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Abstract Groundwater is a valuable natural resource that needs to be assessed and

protected. The European Union (EU) adopted new water legislation that includes

the Water Framework Directive (WFD) and the Groundwater Daughter Directive

(GWD). Both require the identification of sustained increasing pollution trends and
their reversal. This is the second pillar of the WFD: such trends have to be identified

for any pollutants that result in groundwater being characterized as at risk of not

meeting the environmental objectives. Measuring these trends is necessary to

determine and understand whether changes in land use, fertilizer application,

pollution history, or climate change are affecting groundwater quality. However,

in many cases, groundwater data series may not meet minimum requirements for

classical statistical procedures employed in trend assessment: among other obsta-

cles, data may be sparse, with missing or extreme values, censored data, seasonal

effects, and autocorrelation. The aim of this chapter is to present and review several

statistical methodologies that have been proposed and applied in recent years to

deal with groundwater trend assessment, discussing the relative advantages and

disadvantages of each one.
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1 Introduction

Groundwater is a valuable natural resource that accounts for over 97% of all the

freshwater available on Earth, excluding glaciers and ice caps (extracted from

Groundwater Protection in Europe, [1]). It needs to be monitored and protected

from chemical and organic pollutants, not only because groundwater is used as

drinking water but also because it is an important resource for industry and

agriculture and has recreational uses and environmental value [2]. Due to the fact

that groundwater moves through the subsurface slowly, the impact of human

activities may last for decades, and pollution events that occurred in previous

years will probably continue to threaten us for several generations.

The European Union (EU) adopted new water legislation that includes the Water

Framework Directive (WFD) (2000/60/EC) [3] and the Groundwater Daughter

Directive (GWD) (2006/118/EC) [4]. The WFD is a regulatory framework for the

protection of all natural waters which prescribes environmental objectives to be

achieved by the end of 2015 and contemplates extensions to 2021 or 2027. The

GWD for the protection of groundwater against pollution defines the specific

environmental objectives of the WFD. It requires that threshold values be

established (by the end of 2008) for pollutants related to the pressures identified

as putting bodies of groundwater at risk (GWD, Article 3). These threshold values

are quality standards, and so they are to be used to assess the chemical status of

groundwater. The GWD also introduces measures to prevent or limit the intro-

duction of pollutants into groundwater (GWD, Article 6).

Both the WFD (Article 17) and the GWD also require that trends must be

identified for pollutants that characterize groundwater as being at risk of not

meeting the environmental objectives of the WFD (WFD, Annex V 2.4.4; GWD,

Article 5). According to the GWD, those trends must be statistically and environ-

mentally significant (GWD, Article 2). The environmental significance relates to

the potential future impact of an identified increasing trend in pollution. Such trends

should be reversed when they reach 75% of the EU groundwater quality standard
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values or specific threshold values (GWD, Article 5). In many countries, the

concentrations of groundwater pollutants in aquifers are already approaching or

have even exceeded statutory limits for drinking water. For this and other reasons,

long-term monitoring of the concentrations of groundwater pollutant by both water

utilities and regulatory agencies has become widespread. The achievement of a

good status and the reversal of significant and sustained upward trends in the

concentration of pollutants, including nitrates, are environmental objectives set

out in Article 4 of the WFD. Trend reversal is to be achieved through the imple-

mentation of the Program of Measures (WFD, Annex VI) which aims to progres-

sively reduce pollution and prevent further deterioration of bodies of groundwater

(GWD, Article 5). Therefore, the statistical assessment of trend reversal is another
matter of concern.

The properties that determine the quality of groundwater can vary over different

time scales (daily, seasonally, or annually) and depend on the characteristics of the

aquifer. In fact, the concentrations of a solute in samples at a single station depend

on numerous factors including land use history, groundwater flow, and local

groundwater pumping regimes, as well as seasonal and climate effects. Further-

more, the monitoring itself may involve elements that could make it difficult to

accurately assess trends, for example, the sampling frequency, amount of missing

data, length of monitoring period, and presence of uncontrolled covariate variables.

In many cases, the characteristics of groundwater data series may not meet the

minimum requirements for classical statistical procedures employed to analyze

trends. Among other obstacles, the data may be sparse and gappy and include

censored data, extreme values or outliers, seasonal effects, and autocorrelation

[5–7]. For EU members, in accordance with the WFD and GWD, two technical

reports [8, 9] contain a series of general recommendations for groundwater trend

assessment, including monitoring requirements, how to treat censored values, the

length of data series, and the statistical methods to be employed. Besides those two

excellent guides, a large number of papers have been published in many different

journals over the last few decades. However, in our opinion, none of those works

manage to definitively determine the procedures to be applied, because a procedure

that may be adequate for a certain data series may be cumbersome or inappropriate

for another series.

Another concern is related to individual monitoring points and data aggregation.

Every groundwater body (GWB) is usually monitored at a certain number of

sampling sites (stations). As required by the GWD (Article 5) and WFD (Article

13), member states must summarize the way in which the trend assessment at

individual monitoring points within a GWB or group of GWBs has contributed to

identifying that those bodies are subject to a significant and sustained upward trend

or are experiencing a reversal of such a trend. Furthermore, the WFD (WFD, Annex

V Section 2.3) states that in assessing the status of a GWB, the results of individual

monitoring points within it are to be aggregated for the body as a whole. So apart

from assessing the trend at every station, we have to assess the overall trend in

the GWB.

Trend Assessment for Groundwater Pollutants: A Brief Review and Some Remarks 27



In Catalonia, a groundwater quality monitoring network has been set up in

accordance with the requirements of the WFD (WFD, Article 8 and Annex V).

Control networks have been designed taking into account the hydrogeological

model and the pressures that have been identified on each GWB. Currently, there

are some 942 stations distributed across a total of 53 GWBs. Chemical quality is

analyzed annually, and quantitative analysis is performed monthly. The average

spatial density of the stations in a given GWB is 0.58 stations per 10 km2. This

network for monitoring groundwater quality dates from 1994 in some strategic

aquifers, and the first monitoring program in accordance with the WFD require-

ments began in 2007.

This chapter mainly focuses on presenting an overview of some of the main

statistical techniques that have been proposed in recent years for the statistical

testing of a groundwater trend. The methods presented here are rather simple and

can easily be implemented using different commercial or open-source statistical

software packages. In order to illustrate the procedures and highlight the main

results, some of the GWBs and monitoring stations in Catalonian have been

selected and the methods applied (see Sect. 3). The pollutants analyzed are nitrates

and chlorides. All of the techniques are applied using packages and functions

implemented in R [10].

2 An Overview of Methodologies

2.1 Individual Monitoring Points (Stations)

Groundwater monitoring networks provide observation of random variables (con-

centrations of pollutants) at each sampling site over time. Within the assessment of

significant upward trends and trend reversal, we have to consider ([9], Sect. 6.2) the

following issues: (a) a correct statistical method for assessing trends at each

monitoring point, (b) how to deal with values below the limit of quantification

(LOQ), (c) the appropriate length of time series, (d) how to establish baseline levels

of substances, (e) what an acceptable level of confidence is in trend assessment,

(f) how to establish a starting point for trend reversal, and (g) how to statistically

demonstrate that a trend has been reversed.

In accordance with the GWD (Annex IV), to deal with individual concentrations

below the LOQ, they are replaced by LOQ/2. Regarding the length of time series for

yearly data, Grath et al. [8] recommend at least 8 measurements for the detection of

an upward trend and 15 measurements in order to establish whether there is a

significant breakpoint (trend reversal). In fact, that research clearly advises against

long-term time series if the statistical method does not take into account a possible

breakpoint. Nevertheless, we will see that a breakpoint, even within a short-term

series, can seriously affect the performance of statistical methods that are

recommended for trend assessment.
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Reviewing the literature, the problem of detecting and estimating trends in

hydrology data has a long history [5, 6, 11–27], and some of the publications report

comparative analysis of different techniques. For example, Esterby [18] reviewed

some parametric and nonparametric trend detection methods by applying them to

water quality time series. Meanwhile, Hess et al. [21] present an overview of six

linear methods used to analyze environmental time series. A comprehensive evalu-

ation of 28 statistical methods for checking trend, homogeneity, seasonality,

periodicity, and persistence in hydrologic time series was recently published

[28]. So far, there is no general consensus regarding which method performs best

in a given unknown situation, and few extensive comparisons of the proposed

methods have been published. In this scenario, quite a lot of published work advises

visual inspections by the user (among others, [29]) in order to decide which method

is suitable, whether assumptions are valid, or to finally assess trends. This, however,

is quite unrealistic; how many plots would the user have to examine considering all

the stations and pollutants? Perhaps it would be thousands, so a robust automatic

method (software) for assessing trends is absolutely vital. In this context, TTAinter-

faceTrendAnalysis was developed in R package [30] to perform nonparametric

trend analysis (Kendall test family) through an interactive GUI. Notwithstanding,

other techniques to assess temporal trends in an automatic manner are absolutely

crucial.

In this section, we review some of the more common statistical procedures used

for trend assessment in groundwater quality data. The methods can be classified

into two main general approaches: parametric methods (distribution dependent) and

nonparametric methods (distribution free). However, the decision as to which

procedures are most useful (to reveal change when it is present and not identify

any change when there is no trend) depends on the characteristics of the data: the

distribution (normal, skewed, symmetric, heavy-tailed, extreme values); the pres-

ence of outliers (exaggerated extreme values, perhaps due to measurement error or

a one-off serious contamination event); and its seasonality, whether there are

missing values (a few isolated values or large gaps), there is censored data (e.g.,

due to the LOQ), or there is some serial correlation and if it does contain a

monotonic trend or an abrupt change [26]. If the assumptions made in order to

apply a statistical test do not hold for the data, then the estimate of the significance

level could be incorrect.

Finally, when we carry out a statistical test, it is necessary to define the null

hypothesis H0 (in our case, the hypothesis of no trend) and the alternative hypo-

thesis H1 (trend). Two types of errors can occur when we perform a test. A type I
error occurs when the researcher rejects the null hypothesis when it is in fact true

( false positive). The probability of committing a type I error is called the signifi-

cance level, and it is frequently denoted as α (the most common choice is α ¼ 5%).

A type II error is present when the researcher fails to reject the null hypothesis

which is in fact false ( false negative). The probability of committing a type II error

is usually denoted as β, and the complementary probability, 1� β, is known as the

power of the test. Type I and type II errors are not complementary (i.e., their sum is

not one), but they do stand in a relationship: if we decrease the chance of
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committing a type I error (choosing a lower α value), then β increases. The decision
rule for rejecting the null hypothesis is in accordance with the p-value. The p-value
is the probability of observing a test statistic equal to or more extreme than our

experimental value, assuming that the null hypothesis is true. If the p-value is less
than the significance level, we reject the null hypothesis.

2.1.1 Regression Models

Linear models are the most widely used framework from a parametric perspective.

The classical approach to assessing a trend is based on fitting a linear regression

(LR) or quadratic regression (QR) model [8]. As is well known, the simple LR

model is:

xi ¼ β0 þ β1ti þ ei i ¼ 1, . . . , n ð1Þ

where xi is the value for the ith observation, ti is the corresponding value for the

independent variable (time), β0 is the intercept, β1 is the slope, and ei are the

residuals (assumed to be independent and identically distributed). The regression

coefficients are estimated using the method of ordinary least squares (OLS). A

t-test may be used to test that the true slope is not different from zero (H0 : β1 ¼ 0),

which implies that there is no correlation between the pollutant and time (H0 : ρ ¼ 0).

So we can conclude that a linear trend exists if the p-value of this statistic is less than α
(the significance level). Nevertheless, a new assumption is made when we apply the

test: the residuals, ei, are normally distributed. Moreover, OLS are highly sensitive to

outliers. In spite of this, as reported in Grath et al. [8], LR was the most used statistical

method for trend assessment in the EU in 2001.

Trends which are nonlinear (say quadratic, exponential, or with an abrupt

change) will be poorly described by a linear slope coefficient. We can easily extend

the linear model to QR by adding a new term to Eq. 1:

xi ¼ β0 þ β1ti þ β2t
2
i þ ei i ¼ 1, . . . , n ð2Þ

If the coefficient β2 (quadratic term) is significant, we reject the null hypothesis that

LR is acceptable. A quadratic fit implies a concave or convex function (second-

order polynomial), and the inflection point is at time tIP ¼ �β1= 2β2ð Þ. Nevertheless,
the quadratic model has its own limitations: (a) it cannot fit other nonlinear

functions; (b) it is not easy to assess the trend before and after the inflection point

(recall that a second-order polynomial never remains flat, which means we cannot

say “no trend”); (c) the parameter estimates are greatly influenced by outliers; and

(d) hypothesis tests are sensitive to departures from normality.

Therefore, it could be useful to apply a robust procedure. The robust LR (RLR)

model can be stated as:
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xi ¼ β0 þ β1ti þ σei i ¼ 1, . . . , n ð3Þ

where σ > 0 is a scale parameter. There are a number of ways to perform robust

regression [31–36]. To deal with outliers in the x-direction, the most commonly

used methods are based on Huber-type estimates [31, 37], which form a class ofM-

estimates. An M-estimate of β1 is a solution of:

Xn
i¼1

wieixi ¼ 0 ð4Þ

where ei ¼ xi � β0 þ β1tið Þ are the residuals andwi ¼ W ei=σð ÞwithW(u) a suitable
weight function. Equation 4 is the equation of a weighted OLS estimate and must be

obtained by an algorithm called iteratively reweighted least squares (IRLS). In the

first iteration, each point is assigned equal weight, and the model coefficients are

estimated using OLS. For subsequent iterations, the weights are recomputed so that

points farther from model predictions in the previous iteration are given lower

weights. The HuberM-estimator (the default in many software packages) is defined

asW uð Þ ¼ ψk uð Þ=u, with ψ k uð Þ ¼ max �k, min k; uð Þð Þ, where k is constant that the
user has to specify. The estimate of σ is usually σ̂ ¼ MAD (median absolute
deviation). This approach is fairly robust against departures from normality and

outliers in the x-direction. The model presented in Eq. 3 can easily be generalized to

perform robust nonlinear regression.

Another approach is loess or lowess. Cleveland [38–40] proposed the loess
algorithm as a flexible and robust method to fit a regression function which is

suitable when there are outliers and we do not know the parametric model. The

name is derived from locally weighted scatterplot smoothing, because a weighted

least squares method is used to fit linear or quadratic functions at every local

predictor point, based on its neighborhood. The smoothing parameter controls the
fraction of the data contained in each local neighborhood, and data points are

weighted by a decreasing function of their distance from the center of the neigh-

borhood. Recommended in Grath et al. [2] as a method that is much more flexible

with regard to the shape of a trend, an ANOVA test based on the loess smoother is

described [2, 41] which allows us to examine both monotonic and non-monotonic

trends. In spite of that, we want to mention several pitfalls of the system. (a) The

election of the smoothing parameter is not easy, but it is absolutely essential,

because it crucially influences the final result. (b) To perform a loess fit with

short data series is a risky task which can lead to overfitting or underfitting of the

data and may boost data autocorrelation. (c) In our experience, the method is not

very outlier resistant, so a loess fit can become distorted due to the presence of

outliers. (d) The ANOVA test proposed considers the loess fit as the true function
(the error sum of squares is in fact the sum of squared loess residuals), so the

outlined test is not reliable if we fail to fit the right function. Regarding the selection

of a smoothing parameter, Hurvich et al. [42] propose an interesting and automatic

determination based on AICc (the corrected Akaike information criterion) [43, 44],
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as applied in Wen and Chen [45]. To summarize, for short data series, we prefer the

robust regression approach outlined before loess; it is less risky and easier to

perform, and we do not have to select a smoothing parameter.

Detecting step trends (an abrupt change in the mean level at a specific point in

time) in a process is also an important topic. Various statistical methods are

available for identifying and locating steps in a time series [46–48]. Piecewise

LR is used to detect significant changes in a trend (breakpoints), which means there

are two different linear relationships in the data with a sudden, sharp change in

direction. In this case, xi is modeled by splitting the linear predictor into two pieces:

xi ¼ β0 þ β1ti þ ei ti � γ
β0 þ β1ti þ β2 ti � γð Þ þ ei ti > γ

�
ð5Þ

where γ is the breakpoint [49]. The slopes of the two lines are β1 and β1 þ β2, so β2
can be interpreted as the difference between the slopes. The model given in Eq. 5,

also named two-section LR (2SLR), forces continuity at the breakpoint [50]. It is

straightforward to see that if β2 ¼ 0, we are in fact fitting simple LR. As is evident,

the 2SLR model can be a useful approach for detecting trend reversals. Unfortu-

nately, it is not robust when facing outliers.

2.1.2 Nonparametric Methods

Up to now, the methods we have summarized are based on linear models. Another

possible approach is to apply a nonparametric model. Nonparametric methods tend

to have been favored in the analysis of large datasets from national monitoring

programs [18], since these methods involve fewer assumptions and they are less

sensitive to outliers. There has been widespread use of Spearman’s rho and Mann-

Kendall (MK) tau statistics (especially the latter) to test for the presence of

monotonic trends [5, 6, 51–62] and others.

The MK test is a well-known nonparametric rank-based method. Mann [63]

originally used the test, and Kendall [64–66] derived the test statistic distribution. It

is a distribution-free method (it does not require, e.g., normally distributed data),

and it can be useful for detecting trends in time series when the data exhibit a

monotonic function of time. MK test is robust against the influence of extreme

values, suitable to be used with skewed variables [67], and appropriate for data that

do not display seasonal variation (or for seasonally corrected data) and have

negligible autocorrelation. It has been widely used and recommended by many

researchers (see, e.g., [5, 60, 68]) to detect trends in the field of hydrology and in

similar applications. The tau b correlation coefficient [65] is the natural estimator of

the strength of the trend in the case of using the MK test and is easily derived.

In accordance with MK test, the null hypothesis H0 is that the data is a sample of

n independent and identically distributed (iid) random variables [5, 69]. The test

statistic, Kendall’s S [65], is calculated as follows:

32 F. Oliva et al.



S ¼
Xn�1

i¼1

Xn
j¼iþ1

sign xi � x j

� � ð6Þ

where sign xi � x j

� �
is equal to 1, 0, or �1 according to the sign of the difference

xi � x j. Under the null hypothesis, E Sð Þ ¼ 0, and

var Sð Þ ¼
n n� 1ð Þ 2nþ 5ð Þ �

Xg
j¼1

k j k j � 1
� �

2k j þ 5
� �

18
¼ σ2 ð7Þ

where g is the number of tied groups and kj is the number of observations in the jth
group (if there are no ties, delete the summation in the numerator of Eq. 7). For

n > 10, the test statistic

ZS ¼
S� 1ð Þ=σ if S > 0

0 if S ¼ 0

Sþ 1ð Þ=σ if S < 0

8<: ð8Þ

where σ ¼ ffiffiffiffiffiffiffiffiffiffiffiffiffi
var Sð Þp

follows a standard normal distribution [65]. The significance

levels ( p-values) can be obtained as follows:

p ¼ 2 1�Φ ZSj jð Þð Þ ð9Þ

where Φ() is the cumulative distribution function (CDF) of a standard normal

distribution.

The MK test detects monotonic trends, so it cannot assess a trend reversal. A

sequential MK test, originally proposed in Sneyers [70], is used in Partal and Kahya

[71] and Shifteh Some’e et al. [72]. Unfortunately, it is not a test in a statistical

sense, but a heuristic visual procedure to detect a trend reversal. We consider this

approach to be quite subjective, and we do not recommend it.

Hirsch et al. [5] developed an extension of Kendall’s test called the Seasonal

Kendall (SK) test that accounts for seasonality in the data. In order to estimate the

magnitude of the trend, they developed the SK slope estimator, which is an

extension of the estimator proposed by Theil [73] and Sen [74]. A modified version

of the SK test that allows for both seasonal data and serial dependence has also been

developed [6]. The literature contains many methods for dealing with seasonality

(i.e., monthly or quarterly trends); however, the issue is beyond the scope of this

review, which focuses on yearly data.

Spearman’s rho correlation is an alternative to Kendall’s tau b, despite being less
commonly used in trend assessment. The results of the two statistics and tests are

very similar; however, the faster convergence to the normal distribution of the

statistic based on Kendall’s tau b makes it slightly preferable in the case of a small

dataset [75].
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If a significant trend is found, the magnitude (rate of change per unit time) can be

estimated using the TS slope [73, 74]. This approach involves computing slopes for

all pairs of data points xi � x j

� �
= ti � t j
� �

and then using the median of these slopes

as an estimate of the overall slope:

βTS ¼ Med
xi � x j

ti � t j

� �
8 i > j , i, j ¼ 1, . . . , n ð10Þ

Thus, it is fairly sensitive to the presence of extreme values but can handle a

moderate number of values below the detection limit and missing values. The

trend slope, βTS, is a measure of monotonic change and represents the median

rate of change for the selected period, assisting the user in comparing the magni-

tudes of trends for several stations. However, it must be said that it is a linear trend

estimator.

Another option, which as far as we know has not been used in the area of

monitoring GWBs, is RoCoCo (robust rank correlation coefficients), proposed by

Bodenhofer [76, 77], who presents a set of measures to test for monotonic associ-

ations between two observables. These robust rank correlation measures are based

on fuzzy orderings, and the tests developed seem to outperform the classical

variants because they are more robust for small samples when facing noise. The

MK test is ideally suited for detecting monotonic relationships, but if you have

numerical data such as pollutant concentrations, they may contain noise. In that

case, even small random perturbations of true values may obscure a monotonic

association. The robust gamma correlation coefficient seems to overcome this

problem. The basic idea behind this correlation is to replace the strict orderings in

the definitions of concordant and discordant pairs by continuous functions that

measure the degree to which one value is greater than another (fuzzy ordering).

Given a dataset consisting of n pairs of observations, ti; xið Þni¼1, the scoring functions

RT and RX are used to compute the overall score of concordant pairs, C, and the

overall score of discordant pairs, D:

eC ¼
Xn
i¼1

X
j 6¼i

T RT ti; t j
� �

,RX xi; x j

� �� �
eD ¼

Xn
i¼1

X
j 6¼i

T RT ti; t j
� �

,RX x j; xi
� �� �

The function T is a triangular norm used for aggregating the relationships between

t and x components. The final robust gamma rank correlation coefficient is then

computed as:
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eγ ¼
eC � eDeC þ eD ð11Þ

in perfect analogy with Goodman’s and Kruskal’s gamma.

To test the significance of the robust gamma correlation coefficient, Bodenhofer

and Klawonn [76] propose permutation testing. In order to calculate the correlations

and to perform the tests, we use the R package RoCoCo [78].

2.1.3 Time Series Correlation

One of the underlying assumptions common to all the models and tests presented so

far is that the data are serially uncorrelated. When there is serial time correlation,

the performance of the tests at assessing the significance of the trend could be

affected (type I error) and may give misleading results. The effects are well known

[79, 80]: in the case of positive autocorrelation, the tests have a tendency to be risky

(increase in false positives), while if the autocorrelation is negative, the tests

perform in a conservative way (increase in false negatives). Environmental vari-

ables, such as hydrological data, frequently exhibit some form of positive auto-

correlation [80, 81], and several authors have studied and quantified the type I error

in a large amount of situations (both with analytical and simulation studies) and

shown that they are often greater than the significance level adopted ([80, 82, 83],

among others). If we are applying a parametric model, the time series statistics

framework can be used to overcome the problem of autocorrelation. However, it is

not easy to obtain reliable results when dealing with a small sample dataset, and

probably for this reason, such a framework has not often been applied or

recommended for annual data.

The most simple case is the presence of lag-1 autocorrelation (the reading xi
recorded at time ti is correlated with the previous value xi�1), that is to say, a first-

order autoregressive process AR(1). For annual data, it may be a suitable approach,

because the serial correlation with a lag bigger than 1 year will in general be low.

From now on in this work, we will assume only a possible significant lag-1

autocorrelation.

Several proposals have been made to avoid false trend detections resulting from

autocorrelation. Generally speaking, such efforts can be classified into two different

approaches. The first modifies the statistical test to account for the presence of the

serial correlation. Further information regarding this first approach, including the

advantages of its use, can be found in Yue andWang [84] and Khaliq et al. [85]. The

second approach transforms the original data so that it meets the assumption of no

temporal dependence [86]. This second approach is often adopted via the procedure

called pre-whitening (PW) [79, 87, 88]. In all cases, a key step in the process is the

estimation of the serial dependence.

Nevertheless, at this point, there is another obstacle to consider: the interaction

between the trend and the autoregressive process [89–91]. If the data reflect a
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deterministic trend, the estimate of the autocorrelation will become artificially

inflated. For this reason, it has been proposed that the trend be extracted from the

data (detrending) prior to the estimation of the autocorrelation [80]. Therefore,

in order to evaluate the autocorrelation, two steps are involved: (1) detrending of

the data (in the case of a significant trend) and (2) estimation of the autocorrelation

within the detrended data.

In order to detrend (DT) the data, the following procedure has been proposed:

1. Calculate the Theil-Sen (TS) estimator with the original data, βTS.
2. Assess whether the trend is significant using a 1� αð Þ � 100% confidence

interval of the slope. At least two different procedures have been described to

build this confidence interval: a procedure based on order statistics [92, 93] and a

bootstrapping procedure [94]. A controversial point is the election of the signifi-

cance level (type I error); α ¼ 0:05 (α ¼ 0:10 if we choose a unilateral approach)
is the usual value, but it could be too conservative in this step (low test power),

so we recommend a value from 0.10 to 0.20 (0.15 and 0.20 are values often

recommended in many stepwise variable selection procedures).

3. If zero is inside the confidence interval, we accept the hypothesis of no trend; and

therefore the data remain unchanged: x*i ¼ xi. Otherwise, we remove the trend,

transforming the data; thus,

x*i ¼ xi � βTSti

At this point, we want to note an obvious fact that is poorly reported in the

literature: despite TS being a robust nonparametric estimator, it simply evaluates

a slope, and therefore, the detrending procedure described above only removes a

linear trend. It is straightforward and easy to understand that if the data reflect a

nonlinear trend, detrending with a linear function is inappropriate. Suppose we have

a data series with a quadratic trend (Eq. 2); then the detrending procedure leads to:

x*i ¼ xi � βTSti ¼ β0 þ β1 � βTSð Þ ti þ β2t
2
i þ ei i ¼ 1, . . . , n

which is another quadratic function of time (so the data reflect a new trend). Even

for data with a linear trend (Eq. 1), it is not certain that detrending completely

removes the trend:

x*i ¼ xi � βTSti ¼ β0 þ β1 � βTSð Þ ti þ ei i ¼ 1, . . . , n

Can we be sure that β1 � βTS � 0? It is not always, particularly with small datasets.

To summarize, the detrending procedure may produce data that reflect a new trend.

As far as we know, there have been no exhaustive studies of the consequences of the

detrending procedure on the estimation of autocorrelation when it is applied to data

with linear and nonlinear trends.

Once we establish that the data have no trend, we have to evaluate the auto-

correlation. This is no easy matter, as can be seen in much of the published work
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([95–98], among others). To estimate the lag-1 autocorrelation, the conventional

estimator is widely used [99]:

r1 ¼

Xn
i¼2

xi � xð Þ xi�1 � xð Þ
Xn
i¼1

xi � xð Þ
, x ¼ 1

n

Xn
i¼1

xi ð12Þ

The statistic r1 is very similar to Pearson’s correlation coefficient, but the numerator

only has n� 1 terms, and x is used instead of calculating the average for x1, . . ., xn
and x1, . . . , xn�1 . Under the hypothesis ρ1 ¼ 0, the expected value of r1 is E r1ð Þ
¼ �1=n [100]. On this basis, Huitema and McKean [101] proposed the modified

estimator:

rþ1 ¼ r1 þ 1

n
ð13Þ

Nevertheless, rþ1 has a negative bias ifρ1 > 0and n is small. In fact, the approximate

bias of r1 is � 1þ 4ρ1ð Þ=n [102]. To test H0 : ρ1 ¼ 0, we use the approximation

proposed by Moran [100] of var(r1):

var r1ð Þ ¼ n� 2ð Þ2
n2 n� 1ð Þ 1� ρ21

� �
which is an accurate estimation under the null hypothesis [103, 104]. So, under the

null hypothesis ρ1 ¼ 0, E0 rþ1
� � ¼ 0 is the expected value of rþ1 , and the variance is

var0 rþ1
� � ¼ n� 2ð Þ2

n2 n� 1ð Þ ð14Þ

It is now straightforward to use the statistic

Zrþ
1
¼ n

ffiffiffiffiffiffiffiffiffiffiffi
n� 1

p

n� 2ð Þ rþ1

which, under the null hypothesis, asymptotically follows a standard normal distri-

bution. Therefore, it is now easy to calculate the p-value:

p ¼ 2 1�Φ Zrþ
1

��� ���	 
	 

As we said above, the existence of serial correlation affects the MK test [67,

79]. Autocorrelation implies a change in the variance of the statistic S, var(S).
Specifically, a lag-1 positive autocorrelation ρ1 > 0 increases the var(S), which will
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produce an increase in type I errors if we apply the usual MK test [84, 105]. In the

case of a negative autocorrelation ρ1 < 0, we will have exactly the opposite effect,

but as we mention above, we expect a null or a positive time serial correlation with

pollutants, and it is very rare to detect a negative autocorrelation. In order to solve

the problem with the MK test, two strategies appear in the literature: data PW and

modifying the MK test.

Modified MK Test for Autocorrelated Data

One way to modify the MK test is by modifying var(S). There are several proposals,
and here we present the method described in Lettenmaier [106] and Hamed and Rao

[107], reviewed and evaluated in Yue and Wang [84]. Once we have evaluated the

lag-1 autocorrelation and rejected the null hypothesis ρ1 ¼ 0 (if the null hypothesis

is accepted, it is recommended to apply the usual MK test), we apply the modified

MK (MKM) test. The modified variance of S, var *(S), is calculated as follows:

var* Sð Þ ¼ n

n*
var Sð Þ

where n* is the effective number of independent samples [108]. Matalas and

Langbein [105] derived a formula for n* in the case of a lag-1 autoregressive

process:

n* ¼ n

1þ 2
ρnþ1
1

�nρ2
1
þ n�1ð Þρ1

n 1�ρ1ð Þ2
ð15Þ

To arrive at our estimate of var *(S), vâr*(S), we have to replace ρ1 with the

estimator ρ̂ 1 ¼ rþ1 in Eq. 15. Next, we apply (for n> 10) the transformation

specified in Eq. 9, replacing σ by σ̂ * ¼ ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
vâr* Sð Þp

.

Finally, we note that other modifications of the MK test have been published

(e.g., [67, 107]).

PW

The other approach to deal with autocorrelation is data PW [79] which means

removing the serial correlation from the data prior to applying the test. This

procedure reduces the occurrence of type I errors close to the adopted (nominal)

significance level [86, 87]. Nevertheless, as we say above, the estimate of the

autocorrelation will become artificially inflated if the data reflect a trend. For this

reason, trend-free PW (TFPW) has been proposed [80]. TFPW is a four-step

procedure: 1) DT the data; 2) estimate the autocorrelation; 3) remove the serial

correlation; and 4) replace the trend in the data. According to Ön€oz and Bayazit
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[83], TFPW is frequently more powerful than the PW at detecting trends, and it is

widely used in much work [80, 109–114].

We propose the following TFPW algorithm that deals with missing values:

1. Apply the detrending procedure and estimate the lag-1 autocorrelation ρ̂ 1 ¼ rþ1 .
2. Is the autocorrelation significant? If H0 : ρ1 ¼ 0 is accepted (choose α between

0.10 and 0.20), then do not transform the data, i.e., final data are original data:

x***i ¼ xi.
3. IfH0 : ρ1 ¼ 0 is rejected and βTS (recall TS estimator) is not significant (the zero

value is inside the confidence interval), remove the autocorrelation from the

original data: x***i ¼ xi � ρ̂ 1xi�1.

4. If H0 : ρ1 ¼ 0 is rejected and βTS is significant, then:

a. Remove the autocorrelation from the detrended data:

x**i ¼ x*i � ρ̂ 1x
*
i�1

where x*i ¼ xi � βTSti. Here, another obstacle arises: what do we do if the data
have missing values? Curiously, this is an important point that is absent from

the work we have reviewed. We propose imputing them (e.g., by applying

linear interpolation), only in order to be able to remove the autocorrelation;

otherwise, every original missing value implies losing another final value in

this step.

b. Replace the trend in the data: x***i ¼ x**i þ βTSti.
Once TFPW has been performed, you can apply the usual MK test and TS

estimator to the transformed data, x� � �t . Finally, in Ön€oz and Bayazit [83], a

modified form of TFPW (referred to as MTFPW) that aims to reduce its

probability of rejecting a true H0 was proposed. There is still some contro-

versy in the literature regarding the most appropriate approach to correcting

for serial correlation [115, 116]. For example, we think that many researchers

forget that if ρ1 ¼ 0 and we reject the null hypothesis (due to a type I error),

PW introduces autocorrelation. In this unfortunate case, it is easy to calculate

this serial correlation:

corr xi, xi�1ð Þ ¼ � ρ̂ 1= 1þ ρ̂ 2
1

� �
where ρ̂ 1 ¼ rþ1 . In summary, we may assume that further studies are still

required to evaluate the performance of both PW and TFPW techniques.

2.2 Overall Assessment of GWBs

In this section, we deal with how to aggregate data from individual monitoring

points (spatial aggregation) in order to assess a trend in a GWB as a whole. Grath
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et al. [8] introduce the necessity to calculate trends for a GWB or group of GWBs.

Since trends in GWBs as a whole cannot be observed directly, an approach has to be

adopted to aggregating observations from individual monitoring points. Spatial

correlation is a matter of concern here, because data series coming from various

stations may be correlated. Although most studies ignore this fact in their inter-

pretations of results, it must be kept in mind that the effect of cross-correlation in

the data is to increase the expected number of trends [57].

Several approaches deal with overall trend assessment by grouping or blending

the results from all the stations inside a GWB. Grath et al. [8] recommended

carrying out the trend assessment with the mean values (average of all the stations

for each period of time). An alternative is the average (or the median) of any

statistic obtained from every single station within a GWB. In a case study of CIS

Guidance No. 18 ([9], Sect. 10.8), two aggregation procedures are presented:

(a) defining the median trend slope and (b) using age dating to aggregate time

series (simply pooling data) along a standardized x-axis showing recharge time. In

Douglas et al. [60], an interesting aggregation procedure based on the results of MK

tests is described, and we will outline it below. However, an average or a median

implies the assumption that the trend is homogeneous across all stations, which is

difficult to justify. Thus, in Van Belle and Hughes [12], a preliminary test of the

homogeneity of the trend direction was proposed. When the trend is heterogeneous

across stations (e.g., an upward trend in one set of stations and a downward trend in

another), any overall test of trend direction or slope estimator will be misleading.

2.2.1 S-Mean Method

The S-mean method [60] is based on the results of the MK test for every station.

Specifically, we must compute:

Sm ¼ 1

m

Xm
k¼1

Sk ð16Þ

where Sk is the S statistic provided by the MK test for the kth station in a GWB with

m stations. If the data series are cross-correlated, i.e., there is spatial correlation

between stations, the variance of Sm is

var Sm
� � ¼ 1

m2

Xm
k¼1

var Skð Þ þ 2
Xm�1

k¼1

Xm� j

j¼1

cov Sk; Skþ j

� �" #

Following Salas-La Cruz [117], the covariance between station k and station k þ j
is:
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cov Sk; Skþ j

� � ¼ σ2ρk,kþ j

whereρk,kþ j is the cross-correlation coefficient between the two stations. Therefore,

the variance of Sm becomes:

var Sm
� � ¼ 1

m2
mσ2 þ 2

Xm�1

k¼1

Xm� j

j¼1

σ2ρk,kþ j

" #
¼ σ2

m
1þ m� 1ð Þρxx½ � ð17Þ

where:

ρxx ¼
2
Xm�1

k¼1

Xm� j

j¼1

σ2ρk,kþ j

m m� 1ð Þ

is the average cross-correlation coefficient for the whole GWB. Considering that

the overall GWB has no trend, it is obvious that E Sm
� � ¼ 0. Therefore, asymptoti-

cally (n > 10 could be enough for practical purposes), the statistic:

ZS ¼
Smffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

var Sm
� �q e N 0; 1ð Þ

follows a standard normal distribution. Obtaining p-value is straightforward:

p ¼ 2 1�Φ ZS

�� ��� �� �
This procedure takes into account spatial correlation. In our opinion, it is much

better than other approaches that simply mix or group data from the different

stations. Nevertheless, we warn against the use of these approaches to blending

the results of individual monitoring points: they implicitly assume a global trend for

the whole GWB, and that is not always so. We outline below quite a different

spatial aggregation method; it does not assume a common global trend.

2.2.2 Cross-Correlation: A Bootstrapping Procedure

Burn and Hag Elnur [61] propose an ingenious bootstrapping approach to determine

the critical value for the percentage of stations expected to show a trend by chance.

It can be summarized in the following steps:

1. Select a year at random from the entire period of time for which data are

available (supposing that the sampled values are obtained yearly). Repeat this

procedure for the required number of years, i.e., the number of years in the initial
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dataset, so that the new dataset is in fact a resampling of the years, without

altering the data from individual monitoring points.

2. Perform the MK test for every station (at a chosen significance level, α) and
determine the percentage of stations with a significant trend.

3. Steps 1–2 are repeated k times (k ¼ 600 in Burn and Hag Elnur [61]), to obtain

the empirical distribution of the percentage of stations that are significant at the α
level. Sort the k percentage values recorded and determine the percentile

1� αð Þ � 100%, pcrit.
4. If the actual percentage of stations showing a trend in the GWB analyzed is

greater than pcrit, it will be considered significant.

Note that any temporal structure (a trend) that exists in every single station will

not be reproduced in the resampled datasets because of the bootstrapping process.

However, the cross-correlations in the original data are preserved, allowing us to

evaluate the effect of spatial correlation within the GWB. In Sect. 4, we will provide

a modified procedure that outperforms the algorithm just outlined here.

3 Assayed Procedures: A Case Study

In order to illustrate the procedures and highlight the main results, some of the

stations and GWBs in Catalonia were selected (Fig. 1), and some of the methods

described above were applied. We first determined the trends for individual mon-

itoring points, in accordance with nine specific methods (see below); and then we

applied two distinct methods to show how data may be aggregated in order to

determine the trend for a GWB as a whole. GWBs with a long monitoring period

and many sampling sites were selected to be analyzed. Nitrate and chloride

concentrations were analyzed in order to identify significant upward and downward

trends.

Figure 2 shows the scatterplots of the twelve stations used to compare the nine

methods. These stations were not selected at random, but specifically in order to

show the performance of the methods in different scenarios. One possible classifi-

cation of these monitoring points based on the data shown, according to a rough

trend assessment, is the following:

• Linear or monotonic trends: stations N1, N2, N3 (the latter two with extreme

values), and N7.

• Overdispersion: stations N4, N5, and N6. It is difficult to assess the trends due to

overdispersion; perhaps the data could fit a quadratic or even a cubic curve.

• Trend reversal: evidently this is not certain, but quite possible, at N8, N9, C1,

C2, and C3.
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3.1 Methods Assayed for Individual Monitoring Points

For each assayed method outlined below, we describe how it was performed (using

package(s), function(s), or our own scripts in R), and we highlight the main results

obtained in two categories: goodness of fit and trend estimation.

1. LR, using the lm function. Goodness of fit: Pearson’s correlation coefficient (r),

R2, and p-value. Trend estimation: β̂ 1 (Eq. 1) and p-value for β̂ 1.

2. RLR, with the rlm function (MASS package, [35]). Setup: Huber-type function

with parameter k ¼ 1:345 (default value), σ̂ ¼ MAD. Goodness of fit: R2. Trend

estimation: β̂ 1 (Eq. 3) and p-value for β̂ 1.

3. MK test and TS estimator (MK&TS), with the MK function (Kendall package,

[118]) and mblm function (package mblm, [119]). Goodness of fit: tau b corre-

lation coefficient and p-value. Trend estimation: TS estimator (Eq. 10).

4. RoCoCo and TS estimator (RCC&TS), using the RoCoCo package [78] to

calculate the RoCoCo. Setup: RT ti; t j
� � ¼ 1 if t j > ti (zero otherwise),

RX xi; x j

� � ¼ max 0, min x j � xi
� �

=r
� �� �

, respectively named classical strict

ordering and truncated linear scoring, and T x; yð Þ ¼ min x; yð Þ. Goodness of

Fig. 1 GWBs located in Catalonia and sampling sites currently used to monitor chemical status
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fit: robust gamma correlation coefficient and p-value. Trend estimation: TS

estimator (Eq. 10).

5. MK modified test for autocorrelated data and TS estimator (MKM&TS). We

programmed our own code for the calculus of the modified variance estimate,

Fig. 2 Scatterplots of pollutant concentrations (nitrates and chlorides) from 1996 to 2013 for the

selected monitoring points, showing the LR fit (dotted line) and TS fit (solid line)
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vâr*(S); lag-1 autocorrelation, ρ̂ 1 ¼ rþ1 ; and p-values. If serial data had missing

values, we proposed the following heuristic correction to the estimation of lag-1

autocorrelation (Eqs. 13 and 14):

rþ1 ¼ nþ gð Þ
n

r1 þ 1

n
, var0 rþ1

� � ¼ nþ g

n

	 
2 n� 2ð Þ2
n2 n� 1ð Þ

Goodness of fit: tau b correlation coefficient and p-value. Trend estimation: TS

estimator (Eq. 10).

6. TFPW before applying the MK test and TS estimator (TFPW+MK&TS). We

programmed our own code in order to perform the TFPW, as described in Sect.

2.1.3. A threshold value of α ¼ 0:2 was used to test the significance of the TS

estimator and lag-1 autocorrelation. Goodness of fit: tau b correlation coefficient
and p-value. Trend estimation: TS estimator (Eq. 10).

7. TFPW before applying RoCoCo and TS estimator (TFPW+RCC&TS). This

method combines TFPW with method 4. Goodness of fit: robust gamma corre-

lation coefficient and p-value. Trend estimation: TS estimator (Eq. 10).

8. Two-section LR (2SLR). Breakpoints detected with the piecewise function

(SiZer package, [120]). Significance test for the difference of slopes: Davies

test [121], applied with the davies.test function (segmented package, [122]).

Goodness of fit: none. Trend estimation: β̂ 1 and β̂ 1 þ β̂ 2 (Eq. 5) and p-value for

β̂ 2 (Davies test).

9. QR, using the lm function. Goodness of fit: R2 and p-value. Trend estimation: β̂ 1

and β̂ 2 (Eq. 2) and p-value for β̂ 2.

3.2 Methods Assayed for Overall GWB Trend Assessment

(1) S-mean method, described in Sect. 3.2: Nevertheless, missing values and ties

are not considered in Douglas et al. [60]; thus, we propose a modified variance

estimation of the statistic Sm. The estimation of var Sð Þ ¼ σ2 could be approxi-

mated by σ̂ 2 � mσ̂ 2
S, where:

σ̂ 2
S ¼ 1

m2

Xm
k¼1

vâr Skð Þ
" #

ð18Þ

Therefore:

vâr Sm
� � ¼ σ̂ 2

S 1þ m� 1ð Þρxx½ � ð19Þ

(2) Permutational approach for testing overall GWB trend assessment (PTA):

based on the procedure described in Burn and Hag Elnur [61], we propose a

Trend Assessment for Groundwater Pollutants: A Brief Review and Some Remarks 45



modified method that (a) is a permutation test, so it gives a significance

assessment (in terms of p-value), and (b) evaluates not only significant overall

trends but upward and downward trends in a separate manner. The algorithm

can be implemented in the following way:

1. For a given GWB dataset, perform trend test for every station. Given a

significance level α, collect and count separately the number of significant

upward and downward trends.

2. Randomly select a year from the entire period of time for which data are

available (assuming a yearly sampling period). Repeat this random selection

without replacement for the required number of years. The new dataset is in

fact a permutation of years, without altering any data from individual

monitoring points.

3. Perform the test for every station (significance level α) and determine the

number of stations with significant upward and downward trends.

4. Repeat steps 2–3 k times (k ¼ 9, 999 permutations in our study). Sort the

values of upward and downward significant trends separately, to obtain the

empirical distributions of the number of stations with significant trends

(upward and downward). Combine these with the actual values for the

GWB obtained in step 1.

5. Finally, calculate the two percentiles, Pexp, of the actual values obtained in

step 1, so complementary values p ¼ 1� Pexp (one for upward trends and

the other for downward trends) perform like p-values.
Any of the methods summarized in Sect. 3.1 for individual monitoring

points could have been applied, but for the purpose of comparing with S-
mean, we performed the MK test.

4 Results and Discussion

4.1 Individual Monitoring Points

First of all, we briefly discuss the issue of autocorrelation. At nine of the twelve

stations, significant positive autocorrelation was detected (Table 1). Of these nine

stations, in five cases, we previously detrended (due to a significant TS slope).

Therefore, because positive autocorrelation increases the likelihood of a false

positive in the trend assessment, it seems absolutely essential to use a method

that takes into account the autocorrelation (i.e., MKM) or to perform TFPW.

However, further analysis revealed serious flaws. Is there real autocorrelation of

the data, or is it a spurious detection due to erroneous detrending? As you may

recall, after linear detrending to data, if it is not appropriate (i.e., the data reflect a

nonlinear trend), the transformed data will show a trend that will affect the estimate

of autocorrelation. We cannot be sure exactly what happened (we are referring here

to the overestimation of the autocorrelation in our case study), but it is clear that at
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various stations with significant autocorrelation, the original trend seems not to be

linear, so that the detrending will not have been effective (misrepresenting the

data). The nonlinear tendency is quite evident, for example, in the case of N4, N7,

C1, C2, and C3. Let us look in more detail at the case of N4: the original nonlinear

trend (maybe a quadratic or cubic trend) means that the detrending actually

increased the linear trend (Fig. 3), so that the two methods with TFPW detect a

more significant trend than the respective non-TFPW methods.

Next, we discuss the results of the nine methods in the same order as that in

which they appear in Table 2 and that they were described in Sect. 3.

LR is a good method when the data fit a linear trend reasonably well (Fig. 2).

However, there are several pitfalls associated with it when treating groundwater

data. It can be greatly affected by extreme values; for example, consider station N3

(Fig. 4): LR fails to detect an upward trend due to the inclusion of two extreme

values in the time series which increase the residual values substantially. Also, the

method has difficulties in cases of overdispersion (N5, N6) or a poorly defined

nonlinear trend (N4). Obviously, it is not useful in cases with a trend reversal: it was

Table 1 Lag-1 autocorrelation (estimate and p-value) and detrending applied (yes or no)

according to TS confidence interval for all individual monitoring points (stations)

Groundwater body Station code Station label Detrending

Lag-1 autocorrelation

ρ̂ 1 p-value

GWB48 25248-0005 N1 YES �0.2644 0.2200

GWB21 43074-0058 N2 NO �0.0382 0.8805

GWB10 08129-0011 N3 YES 0.3677 0.1154

GWB21 43140-0078 N4 YES 0.5348 0.0220

GWB49 25152-0006 N5 YES 0.5707 0.0247

GWB49 25217-0009 N6 YES 0.3191 0.1719

GWB25 43161-0159 N7 YES 0.6785 0.0097

GWB21 43020-0056 N8 YES 0.2858 0.2211

GWB33 17085-0012 N9 NO 0.7203 0.0106

GWB39 08301-0035 C1 NO 0.4850 0.0378

GWB49 25242-0008 C2 NO 0.4337 0.1187

GWB23 08231-0025 C3 NO 0.7896 0.0010

Labels N and C indicate nitrate and chloride pollutants, respectively

Fig. 3 Comparison plots of

raw data and TFPW

transformed data for station

N4, with TS fitted line
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not able to detect any trend (N9, C1, C2, C3), or it only detected one trend

(an upward trend for station N8). In the case of N7, LR detects the downward

trend perfectly, but we cannot identify the slope change. Finally, LR does not take

autocorrelation into account, and as previously explained, this fact can affect the

significance of the model. In this scenario, we could have applied TFPW to the data;

but as we mention earlier and we will return to later, TFPW is a risky method.

Another approach would be to apply any of the methodologies that have been

published and implemented in a lot of software for the treatment of time series.

In short, LR is highly sensitive to outliers and overdispersion; it only detects one

linear trend (and therefore it cannot detect a trend reversal) and does not take

autocorrelation into account. In general, we advise against the use of LR for trend

detection.

RLR has proved to be resistant to extreme values. For the example station N3

(Fig. 4), LR failed to detect an upward trend due to the inclusion of two extreme

values; however, RLR found the increasing trend. We suggest it as an alternative to

LR, and we are a bit surprised that it has not been more widely recommended in the

area of groundwater monitoring. It does still have limitations though: (1) it only

works well for a linear trend; (2) it cannot detect trend reversal; and (3) it does not

take autocorrelation into account.

MK test and RoCoCo (with TS estimator of the slope): as evident from Table 2,

these two methods usually give almost the same final results. RoCoCo, based on

fuzzy scorings and more complex than Kendall’s tau b, does not improve trend

detection. More theoretical and simulation studies are necessary to determine in

what situations RoCoCo may become a better method to detect a trend. In parti-

cular, perhaps another choice of the fuzzy scoring function could achieve better

results. Compared to RLR, the only difference is that MK test and RoCoCo detected

a downward trend in N4 and an upward trend in N5. An important point to

remember is that MK test and RoCoCo detect monotonic trends but are not helpful

in detecting trend reversals, as we can see from the results for stations N9, C1, C2,

and C3. Finally, we would like to highlight again that trend estimation with TS

estimator, despite being robust, is just linear (Fig. 2).

Fig. 4 Scatterplot for

station N3 showing three

fitted lines, adjusted

according to the LR, RLR,

and TS methods assayed
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MKM test for autocorrelated data: as we state above, this has the advantage of

not manipulating the original data, but simply changing the variance of the MK

S statistic. In our case study, all nine autocorrelations detected were positive, so

var*(S)> var(S), and the MKM test offers greater p-values than MK test. As we can

see, MKM test becomes a much more conservative test than MK test and only

detects a significant trend in station N7. It is difficult to quantify the effect, but it is

evident that the incorrect estimate (even spurious) of autocorrelation makes MKM

test very conservative. Although we cannot draw definitive conclusions from just a

few examples of stations, we are afraid that the MKM test is exceedingly conser-

vative for trend detection.

TFPW with MK test or RoCoCo: as we have discussed previously, it is not clear

whether TFPW is a successful technique or leads to involuntary contamination of

the original data. It is certainly the latter case when the data present a nonlinear

trend. If we examine stations N4 and N6 carefully, we notice a peculiar feature. In

both cases, TFPW clearly increases trend detection (in N6, this represents a shift

from nonsignificance to significance). The risk due to both the data detrending and

the estimate of the autocorrelation can be serious, and TFPW could produce

misleading results; therefore, we advise against the blind application of TFPW. In

any case, we recommend applying the test without TFPW first. If the hypothesis of

no trend is accepted, then do not apply TFPW to the data. If a significant trend is

detected, then apply TFPW and redo the test and finally choose the larger p-value
(this conservative option is suitable if we accept that there is a null or a positive

autocorrelation).

2SLR displays a surprisingly high (maybe too high in some cases) capacity to

detect significant breakpoints (stations N1, N6, N7, N8, N9, C1, C2, and C3),

sometimes even at the end of the time series (Fig. 5). We do not know the reliability

of the Davies test (used to test for different slopes and so the significance of the

breakpoint) in the case of small data series and autocorrelation. However, a point of

change does not necessarily indicate trend reversal: it could simply be a change in

the slope, as at station N7. Finally, detecting two significantly different slopes and

with different signs does not necessarily imply trend reversal: one of the two

sections could represent no trend. There are several R packages that estimate

breakpoints (such as SiZer and segmented), and they also calculate the bootstrap

confidence intervals of the slopes, but such intervals are completely meaningless for

short time series, due to their considerable length. In summary, 2SLR seems to be a

versatile method that is suitable for detecting trend (which implies abandoning

linear or monotonic methods), but it must be studied more carefully. On the one

hand, the Davies test seems to be a bit risky (a tendency toward false positives).

On the other, if a breakpoint is detected, we need a good strategy for making a

decision regarding the trend: a monotonic trend (slope change detected, but no trend

change), no current trend, or a trend reversal. Finally, 2SLR does not take auto-

correlation into account.

QR detects non-monotonic trends in the same stations as 2SLR does (Fig. 5),

although in some cases the two differ in their estimates of the breakpoint (inflection

point in the case of QR). Due to the concavity or convexity of a quadratic function,

it sometimes seems to detect the breakpoint too earlier or too late. It does not allow
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for assessing the trend before and after the inflection point in an easy and automatic

manner: how do we assess whether the trend is actually no trend? Finally, it does

not take into account autocorrelation. Despite QR exhibiting interesting and valu-

able behavior, we recommend applying 2SLR to detect breakpoints.

In summary, we regard it absolutely necessary to incorporate methods such as

2SLR in order to detect trend reversal. We believe excessive emphasis has been

placed on the detection of monotonic trends, and the broad recommendation of the

MK test is not justified. We also consider the application of a 3SLR method (three-

section LR) for longtime series (at least 20 years). The question is how to decide

whether one or two trend reversals are present; so we have to compare several linear

models using the framework of GLM (general linear models) or other criteria such

as AIC [43, 44]. In the scenario of a monotonic trend, once we have abandoned the

multi-section model and trend reversal, we agree that the MK test and TS slope

should be recommended. As an alternative, we suggest robust linear models, which

could be a very useful alternative as they can tolerate a relatively large proportion of

extreme values and overdispersion.

Fig. 5 Plots showing 2SLR (solid line) and QR (dot line) fitted models, for stations N7, N8, N9,

C1, C2, and C3
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Autocorrelation is a sensitive and controversial issue. We consider it unresolved,

since MKM test seems overly conservative and TFPW is risky. As we have seen,

TFPW can lead to incorrect data correction (instead of PW, we may be inducing a

spurious trend due to incorrect detrending). We recommend a priori decision

criteria for the expert: if it is known that annual data autocorrelation is low, it is

better not to consider its existence. If medium or high autocorrelation is possible,

we need to use methods that are capable of adequate detrending or a simultaneous

estimation of the trend and the autocorrelation. This is not an easy matter, and we

also question the reliability (efficiency and robustness) of the estimates in both

detrending and the calculation of autocorrelation when time series only contain a

few data points.

4.2 Overall GWB Trend Assessment

The two methods assayed produce very different results (Table 3). The method

based on the S-mean statistic (mean of the S statistics from all the stations sampled

from a GWB) was able to detect three significant global increasing trends (GWB21,

GWB25, and GWB32), but no trend in the other three GWBs. However, the PTA

method detected significant upward trends in four GWBs and two GWBs with

significant upward and downward trends at the same time.

Obviously, the message sent to the management agents is quite different. See, for

example, GWB48: the decision from the S-mean method is “no trend” (due to the

conjunction of three stations showing upward trends and five showing downward

trends), but the message from the PTA method is that we have both stations with

significant upward trends and with significant downward trends. So we probably

have two sections or areas in the GWB: one with an increasing trend and the other

with a decreasing trend.

In our opinion, the S-mean method is only applicable if the overall GWB has the

same trend; but evidently we do not know this fact a priori. So to summarize, we

advise against using this approach to assess the overall GWB trend.

The PTA method appears to be a simple and effective method for global

evaluation of a GWB that takes spatial correlation into account. It is necessary to

consider ways to overcome the major weakness of PTA: it does not use the p-value
of each station, that is to say, it only considers the number of stations with

increasing and decreasing trends.

In short, we should abandon methods such as those that consider the mean values

of all the stations. The S-mean takes into account spatial correlation, but it could

offer a misleading assessment because an implicit assumption in this kind of

technique is to consider GWB trends as homogeneous. We recommend an approach

such as PTA to deal with overall GWB assessment.

Trend Assessment for Groundwater Pollutants: A Brief Review and Some Remarks 55



T
a
b
le

3
O
v
er
al
l
G
W
B
tr
en
d
as
se
ss
m
en
t

G
W
B

S
ta
ti
o
n
s
(#
)

T
re
n
d
as
se
ss
m
en
t
(#

an
d
%
)

G
W
B
o
v
er
al
l
tr
en
d
as
se
ss
m
en
t

P
T
A
(s
ig
n
ifi
ca
n
ce
)

S
-m

ea
n

"
!

#
"

#
S
m

Z
p

G
W
B
0
6

8
3

4
1

0
.0
0
7
9

0
.3
0
2
8

3
.6
3

0
.4
5
1
3

0
.6
5
1
7

3
7.
5%

50
.0
%

12
.5
%

G
W
B
1
0

2
2

8
1
2

2
0
.0
0
1
1

0
.2
4
4
6

5
.6
8

0
.9
1
7
8

0
.3
5
8
7

3
6.
4%

54
.5
%

9.
1%

G
W
B
2
1

1
0

3
6

1
0
.0
1
1
1

0
.3
4
8
1

1
7
.8
0

2
.7
2
9
9

0
.0
0
6
3

30
.0
%

60
.0
%

10
.0
%

G
W
B
2
5

2
5

5
1
6

4
0
.0
1
6
5

0
.0
4
5
6

1
0
.0
0

1
.7
2
8
5

0
.0
8
3
9

20
.0
%

64
.0
%

16
.0
%

G
W
B
3
2

1
3

4
8

1
0
.0
0
5
8

0
.4
2
5
6

1
4
.6
9

2
.0
7
7
8

0
.0
3
7
7

30
.8
%

61
.5
%

7.
7%

G
W
B
4
8

1
5

3
7

5
0
.0
5
7
9

0
.0
0
4
3

�1
1
.2
0

�1
.4
5
1

0
.1
4
6
9

20
.0
%

46
.7
%

33
.3
%

C
o
lu
m
n
2
in
d
ic
at
es

th
e
to
ta
l
n
u
m
b
er
o
f
st
at
io
n
s
w
it
h
in
th
e
G
W
B
.C

o
lu
m
n
s
3
–
5
sh
o
w
th
e
n
u
m
b
er
an
d
p
er
ce
n
ta
g
e
o
f
st
at
io
n
s
w
it
h
u
p
w
ar
d
tr
en
d
s
",
n
o
tr
en
d
s
!

,

an
d
d
o
w
n
w
ar
d
tr
en
d
s
#,

re
sp
ec
ti
v
el
y
.
O
v
er
al
l
G
W
B
tr
en
d
as
se
ss
m
en
t
is
sh
o
w
n
in

th
e
se
co
n
d
h
al
f
o
f
th
e
ta
b
le
,
fo
r
th
e
P
T
A
an
d
S
-m

ea
n
m
et
h
o
d
s
as
sa
y
ed
;
in

b
o
ld

n
u
m
b
er
s,
w
e
h
ig
h
li
g
h
t
si
g
n
ifi
ca
n
ce

tr
en
d
s

56 F. Oliva et al.



5 Conclusions and Future Trends

Regarding individual monitoring points, inflection points have to be identified in a

proper and efficient manner. In our opinion, this is a key step in assessing ground-

water trends. On the one hand, the detection of a breakpoint is necessary to

demonstrate trend reversal; on the other, techniques that detect linear or monotonic

trends could be considerably affected by trend reversal. It is not true that short data

series solve the problem: a breakpoint in the middle of the series could affect the

performance of linear or monotonic trend techniques, and it could produce mis-

leading results. In addition, short series imply low test power. In short, we strongly

advise applying methods with the capacity to identify breakpoints (such as piece-

wise LR).

Researchers also need to carefully consider the techniques for dealing with

outliers or extreme values. In this concern, the MK test is a good method (if no

breakpoint is present); but we think much more work needs to be done in exploring

robust models, such as robust regression.

Another issue for future research is autocorrelation. Though much work has

dealt with this matter, we consider that it is far from resolved. PW is a risky method

and can even distort the data, so we recommend that the approach only be used with

great care.

In relation to overall GWB trend assessment, a data aggregation method is

needed. We want to emphasize the risks of methods that consider the trend as

homogeneous within the GWB, because they could hide the behavior of sets of

stations with opposed trends. Instead, we recommend approaches such as PTA.

Groundwater trend assessment is certainly an exciting area of research. To date,

much knowledge has been gained regarding the performance of different methods,

but not enough to conclude which approach is best in daily practice without

analyzing every data time series individually. Nevertheless we must remember

that due to the number of GWBs, stations, and pollutants, visual inspection and

decisions for each data series are unrealistic. Therefore, an expert agent (software)

to make decisions and apply the proper techniques in an automatic manner is

absolutely essential. We are currently working on this issue.
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