
 

RE.PUBLIC@POLIMI 
Research Publications at Politecnico di Milano 

 
 
 
 

Pre-Print 

 

 
This is the submitted version of: 

 
 

B. Cantoni, R. Delli Compagni, A. Turolla, I. Epifani, M. Antonelli  
A statistical assessment of micropollutants occurrence, time trend, fate and human health risk 
using left-censored water quality data 
Chemosphere, 257 (2020), 127095 
doi:10.1016/j.chemosphere.2020.127095 

 
 
 
 

The final publication is available at https://doi.org/10.1016/j.chemosphere.2020.127095 
 

Access to the published version may require subscription. 

 
 
 

When citing this work, cite the original published paper. 
 
 
 
 
 
 

Permanent link to this version 

http://hdl.handle.net/11311/1144500 

 

 

© 2020. This manuscript version is made available under the CC-BY-NC-ND 4.0 license 

http://creativecommons.org/licenses/by-nc-nd/4.0/  



1 
 

A statistical assessment of micropollutants occurrence, time trend, fate and 

human health risk using left-censored water quality data 

 

Beatrice Cantoni1, Riccardo Delli Compagni1, Andrea Turolla1, Ilenia Epifani2, Manuela Antonelli1 

 

1 Politecnico Milano, Department of Civil and Environmental Engineering (DICA) - Environmental Section, 

Piazza Leonardo da Vinci 32, 20133 Milano, Italy 

2 Politecnico Milano, Department of Mathematics, Piazza Leonardo da Vinci 32, 20133 Milano, Italy 

 

* Corresponding Author: Manuela Antonelli  

    Telephone: (+39) 02 2399 6407 

    E-mail: manuela.antonelli@polimi.it 

 

Abstract In recent years, the presence of micropollutants in drinking water has become an issue of 

growing global concern. Due to their low concentrations, monitoring databases are usually rich in 

censored data (e.g. samples with concentrations reported below the limit of quantification, LOQ) 

which are typically eliminated or replaced with a value arbitrarily chosen between 0 and LOQ. These 

conventional methods have some limitations and can lead to erroneous conclusions on: presence 

of micropollutants in the source water, treatment efficiencies, produced water quality and 

associated human health risk. In this work, an advanced approach, based on Maximum Likelihood 

Estimation method for left-censored data (MLELC), was applied on monitoring data of 19 

contaminants (metals, volatile organic compounds, pesticides and perfluorinated compounds) in 

5,362 groundwater (GW) and 12,344 drinking water (DW) samples, collected from 2012 to 2017 in 28 

drinking water treatment plants in an urbanized area. This study demonstrates the benefits of MLELC 

method, especially for high percentages of censored data. Data are used to build statistical 

distributions which can be effectively used for several applications, such as the time trend evaluation 

of GW micropollutant concentrations and the estimation of treatment removal efficiency, 
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highlighting the adequacy or the need for an upgrade. Moreover, the MLELC method has been 

applied to assess the human health risk associated with micropollutants, indicating the high 

discrepancy in the estimations obtained with conventional methods, whose results do not follow 

precautionary or sustainability criteria. 

 

Keywords Censored data monitoring; Drinking water supply; Probabilistic risk assessment; 

Stochastical methods. 
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1. INTRODUCTION 

Water utilities have a large quantity of water quality monitoring data, collected at several locations 

along drinking water supply systems, from the source to the tap, for conventional and emerging 

contaminants which are inserted in the proposed revision of the drinking water European Directive 

98/83/EC (The European Parlament and the Council of the European Union, 2018). Besides, the 

growing adoption of online monitoring devices leads to a dramatic increase of available databases. 

The analysis of the resulting databases is crucial to define the status of drinking water source quality, 

its trend over time, the effectiveness of drinking water treatment plants (DWTPs) towards specific 

contaminants and the related human health risk. However, the direct use of monitoring data in this 

analysis is undermined by uncertainty, since water quality databases have high percentages of left-

censored data, that are values lower than the limit of quantification (LOQ) of the adopted analytical 

methods (Baccarelli et al., 2005). 
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Conventionally, censored data are treated through their elimination or substitution with specific 

values, arbitrarily selected in the range between zero and LOQ (typically, zero, half the LOQ or the 

LOQ). However, these methods lead to neglect, in case of elimination, or modify, in case of 

substitution, the information coming from the original dataset (Tekindal et al., 2017). To overcome this 

constrain, several researchers have proposed the application of an advanced Maximum Likelihood 

Estimation for left-censored data (MLELC) which is a parametric technique, based on the principles 

of the survival analysis, relying on knowledge of the statistical distribution underlying the data (Gilliom 

and Helsel, 1986). In this method, the uncensored data, the censoring limit and the percentage of 

censored ones are used to estimate the parameters which lead to the best fit of the distribution to 

the data (Antweiler and Taylor, 2008). Therefore, with this method the information coming from the 

censored data is also included and the estimated distribution is descriptive of the complete dataset 

(Gilliom and Helsel, 1986). Previous works compared the precision of conventional (elimination and 

substitution) and MLELC methods in computing summary statistics (mean, standard deviation, 

median, and interquartile range) of computer-generated censored datasets (Gilliom and Helsel, 

1986; Helsel, 2006; Hewett and Ganser, 2007; She, 1997; Shoari et al., 2016) or actual water 

concentration data of nutrients (Helsel, 1986), metals (Antweiler, 2015), viruses (Canales et al., 2018) 

and pesticides (Chen et al., 2013). These studies highlighted the better performance of the MLELC 

method in estimating concentrations summary statistics compared to the conventional ones, 

especially for high percentages of censored data (Antweiler, 2015).  In recent years, few studies have 

applied the MLELC method in the analysis of contaminants time trend, estimation of removal 

efficiency or for risk assessment related to micropollutants in aquatic systems, but without comparing 

the results to the ones that could be obtained with conventional methods (Kleywegt et al., 2011; 

Rodríguez-Gil et al., 2018; Wang et al., 2016). Only Hansen et al. (2015) (Hansen et al., 2015) 

compared the MLELC and the elimination method on time trend estimation of the concentrations of 

two herbicides in groundwater: the two methods led to different conclusions in the time trend of 

bentazone, while they both demonstrated the increasing trend of glyphosate concentration. 

Therefore, no clear general conclusions can be drawn from (Hansen et al., 2015) about the 

comparability of results obtained with the two methods. This could be due to the limited number of 

available datasets, additionally characterized by similar features.  
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To the best of authors’ knowledge, there are no research studies comparing the results obtained by 

all conventional and MLELC methods in the following applications: (i) analysis of contaminants time 

trend, (ii) estimation of the treatment removal efficiency and (iii) risk assessment related to 

micropollutants in drinking water. Since these three analyses are fundamental to predict the future 

quality of the source water and to define intervention scenarios for risk preventive control, the choice 

of the most effective method to be used (MLELC or conventional ones) in data processing is crucial. 

Thus, this study presents the differences in the results obtained by all the competing methods in those 

three applications and provides a guideline to select the data elaboration method to be preferred. 

The choice is based on the comparison of the estimation errors of the methods, as a function of the 

percentage of censored data and the amplitude of concentration data range. This is made possible 

by the wide range of contaminants, the several DWTPs and the numerous sampling locations (from 

groundwater to drinking water) considered in this study that result in more than 450 available 

datasets. 

2. MATERIALS AND METHODS 

Two sets of water quality databases were derived from routinely monitoring of groundwater (GW) 

and drinking water (DW) in 28 DWTPs spread in a highly urbanized area. Samples were collected from 

2012 to 2018 and were analyzed for all the compounds defining drinking water quality according to 

European regulations. In this study, only 19 contaminants were considered, among metals, volatile 

organic compounds (VOCs), including trihalomethanes (THMs), pesticides and perfluorinated 

compounds (PFCs). Each dataset was created collecting separately the concentration data of each 

of the 19 contaminants in each of the 28 DWTPs, distinguishing between influent (GW) and effluent 

(DW) of the DWTP. Over the 532 datasets created for GW and DW, 213 GW and 394 DW datasets 

were eliminated, because of a percentage of censored data higher than 99.0%. The remaining 319 

GW and 138 DW datasets were elaborated separately. Each compound was characterized by two 

censoring levels based on two different criteria: (i) for some contaminants (i.e. chromium and PFAS), 

samples were analyzed by two analytical methods, with two different LOQs; (ii) for compounds with 

only one censoring level, a random computer-generated LOQ was randomly extracted from a 

uniform distribution between the analytical LOQ and the maximum detected data. For each 

contaminant Table 1 reports the available analytical methods LOQs, the number of available 
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datasets corresponding to the DWTPs for which the data analysis was possible, the ranges of samples 

size and the censoring percentages detected in the different datasets for GW and DW. For PFCs, the 

available data from the 28 DWTPs were collected together in order to have one database large 

enough for the applications and in order to have an idea of occurrence, time trend, fate and risk 

related to the whole urbanized area.  

 

Table 1. Occurrence of compounds analyzed in GW and DW, with LOQs, number of datasets 

available, range of number of samples per dataset and range of censored data percentages. 

Compound LOQs 

(µg/L) 

Groundwater Drinking water 

# 

datasets 

# samples 

per data 

set 

Censored 

percentages (%) 

# 

datasets 

# samples 

per data 

set 

Censored 

percentages 

(%) 

Chromium VI 1.0; 2.0 17 71 - 224 1.4 - 66.8 14 51 - 120 1.3 - 93.9 

Trichloroethylene 0.25 25 63 - 445 1.1 - 66.7 25 221 - 403 1.0 - 96.1 

Tetrachloroethylene 0.25 16 90 - 445 0.6 - 29.2 13 290 - 403 0.3 - 85.5 

Chloroform 0.25 21 72 - 445 0.6 - 67.8 18 290 - 403 0.3 - 36.7 

2,6 dichlorobenzammide 0.1 26 64 - 225 0.8 - 57.1 15 46 - 127 4.8 - 72.9 

Atrazine 0.1 25 78 - 227 7.7 - 59.4 9 66 - 126 1.7 - 84.3 

Atrazine-desetil 0.1 26 64 - 226 2.5 - 60.4 6 65 - 126 10.8 - 59.5 

Bromacil 0.1 17 77 - 211 30 - 88.2 1 81 82.7 

Hexazinone 0.1 15 64 - 212 22.4 - 70.4 0 - - 

Metolaclor 0.1 5 129 - 211 36.0 - 54.3 0 - - 

Prometrine 0.1 8 125 - 214 16 - 99.0 0 - - 

Propazine 0.1 18 64 - 212 22.1 - 84.4 0 - - 

Simazine 0.1 18 64 - 224 15.2 - 68.8 1 80 16.3 

Terbutilazine 0.1 14 112 - 230 7.5 - 52.6 2 81 - 85 16.5 - 17.3 

Terbutilazine-desentil 0.1 25 64 - 230 3.0 - 70.3 3 66 - 126 7.6 - 37.3 

3,6 Diclhoropiridazine 0.1 19 102 - 226 0.6 - 61.7 17 70 - 122 1.2 - 82.9 

Tris (2-chloroethyl) phosphate 0.1 22 78 - 229 5.2 - 69.2 12 65 - 128 3.6 - 82.6 

PFOA 0.002; 0.01 1 92 4.3 1 96 43.8 

PFOS 0.002; 0.01 1 92 34.8 1 96 80.2 

TOTAL   319 63 - 445 0.6 - 99.0 138 46 - 403 0.3 - 96.1 

 

2.1. Data distribution fitting 

For each contaminant the two LOQs were used to define a “censored dataset”, where 

concentration data above the higher LOQ are taken as exact data and all the data below the 

higher LOQ are taken as censored data, and a “reference dataset”, where all the data above the 

lower LOQ are taken as exact. Therefore, data between the two LOQs are considered censored in 
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the “censored dataset” while they are considered exact in the “reference dataset”.  To deal with 

censored data, the following methods were applied: (a) elimination of censored data (Elim); 

replacement methods in which censored data are replaced with (b) zero (Zero), (c) half the LOQ 

(LOQ/2), (d) the LOQ (LOQ) and (e) MLELC method. For conventional methods (a-d), in the “censored 

dataset”, censored data were eliminated or replaced according to the higher LOQ. The “censored 

dataset” was used to estimate data statistical distribution with all conventional and MLELC methods. 

For each method, fits to the lognormal, normal, Weibull, gamma and logistic statistical distributions 

were tested. The data fitting to specific distributions were performed with the fitdist function for 

Elim, Zero, LOQ, LOQ/2 and fitdistrcens function for MLELC in the R fitdistrplus package 

(Delignette-Muller et al., 2010). The model selection was based on the log-likelihood criterion; the 

method and distribution with the maximum log-likelihood were chosen as the most appropriate 

method and the best fitting for the “uncensored dataset” (Myung, 2004). 95-percent confidence 

intervals for the distribution parameters and summary statistics were calculated via non-parametric 

bootstrapping (1000 iterations) with the bootdiscens function in the R fitdistrplus package 

(Rodríguez-Gil et al., 2018). To evaluate and compare the goodness of the results provided by each 

method in time trend, removal efficiency and risk assessment, the fractional error percentage (𝑒) was 

estimated as follows: 

𝑒𝑗 [%] = [ 
𝜃𝑐𝑒𝑛𝑠,𝑗− 𝜃𝑢𝑛𝑐

𝜃𝑢𝑛𝑐
 ] ∙ 100                                                    (Eq. 1) 

where 𝜃𝑐𝑒𝑛𝑠, 𝑗 is the analysis parameter calculated by method j on the “censored dataset”, while 

𝜃𝑢𝑛𝑐 is the analysis parameter calculated on the “uncensored dataset”. The selected parameters for 

each application are reported in the following sections. 

2.2. Time trend in contaminants concentration in GW 

Time trend of contaminant concentrations in GW was assessed by: (i) t-test for conventional methods, 

(ii) parametric MLE regression likelihood-ratio test for the MLELC method (Helsel, 2012). For both the 

tests, the data were assumed to follow the parametric distribution established in the previous step. 

The time trend was considered significant for p-values < 0.05. The conventional methods were 

compared to the MLELC one through the trend error and the fractional error percentage. The 

estimated trend error, based on the p-value and the sign of the trend slope (if it is significant), was 
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calculated as the percentage of cases where the conventional method under evaluation provides 

an estimate of the time trend (increasing, not significant, decreasing) different than the MLE 

regression method. The fractional error percentage 𝑒t was calculated according to Eq. 1, where 𝜃 is 

fixed to the compound median concentration estimated by the trend over 10 years.  

2.3. Treatment removal efficiency estimation 

For all conventional and MLELC methods, the “censored datasets” of each compound were used to 

estimate the median concentrations in GW and DW, that in turn were used to estimate the median 

removal efficiency for each contaminant. The “uncensored dataset” was used to estimate the 

actual median removal efficiency. The estimates were compared to the actual efficiency through 

the fractional error percentage (𝑒η), calculated according to Eq. 1, considering 𝜃 equal to the 

removal efficiencies of the parameters. 

2.4. Probabilistic human health risk 

The exceedance of the concentration limit set by the drinking water regulation is seen as a hazardous 

event for citizen health (WHO, 2009). The potential and residual risks were estimated looking at the 

probability of exceedance of the regulatory limit for each selected compound in GW and DW 

concentration, respectively. For each method, the exceedance probability was estimated from the 

“censored dataset” fitted distribution, as the area underlying the probability density curve of the 

compound for concentrations above the regulatory limit, set in the proposed revision of the drinking 

water European Directive (The European Parlament and the Council of the European Union, 2018). 

The different estimates of the exceedance probability were compared to the “uncensored” one 

through the fractional error percentage (𝑒L), calculated as in Eq. 1. 

 

3. RESULTS AND DISCUSSION 

As reported in Table 1, a total of 319 and 138 datasets were analyzed for GW and DW, respectively. 

This high number of datasets enabled to test conventional and MLELC methods on a wide variety of 

concentration ranges and distributions, with dataset numerosity varying from 46 to 445 samples and 

censoring percentages from 0.3% to 99.0%. 
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3.1. Evaluation of data distribution fitting 

When the goal is the assessment of compounds occurrence in water, their fate and related human 

health risk, an accurate estimation of the statistical distribution for concentration data is the first 

crucial step (Leith et al., 2010). In fact, compared to data summary statistics (mean, standard 

deviation, median, and interquartile range), estimating the distribution allows to incorporate and get 

the whole information from the data. Therefore, the first step of this study is to understand which 

method leads to the best fit of the data distribution in presence of censored data. As an example, 

GW chromium VI concentration in one of the 28 DWTPs is shown in Figure 1: the parametric distribution 

functions selected as the best estimated by each method are reported, together with the empirical 

distribution function of the measured data. Table S1, in the supplementary material, reports the log-

likelihood values for each method and parametric distribution (the log-likelihood criterion was used 

for selecting both best distribution and method).  

 

Figure 1. Example of fitting of GW chromium VI concentration data in one of the 28 DWTPs with the 

parametric distribution functions estimated by each method. “Censored dataset” (black dots) and 

“uncensored data” (red empty dots) are the results of two different analytical methods LOQs. 

 

As reported in Figure 1 and Table S1, the best method selected in this case is the MLELC method. In 

this example, chromium VI GW concentration data were found to follow a lognormal distribution, 

which in turn was then confirmed by the Anderson-Darling test (p-value=0.23). To analyze the effect 

of censored data percentages on the goodness of each estimation method, censored percentages 

Measured data (> LOQ 1) 

Measured data (LOQ 2 < X < LOQ 1) 

MLELC 

Elim 

LOQ 

LOQ/2 

Zero 
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were summarized by the corresponding 5th, 10th, 25th, 50th, 75th, 90th and 95th quantiles, that represent 

the extreme and central cases of the population from a statistical perspective. Table 2 shows the 

percentage of datasets found to be fitted at best by each method, as a function of the percentage 

of censored data in the dataset.  

 

Table 2. Percentage of datasets better fitted by each method as a function of the censored 

percentage in GW and DW datasets. The number of datasets available for each group is reported. 

 

It can be stated that, regardless the percentage of censored data, most of the datasets are better 

fitted by a probability density estimated through the MLELC method. It is remarkable to note that the 

Elim method displays better results than the substitution methods (Zero, LOQ/2, LOQ), which appear 

to be inadequate for any value of the percentage of censored data. The percentage of datasets 

better fitted by the MLELC method increases with the percentage of the censored data. For censored 

percentages higher than 40% and 60%, the MLELC method is preferred over all the others, for all the 

analyzed GW and DW datasets, respectively. This observation is particularly worth when dealing with 

emerging contaminants or high-efficiency treatments, both characterized by a high number of data 

below the LOQ, which reduces the number of exact data, undermining the general validity of the 

related elaborations. The adoption of the MLELC method helps to overcome this constrain. 

As for the probabilistic distribution of the compounds in GW and DW, 67.5% of the compounds 

datasets are well fitted with the lognormal distribution, followed by the Weibull (17.7%) and normal 

(4.5%) distributions. 

 

 

Groundwater Drinking water 

Censored 

Percentage 

# GW 

Datasets 
Elim Zero LOQ/2 LOQ MLELC 

Censored 

Percentage 

# DW 

Datasets 
Elim Zero LOQ/2 LOQ MLELC 

< 1 16 12.6 6.3 6.3 6.3 68.5 < 1 8 12.5 12.5 0.0 0.0 75.0 

1 - 3 17 5.9 5.9 5.9 0.0 82.3 1 - 3 9 11.1 0.0 11.1 0.0 77.8 

3 - 10 48 4.2 0.0 4.2 0.0 91.6 3 - 6 21 9.5 0.0 4.8 0.0 85.7 

10 - 15 83 0.0 0.0 2.4 0.0 97.6 6 - 25 37 0.0 0.0 2.6 0.0 97.4 

15 - 40 80 0.0 0.0 1.3 0.0 98.7 25 - 60 34 0.0 0.0 2.9 0.0 97.1 

40 - 60 41 0.0 0.0 0.0 0.0 100.0 60 - 80 17 0.0 0.0 0.0 0.0 100.0 

60 - 75 18 0.0 0.0 0.0 0.0 100.0 80 - 85 7 0.0 0.0 0.0 0.0 100.0 

75 - 99 16 0.0 0.0 0.0 0.0 100.0 85 -99 5 0.0 0.0 0.0 0.0 100.0 
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3.2. Time trend estimation of GW compounds concentrations 

Predicting the future quality of the water supply source is fundamental for estimating the related 

potential risk and the requested interventions to minimize the residual health risk for citizens (Ferrier et 

al., 2001). To achieve this goal, the estimation of the time trend of contaminants concentration in 

GW is an important aspect (Hansen et al., 2015). For this reason, to compare each method 

predictions of the future quality of GW, we used the compounds concentration, the time trend slope 

and the median concentration predicted to occur in 10 years. A 10-year interval is the usual time-

frame given by European regulations in case of reduction of a contaminant limit, as for chromium VI 

and lead in the proposed revision of the drinking water European Directive 98/83/EC (The European 

Parlament and the Council of the European Union, 2018). Since the MLELC method has been 

demonstrated to be accurate in estimating the data distribution for the analyzed datasets, the 

parametric MLE regression likelihood-ratio test has been used as reference. Table 3 reports the 

comparison between the conventional and the MLELC methods in the time trend analysis, as a 

function of the censored data censored percentage. 

 

Table 3. Comparison of conventional and MLELC methods in the estimated time trend of 

contaminants concentration in GW and ranges of fractional error percentage (𝑒t). 

Censored 

Percentage 

Elim Zero LOQ/2 LOQ 

Trend 

error  et 
Trend 

error  et 
Trend 

error  et Trend error  et 

[%] [%] [%] [%] [%] [%] [%] [%] [%] 

< 1 16.3 [-3.6 ÷ 34.2] 25.7 [-4.5 ÷ -2.1] 8.8 [-1.5 ÷ 2.6] 26.1 [0.6 ÷ 3.2] 

1 - 3 46.2 [1.6 ÷ 36.8] 21.2 [-6.5 ÷ -2.7] 13.2 [-3.5 ÷ 4.8] 22.4 [1.6 ÷ 3.9] 

3 - 10 56.3 [6.2 ÷ 38.5] 33.3 [-7.2 ÷ -3.1] 14.0 [-4.5 ÷ 4.1] 23.2 [2.8 ÷ 5.2] 

10 - 15 56.8 [10.1 ÷ 39.5] 37.1 [-6.8 ÷ -3.2] 33.3 [-3.1 ÷ 5.2] 36.8 [4.0 ÷ 5.7] 

15 - 40 100.0 [15.7 ÷ 31.3] 27.5 [-9.4 ÷ -6.5] 37.5 [-9.0 ÷ 7.5] 30.6 [5.7 ÷ 9.1] 

40 - 60 50.0 [29.3 ÷ 75.3] 40.3  [-10.9 ÷ -5.3] 0.0  [-3.9 ÷ 8.5] 47.9 [6.2 ÷ 10.3] 

60 - 75 20.0 [43.3 ÷ 65.4] 29.7 [-12.2 ÷ -10.1] 0.0 [-10.0 ÷ 9.1] 31.2 [5.3 ÷ 13.4] 

75 - 99 100.0 [75.2 ÷ 82.2] 35.1 [-14.3 ÷ -10.3] 25.0 [-12.8 ÷ 10.8] 37.0 [8.6 ÷ 15.2] 

  

Looking at the trend errors, it can be noticed that the estimated time trend provided by the Elim 

method results in a higher probability of erroneous conclusions (from 16.3% to 100% of the cases) 

compared to the one obtained by substitution methods (from 0% to 47.9% of the cases). Elim method 

highly overestimates the median concentration expected in 10 years, as can be noticed by the high 
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(until 82.2%) fractional error percentages (𝑒t). Figure 2 shows an example of wrong estimation of the 

time trend in 3,6-dichloropiridazine concentration in GW in one DWTP. It can be observed that, the 

Elim method estimates a decreasing time trend of 3,6-dichloropiridazine in GW, whereas the MLELC 

method estimates that the actual time trend of this pesticide in GW is stable. Therefore, in this case, 

applying the Elim method, an improvement in the 3,6-dichloropiridazine concentration in GW would 

be expected and, it can be concluded that there is no need for further specific management or 

upgrade actions on the treatment processes for this specific contaminant. On the other hand, 

applying the MLELC method, a stable concentration is estimated, implying the need for keeping 

under control the performance of the current treatments.   

 

 

Figure 2: Example of estimate of the time trend of 3,6-dichloropiridazine in GW obtained through 

Elim and MLELC methods. 

 

Looking at the substitution methods, they result in a limited error in the prevision of the compounds 

median concentration over 10 years: the Zero method leads to a maximum underestimate of 14.3%, 

the overestimate under the LOQ method achieves 15.2%, while the LOQ/2 absolute fractional error 

is never higher than 13.0%. In particular, the use of substitution methods for time trend analysis of 

datasets with censored percentages lower than 40% provides acceptable estimates of the future 

median concentration (fractional error always lower than 10%).  
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3.3. Estimated compounds removal in the DWTPs 

The DWTPs differ for the treatment processes adopted for micropollutant removal, namely granular 

activated carbon (GAC) adsorption, air-stripping and reverse osmosis (RO). The value of the median 

removal efficiency, estimated by the median GW and DW concentrations, is useful to understand 

the performance of the removal process, providing useful inputs for an optimization analysis. The 

median removal efficiency was estimated with all the methods on each “censored” dataset and 

compared with the median removal efficiency evaluated on the “uncensored” one. Table S2 shows, 

for each method, the percentage of datasets for which each method was the best in estimating the 

median removal efficiency and the average absolute value of the fractional error percentage (𝑒η) 

as a function of the censored percentage. MLELC turns out to be the best method to estimate the 

median removal efficiency in most of the cases, regardless the censored data percentage. 

Increasing the percentage of censored data, the cases for which the MLELC method provides the 

best estimate rise from 66.7%, for censored percentages below 5%, to 93.8%, for censored 

percentages above 80%. Moreover, the average absolute value of the fractional error percentage 

(𝑒η) is always lower for the MLELC method (from 5.8 to 13.4) compared to the others (from 18.4 to 

923.8). Furthermore, it was evaluated how the removal efficiency prediction is affected by the 

amplitude of the concentration range of each dataset. In particular, the distance between the 

censored data and the maximum level reached by the uncensored data was estimated as the ratio 

between the LOQ and the 95th empirical quantile (RLOQ-95th). Figure 3 reports a contour plot of the 

fractional error percentages for the estimated removal efficiency (𝑒η) as a function of both the 

percentage of the censored data and the above defined ratio, RLOQ-95th, for all the methods. 

  



13 
 

(a)                                                                            (b)  

   

                                           (c)                                                                                (d)  

   
(e)  

 

Figure 3. Contour plot of the fractional error percentages for estimated removal efficiency (𝑒η) as a 

function of the percentage of censored data and the ratio RLOQ-95th for (a) Elim, (b) Zero, (c) LOQ/2, 

(d) LOQ, (e) MLELC methods. 
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The 𝑒η contour plots provide a clear indication of the goodness of the adopted data elaboration 

method, being the red color an indicator of high errors. The worst method for removal efficiency 

estimation is the Zero method, with an under- or overestimation of the removal efficiency of more 

than 50% of the “uncensored” estimation in almost all the datasets. However, it shows a good 

estimation (fractional error below 10%) of the removal efficiency for the cases with censored 

percentage below 20% and high data range amplitude (with LOQ below 10% of the 95th quantile). 

The estimated errors, under Elim, LOQ/2 and LOQ methods, range from around 10% to more than 

100%, as a function of the percentage of the censored data and concentration range amplitude; it 

is better for low censored percentages and low LOQ values compared to the 95th quantile.  

Therefore, these methods can provide good estimates for conventional contaminants with a 

considerable contamination, compared to the analytical method sensitivity. However, they are not 

accurate in estimating removal efficiencies for micropollutants or emerging contaminants, that are 

characterized by high censored percentages, low concentrations and high LOQs.  Finally, the MLELC 

method is the best in estimating the median removal efficiency of a DWTP towards micropollutants: 

the fractional errors are always lower than 10% for censored percentage below 75%, it increases to 

20% for censored percentage from 75% to 90%. For higher censoring percentages the fractional error 

depends on the amplitude of concentration data range: it reaches 40% in cases of LOQ higher than 

30% of the 95th quantile. 

Analyzing micropollutants fate through a DW treatment train, it is important not only to estimate the 

median removal efficiencies, but also to look at the probability distribution of the compound 

concentration along the treatment train. An application of all conventional and MLELC methods to 

the evaluation of compounds fate during treatment is reported in Figure 4 with the cumulative 

distributions for PFOA concentration data collected in several points throughout the DWTPs trains 

where only GAC is present.  
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(a)                                                                                 (b) 

  

(c)                                                                                (d) 

  

(e) 

 
Figure 4. Example of fitting of PFOA concentration data throughout the treatment train of DWTPs 

constituted by GAC process with the parametric distribution functions estimated by the (a) Elim, (b) 

Zero, (c) LOQ/2, (d) LOQ, (e) MLELC methods.  



16 
 

This tool can be useful to support decisions on the DW source to be preferred, and to optimize and 

upgrade the current DWTP process design and management. However, comparing the graphs in 

Figure 4, it is important to notice that the choice of the method to handle censored data affects the 

estimated concentration data distributions and, as a consequence, the optimization strategies. In 

this case study, the GW is extracted from the second aquifer through multiple wells, feeding the 

DWTP. Therefore, it is important to optimize the combination of flowrates extracted by each well in 

order to feed GW at low contaminants concentration. Looking at Figure 4, it is possible to compare 

PFOA concentration distribution in the single wells in the second aquifer and at the inlet to the DWTPs, 

to verify the correct management of the extraction wells. Applying the MLELC method, it is possible 

to notice a reduction in PFOA concentration from the single wells to the DWTP inlet. This means that 

the combination of wells currently used to extract GW is correctly managed to extract higher 

flowrates from wells less contaminated by PFOA. Applying the conventional methods, the conclusion 

would have been different. In particular, no significant reduction in PFOA concentration would have 

been noticed with the Elim method, while applying the substitution methods, a worsening in PFOA 

concentration from the wells to the DWTP inlet would have been identified. Therefore, possible 

interventions would have been applied to improve the management of the extraction wells that, 

instead, is currently well designed, as demonstrated by the MLELC method. Moreover, it is possible to 

verify the GAC efficiency towards PFOA, comparing the concentration distributions at the DWTP inlet 

and outlet. While the application of the Elim method results in no significant GAC removal of PFOA 

instead, both the substitution and the MLELC methods observe a reduction in PFOA concentration 

from the inlet to the outlet, highlighting the GAC efficacy towards this compound. However, all 

substitution methods overestimate GAC removal efficiency towards PFOA. In particular, the median 

removal efficiency estimated by the MLELC method as 31.3% is overestimated by the LOQ (37.8%), 

LOQ2 (58.7%) and Zero (98.9%) methods. 

3.4. Probabilistic health risk assessment 

In recent years, World Health Organization (WHO) promoted the adoption of a health risk-based 

approach to achieve an integrated preventive management and to control the hazardous events 

through the whole DW supply chain (WHO, 2011). Therefore, the application of a quantitative health 

risk assessment on monitoring data collected in the whole DW supply chain is crucial. Assessing the 
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health potential risk due to a residual contaminant in water asks for the estimation of the probability 

of exceeding the regulatory limit (WHO, 2009). When looking at the source water (GW), the extent of 

the probability of exceedance defines the need for a specific treatment and the requested removal 

efficiency to reduce the risk to an acceptable value; if the focus is the produced drinking water, the 

probability of exceedance can address optimization actions in the normally management of the 

DWTP. Therefore, both an underestimation or an overestimation of the exceedance probability could 

have important drawbacks in terms of underestimation of the risk or overestimation of the intervention 

needed, and the related costs, to minimize the risk. The exceedance probability was estimated by 

all the methods on each dataset and compared to the “uncensored” one by the fractional error 

percentage (𝑒L). The evaluation of the exceedance probability of the chromium VI concentration in 

GW, used as source water for one of the DWTPs, according to conventional and MLELC methods, is 

reported in Figure 5, as an example. 

 

 

Figure 5. Example of GW chromium VI concentration exceedance probability for one of the 28 

DWTPs with the parametric distribution functions estimated by Elim, Zero, LOQ/2, LOQ, MLELC 

methods. The limit considered in the analysis is defined in the proposed revision (DM 14 November 

2016) of the Italian legislation for drinking water quality (D. Lgs. 31/2001). 

 

One can notice how the differences in probability densities estimation result in discrepancies in the 

health risk assessment: the MLELC method exceedance probability (22.2%) is underestimated by the 



18 
 

Zero method (21.0%) and overestimated by the Elim (32.7%), LOQ (23.3%) and LOQ/2 (24.9%) 

methods. These results have in turn a significant implication on the design and management of the 

DWTPs. In fact, using the Zero method, the potential risk due to chromium VI occurrence in GW would 

be underestimated and, consequently, this could result in designing an inadequate treatment or 

monitoring plan. On the other side, using the other conventional methods would overestimate the 

potential health risk, consequently leading to an oversizing of the needed interventions and related 

capital and operating costs. Table S3 reports for each method the percentage of datasets for which 

that method was the best in estimating the exceedance probability and the average absolute value 

of eL as a function of the percentage of censored data. It turns out that MLELC is the best method to 

estimate the exceedance probability in most of the cases, regardless the dataset censored 

percentage. In particular, in 78.9% of the cases with censored percentages below 5% the MLELC 

method provides the best estimate, rising to 100% of the cases for dataset censored percentages 

above 60%. This is of particular interest for emerging contaminants, often characterized by high 

censored percentages but with severe effects on human health also at very low concentrations. An 

accurate estimation of their risk is necessary to correctly plan the upgrading interventions of the 

current treatment processes in order to meet the new regulatory limits proposed worldwide for 

emerging contaminants. Moreover, the average absolute value of the fractional error percentage 

(𝑒L) is always lower for the MLELC method (from 0.6 to 38.4) compared to the conventional ones (from 

29.9 to 346.4). Furthermore, it was evaluated if the amplitude of the concentration range of the 

dataset affects the performance of the exceedance probability prediction. In Figure 6, a contour 

plot for 𝑒L is reported as a function of both the percentage of the censored data and the ratio        

RLOQ-95th, for the various methods. 
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(a)                                                                              (b)  

     

                                           (c)                                                                                (d)  

      
(e) 

 

Figure 6. Contour plot for the fractional error percentages for exceedance limit estimation (𝑒L) as a 

function of the percentage of censored data and the ratio RLOQ-95th for (a) Elim, (b) Zero, (c) LOQ/2, 

(d) LOQ, (e) MLELC methods. 
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Once again, the MLELC method appears to be the best method in estimating micropollutant 

concentration limit exceedance with fractional errors always lower than 30%: it is lower than 10% for 

percentages of censored data lower than 37%, and for LOQ below 10% of the 95th quantile. Again, 

the substitution with zero turns out to be the worst method, with an under- or overestimation of the 

limit exceedance of more than 100% with respect to the “uncensored” estimate, in almost all the 

datasets with percentages of censored data over 20%. The Elim method results in an estimated error 

below 10% for low censored percentages (below 15%) and wide concentration ranges (with the LOQ 

below 5% of the data 95th quantile). The Elim fractional error is over 100% for all the cases with more 

than 50% of censored data and LOQ higher than 10% of the 95th quantile. The estimated error of 

LOQ/2 and LOQ methods ranges from 10% to more than 100% as a function of the percentage of 

censored data and the concentration range amplitude, with better performance of LOQ/2 method 

in almost all the cases. Regardless the method applied, the fractional error rises with increasing 

censored percentage and LOQ/95th quantile ratio.  

 

4. CONCLUSIONS 

The application of conventional (elimination and substitution) and MLELC methods to a wide variety 

of datasets of monitoring data of micropollutants in water demonstrated that, in the presence of left-

censored data, the estimation of the concentration distribution function is affected by the method 

applied to handle censored data. In particular, the advanced MLELC method provides a more 

accurate probability density estimation, compared to the conventional ones. As a consequence, it 

provides consistenly better results (with fractional error in most cases lower than 10% and rarely above 

30%) in the application to typical water quality analyses such as source water concentrations time 

trend, treatment removal efficiency towards micropollutants and health risk assessment generated 

by the exceedance of the regulatory limit. In particular, for the estimation of the concentration time 

trend, it is suggested to use parametric MLE regression likelihood-ratio test, especially for high 

censored data percentages (higher than 40%). Elim method should be avoided since it results in a 

systematic overestimation of the compounds median concentration expected over 10 years, with 

high (from 9.6% to 82.2%) fractional error (𝑒 t). In treatment removal efficiency and health risk 

estimations, the MLELC method has to be preferred, while among the conventional methods the best 
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is the LOQ/2 method. In case of treatment removal efficiency analysis, the estimated errors under 

conventional methods, ranging from below 10% to above 100%, worsen at censored percentages 

higher than 20% and for LOQ/95th quantile ratio higher than 10%. Therefore, the analytical methods 

should be improved in order to reduce the instrumental LOQ at levels lower than 10% of the 

concentration measured 95th quantile, simultaneously reducing the censored percentages. Finally, 

conventional methods can lead to erroneous conclusions, highly under- or overestimating the health 

risk due to exceedance of regulatory limit. Therefore, applying conventional methods can have 

important implications, in case of needed intervention plans, leading to potentially not precautionary 

or unsustainable criteria.  
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