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Abstract: We study the stability of estimated linear statistical relations of global mean temperature
and global mean sea level with regard to data revisions. Using four different model specifications
proposed in the literature, we compare coefficient estimates and long-term sea level projections using
two different vintages of each of the annual time series, covering the periods 1880-2001 and 1880-2013.
We find that temperature and sea level updates and revisions have a substantial influence both on
the magnitude of the estimated coefficients of influence (differences of up to 50%) and therefore on
long-term projections of sea level rise following the RCP4.5 and RCP6 scenarios (differences of up
to 40 cm by the year 2100). This shows that in order to replicate earlier results that informed the
scientific discussion and motivated policy recommendations, it is crucial to have access to and to
work with the data vintages used at the time.
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1. Introduction

Historical time series of annual global surface temperature and global sea level are subject to
frequent revisions. In this paper, we show that the statistical relation between the series estimated in
semi-empirical models is sensitive to these revisions, and long-term projections derived using these
coefficient estimates vary substantially across different “vintages” of data.

Global mean temperatures have increased since the industrial revolution as a consequence
of CO; and other greenhouse gas emissions mainly from combustion of fossil fuels, but also
from land use and deforestation. This increase is measured in global mean temperature
series that are compiled from a large set of station measurements with global coverage
(Hansen et al. 2010; Morice et al. 2012; Vose et al. 2012).

Global sea level has increased since the late nineteenth century and is expected to rise
further as a consequence of anthropogenic climate change with far-reaching ramifications and
economic consequences (Desmet et al. 2020). The rise is caused by thermal expansion of the ocean
(Zanna et al. 2019), by loss of mass of glaciers, by loss of mass from ice sheets (IPCC 2019), and by
land water storage change (Chao et al. 2008). To understand past changes and to give scenarios for
future changes, process-based modeling is applied, in which the different components of the climate
system—the atmosphere-ocean, land, and cryosphere are modeled (Church et al. 2013; IPCC 2019).
For a general discussion of global sea level change, see also (Gregory et al. 2013).

Semi-empirical models have been developing and applying to complement process-based
modeling (see, for example, Jackson et al. (2018) for an application. Semi-empirical models aim

Econometrics 2020, 8, 41; d0i:10.3390/econometrics8040041 www.mdpi.com/journal/econometrics


http://www.mdpi.com/journal/econometrics
http://www.mdpi.com
https://orcid.org/0000-0002-9285-8236
http://www.mdpi.com/2225-1146/8/4/41?type=check_update&version=1
http://dx.doi.org/10.3390/econometrics8040041
http://www.mdpi.com/journal/econometrics

Econometrics 2020, 8, 41 2 of 19

at establishing statistical relationships between time series of the global sea level and associated time
series of drivers, such as surface temperature. They are a pragmatic response to the current limitations
of process-based models to project future sea level rise (Grinsted et al. 2010).

This motivates the statistical study of the relationship between global sea level and surface
temperature. The global aggregated time series are subject to frequent revisions and improvements.
Neither global mean temperature nor global mean sea level are directly observable, and the
construction of indices to approximate these objects is therefore fraught with measurement error.
The revisions reflect efforts to reduce this measurement error.

For completeness, we note that with the emergence of proxy-based reconstructions of sea level
reaching back before the instrumental era, semi-empirical studies also have to be extended to cover a
longer time span of some millennia, e.g., (Kopp et al. 2016).

In this paper, we are interested in the question to what extent these data revisions have an
influence on the estimation of parameters in semi-empirical models. The econometric literature has
considered the problem of measurement errors in different contexts. For the treatment of measurement
errors in variables in regression models, see, for example, (Hendry 1995, chp. 12), in state-space models,
see Durbin and Koopman (2012), and in cointegration analysis, see Duffy and Hendry (2017).

Our approach in this paper is to repeat the analyses in Grassi et al. (2013); Rahmstorf (2007);
Schmith et al. (2012); Vermeer and Rahmstorf (2009), using different vintages of the time series for
temperature and sea level that were employed in these studies. This approach mimics the situation
of a researcher who tries to replicate the results of earlier studies with new vintages of the same
data sets. Bolin et al. (2015); Rahmstorf et al. (2012) are closely related studies. We show that the
estimated parameters that link temperature to changes in sea level, or the level itself in the case of
cointegration analyses, are quite sensitive to data revisions. The long-term sea level projections based
on scenario data for temperature also vary to a substantial extent in reaction to the changes in the
parameter estimates.

The rest of the paper is organized as follows. In Section 2, we discuss the data set used in this paper.
In Section 3, we estimate three models on the different configurations of old and new data and present
future sea level projections from the different models and data configurations. In Section 4, we discuss
the results and identify influential data points in the updates from the old to the new vintages that
drive changes in the parameter estimates. Section 5 concludes.

2. Data and Revisions

Global surface temperature change time series are compiled by several groups, among
them the NASA Goddard Institute for Space Studies (GISS), Hansen et al. (2010), the UK
Meteorological Office Hadley Centre joint with the University of East Anglia Climatic
Research Unit (HadCRUT), Morice et al. (2012),' and the NOAA National Climatic Data Center,
Vose et al. (2012).2  Global mean sea level time series are compiled by, for example,
Church and White (2011); Hay et al. (2015); Ray and Douglas (2011).

In this study, we use the GISS global surface temperature change data set described by
Hansen et al. (1981); Hansen and Lebedeff (1987); Hansen et al. (1999, 2001, 2010). The data are
available from NASA (2020). 3 All data used in this paper are annually averaged series. Since our focus
is on the influence of revisions, we consider different vintages of the global temperature time series,
that is, versions of the series downloaded from the GISS web site at different times. The first vintage is
the one used in Vermeer and Rahmstorf (2009) for the period 1880-2001, which we call oldzTOOl. It was
downloaded by the authors in July 2009. We compare this vintage to one, downloaded in October 2018,

https:/ /www.metoffice.gov.uk/hadobs /hadcrut4/
https:/ /www.ncdc.noaa.gov/

3 https://data.giss.nasa.gov/gistemp /history/output/loti_used.zip


https://www.metoffice.gov.uk/hadobs/hadcrut4/
https://www.ncdc.noaa.gov/
https://data.giss.nasa.gov/gistemp/history/output/loti _ used.zip

Econometrics 2020, 8, 41 30f 19

which covers the period 1880-2017. We denote this series new;ear, where “year” states the endpoint
of the sample period used in the statistical analysis. All temperature series are so-called temperature
anomalies, i.e., differences from a 1951-1980 mean value.

The inputs to the GISS data set are quality-controlled surface temperature measurements from
meteorological stations and ocean surface temperature measurements. Then, a gridding procedure
is applied to produce a 2 x 2 degree gridded data set, where each grid point value is influenced by
stations up to 1200 km away, allowing nearly global coverage. Finally, global or regional averages
can be produced from the gridded data set. Besides including updated observation records, the main
difference between the two vintages is an altered procedure for either omitting or adjusting urban
stations, to minimize spurious temperature changes due to urban effects.

For the sea level, we use the CSIRO sea level time series as described in Church and White (2006);
Church et al. (2004) for the years 1880-2001, which we call old%m. This is the first vintage. The second
vintage is the revision* described in Church and White (2011), which has been updated to 2013,
which we call newZl), ;. Finally we use this new series restricted to the same period as the old series,
1880-2001, which we call new%m. All sea level time series® are so-called anomalies, i.e., differences from
a 1989-1990 mean.

Sea level records reaching back 100 years or more are available from coastal tide gauge stations,
island based tide gauges begin to appear from the 1950’s onwards, and therefore, the open ocean
is unobserved over long periods. This implies challenges when estimating the global sea level and
its changes, see Holgate et al. (2013). The CSIRO data set is constructed as a combination of tide-gauge
data and satellite altimetry, which provides global coverage since 1992. Church and White (2011)
discuss some of the differences in the two vintages, among them a larger set of locations.
See Calafat et al. (2014) for an assessment of the methodology.

The left panel of Figure 1 shows the temperature time series of the 2001 vintage (0ld,,;) and of
the 2013 vintage restricted to 1880-2001 (newl,,;). The right panel shows the two vintages of the sea
level time series. Figure 2 shows first differences of the old and new vintages of sea level data.
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Figure 1. The left panel shows old (—) and new (---) data for temperature 1880 to 2001/2013.
The right panel shows old (—) and new (- - - ) data for sea level 1880 to 2001/2013.

4 https://www.cmar.csiro.au/sealevel /sl_data_cmarhtml. CSIRO’s primary data archive for sea level is now http:/ /research.

csiro.au/slrwavescoast/sea-level /measurements-and-data/sea-level-data/.

5 Our data set is available at http:/ /raw.githubusercontent.com /chisos9/data_public/master/data_sealevel 2018.csv.
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Figure 2. The left panel shows old (—) and new (- - -) first differences of temperature 1881 to 2001,/2013.
The correlation coefficient on the overlapping sample period is 0.951. The right panel shows old (—) and
new (- - -) first differences of sea level 1881 to 2001,/2013. The correlation coefficient on the overlapping
sample period is 0.862.

We follow Church and White (2011); Vermeer and Rahmstorf (2009) and apply the reservoir
correction proposed in Chao et al. (2008) to both old and new vintages.® The left panel of Figure 3
shows the old vintage of the time series of the sea level with and without reservoir correction according
to Chao et al. (2008) in the period 1880-2001. The right panel shows the same for the new vintage of
sea level. The correction mainly has an influence on the latter part of the record after 1950.

We have also run our analysis on the data without reservoir correction, and while the findings are
qualitatively similar, the numerical results differ. These results are available upon request. Using the
correction facilitates comparability in particular to Vermeer and Rahmstorf (2009). Note that there are
also estimates of the sea level contribution for the extraction from ground water to complement the
terrestrial reservoir storage estimates (Wada et al. 2016).
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Figure 3. The left panel shows the old vintage of sea level without (—) and with (- - -) reservoir
correction for 1880 to 2001. The right panel shows the new vintage of sea level without (—) and with
(- - -) reservoir correction for 1880 to 2013.

6 The correction adds the deterministic function C; = 1.65 cm + (3.7 cm/7t) arctan((t — 1978)/13) to the sea level time series,

which is an estimate of the water impoundment in artificial reservoirs.
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3. The Effect of Revisions on Four Semi-Empirical Models

In this section, we repeat the analyses proposed in Grassi et al. (2013); Rahmstorf (2007);
Schmith et al. (2012); Vermeer and Rahmstorf (2009) on five combinations of data and compare
the results, using the series old%m and oldéf001 for sea level and temperature, then (new%m, ”eszom)/
and finally for the longer period the series (newk,;, newl; ;), in order to assess changes in the
estimated parameters. We also analyze the models using the combinations (old},, newl,,) and
(newlly,, oldly,) in order to assess whether changes in the estimated parameters are due to the
updates in the sea level or the updates in temperature. The results are presented in Tables 1-5.

The studies in Grassi et al. (2013); Rahmstorf (2007); Vermeer and Rahmstorf (2009) relate first
differences in sea level (Figure 2, right panel) to the level of temperature (Figure 1, left panel). The study
in Schmith et al. (2012), on the other hand, relates sea level data (Figure 1, right panel) to temperature
in levels (Figure 1, left panel) by including lagged sea level in the equation for H; — H; 1 and
analysing a cointegrated vector autoregressive model for both temperature and sea level in the
resulting error-correction model.

3.1. The Model Proposed by Rahmstorf

Rahmstorf (2007) proposed a linear regression model for sea level changes on temperature levels:

f(Ht) = f(Hi—1) = aror (f(Te) — f(To)) +et, 1

where H; denotes sea level anomaly relative to the 1989/90 mean, T; temperature, Ty the
1951-1980 mean, and f(-) extracts a smooth component by singular spectrum analysis followed
by 15-year binning (Moore et al. 2005).

Table 1 shows the estimated regression coefficients in a regression of f(H;) — f(H;—_1) on f(T})
and a constant and their standard errors for the five combinations of data. The regression coefficient
estimated on the revised data (new%m, neszOB) is 0.26, which is numerically 60 per cent of the size of
the estimate from the old data, (old%m, oldgom), which is 0.43. Note that the latter is not a replication
of the result reported in Rahmstorf (2007), which was 0.34, because the vintage (ol d?o(n/ OldzTool) is the
one used for Vermeer and Rahmstorf (2009), which is different from the one used in Rahmstorf (2007).
Note also that the standard errors are calculated under standard assumptions on ordinary least squares,
which we have critically discussed in Grassi et al. (2013); Schmith et al. (2007); Schmith et al. (2012).
The 90%-confidence intervals based on the estimated variances do not overlap.

Table 1. Estimation of aggy; in the Rahmstorf (2007) model for the five combinations of data,
with standard errors in parentheses. The unit of the coefficients is cm per year per degree Celsius.

Sea Level

H H H
Temperature oldyyy, new,yy; newyy;

aRroy
oldo0y oo 0%
newn0, ((())',:0537) (%%%
newsys (%',%36)

The other combinations give values in the interval 0.23 to 0.37. In this case, the revision of the sea
level time series has the largest influence on the estimation of the relation, since switching only the sea
level series to the new vintage reduces the estimated coefficient from 0.26 to 0.43, whereas switching
only the temperature series results in a reduction to 0.37. Our parameter estimation results are in
alignment with earlier studies. Rahmstorf et al. (2012) focus on the sensitivity of semi-empirical models
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to different data sets for sea level and temperature. They also report results on the Rahmstorf (2007)
model for the old and new vintage of the Church and White sea level data. They use the GISS and
HadCRUT temperature time series, but they do not report when those data were downloaded, so we
cannot know which vintage of the temperature series they employ. Nevertheless, in their Table 1,
they report a regression coefficient of 0.45 for the old sea level data and GISS and a regression coefficient
of 0.27 for the new sea level data and GISS. This is comparable to the estimates reported in the first
line of our Table 1. In Bolin et al. (2015); Rahmstorf (2007) model is evaluated on the two vintages
of Church and White sea level data and on two vintages of GISS temperature data, the one used in
Rahmstorf (2007) and one downloaded for the purposes of writing Bolin et al. (2015). They report a
regression coefficient of 0.44 for the old sea level vintage and the old temperature vintage and of 0.39
for the new temperature vintage, and they report a coefficient of 0.27 for the new sea level vintage
paired with the old temperature vintage and of 0.27 for the new sea level vintage paired with the new
temperature vintage (their J-coefficient reported in their Table 2).

Semi-empirical sea level models were originally designed as a simple and pragmatic way of
projecting global sea level into the future based on scenarios for global temperatures while “evading the
unknowns pertaining to individual contributors” and to include behavior that is not captured in
process-based models (Grinsted et al. 2010). In Rahmstorf (2007), projections based on the temperature
scenarios from the IPCC 3rd assessment report were reported (IPCC 2001). The resulting sea level
projections span the interval 55 to 91 cm by the year 2100.

For the purposes of this study, we are interested in the extent to which projections of this kind
are sensitive to the data revisions and the entailed changes in the parameter estimates. We consider
two temperature scenarios, the temperature trajectories of RCP4.5 and RCP6 (Masui et al. 2011;
Meinshausen et al. 2011; Thomson et al. 2011) from 2002 until 2100. We use these trajectories as input to
the estimated regression relations obtained from the five data configurations described above. For the
samples ending in 2001, we project from the estimated equation

Hfm] = Hfﬂ] + interceptroy + flRO7TtRCP,

@

for t = 2002, ...,2100 and Hynol = Hagoy.

For the sample ending in 2013, we use t = 2014, ...,2100 and H%%j = Hjg13. Figure 4 shows the
resulting sea level projections subtracting the initial level.
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Figure 4. Long-term projections from the Rahmstorf (2007) model. The temperature scenarios used
are from RCP4.5 and RCP6, and the model parameters used for the resulting sea level projections are
those estimated on the different vintage configurations. Note that the projections for the configuration
(newly 5, newkh ) overlay with those of the configuration (newly,,, oldbl,,).
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The projections show little difference between the scenarios, in line with similar results reported
in (Church et al. 2013, Figure 13.10), which also show little difference in the 2100 projections for these
two scenarios, even though the path and the longer term implications differ somewhat. The sea
level increases by the year 2100 range between 55 and 92 cm. The old data set results in the highest
projections and the new data set restricted until 2001 in the lowest. The new data set until 2013 results
in a projection of 61 and 62 cm rise relative to the 1989/90 mean for the two RCP scenarios. This result
is quite different from the one reported in Rahmstorf et al. (2012), who considered RCP4.5 and reported
a range of the projection fan by the year 2100 of 20 cm for seven of nine of their data configurations.

3.2. The Model Proposed by Vermeer and Rahmstorf

Vermeer and Rahmstorf (2009) proposed an extension of the linear regression model in
Rahmstorf (2007) to account for year-to-year changes in temperature:

f(Ht) — f(Hi—1) = avroo(f(Tt) — f(To)) + b(f(Tt) — f(Ti-1)) +et, 3)

where H; denotes sea level, T; temperature, Ty the 1951-1980 temperature mean, and f(-) extracts
a long-term trend by singular spectrum analysis followed by 15-year binning (Moore et al. 2005).

We report the results for the estimation of the regression (3) for configurations for old and new data
in Table 2. It shows the estimated regression coefficients and their standard errors for the five possible
combinations of data.

Table 2. Estimation of aygg9 and b in the Vermeer and Rahmstorf (2009) model for the five combinations
of data, with standard errors in parentheses. The unit of the coefficients is cm per year per degree Celsius.

Sea Level

H H H
Temperature oldyyy newyyy; Mnewsps

AvRo9
old300, & 0o
”szTom (%',6165) (%'_%58)
newso (%',342)
b
oldjyy, _‘(11'%% _%1%8
newyy  THS HD
newjy _%12?

The regression coefficient 4y rgy estimated on the revised data (new%m, neszOB) is 0.32, which
is numerically about 60 per cent of the size of the estimate from the old data, (old%m, old%001 ),
which is 0.55. The results on the old data replicate those reported in Vermeer and Rahmstorf (2009).
The 90%-confidence intervals based on the estimated variances do not overlap. The other combinations
give values in the interval 0.34 to 0.45. Again, the revision of the sea level time series has the largest
influence on the estimation of the relation, since switching only the sea level series to the new vintage
reduces the estimated coefficient from 0.55 to 0.34, whereas switching only the temperature series
results in a reduction to 0.45. The results are in alignment with those reported in Rahmstorf et al. (2012),
see their Table 1. There are also substantial differences in the estimate of b: Using new data on the
1880-2001 sample, the coefficient is reduced by 65% compared to the old data (from —4.94 to —1.73).
It is also statistically insignificant on the new data. We also find that the revisions of the temperature



Econometrics 2020, 8, 41 8 of 19

time series have the largest influence, as evidenced by the results for the combinations (newlyy,, old} ;)
and (old},, newkl ).

We repeat the sea level projection exercise using the RCP4.5 and RCP6 temperature scenarios.
For the samples ending in 2001, we project using the equation

Hfmj = H"Y + interceptyroo + dvroo (TRT) + b(TRP — TRGP) 4)
for t = 2002,...,2100 and Hbyj} = Haop1. For the sample ending in 2013, we use t = 2014, ...,2100
and H%% = Hj13 accordingly, in both cases subtracting the first projected value. The results are
shown in Figure 5. Again, the differences between RCP4.5 and RCP6 are minor. The sea level fan for
RCP4.5 spans the interval from 61 to 101 cm by the year 2100, and similarly the sea level fan for RCP6
spans the interval from 62 to 102 cm, corresponding to 40 cm uncertainty due to data updates, given
the two temperature scenarios. The old data set results in the highest projected sea level rises and the
new data set until 2001 in the lowest. The new data set until 2013 results in 67 cm of sea level rise

relative to the 1989/90 mean for both scenarios.
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Figure 5. Long-term projections from the Vermeer and Rahmstorf (2009) model. The temperature
scenarios used are from RCP4.5 and RCP6, and the model parameters used for the resulting sea level
projections are those estimated on the different vintage configurations.

3.3. The Model Proposed by Grassi, Hillebrand and Ventosa-Santaularia

Grassi et al. (2013) formulate a state-space model that features a local linear trend model for each,
sea level and temperature, and that linearly connects the trend in sea level with the one in temperature.
They obtain a coefficient of influence of temperature on sea level changes that is comparable to the
regression coefficient on the level of temperature in Vermeer and Rahmstorf (2009). The model specifies

Hy = ufl +€f, (5)
uth =ty + B+ agiapl s (6)
Bt = Bili + i, )
Ty = ul +ef, (8)
uo=pia+ Bl )
Bl = Bi1+1i, (10)

where H; and T; are sea level and temperature with local linear trends yf{ and ytT, respectively.
Here the four processes i, e, n, [ are independent Gaussian i.i.d. processes. Note that 8] and
BH are I(1) variables, such that u/ is I(2) whereas u!* is I(3). This specification captures the idea of
a linear relation of long-term trends in sea level differences and temperature levels. The equation
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for ul! is essentially a regression of the I(2) variable H; — H; 1 on the I(2) variable T;_; with an
I(1) error term BH ;. The model is estimated using the Kalman filter to maximize the Gaussian
likelihood function. Inference in the model is conducted by simulation.

Table 3 shows the estimated coefficients of influence, 4513, for the five possible data combinations.
We provide confidence intervals for the estimated a;;3-coefficients by way of simulations. For each of
the five combinations, we set a grid of data-generating values of 4513, from —2 to 2 in steps of 0.20,
setting the other parameters equal to the estimates from that data configuration. For each of the
grid points, we set the data-generating a3 equal to the grid point, simulate N = 2000 paths of the
model, and estimate the model on each path without any constraints on a13. Then we find the 5th
and 95th percentiles of the N estimates. We plot the upper and lower percentiles (y-axis) for each grid
point (x-axis), resulting in 20 points for the lower percentile and 20 points for the upper percentile.
It turns out that these points align on two almost straight lines. We find the data-estimate of a513 on
the y-axis of this plot, and read the confidence interval horizontally, by finding the x-values for which
the two straight lines of the percentiles intersect with the constant data-estimate of 2513 on the y-axis.
Thus, the intersection with the line that connects the upper percentiles yields the lower boundary of
the confidence interval, and the intersection of the line that connects the lower percentiles yields the
upper boundary of the confidence interval. The interpretation of this method is that the resulting
confidence interval consists of the data-generating values of a3, for which the data-estimate of a3
lies in the two-sided 90% acceptance region.

Table 3. Estimation of the coefficient of influence of temperature on sea level in the model proposed in
Grassi et al. (2013). The estimates of the variances of &; and #; from the model are omitted for brevity
and available upon request. The 90% confidence intervals in parentheses are found by simulation.
The unit of the coefficients is cm per year per degree Celsius.

iG13 Sea Level
Temperature  oldi news  newl .
ol 0.38 025
2001 (—0.06;0.82)  (~0.13;0.62)
T 0.25 0.22
newsn01 (~0.02;053)  (0.00; 0.44)
T 0.36
newso13 (0.14; 0.60)

Similarly to Tables 1 and 2, revisions in both the temperature and the sea level time series result
in a decrease in the estimated coefficients on the period 1880-2001.

Also, updates to the temperature time series have about the same influence on the estimate as
updates to the sea level time series. The estimation uncertainty in this model is estimated to be higher
compared to the models of Schmith et al. (2012); Vermeer and Rahmstorf (2009). The confidence
intervals for all configurations involving the old vintages include zero. When the new vintages are
used on both sides of the equation, the confidence intervals do not contain zero. Note that the result
on the configuration (old4,, 0ld},,) is not a replication of the one reported in Grassi et al. (2013),
which was 0.46, since the data used in the original study is the same data set as the one used in
Rahmstorf (2007). The “old” data set used here is the one from Vermeer and Rahmstorf (2009).

We also conduct a likelihood ratio test for constancy of the parameter 2513 with respect to the
different vintages on the sample period 1880-2001. We specify a state-space model that contains
two specifications of type (Section 3.3), one for (old},,0ld},) and one for (newll,, newl,,).
We compare the log-likelihood value if we estimate the model unrestricted (resulting in two coefficients
that are, essentially, 0.38 and 0.22 as in Table 3) with the log-likelihood value that results from
imposing the restriction that the two coefficients are identical. The resulting likelihood-ratio statistic
x%(1) = —2(10g Liestricted — 108 Lunrestricted ) is equal to 0.057, implying a p-value from the chi-square
distribution with one degree of freedom of P(x?(1) > 0.057) = 0.81, and so we cannot reject the null
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hypothesis that the two coefficients are the same, which supports the observation that the confidence
intervals for both estimates contain the other estimate.

Finally, we project sea levels in Figure 6. Since the Grassi et al. (2013) model estimates a local
trend specification for temperatures, we are not using RCP scenarios here, but we simulate data from
the estimated temperature model, using as starting values the last value of the smoothed state variable
from the estimated model. As data-generating parameters for the simulations, we use the estimated
variances for ¢; and #; and the estimate for a513. We simulate from the model until we have 10,000 such
processes for each of the five data configurations, with the corresponding sea level processes H;.
The sea level scenarios in Figure 6 show, for each data configuration, the mean over those 10,000
processes for H;, where we subtract the smoothed state variable for last observation of H;.

Sea-level projections
‘ : :

80 T T
old T/old H
new T/old H
70 - old T/new H 4
= new T/new H

= = new T2013/new H 2013

o2}
S
T

o
S
T

cm relative to 1990-1991 mean
[~) B
o o
T T

20 -

0 | I I I
2000 2010 2020 2030 2040 2050 2060 2070 2080 2090 2100

Year

Figure 6. Long-term projections from the Grassi et al. (2013) model. The model parameters used
for simulating temperature paths and the resulting sea level projections are those estimated on the
different vintage configurations (i.e., there is no given temperature scenario in this case, in contrast to
the projections made for the Rahmstorf (2007); Vermeer and Rahmstorf (2009) models).

The projections do not fan out as much as for the preceding models, resulting in a range of 19 cm
difference by 2100. The basic pattern, however, is the same: The projection from the old data set is
the highest, reaching 65 cm sea level rise over the 1989/90 mean. The projection from the new data
set until 2001 is the lowest, at 46 cm sea level rise. The mixed data configurations are in between.
The projection from the new data set through 2013 gives 57 cm sea level rise.

3.4. The Model Proposed by Schmith, Johansen and Thejll

Schmith et al. (2012) specify a vector autoregressive model for temperature, T}, and sea level, H;.
In the analysis of H = newl},; and T = new}y, ,, the Johansen (1996) cointegration test indicates that
the variables cointegrate. The model can therefore be written in the vector error correction form

AT; T Athl Ut ETt
— 2z 1 4T + + o, 11

where a1 and afy are adjustment coefficients that describe how the system is reacting to the stationary
disequilibrium error
Zy = Ht — ,BTtr (12)
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while H; and T; are nonstationary with stationary differences. The matrix I'y has dimension 2 x 2 and
describes the short-run dynamics, yt and py are linear drift terms, and (e1;, ep +) is bivariate white
noise. In the context of studying the link between sea level and temperature, the disequilibrium relation
z; is of primary interest, because it describes how the non-stationary time series of temperature T; and
sea level H; interact to form a stationary deviation z;, which is constant in equilibrium. Estimation is
performed using Gaussian maximum likelihood and Table 4 shows the estimates of 3 to be 0.20 4= 0.02
for the analysis of the period 18802013, using newl} , and newl,.

Table 4. Estimation of the cointegrating relation z; = H; — BT; in the model proposed in
Schmith et al. (2012), using all combinations of the old and new vintages for temperature and sea level.
Standard errors are stated in parentheses. The unit of the coefficients in the table is cm per year per
degree Celsius. The unit of j as estimated from the cointegrating relation is cm per degree Celsius.
In order to arrive at a unit that is comparable to the ones measured in the other models, we have
divided by the number of years in the samples.

~

B Sea Level
Temperature ol d%m new%o1 new;fm
oldjo (%_%39) (%%38)
news; (%,%;1) (%%;1)
”eszom (%-%g)

These results are collected in Table 4. The analysis can be summarized by concluding that
the results are not changed by using newll ), rather than old}),, but changing the vintage of T
has an effect on the coefficients. Based on the estimated variances, the implied 90%-confidence
intervals of the coefficients B estimated on old%m, oldzTOOl and new%m, ”eszow do not overlap, by a
very small difference, but the 95% confidence intervals do overlap.

Table 5 reports the estimates for the adjustment coefficients af; and a7 in Equation (11). The results
for at are highly significant, indicating an adjustment of temperature to the cointegrating relation,
whereas the results for ay are insignificant, indicating that the sea level does not adjust to the
cointegrating relation. This result is also obtained in Schmith et al. (2012), and it is discussed in
detail there. Here we note that the significant estimates of at do not vary much across the different
data configurations, and thus the estimation of this coefficient does not appear very sensitive to
the data revisions. The estimates of ayy show more variation, but since they are all statistically
indistinguishable from zero, the differences are not substantial either.

We do not report sea level projections for this model, since the physical mechanism discussed
for the relation between sea level and temperature in Schmith et al. (2012) is opposite to that of
the preceding models. Here, analysis of the adjustment coefficients from the cointegrating analysis
suggests that surface temperature adjusts to changes in the ocean heat content, which is closely related
to the sea level because of thermal expansion. In this conceptualization, it does not make sense to
input a surface temperature into the model and to output a sea level “response”, as was done for the
preceding models.
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Table 5. Estimated adjustment coefficients &1 and &g in the model proposed in Schmith et al. (2012),
using all combinations of the old and new vintages for temperature and sea level. In parentheses we
report t-ratios. The unit of the coefficients in the table is degree Celsius per year per cm.

T Sea Level

H H H
Temperature oldyyy, new,yy; newsyy;

T 0.012 0.013
oldyg (4.54) (4.76)
T 0.014 0.014
neWsn01 (4.89) (4.76)
T .01
news013 (()4%9?
by Sea Level

H H H
Temperature oldyyy, newyyy; Mnewyys

T —0.009 —0.018
oldo (—064)  (~1.17)
T —0.007 —0.021
1etwa001 (—0.46) (-1.37)
newjy ?_O 107%)6

3.5. Summary

We have compared the analysis of three types of statistical time series models out of many
possible models. Common to all of them is that we use a few (constant) parameters to describe
the variation of the data, and the relation between the variables, and we investigate how these
constants change with the vintage of the data. The three model types are different in their
stochastic specification, and are not nested, but seem to describe the variation of the data well.
The Rahmstorf (2007); Vermeer and Rahmstorf (2009) models use a single equation describing H; as a
function of T;, whereas Grassi et al. (2013); Schmith et al. (2012) use bivariate models describing the
movements of both H; and T}, taking into account the nonstationarity of the data. The first two models
do not take into account the nonstationarity, but one could argue that a consequence of Equations (1)
or (2) is that if f(T;) is I(1) then f(H;) would be I(2). Grassi et al. (2013) describe T; as I(2) and H;
as I(3). This model describes the smoothed T; very similarly to the first singular spectrum component
used in Rahmstorf (2007). A simpler version of the model (replacing (9) and (10)) by u} = VtT—l +nF)
assumes T to be I(1) and then H would be I(2). Finally Schmith et al. (2012) use I(1) for both T and H.
One could also extend the model to allow for I(2), see Stephan Bruns et al. (2020), and then test the
I(1) model versus the 1(2) model. The three model types used are mutually contradictory attempts to
investigate if it makes a difference to model the nonstationarity.

The difference in the estimated relationship between sea level changes and temperature is largest
in the Vermeer and Rahmstorf (2009) model, with a substantial reduction in the estimated coefficient
of interest, from 0.55 to 0.28, and non-overlapping confidence intervals. The model proposed in
Grassi et al. (2013) shows a reduction in the estimated coefficient on the 18802001 period as well,
from 0.38 to 0.22, but the confidence intervals overlap, and a likelihood-ratio test cannot reject the null
hypothesis of parameter constancy. The Schmith et al. (2012) model indicates a numerically substantial
but statistically only marginally significant difference between 0.29 and 0.20.

All models rely on the linear approximation of the relation between sea level and temperature put
forward in Rahmstorf (2007). The Vermeer and Rahmstorf (2009) model requires standard assumptions
of linear regression for model (3) to hold, in particular stationary errors. The Grassi et al. (2013)
model specifies temperature to be 1(2) and sea level I(3), but we note that the roots, which play a
different role in state-space modeling than in cointegration analysis, are often only introduced to
obtain curvature in a long-term trend, and the variances of the error processes that are integrated
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are often estimated to be very small (see for example, Durbin and Koopman (2012)). We refer to
Grassi et al. (2013) for a detailed discussion of residual diagnostics and the resemblance of the local
trends with singular spectrum components as used in Rahmstorf (2007); Vermeer and Rahmstorf (2009).
The Schmith et al. (2012) model requires that both H and T are I(1) series and that they cointegrate,
which is confirmed in statistical tests. The integrated random walks that feature in both sea level
and temperature in the Grassi et al. (2013) model allow for a larger long-run variance relative to the
Rahmstorf (2007); Schmith et al. (2012); Vermeer and Rahmstorf (2009) models, resulting in larger
confidence intervals for the parameter estimates.

Long-term sea level projections obtained by using the RCP4.5 and RCP6 temperature scenarios
for the models proposed in Rahmstorf (2007); Vermeer and Rahmstorf (2009) and using simulations
from the estimated temperature model for Grassi et al. (2013) show differences due to data updates by
the year 2100 of 19 cm for the Grassi et al. model, 34 cm for the Rahmstorf (2007) model, and 40 cm for
the Vermeer and Rahmstorf (2009) model.

4. Influential Periods in the Revisions

In Figure 7 the differences old}), — newtl,, and oldl,,, — newlyy, are plotted for 1880 to 2001.
We note that there are intervals where the different vintages give systematically different values.
In order to investigate the influence of these differences on the estimates, we conduct the following
exercise: Using the old data, we consecutively replace i = 1 observation pair (T;, Hy) for t = 1
to N with the corresponding pair from the new data set. We similarly replace 1 = 20 observation
pairs (T;_19.t, Hi—19.t) with the corresponding pairs from the new data set. Then we estimate the
models proposed in Grassi et al. (2013); Schmith et al. (2012); Vermeer and Rahmstorf (2009) on each of
these mixed data sets of temperature and sea level time series and record the estimated regression
slope @ or f3, respectively. For i = 1 or 20, we obtain a time series of regression coefficients indexed
from h to N that show the estimated slope if a moving window of I observations is replaced with
new data. Then we do the same with the new data and consecutively replace with h-snippets of
old data. Figure 8 shows the results for coefficients ayrg9 and Figure 9 shows b in the model proposed
in Vermeer and Rahmstorf (2009). Figure 10 shows the results for the coefficient a3 in the model
proposed in Grassi et al. (2013) and Figure 11 shows § in the Schmith et al. (2012) model. The results for
the Rahmstorf (2007) model are very similar to those for the ayrgy coefficient and are not reported here.
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Figure 7. The left panel shows the difference old’z%01 — new%m for sea level and the right panel the
OldzTom — neszOOl for temperature.
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Figure 8 shows that for the Vermeer and Rahmstorf (2009) model, the periods 1920-1960 and
the last 15 years of the record, 1985-2001, are the periods that influence the estimated coefficient
ayreo most, but just replacing one observation has little effect, so we focus on replacing I = 20
observations. We see that in the period 1920 to 1960 where the diffference old%,, — newl),; is negative,
interchanging 20 observations can change the parameter estimates drastically. For both these periods,
the estimate of ayrg9 moves towards an agreement in the altered old and new data series. The curves
of the estimated coefficients b overlap, so for this coefficient, replacing new data into the old series,
and vice versa, can lead to an agreement of the estimated b-coefficient.

While the difference in the coefficient estimate between the old and the new vintage is smaller in
the Grassi et al. (2013) model than in the Vermeer and Rahmstorf (2009) model, the Grassi et al. (2013)
model is more sensitive to replacement of the snippets of size h = 20, as seen in Figure 10. The model
estimates the coefficient on yearly data and does not pre-average the data into bins. Here the curves
resulting from inserting new data snippets into the old time series and from inserting old data snippets
into the new time series intersect both in the 1910-1950 period and during the last 15 years. in the early
1900s, there is a period of a few years where inserting old data into the new data series actually moves
the estimated coefficient a3 far into the opposite direction of the estimate on the new data and into
the negative region.

Figure 11 shows that the model proposed in Schmith et al. (2012) also reacts to the revisions in
the data around the 1910s to 1950s and again in the 1990s. Towards the end of the sample period
the families of B-curves overlap. The range of the estimated coefficient, between approximately
0.23 and 0.31, is narrower than in the case of the Vermeer and Rahmstorf (2009) and closer to the
discrepancy in the Grassi et al. (2013) model.

5. Conclusions

We have studied the influence of revisions of global mean temperature and global mean sea
level data on the estimated statistical relation between the two series. We find that four alternative
models proposed in the literature are sensitive to these data revisions, with substantial changes in the
coefficient estimate that relates sea level to temperature (differences of up to 50%). These changes in
the parameter estimates translate to substantial changes in long-term sea level projections obtained
from temperature scenarios (differences of up to 40 cm). This shows that in order to replicate earlier
results that informed the scientific discussion and motivated policy recommendations, it is crucial to
work with the data vintages that were available at the time.
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