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Abstract

High concentrations of geosmin (GSM) and 2-methylisoborneol (MIB) caused by
cyanobacterial blooms are problematic issues in drinking water treatment plants on the Nak-
Dong River in South Korea. The goal of this study was to identify the best-performing carbon
materials to treat GSM and MIB in river water and to predict the final concentrations of GSM
and MIB according to different water quality parameters using computational predictive
modeling, multiple linear regression (MLR), and a deep neural network (DNN) for practical
applications. Three types of powdered activated carbon (PAC) and three types of mesoporous
carbon (MC) were compared in terms of their adsorption capacities using a source of drinking
water from the Nak-Dong River. The highest maximum adsorption capacities were achieved
when using C-PAC (1485.06 pg/g) in both distilled water and river water. C-PAC possesses a
high micropore volume (0.45 cm®/g), low mesopore volume (0.11 cm®g), and small, narrow
pore size distribution, yielding optimal adsorption conditions. PACs yielded better results than
MCs because dominant mesopore structures can hinder the adsorption of small molecules (0.6
to 0.8 nm) and allow them to pass through pores. GSM was removed more effectively than
MIB because GSM is more hydrophobic and has a flatter structure. The high dissolved organic
carbon concentration in the river water caused no reduction in GSM and MIB adsorption, but
actually enhanced adsorption because a small portion of natural organic matter can compete
with adsorption sites and provide additional adsorption sites based on the shrunk pore effect.
The MLR and DNN models were used to predict the removal efficiency of C-PAC for GSM

and MIB using 72 individual datasets with cross-validation for robust prediction and sensitivity



analysis. MLR predicted the relationships between the input variables and GSM and MIB
concentrations with an acceptable mean absolute error (MAE) of 6.43 ng/L for GSM and 5.80
ng/L for MIB. However, the DNN provided better agreement with a higher R? value (>0.99)

and lower MAE of 1.67 ng/L for GSM and 1.24 ng/L for MIB.
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1. Introduction

Two of the most common earthy-musty taste and order compounds, namely geosmin (GSM)
and 2-methylisoborneol (MIB), found in drinking water sources cause significant problems in
drinking water treatment plants (DWTPs) (Butakova, 2013; Qian et al., 2014; He et al., 2016).
High concentrations of GSM and MIB are caused by periodic cyanobacterial blooms of several
cyanobacteria genera, including Anabaena, Phormidium, and Planktothrix (Antonopoulou et
al., 2014; Hafuka et al., 2019). Non-treated GSM and MIB, even at low ng/L levels, reduce the
perceived quality of drinking water and increase operation costs based on unpleasant smells
resulting in consumer complaints (Im et al., 2019). Therefore, the Ministry of the Environment
in South Korea has regulated the concentrations of GSM and MIB in drinking water to 20 ng/L
(MOE, 2015). Additionally, Japan, China, and Australia have set even stricter limits at 10 ng/L

(MOH, 2015; MOH & SAC, 2006; NHMRC, 2016).

Because conventional processes such as coagulation, filtration, and chlorination are
ineffective in removing GSM and MIB, adsorption using carbon materials (CMs) has been
shown to be a simple and effective method for removing these compounds in DWTPs (Pan et

al., 2016; Zamyadi et al., 2015). Various types of CMs, including granular activated carbon



(GAC) (Greenwald et al., 2015; Huang et al., 2019), powdered activated carbon (PAC) (Cook
etal., 2001; Newcombe etal., 1997; Yu et al., 2007; Berton et al., 2018), superfine PAC (Matsui
etal., 2012; Pan et al., 2016), graphene oxide (Hafuka et al., 2019), and activated carbon fiber
(Srinivasan & Sorial, 2009), have been used for treating GSM and MIB. However, only GAC
and PAC are commercially available and easily applicable in DWTPs. The addition of PAC is
the most common and cost-effective method for treating GSM and MIB because these
compounds only appear periodically in DWTPs (Cook et al., 2001; Berton et al., 2018).
However, the GSM and MIB adsorption capacities of PAC are highly variable and dependent
on physicochemical characteristics such as hydrophobicity (Matsui et al., 2015), particle size
(Matsui et al., 2015), pore size distribution (Newcombe et al., 1997), raw material (Thiel &
Cullum, 2007), and micropore volume (Yu et al., 2007). Although there is knowledge available
regarding the adsorption of these compounds by PAC, information related to the pore
characteristics affecting both GSM and MIB adsorption is insufficient and the important criteria
for selecting specific CMs to remove GSM and MIB are still controversial. Additionally, the
effects of mesopores on GSM and MIB adsorption using PAC and GAC have been reported to
minimize the natural organic matter (NOM) pore blockage mechanism (Newcombe et al., 2002;
Nowack et al., 2004; Yu et al., 2007). However, the role of mesopore structures is still unclear
because mesoporous carbons (MCs) have not been fully investigated for GSM and MIB
removal in real drinking water sources. Therefore, we investigated six types of CMs, including
three PACs and three MCs, for the removal of GSM and MIB in both distilled water (DW) and

Nak-Dong River water.

Although adsorption isotherms and kinetics are traditional models for evaluating adsorption
behavior using DW, they provide limited information for the practical application of CMs in

DWTPs, because the adsorption of GSM and MIB in real drinking water sources heavily



depends on water quality factors (NOM concentration, alkalinity, turbidity, color, pH), initial
GSM and MIB concentrations, doses of CMs, and contact time. Therefore, computational
predictive modeling is required for the practical application of CMs in DWTPs based on data
from experiments using actual drinking water sources and a range of different water quality
parameters and initial GSM and MIB concentrations, which have not been fully explored. One
of the largest drinking water sources in South Korea, namely Nak-Dong River water, annually
suffers from periodic cyanobacterial blooms (Ha et al., 2002). This water source was selected
for our study because it is frequently impacted by GSM and MIB. Multiple linear regression
(MLR) analysis and a deep neural network (DNN) were considered for comparing the
prediction accuracy of required CM doses and contact times according to water quality
parameters and initial GSM and MIB concentrations in Nak-Dong River water. MLR analysis
is one of the most widely used statistical techniques for considering two or more independent
variables to predict a dependent variable. Artificial neural networks (ANN) with the back-
propagation algorithm have been widely used to solve various forecasting problems (e.g.,
Zakeri et al., 2021) based on their advantages of not requiring the prior specification of a
suitable fitting function and precise modeling of nonlinear complex systems (Desali et al., 2008).
Recently, DNN has been used to overcome the overfitting and vanishing gradient problems
observed in ANN. DNN model has recently been applied to predict the removal efficiency of
contaminants in water for optimizing processes without performing massive experiments.
Ozdemir et al. (2011) successfully predicted the adsorption of sodium dodecyl benzene
sulfonate onto polyaniline in DW using MLR and ANN models and Ahmad et al. (2020)
predicted dye adsorption on waste-based adsorbents in DW using a DNN. Additionally, Sit et
al. (2020) conducted a comprehensive review of deep learning approaches in the water industry

and Mamandipoor et al. (2020) predicted faults in wastewater treatment plants using a DNN.



However, there has been a lack of predictive modeling studies using natural water. Furthermore,
modeling studies on GSM and MIB treatment using real water are very scarce, although the
selection of the best-performing PACs for real drinking water has been studied continuously

(Bruce et al., 2002; Cook et al., 2001; He et al., 2016).

This study aimed to 1) analyze GSM and MIB adsorption isotherms and kinetics using six
types of CMs, including three different origins of PACs and three different pore types of
mesoporous carbons, to identify the characteristics of CMs affecting adsorption; 2) select the
best-performing CM in both DW and a real source of drinking water (Nak-Dong River Water,
South Korea); 3) investigate the effects of water quality factors (dissolved organic carbon
concentration, turbidity, color, alkalinity, and initial GSM and MIB concentrations) on GSM
and MIB adsorptions using river water; 4) predict the required dose of CMs and contact time
to remove GSM and MIB to meet drinking water guidelines in river water by using MLR and
DNN modeling for better understanding of removal trends according to water quality
parameters; and 5) compare the results of both models to obtain more accurate predictions for

practical application in DWTPs.

2. Materials and methods
2.1 Selected CMs

Six CMs were considered in this study. Three CMs were mesoporous carbons, namely MC1
(699632; Sigma-Aldrich, USA), MC2 (702102, Sigma-Aldrich, USA), and MC3, which were
synthesized in a laboratory (Park et al., 2017a). The three other CMs were commercially used
PACs of different origins, coal (S-PAC; 2.15 $/kg), coconut (C-PAC; 1.88 $/kg), and wood

(W-PAC; 1.97 $/kg), which were provided by Shin-Kwang Chemicals (South Korea). The



characteristics of the six CMs were partially reported in our previous studies (Park et al., 20174,
2018) and were evaluated using various techniques such as a surface area analyzer (ASAP2020,
Micrometrities Co., USA), Fourier transform infrared spectroscopy (Nicolet 6700, Thermo
Scientific, USA), dynamic light scattering spectrophotometer (DLS-7000, Otsuka Electronics,
Japan), and electrophoretic light scattering analyzer (ELS-Z2, Otsuka Electronics, Japan). The
characteristics of the six types of CMs are presented in the supporting materials (Tables S1 and

S2).

2.2 GSM and MIB analysis using gas chromatography-mass spectrometry

GSM and MIB were purchased from Sigma-Aldrich (USA). The concentrations of GSM and
MIB in the water samples were measured using the method described in our previous paper
(Park et al., 2017b). Briefly, the GSM and MIB in water samples were extracted using
DVB/CAR/PDMS fibers (50/30 um; Supelco, USA) for 30 min at 70 °C and 400 rpm, and then
passed through an HP-5MS Ul capillary column (30 cm x 0.25 mm X 0.25 pum, Agilent,
USA) for separation. Gas chromatography-mass spectrometry (Agilent 7890A, Agilent 5975C
MSD, Germany) with a multi-purpose sampler (Gerstel, Germany) was used to measure the

concentrations of GSM and MIB.

2.3 Equilibrium and kinetic studies for GSM and MIB adsorption on CMs

Equilibrium and kinetic experiments were conducted in batches using a 530 mL cap-sealed
glass bottle. A solution containing both GSM and MIB was added to the top until no air

remained in the glass bottle to except volatiles of GSM and MIB. The initial concentrations of



each GSM and MIB were 10 pg/L. The bottles were shaken at 25 °C and 150 rpm in a shaking
incubator (JSSI-100T, JS Research Inc., Korea) with a specific dose of CM. All experiments
were conducted in quintuplicate with duplicate analyses. For the experiments conducted to
investigate the effects of the initial CM concentration (5.7 to 168.1 mg/L) on the adsorption of
GSM (10 pg/L) and MIB (10 pg/L), the bottles were sampled after 24 h. The results were
analyzed using the Langmuir, Freundlich, and Temkin isotherm models based on the values of
R?, SAE, and 2. Kinetic experiments were conducted with a consistent CM dose of 25.2 mg/L
over 480 min. The data were fitted using pseudo-first-order, pseudo-second-order, and Elovich
models, and the values of R?, SAE, and y? were calculated. All of the equations used in this

process are explained in the supplementary materials.

2.4 GSM and MIB adsorption on CMs in a real drinking water source of Nak-Dong River water

Nak-Dong River water was collected on five different dates from February to April of 2016
in Daegu, South Korea. The collected water was passed through GF/C filters (Whatman;
diameter: 4.7 cm, pore size: 1.2 um) and stored in a refrigerator prior to characterization. All
experiments were conducted within 48 h following collection. Water quality parameters were
measured using an ultraviolet-visible spectrophotometer (Optizen POP QX, Mecasys Co. Ltd.,
Korea), turbidimeter (2100Q, Hach, USA), TOC-L analyzer (Shimadzu, Japan),
spectrophotometer (DR/300, Hach, USA), alkalinity testing kit (24443-01. Hach, USA), and
pH/ion meter (Orion, Thermo Fisher Scientific, USA). Table 1 lists the water quality
parameters of the Nak-Dong River water with indexes of one to five representing the different
sampling times. Aliquots of the river water samples designated from No. 1 to No. 3 were spiked

with GSM and MIB to obtain initial concentrations of 10 pg/L for each compound. Each type



of CM (25.2 mg/L) was tested to select the best-performing CMs for treating Nak-Dong River
water. To determine the effects of dissolved organic carbon (DOC) in real water on GSM and
MIB adsorption using C-PAC, Suwannee River NOM (IHSS, Atlanta, GA, USA) was added to
the Nak-Dong River water (No. 5, initial DOC concentration = 2.76 mg/L) to obtain different
total DOC concentrations, which were measured at 3.42, 5.18, and 6.56 mg/L using a TOC
analyzer (Shimadzu, Japan). Additionally, the NOM characteristics were analyzed using liquid
chromatography-organic carbon detection (LC-OCD; DOC-Labor Huber, Germany). Finally,
various initial concentrations (50, 100, and 200 ng/L) of each GSM and MIB with 32.1 mg/L
of C-PAC were analyzed using aliquots of water sample No. 3 to estimate the appropriate

adsorbent doses for different initial GSM and MIB concentrations in Nak-Dong River water.

2.5 MLR and DNN modeling based on experiments using a real drinking water source

All results from the GSM and MIB adsorption experiments (72 individual datasets)
performed using C-PAC and Nak-Dong River water were considered for MLR and DNN

modeling. Table S3 lists the data used in this study.

2.5.1 MLR analysis

MLR is a statistical technique used to predict outcomes based on independent variables (xi)

and is expressed as

Y =PBo+ B1x1 + Paxz + -+ + Brxy +&, 1)

where ¢ is the prediction error and g, is the intercept of MLR. B,, B4, ..., and S, are the
regression coefficients representing the changes in y according to changes in x. Here, the

relationships between the dependent variable and each independent variable are linear.



10

Therefore, if modeling is performed using standard MLR, the concentration changes with time
exhibit a linear relationship. However, the concentrations over time in the experimental results
exhibit distinctly nonlinear decay trends. Therefore, the following modeling approach was
adopted for accurate and robust modeling. Linear regression can be used on inherently
nonlinear relationships by transforming the raw data. Exponential (Eg. 2) and power models
(Eq. 3) are often applied as follows:

Exponential model: y = efothrxa+haxat = +fnin, )

Power model: y = eﬁoxflez ---xff“. (3)

The optimal transformation method depends on the raw data and a mixed model may be
appropriate at times. Nonlinear transformation using a mixture of exponential and power

models is defined as follows:

Mixed model: y = eBotBurxatBaxat = +Bnxnybryfa . yfm 4)

These three equations were transformed into a linear sum of functions to calculate the
regression coefficients using the least squares method. Various independent variables can be
considered for regression modeling and appropriate variables must be selected to establish an
optimal regression equation. Determining such equations typically requires three selection
procedures: forward selection, stepwise selection, and backward elimination. However, these
methods do not always yield optimal variables. Helsel and Hirsch (2002) discussed the
disadvantages of existing variable selection methods and stated that there are many benefits to
selecting an appropriate model by evaluating all possible combinations of input variables.
Therefore, the number of independent variables was set to 3, 4, and 5, and the performances of
all possible combinations were evaluated for three transformed nonlinear models through

cross-validation error analysis. The multicollinearity between the input variables was evaluated
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using a variance inflation factor (VIF) calculated as VIF=1/(1-R?), where R? is the coefficient
of determination. To determine the influence of input variables on GSM and MIB
concentrations, global sensitivity analysis, which is a useful method for determining the
importance of input variables (Bassaganya-Riera, 2015), was conducted using Monte Carlo

simulations.

2.5.2 DNN modeling

Deep learning, which is a subfield of machine learning, utilizes an ANN with multiple hidden
layers between the input and output layers. Hinton et al. (2006) demonstrated that proper
initialization using a restricted Boltzmann machine can mitigate the overfitting problem and
resolve several problems related to backpropagation. The vanishing gradient problem in
traditional ANNSs depends on the type of activation function and is not a fundamental problem
related to neural networks. Therefore, in this study, the rectified linear unit function proposed
by Nair and Hinton (2010) was selected as an activation function based on its ability to
overcome the disadvantages of the sigmoid function and effectively alleviate the overfitting
problem. TensorFlow, which is an open-source deep learning library developed by Google, was
used to implement our DNN. Raw data contain variables with various scales and data
preprocessing often plays an important role in deep learning. Common data preprocessing
methods include normalization and standardization. Normalization refers to rescaling values to
arange of [0, 1] and standardization refers to rescaling data to have a mean of zero and standard
deviation of one (unit variance). Here, min-max normalization was applied for data

preprocessing as follows:

7 = x—min(x) (5)

[max(x)-min(x)]’
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Although DNN can alleviate the overfitting problem to some extent compared to traditional
ANN, it is still an important problem. A common method for verifying the performance of a
DNN model is to divide a dataset into training and validation sets and then evaluate model
performance with a validation set. However, different splits of data may result in different
performance levels and having insufficient data makes it difficult to evaluate the performance
of a model accurately. K-fold cross-validation is a method for improving the estimated
performance of a DNN model by repeating the cross-validation procedure multiple times and
evaluating the performance of the model based on average results. For K-fold cross-validation,
the 72 experimental datasets were randomly divided into 24 groups. Training was performed
using 23 groups and verification was performed on the one excluded group. This procedure
was repeated for all groups and the prediction error was evaluated as the average of the mean

absolute error (MAE) for each group.

3. Results and discussion
3.1 Characterization of CMs

The characteristics of the three types of MC (MC1, MC2, and MC3) and the three types of
PAC (S-PAC, C-PAC, and W-PAC) are presented in Tables S1 and S2, respectively. All of the
CMs consist mainly of oxygen and carbon (Table S1). However, several characteristics of the
CMs vary. The Brunauer-Emmett-Teller (BET) surface area values are high for MC3 (1488
m?/g), W-PAC (1222 m?/g), and C-PAC (1216 m?/g), which are nearly double the values for
MC2 and S-PAC. The BET surface area of MC1 is only 256 m?/g. The total pore volume
decreases in the following order: MC3 > W-PAC > MC2 > MC1 > C-PAC > S-PAC. However,

C-PAC has the highest micropore volume (0.45 cm®/g) and lowest average pore diameter (2.84
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nm) among the selected CMs. The mesoporosities of the MCs all exceed 81%, followed by W-
PAC (63.5%), while C-PAC has the lowest value (16.9%). Excluding MC1, the average
hydrodynamic diameters of the CMs are similar and in the range of 2.36 — 4.54 um. The zeta

potential of the CMs is negatively charged in DW at pH 5.7 — 6.5.

3.2 GSM and MIB adsorption: Isotherm and kinetic model analysis

The GSM and MIB equilibrium isotherm model analyses are presented in Fig. 1. For GSM
adsorption, the MC1, MC2, S-PAC, and W-PAC equilibrium data are relatively well described
by the Freundlich model (Table S4), which can be attributed to multilayer adsorption. However,
the Langmuir model fits the MC3 and C-PAC equilibrium data better, indicating that single-
layer adsorption may occur during GSM adsorption (Table S4). The maximum adsorption
capacity (qm) for GSM (initial conc. = 10 pg/L) was calculated using the Langmuir model and
the highest value is 1485.06 ug/g for C-PAC, followed by S-PAC (1216.82 ug/g) and W-PAC
(1032.42 ug/g). The qm values for GSM decrease in the following order: C-PAC > S-PAC >
W-PAC > MC3 > MC1 > MC2. For MIB adsorption, excluding MC3, most of the equilibrium
data agree well with the Freundlich model (Table S5). The MC3 equilibrium data are better
fitted by the Langmuir model (Table S5). Similarly, the highest maximum adsorption capacity
(gm) for MIB (initial concentration of MIB = 10 pg/L) was calculated using the Langmuir
model as 1372.76 pg/g for C-PAC. Excluding MC3, the equilibrium data for MIB are well
fitted by the Freundlich model. The Temkin model exhibits the worst fit for all of the GSM and
MIB equilibrium data. MIB is less effectively removed by CMs compared to GSM, which has
been reported in previous studies (Cook et al., 2001; Bertone et al., 2018; Yu et al., 2007;
Zoschke et al. 2011). This phenomenon occurs because hydrophobic interactions can be

enhanced between hydrophobic CMs and GSM because GSM (log Kow = 3.70) is more
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hydrophobic than MIB (log Kow = 3.13) (Hafuka et al., 2019), although both GSM and MIB
are hydrophobic compounds. Similarly, Zoschke et al. (2011) and Cook et al. (2001) found that
PAC achieved a higher removal efficiency for GSM than MIB based on the flatter and more
hydrophobic structure of GSM, which is favorable for adsorption in the slit-shaped pores of

PAC.

The kinetic model parameters for GSM and MIB adsorption on the CMs are presented in
Tables S6 and S7, respectively. Fig. 2 presents the experimental data. The kinetic experimental
data for GSM and MIB exhibit trends similar to those observed in our model analysis. The
Elovich model fits the GSM and MIB data for MC1 and MC2 well, whereas the pseudo-second-
order model effectively represents those for MC3 and W-PAC. The pseudo-first-order model
accurately describes the data obtained using S-PAC and C-PAC. The PACs exhibit faster
adsorption of GSM and MIB compared to the MCs. GSM and MIB adsorption on C-PAC are
the fastest (k1, csm = 0.607/min, k1, mis = 0.596/min). Most of the GSM and MIB adsorption
using C-PAC was completed within 15 and 10 min, respectively. As shown in Fig. S1, among
the characteristics of the CMs, the adsorption affinity of GSM and MIB are only correlated
with three factors: micropore volume (R?= 0.60 (GSM) and 0.67 (MIB)), mesopore volume
(R?=0.56 (GSM) and 0.52 (MIB)), and average pore diameter (R?>= 0.50 (GSM) and 0.31
(MIB)). This indicates that a high micropore volume, low mesopore volume, and small average
pore diameter of CM are beneficial for GSM and MIB adsorption. Yu et al. (2007) determined
that micropore volume is the main factor affecting MIB and GSM adsorption when using PACs.
The adsorption capacities for GSM and MIB were higher for the PACs than for the MCs
because a dominant mesopore structure can hinder the adsorption of small molecules (less than

1 nm) (Newcombe, 2006) and even allow them to penetrate through pores.

Overall, the best GSM and MIB adsorption capacities were achieved using C-PAC, which
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has the highest micropore volume (0.45 cm®/g) and lowest mesopore volume (0.11 cm®/g)
among the CMs. C-PAC also has a small and narrow pore size distribution, providing optimal
conditions for GSM and MIB adsorption. The second-highest adsorption capacity was
observed for S-PAC, which has an average pore diameter (2.89 nm) similar to that of C-PAC
(2.84 nm). Previous studies have indicated that C-PAC has a higher adsorption affinity for MIB
because it has a more hydrophobic surface (lower oxygen content) than W-PAC. Additionally,
Greenwald et al. (2015) reported that pore volumes in the range of 2.3 — 3.2 nm are highly
correlated with MIB adsorption on coconut-based GAC. Therefore, GSM and MIB adsorption

can be significantly enhanced by using C-PAC with a large micropore volume in DW.

3.3 GSM and MIB adsorption on CMs in a real drinking water source

Various water quality parameters such as the presence of NOM can decrease the adsorption
capacity of CMs for micropollutant removal (Newcombe et al., 2002; Park et al., 2018). Our
samples of Nak-Dong River water contained 2.56 to 3.04 mg/L of DOC with similar alkalinity
(65 to 70 mg/L CaCO3) and a pH range of 7.35 — 7.96 (Table 1). Although the GSM and MIB
removal efficiencies of the CMs were lower in the Nak-Dong River water than in DW, C-PAC
still achieved the highest removal efficiency for GSM with values of 42.0% and 62.5% after
20 min and 120 min of contact time, respectively (Fig. 3). Although it was removed less
effectively than the GSM, the MIB exhibited higher adsorption efficiency (approximately
41.7%) when using C-PAC and W-PAC within 15 min of contact time compared to the other
CMs. Similarly, Yu et al. (2007) reported that fruit-shell-based PAC exhibited superior
adsorption capacity compared to S-PAC and W-PAC when using raw water in a DWTP.
Additionally, C-PAC is the most cost-effective adsorbent for the removal of GSM and MIB

because it is the cheapest among the six types of CMs. The MCs still exhibited worse
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performance than the PACs because the MCs only provide sufficient adsorption sites for large
NOM molecules and are unfavorable for small molecules such as GSM and MIB. Therefore,
the MCs removed GSM and MIB less effectively than the PACs in both DW and river water,
and C-PAC was the most efficient adsorbent for removing GSM and MIB from the river water.
In Table 2, the removal efficiencies of GSM and MIB are compared to those reported
previously for various drinking water sources. Most studies have evaluated the removal
efficiency of GSM or MIB with a long contact time (3 — 7 days) with a PAC dose of 10 to 30
mg/L. Compared to those results, the C-PAC considered in this study exhibited higher removal

efficiencies for both GSM and MIB (>80%) with a very short contact time (20 min).

Fig. 4a and 4b present the effects of NOM concentration on the Nak-Dong River water (No.
4). Generally, the presence of NOM inhibits adsorption on PAC as a result of pore blockage
induced by large NOM molecules (humic substances and building blocks) and direct adsorption
site competition caused by low molecular weight (LMW) NOM molecules (Zoschke et al.,
2011; Bertone et al., 2018; Newcombe et al., 2002). However, the removal efficiencies of GSM
and MIB gradually enhanced by increasing the DOC concentration and contact time in this
study. There are two possible explanations. First, GSM and MIB could reach adsorption sites
before pore blockage by large NOM molecules occurs based on their small size (0.6 to 0.8 nm).
Second, GSM and MIB could continually adsorb onto additional shrunken pores because some
large pores may be reduced to the micropore range (<2 nm) through the external surface

adsorption of NOM.

LC-OCD analysis indicated that the NOM in the Nak-Dong River water (No. 4) consisted
of 18.8% LMW NOM (< 350 g/mol), 44.1% humic substances, and 17.4% building blocks.
The Suwannee River NOM contains over 80% humic substances and building blocks, and 17%

LMW NOM. Therefore, pore blockage by large NOM molecules is the dominant phenomenon
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and only a small portion of the NOM competes with the adsorption of GSM and MIB.
Furthermore, MIB is more sensitive to an increasing DOC concentration than GSM, which has
a flatter structure that can more easily enter shrinking pores. Matsui et al. (2012) found that
NOM in natural water mainly adsorbs close to external PAC surfaces and that the competitive
adsorption between NOM (MW of 180 Da) and MIB is insignificant (0.2 to 2 % of total NOM)),

despite the increased NOM uptake in natural surface water.

The GSM and MIB concentrations both met the guidelines for drinking water in South Korea
(20 ng/L) after 20 min of contact time (Fig. 4c and 4d) when each of their initial concentration
was100 ng/L (No. 4). However, more than 1 h was required to meet the guidelines when GSM
and MIB were present at a higher concentration of 200 ng/L. To predict the required dose of
C-PAC to meet the guidelines for GSM and MIB in a specific drinking water source, the Nak-
Dong River, all 72 datasets on Nak-Dong River water with various water quality parameters
and initial GSM and MIB concentrations were applied to the MLR and DNN modeling

discussed below.

3.4 Setting up a model equation for predicting the dose of C-PAC and contact time using MLR

analysis

Our experiments included eight variables: DOC concentration, turbidity (Tw~tu), color, pH,
alkalinity, dose of C-PAC (Cq), contact time (t), and initial GSM and MIB concentration (Co).
Two variables, namely contact time and initial GSM and MIB concentrations, must be used for
modeling. Therefore, the other six variables were considered as additional variables for varying
the number of input variables used for modeling. The number of input variables for MLR was

varied from three to five to derive an optimal predictive equation. Additionally, input variable
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combinations were generated according to different numbers of input variables. Leave-one-out
cross-validation was performed for all combinations of input variables to quantify the
predictive performance of MLR on independent data. Leave-one-out cross-validation is a form
of K-fold cross validation taken to its logical extreme with K being equal to the number of data.
This is an exhaustive technique for estimating the prediction error of a model by subtracting

samples sequentially from a dataset (Stone 1974).

Tables S8 and S9 reveal that a mixed model always yields the best performance, regardless
of the number of input variables. Fig. 5a and 5b compare the observed and predicted GSM and
MIB concentrations for the optimal models that exhibited the best performance according to
the number of input variables. Although the prediction accuracy shows no significant
differences depending on the number of input variables, the lowest MAE can be observed when
five input variables are selected for both GSM and MIB. The final regression equations were
established using the five selected variable forms and all experimental data were used to
calculate the regression coefficient. The functional forms of the final predictive models are

expressed as

1 2
9.245+0.16,/C —0.94(—)—4.3,/T —-0.00107C
GSM : Cposm = t_0'456( o,MIB TNTU NTU a) (6)

1
(TNT

_371 (2.72-0.0087t-1.928 U)—0.00096c§)
e

MIB : Cymip = Co,MIBO'BOBTNTU

(7)

where the units of Co and Cq are ng/L, and t and Tntu correspond to minutes and nephelometric
turbidity units (NTU), respectively. If the input variables used for MLR have high correlation,
then multicollinearity problems that lead to reliability issues during regression coefficient
estimation may occur. Therefore, it is necessary to evaluate multicollinearity, which can be
quantified by a VIF. The VIF is close to one if the independent variables are not correlated with

any other independent variables. In general, a VIF greater than 10 indicates strong correlation
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and is a cause for concern. A more conservative level of five is considered to be ideal
(Montgomery & Runger, 2010). Table 3 summarizes the statistical properties and VIF values
for each parameter. Both MLR models have variables with low VIFs of two or less, except for
those derived from NTU. A high VIF is sometimes acceptable when the variables with high
VIFs are derived from the same variable in the MLR model. Therefore, the estimates of the

fitted coefficients for both MLR models are considered to be appropriate.

Fig. 5¢ and 5d compare the observed and predicted final GSM and MIB concentrations based
on the MLR models (Egs. 3 and 6). For the final MLR models, the MAE, bias, and coefficient
of variation in bias were 6.4 ng/L, 1.00, and 18.6% for GSM and 5.8 ng/L, 1.01, and 15.7 %
for MIB, respectively. The predictions of both MLR models agree will with the observed results
and the MLR model for MIB provides slightly better accuracy than that for GSM. Sensitivity
analysis was performed to identify the effects of the input variables on the final GSM and MIB
concentrations. Spearman rank correlations were calculated from global sensitivity simulation
results. The tornado diagram in Fig. 6 represents the effects of each input variable on the final
GSM and MIB concentrations (Ct), where Co is the most influential variable, regardless of
GSM or MIB. Both MLR models exhibit strong correlations in the order of Cq >t > Tntu. The
sensitivity of t in the MLR model for GSM is 1.8 times higher than that for MIB, meaning t
has a greater impact on the change in final GSM concentration than on the change in the final
MIB concentration. The rank correlation for Tntu exhibits similar values, but different signs
for the GSM and MIB final concentrations. However, these values represent relatively weak

correlations compared to the other variables and have little effect on the concentration changes.

3.5 Predicting final GSM and MIB concentrations using DNN analysis
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Typically, the prediction accuracy of a DNN can be improved by increasing the number of
hidden layers or training epochs. However, in this study, this approach did not improve the
prediction accuracy for the testing data, which can be attributed to overfitting. Therefore,
establishing an optimal structure that considers the accuracy of independent data is crucial for
robust modeling. The trends of predictive performance for various learning conditions were
similar for GSM and MIB, although the effects of the input variables on the changes in
concentration were different. Compared to the use of one hidden layer, the use of two hidden
layers yielded a significant error reduction and the use of three hidden layers yielded a slight

additional error reduction, which was insignificant compared to the use of two hidden layers.

Regarding the number of nodes, the predictive performance improved as the number of
nodes increased, but the result with 30 nodes and 40 nodes did not differ significantly. Although
40 nodes generally yielded a lower MAE, 30 nodes yielded slightly improved predictive
performance. Regarding the number of epochs, the error significantly decreased as the epochs
increased initially. However, the error often increased above a certain epoch based on the
effects of overtraining. Specifically, the error for the training dataset decreased as the epochs
increased, but the error for the testing dataset increased. As a result, the trained DNN model
with hidden layers = 3, nodes = 40, batch size = 20, and epochs = 10,000 provided the best
predictive performance for GSM, while that with hidden layers = 3, nodes = 40, batch size =
30, and epochs = 16,000 provided the best predictive performance for MIB (Table S10). The
final DNN models were established using all the data under the optimal learning conditions
described above. Fig. 7 compares the observed and predicted final GSM and MIB
concentrations for cross-validation and the final models using all data in DNNs with the
optimal structures. For the final models using all data, the predicted concentrations agree well

with the measured concentrations. The predictive performance of the deep learning models
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improved when all of the data were used for the DNNSs. Specifically, the MAE decreased by
59% and 68% for GSM and MIB, respectively. Table 4 summarizes the statistical results of the

performance of the predictive models using MLR and DNN.

When comparing the results of the two modeling approaches, the DNN model cannot
identify the extent to which input variables affect outputs because it is a black-box model,
whereas the MLR model is able to understand the relationships between input variables and
outputs with acceptable prediction errors. However, the DNN model yields better agreement
between the predicted and measured values with higher determination coefficients and a lower
MAE. This may be because a DNN model is developed without assuming a specific fitting
function in advance and can effectively model nonlinear systems. Additionally, a DNN model

becomes more robust if additional data are accumulated.

Conclusion

Aseries of experiments were conducted to select the best-performing CM among three types
of PACs and three types of MCs. The PACs adsorbed GSM and MIB better than the MCs and
C-PAC exhibited the highest adsorption capacity, which was attributed to its high micropore
volume and small, narrow pore size distribution. The relatively high concentrations of DOC
and turbidity in river water did not hinder the adsorption of GSM and MIB, but actually
enhanced it, which was attributed to rapid adsorption characteristics and shrinkage of pores.
The developed MLR and DNN models predicted the required dose of C-PAC and contact time
to bring GSM and MIB concentrations below the drinking water guidelines for various water
quality parameters and initial GSM and MIB concentrations in Nak-Dong River water, which

is one of the main drinking water sources in South Korea. The developed models can be used
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by DWTP operators for the rapid assessment of additional required doses of C-PAC based on
sudden events related to GSM and MIB. Therefore, these predictive models could reduce the
cost and energy consumption incurred by the overuse of C-PAC and minimizing sludge
production. Additionally, the developed models and equations can be used as alternatives to
large-scale experiments to derive optimal processes for DWTPs, which can save significant
resources and energy. This study broadened the knowledge of using C-PAC to treat GSM and
MIB in DWTPs and provided a basis for the development of prediction models to be used by
operators of DWTPs to adjust operating conditions and adapt to changing conditions, although
the developed prediction models are site specific (Nak-Dong River water). Caution should be
taken when these models are applied to new conditions that lie outside the bounds of the
database used for modeling in this study. In future studies, the proposed models could be
applied to the entire DWTP process at the same site for verification or extended to additional

sites.
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Table 1

Water quality parameters of sampled Nak-Dong River water.

River Alkalinity
o EC
water DOC SUVAzs4  Turbidity
Sampling date Color
Sample (mg/L)  (L/mg/m) (NTU) (mg/L
(us/cm)

No CaCOs3)
1 February 16, 2016 2.82 181 0.20 6 358 65 7.96
2 March 07, 2016 3.04 2.37 0.28 7 388 70 7.84
3 March 27, 2016 2.56 2.46 0.31 5 384 65 7.35
4 April 4, 2016 2.58 2.54 0.32 6 379 65 7.93

5 April 20, 2016 2.76 242 0.5 7 355 65 7.96
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Comparison of the removal efficiencies of GSM and MIB using PACs in drinking water

sources.
Drinking Initial conc. of Type of Dose of Contact gm (or removal Ref.
water GSM & MIB PAC PAC time efficiency)
source
Reservoir GSM: 100 ng/L C-PAC GSM: 10 3-5 day 93-95% Cook et al.
MIB: 100 ng/L mg/L 85-95% (2001)
MIB: 25
mg/L
Distilled MIB: 327 & 880 S-PAC 13 mg/L 5 days 95-99, Newcombe
water with ng/L 96-99% et al. (1997)
NOM (8
mg/L)

Natural ®GSM: 100 ng/L S-PAC 2-30 3-5 days D24 - 26 ng/mg Yu et al.
water mg/L (2007)
@MIB: 100 ng/L @10 - 20 ng/mg

W-PAC @37 ng/mg
18 ng/mg
- Fruit D58 ng/mg
shell-
based @30 ng/mg
PAC
Influent GSM: 100 ng/L S-PAC 30 mg/L Stirring 95% Berton et al.
from WTP MIB: 100 ng/L for 40 min 7% (2018)
and
settling
for 30 min
Lakes & MIB = 100 ng/L W-PAC 8 mg/L 1 week 0.4-3nmol/mg  Matsui et al.
river (67.31-504.84 (2012)
ng/mg)
Natural DGSM S-PAC 15 mg/L 30 min D86% Thiel &
water Cullum,
@MIB @79% (2007)
(concentration was ~ W-PAC D80%
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not provided) @62%
C-PAC D50%
248%
River GSM =100 ng/L C-PAC 32.14mg/L 20 min Both > 80% In this study
water MIB =100 ng/L




Table 3

Summary of the multicollinearity analysis results
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MIB
Standard Standard
Variable t-value VIF Variable t-value VIF
error error

Intercept 1.403 6.59 NA Intercept 0.344 7.92 NA

In(¢) 0.031  -14.60 1.0 t 0.001 -8.01 1.00

JCo 0.010 15.28 1.0 In(Cy) 0.047 17.16 1.13
1/Tyry  0.218 -4.30 530  1/Tyry  0.270 713 125.19
JTnru 1.244 -3.45 493  In(Typy)  0.555 -6.68 119.51

oF; 0.000 -13.46 1.7 o 0.000 -14.25 1.86




Table 4

Performance of prediction methods concentration.
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Bias, 1
Prediction method Data MAE (ng/L) R?
Mean | COV (%)
Cross validation 7.12 0.87 1.02 20.3
MLR
All data 6.43 0.89 1.00 18.6
GSM
Cross validation 4.09 0.96 1.00 16.7
DNN
All data 1.67 0.99 1.01 9.2
Cross validation 6.34 0.95 1.02 17.2
MLR
All data 5.80 0.96 1.01 15.7
MIB
Cross validation 3.86 0.98 1.00 13.6
DNN
All data 1.24 1.00 1.02 3.1
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Figure 1. Equilibrium isotherm model analysis for comparison GSM (a-f) and MIB (g-I)

adsorption capacity of the six CMs ([GSM]o = [MIB]o = 10 ng/L; dose = 5.7 — 168.1 mg/L,;

24 h reaction). Error bars represent the standard deviation of the mean (n=5).
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Figure 2. Kinetic model analysis for comparison GSM (a-f) and MIB (g-1) adsorption capacity of the six CMs ([GSM]o = [MIB]o= 10 pg/L;

dose = 25.2 mg/L). Error bars represent the standard deviation of the mean (n=5)
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Figure 3. Comparison (a) GSM and (b) MIB adsorption efficiencies of the six CMs using
Nak-Dong River water (No. 1 - 3) ([GSM]o = [MIB]o =10 pg/L; dose = 25.2 mg/L). Error

bars represent the standard deviation of the mean (n=5).
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C-PAC (32.14 mg/L). Error bars represent the standard deviation of the mean (n=5).
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Figure 5. Comparison of predicted and observed (a) GSM and (b) MIB concentration by

cross validation and (c) GSM and (d) MIB concentration by the proposed MLR equation (n is

the number of variables)
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Figure 6. Tornado diagram for the input variables in the MLR models.
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Figure 7. Comparison of predicted and observed (a) GSM and (b) MIB concentration by DNN.
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