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H I G H L I G H T S

• A LRV chemical removal credit framework for reverse osmosis (RO) has been comprehensively tested.
• Analysis of 4.5 years of full-scale plant data shows the proposed indicative LRV credit system for RO is robust.
• The chemical classification approach was tested in detail for 87 chemicals of the &gt;500 chemicals in the dataset.
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A B S T R A C T

Broadscale assignment of removal credits (as log reduction values (LRVs)) for chemical contaminants in reverse 
osmosis (RO) systems is not as well established as equivalent LRVs for pathogens in water reuse operations. 
Existing studies on contaminant removal are predominantly based on laboratory and pilot-scale experiments 
with limited replication, and where monitoring has been undertaken at full scale, the availability of datasets is 
limited. This study presents an analysis of a comprehensive dataset.

A further issue is that it is preferable to assign removal credits (typically used for regulatory purposes) to 
classes of chemicals rather than to individual chemical species, whereby a single chemical is chosen as a con
servative representative of a sub-class of chemicals that share similar mechanistic removal traits. The combi
nation of assigning removal credits using a lower-tail LRV estimate calculated from the LRV distribution 
measured under the most challenging operational conditions and using a chemical that is conservative in 
removal performance for a given sub-class of chemicals (in terms of removal mechanism) offers a highly con
servative but defensible approach that makes it consistent with the allocation of removal credits for pathogens.

A long-term operational dataset from a full-scale advanced water treatment plant producing purified recycled 
water was used to establish the criteria that allowed statistical evaluation of representative operational perfor
mance indicators of an RO water treatment barrier. Parameters including sulfate, sodium, and electrical con
ductivity were used in this instance, inclusive of establishing the minimum replicate data requirements for LRV 
estimation. The dataset (>4 years of data, >500,000 readings, >100 chemical species) was then evaluated across 
a range of chemical sub-classes using indicative LRV credits to validate the approach and assess the robustness of 
the conservative credit assignment. Application of conservative sub-class-level assumptions resulted in no cases 
where the presence of a molecule or ion in the RO permeate was not predicted (i.e. no false negative results). This 
provides confirmation that these groupings allow protective coverage of observed chemical removal behaviour 
through an RO barrier.

These findings demonstrate that full-scale operational monitoring data can support statistically robust, risk- 
based assessment of RO chemical removal. The extensive operational dataset supports the derived chemical 
sub-classes and the process for identification of performance surrogates. There were no observed gaps in the RO 
chemical sub-class groupings, demonstrating that chemical sub-classes (using performance surrogates) can be 
used to assess individual chemical removal LRVs without undertaking challenge testing for individual chemicals.
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1. Introduction

Increasing pressure on global water resources has accelerated the 
implementation of advanced water recycling and potable reuse systems 
as critical components of long-term water security strategies (Florides 
et al., 2024; WHO, 2017). These systems rely on multiple treatment 
barriers to ensure reliable removal of both pathogens and chemical 
contaminants. Reverse osmosis (RO) is widely applied as an important 
barrier due to its high rejection of dissolved salts and trace organic 
compounds (Alhussaini et al., 2024; Drewes and Khan, 2015; Jeffrey 
et al., 2022). As the number of reuse schemes expand, regulatory 
frameworks increasingly require demonstration of chemical as well as 
pathogen reduction in the treated water. Although the assignment of log 
removal values (LRVs) or credits to individual treatment barriers is well 
established for pathogens, credit allocation for chemicals of concern 
(CoC) is not as advanced (Arden et al., 2024; Jeffrey et al., 2022; Pang 
et al., 2023; WHO, 2017).

For chemical contaminants, the principal challenge is not the ability 
of RO to achieve high removal, but the absence of a statistically defen
sible validation framework for assigning reduction credits under full- 
scale operating conditions (Pang et al., 2023; Scales et al., 2019). In 
the case of pathogens, there are established frameworks that rely on 
representative surrogates of membrane performance, conservative 
reduction targets, and operational monitoring (WHO, 2017). There is no 
equivalent widely accepted approach that exists for the allocation of 
chemical removal credits (Pang et al., 2023; Scales et al., 2019). This gap 
limits the translation of mechanistic understanding of RO performance 
in a consistent approach to demonstrate management of chemical risks 
for advanced water treatment schemes. Addressing this gap requires 
full-scale operational datasets that can quantify variability, define con
servative lower-tail LRVs (not just mean LRVs), and test whether 
sub-class-level credit assumptions remain protective under real oper
ating conditions.

Chemical rejection by polyamide RO membranes (common to most 
operational RO systems and the type considered herein) is governed 
primarily by size exclusion and electrostatic interactions, with chemical 
removal strongly influenced by molecular size, charge, and hydropho
bicity (Alturki et al., 2010; Bellona et al., 2004; Heo et al., 2020; Khoo 
et al., 2022; Ma et al., 2024; Shin et al., 2022; Wu et al., 2022). These 
relationships provide a mechanistic basis for grouping chemicals into 
sub-classes with similar removal behaviour, enabling interpretation of 
RO performance beyond compound-specific analysis (Pang et al., 2023; 
Scales et al., 2019). Such an approach offers a tractable pathway for the 
assignment of log reduction credits through an RO barrier at the 
sub-class level, rather than for individual chemical compounds. Given 
the large number and diversity of contaminants present in recycled 
water systems (Drewes et al., 2018; Finnerty et al., 2023; Ong, 2018), 
moving to a sub-class description has the potential to provide a feasible 
approach to monitoring and demonstrating reduction of chemicals 
across RO. An approach where all chemicals, not just chemicals of 
concern, are considered. Additionally, the need for ever expanding 
analysis of individual chemicals to regularly demonstrate the removal of 
many known and emerging chemicals of concern is reduced. However, 
practical implementation remains limited by differing approaches to 
sub-class definition, selection of representative chemical indicators, and 
a standardised approach to demonstration of conservative coverage of 
chemical occurrence.

Existing literature on RO chemical removal is dominated by labo
ratory and pilot-scale studies, typically based on a single or a small 
number of observations (Albergamo et al., 2019; Fujioka et al., 2013; Ma 
et al., 2024; Radjenović et al., 2008). While these studies provide 
important mechanistic insights, they lack the benefit of demonstration at 
scale, allowing for characterisation of multiple chemical sub-classes 
across an extended period of operation. Replicate measurements and 
systematic evaluation of uncertainty are rarely reported, and sub-class 
level analyses are uncommon. As a result, current literature is 

insufficient to support statistically defensible chemical credit assign
ment (at the sub-class level) to support validation requirements as part 
of regulatory approval processes.

In parallel, the role of surrogate or indicator parameters in chemical 
validation remains poorly defined (Pang et al., 2022). Parameters such 
as conductivity, sulfate, selected trace organics or additives such as 
WT-30 have been proposed as operational indicators of RO performance, 
but their relationship to specific mechanistic chemical classes remains 
poorly established (Jeffrey et al., 2022). They do not universally provide 
a conservative representation of contaminant removal (Drewes et al., 
2018; Pang et al., 2023), rather an indication that the barrier is oper
ating above a minimum threshold. This contrasts with the allocation of 
pathogen reduction credits, where surrogate frameworks are well 
established and underpin operationally simple and robust performance 
verification strategies. These strategies are not typically published in the 
peer-reviewed literature but sit within state or national regulatory 
frameworks or industry-wide representative bodies (Sarkis et al., 2013; 
WaterVal, 2017). Unlike the case for pathogens, no universally accepted 
surrogate framework exists for the selection of chemical parameters 
chosen for validation in RO systems such as target parameters that are 
meant to be removed and/or inactivated by each barrier including real 
hazards, such as specific chemicals with public health standards, as well 
as indicators or surrogates (Drewes et al., 2018).

A risk-based approach provides a pathway to address these limita
tions by linking source water composition, mechanistic classification, 
and log reduction credit allocation alongside performance verification 
requirements. One such approach is the WaterVal framework (WaterVal, 
2017). This framework has been used to standardise the process and 
approach to validating water treatment process technologies incorpo
rating identification of influencing operational factors that affect the 
efficacy of the process to reduce the target contaminant. The efficacy of 
the treatment process is demonstrated by the allocation of pathogen log 
reduction credits and has recently been adapted to chemical removal, 
specifically for the RO barrier in previous work by Scales et al. (2019)
(Scales et al., 2019) and Pang et al. (2022, 2023) (Pang et al., 2023, 
2022). In such an approach, chemicals are grouped into sub-classes 
based on removal-relevant properties, and validation effort is priori
tised according to potential contribution to treated water risk (Drewes 
et al., 2018; Pang et al., 2022). However, implementation of such ap
proaches requires statistically robust full-scale data or sufficiently 
replicated pilot/laboratory data that can be used to support defensible 
estimation of log reduction performance and to demonstrate that 
sub-class level assumptions provide conservative coverage of observed 
chemical removal performance behaviour. The present study evaluated 
this classification framework using a long-term, full-scale operational 
dataset.

A framework for allocation of removal (in terms of LRV) is well 
established for pathogens, where health-based targets derived from 
quantitative microbial risk assessment (QMRA) are implemented 
through Water Safety Plan frameworks combining an initial validation 
with critical control point operational monitoring (Jeffrey et al., 2022; 
NRMMC et al., 2009; Sarkis et al., 2013; Victorian Department of Health, 
2013; WHO, 2017). Within this structure, the validation provides evi
dence of conservative removal performance under defined conditions, 
while operational monitoring of integrity and performance surrogates 
confirms that treatment processes continue to operate within the 
established limits, defined at the time of validation (Sarkis et al., 2013; 
WHO, 2017).

The diversity and variability of chemical contaminants in recycled 
water systems preclude validation at the level of individual compounds 
(Finnerty et al., 2023; Ong, 2018; WHO, 2017). A tractable approach, 
therefore, requires abstraction of chemical behaviour into representa
tive groups that reflect treatment-relevant removal mechanisms. 
End-use classifications (e.g. pharmaceuticals or pesticides) support pri
oritisation but do not predict treatment performance. Mechanistic 
sub-classes directly reflect the governing processes of RO rejection and 
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allow extrapolation of removal behaviour within defined chemical do
mains (Dickenson et al., 2009; Drewes et al., 2018). This enables vali
dation of removal credits to be undertaken using representative 
compounds that provide conservative estimates of sub-class-level 
removal, rather than requiring compound-specific assessment.

As already noted, rejection of dissolved chemicals by polyamide RO 
membranes is governed by size exclusion and electrostatic interactions, 
resulting in systematic variation in removal as a function of molecular 
size, hydrophobicity and charge (Alturki et al., 2010; Bellona et al., 
2004; Heo et al., 2020; Khoo et al., 2022; Ma et al., 2024). These re
lationships provide the basis for grouping chemicals into mechanistic 
sub-classes with comparable removal behaviour, rather than interpret
ing performance at the level of individual compounds. The biggest issue 
for RO membranes is primarily associated with small neutral molecules. 
These represent a limiting case for defining a representative conserva
tive surrogate for that sub-class and show a high sensitivity to operating 
conditions (Antony et al., 2011; Ebrahimzadeh et al., 2021; Wu et al., 
2022).

In terms of descriptors for sub-class designation, molecular width 
and molar volume (MV (cm3/mol) are observed to provide a more 
reliable predictor of rejection than conventional metrics such as mo
lecular weight cut-off (MWCO), particularly in distinguishing consis
tently rejected compounds from those with variable removal 
(Albergamo et al., 2019; Doederer et al., 2014; Pang et al., 2023; Scales 
et al., 2019). Therefore, based on mechanistic relationships, grouping 
chemicals into sub-classes defined by size (as defined by molar volume) 
and charge, as previously proposed by Scales et al. (2019) and further 
developed by Pang et al. (2023), is expected to result in removal per
formance that is broadly consistent within any one sub-class (Pang et al., 
2023, 2022; Scales et al., 2019).

In full-scale systems, high rejection combined with pre-treatment 
often results in permeate concentrations below detection limits, 
limiting reliable LRV calculation (Dickenson et al., 2011; Ishida et al., 
2021; Pang et al., 2023, 2022). Spiking experiments are therefore 
required (Albergamo et al., 2019; Fujioka et al., 2013; Pype et al., 2015). 
Choice of spiking or challenge test chemicals does not always include 
compounds that are conservative to a chemical sub-class, limiting the 
applicability of validation results to the allocation of removal credits 
(Allinson et al., 2018; Doederer et al., 2014; Heo et al., 2020; Radjenović 
et al., 2008).

This study evaluates the previously developed chemical sub-class 
and LRV allocation approach using long-term operational data from a 
full-scale advanced water treatment plant producing purified recycled 
water with RO as one of the treatment barriers. The integrated aims were 
to: 

(i) quantify the statistical behaviour and convergence of represen
tative RO performance indicators

(ii) evaluate minimum data requirements for stable and defensible 
LRV estimation of chemical removal

(iii) evaluate sub-class-based chemical occurrence to identify chemi
cal domains most likely to challenge RO removal performance

(iv) use the dataset as a test case to assess the efficacy of the previ
ously developed risk-based chemical removal credit allocation 
framework at the sub-class level using representative RO per
formance indicators.

2. Materials and methods

This study utilised a full-scale operational dataset from the Luggage 
Point Advanced Water Treatment Plant (LPAWTP), part of the Western 
Corridor Recycled Water Scheme (WCRWS), in Queensland, Australia. 
The scheme is managed by Seqwater and operated by Veolia Australia 
and New Zealand and has a catchment of greater than 0.75 million 
persons. In this multi-barrier system, RO is implemented as one of a 
series of barriers for the removal of particulates, dissolved inorganic 

species and organic micropollutants.
The RO system utilised Toray TML20D membranes and operates at 

approximately 85% recovery, with a permeate flux of 17–20 L m-2 h-1, 
consistent with full-scale operating conditions reported for other 
advanced reuse applications (Pang et al., 2023). On this basis, the 
dataset and RO membranes utilised provide a representative basis for 
evaluating removal performance under realistic operational conditions.

Indicators such as electrical conductivity (EC), sulfate, and sodium 
were routinely monitored and provided consistent measures of mem
brane performance. The dataset spanned approximately 4.5 years of 
continuous plant operation and included routine monitoring of paired 
feed and permeate streams. A total of 516 parameters (individual 
chemicals and parameters such as total nitrate) were monitored, with 
the database comprising over 500,000 measurements.

Parameters with <10% detection frequency in the feed were 
excluded from further data analysis, and RO feed concentrations below 
the method detection limit (MDL) were removed to ensure that LRV 
calculations were based on measurable concentrations.

No observations were excluded as statistical outliers, as the dataset 
was intended to represent the range of full-scale operating conditions.

For RO permeate concentrations below the MDL, a value of 
0.5 ×MDL was applied to enable a minimum LRV estimation. This 
substitution provides a conservative estimate of low concentrations 
without systematically overestimating removal performance.

LRVs were calculated from paired feed and permeate concentrations. 
Statistical measures, including mean LRV, standard deviation (SD), and 
standard error of the mean (SEM), were evaluated as a function of cu
mulative sample size. Observations were added in chronological order in 
the cumulative analysis. These cumulative sequences were used as 
descriptive assessments of the operational record, as their apparent 
convergence may be influenced by the order in which observations are 
included.

SEM was calculated as:
SEM = SD / √n where n is the number of samples.
Relative SEM was calculated as:
Relative SEM (%) = (SEM / Mean LRV) × 100
The Detection Ratio (DR), defined as the ratio of feed concentration 

to MDL (Dickenson et al., 2011), was used to assess the validity of LRV 
calculations. For DR ≥ 5, LRV was calculated using the 0.5 ×MDL 
substitution, while for DR < 5, only a minimum LRV was reported due to 
insufficient analytical sensitivity. The DR = 5 threshold was used to 
ensure sufficient analytical range between the feed concentration and 
detection limit for calculation of a meaningful LRV, consistent with the 
approach of Dickenson et al. (2011).

Data analysis including calculation of the SEM was performed, and a 
relative SEM criterion of <5% was adopted as a pragmatic stability 
threshold to identify: 

(i) when additional observations had diminishing influence on the 
estimated mean LRV and

(ii) the minimum number of observations required for a reliable es
timate of the mean LRV.

Using relative SEM<5% is not proposed as a universal threshold, but 
as an operational benchmark for assessing data sufficiency in long-term 
monitoring datasets. This criterion was not used independently to 
establish stability of the conservative lower-tail credit.

Following screening, the dataset used for analysis comprised over 
100,000 observations. Parameters with low detection frequency were 
excluded to ensure sufficient data density for statistically reliable anal
ysis and to remove compounds that did not contribute meaningfully to 
the risk assessment. Sulfate and sodium were selected as representative 
indicators of both the performance of the membrane and their respective 
chemical sub-classes, while EC was evaluated as an operational integrity 
indicator. It is not proposed that these parameters are used as quanti
tative surrogates for the removal of the uncharged organic chemical sub- 
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classes or of molecules with a lower molecular (hydrated) size.
Conservative LRVs were calculated as the mean observed LRV minus 

1.96 standard deviations:
Conservative LRV =mean LRV − 1.96 × SD
This metric is representative of a parametric lower-tail estimate of 

the observed LRV distribution and is not an empirical percentile or a 
confidence interval for the mean. It represents a conservative estimate of 
lower-tail operational performance.

This framework separates the precision of the mean LRV from sta
bility of the assigned conservative credit. Mean-LRV precision was 
evaluated using relative SEM, while an indication of validation-relevant 
credits was derived from the parametric lower-tail estimate of observed 
operational performance. Removal credits that could be used for regu
latory purposes would require separate testing under the most chal
lenging operational conditions.

To compare chronological analysis of the dataset as distinct from 
random assessment, repeated random subsampling was conducted for 
sulfate, sodium and EC. Whilst neither procedure is appropriate for 
estimation of a credit that could be used for regulatory purposes (since 
the data is produced under a range of conditions as distinct from the 
most challenging operational conditions), it is useful to obtain an 
indicative credit for framework evaluation purposes. For each indicator, 
subsets containing 10 to 250 observations, in increments of 10, were 
randomly selected without replacement from the complete operational 
dataset. A total of 5000 subsets were generated at each sample size. For 
each subset, the conservative LRV was calculated as the mean LRV 
minus 1.96 standard deviations. The corresponding indicative credit 
was then obtained by rounding the conservative LRV down to the 
nearest 0.1 LRV.

Each subset-derived credit was compared with the credit calculated 
from the complete dataset and classified as higher, the same or lower. 
The proportion of subsets that produced a higher credit was used to 
assess the risk of over-crediting (i.e. if conservative test data was not 
available and the entire dataset was used) when fewer observations were 
available. The sample size at which the proportion of subsets producing 
a higher credit fell to 5% or less was reported as a dataset-specific 
sensitivity measure and was not interpreted as a universal minimum 
sampling requirement. This 5% threshold was used as a conservative 
criterion for this study and is not intended to represent an established 
regulatory requirement. The analysis was performed in Python (version 
3.14.6) using NumPy (version 2.5.1) with a fixed random seed for 
reproducibility.

Chemicals were subsequently classified into RO removal sub-classes 
based on molecular size and charge, consistent with established mech
anistic predictors of RO rejection behaviour and previous work from the 
same group. The classification framework and sub-class definitions are 
provided in Table 1.

3. Results and discussion

3.1. Conventional RO performance and integrity indicators

The analysis focuses on three elements: (i) the statistical analysis of 
representative RO integrity and performance indicators (sulfate, so
dium, and EC), (ii) assessment of whether the available data are suffi
cient for precise estimation of the mean LRV and an indicative 
conservative credit, and (iii) sub-class-based profiling of source-water 
chemicals and comparison of actual RO performance with that pre
dicted using indicative conservative LRVs. The purpose here is not 
simply to quantify RO removal, but to test whether routine full-scale 
operational data can support statistically defensible chemical removal 
credits that can later be applied at the sub-class level. Together, these 
results evaluate the practical application of the previously developed 
risk-based RO chemical classification and credit allocation framework 
using a long-term, full-scale operational dataset.

Defensible assignment of removal credits requires not only 

estimation of the mean LRV but also explicit quantification of variability 
and lower-tail performance, as operationally, credits must reflect con
servative system behaviour (Helsel, 2010; NRMMC et al., 2009). How
ever, most studies of RO chemical removal are based on limited 
observations and do not report variability or uncertainty, constraining 
their application for assignment of credits and regulatory interpretation 
(Albergamo et al., 2019; Fujioka et al., 2013; Kimura et al., 2004; 
Radjenović et al., 2008).

Mean LRV behaviour (Figs. 1a, 2a and 3a) was used to assess con
sistency of removal performance. For all indicators, the cumulative 
mean changed progressively less as further observations were added, 
indicating that estimates based on small sample counts were more sen
sitive to the particular observations included. Sulfate exhibits higher 
rejection (mean LRV~2.7–2.8) than sodium and EC (mean 
LRV~1.6–1.7), consistent with established RO removal mechanisms in 
which multivalent ions are more strongly rejected due to combined size 
exclusion and electrostatic interactions (Antony et al., 2011; Bellona 
et al., 2004; Pang et al., 2023; Scales et al., 2019).

Relative SEM (Figs. 1b–3b) provides a direct measure of uncertainty 

Table 1 
Chemical sub-classes used in this study to classify removal performance through 
an RO membrane based on charge and molecular size, expressed as molar vol
ume (MV; cm³/mol) (Pang et al., 2023).

Class Sub-Class

Inorganic

Charge 
(þ, þþ, o)

MV 
(cm3/mol)

+ -
++ -
o -

Organic

+/ ++ MV≤120
+/ ++ 120<MV≤200
+/++ 200<MV≤400
+/++ MV>400
o MV≤120
o 120<MV≤200
o 200<MV≤400
o MV>400

+: monovalent; ++: multivalent; o: neutral; MV =molar volume.

Fig. 1. Statistical evaluation of sulfate LRV estimates with increasing sample 
size: (a) mean LRV with ±1 SD error bars; (b) relative SEM with the 5% stability 
threshold indicated; (c) conservative LRV estimates based on the mean 
LRV − 1.96 SD and mean LRV − 2.58 SD, respectively.
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in the estimated mean and is used herein as the primary criterion for 
precision of the mean LRV. SEM decreases with increasing sample size, 
reflecting improved confidence in the estimate of the central tendency 
(Helsel, 2010; Montgomery and Runger, 2019). For sulfate and sodium, 
relative SEM decreases rapidly and falls below 5% at approximately 
15–25 observations. The sample size associated with this criterion de
pends on the observed LRV variability, which is influenced by feed 
concentration variability and the frequency of permeate measurements 
below the detection limit. Beyond this range, further reductions are 
marginal, indicating diminishing returns from additional observations 

for estimation of the mean LRV. EC exhibits consistently low relative 
SEM (<1%) due to low variability, supporting its role as a stable oper
ational indicator of RO membrane integrity, but not as a direct surrogate 
for broader chemical sub-class removal behaviour, as EC reflects the 
removal of both inorganic and charged organic species. However, in all 
cases EC removal needs to be monitored online in feedwater and com
bined permeate to allow the real-time detection of any catastrophic 
breach of integrity. A catastrophic breach of integrity impacts all 
chemical sub-class removal.

Parametric lower-tail LRV estimates (Fig. 1c) illustrate how the 
calculated conservative operational performance changes as observa
tions are added, which is important for credit allocation. At low sample 
counts, the lower-tail estimates calculated as mean LRV − 1.96 SD and 
mean LRV − 2.58 SD vary substantially, reflecting sensitivity to the 
limited set of observations included. As the sample size increases, these 
estimates become less variable in the chronologically ordered cumula
tive analysis. However, visual convergence of a single cumulative 
sequence does not independently demonstrate that a proposed sample 
size will consistently reproduce the same conservative credit, as the 
apparent result may depend on the ordering of observations. Opera
tional testing for validated credit assignment would typically use chal
lenge test measurements or samples taken over a short space of time 
under tight operational conditions and in many cases be restricted in 
number. Credit stability was assessed separately using repeated random 
subsampling to reduce dependence on the original observation order 
(Haan, 2002; Helsel, 2010).

The relative SEM of the mean fell below 5% at approximately 20 
observations for sulfate and sodium, indicating reasonable precision of 
the estimated mean LRV (Haan, 2002; Helsel, 2010; Montgomery and 
Runger, 2019). However, this result does not establish that a different 
set of 20 observations would produce the same conservative credit.

To estimate the upper limit of the number of measurements/samples 
required, repeated subsampling (Fig. 4) showed that 20 observations 
were not sufficient to ensure stable conservative credit assignment for 
sulfate or sodium across a subset with operational data from a wide 
range of operational conditions. At this sample size, 34.5% of sulfate 
subsets and 59.9% of sodium subsets produced credits higher than those 
derived from the complete datasets, whereas no higher credit was 
observed for EC. When a 5% upper limit was used for the proportion of 
subsets producing a higher credit, the corresponding sample sizes were 
approximately 190 for sulfate, 210 for sodium and 10 for EC. Among the 
indicators evaluated, sodium required the largest number of observa
tions to reach this level in the present dataset. These findings show that 
the number of observations required to estimate the mean LRV with 
acceptable precision is not necessarily sufficient to support stable con
servative credit assignment, although it is likely that the number would 
be closer to 20 if only conservative operational data was utilised. There 
were no data showing values below the MDL in this analysis. It is further 
assumed that an approach that resulted in non-detects in the permeate 
would not be used for a validation exercise for credit assignment. This 
analysis assessed sensitivity to subset composition but did not account 
for temporal autocorrelation. The reported sample counts should 
therefore be interpreted as dataset-specific indicators of credit stability 
rather than as numbers of independent observations or universal mini
mum requirements. This contrasts with most published studies of RO 
chemical removal, which rely on single or limited measurements and do 
not capture uncertainty (Albergamo et al., 2019; Fujioka et al., 2013; 
Kimura et al., 2004; Radjenović et al., 2008).

The results are summarised in Table 2, which presents the sample 
sizes associated with the relative SEM criterion for the mean LRV and the 
corresponding indicative conservative LRV credits. The difference be
tween the mean and conservative LRV values reflects the influence of 
operational variability on the credit that can be assigned. In allocation of 
an actual removal credit, the data would be obtained under conservative 
operational conditions where the variability would be lower. Under 
these circumstances, the sample size indicated from the analysis in Fig. 4

Fig. 2. Statistical evaluation of sodium LRV estimates with increasing sample 
size: (a) mean LRV with ±1 SD error bars; (b) relative SEM showing stabilisa
tion of statistical uncertainty with increasing monitoring points.

Fig. 3. Statistical behaviour of EC LRV estimates with increasing sample size: 
(a) mean LRV; (b) relative SEM demonstrating high statistical stability even at 
low sample counts.
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is representative of an upper limit and the sample size to achieve pre
cision in the mean-LRV, a lower limit.

3.2. Evaluation of the chemical sub-class framework

The critical test of the previously developed sub-class framework is 
whether chemical sub-class indicative LRVs derived from literature can 
predict all observed permeate detections under full-scale operation, 
without any unpredicted observation of chemicals in the permeate (i.e. a 
false negative). Chemical occurrence in RO feedwater was evaluated 
within the previously proposed mechanistic sub-class framework to 
determine whether validation can be reduced to a limited number of 
representative chemical groups. A total of 516 chemicals and parameters 
were monitored over 4.5 years of operation, of which 87 compounds had 
a detection frequency of >10%, a threshold applied for further analysis 
of the compound. These compounds were classified into sub-classes 
consistent with established predictors of RO removal behaviour (Pang 
et al., 2023; Scales et al., 2019) as outlined in Table 3.

For each sub-class, the number of chemicals present in the RO feed 
(Chemicals), those predicted to be detected in the RO permeate (Pre
dicted), and those detected in the RO permeate (Detected) are shown in 
Table 3. Predicted detections (No. Likely Detected) were estimated using 
the maximum observed RO feed concentrations and indicative LRV 
values as given in Table 3. Using the maximum observed RO feed con
centration for each chemical across multiple sampling events (often 
>100) and an indicative LRV values provides a conservative predication 
of potential permeate occurrence. Analysis of full-scale system 

occurrence data provides an evaluation of the previously proposed sub- 
class-level indicative LRV values and their suitability as potential con
servative default values for chemicals within these sub-classes (Drewes 
et al., 2018; Pang et al., 2023). The indicative LRV values were taken 
from the work of Pang et al., 2023, which was conducted on a full-scale 
plant based on six sampling events and using the removal performance 
of a compound that was at the lower end of the MV range for each 
sub-class.

The occurrence-based comparison was used to assess whether the 
indicative sub-class LRVs conservatively bounded observed permeate 
occurrence, rather than to derive new compound-specific LRVs from the 
operational dataset. Permeate occurrence was strongly non-uniform and 
concentrated within a restricted subset of sub-classes. Of the 23 
observed detections, 13 (57%) were associated with inorganic charged 
species and 7 (30%) with uncharged organics (MV <200 cm³/mol), with 
the remaining detections distributed across the other sub-classes. No 
detections were observed for compounds with MV ≥200 cm³/mol, 
despite conservative prediction assumptions. These patterns are 
consistent with established RO removal behaviour governed by molec
ular size and charge (Heo et al., 2020; Pang et al., 2023; Tang et al., 
2017), and demonstrate that full-scale permeate occurrence is 

Fig. 4. Probability of assigning a higher conservative LRV credit as a function 
of sample size. (Credits were calculated as mean LRV − 1.96 SD and rounded 
down to the nearest 0.1 LRV based on 5000 repeated random subsets for 
each indicator).

Table 2 
Indicative conservative LRV credits and sample sizes associated with mean-LRV 
precision for representative RO performance indicators.

Parameter Sample size for mean-LRV precision 
(Relative SEM < 5%)

Indicative conservative 
LRV 
(mean LRV − 1.96 SD)

Sulfate 20 samples 2.2
Sodium 20 samples 1.3
EC ≤10 samples 1.6

Table 3 
Distribution of detected chemicals and permeate occurrence by RO chemical 
sub-class. Predicted detections are based on indicative sub-class LRV values and 
maximum observed RO feed concentrations.

Chemical Sub- 
class

Chemicals Predicted Detected % 
Detected

Indicative 
LRV

Inorganic – 
Charged – 
Monovalent

11 7 7 100 1.4

Inorganic – 
Charged – 
Multivalent

13 7 6 86 2.2

Inorganic – 
Uncharged

2 2 2 100 0–0.6

Organic – 
Charged – 
MV < 120

2 2 0 0 0.5

Organic – 
Charged – 
120 ≤ MV <
200

6 4 1 25 1.0

Organic – 
Charged – 
200 ≤ MV <
400

1 1 0 0 1.5

Organic – 
Charged – 
MV ≥ 400

0 0 0 0 2.0

Organic – 
Uncharged – 
MV < 120

7 7 4 57 0

Organic – 
Uncharged – 
120 ≤ MV <
200

13 12 3 25 0.5

Organic – 
Uncharged – 
200 ≤ MV <
400

28 11 0 0 1.0

Organic – 
Uncharged – 
MV ≥ 400

4 2 0 0 1.5

Note:
Predicted: Number of chemicals with at least one feed concentration exceeding 
the threshold defined by the indicative LRV and analytical detection limit 
(calculated as 10^(Indicative LRV + log₁₀(LOD))).
Detected: Number of chemicals with at least one permeate concentration above 
the detection limit.
% Detected: Percentage of “at-risk” chemicals observed in the permeate.
Indicative LRVs are sub-class-level values derived from literature.
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controlled by a limited number of mechanistic domains.
Comparison of predicted and observed permeate occurrences 

showed high sensitivity but lower specificity, consistent with the 
intentionally conservative prediction approach. Inorganic charged spe
cies exhibited near-complete agreement, with 7/7 monovalent and 6/7 
multivalent predicted detections observed. No false-negative outcomes 
were observed across the reduced dataset (>100,000 observations), in 
that there was no instance where a chemical was detected in the RO 
permeate and not predicted to be there. This is the central finding of the 
sub-class analysis: conservative sub-class-level LRV assignments derived 
from previous work, bounded observed permeate occurrence under full- 
scale operation and satisfied a key requirement for potential conserva
tive default LRV value application (Pang et al., 2023; Scales et al., 2019).

The mechanistic distribution of detections supports a reduced vali
dation structure. No detections were observed for compounds with MV 
≥200 cm³/mol, supporting representation of higher molecular weight 
sub-classes by more conservative lower MV domains. Small neutral 
compounds (MV <120 cm³/mol) remain a limiting case because size 
exclusion and electrostatic repulsion provide limited separation benefit 
(Bellona et al., 2004; Fujioka et al., 2013; Shin et al., 2022; Wu et al., 
2022). This is consistent with previous evidence that rejection of small 
uncharged compounds can be governed not only by size exclusion, but 
also by dipolar interactions and hydrogen bonding with the polyamide 
active layer, leading to poor rejection for specific functional groups such 
as secondary amides (Fujioka et al., 2020).

Taken together, the combined evidence of permeate occurrence from 
the dataset, the indicative LRV removal credits at the sub-class level, and 
the mechanistic constraints, supports the previously identified sub- 
classes that define the defensible envelope for LRV removal credits. 
The results provide long-term full-scale evidence supporting the prop
osition that compound-specific allocation of LRV chemical removal 
credits is not required as the primary approach. Instead, a reduced set of 
mechanistically defined sub-classes may provide a defensible basis for 
assigning LRV removal credits for chemical validation across RO, 
covering a very large number (millions) of chemicals, consistent with 
previous arguments that property-based classification provides more 
relevant information for RO removal than provenance-based chemical 
groupings (Osorio et al., 2022).

It should be noted that sub-class-level LRV chemical removal credits 
used herein for prediction are derived from literature and represent 
indicative values only; formal credit assignment would require valida
tion using targeted challenge testing under defined operating conditions 
fulfilling the challenge testing requirement of a validation process. The 
data herein suggests that the minimum number of sampling events 
should be 20.

The results provide full-scale operational support for implementing 
RO chemical LRV credit allocation using the previously developed sub- 
class-based framework. The permeate detections within a limited 
number of sub-classes, together with the absence of false-negative out
comes, supports the use of a chemical sub-class-level framework as a 
screening and chemical LRV credit allocation framework, provided that 
indicative LRVs are confirmed through targeted challenge testing (Pang 
et al., 2023; Scales et al., 2019).

This provides a clear basis for prioritising validation effort. Sub- 
classes associated with permeate occurrence or lower rejection poten
tial define the limiting conditions, whereas sub-classes characterised by 
consistently high rejection may not require independent validation 
where their behaviour is conservatively represented by lower-MV or 
lower-rejection domains. This supports application of the previously 
developed risk-based framework in which effort is prioritised based on 
the likelihood of permeate occurrence rather than applied uniformly 
across all detected compounds (Sarkis et al., 2013; WHO, 2017).

Within this framework, validation to allocate removal credits, 
operational monitoring, and integrity monitoring perform distinct roles. 
This distinction is important because chemical removal credits cannot 
be transferred across membrane processes with different controlling 

mechanisms; membrane distillation is governed mainly by volatility and 
hydrophobicity, whereas RO is governed mainly by size exclusion, 
electrostatic effects and solute–membrane interactions (Costa et al., 
2023). Validation and credit allocation defines conservative perfor
mance through targeted challenge testing, while operational monitoring 
(e.g. conductivity and key ionic indicators) provides continuous verifi
cation that system performance remains within the validated envelope 
(Pype et al., 2015; Sarkis et al., 2013; WaterVal, 2017). This distinction 
is consistent with established RO integrity monitoring used to indicate 
the presence of an integrity breach, such as conductivity, sulfate and 
TOC, while challenge or direct integrity tests are required to establish or 
confirm higher removal claims (Kumar et al., 2007). The literature is 
sometimes confusing in this area where compounds such as sucralose 
and uranine have been suggested as early warning indicators of mem
brane deterioration despite that fact that they are not routinely observed 
in the RO permeate, an important caveat for integrity monitoring (Ray 
et al., 2024). In short, operational indicators do not directly quantify 
contaminant removal and therefore cannot replace formal challenge 
testing to allocate LRV removal credits (WaterVal, 2017).

The analysis of RO chemical monitoring data against the previously 
developed chemical sub-classification framework is based on a single 
full-scale system. It reflects system-specific conditions including feed
water composition, membrane characteristics, and analytical detection 
limits. Therefore, application to other systems requires consideration of 
site-specific factors and, where necessary, targeted testing.

4. Conclusions

This study demonstrates that full-scale operational RO data can be 
used to derive statistically defensible performance metrics and to eval
uate the previously developed chemical sub-class framework to 
demonstrate it applicability to deriving chemical LRV credits for 
assessing RO performance and informing risk. Representative mem
brane performance (sulfate and sodium) and integrity (EC) indicators 
were used to demonstrate that (under normal operational conditions) 
the number of samples that may be required to achieve stability of the 
conservative credit was significantly greater than 20. Under the 5% 
upper limit applied in this study, sodium required the largest nominal 
sample count to reach this level. Because temporal autocorrelation was 
not explicitly accounted for, these counts should be interpreted as 
dataset-specific indicators of credit stability rather than numbers of in
dependent observations or universal minimum requirements.

Chemical sub-class-based analysis showed that permeate occurrence 
is consistent with a mechanistic understanding of the performance of RO 
membranes and with conservative sub-class-level LRV allocation re
ported in earlier work. The framework and indicative LRV credit 
assignment provided high sensitivity, with no false-negative outcomes 
within the dataset assessed (>4 years of data and >500,000 data points). 
Accordingly, the findings provide long-term full-scale support for the 
proposition that validation and removal credit allocation does not 
require compound-specific assessment as the primary basis but can be 
implemented using a reduced set of representative sub-classes.

These findings provide long-term full-scale support for application of 
the previously developed risk-based framework in which effort is pri
oritised toward sub-classes associated with permeate occurrence or 
lower rejection potential, while sub-classes exhibiting consistently high 
rejection are unlikely to require independent testing. Removal credits 
can therefore be assigned at the chemical sub-class level, supported by 
targeted validation rather than compound-by-compound assessment. 
Sub-classes predicted to show poor RO rejection, particularly small 
neutral compounds, remain limiting cases and may require additional 
treatment barriers based on system risk, targeted monitoring, or more 
conservative credit assumptions. Operational monitoring supports 
ongoing verification that system performance remains within the vali
dated envelope. The extensive operational dataset provides long-term 
full-scale evaluation of the proposed chemical sub-classes and the 
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process for identification of performance surrogates. There were no 
observed gaps in the RO chemical sub-class groupings, providing sup
port for the proposition that chemical sub-classes (using performance 
surrogates) can be used to validate individual chemical removal LRVs 
without undertaking challenge testing for individual chemicals.
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