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Abstract: The rate and impacts of sea level rise vary considerably around the world, but the 25 
contribution of human-caused climate change to increases in local and regional flood risks has 
not yet been systematically explored. Because such information is critical to local decision 
making, legal proceedings, and loss and damage determinations, we quantify human-caused 
climate change's contributions to sea level rise at worldwide locations using budget-based and 
semi-empirical model methods. Results show human-caused sea level rise is quantifiable at 97% 30 
of 519 tide gauge sites, and is responsible for 58% (44–65%) of the observed daily extreme 
water level exceedances over 2000–2018. On average, human-caused sea level rise has caused a 
near-tripling in the number of days with attributable exceedances since the 1970s. 
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Sea levels have recently risen across the planet in large part due to human activities (1). 
Accelerating sea level rise is increasing the exposure of people, ecosystems, and infrastructure to 
coastal flooding—a particular concern in densely populated or socioeconomically-vulnerable 5 
regions (1–3). But to what degree is sea level rise from human-caused climate change 
responsible for worsening extreme water levels and coastal flood risk around the world? 
 

1. Introduction 
Anthropogenic climate forcing has played a dominant role in global mean sea level rise 10 
(GMSLR) over the past 125 years (1, 4). Sea level rise acceleration in recent decades has been 
tied to this forcing (5, 6), with strong implications for projected sea level rise through and 
beyond the year 2100 (7). Depending on estimation methods and levels of confidence, human-
caused climate change has contributed between about 25% and 70% of the observed GMSLR 
since 1900 and approaching 100% of the observed rise since 1970 (4, 8–10). A recent 15 
reassessment of glacial contributions (11) and modeling analyses from Grinsted et al. (12) 
suggest that total GMSLR attributability could be 90–100% during the 20th century. 
The signal of anthropogenic climate change on modern rates of global sea level rise is detectable 
in proxy sea-level records as far back as the 1860s (13). But the rate of relative sea level rise 
varies from region to region, and the effects of sea level rise—namely increased coastal flood 20 
risk—play out at local scales. Substantial increases in the frequency of extreme water levels have 
been well documented at both global (14) and regional scales (15–17) with a median global 
increase in high-tide flooding of 165% between the 1960-1980 and 1995-2014 time periods (1). 
Attempts to attribute local coastal flood events to this anthropogenic change have been limited, 
though, and the question of how much of the change in coastal flood risk at any given location is 25 
attributable to human-caused climate change remains. The answer to this question has 
implications for communities’ ability to plan for future sea level rise and pursue legal action to 
address the harms they are experiencing.  

Of the few studies that have carried out localized sea level rise attribution, Strauss et al. (18) 
showed that human-caused sea level rise in the New York Tri-State area was responsible for 30 
12% (median estimate) of the total flood losses associated with Hurricane Sandy in 2012. Lincke 
et al. (19) attributed most of the changes in local flood risks worldwide to changes in socio-
economic development, but acknowledged threats have been increasing due to “climate-induced” 
global sea level rise. Hino et al. (20) empirically attributed flooding events in Annapolis, MD. 
Treu et al. (21) produced the first global dataset of attributable coastal water levels assuming 35 
observed trends were 100% attributable, but did not explore this assumption, its components, or 
alternative counterfactuals. 
In this study we quantify how historical sea levels and extreme water levels (EWL) at tide gauge 
locations around the world have changed in response to human emissions since 1900. We 
consider multiple attribution scenarios and approaches, quantifying the range of possibilities 40 
under different counterfactuals depending on a combination of literature-based, modeling, and 
observational assumptions. Using tide gauge data, we show that human-caused climate change is 
now responsible for the preponderance of daily EWL exceedances around the world. 
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2. Results 
2.1 Analysis 

Building on the methods of Strauss et al. (18), we develop estimates of attributable sea level rise 
at tide gauges around the world (22) using two largely independent approaches. 

First, we use a budget-based method that draws on the gridded data of Frederikse et al. (23; F20) 5 
to calculate gridded local sea level changes over the 1900–2018 period from four individual 
contributing factors: steric changes, which can be decomposed into a global thermal expansion 
component and a regional steric term; melt from mountain glaciers; and ice loss from the 
Greenland and Antarctic ice sheets (GrIS and AIS, respectively). We determine three literature-
based estimates (low, central, and high) of the fraction of each factor that is attributable to 10 
human-caused climate change and apply that fraction to each factor. The attributable fractions 
are time-varying averages of the lowest, highest, and best estimates over 1900–2018. They each 
sum to a set of budget-based attributable sea level rise (ASLR) gridded estimates that are 
interpolated to tide gauge sites. Throughout this study, we report results for 519 locations where 
tide gauge budgets are approximately closed or bounded over the satellite era. Gauges at which 15 
the budget-based estimate is less than the observed tide gauge trend are included in this set, 
which may result in an underestimation of ASLR. Exceedance count results are reported at a 
smaller subset of 279 stations where there is sufficient data with high temporal resolution to 
compute analyses over at least 1970–2018. Full analysis details are found in Materials and 
Methods (section 4). 20 

Our second approach for deriving ASLR estimates is semi-empirical (SE). We update the SE 
model formulation of Kopp et al. (24) using Common Era global mean surface temperature 
(GMST) estimates from (25) and GMSLR estimates from (13). We then develop two 
counterfactual scenarios for the period of 1900–2018: 1) a “Stable” scenario, in which historical 
period GMST is assumed to be near the pre-industrial average; and 2) a CMIP6 (26) 25 
counterfactual, in which an ensemble of climate models simulate GMST without human 
greenhouse gas emissions (Fig. S1). We compare the SE-modeled GMSLRs under the Stable 
counterfactual with SE-modeled GMSLRs calculated from the Hadley Centre/Climatic Research 
Unit Temperature version 5 (27; HadCRUT5), and likewise compare GMSLR modeled under the 
CMIP6 counterfactual with each historical simulation in the CMIP6 ensemble. The resulting 30 
differences are interpreted as ASLR (Fig. S2). We combine these two ASLR estimates into a 
single SE-model distribution by sampling from them equally. To localize these results to tide 
gauge locations, we scale the global semi-empirical ASLR curves by the local budget-based 
ASLR estimates, assuming the scaled relationship between each location's budget and the total 
global ASLR (i.e. the spatial fingerprint, from the central budget-based scenario) holds. 35 
To calculate the number of days with attributable EWL exceedances over time, we first tally the 
number of days an EWL threshold (defined as the upper 2σ level of daily highest tides at tide 
gauge stations over 2002–2018; similar to ref. 17 but with a different tidal datum) was exceeded 
at a given gauge, then we subtract the annual ASLR in each year for each scenario from each 
station's historical record and recompute the number of days with EWL exceedances. This 40 
approach makes two assumptions about natural variability: First, that the 2000-2018 period 
encompasses the full range of tidal amplitudes at all tide gauges. Because the magnitude of 
natural variability in EWL exceedances varies over both space and time in response to seasonal-
to-decadal forcing factors such as the 18.6-year nodal tidal cycle (e.g., 28) and the El Niño 
Southern Oscillation (ENSO; e.g., 29), the 19-year period we have chosen for this portion of the 45 
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analysis implicitly incorporates both short- and long-term contributors to natural variability. The 
second assumption we make is that human-caused climate change is not attributably contributing 
to long-term changes in drivers of natural variability, such as ENSO or storminess. 
 

2.2 Attributable Sea Level Rise 5 
Both budget-based and SE-model results show that global sea level rise has been dominated by 
human-caused climate change. Budget-based results show 119 (low scenario) to 194 mm (high 
scenario) of observed GMSLR is attributable (Fig. 1; Fig. S3), or about 57% (low scenario) to 
93% (high scenario) of the median estimate of total GMSLR over 1900–2018 (209 mm; 25). SE 
calculations of GMSLR are 69% (45–94%) attributable, with the median falling between the 10 
budget-based central and low scenario estimates as of 2018. Our total GMSLR attributability is 
higher than earlier estimates (9–10)—but in line with the more recent estimate of (12)—likely 
because of the strong attributability of glaciers over the study period and included in our budget 
(11).  

We find that ASLR is nearly ubiquitous worldwide: Our budget-based approach shows that, as of 15 
2018, some amount of positive attributable sea level rise has occurred at 97% of the 519 stations 
studied (low scenario). Total ASLR is highest in the South Indian and Pacific Oceans, and lowest 
in the high northern hemisphere. While we find that there are good matches between the total 
budget trends and observed sea level trends (particularly during the satellite era), our results 
suggest not all long-term trends can be considered 100% attributable at each site, an important 20 
distinction from the assumptions made by (21). 
Moreover, the factors controlling the total ASLR vary by region and location (Fig. 2). For 
example, Greenland is an important contributor to ASLR worldwide, but its positive influence is 
largest for locations in the south Atlantic and north Pacific regions. Meanwhile, thermal 
expansion, which accounts for an average of 32% of total attributable sea level rise worldwide, 25 
plays the largest relative role in the attributable rise around South America and in high northern 
hemisphere regions (in the near-field of ice sheets and glaciers where attributable sea level falls 
offset the thermosteric rise in the total). 

A station-by-station decomposition of the factors contributing to ASLR reveals, for example, that 
at Charleston, SC, the ASLR has been dominated over time by contributions from mountain 30 
glaciers and thermal expansion, with an offsetting smaller influence from the regional steric term 
(Fig. S4). The budget-based and SE model estimates of ASLR at individual stations are strongly 
similar in 2018 (Fig. S4–S8). However, the SE estimates have total larger uncertainties than the 
budget-based method. Differences between the two methodological approaches largely reflect 
that the timeseries of SE models is capturing the global response to CMIP6 historical 35 
temperature changes, which exhibit a documented cool bias in the middle 20th century (30) then 
accelerate in the second half of the 20th century, while the budget-based rise is dominated by 
glacial and thermosteric influences with their own implicit temperature forcings (which rise more 
steadily over the period). Nevertheless, the SE models—once scaled by the fingerprint of the 
budget-based ASLR to produce regional estimates (see methods)—yield additional scenarios 40 
with which to test exceedance changes, and these agree well with budget-based results. 
A select few high-northern hemisphere stations have experienced historically attributable falls in 
sea level, including Sitka AK, where sea levels are attributably dropping due largely to nearby 
human-induced glacial melt (Fig. S8). This demonstrates that our multi-method attribution 
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approach captures both attributable falls and rises in sea level, depending on the contributing 
processes and period considered. 

 
2.3 Days with Attributable EWL Exceedances 

Budget-based and SE model results together make clear that ASLR is already the dominant 5 
driver of the number of days with EWL exceedances coastal communities are experiencing in the 
21st century. Over the past two decades (2000–2018), central scenario budget-based estimates 
show that ASLR was responsible for 38 to 50 EWL exceedances per decade at the average site 
(Fig. 3A). In the same time period and scenario, we find that ASLR was responsible for 60% 
(57–62%) of EWL all exceedances worldwide (Fig. 3B) and resulted in an average of 4.6 10 
attributable days of EWL exceedances per year (Fig. 4). The percentage of attributability under 
the central scenario is highest (>90%) at low latitudes, weakens to around 60% in the midlatitude 
regions, and drops sharply to negative attributability (i.e., attributable decreases in daily EWL 
exceedances) in portions of the northern high latitudes. Under the high budget-based scenario, 
some sites experienced as many as 8.9 additional exceedances per year (95th percentile across 15 
stations) over 2000-2018. Similar to our global budget-based estimates for the central scenario, 
our SE-based estimates indicate that 56% (42–63%) of EWL exceedances worldwide over 2010–
2018 have been attributable to human-caused sea level rise.  

Both the budget-based and SE model-based estimates show that the percentage of global EWL 
exceedances attributable to climate change has grown since the 1950s (Fig. 3–4). Moreover, 20 
attributability per the SE-based method generally falls between the high and central budget-based 
estimates by the 2010s. However, the SE model-based results show a more gradual upward slope 
since the 1950s than the budget-based results, which show a more rapid rise in EWL 
exceedances between the 1990s and the 2000s. These differences in pacing and timing likely 
reflect the global-temperature driven nature of the SE estimate over time, where a mid-century 25 
cooling bias in CMIP6 could be influencing results (Fig. S1; 30). SE model-based estimates of 
the fraction of attributable EWL exceedances show a more than tripling over the last four 
decades, from <15% of exceedances being attributable to human-caused climate change in the 
1950s (+1σ) to >45% of exceedances in the 2010s being attributable (-1σ). Using the budget-
based central scenario, the average site experienced 2.8x more attributable days in 2000–2018 30 
than during 1970–1989. This increase is also widespread: many places around the world have 5–
10x more attributable EWL exceedances in recent decades than they did during 1970–1989, 
including along the U.S. east coast and in the southeast Pacific. 
The growth of the number of attributable EWL exceedances is also evident at the regional level 
and for individual stations (Fig. S4–S8). EWL exceedances in high-latitude regions have a 35 
smaller overall attributability percentage, showing how important the mountain glacial 
fingerprint is for the overall pattern of human influences. The NW Atlantic, the 
China/Archipelagic Seas, and the NW Pacific all show a strong increase in their exceedance 
counts and an increase in their percent attributability over the last 50 years. More than 75% of all 
EWL exceedances in the Indian Ocean, Mediterranean Sea, SW Pacific since the 1970s have 40 
been attributable, and the total number of exceedances continues to grow in those regions. 
Ultimately, our two methods combine to show that human-caused climate change is responsible 
for most likely at least 58% (44–65%) of the total EWL exceedances over the last two decades 
(2000–2018) at sites studied herein. The number of days with attributable EWL exceedances for 
the average location has approximately tripled since the 1970s. While the differences between 45 
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SE-based and budget-based results highlight how counterfactual choice can lead to different 
conclusions about how exceedances evolve, the ubiquity of attributable sea level rise is leading 
to a sharp and pervasive increase in extreme water levels along worldwide coasts this century. 
 

3. Discussion 5 
Previous literature has documented both regional and global increases in the frequency of 
extreme water levels over the last 50-60 years (1, 15–17). Our results show that attributable sea 
level rise is ubiquitous globally and contributes substantially to the increase in extreme water 
level exceedances—and, by extension, more frequent coastal flood threats— along coastlines 
worldwide. With the number and attributability of EWL exceedance days growing steeply over 10 
the last 70 years, the fingerprint of climate change on coastal flood risk is both clear and 
persistent. 

The multi-method attribution system employed in this study provides a foundation for putting 
attributable estimates on observed flooding events. For example, it could be used in real-time to 
identify whether a particular observed coastal flood event would not have happened without 15 
human-caused climate change, and to calculate the attributable flood impacts and damages 
associated with the event. For instance, Strauss et al. (18) showed that just ~100 mm of 
attributable sea level rise caused more than 8 billion USD of damages during Hurricane Sandy 
(2012); our work forms the foundation for similar studies in the future. Our approach could also 
be used to calculate the likelihood of given EWL exceedance events, helping to identify highly 20 
impacted regions or patterns worthy of deeper research, particularly in regions with fewer 
attribution studies (31). This information could ultimately provide context for communities 
experiencing frequent coastal flooding, help decision makers understand present and future risks, 
and inform legal proceedings as well as loss and damage determinations. 

When employing this system to perform attribution studies, several caveats should be kept in 25 
mind. For one, differences between budget-based and semi-empirical model results reveal that 
the assumptions one makes about counterfactual scenarios can affect the structure, timing, and 
attributability of results. And while the budget-based system is modular, enabling it to be 
updated as new science becomes available, it can only provide reliable estimates of attributable 
sea level rise where the local sea level budget has closed or been bound. It could further provide 30 
some information if one assumed an unattributable residual term in those places where the 
budget differs from the observed trend. Lack of reliable long-term observations, vertical land 
motion, and ocean variability combine to confound closing the budget at many places 
worldwide. As time goes on and improved station, ocean, and land data becomes available, 
budget estimates of attribution should become more applicable at more locations. The full role of 35 
atmosphere and ocean variability has not been interrogated by this study but could be important 
for individual station results, particularly where intra- and interdecadal process such as the North 
Atlantic and El Niño Southern Oscillations are known to exert a strong regional influence on 
local sea and extreme water levels (32) and where changes in storm frequency or intensity may 
be occurring (33–34). In this study, we calculate the number of attributable EWL exceedances in 40 
the past, which is possible given that historical tide gauge data captures exceedances over a fixed 
threshold, where we can subtract the amount of ASLR at each gauge to estimate counterfactual 
water levels and EWL exceedances. Moreover, we report exceedance statistics in aggregate by 
decade to smooth out the influence of interannual variability. When attempting to calculate the 
frequency of EWL exceedances in the future or evaluating total exceedances in any one year, 45 
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however, it will be critical to consider the combination of natural variability and future sea level 
rise (35–36). Finally, because extreme water level thresholds are not the same as flood risks and 
do not have a standard definition around the world, as particular flood thresholds as stations 
become available (such as those produced by Piecuch et al.; 37), our system can be interrogated 
to more accurately and precisely evaluate impacts related to attributability. 5 
As coastal flood risks grow with continued human-induced sea level rise, the methods presented 
here will enable future studies of sea level-related attribution over the historical record, including 
during past extreme storm-related flooding events, as well as real-time attribution estimates of 
extreme water level exceedances going forward. 
 10 

4. Materials and Methods 
4.1 Historical Sea Level Observations and Budget Approach 

Global and local sea level changes from individual sea level contributors are taken from the data 
synthesis of Frederikse et al. (23, and references therein; hereafter F20). The F20 dataset 
provides annual mean and standard error timeseries of historical sea level contributions (1900–15 
2018) from each of five environmental components on a 0.5º x 0.5º global grid. These 
contributors are steric sea-level changes, mass loss from mountain glaciers, land-ice loss from 
the Greenland and Antarctic ice sheets (GrIS and AIS, respectively), and net changes in natural 
and human terrestrial water storage (TWS). The steric component may be further decomposed 
into a set of global and regional components (see below). 20 

We seek the sea level contributions from each component since 1900 as well as the fraction of 
those components that can be attributed to human-caused climate change. To generate the total 
sea level budget at each location and for each year, we combine the full set of component mean 
(with summation) and uncertainty estimates (in quadrature, i.e., using the root-sum-square, 
assuming their independence over time). Budget and attribution estimates throughout this study 25 
are regridded to station locations with a Gaussian distance-weighted interpolation. Analyses are 
produced and reported for locations where tide gauge budgets are approximately closed or 
bounded over the satellite era (see below). 

 
4.2 Tide Gauge Data & Analysis Locations  30 

We compute results along global coastlines using hourly water levels and tide gauge locations 
from the Global Extreme Sea Level Analysis (GESLA) version 3 (22). With a comprehensive set 
of transparent quality control flags and long records, GESLA provides the capacity and 
reliability needed to assess observed water level changes and exceedances along many global 
coastlines. 35 
Based on several criteria, we choose sets of coastal GESLA stations/locations at which to 
perform attribution analyses. First, we require that included stations have a GESLA station with 
“no obvious issues” in their datum and quality control flags. After removing duplicates and 
filtering based on budget closure (discussed below), there are 519 remaining stations. Next, we 
narrow the locations down to several station subsets corresponding progressively to the periods 40 
of data each tide gauge record has available. These are stations with at least 100 years of data 
over 1900–2018 (n=10, narrowly distributed over the U.S. and Europe), with at least 30 years of 
data over 1957–2018 (n=123, more broadly distributed over the northern hemisphere), and with 
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at least 10 years of data over 2002–2018 (n=386, approaching worldwide coverage, with 
noticeable gaps in the central Atlantic and north Indian oceans). We use these analysis sets 
throughout this study to show and discuss results at coastal locations; results are consistent 
across the set of quality control metrics considered herein. The spatial coherence of results (Fig. 
1) supports producing ASLR estimates worldwide; nonetheless while, accordingly, ASLR values 5 
computed in our study are available for analysis at all GESLA locations, one should cautiously 
interpret results from stations that do not meet quality control criteria. Exceedance counts are 
tallied over the full subset of stations with sufficient data to produce EWL analyses (i.e. daily 
data over at least 1970–2018; n=279). 
 10 

4.3 Closing the Budget 
An important assumption of our budgetary approach is that the sea level budget closes (or at least 
approximately closes) on local scales. Although the budget has been shown to close regionally, it 
is much more difficult to close the budget rates when validating against observed tide gauge 
records at individual locations around the world (F20). In particular, a poor understanding of 15 
ocean dynamics and a lack of reliable vertical land motion records are two primary reasons for 
misfits between the sum of budget contributions and local observations (e.g, 38), especially 
further back in time. Similar to S21, we compare the local total sea level budget estimated from 
F20 with the local changes over the satellite era (1993–2018). We calculate the linear trends of 
the GESLA station and sea-level budget annual sea levels in mm/yr. For direct comparison 20 
between the trends and budget, we must account for vertical land motion. At each GESLA site 
we evaluate satellite-era estimates of vertical land motion (VLM) over 1993–2020 (over the 
altimetry period, from ref. 39; we note the slight time difference in periods due to data 
availability). VLM are available at Permanent Service for Mean Sea Level (PSMSL) sites, which 
are most often but not always co-located with GESLA stations. In cases where they are co-25 
located, we take the exact VLM at the local site, i.e. VLM(λ, ϕ). In cases where a GESLA site is 
not co-located with a PSMSL location, we use a Gaussian-distance weighting to estimate from 
the valid VLM neighbors within 120 km of the GESLA site. 

We subtract the rate of VLM from the local budget's rate of sea level change to arrive at 
estimates of the total rate of change (Fig. S9). We then compare those estimates to the observed 30 
rate from the tide gauges, either requiring 1) that the Budget-VLM estimated total rate of change 
fall within ±1σ of the observed GESLA trend, or 2) that the Budget-VLM estimated total rate of 
change be less than the observed GESLA trend (a bound estimate that we note potentially 
underestimates attributable sea level rise). We focus the remainder of our analyses on stations 
whose budgets meet one of these constraints. 519 total stations meet one of these criteria, and 35 
279 have sufficient data to compute exceedance analyses. Notable stations remaining in our 
dataset are located along North and South American coastlines, western Europe, some Australian 
sites, Pacific Islands, and along the China Seas and coastline of Japan. 

 
4.4 Budget-based Attribution 40 

Budget-based attributable fractions for each component of sea level rise are taken following the 
approach of Strauss et al. (18), which relies on literature-derived estimates (see their SI Table 3). 
We quantify time-varying attributable percentages of each term using the best available literature 
estimates over the periods the studies describe. In the years before or after the valid periods 
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defining each factor's known attributability, we estimate fractions rise by 1% per year, 
representing a gradual ramp up of attributability during the periods with unknown (but likely 
non-zero) fractions. We then define three attribution scenarios intended to represent the best 
estimates and likely ranges of attributable fractions reported in the literature. These are the low (-
1σ; 17th percentile), central (median), and high (+1σ; 83rd percentile) attribution estimate 5 
(counterfactual) scenarios, respectively. 

For each component of sea level rise, we integrate its observed contribution to sea level change 
over space and time since 1900 with the attributable fractions from the low, central, and high 
scenarios. This approach regionalizes ASLR by taking advantage of the spatial fingerprints of 
each contributor drawn from the gridded data of F20. 10 

Below we describe the attributable fractions of each component and how each was derived from 
the available literature. 

 
4.4.1 Antarctic Ice Sheet (AIS) 

Historical Antarctic ice sheet contributions to global and regional sea level rise are highly 15 
uncertain before satellite monitoring. Mass losses following the removal of buttressing ice 
shelves (e.g., 40) have historically competed with gains from increased accumulation (e.g., 41); 
accordingly, the well-known SROCC review placed combined best estimates at “small, if any, 
before the 1990s” (4). In light of these uncertainties, and in absence of a comprehensive 
historical AIS record, Frederikse et al. (23) used a polar motion constraint (43) to impose global 20 
mean sea level contributions at 0.05 ± 0.04 mm yr-1 over 1900–1992. While the Antarctic Ice 
Sheet is potentially a large contributor to future sea level rise (e.g., 43), historically these mean 
AIS changes have contributed less than 5% to the total observed global sea level rise. Combined 
with this small signal is large climate variability, making bulk Antarctic ice sheet mass balance 
changes perhaps the most confounding contributor to attribute over the satellite era. (e.g., 44; 25 
their section 3.3.1.6 and references therein). Some studies have shown that climate change 
influences are unlikely to emerge during the 21st century (45), while others have shown that 
attributability can already be shown with regional (46) or probabilistic (47) approaches, but not 
holistically for bulk changes across the continent. While there is some consensus that a portion of 
the observed western AIS mass loss has been due to external forcing over the satellite era, 30 
experts do not agree on how much (48). There remains strong evidence that internal variability 
may have strongly influenced or dominated mass-loss trends since 1979 (49). Accordingly we 
take 0% as our low scenario for the attributable percentage contribution. Likewise, following 
S21 as an bounding exercise, we assume all observed AIS mass losses since 1979 are 
anthropogenic, setting the high scenario to 100%. Before the satellite era we impose a ramp up in 35 
attributability of 1% per year. Finally, we take the central scenario as the midpoint between the 
high and low scenarios. We note that while AIS historical changes remain uncertain, high 
scenario ASLR from Antarctica since 1900 never exceeds 16 mm (<8% of total observed 
GMSL) at any tide gauge, making it overall a minor historical contributor to regional attributable 
EWL exceedances. 40 

 
4.4.2 Greenland Ice Sheet (GrIS) 

Greenland's mass loss over the 20th century was substantive and historic (50–53) and has 
accelerated in recent years (54). While the attributable fractions of Greenland changes have not 
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been specifically quantified, Trusel et al. (55) showed that there is a distinct climate signal in 
GrIS runoff beginning in the 1980s and the mass balance began to diverge from natural 
variability around the same time (56). We follow the approach of S21 and interpret these by 
assuming Greenland trends were 100%, 75%, or 50% attributable (high, central, and low 
scenarios, respectively) from 1980 onwards, and then linearly ramping attributability at 1% per 5 
year beforehand (until at 0%). 

 
4.4.3 Mountain Glaciers 

Recent estimates of the attributable fraction of mountain glacier loss range from 85% to 130% 
for alpine glaciers and up to 180% for larger ice caps since 1850 (11). Importantly, Roe et al. 10 
(11) allows the attributable percentages of glacial loss to exceed 100% since pre-industrial, 
which arises in their estimates of glacial mass gain in the counterfactual (naturally-forced) world 
without climate change. Because F20 does not distinguish between glacial types, we assume that 
the alpine percentage applies across our budget. We take the 20-year running mean of ref. 11 
attributable fractions from their synthetic Little Ice Age scenarios with cooling that ends abruptly 15 
when anthropogenic forcing begins in ~1850 (low scenario, with fractions that start low and 
increase over time) or with cooling that continues into the 20th century (high scenario, with 
fractions that start high and decrease over time). The central scenario is taken as the average of 
the two, which is a nearly constant ~95% over the analysis period. Our final estimates are a set of 
time-varying fractions which vary over 85–130% percent attributable during the analysis period. 20 
Given the term's relatively large magnitude and attributability, this update has resulted in a 
substantive upward shift in both the total ASLR and the relative (i.e., fractional) importance of 
glacial loss to ASLR rise compared with S21. 
 

4.4.4 Steric Changes: Global Thermal Expansion & Regional Changes  25 
Following S21, we define the thermal expansion component of sea level rise as the global mean 
of the steric component (δsteric) from F20. We separate the globally-uniform changes (i.e. global 
thermal expansion) and residual regional changes at each GESLA location and year over 1957–
2018: 
 30 

δ!"#$%&(𝑦𝑟, λ, ϕ) 	= 	 δ'()*+(,"-#$.)!"#$%&(𝑦𝑟) + δ$#'%)/+((𝑦𝑟, λ, ϕ) 
 
Literature estimates for the attributability of δglobal-thermosteric are strongly and confidently positive, 
with Marcos et al. (57) showing that 87% ± 7% of the thermosteric rise observed in ocean's 
upper 700m was influenced human-caused warming (1970–2005; 1σ errors). Likewise, previous 35 
studies over the full depth of the ocean have shown that human-caused climate change is 
responsible for the large observed thermal expansion since the 1950s (F20, 58–59). Following 
S21, we take these same attributable percentages setting the high, central, and low scenarios to 
94%, 87%, and 80%, respectively, over the known period of change (1970–2005). We assume 
these taper off before 1970 at 1% per year and a similarly ramp up after 2005 (capped at 100%). 40 
We compared our budget-based ASLR time series to those derived from Liu et al. (6), and while 
our estimates are slightly higher than theirs, they are within the ranges of uncertainty, 
particularly during the 1900-1990 period and the most recent decade (Fig. S10). 
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After removing the global thermosteric term from the steric factor, the remaining ocean changes 
have a highly variable spatial structure (Fig. S11). This structure suggests the attributable 
percentage may vary from location to location, making it difficult to apply our methods 
uniformly, in the same way used for the previous contributors, to arrive at a self-consistent, 
global, and robust result. But the relatively small but (sometimes) material magnitude (coastal 5 
changes up to 30 mm since 1957) of the regional steric term means that it may still be a concern 
for the purposes of this study (60–61), and it could create uncertainty in local estimates of ASLR. 
To quantify the attributability of this uncertain regional term, we first define its long-term change 
as the longest wavelength mode function from an Ensemble Empirical Mode Decomposition 
(EEMD) (e.g., 62). EEMD is a noise-assisted filtering method for modeling a timeseries with a 10 
finite set of intrinsic modal functions (IMFs). IMFs are drawn from the data by adding an 
ensemble of white-noise, producing a model ensemble of timeseries, and then performing 
empirical modal decomposition on each ensemble member. EEMD is performed at every 
GESLA station on δ$#'%)/+((𝑦𝑟, λ, ϕ), and the resulting longest wavelength function is a 
monotonic and smoothly-varying timeseries of ocean regional steric changes since 1957.  15 

There is currently not sufficient evidence from the literature to estimate the precise attributability 
of the long-term trend in this term (62). We therefore approach the attribution as a bounding 
exercise, as we do with AIS; we assume observed long-term changes are anthropogenic, but their 
sign of change is unknown, fixing the high scenario to 100% and the low scenario to -100%. We 
then take the central scenario as the midpoint between the high and low scenarios (0%). 20 
The resulting high scenario attributable ocean regional steric term amounts to between -34% and 
17% of the total attributable SLR over GESLA stations (95% CI). Around the world, most 
stations' regional steric changes for the high scenario are negative, but there are positive changes 
in the regions around Japan and central North Pacific, the central North Atlantic, and the high 
Arctic latitudes. By definition, the low scenario has an opposite sign to the high scenario results, 25 
and the resulting factor acts as an uncertainty in our final ASLR totals. 
 

4.4.5 Terrestrial-water Storage (TWS) 
Since this study's focus is specifically on the components of sea level changes attributable to 
human emissions, we ignore anthropogenic changes in TWS, setting the attributable percentage 30 
to 0% for all scenarios. We note that this implicitly assumes that any anthropogenic precipitation 
changes are net zero contributors to TWS worldwide; a full analysis including precipitation 
effects is beyond the scope of this work. 

 
4.5 Semi-empirical (SE) Modeled Sea Levels & Attribution 35 

To complement our budget-based estimates (and following S21), we develop semi-empirical 
(SE) modeled estimates of ASLR over 1900–2018. Semi-empirical models take advantage of the 
historical relationship between global mean surface temperature (T) and the rate of GMSLR 
change (0-

0"
) during the last two millennia to predict a range of sea level changes as a function of 

temperature changes (e.g., 64). In this study, we use the SE model formulation of Kopp et al. (24, 40 
K16): 
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𝑑ℎ
𝑑𝑡 = 𝑎(	𝑇(𝑡) 	−	𝑇1(𝑡) 	+ 	𝑐(𝑡)	) 

 
where a represents the sensitivity of sea level to deviations from the equilibrium temperature 
𝑇1(𝑡) and 𝑐(𝑡)	is a temperature-independent rate term reflecting a small residual trend, arising 
from the long-term response to earlier climate changes (e.g., deglaciation). More details about 5 
this SE model can be found in K16. We update the SE model parameter posterior distributions in 
K16 using new Common Era GMST estimates from ref. 25 and GMSLR estimates from ref. 13. 
The posterior distributions of SE model parameters were sampled using the Metropolis-Hastings 
algorithm with Markov Chains–-these are thinned to every 100th sample, with the first 1,000 
samples discarded during the burn-in period, resulting in 1,000 parameter combinations. The SE 10 
model is implemented within the PaleoSTeHM framework, an open-source platform for 
paleoenvironmental reconstructions (65). A comparison of the updated posterior parameter 
distributions with those from K16 is provided in Table S1. 

We employ this semi-empirical model to develop two counterfactuals derived from assumptions 
about the GMST over the historical period of 1900–2018. These are (1) a “Stable” 15 
counterfactual, in which historical period GMST is assumed to be near the pre-industrial 
average, and (2) a Climate Model Intercomparison Project Phase 6 (26) counterfactual, in which 
an ensemble of climate models simulate GMST without human greenhouse gas emissions (Fig. 
S1–S2). 

To run the Stable simulations we combine the 1,000 posterior parameter distributions from the 20 
SE model with 100 HadCRUT5 temperature samples (drawn from an AR(1) process with a 10-
year correlation e-folding time) and a single temperature curve from the Stable counterfactual. 
For each of the 1,000 SE model parameter sets, we compute the difference in GMSLR between 
each HadCRUT5 temperature sample and the Stable counterfactual. The resulting 100,000 
difference timeseries are interpreted as the distribution of global ASLR for the Stable 25 
counterfactual. 
For the CMIP6-based simulations, all available climate models with both historical (38 models) 
and natural-forcing-only (11 models with both) experiments are used. We randomly sample 100 
temperature curves from the historical and natural-forcing-only experiments with a uniform 
distribution. These are then combined with the 1,000 SE model parameter sets to generate 30 
100,000 GMSLR curves for each of the historical and natural-forcing-only scenarios. The 
difference between these GMSLR curves is similarly interpreted as the distribution of global 
ASLR for the CMIP6 counterfactual. 

As the Stable and CMIP6 GMSLR medians are strongly consistent since 1950, we uniformly 
combine an equal number of samples from each scenario to form a single SE-modeled 35 
distribution for further attribution analysis throughout this study. Results are shown in Fig. S2. 
Global ASLR curves from semi-empirical models are localized to tide gauge stations following 
the procedure of S21. We first find the relationship between the budget-based central scenario 
ASLR and the total global mean ASLR in 2018 at each gauge location, producing a spatially-
varying fingerprint of the scale between them. For instance, in Charleston the central ASLR 40 
estimate is 144 mm, with a scaling factor of about 0.92 of the central scenario's global mean 
estimate of ASLR (156 mm). We then multiply these scales by each semi-empirical ASLR 
timeseries, transforming the global ASLR estimates directly output from the SE models into tide-
gauge-local SE-based ASLR estimates. 
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Fig. 1. Worldwide budget-based attributable sea level estimates. (A) Total attributable 
central-scenario estimates of sea level rise (mm) from the budget-based method, gridded 
worldwide and interpolated to select GESLA stations with closed or bound budgets over 1900–5 
2018. (B) Fraction of the gridded total-budgeted sea level rise that is attributable since 1900 
(white line is the 1.0 contour). Hatched regions show where the total attributable change 
(denominator) is negative. 
  

(A)

(B)
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Fig. 2. Percentage of the total budget-based attributable sea level rise accounted for by each 
contributing factor. Included are Thermosteric (A), Mountain Glaciers (B), Greenland Ice Sheet 
(C), and Antarctic Ice Sheet (D) percentages over 1900–2018. The ocean regional steric factor 
(E, over 1957–2018) can be a positive or negative percentage of the whole (cf. Fig. 1). Hatched 5 
regions show where the total attributable change (denominator) is negative. Values are 
interpolated to select GESLA stations with closed or bound budgets over 1900–2018. Symbols 
represent select quality-controlled GESLA stations with at least 100 years of data over 1900–
2018 (upside-down triangles), with at least 30 years of data over 1957–2018 (circles), and with at 
least 10 years of data over 2002–2018 (squares). 10 
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Fig. 3. Attributable extreme water level exceedances grouped by decade across tide gauge 
stations. (left column, A, C) Station-mean cumulative number of decadal non-attributable (grey 
bars) and attributable (colored bars; associated with each counterfactual) exceedances. (right 
column, B, D) Percentage of total non-attributable (grey bars) and attributable (colored bars) 5 
exceedances per decade across all sites. The top row (A, B) shows exceedances and percentages 
associated with budget-based (high, central, low) counterfactuals; the bottom row (C, D) shows 
the 17th, 50th, and 83rd quantiles of the semi-empirical model counterfactual. 
  

(A) (B)
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Fig. 4. Worldwide changes in attributable exceedances at tide gauge stations. (A) Count of 
total attributable EWL exceedance days due to human-caused climate change summed over 
2000–2018. (B) Percentage of the total observed EWL exceedances that were attributable (in A) 
over 2000–2018. (C) Ratio of attributable EWL exceedances over 2000–2018 compared to 5 
1970–1989, illustrating the increase in the number of attributable exceedances over time. All 
computed with the central budget-based counterfactual scenario. 
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Fig. S1. Global mean temperature anomaly forcings for semi-empirical model runs. 
Included are the PAGES2K temperature reconstruction over the common era (black dashed line), 
the Stable counterfactual scenario (bold green line), the observed HadCRUT5 mean and standard 
deviation temperature (solid black line and shading), the ensemble mean and standard deviation 5 
of CMIP6 historical+SSP runs (orange line and shading) and historical natural runs (blue line 
and shading). 
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Fig. S2. Historical GMSLR, counterfactual sea levels, and attributable sea level rise from 
semi-empirical model simulations. Lines and shading are means and ±1σ, respectively. (left) 
Semi-empirical model estimates of global mean sea level rise associated with the HadCRUT5 
historical forcing (black) and CMIP6 historical+SSP forcing (orange). 2018 Estimates from 5 
Dangendorf et al. (66) are included for comparison. (center) Estimates of GMSL associated with 
the counterfactual Stable and CMIP6 scenarios. (right) The global mean attributable sea level 
rise associated with the counterfactual Stable and CMIP6 scenarios—defined as the difference 
between the historical and counterfactual estimate—and their combined (equally-sampled) 
distribution (pink curves).  10 
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Fig. S3. (top) Timeseries of global mean sea level change and ASLR across various scenarios 
over 1900–2018. Included are budget-based ASLR, the combined semi-empirical model ASLR, 
the semi-empirical modeled HadCRUT5 global mean sea level change, the F20 budgeted sea 
level change, and estimates from ref. 66 for comparison. (bottom) Timeseries of each individual 5 
contributing factor to the global budget-based high scenario ASLR. Included is the 95% CI of the 
regional steric term across tide gauge stations in 2018 (blue bar). Lines and shading are means 
and ±1σ, respectively. 
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Fig. S4. (top row) Summary timeseries study results at Charleston, SC. Attributable sea level 
individual contributing budget factors over 1900–2018 and total for the high budget-based 
scenario (top left), compared with combined (CMIP6 and Stable scenario) semi-empirical model 
output since 1950 and the low/central budget-based scenarios (top right). Lines and shading are 5 
means and ±1σ, respectively. (middle row) Observed annual number of daily exceedances of the 
2σ daily highest tide that were not attributable (grey bars) and exceedances that were attributable 
based on removal of each of high, central, and low budget-based counterfactual sea levels 
(middle left) and semi-empirical mode scenario counterfactual sea levels (middle right) from the 
local sea levels. (bottom row) Cumulative number of attributable and non-attributable 10 
exceedances per decade, observed or estimated attributable under each budget-based or semi-
empirical model counterfactual. 
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Fig. S5. As in Fig. S4 but for Cape Town. 
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Fig. S6. As in Fig. S4 but for Taranaki, NZ. 
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Fig. S7. As in Fig. S4 but for Hong Kong. 
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Fig. S8. As in Fig. S4 but for Sitka, AK. 
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Fig. S9. Probability Density Functions over GESLA stations in this study of observed sea level 
trends (blue curve), budget trends (grey curve), and budget trends minus vertical land motion 
(red curve); all in mm/yr over 1993–2018/20. 

5 
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Fig. S10. Thermosteric sea level rise since 1900 estimated from our low, central, and high 
budget-based counterfactuals compared with estimates from ref. 6. 
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Fig. S11. The total sea level change in the ocean regional steric term over 1957–2018. 
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Table S1. 
Semi-empirical sea level model parameters, priors, and posterior estimates. 𝜏 indicates the 
timescale on which the actual temperature relaxes toward the equilibrium temperature, and 𝜏c is 
e-folding time for temperature independent term c. Relative to K16 (24), the new posterior 
distributions were sampled using new global mean sea level and global mean surface 5 
temperature estimates from ref. 13 and 24, respectively. Ranges shown for posteriors are 5th–
95th percentiles. Temperatures are relative to the 1850–2000 CE average. 
 

Parameter Prior K16 This Study 
a U(0, 20) mm/yr/K 4.0 (3.2, 5.4) 4.93 (4.40, 5.55) 
c (500 CE) U(-10, 10) mm/yr 0.22 (0.10, 0.42) 0.25 (0.16, 0.36) 
c (2000 CE) U(-2, 2) mm/yr 0.14 (0.05, 0.29) 0.14 (0.07, 0.23) 
T0 (-2000 CE) U(-0.22, 1.0) K 0.25 (-0.19, 0.89) 0.16 (-0.37, 0.72) 
T0 (500 CE) N(0.12, 0.2 ) K2 0.17 (0.11, 0.23) -0.02 (-0.07, 0.05) 
T0 (2000 CE)  -0.05 (-0.12, 0.07) -0.07 (-0.13, 0.02) 
𝜏 log U(30, 3000) yrs 174 (87, 366) 130 (90, 181) 
𝜏c log U(1000, 20000) yrs 4175 (1140, 17670) 7785 (1676, 20000) 
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