
Using CMIP6 PI simulations to test significance of the 
AMOC trend seen by RAPID
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McGill

Does the observed (2004-2020, -0.14 Sv/yr) 
trend seen by RAPID stand out relative to 
natural variability?

Use CMIP6 simulations for an estimate of 
natural variability.  Problems:

- the models underestimate variability
- the models largely disagree

Method

Chose 22 of the 50 PI simulations that give good ballpark 
estimates (+/- 10 Sv) of AMOC strength

Construct PDFs of “Fake News Trends”

Check whether the RAPID trend is an outlier

manuscript submitted to Geophysical Research Letters

Figure 1. a) Timeseries of AMOC strength as observed by the RAPID array at 26.5
�
N (solid

black), reconstructed by Caesar et al. (2018) (dashed red), and simulated in the present-day

(PD) hindcasts from ACCESS (gold), CNRM (red) and NOR (blue). As the Caesar et al. (2018)

reconstruction gives anomalies of the AMOC strength, the mean observed AMOC at 26.5
�
N

is added to get a 144-year long timeseries. b) Timeseries of AMOC strength for 200 years of

pre-industrial simulations from ACCESS (gold), CNRM (red) and NOR (blue). In both panels,

model timeseries are shown with an o↵set indicated in the legend for better visualisation of the

variability.

AMOC for each run in a manner similar to that used for the RAPID timeseries (??). Next,133

the filtered timeseries of each simulation is split into overlapping segments of constant134

duration; for example if the segment length is set to 10 years, there would be one seg-135

ment for years 1-10, another for years 2-11, up to a segment for years 491-500, for a to-136

tal of 491 segments. When evaluating the RAPID trend, the segment length is set to the137

duration of the observations at RAPID, which is 15.8 years long. The linear trend of each138

15.8-year model segment is calculated and the resulting distribution of trends is fitted139

to a PDF using a kernel density estimator, which performs a non-parametric, smoothed140

fit to the data. The standard deviation of the PDF characterises natural variability in141

models; i.e. if the standard deviation is large, then the model spontaneously produces142

a large range of 15.8 year trends. The observed RAPID trend can then be situated in143

the PDF to estimate its significance relative to simulated natural variability.144
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Sample time series (PI simulations)
-short term trends evident
-variance typically under-represented
on observational time scales

Orange: ACCESS-CM2
Maroon: CNRM-ESM2-1
Blue: NorESM2-MM
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Figure 2. a) Average standard deviation of interannual AMOC strength calculated for 15.8-

year segments of the time series versus standard deviation in apparent trends in these same

15.8-year segments for present-day (PD) CMIP6 (grey circles for individual simulations and a

blue star for the multi-model mean) and the reconstructed timeseries from Caesar et al. (2018)

(red plus). Also shown are the PI multi-model means (outlined circle for CMIP5, green diamond

for CMIP6). The black dashed vertical line gives �(AMOC) calculated using the RAPID obser-

vations. b) PDFs of 15.8-year trends in AMOC strength computed from 498-year-long CMIP6 PI

simulations (green), CMIP6 PD simulations (blue), and the Caesar et al. (2018) AMOC recon-

struction (red), together with the RAPID array observations (vertical black line). The histogram

of the PD trend distribution is also shown, coloured according to whether a bin is populated by

trends occurring closer to 1870 (blue) or 2014 (red); text indicates the mean year of trends in

that bin.

year cycle would lead to little or no change in �(AMOC), but would impact trends cal-176

culated over 15.8 year windows.177

This is not to say that �(AMOC) and trend variability are unrelated; indeed, they178

are positively correlated (r = 0.87 for a trend window length of 15.8 years; Fig. 2a).179

That is, stronger �(AMOC) implies larger apparent trends, as has been previously noted180

(Roberts et al., 2014; Yan et al., 2017). Comparing CMIP5 and CMIP6, for example,181

models from the former suite are known to underestimate variability at interannual (and182

possibly decadal) timescales (Roberts et al., 2014; Yan et al., 2017). Consistent with ex-183

pectations, both �(AMOC) and �(trend) are smaller for CMIP5 than for CMIP6.184

The strength and occurrence of 15.8 year trends in the CMIP6 multi-model mean185

is in reasonable agreement with that of Caesar et al. (2018) reconstruction over both the186
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PDFs for PI, Historical and a reconstruction 
by  Caesar et al. (2018)

The RAPID trend is 1.7 
standard deviations from 
center, and so is not 
significant at the 95% 
level

Years in PD bin boxes are means for (middle) years 
of windows giving a given trend (more negative 
trends occur later in the PD simulations)



Frequency spectra, trend PDFs, and variability 
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Assume AMOC strength a(t) has a 
Fourier representation
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its 2� detectability threshold decreases only modestly with increasing window length,249

but is already small even for a 15.8 year window. Most simulations fall into Group 2.250

3.3 Inferring detectability threshold from AMOC power spectra251

We next try to clarify the relationship between the frequency spectrum of an AMOC

timeseries, a(t), and the detectability threshold, �(trend), for a window of length ⌧ cen-

tered on t = t0. Supposing that a(t) can be represented by a Fourier series and remov-

ing the mean gives

a(t) =
NX

1

An sin(!n(t� t0) + �n) ;
da

dt
=

NX

1

!nAn cos(!n(t� t0) + �n),

where !n = 2n⇡/T in which T is the length of a (e.g., T corresponds to 498 years for252

the CMIP6 timeseries analyzed). The contribution of a given Fourier component to da/dt253

at t = t0 is given by !nAn cos(�n). For low frequencies, this corresponds to a reason-254

able estimate of this Fourier component’s contribution to the trend. Frequencies close255

to or larger than !⌧ = 2⇡/⌧ , however, make smaller contributions. To account for this,256

we introduce a weighting function, W , where W = tanh(�(!�!⌧ )) for ! < !⌧ and is257

zero otherwise. In other words, W transitions smoothly from unity at low frequencies258

to zero at ! = !⌧ .259

If we next assume �n to be random, then the trend can be thought of as a random260

walk (or sum) of contributions between !1 and !⌧ . The step size in this random walk261

varies with frequency according to !nWnAn cos(�n). For a one-dimensional random walk,262

the expectation value of distance from the origin increases like the square root of the num-263

ber of steps taken. Following this logic, it is straightforward to infer an expected value264

of trend variance from the model AMOC frequency spectra. Finally, taking ! ⇠ 1/⌧ ,265

the random walk model gives estimates of �(trend), similar to those shown in Fig. 3c.266

Examples for the three groups are shown in Fig. 4a. Results agree qualitatively with267

those calculated directly for the ACCESS (Group 1), Nor (Group 2), and CRNM (Group268

3) simulations (cf., Fig. 3c). Also shown are the corresponding variance spectra (Fig. 4b).269

Group 1 and the Caesar et al. (2018) time series have relatively flat spectra at low fre-270

quencies, steepening somewhat at periods around 20 years (i.e., close to the length of the271

RAPID observations). Conversely, spectra for Groups 2 and 3 are flatter at periods of272

around 20 years and steeper at lower frequencies. It is this change in spectral slope of273

the variance spectra that is responsible for the change in slope of the inferred sigma curves.274
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Short term trends correspond (roughly) to 
truncated versions of the da/dt series

Approximate trend PDFs can be constructed 
by averaging the truncated for different 
choices of the random phase angles500 year 50 year 5 year
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Figure 3. a) Multi-model mean PDFs of trends over 10, 15.8 (red), 20 and 40 years, in

CMIP6 PI simulations. Circles mark -2� from the PDF means; the black line marks the observed

trend (-0.14 Sv yr
�1

). b) Multi-model mean PDFs of trends over 10, 11, 12, 13, and 15.8 years;

associated -2� values (grey circles); intercept between a PDF and the corresponding observed

trend if observations ended after 10, 11, 12, 13 or 15.8 years respectively (black circles). If the

black circle is to the left (right) of the grey, then the observed trend is (in)significant and the

di↵erence marked in red (blue). c) 2� of PDFs of PI trends vs. PI trend period length for: in-

dividual models (grey); multi-model mean (thick black line); Caesar et al reconstruction (red);

observed trend magnitude calculated at RAPID over time (dotted black). d) Model curves from

c) fitted to A⌧�b
+C, ⌧=t/15 and decomposed into contributions from the short time periods

(A⌧�b
) vs. long time periods (C), calculated at t=15.8(25.8) years (large (small) dot). The dis-

tance from At�b
=C (dashed line) illustrates the relative contributions of high and low frequencies

to the range of possible trends. Models are grouped into strong short-period domination (yellow),

weak short-period domination (blue) and long-period domination (purple).
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Detectability Threshold vs observation length
(calculated using PI time series; using spectra gives similar results)

5 50

Group 1 (e.g., ACCESS), detectability 
threshold drops off quickly with increased 
window length

Group 3 (e.g., CNRM) threshold does not 
drop off much for increased window length

Group 2: in between



 1e-06

 1e-05

 0.0001

 0.001

 0.01

 0.1

 1

 1  10  100

AMOC power spectra

Group 1
Group 2
Group 3
Caesar

Group 2

CanESM5 
CESM2 
CESM2-WACCM-FV2
CESM2-FV2 
CESM2-WACCM
EC-Earth3-Veg-LR 
INM-CM5-0 
MIROC6
MPI-ESM1-2-HR 
NorESM2-LM
NorESM2-MM
SAM0-UNICON

Group 1

ACCESS-CM2
ACCESS-ESM1-5 
FGOALS-g3 
INM-CM4-8 
MPI-ESM1-2-LR
MPI-ESM-1-2-HAM 
NorCPM1

Group 3

CNRM-CM6-1 
CNRM-ESM2-1 
EC-Earth3-Veg


