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The removal of organic micropollutants (OMPs) in wastewater treatment plants (WWTPs) is critical to avoid
pollution of the aquatic environment. While it is commonly assumed that removal rates are constant at low
concentrations, this assumption remains untested across multiple WWTPs. The aim of this study was to test
if removal rate constants of OMPs in activated sludge are indeed constant at low OMP concentrations. To
that end, we related removal rate constants of 58 OMPs obtained from 14 WWTPs to influent OMP
concentrations by applying linear mixed effect modelling in an all subsets modelling approach, also
Influent OMP
concentration and hydraulic retention time (HRT) were retained as predictors of removal rate constants in
all best-supported models (within 2 AIC-units from the best model). The relationship between removal rate
constant and concentration varied between OMPs. For most OMPs, the relationship was positive, except

accounting for WWTP characteristics as well as physicochemical OMP properties.
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Accepted 18th May 2024 for valsartan and 2-hydroxyibuprofen, which may reflect toxic effects at higher concentrations. Our results

DOI: 10.1039/d4ew00377b indicate that the assumption of a constant removal rate at low concentrations is too simplistic and highlight
the relevance of considering influent concentration in OMP fate predictions. This in turn may help in

rsc.li/es-water optimising OMP removal strategies, for example by concentrating wastewater in WWTPs.

Water impact

Our work shows that removal rate constants of organic micropollutants (OMPs) in wastewater treatment plants are not necessarily constant and that
influent OMP concentration positively affects the removal of OMPs in most cases. The relationship between concentration and removal rate constants may
help improving fate predictions and OMP removal strategies by microorganisms.

1. Introduction during wastewater treatment reduces such ecological and
human health risks. Optimising the removal of OMPs in

Organic micropollutants (OMPs) comprise a wide array of . ioioiar troatment plants (WWTPs) requires a good

structurally diverse chemical compounds with different types
of use, such as pharmaceuticals, personal care products and
pesticides.  Although OMPs mostly occur in low
concentrations in the environment (nmol L™ to umol L),
they pose ecological and human health risks."” For example,
prevailing environmental concentrations of antidepressants
can already affect fish behaviour." The removal of OMPs
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understanding of removal processes. In general, the fate of
OMPs in WWTPs is determined by two main processes:
sorption onto activated sludge and biotransformation.’
However, the underlying processes are still poorly
understood.

Unravelling removal processes is challenging as they are
influenced by a multitude of factors related to both WWTP
conditions and physicochemical properties of OMPs.*” A
longer sludge retention time (SRT) has, for instance, been
shown to enhance removal.*® Other WWTP conditions that
might affect OMP removal (both biotransformation and
sorption) are pH and temperature. The pH of wastewater is
known to influence the speciation state of OMPs
(depending on the OMP's acid dissociation constant, pkK,),
which might influence both biotransformation and sorption
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onto sludge flocs.'"”" For some OMPs, removal increases
with increasing temperature.”> OMP removal in WWTPs has
also been linked to more complex physicochemical OMP
descriptors.”**™®  These descriptors are related to
partitioning and geometric and electronic properties,
reflecting nucleophilic and electrophilic reactivity of a
compound. Only a few studies analysed the influence of
both WWTP conditions and physicochemical OMP
properties on OMP removal. Examples include the studies
of Wang et al. (2020)° and Douziech et al. (2018)," which
included 209 and 106 OMPs, respectively. These studies
identified partition coefficients (that may affect sorption)
and SRT as important variables influencing OMP removal.

Both Wang et al., 2020 and Douziech et al. 2018 focused
on removal efficiency (RE). RE, however, does not take the
rate of the process into account. When optimising OMP
removal at WWTPs, the removal rate is highly important, as
higher rates imply a shorter turnaround time hence a larger
capacity of the WWTP. In addition, the comparison of REs at
WWTPs with different hydraulic retention times (HRT) is
problematic, as the duration of exposure of the OMP to
activated sludges can affect the total amount removed.'>'” A
standardised approach to account for differences in exposure
duration of OMPs to the activated sludge community, as well
as differences in influent concentration, is the pseudo first-
order reaction rate constant (k, see ESIT S1 for extra
information).”'®'® Pseudo first-order rate constants rely on
assumptions from Michaelis-Menten theory.”® According to
Michaelis-Menten theory, the enzyme-catalysed removal rate
of OMPs in WWTPs depends on the OMP concentrations. At
low concentrations however (< ky, the substrate
concentration at half of the maximum reaction rate), the
velocity of the reaction is not limited by enzyme availability,
because the enzymes are not saturated. In this case, the
reaction rate depends linearly on the substrate concentration
and the slope of the curve (which is k) is constant. Hence,
according to this theory, £ should be independent of OMP
concentration and HRT at low OMP concentrations.

The aim of this study was to assess whether k is in
fact a pseudo-first order rate constant at low influent
OMP concentrations. Our hypothesis, based on Michaelis-
Menten theory, is that OMP influent concentration and
HRT should not affect k. In order to test this, we followed
a linear mixed effect modelling approach relating removal
rate constants to influent OMP concentration and HRT,
using a monitoring dataset including a large number of
OMPs (n = 58) and WWTPs (n = 14). In our regression
models, we also accounted for relevant WWTP conditions
and physicochemical OMP properties that could affect k
as well. We performed a systematic model selection
approach (all subsets modelling) to identify the most
parsimonious regression models explaining k. If k is
indeed a constant, these models should not include
influent concentration and HRT as predictors. To our
knowledge, this is the first study that systematically
examines the relationship between k& and WWTP influent
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OMP concentration and HRT, while correcting for other
relevant variables.

2. Materials and methods
2.1 Data

We quantified removal rate constants based on a dataset
gathered by Evenblij et al. (2020),*' covering 14 WWTPs in
the East of the Netherlands. They sampled WWTP influent
and effluent in February and July 2018 in a period of dry
weather. Three 48 hour composite samples were taken over a
period of approximately 10 days. The OMP concentrations
measured  with  positive  ionization liquid
chromatography-mass spectrometry.”’ We excluded influent
concentrations that were under the limit of detection (LOD).
In case effluent concentrations were under the LOD, we set
them to half the threshold concentrations.>** The influent
concentrations in the dataset spanned 5 orders of magnitude,
from 1.14 x 10~ pmol L™ for fipronil to 4.90 umol L™" for
acetaminophen. Based on the concentration data, we
calculated removal rate constants (k) based on the fraction of
OMP removed over time (eqn (1), ESIT S1):

were

C. = Cy¢ ¥ HRT 1)

where £ is the removal rate constant (h™), C; is the influent
OMP concentration (umol L™), C. is the effluent OMP
concentration (umol L7'), and HRT is the hydraulic
retention time (in hours). The hydraulic retention time was
reported by Evenblij et al. (2020) and varied from 0.6 to 4.2
days. The dataset allowed us to calculate 4330 k values
(eqn (1)) across 58 OMPs and 14 WWTPs. Calculated k
values ranged from -0.35 h™" for quetiapine to 0.57 h™ for
acetaminophen (Fig. 1) and were approximately normally
distributed (Fig. S21). The negative removal rates in our
dataset (23% of all data points) reflect cases where the
effluent concentration was higher than the influent
concentration.

From Evenblij et al (2020), we also retrieved WWTP
conditions that were measured at the same time as the OMP
concentrations and that were previously shown to influence
the removal of OMPs in wastewater (Table 1). Temperature
and pH were measured in influent wastewater. Furthermore,
sludge retention time (SRT) and flow rate (Q) were reported.
When WWTP variables were reported as a range, we
determined the midpoint ((max-min)/2) and included this in
our dataset. Furthermore, we collected a selection of
physicochemical properties of the OMPs based on possible
mechanisms that could affect &, as reported in literature and
summarised in the introduction (Table 1). We determined
the speciation state of the OMPs at pH 7 with Marvin sketch
and speciated SMILES strings were generated (https://
chemaxon.com/marvin). Subsequently, we calculated the
descriptors (mentioned in Table 1) with Chemaxon (https://
www.chemaxon.com) and MOPAC2016 (https://openmopac.

This journal is © The Royal Society of Chemistry 2024
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Fig. 1 Box plots of OMP-specific removal rate constants k (h™) ordered by median k-value. The shown boxes span the interquartile range (25-75
percentiles), while whiskers correspond to minimum and maximum values, and horizontal solid line to median values.

net) through the OCHEM platform.>® Molecular structures
were optimised with Corina (https://wwww.mol-net.de).

2.2 Modelling

To assess if and how k is related to influent OMP
concentration and HRT, we adopted a linear mixed effect
(LME) modelling approach accounting for other variables
that may affect k (Table 1).*° Prior to model fitting, we
removed incomplete records (i.e., 1370 observations with a
missing value for at least one of the included environmental
variables or physicochemical OMP properties), leaving 2960
observations for the modelling. We further assessed the
skewness of all potentially explanatory variables (Table 1).
As a threshold, we considered a skewness of -1 or +1.>! If
the skewness exceeded the threshold, we used the log-
transformed variable in case this sufficiently reduced
skewness. When a variable also included negative numbers,
we cube root-transformed it. In order to handle collinearity
and prevent difficulty in separating out the independent
contribution of variables to explained variance, we
conducted a stepwise variance inflation factor (VIF) analysis
on all possible fixed effect variables (i.e., the OMP influent
concentration C;, HRT and the moderators included in
Table 1). A high VIF value indicates a high collinearity with
another variable or a combination of variables. During each
step, we discarded the variable with the highest VIF value
until all variables had a VIF value below 3.>* This resulted
in the removal of the energy of the highest occupied
molecular orbital (Egomo), van der Waals' surface area (4),
strongest basic pKp, hydrogen bond donor (HBD) and water

This journal is © The Royal Society of Chemistry 2024

solubility (S) (Table S17). After excluding these variables, 12
variables remained for the model fitting (Table S1}). Next,
we scaled all remaining variables to zero-mean and unit-
variance to prevent non-convergence the
modelling.

We tested the optimal random effect structure based on
a model including all possible fixed effect variables,
following recommendations by Zuur et al (2009).*° We
included OMP and WWTP as a random effect to account for
non-independence of observations and to include the
variation caused by unknown OMP properties and WWTP
conditions that can affect k¥ and were not included in our
model, such as possible variation caused by different
microbial communities in the 14 WWTPs. We tested two
random effect structures: 1) crossed random intercepts for
OMP and for WWTP, to account for non-independence of
observations of the same chemical or from the same
WWTP; and 2) a random intercept for WWTP and a random
slope for OMP influent concentration, the latter to allow the
relationship between k& and influent concentration to vary
between OMPs. We fitted the models with restricted
maximum likelihood and subsequently selected the best
random effect structure based on Akaike's information
criterion (AIC).>* Next, we performed model selection on the
fixed effects by adopting an all-subsets modelling
approach,® testing all possible combinations of fixed effect
variables, while keeping the best-supported random effect
structure, which included a random intercept for WWTP,
and a random slope for influent concentration per OMP.
Thus, we used the following full-model structure as a basis
for the fixed effects selection (eqn (2)):

issues in
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Table 1 Environmental variables and physicochemical OMP properties included in the analysis, including a rationale (with references), and the median

and range of each variable in the dataset used in this study (n = 2960)

Variable (abbreviation, unit)

Rationale

Median
(min-max)

Data source

Environmental conditions

Sludge retention time (SRT, d)

Influent temperature (T, °C)

A higher SRT is expected to increase removal
by affecting microbial community species composition
and metabolic capacity to biotransform®>*

Increase in temperature might increase OMP removal**>®

23.5 (1.9-87.9)

13.5 (5.0-25.1)

Evenblij et al.
(2020)**

Evenblij et al.

(2020)**
Influent pH (pH, dimensionless) pH affects speciation state of the OMP and could therefore 7.7 (7.4-8.8) Evenblij et al.
influence OMP availability and sorption’*?” (2020)*"
Flow rate (Q, m®) Flow rate is related to the size of the plant and 7963 (671-51255) Evenblij et al.
number of people connected, which affects OMP load® (2020)*"
Physicochemical properties
Water solubility (S, mg L") Increased solubility influences OMP availability and 31.14 EPISuite”
sorption®®1%1° (2.8 x 107*-1.0 x 10°)
Octanol water partition coefficient Increased Ko, increases sorption'>' 0.75 (-4.1-6.1) Drugbank,”
(log Koy, dimensionless) Pubchem®
Strongest acidic pK, (pKa,, dimensionless) Influences OMP availability and reactivity'>'® 4.85 (-3.3-16.1) Chemaxon?
Strongest basic pKy, (pKp, dimensionless)  Influences OMP availability and models reactivity'® 0 (-7.7-12.3) Chemaxon”
van der Waals' surface area, calculated at Influences binding characteristics and other processes 420.7 (157.4-1199.0) Chemaxon?
pH 7.4 (4, A% sensitive to steric interactions'’
Hydrogen bond donor, calculated at pH  Influences electrostatic interactions between molecules 1(0-7) Chemaxon?
7.4 (HBD, dimensionless) that determine chemical reactivity and/or binding
interactions'*>*®
Hydrogen bond acceptor, calculated at pH Influences electrostatic interactions between molecules 4 (1-14) Chemaxon?
7.4 (HBA, dimensionless) that determine chemical reactivity and/or binding
interactions'**
Dipole moment (v, Debye) Charge separation in OMPs may influence binding 10.7 (0.5-42.4) MOPAC*
characteristics, interaction with the cell membrane,
and/or bioavailability'>"®>®
Energy of the highest occupied molecular Influences nucleophilic and electrophilic reactivity -9.1 (-3.3-—-3.8) MOPAC*
orbital (Egomo, €V) of a compound, indicates ability to donate protons
easi1y15,16,28,29
Energy of the lowest occupied molecular  Influences nucleophilic and electrophilic reactivity -0.6 (=5.1-4.8) MOPAC*
orbital (ELymo, €V) of a compound, indicates ability to donate protons
easily and may influence sorption and
biotransformation.""%?2°
Erumo ~ Euomo (AEL g, €V) Influences nucleophilic and electrophilic reactivity of a 8.1 (4.9-11.7) MOPAC*
compound and indicates an OMPs stability'>®
Final heat of formation (H, kcal mol™) Enthalpy of formation of the products affects reactivity*® -96.2 (-891.8-209.6) MOPAC*

“ https://www.epa.gov/tsca-screening-tools/epi-suitetm-estimation-program-interface. ” https://go.drugbank.com/. ° https://pubchem.ncbi.nlm.

nih.gov/. ¢ https://www.chemaxon.com. ¢ https://openmopac.net.

k =log C; + HRT + log kow + pK, + log HBA + v + Erymo
+ AE; y + Hy + logSRT + log Q + T; + pH
+ (log C;|OMP) + (1|WWTP) (2)

We identified the best-supported model based on AIC,
using the maximum likelihood, and refitted it based on
restricted maximum likelihood for coefficient estimation.*’
Further, we assessed the importance of the variables in the
models within 2 AIC units from the best-supported model
(AAIC < 2), based on Akaike weights.”> The variable
importance is based on both the prevalence of a variable in
the top set of models (AAIC < 2) and the AIC weights of
these models and is a measure between 0 and 1, where 0
indicates that the variable is included in none of the fitted
models, while 1 means a variable is included in all fitted
models.

2246 | Environ. Sci.. Water Res. Technol,, 2024, 10, 2243-2252

We performed all data analyses in the R environment
(R version 4.3.0).>° To calculate the skewness of all
variables we used the moments package®” and for the VIF
analysis we used the USDM package.”® For the LME full
model construction we used Ilme4 (ref. 30) and to test all
possible model combinations we used the MuMIn
package,® specifically the function “dredge”. We used
MuMIn also to calculate marginal and conditional R?
values. We made graphs with the packages ggplot2,
ggeffects, sjPlot and forcats.

3. Results and discussion
3.1 Best supported model

The best-supported model (lowest AIC) describing the
removal rate constant k included the scaled influent OMP

This journal is © The Royal Society of Chemistry 2024
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concentration (log C;) and hydraulic retention time (HRT) as
follows (eqn (3)):

k=0.035 + 0.045log C; — 0.017HRT + (log C;|OMP)
+ (1|WWTP) ®3)

Confidence intervals for fitted coefficients are shown in
Table 2. Residual plots of the final model showed no
indication of nonlinearity or heteroscedasticity (Fig. S3 and
S471). The fixed and random effects together explained 68%
of the variation in k according to the conditional R*. The
two fixed effect variables (HRT and log C;) explained 27% of
the variation in k in our dataset, judged from the marginal
R?, while the random effects explained 41% of the variation
in k.

The best-supported model indicates that influent OMP
concentration has the largest influence on £, judged from the
fitted standardized coefficients, followed by the HRT (Fig. 2).
In general, we found a positive relationship between OMP
concentration and k&, ie with an increase in OMP
concentration, there was an increase in k (eqn (3), Fig. 2).
The relationship between k and HRT was negative, i.e. with
an increase in HRT there was a decrease in & (Fig. 2).

3.2 Influent OMP concentration and k

For most OMPs (n = 56) we found a positive relationship
between k and influent OMP concentration, with varying
slope coefficients depending on the OMP (0.01-0.15, Fig. 3,
Table S2t). Positive relationships may reflect adaptation of
the microbial community to previous OMP exposure,
resulting in a higher activity. Adaptation may include changes
in microbial community composition, phenotypic adaptation
by individual microorganisms (e.gz enhanced gene
transcription due to induction processes), or genetic
adaptation by individual cells via mutations, horizontal gene
transfer or recombination events.***** When influent OMP
concentrations are low, adaptation might not take place.
Instead, other processes could affect the removal at low
concentrations, such as limited mass transfer and a lack of
gene induction. For a few OMPs, ie. atrazine, 2-methyl
naphthalene and toluene, several studies showed that a slow
mass transfer across the cell membrane was responsible for
slow biotransformation rates.>>*®* For OMPs 3-phenyl
propionic acid (3-PPA) and sulfamethoxazole, threshold
concentrations for the induction of genes were found that
likely prevented the removal of OMPs at
concentrations.*>*° In line with our results, a recent study by

low

Table 2 Confidence intervals of intercept and coefficients of the best
supported model with the lowest AIC

Estimate 2.5% 97.5%
Intercept 0.035 0.020 0.050
Coefficient log C; 0.045 0.034 0.055
Coefficient HRT -0.017 —-0.023 —-0.010

This journal is © The Royal Society of Chemistry 2024
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Rich and Helbling (2023) indicated that for specific OMPs
(propranolol, clindamycin, lidocaine and gemfibrozil)
influent concentrations in a single WWTP are an
important factor in controlling microbial community
activity.*' For other OMPs (n = 112), Rich and Helbling
(2023) did not identify influent OMP concentration as a
driver for microbial activity. The difference with our study
is that we included multiple WWTPs (n = 14), with likely
different adapted microbial communities that could cause
a positive relationship between influent OMP concentration

and k. TFor several OMPs (ibuprofen, diclofenac,
carbamazepine, fluoxetine, citalopram, erythromycin,
atenolol, iomeprol, iopromide, bezafibrate), we found

positive correlations of influent OMP concentration and &,
while previous studies found negative correlations (Table
S3t and references therein). These differences might be
explained by the time microorganisms had to adapt to
increased OMP exposure and the concentrations used in
the experiments. When performing bioreactor or bottle
incubations in a limited amount of time, increased OMP
exposure likely leads to short-term adaptation processes
(e.g. microbial community changes and phenotypic
adaptation), opposed to WWTPS where microorganisms
have longer adaptation periods.**

For 2-hydroxyibuprofen and valsartan we found a negative
relationship between influent concentration and k. Helbling
et al. (2012) showed that biotransformation of valsartan by
activated sludge may take place via cometabolism,** which
could explain a lack of a concentration effect. A decrease in k
with increasing OMP concentration could also be an
indication that the OMP is toxic, as enzyme availability is
likely not an issue for OMPs in such low concentrations (C <
km, ESIT S1). When an OMP is toxic to an organism this leads
to a reduction of metabolic activities of a cell,*> including
biotransformation. Interestingly, while we found a negative
relationship with concentration for 2-hydroxyibuprofen
(-0.01), we found the strongest positive relationship for its
parent compound ibuprofen (0.15). This indicates that
2-hydroxyibuprofen might be more toxic than ibuprofen. We
did not find evidence of toxic effects of valsartan and
2-hydroxyibuprofen on activated sludge biotransformation in
literature. Further research efforts should investigate this. A

negative relationship between k& and influent OMP
concentration has been reported for antibiotics (e.g.
6,46

trimetoprim or sulfametoxazole) in previous studies.
However, for the antibiotics in our dataset (azithromycin,
ciprofloxacin, clarithromycin, clindamycin, erythromycin) we
found positive relationships between k and influent OMP
concentration. The antibiotics occurred in very low
concentrations (<2 pg L") in our study. Other studies that
included antibiotics (Table S3t) studied much higher
concentrations (up to 10° pg L) and did find negative
relationships between removal rate and concentration.*® It
seems that the concentrations of antibiotics included in this
study either did not lead to toxic effects yet or some species
are resistant to the toxic effects.
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Fig. 2 Estimated marginal effect of log C; (umol L™) on the predicted k (h™) in the best-supported model (lowest AIC; eqn (3)). HRT was held
constant at low, medium and high values (5, 50 and 95% percentiles, corresponding with 0.6, 1.7 and 2.7 hours, respectively) to show the effect of
HRT on the marginal effect of log C;.

3.3 Hydraulic retention time have shown that the HRT of OMPs may enhance the RE of

specific  OMPs such as metformin, carbamazepine,
Next to influent OMP concentration, hydraulic retention time  hydrochlorothiazide and sotalol.">"” It is hypothesized that
was included as a fixed effect in the best-supported model  this is caused by a longer exposure of the OMP to the
(eqn (3)). With increasing HRT, k decreased. Previous studies ~ microorganisms.?” However, a negative relationship between
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Fig. 3 The relationship between k (h™) and standardised log influent OMP concentration (umol L™) per OMP, given a mean value for HRT across
the observations. Confidence intervals are not shown for readability. OMPs are classified according to their mode of action (MoA) (Table S2,f
according to Posthuma et al. (2019)*® supplemented with other literature). Abbreviations: AAA = analgesics, anti-inflammatory drugs and
antipyretics; ARB = angiotensin Il receptor blocker, Cardiovasc. drugs = cardiovascular drugs; Psychoth. drugs = psychotherapeutic drugs, “rest”
includes OMPs for which no MoA was available and OMPs with MoAs that were less frequent in our dataset (n < 3). See Fig. S9f for values of
deviations from main model intercept and concentration slope per OMP.
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k and HRT was unexpected, as the removal rate is assumed
independent of HRT (ESI{ S1). Possibly, a larger HRT might
favour back-transformation, which can increase OMP
concentrations again and result in a lower k** Back-
transformation could be responsible for the large amount of
calculated negative k values (23%). This indicates that back-
transformation of metabolites into parent compounds might
be an important and overlooked process in WWTPs that
contributes to the formation of OMPs.

3.4 Other variables affecting k

Our results revealed that both HRT and influent OMP
concentration (log C;) were the most influential parameters
explaining variability in k, while other WWTP conditions and
physicochemical OMP properties had much less explanatory
power (Fig. 4, Table S47). We found 25 models within 2 AIC
units from the lowest AIC value (Table S41). The variable
importance analysis showed that HRT and log influent OMP
concentration were consistently selected in each of the 25
models (variable importance of 1.00, Fig. 4). This increases
confidence in our conclusion that k is dependent on influent
OMP concentration and HRT and that the assumption of k
being a constant at low influent concentrations, based on
Michaelis-Menten theory, can be rejected.

Opposed to other studies, physicochemical properties
were not included in the best-supported model (eqn (3)) and
only considered of minor importance in all models within 2
AIC units from the best-supported model. Hydrogen bond
acceptor and final heat of formation had a variable

..||
0.00. IIII.IIIII-

Variable importance
o o
(4} ~
o (9]

o
N
(6]

~ O éo 55’1;1 2

— o <

X 5F T T ®>xmxn L E

T8 ge awgegSa
Variable

Fig. 4 Importance of variables that were included in models within 2
AIC units from the best-supported model, based on Akaike weights
and prevalence. Abbreviations: HRT = hydraulic retention time, C; =
influent OMP concentration, SRT = sludge retention time, T; = influent
temperature, Hf = final heat of formation, HBA = hydrogen bond
acceptor, pK, = strongest acidic pK,, v = dipole moment, dg;, = HOMO
LUMO energy gap, E.umo = energy of the lowest occupied molecular
orbital, Ko\ = octanol-water partition coefficient, Q = flow rate.
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importance of 0.24 (AAIC < 2; Fig. 4) and could affect OMP
reactivity and likely influence biotransformation.”>*° The
main difference between our study and other studies that
related OMP removal to physico-chemical properties,”*'* is
that we included multiple k values per OMP, instead of a
single average value. This results in a larger variability in £,
hence less explanatory power of physico-chemical OMP
properties, which are fixed per OMP.

In addition, WWTP variables other than HRT were not
included in our best-supported model and only temperature
was considered moderately important in all models (within 2
AIC units from the best-supported model), with a variable
importance of 0.5 (Fig. 4). Although our analysis indicates
temperature is quite important, the slope coefficient and
thus effect on &, is relatively small (<0.002; Table S4t). The
positive relationship between removal rate and temperature
is in line with the findings of multiple previous studies
reporting that temperature affects the removal of OMPs (e.g.
atenolol, ketoprofen, carbamazepine and sotalol).'***°0>2
Flow rate (log Q) was of minor importance in our top set of
models, with a variable importance of 0.17, and has been
correlated to RE previously.”

The remaining variables that we tested (eqn (2), Table 1)
were considered of low importance, with a variable
importance below 0.08, and were only included once or twice
and in models that were less supported by the data (i.e., with
a higher AIC). We hypothesize that instead of
physicochemical  properties and WWTP  variables,
microorganism activity is responsible for variability in k. In
our best-supported model, the random intercepts for WWTP
showed that 3 out of 14 WWTPs included in our dataset show
a higher OMP removal, with a deviation from the intercept
(0.035) of 0.02 (Nijkerk and Heino) and 0.03 (Beilen; Fig.
S671). This could reflect differences in microbial community
composition, which are also driven by substrates such as
organic carbon and nutrients.”® Microorganisms that grow
well on higher organic carbon and nutrient inputs, could also
cometabolise more OMPs.>"

4. Conclusions and implications

Our findings show that Michaelis-Menten theory has
limitations for calculating k in activated sludge WWTP
systems, as we found that k is not constant, but instead
depends by OMP concentration and HRT. We hypothesize
that microorganism activity, which was not included in this
study, is responsible for this variability in k. Identification of
microbial species and genes responsible for
biotransformation, as well as disentangling processes such as
biotransformation and sorption, may help in explaining
variability in k. However, given the complexity to quantify
and disentangle microbial activity parameters, influent
concentration could serve as a proxy for adaptation
mechanisms, and the relationship between & and
concentration has the potential to improve fate predictions
of OMPs in activated sludge WWTPs. For that purpose, we
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recommend further model development, based on more
observations from a wider range of OMPs and WWTPs, as
well as validation based on independent data. The increase
in k with increasing concentration, as we found for the
majority of the OMPs investigated, indicates that the removal
of OMPs in activated sludge WWTPs could be optimized by
increasing OMP concentrations in influent or in side streams
of the WWTP. Concentrating OMPs in influent could be
achieved by decoupling rain water from sewers or by treating
wastewater decentralized at specific sources such as
hospitals, which contain higher concentrations of antibiotics
and contrast media.’>® Concentrating OMPs in side streams
could be achieved by first treating wastewater with chemical
or mechanical methods (adsorbents or membranes) and
secondly treating it with microorganisms, such as microbial-
assisted adsorbent regeneration for example.’”*®* Chemical
and mechanical methods (e.g. adsorbents, UV, ozone,
membranes) can achieve a higher removal of OMPs in
WWTPs, however these methods can also lead to
environmental burden shifts as they require electricity and
resources leading to global warming, eutrophication and
acidification.””®® Activated sludge wastewater treatment
requires less energy and resources, and leads to lower
environmental impacts. By combining chemical or
mechanical methods with (biological) activated sludge, OMP
removal can be optimized while environmental burden shifts
are minimized.
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