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Supplemental methods
Multichannel singular-spectrum analysis (M-SSA)
M-SSA relies on the classical Karhunen (1946)-Loève (1945) spectral decomposition of stochastic
processes. Broomhead & King (Broomhead and King 1986a; Broomhead and King
1986b) introduced them into the study of nonlinear dynamical systems, as a robust version of the
Mañé-Takens idea (Mañé 1981) to reconstruct dynamics from a time-delayed embedding of a time
series. Vautard and Ghil (1989) showed that, even when complete reconstruction of the system's
attractor, as originally proposed by Broomhead and King (1986b) does not work, because of the
shortness and noisiness of the available time series, it is still possible to reconstruct the “skeleton”
of the attractor, given by the least unstable periodic trajectories it contains.
M-SSA essentially diagonalizes the lag-covariance matrix by computing its eigenvectors and
eigenvalues: the former represent a complete basis of spatio-temporal empirical orthogonal
functions (ST-EOFs) and the latter represent the associated variance.
Let
x={xd (n): d=1,… , D ; n=1,…, N } be a multivariate time series with D channels of length N .
Each channel is embedded, according to the Mañé-Takens idea, into an M -dimensional phase
space by using lagged copies X d (n)={x d (n) ,…, x d ( n+ M −1)} , with n=1,…, N −M +1 . We form
the full augmented trajectory matrix by concatenating all channels into X ={X 1, X 2, …, X D } . This
matrix has DM columns of length N '=N −M + 1 .
In its first step, the M-SSA algorithm computes the covariance matrix C=X T X /N ' , where (.)T
indicates the transpose of a matrix. We diagonalize this matrix in the next step as C=ET Λ E to
yield a diagonal matrix Λ of k =1,…, DM real, nonnegative eigenvalues and a matrix E whose
columns are the associated eigenvectors (ST-EOFs). The number of positive, non-vanishing
eigenvalues equals to the rank of X ; i.e. the smallest of DM and N − M +1 . In our analysis, D
= 12 time series, M =16 years and N = 57 years, yielding total of N−M +1 = 42 principal
components (PCs) when projecting the time series X onto the ST-EOFs via A= X E . This is
equivalent to representing the time series' behaviour by a succession of overlapping “views” of the
series through a sliding M -point window. The resulting PCs have length N−M +1 . The inverse
reconstruction of X with a single ST-EOF X k =A k ETk yields, upon averaging along the skew
diagonals, the so-called reconstructed components r k (RCs; (Ghil and Vautard 1991; Vautard et al.
1992; Plaut and Vautard 1994)). We denote here by (.)k the k -th column of the matrix. The RCs
DM

have full length N , and the sum of all RCs gives again the complete time series x=∑k=1 r k .
Penland et al. (1991) have shown that SSA is considerably more parsimonious than standard AR
methods in the time domain, i.e. in terms of RC-based reconstructions, as well as in the frequency
domain, where the counterpart of using AR models is the maximum entropy method (MEM). Even
when applying the Akaike criterion to MEM, in order to prevent the notorious lack of robustness of
the spectra it generates, SSA requires one to infer a smaller number of parameters, with the result
that it is more robust.
Recently, Groth and Ghil (2011) have demonstrated that a classical M-SSA analysis may suffer
from a degeneracy problem, with ST-EOFs not separating well between distinct oscillations when
the associated variances are similar in size. In order to reduce mixture effects and to improve the
physical interpretation of the results, these authors have proposed a subsequent varimax rotation T
~
of the ST- EOFs; E=E T . This modifies the variance explained in the rotated ST-EOFs as
~
Λ=T ' Λ T .
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To avoid any misinterpretation of random fluctuations as oscillations, we performed a Monte Carlo
statistical test by comparing the variance captured in the ST-EOFs with that present in a large
ensemble of random-walk noise surrogates. When the variance of an oscillatory pair of ST-EOFs
exceeds the hypothetical level of a random-walk noise process, the corresponding RCs are supposed
to represent significant oscillatory behaviour. Allen and Smith (1996) provide a comprehensive
discussion for the univariate case, while Allen and Robertson (1996) provide an extension of the
test to M-SSA. See also Groth and Ghil (2015) for a recent review of Monte Carlo Singular
Spectrum Analysis.
Wavelet analysis
We further used a wavelet analysis and decomposed each original time series into oscillatory
components localized in both time and frequency. The wavelet analysis resembles a classical
Fourier analysis with a time–frequency component that is able to capture temporal changes in
frequency and amplitude, and is thus able to track non-stationary behaviour (Cazelles et al. 2007).
This property qualifies wavelet analysis as an excellent tool for the analysis of ecological time
series, which are often highly non-stationary (Cazelles et al. 2008). Note that, in contrast to a
wavelet analysis, window width in the M-SSA analysis is fixed. On the other hand, the ST-EOFs in
M-SSA are data-adaptive, while wavelet analysis requires the a priori choice of a set of basis
functions, with the property of time and frequency localization. For a comparison of the two
approaches and a possible generalization of M-SSA to variable window width, see (Yiou et al.
2000).
The wavelet decomposition is computed by convolving each time series with a scaled and translated
version of an appropriately chosen analyzing function, here a Morlet wavelet. By analogy with the
Fourier power spectrum, we then compute the wavelet power spectrum (WPS); that is the square of
the absolute value of the otherwise complex-valued wavelet transform. The WPS quantifies the
variance of the time series in the frequency domain as well as in the time domain, and thus maps the
one-dimensional time series onto a two-dimensional plane (Cazelles et al. 2008). In other words,
WPS values can be used to assess the frequencies (or periods) that contribute most to the variance
and their localization in the time domain.
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Supplemental Figure Captions

Fig. S1. Time series for perch and pike traits in each basin of Windermere. Heavy black lines
represent mean age, with 95% confidence intervals given by dashed black lines. Red lines with
circles represent mean body length. The vertical line marks 1976, the year of pathogen outbreak

Fig. S2. Eigenvalue spectrum of the Windermere records. The eigenvalues represent the variance
(power) in the direction of their corresponding ST-EOFs. The eigenvalues are plotted against the
dominant frequency associated with the ST-EOFs rather than in the usual rank order of a PC
analysis. The error bars represent the 2.5% and 97.5% quantile from an ensemble of 1,000 surrogate
data of a composite null hypothesis of a trend component in RCs 1-2 (target dots) plus AR(1) noise
(Groth and Ghil, 2015). Significant eigenvalues are indicated in red. The paring criteria of similar
variance and frequency gives three significant oscillatory pairs of period length 13.1-year, 7.4year, and 2.4-year, respectively. The M-SSA parameter M=16 gives a total of N'=42 non-vanishing
eigenvalues. The subsequent varimax rotation uses ST-EOFs 3–20 while ST-EOFs 1–2 are excluded
from the rotation since they are distinct from the others and not degenerate

Fig. S3. Coherence analysis of all normalized and detrended fish time series in the north (N) and
south (S) basins of Windermere. Colour code: increasing coherence intensity from white to dark
red; white dashed lines show statistically significant area (threshold of 95% CI); the fine black
curve delimits the cone of influence (region not influenced by edge effects)
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