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I.

FULL METHODOLOGY

We analysed monthly NINO3.4 sea-surface temperature data1 with the temporal span of 1900–2010, as well
as the simulated NINO3.4 time series extracted from 89
historic simulations of 15 different global climate models
(see Table S1) participating in the CMIP5 intercomparison project.2 Both observed and modelled NINO3.4 time
series were centred to zero mean before entering the analysis.
Following Paluš,3,4 we studied interactions between the
processes dominated by different time scales using the
phase dynamics approach.5 In particular, we first applied, to the NINO3.4 time series, the complex continuous wavelet transform (CCWT) with Morlet mother
wavelet6 and obtained time-dependent complex wavelet
coefficients ψp (t) for a given central period p
ψp (t) = sp (t) + iŝp (t) = Ap (t)eiφp (t) .

(1)

Here sp (t) and sˆp (t) are the real and imaginary parts of
the wavelet coefficients, respectively. The instantaneous
phase φp (t) and amplitude Ap (t) of the variability associated with that central period p are given by
ŝp (t)
φp (t) = arctan
sp (t)
q
Ap (t) = sp (t)2 + ŝp (t)2 .

(2)
(3)

For example, the biennial wavelet component for the
observed NINO3.4 time series obtained by setting the
central wavelet period to 2 years yields instantaneous
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In this supplementary material we shall utilize the
same abbreviations as in the main text, namely LF stands
for low-frequency interannual processes (or components
of the El Niño/Southern Oscillation dynamics), QB for
quasi-biennial processes, BC for the biennial cycle, QA
for quasi-annual processes (see main text for details), and
AC for the annual cycle in the El Niño/Southern Oscillation dynamics.
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FIG. S1.
Biennial wavelet component of the observed
NINO3.4 index (1970-1999): phase of the biennial mode φ2 (t)
in blue, amplitude of the biennial mode A2 (t) in red and reconstruction of the biennial mode A2 (t) cos φ2 (t) in dotted
brown.

phase φ2 (t) and amplitude A2 (t) time series shown by
blue and red curves in Fig. S1. Also shown here is the
biennial reconstruction A2 (t) cos φ2 (t) (brown). We computed analogous phase and amplitude time series for the
variability associated with different central wavelet periods (over a wide range of these periods), and then studied synchronization and causal interactions among all of
these time series.
To do so, we computed the mutual information I,7 as
well as the conditional mutual information, also known
as transfer entropy,8 based on the phase and amplitude
time series associated with variability at two different
time scales p1 and p2 . In particular, mutual information I(φp1 (t); φp2 (t)) characterizes phase synchronization
between the two time series.9 Conditional mutual information I(φp1 (t); φp2 (t + τ ) − φp2 (t) | φp2 (t)), where τ is a
forward time lag, describes the information in φp1 about
the future of φp2 , which measures phase–phase causality.
Similarly, I(φp1 (t); Ap2 (t + τ ) | Ap2 (t), Ap2 (t − η), Ap2 (t −
2η)), with η being a backward time lag, is a measure
of phase–amplitude causality. We estimated the (conditional) mutual information using the k-nearest neighbour
algorithm;10 see Paluš3,4 and references therein for further details of the methodology.
We estimated statistical significance of the results using a randomization procedure11 in which surrogate data
time series were obtained by taking the Fourier transform
of the original NINO3.4 time series, shuffling phases of its
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Fourier components and transforming back to the temporal domain.12 This procedure creates surrogate data sets
with the same spectrum as that of the original data, but
with no interactions between processes of different time
scales.
The robustness of our estimates of the (conditional)
mutual information above is further assessed in full detail
below (Figs. S12–S15).

II.

CONDITIONAL COMPOSITE ANALYSIS —
ADDITIONAL FIGURES

See main text for details.

A.

This conceptual ENSO model – due to Stein et al.13 –
has the following form
dT
= −λ(t)T + ω(t)H + ξ(t)
dt
dH
= −RT,
dt

AC
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Synchronization and causality analysis

Following Stein et al.,13 we used two traits of the parametric recharge oscillator: neutral model, which is purely
deterministic (ξ(t) = 0 and λ0 = 0) and damped model
with the non-zero damping parameter λ0 and Gaussian
white noise ξ(t) driving.
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FIG. S3. The amplitudes of AC, BC and QB cycles conditioned on the phase of the LF ENSO mode. AC, BC and QB
stand for wavelet reconstructed time series associated with
the annual cycle, biennial cycle, and quasi-biennial variability with central periods between 18 and 30 months.
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where T represents eastern equatorial Pacific SST
anomalies, H represents the zonal mean equatorial Pacific thermocline depth anomalies, λ(t) and ω(t) are the
seasonally varying growth rate parameters of the oscillator, the constant R relates to the time scale of the
geostrophic adjustment of the thermocline to wind stress
anomalies, ξ(t) is Gaussian white noise representing the
forcing by the atmosphere, and finally the damping parameter, λ(t) = λ0 +  cos (ωa t) with ωa being the annual
frequency. The model is integrated forward in time, using
the same set of parameters as in Stein et al.,13 to obtain
time series of NINO3.4 anomalies of the same length as
the data used in this study.

B.
FIG. S2. Annual cycle composites associated with different
phases of QB variability with central periods between 18 and
30 months. Also shown are annual cycle composites associated with different phases of LF variability. See main text for
details.

Parametric recharge oscillator

INTERACTIONS IN LOW-ORDER
DYNAMICAL MODEL

We studied the interactions in the simulated time series
representing the ENSO dynamics from low order dynamical model, namely the parametric recharge oscillator13
(PRO) model.

B

C

FIG. S4. Cross-scale phase synchronization (A), phase–phase
causality (B) and phase–amplitude causality (C) in the modelled NINO3.4 time series in the neutral PRO model. The
phase synchronization is a symmetrical relation, hence the
plot is symmetric, while causality plots are shown with the
period of the driver (master) time-series on the x-axis and
driven (slave) time-series on the y-axis. Shown are (positive)
significance-level deviations from the 95th percentile of the
k-nearest neighbour estimates of (conditional) mutual information, tested using 500 Fourier transform surrogates (see
main text).

In the neutral case the system exhibits both the phase
synchronization and phase-phase causality over a broad
range of scales as shown in Fig. S4. The parametric
recharge oscillator is not a multi-scale process; in fact,
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it contains one oscillation (ENSO) mode and a periodically changing parameter (the annual cycle). These two
modes interact and create the combination tones. The
main (ENSO) mode is quasi-periodic, appearing in the
wavelet spectrum as a broadband peak. Since all the oscillatory modes are driven by the main PRO mode, all
of them are coherent and provide a picture of mutually
phase–synchronized modes over a wide range of periods,
while the observed LF→QB phase–amplitude causality
is lacking completely, as depicted in Fig. S4.
For the damped PRO model, the presence of noise destroys the synchronization and causality phenomena observed in the deterministic neutral model. The corresponding results are presented in Fig. S5 in the form of
aggregated thresholded binary maps. The color shading in these plots shows the number of realizations (out
of 20) in which the respective synchronization/causality
relationship was significant.The interaction depicted in
Fig. S5 exhibit huge variance from one model realization
to another, and no significant interactions seem to be systematically present. We thus conclude that the low-order
damped PRO mode is unable to simulate synchronization
and causality phenomena robustly, as significant interactions identified in each realization are driven by the
noise sampling, rather than by any underlying low-order
dynamics.

A

B

C

FIG. S5. The same as in Fig. S4, but for the synthetic
NINO3.4 time series simulated by the damped PRO model.
Shown in each panel are aggregates (sums) of thresholded binary maps over 20 realizations of this model.

IV.

INTERACTION IN AN EMPIRICAL
MODEL

The second conceptual model of our interest was an
empirical model based on the idea of linear inverse modelling (LIM). We built the inverse stochastic model following the empirical model reduction (EMR) methodology introduced by Kondrashov et al.14

A.

Empirical model

The inverse model was constructed in the space of leading empirical orthogonal functions15 of the sea surface
temperature field. The linear model has the following

form


(0)
(0)
(0)
dxi = bi x + ci
dt + ri dt
(l)

(l+1)

dri = bi

(6)
(l+1)

[x, r(0) , . . . , r(l) ]dt + ri

dt,

(7)

where l signifies the current level and l = 1, 2, . . . , L, x
is the state vector of dimension n, the matrices Ai , the
(0)
(0)
vectors bi , and the components ci of the vector c(0) ,
(0)
as well as the components ri of the residual forcing r(0) ,
are determined via regularized multiple linear regression.
The set of L equations (7) is terminated at the value of
L for which the Lth level residual rL+1 becomes white in
time. To model seasonality of ENSO events, the explicit
seasonal dependence is included in the dynamical part of
the first level of the nonlinear model, namely the matrix
B(0) and the vector c(0) are assumed to be periodic with
period T = 12 months:
B(0) = B0 + Bs sin (2πt/T ) + Bc cos (2πt/T )
c

(0)

= c0 + cs sin (2πt/T ) + cc cos (2πt/T ) .

(8)
(9)

The linear model (6–7) with L = 3 was estimated using
the ERSSTv.4 data16 in the phase space of leading 20
EOFs of SST (30◦ S - 60◦ N), and was subsequently used
to obtain multiple independent synthetic ENSO time series of the same length as the observational data record.
At the simulation stage, we used three different
(3)
schemes for modeling stochastic forcing ri , all of which
where based on random sampling from the library of
the ‘observed’ third-level residual forcing arising from
the model construction (regression) procedure. In the
first scheme, the forcing was randomly sampled from the
library of the observed residuals, and did not depend
on the simulated state of the model, corresponding to
the classical LIM model. The second scheme chose the
model forcing using the entry in the observed residual
library that corresponded to the day on which the observed ENSO state was the closest to the current simulated ENSO state; note that the random forcing so computed depends on the state of the system, and thus represents the so-called multiplicative noise. The third forcing
scheme was similar to scheme 2, but used 5-month-long
snippets from the observed forcing library instead of the
single state.17
B.

Synchronization and causality analysis

The results for the EMR model driven by multiplicative noise snippets are shown in Fig. S6 in the form of
aggregated plots, which are analogous to those Fig. S5
for the damped PRO model.
Unlike the low-order dynamical PRO model, the empirical stochastic model is clearly able to simulate synchronization phenomena, in which QB mode is synchronized with the AC and that the AC is phase synchronized
with the combination tones. The same synchronization
behaviour was observed in the observational data (see
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(C). This argues that: (i) the QB dynamics is present
in the algebraic structure of the deterministic operator
of the EMR model (6–7), since the model driven by the
additive noise does possess these dynamics; but also that
(ii) causal interactions that involve QB modes are sensitive to the structure of the state-dependent (multiplicative) noise forcing.
A

B

C

FIG. S6. The same as in Fig. S4, but for the synthetic
NINO3.4 time series simulated by the empirical stochastic
EMR model.

Fig. 1 in the main text). The majority (though not all)
of the empirical model realizations were also able to correctly simulate the observed phase–phase causal relationships, with directional connection from LF mode to the
AC modes, as well as from the AC modes to the modes
in the QB range (compare the B panels of Fig. 1 in the
main text and Fig. S6). However, only a few realizations
of the empirical stochastic model could capture the observed phase–amplitude causality from the LF mode to
the QB mode; hence, we conclude that the present empirical model is not able to accurately simulate this aspect
of the observed phase–amplitude causal relationships in
ENSO. Further improvements may perhaps be achieved
by experimenting with the empirical models formulation
(changing the number of variables, degree of nonlinearity
etc.), but these experiments are beyond the scope of the
present study.

V.

POSSIBLE ARTEFACTS OF THE METHOD
AND THEIR CONTROL

In the present study we combine causality detection
methods with the wavelet transform. Paluš & Vejmelka7
demonstrate that the correct inference of causality between systems oscillating on different frequencies is challenging and the surrogate data testing is necessary to
cope with biases in conditional mutual information estimates. Applying MI/CMI on phases or amplitudes obtained by the CCWT, their values are non-zero, giving a
non-random, scale-dependent pattern even for a CCWT
decomposition of white noise.4 However, the surrogate
data test invalidates such false causalities.4 One can ask,
whether the FT surrogate data tests prevent from false
causality detection when the CCWT and MI/CMI methods are applied to highly nonlinear data. We have to admit that in some cases the FT surrogate test fails. Fortunately, we have another simple test to discern false from
true causalities.
We illustrate the ability of our approach to detect
causal relationships within complex systems using a
toy example of unidirectionally coupled Rössler models
(studied in detail by Paluš & Vejmelka7 ). Here, the driving, master system X is defined as
ẋ1 (t) = −ω1 x2 (t) − x3 (t)
ẋ2 (t) = ω1 x1 (t) + 0.15x2 (t)
ẋ3 (t) = 0.2 + x3 (t)(x1 (t) − 10)

A
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FIG. S7. Phase–phase causality diagnosis in three versions of
the Kondrashov et al.14 three-level empirical (EMR) model of
ENSO: (A) model driven by additive noise; (B) model driven
by multiplicative noise computed as the observed residual
(3)
forcing ri for the month in which the observed sea-surface
temperature state is the closest to the current simulated state;
(C) model driven in the same way as in (B), but using 5month snippets (instead of the single monthly value at each
time) from the observed forcing library (this panel is the same
as panel (B) of Fig. S6).

Fig. S7 shows phase–phase causality results for the
EMR model utilizing three different stochastic forcing
schemes (see above). Note that the LF→QA→QB causal
links are present in all of the plots, but become progressively more pronounced from the scheme utilizing additive noise (A), to the one with multiplicative noise (B),
to, finally, the scheme using multiplicative noise snippets

and the driven, slave, system Y as
ẏ1 (t) = −ω2 y2 (t) − y3 (t) +  (x1 (t) − y1 (t))
ẏ2 (t) = ω2 y1 (t) + 0.15y2 (t)
ẏ3 (t) = 0.2 + y3 (t)[y1 (t) − 10]
where ω1 = 2.0, ω2 = 0.985. The first component of
Y contains the diffusive coupling term (x1 (t) − y1 (t)),
where  is the coupling strength.
We integrated the above systems for a range of coupling strengths , recorded the components x1 (t) and
y1 (t) and used them as an input into the CMI analysis. The numerical integration scheme was based on
the Bulirsch-Stoer method18 which uses adaptive time
stepping, but a prescribed output sampling interval of
∆t = 0.157 was used. Using this output sampling, the
period of the faster master system X is equal to 19 samples (thus its period is 19 · ∆t) and the period of the
unforced slower system Y is approximately equal to 40
samples (see Fig. S8b.)
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Fig. S8a shows the average quadratic difference between x1 (t) and y1 (t) as a function of the coupling
strength . Starting from  ≈ 0.15 there is a clear drop
in the quadratic difference, which hints at the synchronization of the two systems. This synchronization is directly confirmed by examining the periods of the master
(fast) system X and slave (slow) system Y (Fig. S8b).
Before synchronization, the period of the slow Y system
is about twice as long as that of X, but at the critical
coupling strength and beyond, it adjust to match the
faster rhythm of the master system X. The matching of
rhythms is also clearly visible in Fig. S8c, which shows
the phase synchronization measure based on the phases
of both systems obtained using the Hilbert transform applied to the components x1 and y1 . Most importantly,
the measure of the conditional mutual information (CMI)
(Fig. S8d) is characterized by much larger values in the
causal direction compared to those in non-causal direction, and exhibits a peak at the critical coupling strength
of  = 0.15, after which the synchronization occurs and
causality detection becomes impossible.

FIG. S8. The route to synchronization for the unidirectionally coupled Rössler systems with periods in approximate ratio 1:2. (a) The average quadratic difference between x1 (t)
and y1 (t). (b) The dominant period of the master system X
(black) and the driven system Y (red). (c) The mutual information I(φ1 ; φ2 ) as the measure of phase synchronization. (d)
The averaged conditional mutual information I(x1 (t); y1 (t +
τ ) | y1 (t), y2 (t), y3 (t)) giving the causal influence in the direction X → Y (red) and I(y1 (t); x1 (t + τ ) | x1 (t), x2 (t), x3 (t)) in
the opposite direction (dark blue). All quantities plotted as
functions of the coupling strength .

Analogous results regarding identification of the causal
direction in the Rössler coupled system were obtained
based on the phase time series associated with the x1 (t)
and y1 (t) variability, where the phases were defined based
on the Hilbert transforms (Fig. S9a) or complex continuous wavelet transform (CCWT) (Fig. S9b) In both cases,
the CMI diagnostic is clearly able to distinguish the true
direction of causality (in red) from false-direction causality (black). In reality, however, the observed variability
(for example, the ENSO variability) is a mixture of signals due to a variety of drivers, which may or may not

be causally dependent. Would our methodology be able
to properly identify causal directions in these settings?
To address this questions, we constructed synthetic observables z(t) using linear and nonlinear combinations
of x1 and y1 , and used CCWT-based phase time series
of the signals with central periods of 19 and 40 samples to diagnose causality. Fig. S9c shows the results for
z(t) = x1 (t) + y1 (t). In this case, the plot of CMI in the
causal direction is almost identical to the one based on
the original (unmixed) signals (Fig. S9b), while the CMI
in non-causal, wrong, direction is a bit larger than in the
unmixed case, in particular for small values of the coupling strength parameter ; still, our methodology clearly
is able to identify the true causal direction. This conclusion holds for a much more challenging example, where
the mixed observable is defined as a nonlinear combination of the two oscillatory signals: z(t) = x1 (t) · y1 (t) (see
Fig. S9d). The nonlinear mixture leads to noisier results
as far as the causality estimation is concerned, but to a
large extent, the CMI estimator, once again, is able to
recognize the true causal direction (red) from the false
one (black).

FIG. S9. The averaged conditional mutual information
I(φ1 (t); φ2 (t+τ ) | φ2 (t)) estimating the causal influence in the
direction X → Y (red) and I(φ2 (t); φ1 (t + τ ) | φ1 (t)) in the
opposite direction (black) plotted as functions of the coupling
strength . The phases φ1 (t) and φ2 (t) have been obtained
from (a) the components x1 (t) and y1 (t) using the Hilbert
transform; (b) the individual components x1 (t) and y1 (t) using the complex continuous wavelet transform (CCWT) for
the periods 19 a 40 samples, respectively; (c) a single signal
defined as x1 (t) + y1 (t) using CCWT for the periods 19 a 40
samples; and (d) a single signal defined as x1 (t) · y1 (t) using
CCWT for the periods 19 a 40 samples. All quantities plotted as functions of the coupling strength  for the unidirectionally coupled Rössler systems with periods in approximate
ratio 1:2.

The above examples of causality estimation assumed
that we have knowledge of the true periods of the coupled systems considered, which may not be the case
in real applications in which the underlying dynamical
systems are unknown. The CCWT can still be used
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to construct the phase time series associated with the
variability for a range of central periods, and the CMI
measure can be computed to identify causal connections
within different pairs of phase time series; however, in
this case, care must be taken to ensure statistical significance of the causal connections so identified and to
avoid false positives. This can be partially achieved via
Monte Carlo methodology, in which the whole causality
identification procedure is applied to surrogate data samples that mimic the data but are by construction void of
any causal relationships. Consider, for example, our first
observable z(t) = x1 (t) + y1 (t) (wavelet power for this
signal is shown in Fig. S10c), and compute the CMI associated with paired CCWT based phase time series at
the central period of 19 samples (master system) and the
slave system phase time series associated with a range
of central periods from 10 to 60 samples (note, that the
true slave system period is 40 samples) (Fig. S10a). In
addition to the expected CMI peak at the period of 40
samples associated with the true causality X → Y , we
see two other peaks, one at the period of 10 samples
and the other — at the period of 26 samples. The true
causality peak at 40 samples is not replicated by the surrogate data, as this peak is well above the error bars that
show 95% spread associated with the 100 surrogate data
samples obtained by randomizing phases of the original
input time series z(t). By contrast, the false positive
associated with the peak at 10 samples — well within
the spread of the surrogate CMI estimates — is detected
not to be significant (with the exception of one point),
while the false peak at 26 samples is still deemed significant (at the 5% level) despite the differences between
this peak and the peak present in the surrogate data are
not nearly as pronounced as for the true peak at 40 samples. The same conclusions stem from the z-score plots
(Fig. S10d). The CMI analysis applied in the non-causal
direction (Fig. S10b) also shows a false peak at the period
of 26 samples, but this peak is not statistically significant;
in fact, no statistically significant causal relationship is
detected in the non-causal direction, as expected.
Finally, Fig. S11 shows the results of repeating the
above analyses using three different CCWT bandwidths,
leading to slightly different estimates of the wavelet
power (Fig. S11b). The z-scores associated with the
casual-direction CMI (Fig. S11a) show robust statistically significant peak at the 40 samples for all bandwidths
used, whereas the position of the false positives at around
25 samples – 30 samples is much more sensitive to the
CCWT bandwidth used; furthermore, the false positive
peak at 10 samples is detected, in some cases, to be statistically significant. Thus, Monte Carlo approach is useful
for detecting false positives, but still prone to errors due
to, most probably, spectral leakage. Fortunately, the position (scale, period) of the false causality peaks, created
by the spectral leakage, depends on the filter parameters (bandwidth), while the spectral position of the true
causality peaks is robust with respect to filter parameters.

FIG. S10. The averaged conditional mutual information (a)
I(φ1 (t); φ2 (t+τ ) | φ2 (t)) estimating the causal influence in the
direction X → Y and (b) I(φ2 (t); φ1 (t+τ ) | φ1 (t)) in the opposite direction for the unidirectionally coupled Rössler systems
with periods in approximate ratio 1:2 and  = 0.065. The
surrogate range (mean ± 2SD) marked in grey. The phases
φ1 (t) and φ2 (t) have been obtained from a single signal defined as x1 (t) + y1 (t) using CCWT for the periods 19 samples
for φ1 (t), while the period for φ2 (t) is variable given on the
abscissa. (c) The wavelet power for the signal x1 (t) + y1 (t).
(d) The z-score for the test in plot (a), the red line marks the
significance level of 2 SD.

FIG. S11. (top) Z-scores for the averaged conditional mutual
information I(φ1 (t); φ2 (t + τ ) | φ2 (t)) estimating the causal
influence in the direction X → Y . The same settings as in
Fig. S10 a, d. Different colors (black, blue, green) give results
obtained with CCWT with different bandwidths. The red line
marks the significance level of 2 SD. (bottom) The wavelet
power for the signal x1 (t) + y1 (t) obtained with CCWT with
different bandwidths.

VI.

ROBUSTNESS ANALYSIS

In order to assess the robustness of our results, we estimated the (conditional) mutual information using equiquantal binning method (using 4 bins) and compared the
results to the k-nearest neighbours estimate (k = 64);
see Hlaváčková-Schindler et al.10 and references therein
for a comprehensive review of (conditional) mutual in-
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formation estimators and their caveats. Both estimates
underwent the statistical significance testing using 500
Fourier transform surrogates12 and were computed using the NINO3.4 index data for a full available period
1870–2016.1 The conditional mutual information, which
reflects phase–phase causality, was averaged over forward
time lags 1-30 months, τ = 1, . . . , 30.7
As can be seen from the robustness analysis result in
Fig. S12, both estimates provide the same picture with
only small deviations, which we consider to be statistical
fluctuations. Cross–scale interactions, which are of main
interest here, are virtually the same – we can clearly identify the phase synchronization between the annual cycle
(AC) and quasi-biennial (QB; periods of 1.8–2.1 yr) mode
and between the AC and combination tones (CT; periods
approximately 9 and 14 months). As for the phase–phase
causality, one could distinctly detect the low-frequency
(LF; periods 4–6 yr) phase driving the AC phase and
that the phase of QB is partially slaved to the phase of
AC.

information for a shorter time series.

A

B

C

D

FIG. S13. (A,C) Cross-scale phase synchronization and (B,D)
phase–phase causality in the observed NINO3.4 time series for
(A,B) the first half of the full period 1870–1943 and (C,D) the
second half of the full period 1943–2016. Shown are (positive)
significance-level deviations from the 95th percentile of the
of the k-nearest neighbour estimates of (conditional) mutual
information, tested using 500 Fourier transform surrogates.
A
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FIG. S12. (A,C) Cross-scale phase synchronization and (B,D)
phase–phase causality in the observed NINO3.4 time series for
a full period 1870–2016. Shown are (positive) significancelevel deviations from the 95th percentile of the (A,B) equiquantal binning estimates and (C,D) of the k-nearest neighbour estimates of (conditional) mutual information, tested
using 500 Fourier transform surrogates (see main text for details).

For the second phase of robustness analysis, we divided the full NINO3.4 data period into two equally long
periods, namely 1870–1943 and 1943–2016 periods, and
estimated the phase synchronization and phase–phase
causality for each of these periods separately. The causality estimates from the two different periods exhibit substantial differences (Fig. S13), which can either be due
to the true change in ENSO dynamics between the two
periods, or due to less robust estimation of the mutual

The wavelet power spectra of the NINO3.4 time series
computed for the full (1870–2016) period, as well as for
the 1870–1943 and 1943–2016 sub-periods (Fig. S14) suggest that the former possibility is more likely. Indeed, the
ENSO variability in the second part of the record (1943–
2016) exhibited more power at QB periods compared
with the first part of the record (1870–1943); thus the
phase synchronization between AC and QB modes was
more pronounced during 1943–2016 compared to 1870–
1943, consistent with Fig. S13.
Note that neither of the three NINO3.4 spectra shown
here exhibits an enhanced power at QB frequencies.
However, the QB component of ENSO variability can
be detected via advanced spectral methods, such as the
Singular Spectrum Analysis.19 The low relative power
of QB modes is due to the fact that these modes are
only intermittently active. Despite that, our analysis suggests that the QB modes are central to, and in a sense
define ENSO variability, and ENSO events occur when
a wide suite of these QB modes synchronize. The QA
and LF modes serve as the pacemakers of ENSO events,
through the direct and indirect causal connections established in the main text (Figs. 1 through 6). Similarly,
the LF ENSO variability (periods of 4–6 yr) was also
more pronounced in the second part of the record, leading to a more distinct detection of LF phase→AC phase
causality during that period (Fig. S13). This apparent
change in ENSO dynamics is in agreement with the studies which indicate that ENSO behaviour can exhibit mul-

8
tidecadal epochs characterized by pronounced differences
in diverse ENSO characteristics, but what causes ENSO
to change and whether these changes are stochastically
or dynamically driven are still unresolved questions in
the community.20–23
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VII.

EFFECT OF TEMPORAL FILTERING ON
THE RESULTS

The non-locality in time of wavelet transform might be
a potential source of identifying false causal relationships
in the data (cf. section 5). In order to assess these potential effects, we computed phase-phase causality (in both
directions) between the AC and the time series associated with other central periods, between 3 months and
8 years, but this time varied the width of Morlet mother
wavelet function used in CCWT, which effectively controls the degree temporal smoothing applied. The results
are shown in Fig. S15 in the form of z-scores computed
in relation to 100 FT surrogate scores. The significant
phase-phase causality peaks (i.e. z-score > 2.0) are robust across all of the three different bandwidths used.
We thus conclude that the temporal averaging connected
with the use of CCWT has little effect on our causal detection results.

8

FIG. S14. Power spectra of NINO3.4 SSTs, as a function of
period. These three spectra are computed by time-averaging
the spectral power from the wavelet analysis using the Morlet
mother wavelet.6 Spectrum for the full period of 1870–2016
in solid black, and dashed red and dotted green for the first
(1870–1943) and second (1943–2016) halves of the data, respectively.

On the other hand, the observed phase–phase causality, where the AC partially drives the variability in the
QB range as seen in the estimates of the conditional mutual information for the whole period (see Fig. S12) was
not found to be statistically significant in neither of the
half-period estimates, perhaps with a slight hint to this
behaviour in the second part of the record. (Fig. S13).
This is most likely to be attributed to the insufficient
length of the analysed time series. It is well known
that the sensitivity of detection of the causal relationships strongly depends on the length of the time series,
as well as on the dimensionality of the joint probability distribution.7,24 When we halved the time series of
NINO3.4 for robustness analysis, the number of monthly
observations with each half dropped accordingly (from
approximately 1700 to 850 data points), leading to a
larger uncertainty of higher-dimensional probability distribution estimation and the ensuing loss of statistical
significance.

∗
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FIG. S15. Z-scores for the averaged conditional mutual information I(φ1 (t); φ2 (t + τ ) | φ2 (t)) giving the causal influence of
the annual cycle in NINO3.4 series on the NINO3.4 variability in time scales with periods given on the abscissa (top);
and the causal influence in the opposite direction, i.e. the
influence of other periods on the phase of the annual cycle
(bottom). Different colors (black, blue, green) give results
obtained with CCWT with different bandwidths. The red
line marks the significance level of 2 SD.

VIII.

CMIP5 ADDITIONAL INFORMATION

Additional Excel (xlsx) file is provided, this lists the
measures of similarity between various characteristics of
the observed data and CMIP5 models. For more information, see caption of Fig. 3, here the values for individual
model runs are given.
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