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A B S T R A C T

While empirical modelling remains a popular practice in environmental sciences, an alarming number of misuses 
of correlation- and regression-based techniques are encountered in recent research, although these techniques 
are described in courses and textbooks. This position paper reviews the most common issues, and provides 
theoretical background for understanding the interests and limitations of these methods, based on their un
derlying assumptions. We call for a reconsideration of misleading practices, including: the application of linear 
regression to data points that do not display a linear pattern, the failure to pinpoint influential points, the 
inappropriate extrapolation of empirical relationships, the overrated search for “statistical significance”, the 
pooling of data belonging to different populations, and, most importantly, calculations without data visualiza
tion. We urge reviewers to be vigilant on these aspects. We also recall the existence of alternative approaches to 
overcome the highlighted shortcomings, and thus contribute to a more accurate interpretation of the results.

1. Introduction

“Regarde de tous tes yeux, regarde !” [“Look with all your eyes, look!”] 
— Jules Verne, Michel Strogoff, 1876.

Many environmental processes are prone to significant variability, 
multiple couplings, feedbacks and stochastic forcings, resulting in high 
complexity that often jeopardizes the predictive capacity of determin
istic, physically-based models (Wainwright and Mulligan, 2004; Young 
et al., 1996). Additionally, environmental measurement, in the broadest 
sense – monitoring, sampling, analysis –, often entails important chal
lenges: significant costs, time constraints and inherent non-controlled 
conditions of in situ measurements may result in scarce and/or 
low-quality data with few replicates, despite recent developments in 
high-frequency monitoring strategies (Razguliaev et al., 2024; Smits 
et al., 2025). This may help understand the widespread use of empirical 
approaches in environmental studies, in order to relate two (or more) 
quantities that happen to co-fluctuate. In general, correlation- and 
regression-based techniques aim to go beyond, and possibly consolidate, 
the (typically graphical) evidence of a certain association between 
variables, with different objectives: from the quantification of the degree 

of association (e.g. through a correlation coefficient) to the development 
of a predictive model. A series of methods – which, like any statistical 
model, are underpinned by their own fundamental assumptions – have 
been developed for the foregoing purposes, and are now widespread and 
implemented in most existing tools for data analysis.

The genesis of this paper stems from a concerning observation 
exposed in the initial section: in peer-reviewed articles published over 
the last two decades in environmental sciences, there appear to be 
increasing cases of misuse of such techniques, which disregard their 
mathematical properties and underlying assumptions. In so doing, the 
main risk is to draw potentially erroneous conclusions – e.g., to seem
ingly identify a “significant” association between two independent 
variables – from the application of an inadequate approach as a meth
odological backbone. The problem is not new, nor is its recognition, and 
pleas for an enlightened use of regression can be found in works such as 
Deming (1943), Tomassone et al. (1983), Helsel and Hirsch (2002) and 
Berthouex and Brown (2002). What is novel, however, is the unprece
dented scale of the issue – exacerbated by the recent massification of 
data combined with the development of easy-to-run software for data 
analysis – ironically associated to the growing idea that correlation- and 
regression-based techniques are “basic statistics”. As summarized by 
Mikkonen et al. (2019), “this simplicity is deceptive as the line-fitting 
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procedure is actually quite a complex problem”.
Obviously, the intention of this paper is not to stigmatize specific 

studies by pointing out their shortcomings. Our main objective is rather 
to raise awareness among environmental scientists – whether they are 
contributing as article authors or acting as reviewers – about the 
inherent limitations of commonly applied correlation- and regression- 
based techniques, to outline key caveats, and to discuss possible ways 
to overcome the encountered limitations. Following an initial part that 
sets out the scope and scale of the problem, the article is structured 
around a series of fundamental assertions, illustrated by several exam
ples and detailed by a few theoretical considerations. The purpose of 
these theoretical elements is not to compile yet another volume on 
statistics, but to offer the reader the analytical means to precisely grasp 
the problematic nature of the practices examined herein as well as the 
relevance of the proposed improvements.

2. Problem statement

To outline the addressed issue, we have first compiled eight graph
ical examples of statistical shortfalls published between 2017 and 2023 
in well-established journals in environmental sciences (Fig. 1): these 
graphs were redrawn to ensure anonymity, but we keep their references 
available for skeptical readers.

The problems embodied by these graphs may be categorized as 
follows. 

1. Application of a linear regression and/or calculation of a Pearson 
correlation coefficient for data points that visibly show a nonlinear 
pattern (Fig. 1A);

2. Presence of an influential point which alone is responsible for the 
modeled “trend” as well as its “statistical significance” (Fig. 1B and 
C) – even if the rest of the data points clearly indicate an absence of 
trend (Fig. 1B);

3. Violation of the normality assumption for correlation testing 
(Fig. 1B, C and G);

4. Violation of fundamental assumptions on regression residuals: ho
moscedasticity (Fig. 1D) and normality (Fig. 1E);

5. Pooling of data points that belong to different populations (Fig. 1F, 
and presumably Fig. 1G);

6. Extrapolation of a linear model outside of the range of available data 
(Fig. 1F and G) – even reaching non-physical values (Fig. 1F);

7. Interpolation of isolated clusters of data points, without any evidence 
of the intermediate trend (Fig. 1C and H).

Most importantly, they were treated as “positive” results (as reflected 
by the presence of a p-value on many of the graphs or in their caption), i. 
e. the authors concluded that there is a relevant association between the 
two variables under study, and/or that a linear trend is appropriate to 
describe their relationship. The fact that these glaring shortcomings did 
not elicit sufficient objection on the part of co-authors, editors, and re
viewers, to prevent their publication, is already a relatively disturbing 
observation.

To demonstrate that the problem extends far beyond this set of eight 
studies, while avoiding confirmation bias, a systematic literature search 
was carried out. The topic of microplastics was selected as a currently 
very active scientific field, and this keyword was searched on Web of 
Science in association with the keywords “correlation” or “influencing 
factor” (the search was done between September and October 2024). 
Each article, in order of appearance according to the “relevance” sorting 
criterion, from a journal with an impact factor greater than 2.5, was 
scanned to check that the content or supplementary material did present 
a correlation or regression analysis. The search was stopped at 100 ar
ticles meeting these criteria: the earliest and median publication dates 
were 2017 and 2023, respectively; the median impact factor (in 2024) of 

the journals from which they were extracted was 7.6. These 100 articles 
were then meticulously examined to check whether the statistical 
methods are appropriate, or whether they exhibit one or several of the 
above-mentioned flaws.

The number of publications without any identified problem relating 
to correlations and regressions amounts to 25 out of 100. Conversely, 55 
articles present at least one patent shortcoming, the most frequent being: 
linear regression/calculation of Pearson correlation coefficient on data 
points with no linear pattern (23), “statistical significance” due to the 
presence of an influential point (20), inference in linear regression with 
non-Gaussian or heteroscedastic residuals (13), and extrapolation or 
interpolation issues (13). In the remaining 20 articles, the details pro
vided do not allow a definite assessment of the appropriateness of the 
methodology. Typical examples of this situation include the following: 
the nature of the coefficients presented in correlation matrices – Pear
son, Spearman, or any other – is not specified; no normality test is 
mentioned prior to testing the significance of Pearson correlation coef
ficient, and the data are not available; or the sample size on which a 
correlation test was performed is not specified, while the data include 
repeated measurements on the same sites. A more subtle shortcoming, 
not quantified here, pertains to publications that merely comment on 
whether or not a correlation coefficient is “significant”, without any 
consideration for the value of the coefficient itself.

We should certainly be alerted by the fact that more than half, and 
potentially up to 3/4, of the “most relevant articles” on microplastics 
and their links to other environmental factors, have based their con
clusions on flawed statistical methods. In particular, this shows that the 
existence and availability of statistics manuals is not a sufficient bulwark 
against these kinds of misleading practices. Hence, with this position 
paper, we hope to contribute to a more informed use of empirical 
modelling among environmental scientists and, in turn, to help reduce 
the prevalence of statistical errors in published research.

In the subsequent developments, explanations will be illustrated 
using examples generated with random sequence simulators, designed 
to reflect actual configurations encountered in published literature. The 
reader will note that these examples are representative of the patterns 
shown in Fig. 1 and have not been artificially exaggerated. Synthetic 
data have the pedagogical advantage of showing that recreating datasets 
such as those depicted in Fig. 1 involves the violation of at least one of 
the statistical assumptions underpinning usual correlation analysis and/ 
or linear regression. Another advantage is reproducibility: for readers 
willing to replicate the figures and calculations presented below, R 
scripts (R Core Team, 2021) are provided in the supplementary material 
accompanying this article.

3. Influential points

3.1. Quadratic and variance-based criteria are sensitive to influential 
points

Consider the following two examples, illustrated on Fig. 2.
Example A 

X and Y are independent random variables. Let us assume that under usual 
environmental conditions, each of them follows a normal distribution, with a mean 
value of μX = 5 and μY = 10, and a standard deviation of σX = 2 and σY = 3, 
respectively. Evidently, the nature and characteristics of these distributions are 
unknown to the experimenter. 
Joint measurements of X and Y under standard conditions lead to samples x0 and y0 

with a sample size n = 15. Then an additional observation shows a large deviation 
from the common response of X and Y, both of which are significantly increased: 
x1 = 20 and y1 = 30. A discerning observer would readily recognize that this new 
point does not belong to the same underlying population. Nevertheless, as in many 
examples mentioned in Section 2, we consider a situation where the data are treated 
as such in order to explore potential correlation/trend, using the Pearson correlation 
coefficient and linear regression.
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Fig. 1. Examples of misleading use of correlation- or regression-based techniques taken from scientific literature (A: Journal of Hazardous Materials; B: Journal of 
Exposure Science & Environmental Epidemiology; C: Environmental Pollution; D: Nature Communications Earth & Environment; E: Science of the Total Environ
ment; F: Frontiers in Environmental Science; G: Environmental Science and Pollution Research; H: Environmental Science & Technology). To ensure anonymity, 
these figures have been redrawn and the legends and labels of the axes have not been included. The symbols correspond to the data points, the red line/curve to the 
least-squares regression model, and the orange curves, where present, to the 95 % confidence intervals on the regression line. On figure F, the different symbols 
correspond to different populations. When included on the original figures or in their captions, the notations r, p, and R2 refer respectively to the Pearson correlation 
coefficient, the p-value associated with the test of significance of this correlation, and the coefficient of determination of the linear regression model.
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Example B 
Consider two variables X and Y. In the usual range of variation of X, the two 
variables are linked by a deterministic linear relationship, whose coefficients are 
unknown to the experimenter. In this example, X is usually in [0,10], in which it 
follows a uniform distribution and Y = 0.5X+ 1. 
In order to characterize the relationship between X and Y, 10 joint measurements 
(x0 and y0) have been carried out in standard conditions, and an additional 
measurement has been taken outside this range, leading to x1 = 12 and y1 = 12. 
Linear regression is then applied to the whole dataset.

In both situations, the point (x1, y1) is called an influential point, since 
it has disproportionate effects on the correlation/regression results. This 
influence directly derives from the mathematical properties of usual 
correlation- and regression-based techniques. Generally, the indicator 
that is estimated by default when calling a “correlation” function on a 
statistical software is the Pearson correlation coefficient, rXY . Readers 
will likely be familiar with the formula used to estimate this coefficient 
from n joint observations of X and Y: 

r=

∑n

i=1

(
xobs,i − x

)
⋅
(

yobs,i − y
)

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑n

i=1

(
xobs,i − x

)2⋅
∑n

i=1

(
yobs,i − y

)2
√ (1) 

where xobs,i (resp. yobs,i) is the i th observed value of the variable X (resp. 
Y), and x and y are their respective mean values. Less commonly 
acknowledged is apparently the sensitivity of this measure to values that 
deviate significantly from the center of the distribution. By construction, 
r tends towards (x1 − x)⋅(y1 − y)

|x1 − x|⋅|y1 − y| = ±1 as the influential point (x1, y1) moves 
further away from the rest of the data points in both directions (like in 
Example A).

A similar effect occurs when computing the a and b coefficients of a 
regression line as least-squares estimates, which minimize the following 
criterion: 

∑n

i=1

(
yobs,i −

(
axobs,i + b

))2
(2) 

Squaring the residuals inherently magnifies large differences, and 
therefore tends to discard models that deviate substantially from one or 
a few influential point(s). Hence, in Example B, the regression line dis
played on Fig. 2B is considered a “better fit” than the line Y = 0.5X+ 1 (i. 

e. the truly linear trend observed in the interval [0, 10]), which is 
penalized by the squared difference (y1 − (0.5x1 + 1))2.

In many cases, such as those shown on Fig. 1B-C and Fig. 2A-B, 
preliminary visual assessment should be quite sufficient to identify 
influential points. This may be complemented by usual outlier detection 
techniques to reinforce the conviction that these points have likely been 
generated by different mechanisms, and therefore shall not be modeled 
with the same equation as the rest of the population. For more ambig
uous settings, a helpful and probably underutilized indicator to pinpoint 
(potentially) influential points is the “leverage” that derives from the 
projection matrix. The latter quantifies the influence of each observation 
yobs,j on the predicted value ysim,i, and leverage scores correspond to the 
diagonal elements: 

Leveragei =
∂ysim,i

∂yobs,i
∈ [0, 1] (3) 

A value close to 1 for the i th leverage score means that a variation in 
yobs,i will result in an identically large variation in ysim,i, or graphically, 
that the regression line “sticks” to the i th data point. A point with a high 
leverage score is not necessarily an influential point, as it may just be 
distant from the rest of the data points but aligned with them. However, 
it should raise the modeler’s vigilance regarding its potential effect on 
the regression model, particularly if it is subject to some uncertainty. On 
R software, leverage scores are calculated using the hatvalues function.

An even more direct way of identifying influential points is provided 
by “leave-one-out” procedures, which consist of (i) omitting one 
observation among the n data points, (ii) applying a linear regression to 
the subset of remaining n − 1 points, and (iii) examining the change in 
the fitted parameters and/or in the predicted value for the omitted point. 
These steps are repeated n times (excluding all data points one at a time), 
thus highlighting – if any – the points whose absence would result in a 
significantly different regression model.

By way of illustration, these two methods have been applied to 
Example A (see supplementary material). The leverage score for all 
points drawn from the two independent Gaussian distributions, i.e., x0 
and y0, remains below 0.15 (median: 0.07), while it is as high as 0.85 for 
the point (x1,y1). Similarly, the absence of one point from the first series 
of data would only marginally alter the slope of the regression model 
(from 1.11 to a minimum of 1.07 and a maximum of 1.24), which would 
however drop to <0.1 if the influential point were left out.

Fig. 2. Graphical illustration of Example A (left) and Example B (right). In Example A, while by construction there is no association between x0 and y0 (Pearson’s r =
0.05 for the data points above), the addition of one point to the data series results in a much higher, and seemingly “significant”, Pearson correlation coefficient (r =

0.79), as well as a positive slope of the regression line. The problem is different in Example B, where the two variables do have a linear association within a certain 
range, but the additional measurement results in a regression line that matches neither the linear portion of the data points nor the entire data series.
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3.2. The criteria used for evaluating the distance between observed and 
simulated values may have a major influence on the fitted relationship

Prior to any statistical consideration, regression can first be regarded 
as a calibration procedure, in which the model parameters are fitted to 
reach a minimum distance between observed and simulated values. That 
being said, it should be kept in mind that there are different ways to 
define a “distance” between two sets of values. As presented in the 
foregoing paragraph, usual applications of linear and nonlinear re
gressions are based on the least-squares method (Eq. (2)), in which the 
distance criterion is defined as the sum of squares of the residuals, i.e. the 
usual Euclidean or l 2 norm: 

Distl 2 (yobs, ysim)=
∑n

i=1

(
yobs,i − ysim,i

)2
(4) 

Conversely, a criterion based on the l 1 norm considers absolute 
values of the residuals and thus mitigates the contribution of large 
differences: 

Distl 1 (yobs, ysim)=
∑n

i=1

⃒
⃒yobs,i − ysim,i

⃒
⃒ (5) 

Whatever distance criterion is chosen, it is essential to recognize that, 
when considering the vertical distances to the regression line/curve 
(yobs,i − ysim,i), all error is assumed to reside in Y, while X is assumed to be 
known without (or with negligible) uncertainty (Cantrell, 2008). This is, 
for example, appropriate when considering the calibration curve of any 
measurement device, i.e., the output delivered by the device when it is 
submitted to known x values – ideally certified standards (Benisch et al., 
2021). However, in the presence of uncertainties affecting both the X 
and Y variables, it has been shown that the slope of the regression line is 
underestimated (Francq and Govaerts, 2014; Mikkonen et al., 2019).

It can be easily conceived that the minimum of these two distance 
functions is not necessarily reached for the same set of model parame
ters. To demonstrate how different the results may be, let us go back to 
Example B. Fig. 3 compares the “optimal” linear and quadratic models 
derived from the minimization of the Distl 1 and Distl 2 criteria. The 
influential point for the least-squares estimates of the regression co
efficients has, conversely, no effects on the coefficients fitted with the l 1 

norm: the latter do coincide with the “true” coefficients of the rela
tionship between X and Y in the interval [0, 10], even for a quadratic 

regression model, for which the best-fit coefficient of x2 is almost zero.
This brings us to a fundamental statement: the “optimal” parameters 

of a model fitted to a data series are not intrinsic, they are a direct 
consequence of the distance criterion used, which should not be regar
ded as a “default” or “universal” option. The usual choice of the l 2 norm 
has several theoretical advantages, provided that statistical assumptions 
on the regression residuals can be guaranteed (Section 4.2). For 
instance, if X and Y are indeed linearly related in the whole population, 
the least-squares estimates of the regression coefficients are unbiased. 
More generally, the calculations leading to, e.g., confidence and pre
diction intervals of the regression, are not compatible with estimates 
derived from the l 1 norm. However, it is certainly preferable to limit the 
ambitions of the regression approach while still achieving a reasonably 
accurate adjustment, rather than applying a flawed method, notably due 
to influential points – but more widely to a whole set of assumptions that 
will be shown to be actually quite restrictive, and often violated.

4. Regression as a modelling approach

4.1. Regression models aim at making predictions, not at drawing a line 
on a graph

Thus far, the described objective has been to achieve the closest fit to 
the observed data points by adjusting the parameters of a given 
analytical regression function. Things fundamentally change when re
gressions are regarded as a modelling approach. Then the aim is not just 
to approximate the available data, but to claim that the fitted relationship 
would still be valid for a new measurement – in other words, to predict 
the value of Y corresponding to any x value. As should be the case for all 
models, this objective goes hand in hand with an assessment of the 
magnitude of uncertainty. This broadened purpose leads to the intro
duction of a probabilistic framework, in which (i) Y is considered as a 
random variable, (ii) the whole regression model characterizes the 
conditional probability distribution Y|{X = x}, (iii) the regression 
function corresponds to the deterministic component of the model, and 
(iv) the residuals are treated as realizations of a random variable ϵ, 
which encompasses all sources of variability in Y that are not captured 
by the latter. Under the common approach of least-squares minimiza
tion, the regression function is an estimate of the conditional expecta
tion E[Y|X = x], and the residuals are assumed to be Gaussian with 
specific properties (see Section 4.2).

Fig. 3. Data points from Example B (10 measurements in a range where X and Y are linked by a linear relationship, and an additional point outside), along with the 
“optimal” linear (left) and quadratic (right) models fitted to the data by minimizing the Distl 1 (blue) and Distl 2 (red) criteria. The models adjusted with the Distl 2 

criterion are shifted towards the influential point (the parabola naturally passes closer to it than the regression line due to an additional degree of freedom), but do 
not reproduce the linear trend between X and Y in the interval [0, 10]. Conversely, the “best fit” models obtained from the minimization of the Distl 1 criterion do 
match this linear trend and are not affected by the additional point.
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Obviously, whether the focus is on the parameter estimates or on the 
model Y|{X= x} depends on the study objectives. The problem arises 
when this goal is not explicitly stated, because these two matters do not 
imply the same level of complexity. Making the objectives explicit en
ables the elaboration of an appropriate strategy for conducting statistical 
analyses, while being aware of the formal framework and the assump
tions to be checked.

Among the caveats that follow from the above, it should not be 
necessary to draw a “flat” line to demonstrate the lack of association 
between the two variables. More specifically, a horizontal regression 
line contains more implicit information than the statement of a non- 
significant correlation. It implies that the variability in Y cannot be 
explained by the variations in X, so that the “best” prediction one could 
give for an unmeasured y is the mean of the observed data. This, in 
particular, does not hold in cases such as skewed distributions for Y, 
where the mean value is poorly representative of the “center” of the 
distribution. More fundamentally, it misses the principal objective of the 
regression, i.e., prediction, as Y is entirely unpredictable from X. In many 
cases, a visual assessment of the scatterplot should be sufficient to be 
convinced of the lack of association between X and Y. However, for 
readers in need of “mathematical proof”, the calculation of an appro
priate correlation coefficient (as detailed in Section 6.3) would be more 
suitable than a linear regression analysis – which, once again, should not 
be considered as an equivalent statistical tool.

4.2. Inference in regression relies on theoretical properties of the residuals 
(that should be checked)

When applying a linear regression method in scientific publications, 
it has become quite common to display, in addition to the data points 
and the regression line, two hyperbola branches representing the con
fidence interval associated with the regression line (Fig. 1). Some graphs 
also show the prediction interval that should contain, with a given 
confidence level, the value of an unmeasured y predicted from any x 
value. Although these plots may be “standard” outputs from various 
statistical software packages, it is essential to remember that the 
mathematical derivation of these curves – as well as other inference 
results from the linear regression model – hinges upon several properties 
of the residuals (Dodge, 2008): 

● All residuals are independent realizations of the same random vari
able ϵ. The corollary of this assertion is that the residuals do not 
describe any pattern as a function of x (the contrary would indicate a 
nonlinear relationship between X and Y).

● The distribution of the residuals is Gaussian with a null mean and a 
constant variance σ2 (which belongs to the model parameters).

In other words, if these properties are not met, the mathematical 
calculations on which inference is based are unsuitable, and outcomes 
such as confidence and prediction intervals are consequently meaning
less. It is therefore fundamental to check the validity of these assump
tions before proceeding any further.

For that purpose, despite the general obsession for “statistical proof”, 
it is worth mentioning that considerable insight can be gained from vi
sual assessments. This idea is epitomized by the famous example of 
“Anscombe’s quartet”, which presents four datasets with identical basic 
statistical properties that nevertheless display very different patterns on 
a scatterplot (Anscombe, 1973). Plotting the residuals against the 
explanatory variable (or against the predicted variable) may reveal 
either a deterministic trend (so that the linear model is not adapted to 
describe the data) or a change in point dispersion with increasing x or y 
(so that the residuals do not have a constant variance). Usual visuali
zations of the statistical distribution of the residuals, such as a histo
gram, boxplot, or Q-Q plot against the quantiles of the standard normal 
distribution, provide valuable information regarding the validity of the 
normality assumption, beginning with the symmetry of the distribution.

These assessments may be complemented by statistical testing. 
Among other possibilities, the presence of autocorrelation in the re
siduals may be detected through the Durbin-Watson test; hetero
scedasticity (i.e., non-constant variance of the residuals) may be 
detected using the Breusch-Pagan and the White tests (Breusch and 
Pagan, 1979; White, 1980). On R software, these tests can be found in 
the ‘lmtest’, ‘car’ or ‘skedastic’ packages (Farrar, 2024; Zeileis and 
Hothorn, 2002). On the other hand, checking the normality of residuals 
relies on possibly more common procedures such as the Shapiro-Wilk, 
Lilliefors or Anderson-Darling tests, among others. These procedures 
are apparently not considered a routine that should follow the appli
cation of linear regression – as reflected by the many publications in 
environmental science failing to report such verifications after pre
senting a linear regression.

4.3. Modelling the mean value is not the only way to perform regression

As explained above, the most common approach to linear regression, 
based on ordinary least-squares, addresses how the mean of Y evolves as 
X takes on different values. Although the mean is a measure of position 
that is well adapted for Gaussian (or at least symmetric) distributions, it 
can be much less meaningful if the conditional probability distribution 
Y|{X= x} is significantly skewed, and provide a distorted view of the 
variable under study. Nevertheless, the mean is not the only statistical 
property that can be approached in a regression model. Quantile re
gressions have been designed to appraise the evolution of any quantile of 
the distribution of Y|{X= x} as a function of x. There are as many 
regression functions as quantiles to be estimated, possibly with different 
slopes/trends: this gives the regression model more subtlety than the 
relatively strict hypothesis of homoscedasticity – a corollary of which is 
that all quantiles should increase of decrease in parallel with the mean.

The fitting procedure of a quantile regression involves the minimi
zation of a specific criterion. To understand how the latter is con
structed, let us first point out that for a single variable Y with n 

measurements 
(

yobs,1, …, yobs,n

)
, the quantile of order τ ∈ [0, 1] can be 

estimated as the value q that minimizes the following sum 
(D’Haultfoeuille and Givord, 2014): 

∑n

i=1
φτ

(
yobs,i − q

)
(6a) 

where 

φτ(u)=
{
(1 − τ) |u| u < 0

τ u u ≥ 0 (6b) 

In a quantile regression, the only difference is that the quantile of 
order τ is assumed to be a certain function of the explanatory variable 
instead of being a constant value. Therefore, the “distance” between yobs 

and ysim is given by: 

Distquantileτ (yobs, ysim)=
∑n

i=1
φτ

(
yobs,i − ysim,i

)
(7) 

Contrary to Eqs. (4) and (5), this is not strictly a mathematical dis
tance, as yobs and ysim do not have symmetric roles in general. The only 
and noteworthy exception is for τ = 0.5 (i.e. when estimating the median 
value), where the function φ0.5 takes the simpler form φ0.5(u) = 0.5 |u|. 
To within a factor of 0.5, Distquantile0.5 is equal to the above-mentioned 
Distl 1 (Eq. (5)): this explains, in a different way, the lack of impact of 
influential points on the coefficients obtained by minimizing the l 1 

norm (Fig. 3), the median being known to be much less sensitive than 
the mean to extreme values.

In practice, quantile regression can be performed on R software with 
the rq and nlrq functions (for linear and nonlinear models, respectively) 
implemented within the ‘quantreg’ package (Koenker et al., 2017).
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5. The hazards of extrapolation

5.1. Extrapolation of empirical relationships should be made with caution

Regression-based approaches have become so standard in environ
mental science that perhaps not everyone questions the soundness of the 
statement: “I have observed several points aligned so all points should be 
aligned”. To reiterate: as the fundamental assumption of empirical 
modelling, using a regression model to predict the y value corresponding 
to any x value implies that the fitted relationship between the two 
variables remains valid beyond the set of observations. More precisely, 
the processes whose effect on X and Y is observed, but not mechanisti
cally described, are expected to operate in the same way in unmeasured 
situations.

Here again, caution is called for, remembering that the domain of 
validity of an empirical model is a priori circumscribed by the collected 
data points and experimental conditions. While interpolation of suitably 
scattered points can be considered reasonable to allow for prediction in 
similar contexts, there is no guarantee that the adjusted model will hold 
up for extrapolation – which encompasses both predictions outside the 
range of observed data and under different environmental conditions. 
Bartley et al. (2019) present a noteworthy example where 
log-transformed concentrations of chlorophyll a and total phosphorus in 
U.S. lakes are linked by a linear relationship within a certain range of 
values, but this relationship becomes totally unsuitable below and above 
this range. Justifying the universality of an empirical model is a research 
task in itself, which, if successful, can lead to far-reaching conclusions; 
but which, if omitted, may result in totally inaccurate predictions. Lang 
et al. (2010) illustrate misleading hydrological diagnosis due to rating 
curve errors, most of which were found to be associated with extrapo
lation issues. In the words of Hahn (1977): “extrapolation cannot be 
supported on statistical grounds alone; it must be justified by physical 
considerations”. More generally, at a time when we are witnessing a 
rapid expansion of data mining-based modelling approaches, acknowl
edging the issues associated with extrapolation in the case of linear 
regression – which can be seen, after all, as one of the simplest data 
mining schemes – will certainly provide critical insight into these 
practices and the validity of such modelling results.

5.2. First illustration: avoiding the prediction of non-physical values

There is one situation in which incautious extrapolation conducts to 
scientific nonsense, namely when model predictions reach non-physical 
values. Many contexts come to mind in which the quantity under study is 
physically bounded: for instance, a water depth, a concentration, a 
density, etc., cannot be negative, a yield or a removal rate cannot be 
greater than 100 % … Yet, if this quantity is treated as the response 
variable of a regression model, it may happen that the arrangement of 
the data points leads to a fitted model outside this “physical range” (see 
Example C/Fig. 4). There is perhaps no major novelty in asserting that a 
statistical model is not physically-based, and consequently does not by 
itself integrate the specific constraints related to the response variable; 
however, the automatic use of statistical tools can result in this fact 
being overlooked. The prediction of non-physical values should obvi
ously be regarded as a mathematical artifact, and these parts of the 
model should at least not be displayed on a graph. More fundamentally, 
such situations should raise the researcher’s vigilance about the validity 
of the regression model, and the use they intend to make with it.

Example C is a case of patent inadequacy of a linear model to 
describe the whole experimental trend between the two variables under 
consideration. It is certainly useful to be reminded that various tools are 
available for fitting piecewise functions to this kind of data points. On R 

software, the ‘segmented’ package may be used for that purpose: it de
termines the characteristics of the different line sections and the abscissa 
of the slope break(s), along with standard error/confidence interval 
associated with each estimate.

Example C 
In a treatment device, the removal rate of a pollutant (Y, expressed as a fraction of 
the inflow concentration) is influenced by the amount of reagent used (X, in mg/L), 
as well as by other stochastic factors such as the water composition, that may either 
enhance or inhibit the treatment process. Let us assume that (i) Y has a deterministic 
linear dependence upon X up to Y = 1, whose coefficients are unknown to the 
experimenter; and (ii) the effects of the other mechanisms can be modeled by a 
Gaussian random variable (ϵ) with a mean value of μϵ = 0 and a standard deviation 
of σϵ = 0.1. In this example, the theoretical expression of Y (which cannot be greater 
than 1) is given by: Y = min(0.2 + 0.1X + ϵ ;1)
40 campaigns have been carried out, during which different quantities of reagent x 
between 0 and 10 mg/L have been added to the treatment process, while assessing 
the removal rate of the target pollutant. Measurements of Y are exact. Linear 
regression is then applied to the data to characterize the effect of X on Y.

5.3. Second illustration: accounting for censored data in a regression 
model

A slightly more subtle facet of this problem is encountered when the 
data are estimated with a certain limit of quantitation (LQ), which is the 
case, for example, for most contaminant concentrations in environ
mental matrices. Faced with such a situation, an unfortunately common 
practice remains to substitute LQ or LQ/2 for the left-censored values, 
before applying conventional statistics as if these were “genuine” 
measured data. Example D provides a typical illustration of this practice 
(Fig. 5), which calls for a number of comments. Rationally, it is far from 
obvious that a data-driven model might be able to predict Y values that 

Fig. 4. Graphical illustration of Example C, where X and Y are linked by a 
linear relationship (affected by random noise) up to Y = 1, which is the upper 
bound for Y. Due to the arrangement of the data points, the linear model fitted 
from the application of a linear regression to the whole data set predicts “non- 
physical” values (i.e., Y values greater than 1), contrary to the model derived 
from a piecewise regression (using the ‘segmented’ package in R – see sup
plementary material).
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cannot be quantified experimentally. Such a purpose undoubtedly re
quires additional hypotheses to be made – and explicitly stated – within 
the statistical model underpinning the regression approach. Further
more, the substitution of left-censored data may have an influence on 
the fitted regression coefficients, even, ironically, sacrificing a reliable 
reproduction of the linear trend which is actually observed where Y is 
quantified.

Adequately handling left-censored data has been the subject of 
comprehensive publications, and is well beyond the scope of this article. 
We shall simply mention the existence of the R packages ‘NADA’ and 
‘NADA2’ (Julian and Helsel, 2024; Lee, 2020), and notably the cencorreg 
function, based on maximum likelihood estimation, the use of which is 
illustrated as an alternative (and preferable) regression method in 
Example D. For further details and recommendations, readers are 
invited to consult Helsel (2012) and the documentation associated with 
the above-mentioned R packages.

Example D 
Consider two variables X and Y linked by the following relationship, whose 
coefficients are unknown to the experimenter: 
Y = 10 − 0.5X + ϵ for X ∈ [0,14]
where ϵ follows a normal distribution with a mean value of μϵ = 0 and a standard 
deviation of σϵ = 0.3. 
Measurements of Y are taken for regularly spaced X values between 0 and 14, with a 
limit of quantitation LQ = 5. The coefficients of the relationship between X and Y are 
estimated after applying two relatively common approaches to the left-censored 
data, viz. LQ or LQ/2 substitution.

6. Misinterpretations of correlation tests

6.1. “Significant” correlations mean “significantly non-zero” 
correlations

In currently published research, testing “statistical significance” has 

become central to many demonstrations, including correlation analyses 
in which tables of p-values sometimes even replace data visualization. 
The purpose of this section is not to reopen the debate on the scientific 
value of this concept, which has been widely and helpfully discussed, e. 
g., by Greenland et al. (2016), Amrhein et al. (2019), and Dushoff et al. 
(2019). However, it is certainly useful to recall some elements about the 
meaning of “significance” with regards to correlations, in order to un
derstand that simply commenting on the “significant” nature of a cor
relation coefficient, without any further consideration, cannot be 
sufficient.

Although there are different ways of computing a correlation coef
ficient between two variables, the principle of a correlation test is 
globally the same. The null hypothesis H 0 states that the “true” corre
lation coefficient (i.e. the correlation that exists in the whole population) 
between the two variables X and Y is equal to zero. A correlation test 
examines the compatibility between this hypothesis and the observed 
data, given the set of assumptions that underpin the statistical model. 
More precisely, the estimate of the correlation coefficient, calculated 
from the collected sample, is compared to its expected value under the 
null hypothesis, i.e. zero. If the other assumptions of the statistical model 
are warranted, then a sufficiently large difference, reflected by a suffi
ciently small p-value, may justify the rejection of H 0, which means that 
there exists a non-zero correlation between X and Y.

Herein lies perhaps a source of misunderstanding in the interpreta
tion of correlation tests: it should be recognized that this information 
alone is actually a relatively weak conclusion. Some degree of associa
tion between X and Y is indeed distinguishable from their other sources 
of fluctuations, which does not inform about the strength of this asso
ciation, reflected by the value of the correlation coefficient itself 
(illustration on Fig. 6). Additionally, the results of a correlation test are 

Fig. 5. Graphical illustration of Example D, where X and Y are linked by a 
linear relationship (affected by random noise), with Y measurements subject to 
a limit of quantitation LQ = 5. Grey points represent “true” but unknown Y 
values as they fell below the LQ, red (resp. blue) points represent the result of 
their substitution by LQ (resp. LQ/2). The linear models fitted after applying 
substitution methods to the left-censored data (red and blue lines) lead to a 
biased representation of the trend between X and Y, even in the range where Y 
is quantified. Conversely, the linear model fitted from maximum likelihood 
estimation (using the ‘NADA2’ package in R) provides a more adequate fit.

Fig. 6. Illustration of a data point arrangement (n = 1600) leading to an 
estimated Pearson correlation coefficient r = 0.10 between the two variables, 
with a 95 % confidence interval of 0.05–0.15. Testing the significance of this 
correlation leads to a p-value of 2.10− 5, well below the usual threshold of 0.05. 
Similarly, the regression line and corresponding 95 % confidence interval 
(shaded area) show a strictly increasing trend. However, although “significantly 
non-zero”, it is not obvious that this correlation tells us much about the physical 
phenomena under investigation, or that the regression line provides a useful 
prediction of the response variable. This question should be answered by the 
researcher’s knowledge, expertise and expectations, rather than by a statistical 
consideration.
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overly sensitive to the sample size: for a significance level α = 5% and a 
sample size n = 10, any value of the Pearson correlation coefficient 
greater than 0.63 will be considered “significant”; for n = 100 and n =

1000, this threshold drops to ~0.20 and ~0.06, respectively. It is 
therefore not so remarkable to find “significant” correlations among 
several hundreds of data points or more. Once again, rather than 
focusing on statistical significance, it is definitely more important to 
discuss the degree of association between the two variables, and the 
practical implications regarding the processes under study.

6.2. Testing the significance of the Pearson correlation coefficient is a 
parametric approach

Performing a correlation test on a Pearson coefficient requires as
sumptions to be made regarding the population distribution from which 
the sample is drawn. More specifically, the distribution of the test sta
tistic is known if (i) observations are independent and identically 
distributed, (ii) X and Y follow a bivariate normal distribution, and (iii) 
X and Y are uncorrelated in the whole population (H 0). The anomaly 
leading to a small p-value should come from this latter assumption and 
this one only, if one wants to demonstrate that the correlation between X 
and Y is “significant”. The joint probability density function of a 
bivariate normal distribution is illustrated in the supplementary mate
rial: isovalue lines are ellipses centered on the mean point, whose minor 
axis tends towards zero as rXY ⟶ ± 1. In order for a Pearson correlation 
test to be meaningful, it is fundamental that the data points conform to 
this theoretical behavior, i.e. that they describe approximately an el
lipse, otherwise a small p-value may be merely due to the different 
statistical distribution, rather than to the fact that rXY ∕= 0.

More generally, the normality assumption, where variability is 
assumed to arise from random fluctuations symmetrically distributed 
around a constant central value, is often questionable when dealing with 
environmental variables – starting with the non-negative nature of most 
of the quantities involved. As a matter of fact, an observation shared by 
scientists from different research fields is that contaminant concentra
tions in various environmental matrices (air, water, soil, and even bio
logical tissues) frequently follow a lognormal distribution (Andersson, 
2021; Limpert et al., 2001). Finally, it must be borne in mind that 
normality tests do not prove that X follows a normal distribution, they 
just fail to reject it (which is often the case with small sample sizes), 
leading to accept the hypothesis as a “default” choice. Achieving some 
certainty as to the validity of the normality assumption is, here again, 
quite a demanding task.

6.3. There are non-parametric alternatives to the Pearson correlation 
coefficient

It is somehow paradoxical that the Pearson coefficient is the default 
option in most software for calculating the “correlation” between two 
variables, when it is actually the most restrictive; this is due to the 
above-mentioned reasons, but also, more commonly admitted, because 
it is only suitable for characterizing the strength of linear associations. 
When dealing with variables that either describe a visible albeit 
nonlinear trend, or simply do not comply with the normality assump
tion, alternative, non-parametric approaches are possible – and 
welcome.

The Spearman correlation coefficient is defined as the Pearson co
efficient applied to the data series rank(xobs) and rank

(
yobs

)
. The coef

ficient proposed by Kendall counts positively (resp. negatively) the 
number of pairs of data points positioned in ascending (resp. descend
ing) order, and normalizes the sum by “n choose 2”, i.e. n(n− 1)

2 . The 
purpose of the present discussion is not to compare these two co
efficients – there is an abundant literature on the subject, see for instance 
Xu et al. (2013) – but to remind environmental scientists that these two 
approaches have a much wider range of validity than the Pearson 

coefficient: they are neither affected by monotonic but nonlinear be
haviors, nor by extreme values, nor constrained by the normality 
assumption. The trade-off for this genericity is that conclusions will be 
less refined, insofar as Spearman and Kendall correlation coefficients do 
not reflect the linearity of the relationship, if any.

It is also worthwhile to recall that further alternatives exist to the 
aforementioned correlation coefficients for quantifying the degree of 
association between two variables. From Information Theory, the 
Average Mutual Information (AMI) can be named as a popular indicator 
in fields such as bioinformatics, communications, and electronics, but 
remains rarely employed in environmental studies. The AMI indicator is 
based on the probabilistic definition of independence, where two 
random variables X and Y are independent when the joint probability 
density function pX,Y(x, y) equals the product of the marginals pX(x)⋅ 
pY(y) for all x and y. Therefore, the degree of dependence between X and 
Y can be defined based on a notion of “distance” between pX,Y(x, y) and 
pX(x)⋅pY(y). For this purpose, the Kullback-Leibler Divergence, DKL 
(Kullback and Leibler, 1951), can be adopted, leading to define the AMI 
between X and Y as: 

AMI(X,Y)=DKL
(
pX,Y

⃦
⃦ pX ⋅ pY

)
=

∫∫

pX,Y(x, y)log
(

pX,Y(x, y)
pX(x)⋅pY(y)

)

dxdy (8) 

AMI(X,Y) is a non-negative and symmetric quantity, with units in 
bits when employing log2 in Eq. (8). Two possible interpretations of 
AMI(X,Y) are: the amount of information shared between X and Y, or 
the amount of entropy (uncertainty) reduced in Y by knowing X (or vice- 
versa from mentioned symmetry). The main advantage of AMI(X,Y)
when compared to correlation coefficients probably remains its ability 
to detect nonlinear and non-monotonic associations between random 
variables (Kraskov et al., 2004). Furthermore, AMI(X,Y) = 0 is mathe
matically equivalent to the statistical independence of X and Y, which is 
not guaranteed by a zero correlation between X and Y (a classical 
counterexample is given by Y = |X|, with X in [ − 1,1]).

As AMI(X,Y) is based on probability distributions, this indicator can 
be calculated following two approaches: continuous or discrete esti
mators. For this purpose, a series of algorithms and R packages are 
described in Sales and Romualdi (2011).

6.4. The statistical model underpinning correlation testing assumes 
independent observations

Finally, an often overlooked hypothesis would certainly deserve 
further consideration: the observations are assumed to be independent 
realizations of the random variables under study. Particular caution 
should be exercised when processing data measured consecutively at the 
same location (e.g., the water level or flow rate in a river, the concen
tration of a certain pollutant in a water body or the atmosphere), which 
may be linked to each other by deterministic processes governing the 
temporal evolution of the variable: this is known as temporal autocor
relation (Hyndman and Athanasopoulos, 2021). When dealing with 
spatially distributed information, autocorrelation may also occur in 
space, if observations at neighboring locations tend to be similar – as 
expressed, for example, by the decreasing trend of the variogram as the 
lag distance tends towards 0. In both situations, the absence of auto
correlation between observations should be checked before considering 
their correlation with other variables.

The burden of autocorrelation can be illustrated with Example E and 
Fig. 7. In this situation, concluding that the association between X and Y 
is “significant” from a correlation test performed on repeated measure
ments would obviously be flawed: repeated measurements are relevant 
to mitigate random errors, and thus reduce the uncertainty on the mean 
value at each site; but they should not be included as such in a corre
lation analysis, because they are not independent from each other at the 
level of the whole population (i.e. all of the possible study sites). 
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Example E 
X and Y are independent random variables. Their expected values at five 
independent study sites are as follows: Site 1: (1,1); Site 2: (2,5); Site 3: (3,0); Site 4: 
(4,6); Site 5: (5,3). 
10 repeated measurements of X and Y are carried out in each site. The latter are 
prone to some uncertainty, modeled by a normal distribution centered on the 
expected value, with a standard deviation of σX = σY = 0.1. A correlation test is 
carried out on the entire set of 50 data points.

Despite being rarely considered in environmental studies, autocor
relation in time or space can have broader implications in data analysis 

than the potential violation of assumptions in statistical testing (e.g. for 
forecasting, model selection, identifying patterns and uncertainty 
propagation). Overall, different tools are available to assess data auto
correlation, including the Autocorrelation Function (ACF), the Partial 
Autocorrelation Function (PACF) and semivariograms. Autocorrelation 
can also be modeled by means of covariance models (Simpson et al., 
2010).

7. Model evaluation

7.1. The sole use of correlation as a model evaluation metric remains a 
hazardous practice

Beyond regression techniques, the evaluation of any quantitative 
model consists of confronting simulated values to “reference” values, 
which most often originate from observations/measurements (but may 
also correspond to the outputs of a reference model). To evaluate the 
model’s goodness of fit, it is rather common to consider the data points 
ysim,i against yobs,i, independently from any temporal dynamics or spatial 
distribution. Various metrics can be found to compare these two series, 
most of which are presented in the comprehensive review by Hauduc 
et al. (2015). We would, however, like to warn against two potentially 
misleading practices, namely the sole use of the Pearson correlation 
coefficient (r) between ysim and yobs, and/or inappropriate use of the 
coefficient of determination (R2).

First of all, it is fundamental to recall that a “perfect model fit” would 
correspond to all points lying on the first bisector (i.e., ysim,i =

yobs,i ∀ i∈ ⟦1,n⟧), which is actually a much stronger condition than all 
points being “aligned”. In other words, to consider that the evaluated 
model is capable of replicating observed values, the existence of an as
sociation between ysim and yobs is indeed a necessary element – the 
opposite would mean that model predictions fluctuate independently 
from observations – but this argument alone cannot be considered as 
sufficient evidence to conclude that the model performance is “satis
factory”. To simply illustrate this point, let us consider Example F 
(Fig. 8). This corresponds to a situation leading to a linear correlation r 
= 1 between ysim and yobs, yet where probably no one would consider the 
model predictions to be accurate, as they consistently underestimate the 
observed values. It should therefore be understood that exhibiting a 
“significant” correlation between simulated and observed values, 
without further consideration, is of limited interest for model evalua
tion. Naturally, analogue conclusions would be delivered about the 
model performance, if adopting the squared version of r, i.e. r2.

Fig. 7. Graphical illustration of Example E, where X and Y are independent 
random variables, measured 10 times at 5 study sites. With the five data points 
corresponding to the expected values of X and Y in the five sites (black sym
bols), the estimate of the Pearson correlation coefficient is 0.31, with a 95 % 
confidence interval of [–0.79, 0.94]. In other words, it is clear that the null 
hypothesis (rXY = 0) cannot be rejected – as reflected by a p-value of 0.61. 
However, when including all repeated measurements (white symbols) in the 
data points on which a correlation test is performed, the estimate of rXY remains 
approximately the same (the small difference is due to random sampling), but 
the sample size artificially increases from n = 5 to n = 50, leading to a seem
ingly “significant” correlation between X and Y (p-value = 0.02).

Fig. 8. Graphical illustration of Example F (modelling the first-order decay of pollutant concentrations in a water body disregarding the background concentration). 
(A) Temporal evolution of observed and modeled concentrations over a 24-h period. (B) Correlation between observed and modeled values (r = 1). Despite this 
perfect linear correlation between ysim and yobs, probably no one would consider the model predictions to be accurate, had they looked at the data.
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Indeed, a widespread practice, even implemented in different soft
ware and simulation packages, remains to calculate a squared version of 
the Pearson correlation coefficient r as a performance indicator of a 
model. Squaring r in this modelling context is commonly thought to 
bring an “improved version” of the indicator r standalone by “elimi
nating” negative r values, “penalizing” poor performances and thereby 
gaining interpretation in the results. However, the r2 indicator remains 
as weak as r for very general settings. A more serious conceptual issue is 
that this r2 indicator is frequently cited as the coefficient of determi
nation, or more commonly named R2 (according to the standard nota
tion). We wish to raise particular awareness about the validity of this 
assertion, by demonstrating why the coefficient of determination and 
the squared Pearson correlation coefficient remain two interchangeable 
quantities only in a very limited number of contexts. Common theoret
ical misconceptions and potential pitfalls when not interpreting these 
two concepts properly are discussed in the following section.

Example F 
A pollutant is discharged into a water body, where its degradation follows the k-C* 
model (first-order decay with a background concentration): 
C(t) = C* + (C0 − C*)e− kt 

where C0 and C* are respectively the initial and background concentrations (C0 =

20 mg/L, C* = 5 mg/L), and k is the degradation rate constant (k = 0.2 h− 1). Water 
is sampled every hour over a 24 h period (sampling times are referred to as ti). Let us 
assume that water sampling and analysis lead to exact measurements, so that yobs,i =

C(ti). 
Consider a situation where, as a result of a flawed analysis of the system, the 
pollutant fate is modeled omitting the background concentration. The value of the 
parameter k is known from preliminary tests. Then simulated values are given by: 
ysim,i = C0 e− kti 

Instead of visualizing the data, model evaluation is carried out through numerical 
indicators only, and notably the Pearson correlation coefficient between ysim and 
yobs.

7.2. In general, the coefficient of determination is not equivalent to the 
squared Pearson correlation coefficient

The coefficient of determination (hereafter referred to as CD to avoid 
any confusion) compares ysim and yobs through the following equation: 

CD=1 −

∑n

i=1

(
yobs,i − ysim,i

)2

∑n

i=1

(
yobs,i − y

)2 (9) 

where y is the mean of the observed values. Two immediate in
terpretations follow directly from the definition: one the one hand, the 
CD compares the amount of residual variance versus the variance of the 
data itself; on the other hand, it describes “how good the model is per
forming – according to the Distl 2 criterion – when compared to simu
lating the output with a naive estimation: the mean of the observed 
data”. An additional interpretation stems from the following variance 
decomposition, the validity of which is restricted to ordinary least- 
squares linear models: 

∑n

i=1

(
yobs,i − y

)2
=

∑n

i=1

(
ysim,i − y

)2
+

∑n

i=1

(
yobs,i − ysim,i

)2
(10) 

It follows from the combination of Eqs. (9) and (10) that CD quan
tifies the proportion of variance explained by the linear model.

Whatever interpretation is adopted, it remains quite far from the 
original purpose of the Pearson correlation coefficient. However, despite 
their different objectives, it happens that in the specific context of simple 
linear regression fitted with the least-squares method, the following three 
quantities are identical: the CD, the squared Pearson correlation coef
ficient between yobs and xobs and, consequently, the squared Pearson 
correlation coefficient between yobs and ysim = axobs + b. This could be a 
reason for confusion between the CD and r2 when addressing more 
general contexts outside of linear regression.

In the hydrological and environmental modelling literature, the CD is 

often called the Nash-Sutcliffe Efficiency (NSE) coefficient (Nash and 
Sutcliffe, 1970). In these scientific disciplines, it is well known that, 
contrary to r2, the NSE coefficient can be lower than zero, meaning that 
the model performance is more deficient – once again, according to the 
Distl 2 criterion – than modelling the output with the mean of the 
observed data. Indeed, when the model or calibration approach is 
different from linear regression with least-squares estimates, or when a 
fitted model is evaluated against a dataset different from the training 
data, the variance decomposition according to Eq. (10) is no longer 
guaranteed. Consequently, the residual sum of squares, 
∑n

i=1

(
yobs,i − ysim,i

)2
, can be greater than the total sum of squares, 

∑n
i=1

(
yobs,i − y

)2
. For instance, in Example F, CD = − 0.04. More 

broadly, it is a good modelling practice to separate the training and 
validation datasets, even for linear regression, so as to evaluate the 
model’s goodness of fit on data with which it has not been trained.

In sum, when carrying out model evaluation, simulated values, ysim, 
have to be compared to observed values, yobs, rather than correlated to yobs 
(as with r), nor predicted from yobs (as with r2). On the one hand, a cor
relation between ysim and yobs does not support, by itself, the accuracy of 
the model predictions, as it does not prove that the data points are 
distributed around the first bisector. On the other hand, the coefficient 
of determination of the model (i.e., the series of calculations that pro
duces ysim) should not be confused with the coefficient of determination 
of the (essentially useless) linear regression between ysim and yobs – the 
only interest of which could be to check that the average trend between 
simulated and observed values remains close to the 1:1 line. Omitting 
the proper calculation and objectives of one or the other indicator can 
easily lead to erroneous conclusions (e.g., under-judging modelling 
biases).

More generally, instead of focusing our attention on lists of in
dicators, it is certainly advisable to reconsider the primary objective of a 
model evaluation approach: to question whether the magnitude of the 
errors, yobs,i − ysim,i, is acceptable for our own model application. This 
will be addressed by combining much broader considerations than 
goodness of fit metrics, such as the accuracy sought by the modeler, but 
also the uncertainties inherent in the model itself and in the collection of 
observed data.

8. Conclusion: graphical verification is as important as 
statistical verification

Most environmental scientists are facing the inherent challenge of 
establishing some evidence about complex processes that are often 
appraised through scarce, partial and/or uncertain data. To this end, the 
methods inherited from statistical modelling open up a wide range of 
possibilities, overcoming a mechanistic description of phenomena when 
this proves virtually impossible to implement. The adoption of correla
tion- and regression-based approaches in environmental studies is 
therefore understandable, and in many cases perfectly justified. It is also 
likely that these approaches have been fostered by the democratization 
of statistical tools and software which have facilitated data processing 
and analysis.

However, the search for metrics, trends, “statistical significance” – 
sometimes encouraged by the publication process itself – or the mere 
reproduction of current practices seem to have led, in certain situations, 
to an automatic use of these tools that has gradually turned away from 
the data themselves. As outlined above, any statistical result stems from 
a series of mathematical calculations, themselves underpinned by 
different hypotheses, which can easily be overlooked when running 
today’s easy-to-use software. The application of certain statistical 
methods considered “standard” or “basic” is often tantamount to infer
ring, sometimes without even realizing it, the distribution of the data. 
Unfortunately, nature does not often conform to the mental projections 
that would allow routine use of these approaches. In other words, it is a 
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complete illusion to imagine that a result or a graph is necessarily 
“correct” or “accurate” because it has been produced by a statistical tool; 
and it is even more illusory to consider that this result can have more 
value, or even replace, the expertise of the individual who generated the 
data and proposes an interpretation thereof.

It is therefore necessary to maintain constant vigilance with regard to 
what can and cannot be asserted about the variables and processes of 
interest. As experimental scientists, we need to be more aware of the 
possibilities of misrepresenting data (listed above in a non-exhaustive 
way) and not let our own biases/perspectives distort correlations be
tween variables or even the data themselves. In our opinion, the first act 
of vigilance, and probably the most effective, is to devote time to data 
contemplation. Visualization techniques have been sometimes depreci
ated as not constituting “statistical proof”, but we are convinced that 
they should be considered as one of the most important steps in data 

analysis.
In sum, although widely employed, correlation- and regression- 

based analyses are actually expertise-demanding approaches. Configu
rations allowing rigorous application of these methods to environmental 
data are perhaps not as numerous as the scientific literature would 
suggest. As a closing message to this discussion, we propose below a 
series of “good practices” which we hope may contribute to raising 
awareness among environmental scientists and improving the statistical 
treatment associated with bivariate data.

9. “Good practices” in implementing correlations and 
regressions

During data collection and preprocessing 

• Design the experiment to maximize the chances of collecting independent, identically distributed observations. Keep track of apparently “non- 
standard” environmental conditions (e.g., a flood event in a river) that may result in a different parent population for the observations.

• Keep track of left-censored data (if any), together with the corresponding limit of quantitation, and avoid substitution methods.
• Visualize the data and formulate preliminary assumptions regarding (i) the degree of association between variables and (ii) the structure of the 

data points.
• In particular, check for potential influential points and piecewise/nonlinear trends.
• Check the absence of temporal or spatial autocorrelation in the collected data, with additional normality tests if parametric statistics are to be 

applied to the dataset.

During data analysis 

• Select appropriate methods for assessing the degree of association between variables based on the conclusions of the previous steps. Bear in 
mind the potential shortcomings of the Pearson correlation coefficient, which should not be considered as a “default” approach.

• Remember that evidencing a “significant” correlation is often a relatively weak conclusion in itself, which calls for further analysis.
• If linear or nonlinear regression is to be applied to the data, clearly state the objective: to approximate the data points with a given analytical 

function, or to use the regression model to make predictions. Set the next steps accordingly.
• Keep in mind the interest of quantile regression, as a potential alternative to ordinary least-squares regression (that estimates the mean of the 

response variable).
• Remember that nonlinearity is often the rule rather than the exception, and do not strive to fit a linear model to a set of data points that visibly 

do not conform to a linear behavior. More subtle alternatives are possible: 
○ If the linear trend is only visible over a certain range of X and Y values, determine a linear model valid for this range.
○ If several distinct line sections are visible, apply a piecewise regression.
○ If the data points describe a nonlinear trend, apply a nonlinear regression.
○ It should not be necessary to draw a flat line (let alone a confidence interval) to prove that no correlation is observed between two variables.

• To be able to display and use inference results from a regression (e.g., confidence and prediction intervals), check the residuals for normality, 
homoscedasticity and absence of autocorrelation.

During model use and dissemination 

• Revert to visual assessment in order to question the accuracy of the adjusted model(s); do not depreciate common sense if they seem inap
propriate or imprecise, whatever the values of the statistical indicators such as p-values or R2.

• Do not use “significant” correlations as a sufficient justification for model validity.
• To avoid unnecessary confusion, we recommend using the coefficient of determination whenever prediction is the aim, and correlation when 

describing associations between variables. Do not calculate the former by squaring the Pearson correlation coefficient, but rather as 1 – 
residual sum of squares/total sum of squares.

• Always report the results of regression approaches together with a range of validity for the fitted relationship.
• Do not extrapolate empirical relationships unless a robust justification can be provided for doing so.

During review process 

• The reviewers should look at the data.
• The reviewers should not systematically encourage the production of “standardized” statistical results as the only acceptable proof of what is 

being discussed.
• The statistics used must be consistent with the data on which the article is based.
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