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The paper of Vickers et al. (2009) raises the important issue of
self-correlation, also named spurious correlation or artificial
correlation, in the context of partitioning measured eddy-covariance
(EC) CO2 fluxes. Vickers et al. argue that there is a spurious
correlation between primary production (GPP) and ecosystem
respiration (Reco) when these component fluxes are jointly
estimated from the measured net ecosystem exchange (NEE) of
CO2. Spurious correlations can arise, for instance, when an
independent variable x is compared with a dependent variable z

that iscomputedfromx asx � y (Kenney,1982). Inthisexamplexand
y are the ‘‘original’’ variables and z is derived from these. The higher
the variance of the shared variable x compared to the variance of y,
the higher the spurious correlation between x and z (Kenney, 1982).

Standard flux partitioning methods derive GPP and Reco (here, by
definition, both positive quantities, whereas negative NEE indicates
net uptake by terrestrial vegetation) by fitting a respiration model to
nighttime EC data (where GPP = 0, as there is no photosynthesis in
the dark), extrapolating the model into daytime, and deriving the
estimated GPP as Reco-NEE (Desai et al., 2008; Reichstein et al.,
2005). Here, Reco corresponds to x, NEE to y, and GPP to z = x � y. This
description can be further split up as described in Vickers et al.
(2009) method II: when using daily sums, or data further aggregated,
the data can be split into their nighttime and daytime part then
GPP = NEEday� Recoday. The correlation between GPP and Reco could
be expected to be spurious, as the equation to derive GPP containsReco
or at least the daytime part. Even when splitting the variables into
day and nighttime, the estimate of the spurious correlation is not
small (Vickers et al., 2009).

A key difference between the flux partitioning and the Kenney
(1982) example is that NEE is not an ‘‘original’’ independent
random variable but rather consists of two distinct components:
Reco and GPP. With the operation Reco-NEE the influence of Reco is
removed from NEE thus Reco is not part of GPP. But note that any
error in the estimation of Reco would be directly transferred to GPP.
Spurious correlation is often illustrated with the example of
plotting the weight of the liver against total body weight.
Variability of the liver directly causes a variability of the total
body weight and thus a correlation (Kainz et al., 2009). In case of
the flux partitioning Reco is the analogue of the liver, but NEE is the
total body weight and GPP is total body weight minus liver. The
correlation between liver and total body weight minus liver would
not be expected to be spurious (unless there were measurement
errors), as the liver is not part of the second variable and does not
contribute to its variability.

Here we are not arguing against the general importance and the
necessity to be aware of the problem of self-correlation when
estimating GPP and Reco from the same EC data, but self-
correlation is important because of the error in Reco rather than
because Reco being a shared variable. We show that the spurious
correlation estimated using the whole variance of Reco with the
Fig. 1. Standard deviation of NEE versus the correlation (R) between GPP and Reco.
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Fig. 2. (a) Estimated artificial correlation versus the correlation between GPP and Reco, the different lines indicate the standard deviation of GPP as in (b), markers indicate the

approach used to estimate the artificial correlation. (b) Difference of observed and spurious correlation (the estimate for the real correlation of Vickers et al., 2009) versus the

real correlation. The observed correlation equals the real correlation of the generated dataset here.
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approach adopted by Vickers et al. (2009) is high, even when both
quantities are in fact correlated and we attribute any spurious
correlation to the variance of the error in Reco.

Across FLUXNET sites the variance of Reco on different timescales
is not negligible compared to the variance of NEE (Falge et al., 2002;
Stoy et al., 2009). After Eq. (2) in Vickers et al. (2009) the spurious
correlation between GPP and Reco is expected to be high. We now
examine the implications of the fact that NEE, the net ecosystem
exchange is by definition the difference between GPP and Reco. This
identity implies that the variance (var) of NEE decreases with
increasing covariance (covar) between GPP and Reco, since

varðNEEÞ ¼ varðGPPÞ þ varðRecoÞ � 2covarðGPP;RecoÞ (1)

This contradicts the concept of spurious correlation following
Eq. (2) in Vickers et al. (2009), which would predict a high spurious
correlation for a low variance of NEE. Note that this equation is
based on the positive definition of GPP and Reco. Following the
micrometeorological sign convention, where a flux towards the
surface is negative, a negative covariance would be added resulting
in the same decreased variance of NEE. We illustrated this
relationship using artificial data where GPP and Reco are normally
distributed random variables with varying variances of GPP and
varying correlation between the two, NEE is computed as Reco-GPP

(Fig. 1). For this constructed dataset our understanding of the
correlation between GPP and Reco is, that it is completely real and
the ‘‘artificial correlation’’ between GPP and Reco should be zero,
although GPP can be computed as Reco-NEE.

Two approaches have been proposed to estimate the self-
correlation: (1) based on the variances of the two original variables
(x and y) (Kenney, 1982) and (2) a method that decorrelates NEE

and Reco (Vickers et al., 2009). GPP is then computed with the
randomized Reco, assuming that Reco is part of GPP, the correlation
between GPP and the randomized Reco is the self-correlation. They
both show the same high values for the ‘‘artificial correlation’’ even
if GPP and Reco are in fact uncorrelated (Fig. 2a). Using the whole
variance of Reco to estimate the spurious correlation can lead to a
strong overestimation of spurious correlation and a misleading
estimate of the real correlation, if the real correlation is estimated
as observed minus spurious correlation as in Vickers et al. (2009)
(Fig. 2b).

So far we assumed perfect observations of NEE and perfect
estimates of Reco, which cannot be expected (Desai et al., 2008;
Lasslop et al., in press; Richardson et al., 2006). Including the errors
the equations can be changed into

NEEobs ¼ GPPtrue þ Recotrue þ eNEE; (2)

Recoest ¼ Recotrue þ eReco (3)

GPPest ¼ Recoest � NEEobs ¼ GPPtrue þ eReco þ eNEE; (4)
where e denote error terms, the subscript ‘‘true’’ denotes the true
value of the system, ‘‘obs’’ and ‘‘est’’ the observed and estimated
values, respectively. Thus spurious correlations can be introduced
via error terms that are part of both, Reco and GPP, but only if they
contribute to the variance, e.g. they are not constant. This explains
the high estimates of self-correlation when using the randomized
time series of Reco to compute GPP, as the relation between NEE

and Reco is destroyed, the Reco error is maximized by the
randomization and Recotrue = 0.

To derive relationships between Reco and GPP without having
to face the problem of spurious correlations or to explore the
extent of a spurious correlation we recommend to combine
independent estimates for such analysis. For instance, respira-
tion can be derived from chamber measurements and combined
with GPP from eddy-covariance measurements. If only eddy-
covariance measurements are available Reco can be derived
using only nighttime data and GPP using only daytime data. The
influence of the error in Reco on the correlation between GPP and
Reco as well as additional evidence of real correlation between
GPP and Reco is further explored in a forthcoming manuscript
(Lasslop et al., in press).
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