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Abstract

Biotransformation of most organic micropollutants (OMPSs) during wastewater treatment
is not complete and an unexplained steady decrease of the biotransformation rate with
time is reported for many OMPs in different biological processes. To minimize and
accurately predict the emission of OMPs into the environment, the mechanisms and
limitations behind their biotransformations should be clarified. Aiming to achieve this
objective, the present study follows a mechanistic modelling approach, based on the
formulation of four models according to different biotransformation hypotheses:
Michaelis-Menten kinetics, chemical equilibrium between the parent compound and the
transformation product (TP), enzymatic inhibition by the TP, and a limited compound
bioavailability due to its sequestration in the solid phase. These models were calibrated
and validated with kinetic experiments performed in two different anaerobic systems:
continuous reactors enriched with methanogenic biomass and batch assays with anaerobic
sludge. Model selection was conducted according to model suitability criteria (goodness
of fitting the experimental data, confidence of the estimated parameters, and model
parsimony) but also considering mechanistic evidences. The findings suggest that
reversibility of the biological reactions and/or sequestration of compounds are likely the
causes preventing the complete biotransformation of OMPs, and biotransformation is
probably limited by thermodynamics rather than by kinetics. Taking into account its
simplicity and broader applicability spectrum, the reversible biotransformation is the

proposed model to explain the incomplete biotransformation of OMPs.
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1. INTRODUCTION

A wide variety of organic compounds, such as pharmaceuticals, personal care products,
polycyclic aromatic hydrocarbons (PAH), industrial chemicals and pesticides, are
released worldwide into the environment through agriculture, industry and domestic
practices. These emerging pollutants are collectively known as organic micropollutants
(OMPs) and have been detected in sewage, surface, ground, drinking water (Luo et al.,
2014) and in biosolid-amended soils (Chen et al., 2014). Although OMPs are present at
trace concentrations, some compounds represent a potential risk to human health and the
environment due to their persistence and bioaccumulation (Tiwari et al., 2017; Tousova

etal., 2017).

Biological treatment processes are considered the most cost-effective alternative to
remove OMPs by biotransformation (Grandclément et al., 2017) and even to reduce the
toxicity of wastewaters (Voélker et al., 2017). However, in most wastewater treatment
plants (WWTPs) unsatisfactory removal is attained (Falas et al., 2016). In order to
minimize the emission of OMPs into the environment, it would be helpful to clarify the
mechanisms and limitations behind their biotransformations. Suéarez et al. (2008) and
Tiwari et al. (2017) suggest that the main factors influencing the biotransformation are
operational parameters (retention time, temperature and pH), microbial community,
bioavailability and physicochemical properties of OMPs. Several attempts pursuing
100% biotransformation efficiency have been performed modifying operational
conditions and the microbial community of the biological treatment processes;
nevertheless, in most cases, these strategies were unsuccessful or led to contradictory

results (Luo et al., 2014; Stasinakis, 2012; Suarez et al., 2008; Tiwari et al., 2017).



Incomplete biotransformation has been observed for a wide variety of OMPs in several
biological systems and actually biotransformation almost stops at one point leading to
steady remaining concentrations of OMPs identified as kinetic plateaus. These plateaus
were reported for OMPs with aliphatic amines in activated sludge batch experiments
(Gulde et al., 2018) and for other OMPs with diverse physicochemical characteristics
(Blair et al., 2015). Likewise, Fernandez-Fontaina et al. (2014) found a similar kinetic
trend for fluoxetine biotransformation in continuous nitrifying reactors and Xue et al.
(2010) observed quasi-plateaus for several OMPs with aerobic biomass from an
anaerobic/anoxic/aerobic-membrane bioreactor. In a previous study (Gonzalez-Gil et al.,
2018), we reported how the estimated biotransformation of various OMPs virtually
stopped in anaerobic continuous experiments with enriched methanogenic biomass.
These results suggest that the appearance of concentration plateaus is somehow
independent of the biological system (aerobic/anaerobic), the phase partitioning of the
OMP (liquid and/or solid), or even the biotransformation mechanism
(cometabolism/metabolism). Moreover, this behavior cannot be explained by the

typically assumed pseudo-first order kinetic.

Mathematical models can describe the biotransformation kinetics of OMPs and be used
with a three-fold objective: to obtain a further insight on the mechanisms leading to their
biotransformation, to incorporate OMP removal criteria in process design, and to
effectively predict the release of OMPs on the receiving environment. Although a wide
variety of models have been reported to depict the fate of OMPs in activated sludge
processes (Pomies et al., 2013), few have been applied to anaerobic systems and they
were focused exclusively on PAH (Barret et al., 2010a, 2010b; Delgadillo-Mirquez et al.,
2011). These authors observed a strong correlation between PAH and dry matter removal

rates during AD, thus their models are based on the cometabolic kinetics proposed by



Criddle (1993). However, dependency between substrate uptake rate and OMP
biotransformation has not been found for other kind of OMPs during AD, e.g.
pharmaceuticals and personal care products (Gonzalez-Gil et al., 2018), hence being
necessary to formulate new models. To the best of our knowledge, no study has addressed
the kinetic and/or thermodynamic limitations that lead to a halt in OMP biotransformation

(i.e., appearance of concentration plateaus).

This study intends to gain further insights about biotransformation mechanisms and
limitations that could contribute to answer the question: why are OMPs not fully
biotransformed? To achieve this, sound mechanistic models describing experimental data
of anaerobic biotransformation of 20 OMPs have been proposed and evaluated, trying to
identify the most suitable one. Although this study focuses on anaerobic systems, the
employed methodology and the resulting conclusions aim to be applicable to other
biological wastewater treatments. Finally, the implications of using an accurate model to

describe OMP removal in anaerobic process design are discussed.

2. MATERIALS AND METHODS
2.1 Organic micropollutants

A set of 20 OMPs (Table 1) usually detected in sewage sludge (Gonzalez-Gil et al., 2016;
Paterakis et al., 2012; Stasinakis, 2012), with different sorption and biotransformation
characteristics in anaerobic systems (Gonzalez-Gil et al., 2018) and representative of a
wide range of OMPs were selected in this study. Stock solutions were prepared in HPLC

grade methanol or acetone, depending on the compound, and stored at -18 °C.



Table 1. Groups of OMPs studied according to their sorption (partition coefficient, Ka)

and biotransformation characteristics under methanogenic conditions.

Group 1
Lipophilic (log Kq > 2.5)
Biotransformation: 40-70%

Group 2
Medium hydrophobicity (2.5 > log Kq4> 2)
Biotransformation: 30-60%

Galaxolide (GLX)
Tonalide (TON)
Celestolide (CEL)
Fluoxetine (FLX)
Triclosan (TCS)
4-octylphenol (OP)
4-nonylphenol (NP)

Bisphenol A (BPA)
Estrone (E1)

17B-estradiol (E2)
17a-ethinylestradiol (EE2)
Diazepam (DZP)

Group 3
Hydrophilic (2 > log Kq > 1)
Biotransformation <60%

Group 4
Hydrophilic (2 > log Kq > 1)
Biotransformation >70%

Ibuprofen (IBP)
Naproxen (NPX)

Sulfamethoxazole (SMX)
Trimethoprim (TMP)

Diclofenac (DCF)
Erythromycin (ERY)
Roxithromycin (ROX)
Carbamazepine (CBZ)

2.2 Kinetic experiments in continuous methanogenic reactors

The data used for evaluating the models were obtained in three independent Kinetic
experiments performed in two mesophilic (37 °C) continuously stirred lab-scale reactors
(15 L) inoculated with biomass from a mesophilic sewage sludge digester and fed with a
mixture of volatile fatty acids (hydraulic retention time, HRT=10 d; organic loading rate,
OLR=1-2 g COD/L d) to achieve a specific acetogenic-methanogenic biomass with no
hydrolytic-acidogenic activity. The operational conditions are described in detail
elsewhere (Gonzalez-Gil et al., 2018) and briefly explained here for the sake of
completeness. Each kinetic experiment was initiated by adding a pulse of the selected
OMPs to the corresponding methanogenic reactor (MR, operating in steady-state) to
attain an initial in-reactor concentration of approximately 10 pg/L for hormones (E1, E2,

and EE2) and 100 pg/L for the rest of compounds. The OMP concentrations in the liquid



(8 time points) and solid phases (5-6 time points) were monitored for 7-9 d (Gonzalez-
Gil et al., 2018). During this time the reactor operation (and feeding) was kept in a
continuous mode. The model parameters (calibration) were estimated using the results
from two kinetic experiments (Experiment 1 and 2) performed in the same reactor
(suspended solids, TSS=9.3 g/L; volatile suspended solids, VSS=3.0 g/L). A new set of
data (Experiment 3), obtained in an independent methanogenic reactor (TSS=8.9 g/L,
VSS=2.2 g/L), was employed for model validation. The differences among the three

Kinetic experiments are further discussed by Gonzalez-Gil et al. (2018).

2.3 Kinetic experiments in batch anaerobic digesters

In order to additionally test the mechanistic applicability of the mathematical models
previously evaluated with the kinetic methanogenic experiments (Experiments 1-3),
Kinetic batch assays were carried out with biomass from a mesophilic lab-scale anaerobic
digester (HRT of 20 d and OLR around 2.0 g COD/L d) treating sewage sludge, and thus
containing microorganisms involved in the four AD steps (hydrolysis, acidogenesis,
acetogenesis and methanogenesis). Sixteen independent bottles of 350 mL were
inoculated (37 °C and 135 rpm) with anaerobic biomass (TSS=13 g/L, VSS=7.9 g/L) and
spiked with the OMP (100 pg/L, except for hormones 10 ug/L) to measure 8 time points
in duplicate (one bottle per sample) for 14 d (Experiment 4). Apart from the remaining
substrate of the digestate, no additional feeding was added to these bottles; thus, a low
methane production (100 mL) and COD removal (around 6%, Figure S1) was achieved
after 14 d. The pH was approximately 7.5 along the whole experiment and no
accumulation of VFA was observed. This experimental procedure ensured a constant
anaerobic activity and VSS concentration during the whole batch experiment; therefore,
the appearance of concentration plateaus could not be explained by a decrease in the

biomass activity.



The total concentration (solid+liquid) of the OMPs in Experiment 4 was followed
applying ultrasonic solvent extraction (USE) to the freeze-dried sludge (approximately
0.5 g). After five series of solvent extractions with ultrasounds, the supernatants were
combined, concentrated and then, diluted with distilled water, before performing solid
phase extraction (SPE) with 200 mg OASIS HLB cartridges (Waters, Milford, MA,
USA). One half of the OMPs studied (IBP, NPX, DCF, BPA, TCS, NP, OP, HHCB,
AHTN, ADBI) were determined using Gas Chromatography coupled to Mass
Spectrometry (GC-MS), whereas the rest of micropollutants (FLX, CBZ, DZP, ERY,
ROX, SMX, TMP, E1, E2, EE2) were quantified using Liquid Chromatography coupled
to Mass Spectrometry (LC-MS/MS). Further details for the OMPs quantification are

given by Gonzalez-Gil et al. (2016).

Total and partial alkalinity, pH, total and soluble COD, TS, VS, TSS and VSS were
monitored according to standard methods (APHA, 2005). The concentration of volatile
fatty acids (acetic, propionic, butyric) was determined using a gas chromatograph (HP
5890A) with a Flame lonization Detector (HP 7637A). Biogas production was measured
daily with a pressure transducer (Centrepoints electronics) and its composition was

determined through gas chromatography (HP 5890 Series I1).

2.4 Methodology for model formulation and selection

Given the complex task of evaluating many alternatives with experimental data of the
biotransformation of 20 OMPs, a stepwise method (Figure 1) was proposed to formulate,
test and ultimately select a mechanistic model describing the experimental results. The
rationale followed aimed to assist decision making in formulating model alternatives and
selecting the most plausible candidate. All the individual tasks are briefly explained

below.



First, based on physicochemical and biological principles (specified in section 3.3),
different models are formulated, generally as sets of mass balances represented by a
system of ordinary differential equations (ODEs). Secondly, the model alternatives are
evaluated by fitting to the biotransformation kinetics of four representative OMPSs
(Experiments 1-2) with different biotransformation and sorption behavior (Table 1). The
motivation for using only four OMPs is to include visual inspection as an important
criterion in model selection besides quantitative indexes. If no model alternative fits the
data satisfactorily, new mechanistic models can be proposed. After this first screening,
the number of model candidates is limited to a few and it is possible to estimate the model

parameters (model calibration) for all the OMPs (Experiments 1-2).

Once parameters of all OMPs were determined, they were used to validate the candidate
model through simulation of an independent set of experimental data (Experiment 3).
Likewise, the applicability of the mechanistic model candidates to other biological
systems can be verified by using these models to fit new kinetic data obtained in other
biological processes (Experiment 4). The information obtained in the three previous steps
(calibration, validation and verification) allows to decide whether any model candidate is
appropriate to explain and predict the OMP behavior or if, on the contrary, it is necessary

to formulate additional mechanistic models.



Formulation of model
candidates

Evaluation with 4
representative OMPs

No . .
f—@l@ - Experiments 1-2

Yes

Evaluation and parameter
estimation with all OMPs

Model validation with an .
. Experiment 3
independent set of data

Mechanistic model )
- Experiment 4

verification
No X
Any suitable model?
Yes
Most likely mechanistic
model(s)
Experiment Continuous Batch  Methanog. AD
i-2 X X
3 X X
4 X X

Figure 1. Steps followed for the proposal and evaluation of mechanistic models. AD
stands for the overall anaerobic digestion process.
2.5 Parameter estimation and model selection criteria

Models were implemented in Matlab® 7.12.0 (R2011a) (Mathworks Inc., Natick, MA,

USA). All the computer files are available upon request to the corresponding author.

2.5.1 Model calibration

Parameter estimation for each model was carried out by minimization of the normalized
root squared mean error (Eg. (1)) between the experimental data and the data predicted

by the model.
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1 m n z

DU k=1Z'=1 Cexp,k (ti) - Cpred,k(ti; 9)

NRMSE = Ymn i ( ’ ) .100 (1)
i

where m is the number of variables measured (in this case, m=2: OMP concentration in
solid and liquid phase), n is the number of sample times, Cexpk IS the measured value,
Cpredk IS the value predicted by the model, & represents the vector of calibration
parameters for a given model, and Cin is the initial concentration of OMPs (100 pg/L,
except for hormones 10 ug/L). It was considered that the errors of measured

concentrations in liquid and solid phase were similar and no weighting was needed.

To ensure the robustness of the calibrated parameters and prevent being stuck at local
minima caused by poor initial guesses, we performed a bootstrap method to determine
the expected value and the confidence interval of the parameter (Frutiger et al., 2016).
The bootstrap steps are detailed in Supporting Information section S2 and succinctly
described here. Firstly, a reference parameter estimation was carried out in order to
estimate reference residuals. These residuals were used to generate simulated
experimental data and repeat the parameter estimation, now based on these simulated
concentrations. Iterating through the previous steps until convergence, a population of
parameters is obtained that can be used to reach robust estimates and quantifications of

uncertainty.

2.5.2 Validation and prediction uncertainty

Based on the parameters estimated through the bootstrap method, a third independent set
of experimental data (Cvaik) was used for model validation, which was quantified based

on the validation NRMSE (Eq. (1), where Cexp is replaced by Cvaik).
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The uncertainty of the model predictions was plotted for visual inspection of the match
between simulated and experimental data. A Monte Carlo procedure was followed based
on propagating the uncertainty of the previously estimated parameters. Latin Hypercube
Sampling (Helton and Davis, 2003) was used to provide samples of the parameter space
maximizing its coverage. The Monte Carlo procedure consisted of i) drawing a random
sample of the estimated parameter space; ii) simulating the model and storing the
predictions; iii) iterating 200 times steps i) and ii) until the distribution of model outputs

converges.

2.5.3 Model comparison and selection

The models proposed for testing have different number of parameters and, in general, are
non-nested, i.e. a reduced model is not equivalent to setting a constant parameter in more
complex model. For non-nested parameters, it is recommended to use Akaike’s
Information Criterion (AIC) for model comparison and selection instead of the NRMSE,
which provides complementary information about the goodness of the model prediction.
Assuming that errors are close to be identically and normally distributed, AIC can be

determined by Eq. (2).

RSS )
AlIC =m-nl0g(m)+2p

where p is the number of free parameters of each model and RSS is the residual sum of
squares that can be calculated as RSS = RMSE? m - n. The model with lowest AIC can
be considered as the most likely candidate to reproduce the experimental results while

avoiding overparameterisation.

12



3. FORMULATION OF MECHANISTIC MODELS
3.1 Two compartment model

Removal of OMPs in anaerobic systems depends mainly on biotransformation and
sorption onto sludge. Volatilization to biogas is disregarded, since this mechanism has
been reported to have a negligible impact, even in the case of musk fragrances (Alvarino
et al., 2014). Therefore, all the proposed models were at least composed of two
compartments (liquid and solid phase) linked by sorption (Eg. (3)) and desorption (Eq.
(4)) occurring simultaneously. When the rates of these two transport processes with
opposite directions equalize, the sorption equilibrium is reached and the solid-liquid
partition coefficient (Ka, Eq. (5)) is an appropriate parameter to describe sorption of

OMPs at low concentrations.

jsor:ksor 'XTSS'CW (3)
jdeszkdes'cszksor/ Kd 'Cs (4)
Kd _ ksor _ Cs (5)

B kdes B CW' XTSS

where jsor is the micropollutant sorption rate (ug/L d), ksor is the sorption kinetic constant
(L/gTSS d), jaes is the desorption rate (ug/L d), kaes is the desorption kinetic constant (1/d),
Xtss is the total suspended solids concentration (g/L), Ka is the solid-liquid partition
coefficient (L/g TSS), Cw is the concentration of OMP in the liquid phase (pg/L), Cs is

the concentration of OMP in the solid phase (pg/L).

Assuming that i) the reactor is well-mixed for both liquid and solid phases; ii) the reactor
hold-up and feed flow rate are constant; iii) the OMPs are only added to the reactor as an
instantaneous spike (no continuous feed of OMP); and iv) there is a continuous OMP
washout from the reactor, since it is operating in a continuous mode, the dynamic mass

balances of the OMPs can be written generically as Eq. (6) and (7).

13



ac, ~ Cv . .

dr == HRT_/50r+/des_rW (6)
ac, ¢,
dl‘s =H_1;T+/50r_/des_r5 (7)

where HRT is hydraulic retention time (d), rw is the biotransformation rate in the liquid

phase (ug/L d), and rs is the biotransformation rate in the solid phase (ug/L d).

3.2 Biotransformation compartment

The compartment where OMP biotransformation occurs is a controversial topic in
literature. Most biokinetic models consider that the biotransformation takes place only in
liquid phase (Pomiés et al., 2013), and assume that a sorbed compound is not available
for microbial degradation (Delgadillo-Mirquez et al., 2011). On the contrary, several
evidences support that biotransformation of the sorbed OMPs is possible. For instance,
the biotransformation of lipophilic compounds would be limited by partitioning between
the two phases if it only occurred in the liquid phase (Fountoulakis et al., 2006). Several
extracellular (i.e. hydrolases) and intracellular enzymes (i.e. hydrolases, acetate kinase
and monooxygenases) are able to biotransform OMPs in different biological systems
(Fernandez-Fontaina et al., 2016; Fischer and Majewsky, 2014; Gonzalez-Gil et al., 2017;
Krah et al., 2016); since the small size of most OMPs (<500 Da) allow them to diffuse
through the outer membrane of bacteria (Nikaido and Vaara, 1985) they can also be
biotransformed inside cells. Lolas et al. (2012) have already demonstrated by radioactive
experiments that Methylobacillus is able to metabolize TCS accumulated inside the cells.
Banihashemi and Droste (2014) suggest that, as biodegradation can also occur when
OMPs are sorbed onto the biomass, this transformation mechanism should be

incorporated to the existing fate models.

Some studies have already included solid phase biotransformation, with independent or

the same rates as in the liquid phase, to achieve a successful calibration of the

14



mathematical models (Byrns, 2001; Pomiés et al., 2013; Urase and Kikuta, 2005; Xue et
al., 2010). To test the various hypotheses in literature, it was considered in this study that
biotransformation of OMPs could take place in both the liquid and solid phase of sludge
with different (kow # kbs) or equal kinetic constants (kow = Kbs, parameters defined in Eq.

(8) and (9)).

3.3 Biotransformation mechanisms

Although pseudo-first order Kkinetics cannot reproduce Kkinetics where the
biotransformation rate drastically slows down or comes to a halt (Blair et al., 2015;
Fernandez-Fontaina et al., 2014; Gonzalez-Gil et al., 2018), it was considered as a
reference (null hypothesis) in this study, since it is widely used to model OMP
biotransformation in biological wastewater treatments (Pomieés et al., 2013). The pseudo-
first order biotransformation rate depends on the OMP concentration and on the total
concentration of VSS as the share of biomass capable of transforming OMPs is not
measurable experimentally (Eq. (8) and (9)).
Tw = kpw - Xyss - Cy (8)

s = Kps * Xyss * Cs (9)
where Xvss is the volatile suspended solids concentration (g/L); kow is the liquid
biotransformation kinetic constant (L/g VSS d) and ks the solid biotransformation kinetic
constant (L/g VSS d).

Four hypotheses were formulated (Figure 2) that can potentially explain the mechanism
behind the incomplete removal of OMPs: i) the biotransformation follows a Michaelis-
Menten Kinetics (Liu et al., 2015), thus the biotransformation rate could substantially slow
down at the end of the experiment depending on the Michaelis constant and OMP

concentration; ii) the transformation products (TPs) inhibit the enzyme(s) responsible for

15



biotransformation; iii) as biological reactions are rarely irreversible (Meyers, 1995), the
net biotransformation stops when chemical equilibrium is reached between the parent
compound and the TP; and, iv) the bioavailability of the compound is restricted because
only a fraction of the sorbed OMPs is ready to be biotransformed while the remaining
fraction is sequestrated onto the solids, and thus inaccessible to organisms and
extracellular enzymes (Brion and Pelletier, 2005). Although sequestration might be
considered as an irreversible process, desequestration rate in biological reactors might be
significant if OMPs are sequestered in organic matter that is further degraded and/or if
OMPs are trapped in microorganisms (Gulde et al., 2018) and hence liberated after cell
death. Therefore, the desequestration hypothesis was included in the model formulation.
Hypotheses i) and ii) relate to kinetic limitations while the reversible and sequestration

models respond to thermodynamic constraints.

Biotransformation may also be limited by enantioselective transformation as recently
hypothesized by Polesel et al. (2017); i.e.,, each enantiomer has a different
biotransformation rate to explain the two-rate pattern observed when concentration
plateaus appear. Nevertheless, we have not further explored this possibility because the

behavior of chiral and non-chiral OMPs was similar (Gonzalez-Gil et al., 2018).
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Michaelis-Menten

Jsor= ksor - Xrss* Cw dc, c, '
7 :_m_fsor+/des_rw
Jaes= Kdes* Cs ﬁD dac, Cs
dl‘ HRT+/50r /des Iy

|

_ kpy Xyss Cy o= kps: Xyss- Cs
T Kt Gy T T Kt Gy
Inhibition by Transformation Product dc C

w . .
m ~Jsortldes—Tw

jsor dt
-— R
Yy = ] re = dt HRT /sor /des Ig

Jdes
] o Ko Xoee: Co- ks ACrp Crpw
kpw Xyss' Cw- k; l I bs” AvssT &s' B d Y= HR;/‘ ~sortp T desTPT T
Crps + ki t

Crpw + ki Jsortp= Ksor *Xrss* TRy
SN
dCrps  Crp
. _ . @ dt == HRST+/sorTP ~JdestPTTs

JdestP= Kaes - TFs

Reversible biotransformation

ac, Gy . 4
Jsor dt __HRT_/sar Jdes™Tw
_
- ac, ¢
; E HRT+/sor ~Jdes—Ts
Tw=KpwXyss - Co - ] l Jdes T's=KpsXyss Cs= dCrp, Crpw
W w .
Krev'Xyss - TPy, e Xyss - TP dr — gRT Jsortetidestr T
Jsortp= Ksor *Xrss' TRy
— dCrps _ Crps
- dt - HRT+/sorTP /desTP'/'r
Jdestp= kaes - TPs
Bioavailability-Sequestration
ac, G, . .
C,=Cy+ cseq dr __HRT_/50r+/des_rw
. c, ¢ .
Jsor Tseq =Kseq “Xrss ‘Csf Cseq E = m-v’L/sar_/des_ Isp
%. fa:s Kiesg * Goog Not biotransf. dCsz % B dCseq
Jdes dc — drdr
Tw = Kpw Xyss: Cy l Tsf = kps Xyss- Csf dCSeq Cseq

dt H R T seq ~Ides

jsor: EQ. (3); jees: EQ. (4); Crru: concentration of the TP in the liquid (ug/L); Cres: concentration of the TP in the
solid (ug/L); Cst: solid concentration of bioavailable OMP (pg/L); Cseq: concentration of sequestrated OMP
(ug/L); Km: Michaelis-Menten constant (pg/L); ki: inhibition constant (ug/L); krev: reversible biotransformation
constant (L/g VSS d); kseq: sequestration constant (L/g VSS d); kdeso: desorption constant of sequestered OMP

(Mg/L).

Figure 2. Schematic representation of formulated models and corresponding mass

balances.
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4. RESULTS
4.1 Initial model screening

The initial screening intended to verify whether different biotransformation kinetics in
the liquid and in the solid compartments were required and if any of the mechanistic
models could be ruled out. Three criteria were employed: graphical inspection of
biotransformation trends (Figures S3), the NRMSE (Table 2) to quantify the goodness of
the experimental data fitting, and the AIC (Table 2) as a criterion for weighting model
complexity. FLX (Group 1), E1+E2 (Group 2), ERY (Group 3), and SMX (Group 4) were
selected as the four representative OMPs to perform this initial model screening. It should
be noticed that E1 and E2 are evaluated jointly because E1 is reduced to E2 under

anaerobic conditions.

Each of the mechanistic models has been formulated considering that biotransformation
could occur in both the liquid and the solid phase and that the biotransformation Kinetic
constants can be equal (kow= kbs) or different (kow# kos) in both phases. Except for the
model describing solid sequestration of the OMP, considering that the rates might be
independent (kow # kbs) does not provide a significant decrease of the fitting error, leading
to slightly lower NRMSE values but higher AIC (Table 2). Therefore, the additional
model complexity related to independent biotransformation constants does not seem to

be justified and will henceforth only be retained for the sequestration model.

Comparing the different mechanistic models with the pseudo-first order model (Table 2),
the Michaelis-Menten hypothesis did not improve the fitting of any compound, and the
inhibition model decreased the NRMSE of FLX but increased the error of SMX, which
is highly biotransformed and thus the model predicts an inhibition above reality (Figures
S3). Therefore, these mechanisms seem to be not adequate to explain the

biotransformation of OMPs. On the contrary, the models considering a reversible
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biotransformation or a sequestration of the OMPs improve the fitting of the experimental
data with respect to the pseudo-first order model (Table 2, Figure 3). More importantly,
only the kinetic profiles of those two models are able to reproduce biotransformation
trends that slow down steadily (Figure S3). This improvement with respect to the pseudo-
first order model appears significant for compounds with a medium or high
hydrophobicity, as FLX and E1+E2, while the fitting of ERY and SMX was very similar
(Figure 3). This fact does not imply that the biotransformation of ERY and SMX cannot
be explained by these mechanisms, but since they did not present a clear plateau either
the chemical equilibrium constant is very high or sequestration is negligible. In this
section, the differences found between the reversible biotransformation and the

sequestration model (i.e., AIC, Table 2) are not enough to discriminate between both.

Table 2. Comparison of the normalized root mean square errors (NRMSE) and the
Akaike Information Criterion (AIC) obtained during calibration (Experiments 1-2) of four

representative compounds for the 10 formulated models.

NRMSE (%) AIC
FLX E1+E2 ERY SMX FLX E1+E2" ERY SMX
Pseudo-first order 8.06 4.87 3.49 4.24 123 45 76 87

3 Michaelis-Menten 836 489 354 444 127 6.7 79 91
”; Inhibition by TP 6.10 508 423 9.19 109 8.9 89 132
=~ Reversible biotransf.  4.29 2.52 339 421 89 -30 76 89
Bioav.-Sequestration 5.11 3.92 352 4.26 101 -3.6 80 91
Pseudo-first order 8.01 487 348 424 125 6.2 78 89
& Michaelis-Menten 824 489 352 444 128 9.0 81 93
*; Inhibition by TP 6.13 423 372 473 112 0.6 84 97
=< Reversible biotransf. 429 252 339 421 91 -28 78 91
Bioav.-Sequestration 4.30 235  3.47 4.23 94 -30 82 93

*The AIC values of E1+E2 are lower than the other OMPs because their initial concentration was
20 pg/L instead of 100 pg/L.

Pseudo-first order Reversible biotransformation Bioavailability-sequestration
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4.2 Model calibration for methanogenesis

In order to find which of the two selected models in the previous section is more
appropriate for the 20 OMPs, both models were robustly calibrated following a bootstrap
procedure. The estimated parameters of the reversible biotransformation and
sequestration models are shown in Table 3 and Table 4, respectively, with their
corresponding confidence interval of 95%. Figure 3 and Figure S4 compare for all the
OMP the fitting of these two models versus the pseudo-first order model. It should be
pointed out that Experiments 1-2 were conducted in a continuous reactor, and thus

washout of OMPs partially hides the concentration plateaus of Figure 3 and Figure S4.

To evaluate the biotransformation in the reversible model, the ratio between the direct
and reverse biotransformation constants should be considered. As expected, compounds
with higher biotransformation efficiency (Table 1), i.e. SMX and TMP, presented the
highest ratio (kn/krev > 3) while the persistent compounds, as DCF (ko/krev= 0.06), had a
lower ratio. The values of the biotransformation and reversible constants highlight that
this mechanism is more relevant for compounds of Groups 1 and 2, which have a medium
ko but a superior krev. Consequently, these OMPs improve the fitting with respect to the
pseudo-first order model in a higher extent than those of Group 3 and 4 (Figure S4 and

Table S7), which did not show such a marked concentration plateau.

Similarly, simulated data with the sequestration model fitted particularly well the
experimental values of compounds of Group 1 and 2 (Figure S4 and Table S7). As
expected, the estimation of the partition coefficient is almost the same in both models. It
should be noticed that the absolute values of kseq and kadesq are not sufficient to determine
the influence of sequestration on the OMP fate, and neither the kseq/kdesq ratio. Actually,
the hydrophobicity and the sequestrability of the OMPs cannot be analyzed

independently. For instance, the effect of sequestration on the model will be different for
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two OMPs with the same kseq/kdesq ratio but different Kq values. Therefore, the
mathematical impact of a single model parameter should not be considered by itself, but

in the context of the overall model.

Graphical inspection (Figure S3 and Figure S4), the average NRMSE for an OMP
(NRMSE) and the total AIC confirm that specially the reversible biotransformation model
(NRMSE = 4.40%, AIC = 1722), but also the sequestration model (NRMSE = 4.40%,
AIC = 1810) fit better the experimental data than the pseudo-first order model (NRMSE =
6.64%, AIC = 1962). However, the slight differences in these three criteria do not allow

making a definitive model selection between both models.
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Table 3. Estimated parameters of the reversible biotransformation model calibrated with the methanogenic Experiments 1-2 and resulting
normalized root mean square errors (NRMSE) for each compound and on average (NRMSE). The estimated values are reported with the
corresponding lower (LB) and upper boundaries (UB) of their confidence interval (o. = 0.05).

OMPs Ksor (L/gTSS d) Kq (L/gTSS) ko (L/gVSS d) Krev (L/gVSS d) NRMSE
Mean [LB,UB] Mean [LB,UB] Mean [LB, UB] Mean [LB, UB] (%)

FLX 92  [26,294] 103 [0.839,1.27]  0.328 [0.182,0.508] 0.492 [0.219,0.944]  4.29
TCS 112  [38,308] 204 [5.9,31.6] 0.204 [0.168,0.244] 0.291 [0.225,0377]  2.04

- NP 117 [28,316] 289 [3.9, 316] 0.077 [0.045,0122] 0.115 [0.027,0212]  3.59
S Oop 87 [33,20] 313 [29.6, 3L16] 0.232 [0.173,0.286]  0.154 [0.096,0.244]  3.81
G TON 75 [32226 310 [218,316] 0.125 [0.086,0.168] 0.194 [0.105,0299]  3.51
GLX 106 [38310] 243 [6.9, 31.6] 0.191 [0.157,0.228] 0.226 [0.154,0.294]  2.62
CEL 35  [30,46] 183 [5.7,316] 0.172 [0.140,0.205] 0.220 [0.158,0298]  2.51
E1+E2 103  [29,303]  0.189 [0.179,0.199] 0.277 [0.133,0523] 0.987 [0.384, 2.20] 2.52

EE2 106 [25,310] 0.236 [0.224,0.251] 0.288 [0.117,0.660] 0.983 [0.308, 2.79] 2.26
DzP 51  [12,292] 0.095 [0.088,0.103] 0.136 [0.065, 0.297] 0.413 [0.144,1.20] 3.07
BPA 158  [40,314]  0.150 [0.133,0.167] 0.182 [0.068,0.324] 0.495 [0.098,0.995]  5.36
CBZ 88 [57,18] 0.064 [0.057,0.071] 0.937 [0.433,1.47] 2.17  [0.904, 3.16] 4.27
ERY 65  [8 279] 0.022 [0.019,0.025] 0.036 [0.026,0.048] 0.031 [0.001,0.078]  3.39
ROX 51  [12,232] 0.061 [0.058,0064] 0.045 [0.0280.070] 0.131 [0.051,0.301]  2.66
DCF 77  [5,300] 0.024 [0.020,0.028] 0.089 [0.003,0.267]  1.44 [0.263, 3.16] 4.95
NPX 80  [2303] 0.037 [0.021,0.060] 1.66 [0.365,3.95] 1.32  [0.079, 3.16] 15.1
IBP 90  [3,315] 0.024 [0.020,0.028] 0.018 [0.005,0.053] 0.069 [0.000,0.315]  4.98
SMX 16  [2 175] 0.020 [0.016,0.024] 0.690 [0.561,0.797] 0.014 [0.000,0.053]  4.21
TMP 62  [4313] 0.038 [0.029,0.048] 0.275 [0.146,0.473] 0.075 [0.000,0.236]  8.52
NRMSE 4.40

Group 2

Group 3

G.4
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Table 4. Estimated parameters of the bioavailability-sequestration model calibrated with methanogenic Experiments 1-2 and resulting normalized
root mean square errors (NRMSE) for each compound and on average (NRMSE). The estimated values are reported with the corresponding lower
(LB) and upper boundaries (UB) of their confidence interval (o = 0.05).

OMPs Ksor (L/QTSS d) Kq (L/gTSS) kow (L/gVSS d) kps (L/gVSS d) Kseq (L/gVSS d) Kdesq (1/d) NRMSE
Mean [LB,UB] Mean [LB,UB] Mean [LB,UB] Mean [LB,UB] Mean [LB,UB] Mean [LB, UB] (%)
FLX 65 [27, 218] 1.03 [0.879,1.25]  0.023 [0.000,0.160] 0.377 [0.230,0.630] 0.182 [0.069,0.449] 0.034 [0.000,0.196]  4.30
TCS 70 [38, 120] 23.9 [8.3,31.6] 0.037 [0.000,0.596] 0.204 [0.172,0.237] 0.087 [0.065,0.132] 0.015 [0.000,0.108] 2.01
— NP 81 [28, 191] 29.8 [8.2,31.6] 0.003 [0.000,0.017] 0.084 [0.055,0.133] 0.040 [0.017,0.084] 0.053 [0.000,0.423]  3.63
§ opP 62 [33, 108] 31.0 [29.4,31.6] 0.001 [0.000,0.004] 0.239 [0.195,0.287] 0.048 [0.033,0.079] 0.010 [0.000,0.085]  3.80
g TON 54 [32, 100] 30.5 [13.4,31.6] 0.070 [0.000,1.22]  0.128 [0.089,0.159] 0.059 [0.034,0.099] 0.014 [0.000,0.139]  3.46
GLX 76 [38, 166] 27.2 [10.0, 31.6] 0.074 [0.000,0.987] 0.189 [0.156,0.236] 0.067 [0.047,0.097] 0.005 [0.000,0.056]  2.56
CEL 35 [30, 44] 16.3 [5.8,31.6] 0.004 [0.000,0.012] 0.171 [0.139,0.205] 0.062 [0.046,0.088] 0.004 [0.000,0.048]  2.43
E1+E2 180  [30,315] 0.190 [0.180,0.200] 0.036 [0.015,0.057] 0.702 [0.358,1.27] 0.736 [0.258,1.48]  0.011 [0.000,0.047]  2.36
o~ EE2 45 [25, 115] 0.237 [0.226,0.250] 0.052 [0.026,0.075] 1.09 [0.370, 2.60] 1.31 [0.300,3.46] 0.022 [0.002,0.066] 1.92
§ DZP 29 [12, 87] 0.095 [0.089,0.102] 0.023 [0.000,0.046] 0.449 [0.156,1.04] 0.386 [0.046,1.34]  0.015 [0.000,0.111]  3.07
G BpA 117 [32,308] 0.150 [0.131,0.167] 0.020 [0.000,0.067] 0.318 [0.136,0.577] 0.199 [0.062,0.414] 0.015 [0.000,0.083]  5.35
CBz 9.2 [5.7, 15] 0.065 [0.058,0.073] 0.003 [0.000,0.026] 2.55 [1.13,4.85] 0.711 [0.253,1.50]  0.003 [0.000,0.024] 4.21
ERY 46 [5, 273] 0.022 [0.019,0.025] 0.034 [0.004,0.044] 0.562 [0.006,3.10]  1.21 [0.013,5.06] 0.067 [0.000,0.146]  3.47
» ROX 43 [9, 284] 0.060 [0.056,0.064] 0.029 [0.000,0.041] 0.521 [0.138,1.35]  0.957 [0.032,2.51]  0.040 [0.000,0.232]  2.78
% DCF 51 [3, 293] 0.024 [0.020,0.029] 0.001 [0.000,0.010] 0.648 [0.047,2.88] 0.635 [0.059, 3.03] 0.003 [0.000, 0.026] 491
G NpPX 63 [2, 300] 0.039 [0.024,0.058] 0.070 [0.000,0.255] 6.74 [1.69, 9.99] 0.699 [0.067,1.82]  0.128 [0.000,0.348]  15.2
IBP 39 [4, 235] 0.023 [0.020,0.027] 0.017 [0.004,0.028] 0.278 [0.003, 1.48] 2.81 [0.142,250] 0.184 [0.000,0.374]  4.92
< SMX 17 [2, 140] 0.020 [0.016,0.025] 0.653 [0.080,0.965] 0.953 [0.000,4.53]  0.034 [0.000,0.100] 0.030 [0.000,0.100]  4.23
O TMmP 51 [3, 301] 0.038 [0.029,0.049] 0.128 [0.000,0.324] 1.23 [0.081,4.05] 0.296 [0.003,2.55]  0.190 [0.000,1.208]  8.93
NRMSE 4.40
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4.3 Model validation for methanogenesis

The reversible and the sequestration models were validated with an independent set of
methanogenic data (Experiment 3, Figure 1). We compare their ability to simulate this
independent experiment using the estimated parameters (Table 3 and Table 4) by
comparing their validation NRMSE (Table S7), complexity (AIC) and graphical trends

(Figure 4 and Figure S5) versus the pseudo-first order model.

The reversible and the sequestration models were capable of predicting satisfactorily the
behavior of most OMPs under methanogenic conditions, thereby validating the
previously obtained parameters, while the pseudo-first order model appears again as a
poorer alternative. To evaluate the goodness of the predictions, it should be taken into
account that the microbial populations and the biotransformation capacity of the
methanogenic biomass could have changed in this independent experiment. As previously
reported (Gonzalez-Gil et al., 2018), these differences were mainly significant for SMX,

EE2, and NP; consequently, their predicted and experimental concentrations are quite far.

Despite the comparable NRMSE for the sequestration (8.15%) and reversible models
(8.35%), the simulated biotransformation trend could be different, as can be observed for
FLX, E1+E2, TCS, and NPX in Figure 4 and Figure S5. In these cases, visual inspection
reveals that the reversible biotransformation model predicts their kinetic behavior in a
more realistic way, although the NRMSE of both models are very similar (relative
differences below 15%). Instead of the NRMSE, the AIC is a more reliable and realistic
criteria for comparison of non-nested models with a different number of independent
parameters. The AIC values support the reversible biotransformation hypothesis (1278
vs. 1324). Yet, according to the results obtained during calibration, the short differences

(< 5%) in AIC values make complex to select the best model univocally.
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Figure 4. Validation of experimental concentrations (dots) using the mean parameters
estimated during calibration (continuous lines) with methanogenic reactors. The colored
areas represent the fate of the compound with a confidence interval of 95 % and were
estimated with the parameters of the lower and upper boundaries (Table 3 and Table 4).
Red and blue colors refer to the solid and liquid phase concentrations, respectively.
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4.4  Mechanistic model verification in the overall anaerobic process

To confirm if the proposed mechanistic hypotheses are valid to explain the
biotransformation in the overall anaerobic process, the pseudo-first order (as a reference),
the reversible and sequestration models were calibrated with kinetic results from batch
experiments performed with biomass from an anaerobic digester (Experiment 4, Figure
1). In this experiment, the biomass characteristics are different from those of the
methanogenic experiments (Experiments 1-3) and hence a new set of parameters was

estimated (data not shown).

Figure 5 and Figure S6 reveal that, again, the reversible and sequestration models are able
to fit properly the experimental data, while the pseudo-first order model is unable to adjust
the plateaus of OMP concentration. Even though for most OMPs there is no significant
differences between both models, in the case of TON and NPX the sequestration model
is more appropriate, while the reversible biotransformation reproduces better the behavior
of BPA (Table S7 and Figure S6). Like in the methanogenic parameter validation, the
reversible model leads to lower values of the total AIC (624 vs. 682) because it has fewer
parameters, while the NRMSE are almost equal for both models (5.19% vs. 4.93%).
Therefore, although the sequestration strength and/or some biotransformation reactions
can be different in the overall anaerobic process from only in the methanogenic step, these

two mechanisms are able to explain the incomplete biotransformation of OMPs.

27



100

C (ng/L)

Pseudo-first order
FLX

80

16
ERY

15

5 10
t (d)

15

Reversible biotransformation Bioavailability-sequestration
FLX FLX
100 100
(]
80 80
S 60f 1\ S 60
E! 3 e
O 40 © 40
20 20
0 0
0 5 10 15 0 5 10 15
E1+E2 E1+E2
25 25
° L]
20 20
< 15 ° 315 )
I SR I
3 2
5 5
0 0 . :
0 5 10 15 0 5 10 15
ERY ERY
100
80
S 60
=
© 40
20
0
100¢ 1009
80 80
S S 60
= =
© 40 © 40
20 20
0 0
0 5 10 15 0 5 10 15
t (d) t (d)

Figure 5. Experimental (dots) and modelled (lines) total concentrations obtained for

four representative OMPs in anaerobic batch assays (Experiment 4).
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5. DISCUSSION
5.1 Selection of the best model: reversible biotransformation vs. sequestration

Incomplete biotransformation of OMPs has been reported for several biological systems
(Blair et al., 2015; Fernandez-Fontaina et al., 2014; Gonzalez-Gil et al., 2018; Gulde et
al., 2018; Xue et al., 2010), but the reasons behind this behavior remain unknown. The
use of mathematical models could be a useful tool for discerning the most likely
hypothesis of biotransformation mechanisms; nevertheless, this methodology was rarely
applied to anaerobic systems and it is only focused on PAH (Barret et al., 2010a, 2010b;
Delgadillo-Mirquez et al., 2011). These available models consider that PAH
biotransformation follows a cometabolic kinetic and that compounds are distributed in
three sludge compartments (freely dissolved in the liquid phase, sorbed onto particles and
sorbed onto dissolved/colloidal matter), which influence their bioavailability. However,
the PAH physicochemical characteristics and behavior differ widely from the OMPs here
investigated and no link between the substrate uptake rate and the OMP biotransformation
was found at typical OLR for AD (Gonzalez-Gil et al., 2018). Therefore, new mechanistic
models were proposed to understand the biotransformation limitations of OMPs.The
results obtained in the present study reveal that reversibility of the biological reactions
and/or a limited bioavailability of the compounds are likely mechanisms to explain the
incomplete biotransformation in anaerobic systems. Although conceptually different,
both models are based on thermodynamic restrictions assuming the existence of a
“reservoir” of TP that can be turned into the parent OMP either by a reversible reaction,
or by the desequestration. Despite the reversible model having fewer parameters and
generally lower AIC values, the differences obtained with modelling criteria (NRMSE,

AIC, graphical inspection) for the available experimental data are insufficient to clearly

29



discern which of the two mechanisms explains better the incomplete anaerobic

biotransformation of OMPs.

There are already some studies focused on investigating the effect of the OMP
bioavailability on its biotransformation that support the proposed sequestration
mechanism. Aemig et al. (2016) noticed that the distribution of PAH in the organic matter
of sewage sludge could be divided in readily, low, and non-accessible pools. The fate of
the fraction present in accessible organic matter combines transfer from one pool to
another together with anaerobic degradation, while the compounds in a low accessible
compartment are poorly removed and they tend to accumulate in the non-accessible
fraction. To enhance their removal, hydrolysis processes that increase the accessible
fraction should be promoted. The authors propose that the distribution depends on the
compound properties, the quantity/quality of organic matter in each pool and the aging
phenomenon. These factors could justify some of the differences found between the
methanogenic and overall anaerobic biotransformation. Moreover, in a recently published
study, Gulde et al. (2018) go a step forward on investigating the OMPs bioavailability,
proving that aliphatic amines undergo an irreversible ion trapping by the protozoa present
in activated sludge and suggesting that this process could explain the experimental
deviations that they observed from the first order kinetics. This mechanism is considered
consistent with sequestration, and could be responsible for the incomplete
biotransformation of some OMPs (e.g. FLX) in anaerobic systems, since ion trapping
seems to increase for compounds with high pKa and lipophilicity (Marceau et al., 2012)
and because there are also protozoa present in anaerobic reactors (Priya et al., 2007).
However, this mechanism is not able to explain why other compounds such as TON or

IBP (not aliphatic amines), do not fit the pseudo-first order kinetic either.
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There are also strong evidences to support the reversible biotransformation hypothesis.
Any enzymatic reaction is reversible; nevertheless, if one reaction direction releases free
energy (AG°<<0), it is much more favored than free energy-consuming reactions and they
can be considered as irreversible (ko >>krev, €.9. SMX, Table 3). On the contrary, reactions
that do not present a clearly favored direction are recognized as reversible. For instance,
dehydrogenases are enzymes that catalyze reversible reactions (Bisswanger, 2014) and
several OMPs are known to undergo dehydrogenation reactions, such as the
transformation of bezafibrate into a alkene (Helbling et al., 2010) and the formation of
ketones or quinones from compounds with hydroxyl-groups, such as (di)hydroxyl-CBZ
(Kaiser et al., 2014) and NP isomers (Fischer and Majewsky, 2014). Also other biological
reactions affecting OMPs have been recognized as reversible; for example, the N-
oxidation of tertiary amines such as venlafaxine (Gulde et al., 2016), the phosphorylation
of BPA (Zuhlke et al., 2016), and likely the phosphorylation of other OMPs with carboxyl
and hydroxyl groups by the methanogenic enzyme acetate kinase (Gonzalez-Gil et al.,

2017).

To elucidate the mechanism limiting the biotransformation of each OMP, further
experiments aiming to identify the transformation products and to prove sequestration of
compounds are needed. Indeed, with the available data both sequestration and/or
reversible biotransformation are equally plausible and not even mutually exclusive
mechanisms as they might be compound specific. However, from a pragmatic
perspective, the reversible model could have a broader applicability spectrum, while the
sequestration model could be more likely for lipophilic compounds. In accordance, we
have selected the reversible biotransformation model as a useful tool to accurately predict

the biotransformation of OMPs under anaerobic conditions.
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5.2 Implications for process performance

Finding an appropriate model that describes the real fate of OMPs is not only useful to
understand the mechanisms behind their biotransformation, but also to predict accurately
their behavior when operational parameters are modified, i.e. as a tool to optimize the
process performance, and to predict OMPs discharge into the environment. The
evaluation of uncertainty is particularly relevant for decision-making (Gimeno et al.,
2017) as it provides a realistic estimation of the efficiency of new operational scenarios
and the compliance with environmental standards predicting, e.g. the expected and

maximum concentration of OMP in liquid and solid sludge phases (Figure S7).

An interesting application is the assessment of the influence of the HRT on OMPs
biotransformation efficiency: this case study was evaluated in this section with the
parameters estimated by the reversible model (Experiments 1-2). Taking into account the
uncertainty, Figure 6 suggests that increasing the HRT above 10 d does not imply an
improvement on the biotransformation of most OMPs, except for ERY, which follows a
pseudo-first order behavior. Therefore, it does not seem worthy to increase the typical
HRT (20-30 d) of anaerobic digesters to improve OMP removal. This conclusion is in
agreement with previous findings (Carballa et al., 2007; Gonzalez-Gil et al., 2016;
Malmborg and Magnér, 2015; Yang et al., 2016). These observations are consistent with
the mechanisms found as plausible in this work, namely that thermodynamic limitations,

rather than kinetics, are the main responsible for the partial biotransformation of OMPs.

32



FLX E1+E2

< 100 < 100
.g 80 .g 80
EE 60 [ 60
g g
— —
< 40 < 40
g g
g 20 g 20
2 S
A 9 ~ s s [ ~ ~ ~
10 20 30 40 10 20 30 40
HRT (d) HRT (d)
ERY SMX
g 100 ;\; 100
.g 80 g 80 1
B B
g 60 g 60 ]
~ —
% 40 < 40
=]
£ 20 £ 20
2 S
A , , , A 9 . . .
10 20 30 40 10 20 30 40
HRT (d) HRT (d)

Figure 6. Predicted biotransformation efficiency of 4 representative OMPs in a
methanogenic continuously stirred tank reactor at different HRT by the reversible model.

The green area represents the uncertainty with a confidence range of 95%.

6. CONCLUSIONS

The mechanistic approach presented in this study allows not only to select a model that
accurately predicts the fate of OMPs, but also to gain a further insight on the
biotransformation mechanisms of OMPs in anaerobic systems, and likely in other
biological systems. The combination of modelling and mechanistic criteria provided
certain evidence that the reversibility of the biological reactions could lead to a chemical
equilibrium between the parent compound and the TP, hence explaining why OMPs are
not fully biotransformed. However, limited bioavailability of the compounds due to
sequestration is also a plausible hypothesis of hindering the biotransformation of some
OMPs. In sum, OMPs biotransformation is likely limited by thermodynamic rather than

kinetic constraints. This information is crucial to avoid an overestimation of the
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biotransformation capacity of the biomass (by using pseudo-first order models) and to
asses operational strategies that really maximize the removal of OMPs. Future research
should be focused on ultimately validate the reversible biotransformation and

sequestration hypotheses by purposely designed experiments.
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