evolution in rates of RSL change. Temporally linear
regression also assumes stationarity of errors (errors do not change
over time or among observations). Temporally linear models are
appropriate for modeling a ﬁrst-order estimate, but are generally
inappropriate for more in-depth analyses.

3.2.2. Change-point models
Change-point models represent a single time series as separate,
continuous, temporally linear sections and are generally employed
to estimate the timing of changes in trend. For example, Kemp et al.
(2015a) estimated when modern rates of RSL change began in
Connecticut using change-point models. Long et al. (2014) used a
change-point model to analyze whether there was an acceleration
in RSL change in the UK over the past 300 years. At the process
level, with m change points,

8
< a1 þ b1 ðt g1 Þ; 
f ðtÞ ¼ aj1 þ bj t  gj1 ;
:
am þ bm1 ðt  gm Þ;

when t < g1
when gj1 < t < gj

(8)

when gm  t

where gk is the change point and ak is the expected value of RSL at
the change point (with a continuity constraint, such that ak ¼
ak1 þ bk1 ðgk  gk1 Þ), and bj is the rate of RSL change for each of
the m þ 1 segments. The parameters of change-point models can be
estimated using a range of analysis approaches, including nonlinear least squares and empirical Bayes (Section 4.3), but in the
paleo sea-level modeling literature, these models generally follow
Cahill et al. (2015b) in employing a change-point process model
using a Bayesian Hierarchical Model (BHM; Section 4.4) within an
errors-in-variable (EIV) framework (Section 4.6).
Change-point models attempt to address a primary goal in sealevel research, identifying accelerations in RSL and GMSL change
(e.g., Church and White, 2006; Jevrejeva et al., 2008; Kopp, 2013),
and they improve upon simple linear models by allowing for
varying rates of RSL change and are relatively simple to implement.
However, the linear constraints on each section are still fairly rigid
and often do not represent the true physical behavior of RSL. When
there is a clear pattern of phase changes in the data and variability
around the trends is white noise (signal having serially uncorrelated
random variation), change-point models may be appropriate for
estimating the timing of these phase changes; however, they
cannot estimate the magnitude of accelerations because they assume acceleration is instantaneous. Additionally, the white noise
assumption, which can be tested with analyses of residuals, is
frequently violated. If the model accounts for every change point in
the regression lines, the assumption of iid errors can be met.
Alternative, less parametric approaches, such as Kalman Smoother
(KS) or GP models, are more ﬂexible in representing RSL time series
when the data exhibit ﬂuctuations that cannot be adequately
captured by a small number of change points; as such, they can help
to answer questions about accelerations in a manner that recognizes that accelerations may occur gradually rather than abruptly.
For a more complete overview of change-point models, see Ducre
Robitaille et al. (2003).

3.2.3. Gaussian process models
A Gaussian process (GP) is a generalization of the Gaussian
(normal) probability distribution in continuous time (and space)
(Rasmussen and Williams, 2006). To our knowledge, GP modeling
was introduced into sea-level analysis by Parnell (2005) and into
the paleo-sea-level literature by the Last Interglacial analysis of
Kopp et al. (2009). In a GP, the relationship among any arbitrary set
of points (e.g., in time, or in space and time) is a multivariate
normal distribution deﬁned by a mean vector and a covariance
matrix. A temporal GP is fully deﬁned by its mean function, mðtÞ,
and covariance function, Kðt; t 0 Þ, where t is an input variable, which
here represents time (but can be extended without loss of generality to higher dimensions, for example to include geographic
location in spatial sea-level modeling; see Section 3.3). When RSL,
f ðtÞ, is a GP this is expressed as

f ðtÞ  G P ðmðtÞ; Kðt; t 0 ÞÞ:

(9)

The covariance function, Kðt; t 0 Þ, deﬁnes prior expectations
about the variance of the process about its mean and the correlation between points in time (and space), and thus about the way in
which information is shared between time points.
In a GP model, the sea-level function, f ðtÞ, is non-parametric
(i.e., its form is not predetermined). Accordingly, GP time-series
models have much more ﬂexibility than temporally linear or
change-point models. The shape of the curve is driven by the
covariance matrix, which is estimated conditional upon the data, as
opposed to a predetermined functional form. A key assumption of a
GP model is that values among any set of given points assume a
normal distribution.
A variant type of GP model is an Integrated Gaussian Process
(IGP) model, which places a GP prior on the rate process rather than
the sea-level process (see Holsclaw et al., 2013 for more details and
justiﬁcation). The IGP approach was introduced into the RSL literature by Cahill et al. (2015a), following the methodology of
Holsclaw et al. (2013), who presented a new method of obtaining
the derivative process by viewing this procedure as an inverse
problem. At the process level, IGP regression models the RSL rate
process, f 0 ðtÞ, as a GP. The underlying RSL process, f ðtÞ, is the integral of the rate process plus a constant intercept, a:

f 0 ðtÞ  G P ðmðtÞ; Kðt; t 0 ÞÞ;
ðt
f ðtÞ ¼ a þ

0

f 0 ðuÞdu;

(10)

(11)

where t is time. For example, Cahill et al. (2015a) estimated the
continuous and dynamic evolution of RSL change in North Carolina
from sediment cores using IGP models.
Assuming a stationary covariance for the rates of RSL change
produces a non-stationary covariance for RSL. The Bayesian
approach allows regularization (introducing additional information
in order to prevent over-ﬁtting or solving an ill-ﬁt problem), which
reduces issues with identiﬁability (the theoretical possibility of
learning the true values of a model's underlying parameters after
obtaining an inﬁnite number of observations from it). One limitation of the IGP is that the sea-level function needs to be twice
differentiable; unlike a GP model of levels, this does not allow
abrupt changes of rate, but instead requires that any change of rate
happens through a gradual acceleration. For example, any RSL trend
that is well-represented by a change-point model, which assumes
instantaneous acceleration, cannot be represented well by an IGP
model. Another drawback of the IGP is that it is not immediately
clear how to extend it to deﬁne a derivative process in multiple
dimensions (e.g., Holsclaw et al., 2013), such as for applying it to
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spatial datasets, although some insights could be gleaned from
spatial ﬁrst-difference methods, commonly applied in the econometrics literature (e.g., Juodis, 2018).
In both GP and IGP models, the covariance functions can take a
range of functional forms (Section S1). The form and parameters of
the covariance function e called hyperparameters, because they set
assumptions that inform the non-parametric representation of f ðtÞ
e deﬁne how abruptly modeled RSL may change with temporal (or
spatio-temporal) distance. Scale hyperparameters express prior
beliefs about the amplitude of variability over time. Range (or
characteristic length scale) hyperparameters set the distance over
which the correlation between two sites or times decays toward
zero (e.g., Rasmussen and Williams, 2006). Smoothness hyperparameters determine the speed of decay in the correlation in time
or space (e.g., the degree of differentiability). For ﬁxed hyperparameters, GP posterior distributions are analytically tractable
(i.e., no approximation or sampling is necessary) when data uncertainty is represented as normally distributed; statistically
speaking, this reﬂects the fact that the normal distribution is selfconjugate. Covariance functions for GP priors can be constructed
by summing different terms with different characteristic scales of
variability; however, linking these different terms with distinct
physical processes requires incorporating process knowledge
through deterministic physical models.
GP and IGP models are appropriate for many applications
because of their ﬂexibility and ability to incorporate physical
knowledge regarding ranges and scales of variability through their
covariance functions (Section S1). However, they do have several
key disadvantages. GP models generally assume that the covariance
function is stationary e e.g., that prior expectations about the
relationship between RSL at 10 ka and 8 ka are the same as those
between 4 ka and 2 ka. This is a rough approximation, although still
more ﬂexible than parametric approaches. IGP models generally
make the same assumption about rates as opposed to levels, which
is a potentially more accurate approximation.
GP models are considerably more difﬁcult to implement than
linear or change-point models, although an increasing number of
tools are available to assist in their implementation. For example,
Kopp (2016) makes documentation and code publicly available for
implementing a spatio-temporal version of a GP model, and Cahill
(2018) provides code to implement an IGP model.
These models exhibit relatively long analysis times (e.g., see
Table 2 for analysis times of illustrative analyses). Statistical
modeling is an iterative process of model development, model
ﬁtting, and model criticism, and slow analysis methods can be a
hindrance to this process. Moreover, for some methods the
computational time can scale rapidly with the number of data
points. The time to invert a covariance matrix for a GP analysis
scales with the cube of the number of data points, and the
computational time of a model that both inverts a covariance matrix and samples temporal uncertainty (e.g., the EIV-IGP) scales
with the number of data points to the fourth power. Although there
are techniques to estimate the covariance matrix in order to make it
more easily invertible, these models are currently not scalable to
large datasets using full covariance matrices.
3.2.4. Summary of time series models
Each modeling choice has advantages and disadvantages.
Temporally linear models are sensitive to the temporal distribution
of data and inﬂuential data points. However, when uncertainties in
the data are incorporated into the model, linear regression provides
an easy, fast, and appropriate way to determine ﬁrst-order rates of
change in processes that are approximately constant. Change-point
models assume that phases of persistent sea-level behavior are
approximated by linear trends, which may not accurately represent
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the underlying physics of RSL change and mask (to some degree)
the continuous evolution of RSL through time (Cahill et al., 2015a).
Drawbacks of these simpler approaches motivated Cahill et al.
(2015a) to develop a non-parametric (EIV-IGP) methodology for
estimating rates of RSL change from multiple types of proxy data at
a single site (Sections 5.1 and 5.2) and Kopp et al. (2009) and Kopp
(2013) to develop spatio-temporal GP models (Sections 5.2 and
5.3), which share information from nearby geographical sites to
overcome the limited length of records in certain locations. However, GP models also have several drawbacks, including their less
intuitive nature, complexity of implementation, longer computation time, and stationarity assumptions.
3.3. Process level: modeling the spatio-temporal sea-level process
Spatio-temporal models allow information to be shared among
sites based on their proximity or physical relations, and they also
enable estimation of RSL and its rates of change at sites where there
are no data. In addition, spatio-temporal models support the estimation of multi-site metrics, such as change in global-mean sea
level (GMSL), which is deﬁned as the spatial average of RSL or seasurface height (SSH) over the ocean (Gornitz et al., 1982). Most
spatio-temporal models implemented in the literature are not
explicitly hierarchical, but e as with time-series models e they can
be recast in this way in order to facilitate comparison.
Spatio-temporal RSL models represent a continuum from purely
statistical to purely physical models. At the purely statistical end of
this spectrum, the priors of the process level relating RSLs from
different locations to one another are based solely on their spatial
and temporal proximity, and the bounds on the hyperparameters
(before they are optimized) are typically based on knowledge of the
variability of the processes they attempt to capture. At the purely
physical end of the spectrum, a deterministic model (e.g., a GIA
model) is used to estimate the RSL ﬁeld; probabilistic ensembles
are just one example. Intermediate formulations incorporate
physical information into the construction of prior distributions.
3.3.1. RSL represented with single or multiple GP priors
The simplest and most fully statistical models place a single GP
prior on RSL, as in equation (9) (with the mean and covariance
functions dependent on both time and geographic location), conditioning on RSL proxy or instrumental data to yield a posterior
distribution of RSL in time and space. The covariance function in
this context may be spatially and temporally separable, in which
case it is represented as the product of a temporal covariance
function and a spatial covariance function. The former describes
prior expectations about scales of change in time, the latter about
scales of change in space. The analysis of a spatio-temporal GP is
amenable to the same approaches as a temporal GP.
A single GP with a parametric covariance function is rarely
implemented in the spatio-temporal RSL modeling literature,
because a single scale of temporal variability and a single scale of
spatial variability is too simple to capture physical behavior. More
physical insight recognizes that RSL should have multiple spatiotemporal scales of variability, and can therefore be represented as
the sum of multiple terms with GP priors. Kopp (2013) introduced
this approach into the spatio-temporal RSL literature to model tidegauge data along the east coast of the United States in order to
determine whether there was an acceleration in local RSL. His
process model employed nine separate terms with GP priors,
combining three spatial scales of variability (global, regional, and
local) with three temporal scales of variability (low, medium, and
high frequency). Lower resolution RSL proxy data frequently
require a simpler process level. For example, several studies (e.g.,
Kopp et al., 2016; Khan et al., 2017) employ models of the form:
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f ðx; tÞ ¼ gðtÞ þ lðx; tÞ þ sðx; tÞ;
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(12)

where gðtÞ represents a global term that is common to all sites and
could include (in a global analysis) the global-mean effects of
thermal expansion and changing land ice volume; lðx; tÞ is a
regional linear term, which might represent processes like GIA,
ocean/atmosphere dynamics, and the static-equilibrium effects of
land-ice mass changes; and sðx; tÞ might capture smaller-scale region (or local) processes, like tectonics or natural sediment
compaction.
Although covariance functions can be used to capture speciﬁc
physical processes that inﬂuence RSL, they have fundamental limitations. Using covariance functions alone, based on scales of variability, can fail to represent the processes intended, in contrast to
using physical models. For example, many common covariance
functions will miss spatial teleconnections such as those associated
with sea-level ﬁngerprints or large-scale climate modes, because
they assume that correlation decays with distance. Hay et al. (2015)
used GPs but worked around this by using physical models to estimate the covariance, as did Kopp et al. (2009). However, the
assumption that the distribution of physically probable outcomes is
normal is restrictive, so this approach is also imperfect.
3.3.2. Empirical orthogonal functions
Empirical orthogonal function (EOF) regression ﬁts sparse observations with a set of spatial patterns (EOFs) that characterize the
maximum amount of variation in a relatively dense, complementary dataset. These spatial patterns are derived through EOF
decomposition (equivalent to principal component analysis [PCA]),
which decomposes the dense dataset into orthogonal patterns. For
example, Church and White (2004), Domingues et al. (2008), and
Ray and Douglas (2011) used EOF decomposition to calculate the
dominant spatial patterns of (high-frequency) variability in GIAcorrected SSH from altimetry observations, and applied these patterns to ﬁt tide-gauge data and estimate longer-term GMSL change.
Although EOF decomposition incorporates no direct or explicit
knowledge of physical processes, many of the dominant EOFs are
associated with known physical modes of variability (e.g., North
Atlantic Oscillation, Atlantic Multi-decadal Oscillation, Paciﬁc
~ o Southern Oscillation). The process level
Decadal Oscillation, El Nin
in EOF regression can be represented as:

f ðx; tÞ ¼ gðtÞ þ Si Ui ðxÞai ðtÞ þ GIAðx; t  t0 Þ

(13)

Here, gðtÞ is a global ‘mode’ that is constant over space, each U
represents a leading spatial EOF, a is a time series of amplitudes of
the EOFs (also known as a principal component of the associated
EOF), and GIAðx; t  t0 Þ represents the GIA term (implemented
through a correction from a single, selected GIA model). The solution, including the amplitudes of the leading EOFs, models the
change in RSL from one time step to the next (e.g., monthly averages for Church and White, 2004, 2011).
An advantage of EOFs is that they learn about correlations from
the observations, which allows for complex patterns with teleconnections. The assumption that dominant spatial patterns are
constant over time, across frequencies of variability, and over the
changing selection of tide gauges may lead to biases, however,
because of the sensitivity of EOFs to the choice of spatial domain
and time period. Additionally, features of physical modes can be
mixed between EOFs, and there is no guarantee that an EOF pattern
has physical meaning; instead, the patterns can represent noise
(see Calafat et al., 2014 for a detailed critique).
3.3.3. Incorporating physics-based models
More physical knowledge can be incorporated at the process

level by building physics-based models into the covariance structure or by using a probabilistic ensemble approach. For example,
rather than optimizing hyperparameters of a covariance function
based on the data, Kopp et al. (2009) used physical models of
glacial-isostatic adjustment (GIA) to help deﬁne the prior covariance structure of a spatio-temporal GP for an analysis of GMSL and
RSL change during the Last Interglacial. This approach still assumed
a GP prior; more complex priors can be represented through more
direct use of physics-based models or emulators thereof.
Although the analysis methods (Section 4) used in the implementations differ, the process models of Hay et al. (2015) and
Dangendorf et al. (2017), used to analyze the instrumental record,
are similar variants of:

f ðx; tÞ ¼ gðtÞ þ Sj FPj ðxÞMj ðtÞ þ DSLðx; tÞ þ GIAðxÞðt  t0 Þ
þ NLðx; tÞ þ wðx; tÞ:

(14)

Here, the spatio-temporal RSL ﬁeld is split into several component ﬁelds. A globally uniform term, gðtÞ, includes global thermal
expansion and unmodeled sources of change. (It is not, however,
representative of GMSL, as several of the other terms have non-zero
global means). FPj and Mj are the static-equilibrium ﬁngerprint and
melt, respectively, for each ice sheet/glacier source regions, indexed
by j. DSLðx; tÞ is dynamic sea-level change, estimated using information from atmospheric/ocean global climate models. GIAðxÞ is
the local contribution to RSL from GIA, estimated using information
from GIA process models, NLðx; tÞ is other non-linear signals not
captured by the other, and wðx; tÞ is process noise.
An advantage to incorporating knowledge of processes through
physical models is that they add potential information in the open
ocean, far from tide gauge sites, whereas purely statistical models
lose power away from the data. They also allow for teleconnections,
rather than assuming informativeness always decreases with distance. A disadvantage is that they can be more complex to implement and may be overly rigid and rely on a small number of
interpretations of physical processes. Current implementations also
use discrete inputs and outputs, without comprehensively accounting for uncertainties in the parameters that determine the
process or using a continuous parameter space.
Emulation of complex physical models, including 1-D and 3-D
GIA models and ice-sheet models, with statistical models (e.g.,
Gaussian process emulators; Kennedy et al., 2006; Rougier, 2008)
or simpliﬁed physical models (e.g., Urban and Keller, 2010) can
provide a faster, more ﬂexible way of explicitly embedding this
knowledge in a hierarchical framework. Statistical emulation reduces the processing time of these physical models, which are
computationally intensive; it produces continuous output, in
contrast to the discrete sea-level curves that are output for each set
of discrete input parameters; and it enables probabilistic conclusions about the input parameters driving the physical models.
4. Analysis choices
Analysis methods used in the sea-level modeling literature
include least-squares analysis (e.g., Church and White, 2004;
Shennan and Horton, 2002; Engelhart et al., 2009), ad hoc approaches such as ‘virtual station’ averaging (detailed in section 4.2;
e.g., Jevrejeva et al., 2006; Dangendorf et al., 2017), empirical
Bayesian analysis (e.g., Kopp et al., 2009; Khan et al., 2017; Meltzner
et al., 2017), fully Bayesian analysis (e.g., Parnell, 2005; Cahill et al.,
2016), Kalman smoother (KS) algorithms (e.g., Hay et al., 2015), and
direct and approximate methods for incorporating temporal uncertainty in proxy data into statistical models. Simple process
models can be implemented with almost any analysis choice, while
more complex models may require non-linear least squares or a
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Bayesian approach.
4.1. Least squares
Least-squares analysis optimizes a model by minimizing the
sum of squared deviations between the observed RSL and a RSL
process model function (Legendre, 1805). It can be used with
functions as simple as a line (i.e., simple linear regression, Section
3.2.1) or as complex as in EOF regression (Section 3.3.2). Leastsquares analysis is included with most statistical software (e.g., R,
MATLAB, SAS) and is easy to implement with many modeling
choices. However, ordinary least-squares (OLS; Aitken, 1934)
analysis does not include implementation of a data level, and
therefore typically excludes explicit measurement and inferential
uncertainties. It also assumes errors are independent and identically distributed.
Slightly more advanced solutions than OLS include weighted
least squares (WLS) and generalized least squares (GLS). WLS addresses the problem of heteroscedastic (unequal) variances, and GLS
additionally addresses the problem of autocorrelation among variances, both of which are common characteristics of data used in
sea-level analyses. GLS estimators can be more efﬁcient than OLS
estimators (Goldberger, 1962). OLS, WLS, and GLS all require
parametric linear models (though note that a linear model need not
be a linear function of time). Total least squares (Golub, 1973; Golub
et al., 1999) is a generalization of the least-squares approximation
method and incorporates uncertainty in both the independent and
dependent variable, and non-linear least squares uses optimization
algorithms to maximize the ﬁt of more complex models.
4.2. Ad hoc approaches: regional averaging, virtual stations, preprocessing
We deﬁne ‘ad hoc’ approaches as analysis methods constructed
without an underlying statistical theory. Modern estimates of
GMSL change apply various versions of these ad hoc approaches,
including regional averaging, ‘virtual stations,’ and pre-processing
to different subsets of tide gauges. The results of these techniques
exhibit various GMSL curves (Fig. 1).
Regional averaging effectively removes the contributions of
some processes, such as those included in the regional and local
terms of purely statistical models. Deﬁnitions of the number of
regions and how the averaging is implemented vary by study.
Jevrejeva et al. (2006, 2009, 2016) attempted to address the spatial
heterogeneity of tide gauges separated by geographic regions
through a ‘virtual station’ approach, which iteratively averages
rates between stations to estimate a regional average and then
averages across all regions to ﬁnd a global average (Fig. 1).
Dangendorf et al. (2017) adopted the general idea of Jevrejeva's
‘virtual station’ technique and weighted each regional estimate by
its approximate area in relation to the entire ocean (Fig. 1).
Regardless of the model, many analyses ‘correct’ for physical
processes prior to analysis (e.g., Cahill et al., 2015a; Tamisiea and
Mitrovica, 2011; Church and White, 2011) by removing sites that
do not meet desired criteria and by subtracting out signals from
physics-based process models prior to analysis (i.e., preprocessing). For example, within regional averaging implementations, Douglas (1991, 1997) and Holgate (2007) corrected for the
effects of GIA using single GIA models and screened out tide-gauge
stations deemed to include a sizable tectonic contribution.
Dangendorf et al. (2017) corrected each tide gauge, prior to analysis,
according to the static-equilibrium ﬁngerprints of assumed melt
components, GIA, and vertical land motion, which were each estimated by physical process models. For more details on the ‘virtual
station’ approach, see Section S2.1.

Fig. 1. Comparison of GMSL curves based on different subsets of tide gauges, process
model choices, and analysis methods, including KS, GP, virtual stations, and EOF
regression (Jevrejeva et al., 2008; Church et al., 2013; Hay et al., 2015).

4.3. Empirical Bayesian analysis
Empirical Bayesian analysis, employing Empirical Hierarchical
Models (EHMs; see Cressie and Wikle, 2015; Gelman et al., 2013 for
background), uses point estimates of the parameters based on the
RSL data (e.g., Kopp et al., 2016; Hay et al., 2015). Maximum likeb ) are optimal point estimates found by
lihood estimates (MLEs, q
maximizing the likelihood pðyjqÞ of the model, given ﬁxed data. An
EHM yields a posterior distribution of RSL, conditional on the data
b ;q
b Þ. Although explicit bounds
and the optimal parameters pðf jy; q
s
d
are usually set on hyperparameters for MLEs, there is no explicit
prior distribution on the parameters. Instead, the parameter level
describes the optimization or estimation of the data and process
parameters, qd and qs , respectively.


   
 
 
 b b
 b
b
p f y; q
s ; q d fp yf ; q d ,p f  q s :
|ﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄ{zﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄ} |ﬄﬄﬄﬄﬄﬄﬄﬄ{zﬄﬄﬄﬄﬄﬄﬄﬄ} |ﬄﬄﬄﬄﬄ{zﬄﬄﬄﬄﬄ}
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(15)

prior

Almost all published implementations of RSL process models
with spatio-temporal GP priors applied to RSL proxy data use
empirical Bayesian analysis (e.g., Kopp et al., 2015b; Khan et al.,
2017). For instrumental data, Hay et al. (2015, 2017) demonstrated an EHM with GP priors alongside the KS approach (section
4.5) to estimate GMSL, the spatio-temporal RSL ﬁeld, and the
components contributing to RSL globally at decadal intervals from
tide gauge records. Meltzner et al. (2017) implemented an empirical GP model using coral microatoll proxy data from the midHolocene in Southeast Asia to estimate rates of RSL change by
incorporating a periodic term to capture the 18.6-year tidal cycle.
GMSL reconstructions fusing proxy and instrumental data are
possible using empirical Bayesian analysis, although they have
rarely been implemented. Kopp et al. (2016) provide the only
example of using both instrumental and proxy data to construct an
empirical GMSL reconstruction over the past 2500 years using
spatio-temporal modeling with empirical Bayesian analysis (Fig. 2).
EHMs generally require fewer computational resources than
fully Bayesian techniques; however, like fully Bayesian approaches,
empirical GP implementations require computation of the inverse
of a full covariance matrix (over all times and space), the computational demands of which are more strenuous than a state-space
model (a model that is deﬁned by a system of ﬁrst-order difference equations of state variables), which estimates a covariance
matrix at each time step. For this reason, EHM analyses (and BHM
analyses) do not scale to large datasets as easily as other
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approaches.
4.4. Fully Bayesian analysis
Another analysis choice, fully Bayesian analysis, gives rise to
Bayesian Hierarchical Models (BHMs, see Cressie and Wikle, 2015;
Gelman et al., 2013 for background). A fully Bayesian analysis requires that all model parameters have prior probability distributions, allowing parameters to take on a range of probable values.
These prior distributions may incorporate informative prior
knowledge or may be uninformative, vague priors. Priors are
typically sampled using Markov Chain Monte Carlo techniques
(MCMC: algorithms used to approximate random samples from
complex probability distributions, e.g., Gelman et al., 2011); however, for a limited set of likelihood and conjugate prior distributions,
combined with relatively simple model structures and known
hyperparameters, they can be solved analytically.
The output of a BHM is the posterior distribution, pðf ; qs ; qd jyÞ, of
the sea-level process, f, and the parameters, qs and qd , given the
observed data, y. This posterior is proportional to the product of the
likelihood of the model, pðyjf ; qd Þ, the prior distribution of the
model, pðf jqs Þ, and the prior of the parameters, pðqd ; qs Þ, where qd
and qs are the data and sea-level process hyperparameters,
respectively:

pðf ; qs ; qd jyÞ fpðyjf ; qd Þ ,pðf jqs Þ,pðqd ; qs Þ :
|ﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄ{zﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄ} |ﬄﬄﬄﬄﬄﬄ{zﬄﬄﬄﬄﬄﬄ} |ﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄ{zﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄ}
posterior

likelihood

(16)

prior

As with empirical Bayesian analysis, fully Bayesian analysis can
be implemented with virtually any process model (e.g., Parnell
et al., 2015; Cahill et al., 2015b, 2016; Piecuch et al., 2017). In general, it is more computationally demanding than an empirical
analysis but provides more thorough estimates of relative uncertainties (e.g., Piecuch et al., 2017).
4.5. Kalman smoother techniques
The Kalman smoother can combine process-based models of the
drivers of sea-level change with spatially and temporally sparse
observations to estimate a temporal or spatio-temporal model.
Implementation of the KS is based on the Kalman ﬁlter (Kalman,
1960), a data assimilation technique that iteratively performs a
least-squares analysis whenever observations are available, but in
the absence of observations relies on model dynamics to compute
the best estimate of the state vector. The Kalman ﬁlter method
assumes that the state at time k evolves linearly from the state at

k 1. The approach is similar to a Bayesian updating process,
occurring one time step at a time, and is equivalent to a linear
Gaussian state-space model. (For examples of non-linear, nonGaussian state-space models, see Parnell et al., 2015; Cahill et al.,
2016). The KS extends the Kalman ﬁlter so that estimates at any
given point in time are informed by observations in its future as
well as in its past. For example, Hay et al. (2013, 2015) used the
Kalman smoother to implement a model similar to that in equation
(14) and thus model GMSL, the ﬁeld of RSL change, and different
driving processes (see Section S2.2 for more details on this
implementation).
The KS approach is ﬂexible in terms of process models that can
be represented. Because it is recursive, it is computationally faster
than approaches (such as EHMs or BHMs) that require estimating
all spatio-temporal points simultaneously; the KS scales linearly
with the number of data points (Grewal and Andrews, 2001). It is
therefore especially valuable for estimating GMSL and RSL over the
instrumental period, as it enables analysis of data at a higher
temporal resolution than non-recursive analysis methods with
comparable modeling choices. However, the KS approach fails for
low data density (which can be shown analytically; see Hay et al.,
2017; Gelb et al., 1974), does not readily handle temporal uncertainty (Kalman, 1960; Visser and Molenaar, 1988), and therefore has
not yet been implemented in the literature using proxy data to
estimate trends over longer timescales. Moreover while multiple
methods have been used to incorporate temporal uncertainties
within models with GP priors, including errors-in-variable (EIV)
and noisy-input GP (NIGP) methods (Section 4.6); the KS has not
been applied to RSL data with temporal uncertainties.
4.6. Incorporation of temporal uncertainty
The temporal uncertainty of RSL proxy data has been incorporated into models in various manners. An EIV framework, which
has been implemented in temporal IGP (e.g., Kemp et al., 2013;
Gehrels and Woodworth, 2013; Brain et al., 2015; Cahill et al.,
2015a) and change-point (e.g., Cahill et al., 2015b) models and in
a spatio-temporal GP model (Kopp et al., 2009), incorporates
temporal uncertainty directly through MCMC sampling of the distributions. Because of its use of MCMC sampling, the EIV framework
is generally employed together with a fully Bayesian analysis
approach.
An alternative approach with less computational demand is to
approximate and recast temporal noise as RSL uncertainty. The
NIGP method of McHutchon and Rasmussen (2011) has been
implemented to do this in temporal and spatio-temporal empirical

Fig. 2. GMSL estimate with 67% and 90% credible intervals over the last 2500 years from Kopp et al. (2016) using a model with GP priors, applied to RSL proxy data and
instrumental data in an empirical Bayesian analysis.
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models with GP priors (e.g., Miller et al., 2013; Kopp et al., 2015b;
Khan et al., 2017. The NIGP uses the ﬁrst-order Taylor-series
approximation e a linear expansion about each input point e to
translate errors in the independent variable, time, into equivalent
errors in the dependent variable, RSL, such that temporal uncertainty is recast as sea-level uncertainty proportional to the squared
gradient of the GP posterior mean.
5. Illustrative analyses
There are a number of modeling and analysis choices that can be
used to evaluate a given scientiﬁc question. To illustrate the advantages and disadvantages of speciﬁc implementations in RSL
modeling, we apply several models to common datasets. We focus on
pairs of modeling and analysis choices that commonly occur together
in the literature and organize them from simple to more complex.
First, we demonstrate the differences between several time-series
models e temporally linear models with ordinary least-squares
analysis (e.g., Shennan and Horton, 2002; Engelhart et al., 2009),
change-point and EIV-IGP models with fully Bayesian analyses (e.g.,
Brain et al., 2015; Cahill et al., 2015b; Cahill, 2018), and temporal
models with GP priors with empirical Bayesian analysis (ET-GP) e to
estimate RSL change from continuous cores over the Common Era.
The quasi-linearity of RSL over this period warrants an evaluation of
linear and change-point models. Next, we demonstrate a spatiotemporal GP model with empirical Bayesian analysis (EST-GP; e.g.,
Khan et al., 2017; Kopp et al., 2016), which characterizes spatial and
temporal variability in RSL change over the Holocene using proxy
data. This is the only technique currently used in the RSL literature
that accommodates both temporal uncertainties and spatial correlations. Therefore, to illustrate the spatio-temporal approach, we
compare the results of the EST-GP model to a site-by-site ET-GP. Last,
we analyze tide-gauge data with a physically-informed KS model
(e.g., Hay et al., 2013) and an EST-GP model (e.g., Hay et al., 2017), as
they are capable of estimating both GMSL and the spatio-temporal
ﬁelds of RSL and its rates of change with uncertainties. The type of
data, time period of interest, and relevant scientiﬁc question determines which techniques are appropriate. Table 2 outlines the
implementations applied in Sections 5.1, 5.2, and 5.3), and the
detailed descriptions of each model can be found in Section S3.
5.1. Estimating rates of RSL change from continuous cores (Common
Era)
Attempting to answer scientiﬁc questions about the timing of
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RSL accelerations in relation to climatic drivers requires RSL proxy
data because instrumental records are frequently too short. The
near-continuous records from single cores of salt-marsh sediment
(continuous cores) are well-suited to capturing the onset of modern
rise because they provide a longer record than instrumental data,
and they possess sufﬁcient vertical and temporal resolution to
provide a meaningful estimate of the timing of accelerations in sealevel rise. The data used in the following analyses include previously published data from continuous cores collected at two sites in
New Jersey (Leeds Point and Cape May Courthouse; Kemp et al.,
2013, 135 data points) and one site in North Carolina (Sand Point;
Kemp et al., 2011, 109 data points), where the New Jersey sites are
assumed to be independent of the North Carolina site. We applied
the linear, change-point, ET-GP, and EIV-IGP models, described in
Section S3.1, to the data (Section S4).
Fig. 3 shows estimated RSL and rates of RSL change for each
model. The change-point, ET-GP, and EIV-IGP models more
appropriately characterize the uncertainties of the data by incorporating temporal and vertical uncertainties. Conversely, the rigidity of the temporally linear model does not accommodate the
underlying process(es) inﬂuencing the data. The ET-GP and
Bayesian EIV-IGP models yield similar mean estimates, although
the Bayesian EIV-IGP makes somewhat more precise predictions
with smaller uncertainties (Fig. 3) in this particular application,
which may be due to the choice of covariance functions or their
hyperparameters (see Section S1 for discussion of the details of
covariance functions and their parameters).
Each of the models implemented assumes that the data error
terms are independent and normally distributed, while the
temporally linear model further assumes that the errors are
identically distributed (iid). In order to test these assumptions
(see Sections 3.2 and 4 for a more thorough description of model
assumptions), we present a plot of the residuals as a function of
the predicted RSL values and an autocorrelation function (ACF)
plot, which shows the autocorrelation in residuals as a function of
lag, the number of time steps between predictions (Fig. 4). If all
assumptions are met, the errors should be random, meaning there
is no pattern or correlation in the residuals. The residuals of the
linear regression model display a non-random, temporallydependent pattern, indicating that the model does not ﬁt this
dataset well and the temporally linear model is inconsistent with
the temporal evolution in the data. The non-linear models show
less structure in the residuals, as well as smaller residuals than the
linear model. Although the non-linear models show smaller and
less structured residuals that the linear model, it remains valuable

Table 2
Illustrative analyses table.
Implementation

Analysis Approach

Assumptions

Illustrative Dataset

Run Time

Continuous core

2s

Continuous core

24 min

Continuous core

60 s

Continuous core

6.1 h

Time series analyses
Temporally linear regression

general least-squares Linear signal, Gaussian uncertainties, does not distinguish measurement
uncertainty and process nonlinearity
Change-point regression
fully Bayesian
Segment-wise linear, Gaussian uncertainties, does not distinguish
measurement uncertainty and process nonlinearity
Empirical temporal Gaussian process empirical Bayes
Gaussian uncertainties, Stationary covariance of sea level correctly
model (ET-GP)
characterizes temporal variability, Once-differentiable sea-level signal
Bayesian error-in-variable integrated fully Bayesian
Gaussian uncertainties, Stationary covariance of sea-level rate (can lead
Gaussian process model (EIV-IGP)
to non-stationary sea level covariance) correctly characterizes temporal
variability, Twice-differentiable sea-level signal
Spatio-temporal analyses
Empirical spatio-temporal Gaussian
process model (EST-GP)
Linear state-space model (KS)

empirical Bayes

Spatio-temporal covariance correctly characterizes variability

Kalman smoother

Based on the physics-based models used; linear in prediction from state Tide gauge
to state

Run times of each implementation are reported on a standard laptop computer (2015 MacBook Pro, 2.3 GHz Intel Core i5).

Holocene Tide gauge 1.2 h 26 min
4h
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Fig. 3. Common Era comparison of linear model results (column 1), change-point analysis (column 2), temporal empirical GP model results (column 3), and Bayesian EIV-IGP model
results (column 4), where input data are continuous cores, and there is no spatial correlation, in New Jersey (a,b), and North Carolina (c,d). Output includes estimates of RSL (a,c) and
rates of RSL change (b,d), which are each shown with mean and 95% conﬁdence or credible intervals, where each model covers more than 95% of the data, except for the linear
regression model.
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Fig. 4. Linear model (a,c) and all models (b,d) residuals plotted against the predicted RSL values for each site (New Jersey: a,b, North Carolina: c,d). (e) Autocorrelation function plot
of residuals for each model, where the EIV-IGP North Carolina model and all three New Jersey models violate the independence assumption, because they show signiﬁcant autocorrelations (more than 5% of which are above or below the blue 95% signiﬁcance line). (For interpretation of the references to colour in this ﬁgure legend, the reader is referred to
the Web version of this article.)

to check whether they are consistent with the assumptions of
independent errors. An ACF plot can determine whether this
assumption is met or violated. For example, the ACF plot in Fig. 4
demonstrates that the analyses of the North Carolina dataset do
not violate the independence assumption. Conversely, the
change-point, ET-GP, and EIV-IGP analyses of the New Jersey
dataset do, shown by the signiﬁcant (at 5% signiﬁcance level; blue
lines in Fig. 4) autocorrelation in residuals. This signiﬁes that the
residuals may contain additional information that is not included
in the model structure.
Some of the differences between the ET-GP and EIV-IGP models
are associated with the conventional choices of covariance functions used. The squared-exponential covariance function, used in
the EIV-IGP, is slightly smoother in this implementation than the
rn covariance function (see Section S1) in the ET-GP (Fig. 3).
Mate
However, the choice of time length over which the rate of RSL
change is averaged in the ET-GP model affects the smoothness of
(and uncertainty in) the rate curve; a linear transformation on the
predicted RSLs is performed to calculate the rate curve and its
uncertainty. The ET-GP method, as employed, enables more
complexity for various processes through multiple separate
covariance functions, summed together to create the composite RSL
process, but either method could incorporate various covariance
functions.
In addition to making different assumptions, these four implementations produce distinct results about the probability and
timing of accelerations in RSL. A temporally linear model will never
predict an acceleration in RSL because of its inherent assumption of
a constant rate of RSL change, whereas a change-point model is
designed to detect slight changes in rate, but assumes instantaneous acceleration. The ET-GPR and EIV-IGP, conversely, produce
continuous posterior distributions on rates of RSL change over time.
Any inﬂection points in the rate curves (Fig. 3b,d) can be interpreted as changes in trend, but their signiﬁcance must be evaluated. For example, the ET-GP model estimates a signiﬁcant (at 5%
signiﬁcance level) difference in the rate of RSL change in New Jersey
between 1270 and 1795. Inﬂections can also be observed in the rate

curve for the New Jersey record around ~170 and 570 CE, indicating
changes in rate, but the differences are not signiﬁcant. Alternatively, taking the derivative of the rate curve, for either the ET-GP or
EIV-IGP model, would produce a probabilistic estimate of acceleration (or deceleration) over time. Hence, the non-parametric nature
of the ET-GP and EIV-IGP leads to more ﬂexible inference about the
evolution of RSL.
5.2. Characterizing spatial and temporal variability in RSL change
from proxy data (Holocene to present)
Attempting to answer scientiﬁc questions about the regionalscale patterns of RSL associated with different driving physical
processes requires combining information from various sources
and locations in a spatio-temporal model. We apply the EST-GP to
proxy data to illustrate the only model in the literature that accommodates both temporal uncertainties and spatial correlations.
We compiled data from previously published studies (Engelhart
and Horton, 2012; Kemp et al., 2013, 2014; 2015a, 2017a; 2017a; b;
Khan et al., 2017) along the Atlantic coast of the United States and
the circum-Caribbean (latitudes 24.95  44.68  N, longitudes
67.38  81.73 W) from 11 ka to present (Supplemental S4). We
employ 450 SLIPs spanning from 8 ka to present from Engelhart and
Horton (2012), 66 SLIPs from 11 ka to present from Khan et al.
(2017), and 498 continuous core data points and 28 SLIPs from 3
ka to present from Kemp et al. (2013, 2014, 2015a, 2017a, 2017a,b).
We applied the EST-GP model to the whole spatio-temporal
dataset, and also applied the ET-GP model on a site-by-site basis.
The models implemented are described in Section S3.2. Other
modeling and analysis choices reviewed within this manuscript
(e.g., KS or EOF) have not been implemented in the literature with
proxy data, and therefore are not included in this illustrative
analysis.
Whereas the ET-GP model only predicts RSL and rates of RSL
change at sites with data (because the model is temporal only
and runs independently for each site), the EST-GP model can
make predictions at any point in space and time. Fig. 5a shows
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Fig. 5. Spatio-temporal Holocene model (EST-GP) results, including maps of mean estimated RSL (a), rate of RSL change (b), and standard deviation of RSL (c), averaged over
4000-year periods. (d) Stars on the map show the locations of two sites with estimated RSL curves (e,f). Comparison of predicted RSL and its rates of change are shown with
95% credible intervals at North Carolina for the EST-GP (includes spatial correlations) and ET-GP models (e). The EST-GP makes predictions at a site, Inner Delaware, where no
data were used as input; data are shown for comparison purposes only (f). (g) Two models demonstrate the difference in uncertainties when the model is close to data (Outer
Delaware, orange) versus far from data (Merritt Island, blue). (For interpretation of the references to colour in this ﬁgure legend, the reader is referred to the Web version of
this article.)

the temporal evolution of RSL estimated by the EST-GP along the
Atlantic coast of the U.S. and the geographic distribution of the
data used in the model over time. Fig. 5b and c show the temporal evolution of the rate of RSL change and uncertainties
(standard deviation of the posterior RSL estimate), respectively.
Fig. 5d shows the locations of the sites used in the comparison
between the spatio-temporal and temporal-only models (North
Carolina; Fig. 5e) and the site used for model validation (Inner
Delaware; Fig. 5f). Data from the Inner Delaware validation site
were not incorporated into the analysis. Although the EST-GP
prediction at Inner Delaware is based solely on correlations in
RSL with other sites, the predictions fall very close to the omitted
data (shown by red boxes in Fig. 5f). At this site, only 2 out of 28
data points (7%) fall outside of the 95% credible interval model
prediction of RSL. Generally, both ET-GP and EST-GP models are
excessively conservative, covering more than 95% of the data that
are used as input to the models within their 95% credible
intervals.
One notable difference between the ET-GP and the EST-GP is
the spatial correlation within the EST-GP model. The form of the
RSL curve in North Carolina (Fig. 5e) is inﬂuenced by this correlation. Whereas the ET-GP model produces higher RSL at 11 ka
than 10 ka, the EST-GP uses information from the correlation

with other sites to predict increasing RSL throughout the Holocene. The EST-GP also maintains fairly constant uncertainties
throughout the period of interest, whereas the ET-GP has less
precision when data are sparse, due to the assumption of independence between sites. However, at times and locations farther
away from the data, the uncertainty increases in the EST-GP
model, as well (Fig. 5c). Predicted uncertainty in RSL is greater
at sites that are far from data (e.g., Merritt Island, FL; Fig. 5g) and
in the early-to mid-Holocene (e.g., Fig. 5c), whereas uncertainties
decrease by up to 80% at times and locations with precise data
(e.g., Outer Delaware; Fig. 5g).
In these speciﬁc implementations, another notable difference
is the process level model of the EST-GP, which has three distinct
terms capturing common, regional, and local signals; the regional
term for each site incorporates information primarily from other
sites within about 700e750 km, based on the optimized length
scale parameter for that term, while the local term incorporates
information primarily from only 10e12 km distance. These terms
can be separated and analyzed (Fig. 6), resulting in maps of the
spatio-temporal signal for each term (Fig. 6a) and plots of each
term for speciﬁc sites. The common signal (which is uniform over
the entire domain) absorbs a majority of the signal (Fig. 6b),
whereas the regional and local signals explain the variation
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Fig. 6. (a) Maps of the regional RSL signal, averaged over 4000-year periods, where the size of the white dots are proportional to the number of data points at each location, (b) the
regional and local signals for three sites along the Atlantic Coast, (c) the common signal, which applies to the entire area of study as well as the regional and local signals at the same
sites in b, plotted concurrently for comparison (note: these signals are not plotted on the same scale).

between sites. The higher RSL heights along the southern coast in
the early- and mid-Holocene (12ka to 4ka) are evident in the
maps (Fig. 5) and in the regional curve for South Carolina
(Fig. 6b), which is shown to demonstrate distinctive patterns in
regional signals in comparison to Eastern Maine and New Jersey.
The Eastern Maine site has a lower regional signal, and slight
differences in these sites are represented in the local signal
(Fig. 6b). The regional term picks up differences among sites
associated with GIA, a dominant regional process; however, the
common signal absorbs a signiﬁcant portion of the GIA signal,
because of the similarity over the sites in the study area.
Including a physical model at the process level may provide more
insight into the relative contributions of other physical processes
acting over different spatial scales.
5.3. Estimating spatio-temporal RSL and GMSL from instrumental
data (1900 to present)
Attempting to answer scientiﬁc questions about GMSL change in
the recent past requires instrumental records. During the instrumental period, data include satellite altimetry measurements and
tide gauges. These data are inherently different from proxy data, as
they have negligible temporal uncertainty and smaller vertical

uncertainties, and thus allow different methods. Estimating GMSL
through time and interpolating the spatio-temporal ﬁeld of RSL
change from instrumental records in the past are challenges wellsuited to KS and GP model techniques. Both techniques are
implemented here using multiple tide-gauge records obtained
from the Permanent Service for Mean Sea Level (PSMSL, 2017;
Holgate et al., 2013), with results shown at two sites: Atlantic City,
New Jersey, (39.4 N, 74.4 W) and Wilmington, North Carolina
(34.2 N, 78.0 W) (Fig. 7). The models implemented are described in
Section S3.3.
Both techniques can compute posterior estimates of GMSL
(Fig. 7) as well as reconstruct the spatio-temporal sea-level
ﬁeld, conditioned on observed data, but their implementations
are very different. The KS approach (Section 4.5; described in
more detail in Supplemental S2.2) steps through a forward
ﬁltering pass and a backward smoother pass for each time step,
enabling computation of the covariance for a smaller subset of
points and thus faster solution times ( 45 seconds for a single
KS run at the tide-gauge sites only, and  4 hours for the entire
multi-model (see Supplemental S2.2 for details of this model)
implementation globally). Conversely, the EST-GP conditions on
all observations concurrently. In Hay et al. (2015), both KS and
GP implementations use output from physical process models.
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Fig. 7. Comparison of KS and EST-GP predictions at two sites (a) based on annually-averaged tide gauges, which are shown in red. Both models include a spatial component
and produce maps of RSL rates of change, for the KS (b) and EST-GP (c). (d) GMSL time series obtained using the KS applied to subsets of tide gauges from previous studies,
with 1s uncertainties (Hay et al., 2017). (For interpretation of the references to colour in this ﬁgure legend, the reader is referred to the Web version of this article.)

However, in the current implementation, the EST-GP model has
no physical-model input and is purely statistical, based solely
on the data. See Hay et al. (2015) for a more complete treatment
of these two analysis approaches.
We compare estimated RSL and uncertainty for the models at
two sites in Fig. 7a and the estimated rates of change in RSL and
their uncertainties (standard deviations) in Fig. 7b. The spatial ﬁeld
computed by Hay et al. (2017) is less reﬁned because of their
modeling choice to compute the global ﬁeld on a standard 5 grid. A
higher-resolution ﬁeld can be computed with the KS; however, this
will be accompanied by longer model run time. Embedded in the KS
spatial maps are dynamic sea level ﬁelds from several global
climate models. When less data are available, for example earlier in
time when the tide gauges are sparser, the KS predicts a much
rougher sea-level time series for each location, despite the fact that

there are tide gauges at these particular sites, whereas the EST-GP
has larger uncertainties when there are no tide gauges as input at a
speciﬁc site (Fig. 7a).
Because of the differences in implementation of the KS and
EST-GP, there are some drawbacks and advantages to each. The
inversion of the full covariance matrix (over all space and time
points for data and predictions), which is required for the ESTGP, makes the resolution of annual tide-gauge data difﬁcult to
handle when attempting to model these data on a global scale.
As a solution, lower-resolution (e.g., decadal) averages can be
used as input (Hay et al., 2015). Conversely, the KS becomes
unstable during the backward smoothing pass when persistent
data gaps are present in the records. The KS therefore requires a
subset of tide gauges which ensures observation availability
over time.
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The KS model has also been tested on various subsets of tide
gauges (Church and White, 2011; Holgate, 2007; Ray and Douglas,
2011), which can slightly inﬂuence the results (Fig. 7d, Hay et al.,
2017). However, the results with a single analysis technique are
more similar than when the data and analyses are both different.
When the research question relates to estimating GMSL, fully
Bayesian methods may be too computationally intensive for the
datasets; however, ad hoc (Section 4.2) choices may lead to
different conclusions than the KS or GP techniques, especially when
analyzing different sets of instrumental data.
6. Discussion and conclusions
Hierarchical statistical modeling frameworks are conceptual
tools that provide a transparent approach for separating modeling
choices at the data and process level from analysis choices.
Appropriate modeling and analysis choices in sea-level research
depend on the type of data and the scientiﬁc question(s) being
addressed. We suggest that non-parametric approaches are
generally best suited for analyzing RSL and rates of RSL change.
One goal in sea-level research is identifying changes in rates of
RSL and GMSL change (e.g., Church and White, 2006; Jevrejeva
et al., 2008; Kopp, 2013). We recommend temporal GP and IGP
models, using fully Bayesian or empirical Bayesian analyses when
the dataset includes instrumental or proxy data from a single site.
These types of models enable probabilistic inference about accelerations and rates of change, and within a speciﬁc study, one can
test hypotheses about the timing and magnitude of changes in
rates.
Identifying the physical processes that explain patterns of
spatial variability in RSL is a further objective of the sea-level
community. Spatio-temporal approaches are required to
address this problem. To date, spatio-temporal models of proxy
data have generally used covariance functions that represent
different scales of variability but do not tie these scales of variability to speciﬁc physical processes. Such models are useful for
addressing this objective, but require post-inference comparison
to physics-based models to interpret their results in terms of
physical drivers. An alternative approach, yet to be demonstrated
with proxy data, is to employ models with GP priors that
incorporate different processes through physics-based models
(as in Hay et al., 2015). This approach could be powerful for
certain processes (e.g., GIA or the elastic spatial ﬁngerprints of
ice-sheet mass changes) but in other cases (e.g., dynamic sea
level change over multiple millennia) adequate physics-based
models are lacking, so purely statistical process-level terms will
remain necessary. For constraining global sea-level change during the instrumental period, state-space analysis approaches,
such as the KS, can manage large data sets more efﬁciently than
empirical or Bayesian approaches that require simultaneously
estimating all space-time points.
Improving estimates of GIA is a related goal to explaining
spatial variability because it is the dominant driver of spatial
variability in RSL change over mid-to-late Holocene timescales
(Peltier et al., 2015). Traditionally, this is done through an iterative, manual process, where data from speciﬁc sites are
compared to different versions of physical GIA models. However,
alternative approaches include using a suite or probabilistic
ensemble of GIA models (e.g., Hay et al., 2015; Düsterhus et al.,
2016a,b) or using a single GIA model as a mean prior estimate
and ﬁtting the mismatch with a Gaussian process (e.g., Kopp
et al., 2016; Vacchi et al., 2018). Both approaches can permit
further constraints on the role of spatially-variable GIA, while
appropriately characterizing uncertainties, although the former
approach requires that the truth be represented in the
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probabilistic ensemble or suite of models.
An important area of development for statistical sea-level
models is more comprehensive and accurate use of data. Most
proxies do not conform to normal distributions, so techniques for
incorporating non-Gaussian likelihoods, such as integrating
proxy systems models into spatio-temporal models, have the
potential to make use of proxies that have been too approximately interpreted. A general approach has been developed by
Parnell et al. (2015), which readily applies to RSL. Although they
are usually carried out prior to process modeling, integrating
proxy systems models into full statistical models (e.g., Cahill
et al., 2016) is a key goal for the next generation of palaeo-RSL
models. Data compilation efforts (e.g., Düsterhus et al., 2016a,b)
aim to standardize and synthesize RSL data, which will enhance
the comparability and accessibility of information to improve
both physical models and statistical reconstructions. The accuracy and consistency of all statistical models will be enhanced
when databases are standardized.
A key methodological challenge is scaling spatio-temporal
hierarchical modeling approaches for paleo-sea level data to
large, yet still temporally noisy, datasets. Unlike Gaussian process
models, whose computational complexity grows in proportion
with the cube of the number of data points, the computational
complexity of a Kalman smoother grows linearly. For example,
conducting the EST-GP analysis on 5000 proxy data points with
temporal uncertainty (on a standard laptop) would lead to a
computational time for a single model iteration of about 35 days;
the fully Bayesian EIV-IGP analysis on the same dataset and same
computational platform would – without improvements in
computational efﬁciency – take about 1,300 years. Adapting the
Kalman smoother for temporally noisy data may provide an
approach to overcoming these scaling problems and thus allow
the simultaneous analysis of much larger proxy datasets. Recent
work in the machine-learning literature exploring the translation
between Gaussian process models and linear-Gaussian state
€rkk€
space models (e.g., Hartikainen and Sa
a, 2010) may prove
useful here. There are also several approximation and estimation
techniques in the GP and machine-learning literature that have
not yet been applied in a sea-level context, such as variational
inference (Blei et al., 2017), which could speed up analyses and
improve resolution with large datasets.
Model validation and criticism are additional areas in statistical sea-level research that can be greatly improved with standardization of both data compilation and the tools used to
evaluate models. Statistical methods should be validated using
cross-validation techniques, bootstrapping, or simulations to
precisely determine whether a model achieves what it is
designed to. Having a standard set of tools to evaluate the
replicability and interrogation of structural assumptions is a clear
area for growth in the sea-level community to improve the
reproducibility of statistical analysis.
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Glossary
Table 3
Deﬁnitions of relevant terms.
Term

Meaning

ad hoc

analysis methods constructed without an underlying statistical theory

analysis choices

decisions in how to implement a speciﬁc model structure (e.g., least-squares, likelihood maximization, empirical Bayesian
analysis, fully Bayesian analysis (MCMC), Kalman Smoother, ad hoc, EIV, NIGP)

Bayesian Hierarchical Model (BHM)

uses fully Bayesian analysis, which approximates complicated distributions through sampling, usually using MCMC sampling

conditional probability

the distribution of a random quantity, given a particular value of another (unknown) random quantity; expresses uncertainty in
hierarchical models

conjugate prior

prior distribution that comes from the same family of distributions as the likelihood distribution, so as to enable an analyticallytractable solution for the posterior

continuous core

near-continuous records from a single core of salt-marsh sediment or a single coral head

covariance function

function deﬁning prior beliefs about the relationship between one or more variables in a Gaussian process, as a measure of how
much they change together

data level

hierarchical level that characterizes the relationship between the phenomenon to be modeled and the observed data
(instrumental and/or proxy) and incorporates measurement, inferential, and dating uncertainty

Empirical Hierarchical Model (EHM)

uses empirical Bayesian analysis, which estimates parameters with point estimates, usually by maximizing their likelihoods, as
opposed to a BHM, which samples the prior distributions on parameters

errors-in-variable (EIV)

framework that accounts for the measurement uncertainty in the independent variables by assuming that uncertainties in both
variables are independent of one another

errors-in-variables integrated Gaussian
process (EIV-IGP)

model implemented on time series data, modeling the rate of RSL change, deriving the RSL curve from the rate curve;
incorporates uncertainty in the independent (time) variable and the dependent variable through EIV framework

empirical orthogonal function (EOF)

regression technique used to ﬁnd the dominant spatial patterns in a dataset; when analyzing sea level, used to ﬁnd the dominant
patterns in sea surface height (SSH) from satellite altimetry measurements and apply to tide gauges in order to estimate GMSL
change

error

the difference between a measurement and the true value, for a particular data point; one can model the error as a random draw
from an uncertainty distribution

empirical spatio-temporal Gaussian
process (EST-GP)

model with Gaussian process priors, which incorporates spatial and temporal covariance functions to produce the ﬁelds of RSL
and rate of RSL change as maps; solved using an empirical methodology that maximizes the likelihood of the model conditional
upon the parameters of the prior

empirical temporal Gaussian process (ET- model using Gaussian process priors, which is independent in space (no spatial component) and solved using an empirical
GP)
methodology that maximizes the likelihood of the model conditional upon the parameters of the prior
Gaussian process (GP)

a generalization of the multi-variate Gaussian distribution to continuous time (and space), which is fully deﬁned by its mean
function and covariance function; GP regression provides an analytically-tractable solution when adopting the assumption of
normality for all distributions

hyperparameter

parameter of a prior distribution

hyperprior

prior distribution on a hyperparameter

inferential uncertainty

the quantiﬁed dispersion that arises from the data-generation process from true RSL to the creation of a RSL proxy

Kalman Smoother (KS)

iterative method that comprises a forward ﬁltering pass and a backward smoother pass; used in a multi-model implementation
to compute posterior estimates of GMSL and spatio-temporal RSL ﬁelds, conditioning prior estimates from physical models of
several processes on observations

latent

unobserved or hidden (e.g., the true values of RSL)

likelihood

the probability of observing the data as described by the ﬁtted model; also known as the sampling or data distribution; a
conditional distribution that is a function of unknown parameters for observed data and incorporates the form of uncertainty in
the data (e.g., measurement and/or inferential)

marginal distribution

unconditional probability distribution of a random quantity, found by integrating over all values of the conditional distribution
in Bayesian analyses

Markov Chain Monte Carlo (MCMC)

techniques used to generate random variables, perform complicated calculations, and simulate complicated distributions
through sampling in Bayesian hierarchical models (common algorithms include Gibbs sampling, Metropolis-Hastings,
Metropolis within Gibbs, importance sampling)

modeling choices

decisions that deﬁne the relationships in a model, usually at the process level; in sea-level analysis, the relationship between
time, space and RSL (e.g., linear, polynomial, change-point, GP (integrated), incorporation of physical models)

noisy-input Gaussian process (NIGP)

a method for incorporating uncertainty in the independent variable within a Gaussian process model; using a Taylor expansion
about each input point to recast input noise as output noise proportional to the squared gradient of the GP posterior mean
(McHutchon and Rasmussen, 2011); in sea-level analysis, geochronological uncertainty is recast as proportional uncertainty in
RSL

noise

error; statistical noise refers to unexplained variation or randomness

noisy data

error-prone data that have been corrupted by known or unknown processes

non-parametric

not involving any assumptions as to the functional form
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Table 3 (continued )
Term

Meaning

posterior distribution

the probability distribution of an unknown quantity, conditional on observed data; in sea-level analysis, estimates (for example)
the true RSL time series or ﬁeld of RSL with uncertainties, given proxy or instrumental data

prior distribution

the information about an uncertain parameter or process that is combined with the probability distribution of new data to yield
the posterior distribution; can be subjective, based on a priori beliefs, or uninformative, which minimizes the impact on
inference

process level

hierarchical level at which the phenomenon of interest is modeled and in some cases, decomposed; includes process variability

residuals

the difference between an observed and a modeled or predicted value

sea-level index point (SLIP)

discrete proxy data that constrain RSL at a single point in time and space

uncertainty

parameter characterizing the range of values within which a measured value can be said to lie with a speciﬁed probability

white noise

serially uncorrelated random variation (zero mean and ﬁnite variance)

Appendix A. Supplementary information
Code for select models herein can be found at https://doi.org/
10.5281/zenodo.1643438. Supplementary information to this
article can be found online at https://doi.org/10.1016/j.quascirev.
2018.10.032.
References
Abdul, N.A., Mortlock, R.A., Wright, J.D., Fairbanks, R.G., 2016. Younger Dryas sea
level and meltwater pulse 1B recorded in Barbados reef crest coral Acropora
palmata.
Paleoceanography
31,
330e344.
https://doi.org/10.1002/
2015PA002847.
Aitken, A.C., 1934. On least-squares and linear combinations of observations. In:
Proceedings of the Royal Society of Edinburgh, 55, pp. 43e48.
Blei, D.M., Kucukelbir, A., McAuliffe, J.D., 2017. Variational inference: a review for
statisticians. J. Am. Stat. Assoc. 112, 859e877.
Bloom, A.L., 1964. Peat accumulation and compaction in a Connecticut coastal
marsh. J. Sediment. Res. 34, 599e603.
Borges, J.L., 1954. On Exactitude in Science.
Brain, M.J., Kemp, A.C., Horton, B.P., Culver, S.J., Parnell, A.C., Cahill, N., 2015.
Quantifying the contribution of sediment compaction to late Holocene saltmarsh sea-level reconstructions, North Carolina, USA. Quat. Res. 83, 41e51.
Cahill, N., 2018. IGP (Version 1.0) [Computer Software] Retrieved. http://github.
com/ncahill89/IGP. (Accessed 25 February 2018).
Cahill, N., Kemp, A.C., Horton, B.P., Parnell, A.C., 2016. A Bayesian hierarchical model
for reconstructing relative sea level: from raw data to rates of change. Clim. Past
12, 525e542. https://doi.org/10.5194/cp-12-525-2016.
Cahill, N., Kemp, A.C., Horton, B.P., Parnell, A.C., et al., 2015a. Modeling sea-level
change using errors-in-variables integrated Gaussian processes. Ann. Appl.
Stat. 9, 547e571.
Cahill, N., Rahmstorf, S., Parnell, A.C., 2015b. Change points of global temperature.
Environ. Res. Lett. 10, 084002.
Calafat, F.M., Chambers, D.P., Tsimplis, M.N., 2014. On the ability of global sea level
reconstructions to determine trends and variability. J. Geophys. Res.: Oceans
119, 1572e1592.
Church, J.A., Monselesan, D., Gregory, J.M., Marzeion, B., 2013. Evaluating the ability
of process based models to project sea-level change. Environ. Res. Lett. 8,
014051. https://doi.org/10.1088/1748-9326/8/1/014051.
Church, J.A., White, N.J., 2004. Estimates of the regional distribution of sea level rise
over the 1950-2000 period. J. Clim. 17, 2609e2625.
Church, J.A., White, N.J., 2006. A 20th century acceleration in global sea-level rise.
Geophys. Res. Lett. 33 https://doi.org/10.1029/2005GL024826.
Church, J.A., White, N.J., 2011. sea-level rise from the late 19th to the early 21st
century. Surv. Geophys. 32, 585e602. https://doi.org/10.1007/s10712-011-91191.
Cressie, N., Wikle, C.K., 2015. Statistics for Spatio-temporal Data. John Wiley & Sons,
Ltd Sons.
€ ppelmann, G., Conrad, C.P., Frederikse, T., Riva, R.,
Dangendorf, S., Marcos, M., Wo
2017. Reassessment of 20th century global mean sea level rise. Proc. Natl. Acad.
Sci. Unit. States Am. 114, 5946e5951.
Domingues, C.M., Church, J.A., White, N.J., Gleckler, P.J., Wijffels, S.E., Barker, P.M.,
Dunn, J.R., 2008. Improved estimates of upper-ocean warming and multidecadal sea-level rise. Nature 453. https://doi.org/10.1038/nature07080.
Douglas, B.C., 1991. global sea-level rise. J. Geophys. Res. Oceans 96, 6981e6992.
https://doi.org/10.1029/91jc00064.
Douglas, B.C., 1997. Global sea rise: a redetermination. Surv. Geophys. 18, 279e292.
https://doi.org/10.1023/A:1006544227856.
-Robitaille, J.F., Vincent, L.A., Boulet, G., 2003. Comparison of techniques for
Ducre
detection of discontinuities in temperature series. Int. J. Climatol. 23,
1087e1101. https://doi.org/10.1002/joc.924.

Düsterhus, A., Rovere, A., Carlson, A.E., Horton, B.P., Klemann, V., Tarasov, L.,
Barlow, N.L.M., Bradwell, T., Clark, J., Dutton, A., Gehrels, W.R., Hibbert, F.D.,
€rnqvist, T.E., 2016a. Palaeo-seaHijma, M.P., Khan, N., Kopp, R.E., Sivan, D., To
level and palaeo-ice-sheet databases: problems, strategies, and perspectives.
Clim. Past 12, 911e921. https://doi.org/10.5194/cp-12-911-2016.
Düsterhus, A., Tamisiea, M.E., Jevrejeva, S., 2016b. Estimating the sea level highstand
during the last interglacial: a probabilistic massive ensemble approach. Geophys. J. Int. 206, 900e920.
Dutton, A., Carlson, A.E., Long, A.J., Milne, G.A., Clark, P.U., DeConto, R., Horton, B.P.,
Rahmstorf, S., Raymo, M.E., 2015. Sea-level rise due to polar ice-sheet mass loss
during
past
warm
periods.
Science
349.
https://doi.org/10.1126/
science.aaa4019.
Engelhart, S., Peltier, W., Horton, B., 2011. Holocene relative sea-level changes and
glacial isostatic adjustment of the U.S. Atlantic coast. Geology 39, 751e754.
https://doi.org/10.1130/g31857.1.
Engelhart, S.E., Horton, B.P., 2012. Holocene sea level database for the Atlantic coast
of the United States. Quat. Sci. Rev. 54, 12e25. https://doi.org/10.1016/
j.quascirev.2011.09.013.
€rnqvist, T.E., 2009. Spatial
Engelhart, S.E., Horton, B.P., Douglas, B.C., Peltier, W.R., To
variability of late Holocene and 20th century sea-level rise along the Atlantic
coast of the United States. Geology 37, 1115e1118.
Engelhart, S.E., Vacchi, M., Horton, B.P., Nelson, A.R., Kopp, R.E., 2015. A sea-level
database for the Paciﬁc coast of central North America. Quat. Sci. Rev. 113,
78e92. https://doi.org/10.1016/j.quascirev.2014.12.001.
Fritts, H., 1991. Reconstructing Large-scale Climatic Patterns from Tree-ring Data.
The University of Arizona Press, Tucson.
Gehrels, W.R., Belknap, D.F., Black, S., Newnham, R.M., 2002. Rapid sea-level rise in
the Gulf of Maine, USA, since AD 1800. Holocene 12, 383e389.
Gehrels, W.R., Woodworth, P.L., 2013. When did modern rates of sea-level rise start?
Global
Planet.
Change
100,
263e277.
https://doi.org/10.1016/
j.gloplacha.2012.10.020.
Gelb, A., Kasper, J., Nash, R., Price, C.F., Sutherland, A., 1974. Applied Optimal
Interpolation. M.I.T. Press, Cambridge.
Gelman, A., Brooks, S., Jones, G.L. (Eds.), 2011. Handbook of Markov Chain Monte
Carlo. Chapman &Hall/CRC Press.
Gelman, A., Carlin, J.B., Stern, H.S., Dunson, D.B., Vehtari, A., Rubin, D.B., 2013.
Bayesian Data Analysis, third ed. Chapman & Hall/CRC Press, London.
Gharineiat, Z., Deng, X., 2015. Application of the multi-adaptive regression splines
to integrate sea level data from altimetry and tide gauges for monitoring
extreme sea level events. Mar. Geodes. 38.
Goldberger, A.S., 1962. Best linear unbiased prediction in the generalized linear
regression model. J. Am. Stat. Assoc. 57, 369e375.
Golub, G., 1973. Some modiﬁed matrix eigenvalue problems. SIAM Rev. 15, 318e344.
Golub, G., Hansen, J., O'Leary, D., 1999. Tikhonov regularization and total least
squares. SIAM J. Matrix Anal. Appl. 21, 185e194.
Gornitz, V., Lebedeff, S., Hansen, J., 1982. global sea level trend in the past century.
Science 215, 1611e1614.
Grewal, M.S., Andrews, A.P., 2001. Kalman Filtering: Theory and Practice Using
MATLAB, second ed. John Wiley & Sons, Inc.
€rkka
€, S., 2010. Kalman ﬁltering and smoothing solutions to temHartikainen, J., Sa
poral Gaussian process regression models. In: IEEE International Workshop on
Machine Learning for Signal Processing (MLSP).
Hastings, W., 1970. Monte Carlo sampling methods using Markov chains and their
application. Biometrics 57, 97e190.
Hay, C.C., Morrow, E., Kopp, R.E., Mitrovica, J.X., 2013. Estimating the sources of
global sea level rise with data assimilation techniques. Proc. Natl. Acad. Sci.
U.S.A. 110, 3692e3699.
Hay, C.C., Morrow, E., Kopp, R.E., Mitrovica, J.X., 2015. Probabilistic reanalysis of
twentieth-century sea-level rise. Nature 517, 481e484.
Hay, C.C., Morrow, E., Kopp, R.E., Mitrovica, J.X., 2017. On the robustness of Bayesian
ﬁngerprinting estimates of global sea-level change. J. Clim. 30, 3025e3038.
Hibbert, F.D., Rohling, E.J., Dutton, A., Williams, F.H., Chutcharavan, P.M., Zhao, C.,
Tamisiea, M.E., 2016. Coral indicators of past sea-level change: a global

76

E.L. Ashe et al. / Quaternary Science Reviews 204 (2019) 58e77

repository of U-series dated benchmarks. Quat. Sci. Rev. 145, 1e56. https://
doi.org/10.1016/j.quascirev.2016.04.019.
€rnqvist, T.E., Horton, B.P., Hu, P., Hill, D.F., 2015.
Hijma, M., Engelhart, S.E., To
Handbook of Sea-level Research. John Wiley & Sons, Ltd., p. 34. https://doi.org/
10.1002/9781118452547.ch34 chapter A protocol for a geological sea-level
database.
Holgate, S.J., 2007. On the decadal rates of sea level change during the twentieth
century. Geophys. Res. Lett. 34 https://doi.org/10.1029/2006GL028492.
Holgate, S.J., Matthews, A., Woodworth, P.L., Rickards, L.J., Tamisiea, M.E.,
Bradshaw, E., Foden, P.R., Gordon, K.M., Jevrejeva, S., Pugh, J., 2013. New data
systems and products at the permanent Service for mean sea level. J. Coast Res.
29, 493e504.
 , B., Lee, H.K.H., Heitmann, K., Habib, S., Higdon, D., Alam, U.,
Holsclaw, T., Sanso
2013. Gaussian process modeling of derivative curves. Technometrics 55, 57e67.
https://doi.org/10.1080/00401706.2012.723918.
Jevrejeva, S., Grinsted, A., Moore, J.C., 2009. Anthropogenic forcing dominates sea
level rise since 1850. Geophys. Res. Lett. 36 https://doi.org/10.1029/
2009GL040216.
Jevrejeva, S., Grinsted, A., Moore, J.C., Holgate, S.J., 2006. Nonlinear trends and
multiyear cycles in sea level records. J. Geophys. Res. Oceans 111.
Jevrejeva, S., Jackson, L.P., Riva, R.E.M., Grinsted, A., Moore, J.C., 2016. Coastal sea
level rise with warming above 2〫C. Proc. Natl. Acad. Sci. Unit. States Am. 113,
13342e13347.
Jevrejeva, S., Moore, J.C., Grinsted, A., Woodworth, P.L., 2008. Recent global sea level
acceleration started over 200 years ago? Geophys. Res. Lett. 35 https://doi.org/
10.1029/2008GL033611.
Juodis, A., 2018. First difference transformation in panel var models: robustness,
estimation, and inference. Econom. Rev. 37, 650e693. https://doi.org/10.1080/
07474938.2016.1139559.
Kalman, R., 1960. A new approach to linear ﬁltering and prediction problems. In:
Transactions of the ASME - Journal of Basic Engineering, 82, pp. 35e45.
Kemp, A., Hawkes, A., Donnelly, J., Vane, C.H., Horton, B.P., Hill, T., Anisfeld, S.,
Parnell, A., Cahill, N., 2015a. Relative sea-level change in Connecticut (USA)
during the last 2200 years. Earth Planet Sci. Lett. 428, 217e229.
Kemp, A.C., Bernhardt, C.E., Horton, B.P., Kopp, R.E., Vane, C.H., Peltier, W.R.,
Hawkes, A.D., Donnelly, J.P., Parnell, A.C., Cahill, N., 2014. Late Holocene sea-and
land-level change on the US southeastern Atlantic coast. Mar. Geol. 357,
90e100.
Kemp, A.C., Dutton, A., Raymo, M.E., 2015b. Paleo constraints on future sea-level
rise. In: Current Climate Change Reports, pp. 205e215.
Kemp, A.C., Hill, T.D., Vane, C.H., Cahill, N., Orton, P., Talke, S.A., Parnell, A.,
Sanborn, K., Hartig, E.K., 2017a. Relative sea-level trends in New York City
during the past 1500 years. Holocene 27, 1169e1186.
Kemp, A.C., Horton, B., Donnelly, J.P., Mann, M.E., Vermeer, M., Rahmstorf, S., 2011.
Climate related sea-level variations over the past two millennia. Proc. Natl.
Acad. Sci. Unit. States Am. 108, 11017e11022.
Kemp, A.C., Horton, B.P., Vane, C.H., Corbett, D.R., Bernhardt, C., Engelhart, S.E.,
Anisfeld, S.C., Parnell, A.C., Cahill, N., 2013. Sea-level change during the last
2500 years in New Jersey, USA. Quat. Sci. Rev. 81, 90e104.
Kemp, A.C., Kegel, J.J., Culver, S.J., Barber, D.C., Mallinson, D.J., Leorri, E.,
Bernhardt, C.E., Cahill, N., Riggs, S.R., Woodson, A.L., Mulligan, R.P., Horton, B.P.,
2017b. Extended late Holocene relative sea-level histories for North Carolina,
USA. Quat. Sci. Rev. 160, 13e30.
Kennedy, M.C., Anderson, C.W., Conti, S., O'Hagan, A., 2006. Case studies in Gaussian
process modelling of computer codes. Reliab. Eng. Syst. Saf. 91, 1301e1309.
https://doi.org/10.1016/j.ress.2005.11.028.
Khan, N.S., Ashe, E.L., Horton, B.P., Dutton, A., Kopp, R.E., Brocard, G., Engelhart, S.E.,
Hill, D.F., Peltier, W., Vane, C.H., Scatena, F.N., 2017. Drivers of Holocene sea-level
change in the caribbean. Quat. Sci. Rev. 155, 13e36.
Khan, N.S., Ashe, E.L., Shaw, T.A., Vacchi, M., Walker, J., Peltier, W., Kopp, R.E.,
Horton, B.P., 2015. Holocene relative sea-level changes from near-, intermediate-, and far-ﬁeld locations. In: Current Climate Change Reports, 1, pp. 247e262.
Kopp, R.E., 2013. Does the mid-Atlantic United States sea level acceleration hot spot
reﬂect ocean dynamic variability? Geophys. Res. Lett. 40, 3981e3985. https://
doi.org/10.1002/grl.50781.
Kopp, R.E., 2016. CESL-STEHM-GP (Version 1.0) [Computer Software] Retrieved.
http://github.com/bobkopp/CESL-STEHM-GP. (Accessed 25 February 2018).
Kopp, R.E., Hay, C.C., Little, C.M., Mitrovica, J.X., 2015a. Geographic variability of sealevel change. In: Current Climate Change Reports, 1, pp. 192e204.
Kopp, R.E., Horton, B.P., Kemp, A.C., Tebaldi, C., 2015b. Past and future sea-level rise
along the coast of North Carolina, United States. Climatic Change 132, 693e707.
Kopp, R.E., Kemp, A.C., Bittermann, K., Horton, B.P., Donnelly, J.P., Gehrels, W.R.,
Hay, C.C., Mitrovica, J.X., Morrow, E.D., Rahmstorf, S., 2016. Temperature-driven
global sea-level variability in the Common Era. Proc. Natl. Acad. Sci. Unit. States
Am. 113, E1434eE1441. https://doi.org/10.1073/pnas.1517056113.
Kopp, R.E., Simons, F.J., Mitrovica, J.X., Maloof, A.C., Oppenheimer, M., 2009. Probabilistic assessment of sea level during the last interglacial stage. Nature 462,
863e867.
Laplace, P.S., 1812. Memoire sur les formules qui sont fonctions de tres grands
nombres et sur leurs applications aux probabilites. Memoires de l'Academie des
sciences de Paris.
Legendre, A.M., 1805. On the Method of Least Squares.
Lighty, R.G., Macintyre, I.G., Stuckenrath, R., 1982. Acropora palmata reef framework: a reliable indicator of sea level in the western atlantic for the past 10,000
years. Coral Reefs 1, 125e130. https://doi.org/10.1007/BF00301694.

Long, A., Barlow, N., Gehrels, W., Saher, M., Woodworth, P., Scaife, R., Brain, M.,
Cahill, N., 2014. Contrasting records of sea-level change in the eastern and
western North Atlantic during the last 300 years. Earth Planet Sci. Lett. 388,
110e122.
Mann, M.E., Bradley, R.S., Hughes, M.K., 1998. Global-scale temperature patterns
and climate forcing over the past six centuries. Nature 392, 779e787.
McHutchon, A., Rasmussen, C.E., 2011. Gaussian process training with input noise.
In: Shawe-Taylor, J., Zemel, R.S., Bartlett, P.L., Pereira, F., Weinberger, K.Q. (Eds.),
Advances in Neural Information Processing Systems, vol. 24. Curran Associates,
Inc., pp. 1341e1349
Meltzner, A.J., Switzer, A.D., Horton, B.P., Ashe, E.L., Qiu, Q., Hill, D.F., Bradley, S.L.,
Kopp, R.E., Hill, E.M., Majewski, J.M., Natawidjaja, D.H., Suwargadi, B.W., 2017.
Half-metre sea-level ﬂuctuations on centennial timescales from mid-Holocene
corals of Southeast Asia. Nat. Commun. 8.
Miller, K.G., Kopp, R.E.E., Horton, B.P., Browning, J.V., Kemp, A.C., 2013. A geological
perspective on sea-level rise and its impacts along the U.S. mid-Atlantic coast.
In: Earth’s Future, 1, pp. 3e18.
Milne, G.A., Long, A.J., Bassett, S.E., 2005. Modelling Holocene relative sea-level
observations from the caribbean and South America. Quat. Sci. Rev. 24,
1183e1202. https://doi.org/10.1016/J.Quascirev.2004.10.005.
Mitrovica, J.X., Gomez, N., Morrow, E., Hay, C., Latychev, K., Tamisiea, M.E., 2011. On
the robustness of predictions of sea level ﬁngerprints. Geophys. J. Int. 187,
729e742. https://doi.org/10.1111/j.1365-246X.2011.05090.x.
Parnell, A., Haslett, J., Allen, J., Buck, C., Huntley, B., 2008. A ﬂexible approach to
assessing synchroneity of past events using Bayesian reconstructions of sedimentation history. Quat. Sci. Rev. 27, 1872e1885.
Parnell, A.C., 2005. The Statistical Analysis of Former Sea Level. Ph.D. thesis. University of Shefﬁeld.
Parnell, A.C., Doan, T.K., Salter-Townshend, M., Allen, J.R.M., Huntley, B., Haslett, J.,
2015. Bayesian inference for palaeoclimate with time uncertainty and stochastic
volatility. In: Journal of the Royal Statistical Society. Series C (Applied Statistics),
64.
Peltier, W.R., Argus, D.F., Drummond, R., 2015. Space geodesy constrains ice age
terminal deglaciation: the global ICE 6G C (VM5a) model. J. Geophys. Res.: Solid
Earth 120, 450e487.
Piecuch, C.G., Huybers, P., Tingley, M.P., 2017. Comparison of full and empirical Bayes
approaches for inferring sea-level changes from tide-gauge data. J. Geophys.
Res.: Oceans 122, 2243e2258.
Polach, H. (Ed.), 1976. Radiocarbon Dating as a Research Tool in Archaeology - Hopes
and Limitations, Symposium on Scientiﬁc Methods of Research in the Study of
Ancient Chinese Bronzes and South East Asian Metal and Other Archaeological
Artifacts. Australian National University.
PSMSL, 2017. Tide gauge data. http://www.psmsl.org/data/obtaining/.
Pugh, D., 1987. Tides, Surges and Mean Sea-level: a Handbook for Engineers and
Scientists. Wiley, Chicheter.
Rasmussen, C.E., Williams, C.K.I., 2006. Gaussian Processes for Machine Learning.
MIT Press.
Ray, R.D., Douglas, B.C., 2011. Experiments in reconstructing twentieth-century sea
levels.
Prog.
Oceanogr.
91,
496e515.
https://doi.org/10.1016/
j.pocean.2011.07.021.
Reimer, P., Bard, E., Bayliss, A., Beck, J., Blackwell, P., Ramsey, C., Buck, C., Cheng, H.,
Edwards, R., Friedrich, M., Grootes, P., Guilderson, T., Haﬂidason, H., Hajdas, I.,
, C., Heaton, T., Hoffmann, D., Hogg, A., Hughen, K., Kaiser, K., Kromer, B.,
Hatte
Manning, S., Niu, M., Reimer, R., Richards, D., Scott, E., Southon, J., Staff, R.,
Turney, C., van der Plicht, J., 2013. IntCal13 and Marine13 radiocarbon age
calibration curves 0e50,000 years yrs BP. Radiocarbon 55, 1869e1887.
Rougier, J., 2008. Efﬁcient emulators for multivariate deterministic functions.
J. Comput. Graph Stat. 17, 827e843. https://doi.org/10.1198/106186008X384032.
Shennan, I., 1989. Holocene crustal movements and sea-level changes in great
britain. J. Quat. Sci. 4, 77e89. https://doi.org/10.1002/jqs.3390040109.
Shennan, I., Horton, B., 2002. Holocene land-and sea-level changes in Great Britain.
J. Quat. Sci. 17, 511e526.
Shennan, I., Peltier, W.R., Drummond, R., Horton, B., 2002. Global to local scale
parameters determining relative sea-level changes and the post-glacial isostatic
adjustment of Great Britain. Quat. Sci. Rev. 21, 397e408.
Smith, D., Harrison, S., Firth, C., Jordan, J., 2011. The early Holocene sea level rise.
Quat. Sci. Rev. 30, 1846e1860.
Smith, T.M., Reynolds, R.W., Livezey, R.E., Stokes, D.C., 1996. Reconstruction of historical sea surface temperatures using empirical orthogonal functions. J. Clim. 9,
1403e1420.
Stuiver, M., Polach, H., 1977. Reporting of 14C data - discussion. Radiocarbon 19,
355e363.
Tamisiea, M.E., Mitrovica, J.X., 2011. The moving boundaries of sea level change:
understanding the origins of geographic variability. Oceanography 24, 24e39.
Tingley, M.P., Craigmile, P.F., Haran, M., Li, B., Mannshardt, E., Rajaratnam, B., 2012.
Piecing together the past: statistical insights into paleoclimatic reconstructions.
Quat. Sci. Rev. 35, 1e22.
Tingley, M.P., Huybers, P., 2010. A bayesian algorithm for reconstructing climate
anomalies in space and time. Part I: development and applications to paleoclimate reconstruction problems. J. Clim. 23, 2759e2781.
€rnqvist, T.E., Rosenheim, B.E., Hu, P., Fernandez, A.B., 2015. Handbook of Sea-level
To
Research. John Wiley & Sons, Ltd, pp. 347e360. https://doi.org/10.1002/
9781118452547 chapter Dating Methods: Radiocarbon dating and calibration.
€rnqvist, T.E., Wallace, D.J., Storms, J.E.A., Wallinga, J., van Dam, R.L., Blaauw, M.,
To
Derksen, M.S., Klerks, C.J.W., Meijneken, C., Snijders, E.M.A., 2008. Mississippi

E.L. Ashe et al. / Quaternary Science Reviews 204 (2019) 58e77
Delta subsidence primarily caused by compaction of Holocene strata. Nat.
Geosci. 1, 173e176.
Urban, N.M., Keller, K., 2010. Probabilistic hindcasts and projections of the coupled
climate, carbon cycle and atlantic meridional overturning circulation system: a
bayesian fusion of century-scale observations with a simple model. Tellus Dyn.
Meteorol.
Oceanogr.
62,
737e750.
https://doi.org/10.1111/j.16000870.2010.00471.x.
Vacchi, M., Engelhart, S.E., Nikitina, D., Ashe, E.L., Peltier, W.R., Roy, K., Kopp, R.E.,
Horton, B.P., 1992. Postglacial relative sea-level histories along the Northeastern
Canadian coastline. Quat. Sci. Rev.
Van Veen, J., 1945. Bestaat er een geologische bodemdaling te Amsterdam sedert
1700?. In: Tijdschrift Koninklijk Nederlandsch Aardrijkskundig Genootschap, 1.
Varekamp, J., Thomas, E., Van de Plassche, O., 1992. Relative sea-level rise and
climate change over the last 1500 years. Terra. Nova 4, 293e304.
Visser, H., Molenaar, J., 1988. Kalman ﬁlter analysis in dendroclimatology.

77

Biometrics 44, 929e940.
Wilks, S.S., 1938. The large-sample distribution of the likelihood ratio for testing
composite hypotheses. Ann. Math. Stat. 9, 60e62.
Woodroffe, S.A., Long, A.J., Punwong, P., Selby, K., Bryant, C.L., Marchant, R., 2015.
Radiocarbon dating of mangrove sediments to constrain Holocene relative sealevel change on Zanzibar in the southwest Indian Ocean. Holocene 25, 820e831.
https://doi.org/10.1177/0959683615571422.
Woodworth, P.L., 1999. High waters at Liverpool since 1768: the UK's longest sea
level record. Geophys. Res. Lett. 26, 1589e1592.
Wright, A.J., Edwards, R.J., van de Plassche, O., Blaauw, M., Parnell, A.C., van der
Borg, K., de Jong, A.F.M., Roe, H.M., Selby, K., Black, S., 2017. Reconstructing the
accumulation history of a saltmarsh sediment core: which age-depth model is
best? Quat. Geochronol. 39, 35e67.
Zong, Y., 2004. Mid-holocene sea-level highstand along the Southeast coast of
China. Quat. Int. 117, 55e67. https://doi.org/10.1016/S1040-6182(03)00116-2.

