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The adsorption of organic pollutants to a novel adsorbent–polyvinyl-pyridine-co-styrene–montmorillonite
nanocomposite was quantified and modeled. To elucidate the adsorption mechanisms, experimental methods
and QSAR analysis were combined, searching for correlations between the pollutant-nanocomposite adsorption
coefficient (kd) and pollutant chemical–physical properties. The adsorption isotherms at a wide range of concen-
trations were fitted to the Freundlich equation and the logkd values were extracted at a low, environmentally
significant, concentration. A significant regression was achieved with QSAR, predicting adsorption affinity by
four meaningful descriptors: adsorption was positively correlated to heat of formation, number of hydrogen
acceptor groups and the partitioning coefficient, and was negatively correlated to molecular mass. The resulting
model predicted logkd for test pollutants with an average deviation of only 0.77 log units from the experimental
values. Consequently, this method could be applied to better understand adsorption mechanisms and to screen
for compatibility between pollutants and a variety of novel and commonly used adsorbents.

© 2015 Elsevier B.V. All rights reserved.
1. Introduction

Developing advanced materials for enhanced adsorption of organic
pollutants has become a major research focus due to the depletion of
water sources worldwide (Cerejeira et al., 2003; Falta, 2004; Deblonde
et al., 2011). Clay–polyelectrolyte nanocomposites are one example of
hybrid materials specially tailored for the adsorption of a wide range
of pollutants (Breen and Watson, 1998; Churchman, 2002; Zadaka
et al., 2009; Ganigar et al., 2010; Radian et al., 2010). The advantage of
these materials lies in the large surface area of the clay mineral coupled
with a polymer coating that has a specific affinity for the target pollut-
ants. Recently, the efficient removal of atrazine (Zadaka et al., 2009)
and pyrene (Radian and Mishael, 2012) by a montmorillonite–poly-4-
vinylpyridine-co-styrene (Mt–HPVPcoS) nanocomposite in the presence
of dissolved organic matter (DOM), was reported. These studies demon-
strated the advantage of the Mt–HPVPcoS nanocomposite, as an adsor-
bent, over Mt–Polydiallyldimethylammonium chloride (PDADMAC)
nanocomposites and granulated activated carbon (GAC) resulting from
specific chemical interactions with the functionalized surface of the
nanocomposite.

One of the major problems in the development of such tailored
materials is choosing the optimal modifier (in our case polymers) for
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maximal pollutant adsorption. This requires an in depth understanding
of the adsorptionmechanismof organic pollutants to the newheteroge-
neous clay–polymer surface. This adsorption process can be driven by a
number of different mechanisms: the capacity of the molecule to leave
the aquatic medium, physical access to the adsorption sites (“cavity
size”) and the ability to form specific bonds with the surface (Kowalska
et al., 1994; Goss and Schwarzenbach, 2000). Previous studies suggested
that the multifunctional structure of the chosen co-polymer, HPVPcoS,
enabled van der Waals, hydrogen and π–π bond formation leading
to rapid adsorption with high efficiency (Zadaka et al., 2009; Ganigar
et al., 2010; Radian and Mishael, 2012).

In the current study we aimed to better understand the adsorption
of micro-organic pollutants to the Mt–HPVPcoS nanocomposite and to
develop a predictive adsorptionmodel. For that purpose, the adsorption
of 30 organic pollutants (from industrial, agricultural and urban origins)
to the clay polymer nanocomposite (CPN) was examined. A statistical
method — Quantitative Structural Activity Relationships (QSARs), was
employed to correlate between the experimental adsorption behavior
(kd coefficients) and a variety of computationally calculated physical–
chemical pollutant structural properties.

A specific form of QSAR, Linear Solvation Energy Relationship
(LSER), is commonly used to describe the partitioning of organic com-
pounds between two phases in terms of the main energy contributions
of intermolecular interactions. This approach is unique in the QSAR dis-
cipline due to the built in mechanistic interpretation of five experimen-
tally derived descriptors (Abraham descriptors). The LSER method has
been widely employed by environmental chemists to predict pollutant
llutants to a clay–polycation adsorbent using quantitative structural–
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partitioning parameters such as the soil organic content partitioning
coefficient-koc, the octanol water partitioning coefficient-kow, and solu-
bility (Tülp et al., 2008; Satoshi et al., 2009; Bronner and Goss, 2010).
Additionally, LSER has been employed to improve the mechanistic
understanding of pollutant adsorption to the commonly applied adsor-
bent, GAC (Shih and Gschwend, 2009).

Even though LSER is commonly used and Abraham descriptors
for many compounds are available (Abraham et al., 1994; Tülp et al.,
2008; Bronner and Goss, 2010), there is a significant lack of descriptors
for complex compounds, their values from different sources do not
agree and their use in describing complex systems is questionable
(Platts et al., 1999; Endo and Schmidt, 2006). General QSAR has no
predeterminedmechanistic interpretation and can be applied to diverse
systems and molecules.

QSARmodelingof koc for pollutants in various soils has been reported
(Gramatica et al., 2000; John, 2004). Gramatica et al. (2000) correlated
theproperties of 185 non-ionic organic pesticides to experimental logkoc
which were extracted from the literature. These QSAR calculations
provided models with good predictive performances, giving an R2 of
0.84 for heterogeneous pesticides and higher still for class-specific
models. Size and electronic-descriptors were shown to be most signifi-
cant; generally, adsorption of high molecular mass and low polarity
compounds was favorable.

The current study employs experimental methods combined with
the statistical methods described above (LSER and QSAR), to produce
a descriptive and predictive adsorption model for organic pollutants to
the CPN. Adsorption data for a large and diverse set of chemicals was
collected, which made building a comprehensive model much more
complex. To overcome this, a uniform activity adhering to low concen-
tration (relevant in environmental systems) of pollutants was chosen.
The results suggest that such QSAR modeling can aid in understanding
pollutant–adsorbent compatibilitywhich is key in any adsorbentmaterial
development. Although this QSAR study was carried out for a specially
designed adsorbent under specific conditions, this methodology can
be adapted for a variety of adsorbents and solutions with different pH,
ionic strength, temperatures etc.

2. Experimental

2.1. Materials

Wyoming sodium-montmorillonite (Mt SWy-2) was purchased
from the Source Clays Repository of the ClayMineral Society (Columbia,
MO). Poly (4-vinylpyridine-co-styrene) (PVP-co-S: MM—1,200,000–
1,500,000; PVP-to-S ratio 9:1) was purchased from Sigma-Aldrich
(Steinheim, Germany).

Organic pollutants: Industrial pollutants: picric acid (1.2%) was obtain-
ed fromRidley (Riedel-deHaën, Germany). Toluene acid and benzoic acid
were purchased from Sigma Aldrich (Steinheim, Germany). Eosin blue
dye was purchased from The National Aniline Division, Allied Chemicals
NY, USA. PAHs: Pyrene, phenanthrene, naphthalene and acenaphthene
were purchased from Sigma Aldrich (Steinheim, Germany). Pesticides;
atrazine, ametryn, prometryn, terbuthylazine, simazine, imazapyr,
imazaquin, metaldehyde, diuron, diazinon, bromacil, metolachlor and
metazachlor (all compounds of 98% purity) were supplied by Agan
Makhteshim, Israel. Technical sulfentrazone (purity 91.3%) was obtained
from FMC (Princeton, NJ) and pyrithiobac was obtained from Godrej
Agrovet, Mumbai, India. Pharmaceuticals: Carbamazepine, diclofenac,
ketoprofen, ibuprofen, gemfibrozil, paracetamol and clofibric acid were
purchased from Sigma Aldrich (Steinheim, Germany).

2.2. Methods

2.2.1. Overview
The models that were built are a linear relation between a set of

pollutant molecular descriptors and the experimentally measured log
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kd values for the molecules. The derived coefficient values describe the
effect of each descriptor on the adsorption affinity: A positive coefficient
means the descriptor adds to pollutant–CPN adsorption affinity where-
as a negative coefficient means the descriptor inhibits adsorption.

2.2.2. Preparation of Mt–HPVPcoS nanocomposites
The preparation of Mt–HPVPcoS nanocomposites has been previ-

ously described in detail (Zadaka et al., 2009; Radian and Mishael,
2012). Briefly, the PVPcoS polymer was dissolved in an acidified solu-
tion by adding stoichiometric concentrations of H2SO4 (95%) to proton-
ate the pyridine rings (H-PVPcoS). Mt dispersion of 0.05% w/w (0.5 g/L,
4mL)was added to 1 g/L H-PVPcoS solution (8mL) and agitated for 2 h.
The resulting CPN has 0.2 g H-PVPcoS adsorbed per g Mt.

2.2.3. X-ray diffraction measurements
X-raydiffractionmeasurementswere done to evaluate the change in

basal spacing of Mt as a function of polymer loading (0.1 and 0.2 g/g).
The CPNs were measured by X-ray powder diffraction on air-dried,
oriented samples using a Philips PW1830/3710/3020 diffractometer
(CuKα radiation,λ=1.526). Oriented sampleswere prepared by placing
1 mL of the dispersion onto a glass slide and left to settle for 1 day.

2.2.4. Pollutant adsorption to the CPN and calculation of kd values
A 12 mL solution of each pollutant, ranging in concentrations from

0.05 to 50mg/L (or up to solubility), was added to 1.85 g/LMt–HPVPcoS
nanocomposite in glass centrifuge tubes and Teflon caps and agitated
for 72 h. To determine pollutant adsorption, supernatants were separat-
ed by centrifugation (4000 rpm for 20min) and pollutant concentration
wasmeasured. The initial pH of the dispersionwasmeasured and found
to be on average 3.5 (due to the acidic nature of the polymer). The de-
tection method was chosen depending on the compound (Supporting
information Table A1): UV–Vis spectroscopy (Thermo Scientific, Evolu-
tion 300, Waltham, MA, USA), fluorescence measurements (Cary
Eclipse, Varian fluorescence spectrophotometer, Agilent technologies),
GC–MS (Finnigan Polaris/GCQ Plus) or HPLC measurements (Agilent
Technologies 1200 series equipped with a diode-array detector, HPLC
column was LiChroCART 250-4 PurosphereR STAR RP-18 (5 mm)).

The results were plotted as isotherms and fitted to the Freundlich
equation. The Freundlich equation (Eq. (2.1)) relates the concentration
of solute adsorbed on the surface (Y axis : Cads (mmol/Kg)) to the con-
centration remaining in the solution (X axis : Ceq (mg/L)).

Freundlich equation : Cads ¼ kf � Cn
eq

Adsorption coefficient at a specific concentration : kd ¼ kf � C n−1ð Þ
eq

ð2:1Þ

The adsorption isotherms were measured at a wide range of
concentrations (reaching high concentrations not likely to be found in
the environment) and yielded non-linear isotherms. Presenting a wide
range of concentrations emphasizes the different adsorption mecha-
nisms and behavioral trends of the chosen pollutants. Upon restricting
the isotherms to low concentrations the linear equation is obtained
with n ~ 1. To adequately compare the relevant adsorption affinity, the
molecule's adsorption coefficients (kd) were calculated at low, environ-
mentally significant, concentrations (0.001 activity) (chemical activity
was calculated by dividing the concentration (Ceq) by the compound's
water solubility (sw)). At the low concentration tested (0.001 activity),
logkd tends to become a constant and the isotherms approach linearity
(McGuire and Suffet, 1978; Suffet, 1980).

Statistical analysis (ANOVA) was performed on the fit to the
Freundlich model and only statistically significant results (p b 0.05)
were used (Table 1).

2.2.5. LSER model
Correlation between the extracted logkd values and the adsorbent's

properties were modeled using LSER. The Abraham descriptors for the
llutants to a clay–polycation adsorbent using quantitative structural–
.1016/j.clay.2015.03.021
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Table 1
Freundlich coefficients (Eq. (2.1)) of pollutants onMt–HPVPcoS nanocomposite (0.18 g/g).

Name log kf n log kd
(activity 0.001)

R2 P value
(ANOVA)

Acenaphthylene 4.00 0.96 4.19 1.000 b0.0001
Ametryn 2.67 0.39 3.94 0.958 b0.0001
Atrazine 2.85 0.56 4.52 0.998 b0.0001
Benzoic acid 1.87 0.30 2.14 0.980 0.0004
Bromacil 1.64 0.77 2.22 0.999 b0.0001
Carbamazepine 2.73 1.20 1.89 0.980 b0.0001
Clofibric acid 2.07 0.71 2.80 0.999 b0.0001
Diazinon 3.43 0.66 4.76 0.954 0.0027
Diclofenac 1.81 0.20 5.88 0.864 0.0481
Diuron 2.24 0.87 2.74 0.999 b0.0001
Eosin B 2.84 0.43 3.45 0.999 0.0077
Gemfibrozil 1.87 0.43 4.14 0.952 0.0029
Ibuprofen 2.70 0.84 3.33 0.9945 0.0002
Imazapyr 1.73 0.84 1.96 0.998 b0.0001
Imazaquin 3.08 0.94 3.30 0.999 b0.0001
ketoprofen 2.54 0.82 3.20 0.992 0.0003
Metaldehyde 2.93 1.55 1.32 0.999 b0.0001
Metazachlor 2.92 1.25 2.22 0.999 b0.0001
Metolachlor 2.91 1.12 2.58 1.000 b0.0001
Naphthalene 3.26 1.25 2.37 0.997 0.0208
Paracetamol 1.63 0.70 1.96 0.998 b0.0001
Phenanthrene 5.15 1.12 4.54 0.998 b0.0001
Picric acid 4.49 0.25 5.40 0.960 0.0018
Prometryn 5.12 1.24 4.19 1.000 0.0004
Pyrene 3.20 0.77 4.64 0.9991 b0.0001
Pyrithiobac 3.02 0.74 2.95 0.997 b0.0001
Simazine 2.08 0.33 5.17 0.980 0.0002
Sulfentrazone 1.87 0.76 2.53 0.999 b0.0001
Terbuthylazine 2.83 0.94 3.10 0.997 b0.0001
Toluene 2.81 0.89 3.05 0.980 b0.0001
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compounds used were collected from literature (Supporting Informa-
tion, Table A2). For six of the compounds, experimental descriptors
could not be found and were therefore calculated by a fragment based
method (Andrew, 2012). It is worth noting that the ionic descriptors
(j−, j+) were not used because the low pH rendered the bulk of
the compounds neutral (Abraham and Acree, 2010; Stephens et al.,
2011).

The LSERmodelwas developed byMultiple Linear Regression (MLR)
using Accelrys Materials Studio software. The t-probability calculated
by the software represents the confidence of the derived coefficients
(a t-probability of 0.05 indicates that a variable is significant at the
95% level). R2 was used as a measure of the total variance of the
response explained by the regression model (i.e. goodness-of-fit)
and F probability represents the significance of the regression model
(an F-probability of 0.05 indicates that a variable is significant at the
95% level).
2.2.6. QSAR model

2.2.6.1. QSAR descriptor calculations. To calculate the QSAR descriptors
the chemical structures of all 30 molecules were drawn manually in
AccelrysMaterials Studio software andminimized to their lowest energy
conformations using the Forcite classical simulation engine and the
COMPAS force-field. It should be noted the all molecules are drawn
with the respective hydrogens (not dissociated), which allows even-
handed molecular calculations and is in agreement with the low pH of
our given system. A set of 86 theoretical molecular descriptors for the
30moleculeswere calculated byAccelrysMaterials Studio andDiscovery
Studio (Table A3). Only theoretically calculated descriptors were chosen
because they are produced in the same manner and pose an advantage
over experimentally derived descriptors that rely on diverse experimen-
tal methods. Furthermore, to minimize the importance of pollutant con-
formation, 2-D descriptors were preferred (e.g. MM vs volume). The
descriptor values across the 30 molecules were inter-correlated and in
Please cite this article as: Radian, A., et al., Modeling binding of organic po
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pairs of descriptors found to be highly correlated (Pearson ρ N 0.9), one
was excluded from the set to reduce redundancy, leaving a set of 48
descriptors.

2.2.6.2.Model preparation. Themodelwasprepared in two steps, initially
all 30 molecules were used to find a subset of descriptors out of the
initial set (86 descriptors). This subset selection of the descriptors
was carried out by running a multiple linear regression and restricting
the program to choose a subset of five or less descriptors for the
model (≤Abraham descriptors) to avoid over fitting (the fewer the
descriptors, the more significant the model). All MLR runs were carried
out by the Materials Studio built in Genetic Function Algorithm. This
initial model was created many times and the prevalent descriptors
(MM, AlogP98, H-acceptor and heat of formation) were noted. These
four descriptors create a highly significant model with very low t prob-
ability of the coefficients (t probability between 0.03–1.1 ∗ 10−6).

To improve the initial QSAR model, the 30 molecules were split into
training and test sets with 70/30 proportion respectively. 10 splits were
performed resulting in 10 training and test sets: 5 splits relied on sorting
the molecules according to logkd and placing high and low values
in both sets. 5 splits were sorted according to structural similarity
(Gramatica et al., 2012). Training sets were used for model develop-
ment, and test sets for model internal validation.

MLR was performed separately on each training set, with the
predefined subset of descriptors from the initial model. This result-
ed in 10 models, i.e., 10 sets of 4 coefficients, each with R2 and Rcv

2

values.
Each coefficient in the final QSARmodel is the average of the respec-

tive coefficient from the 10 training models. Final model R2 and Rcv
2 are

the average of R2 and Rcv
2 from the 10 trainingmodels. It is worth noting

that an external validation, using a larger data set which was not
involved in building the model, was not possible since this is a unique
adsorbent and no external data from literature is available.

3. Results and discussion

3.1. Experimental adsorption isotherms

The Mt–HPVPcoS nanocomposite was chosen as a model adsorbent
due to previous data suggesting high adsorption capacity for a range
of environmentally relevant pollutants (Zadaka et al., 2009; Ganigar
et al., 2010; Radian and Mishael, 2012). The CPN has a loading of 0.2 g
polymer per g clay – which covers roughly 70% of the specific clay
surface area, and a basal spacing of 1.48 nm – which is equivalent to a
thickness of one polymer chain adsorbed in the interlamellar region
(Figure A1). A further increase in the basal spacing was not observed
upon pollutant (atrazine) adsorption suggesting that the pollutants
adsorb on the external surfaces of the composite.

The adsorption of 30 organic pollutants to the Mt–HPVPcoS nano-
composites was measured and the results were fitted to the Freundlich
equation. The isotherm trends (Figure A2) evolve from S curves for the
low affinity pollutants, through linear C curves for the moderate affini-
ties and L and H curves for the high affinities (Freundlich n coefficient
range 0.2 to 1.55).

To adequately compare relevant adsorption affinities logkd values for
all the compounds were calculated at the very low specific activity of
0.001 (Table 1). The low activity was chosen to be within the linear
range of the Freundlich isotherms where n ~ 1 (McGuire and Suffet,
1978; Suffet, 1980).

The results show the diverse pollutant behaviors, ranging from
relatively low adsorption (methaldehyde logkd 1.3 and carbamazepine
logkd 1.9) to high affinity and compatibility (picric acid logkd 5.4 and
diclofenac logkd 5.9). Despite the differences, most of the pollutants
showed high adsorption to the CPN (22 pollutants have a logkd N 2.5)
compared to previous studies involving organo-clays and activated
carbon (Borisover et al., 2001; Qu et al., 2008; Kong et al., 2011).
llutants to a clay–polycation adsorbent using quantitative structural–
.1016/j.clay.2015.03.021
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The adsorption isotherms did not correlate to any one specific chem-
ical or physical trait of the pollutants; therefore, statistical methods cor-
relating the adsorption behavior to numerous pollutant physical–
chemical properties were employed.

3.2. Linear solvation energy relationship

The classic LSER method is described by Eq. (3.1): log ki1,2 is the
partitioning coefficient and the five well known Abraham descriptors
quantify the molecular interactions: E is the excess molar refraction, S
is the solute polarizability, A is the effective hydrogen bond acidity, B
is the hydrogen bond basicity and V is the McGowan solute volume.
The corresponding phase descriptors describe the difference in capacity
between the phases where a positive component suggests a stronger
affinity to the second phase (logki1,2). The ionic descriptors (j−, j+)
were not included since the pH of the solution was approximately 3.5
which is below the pKa of most of the pollutants.

log ki1;2 ¼ e1;2Ei þ s1;2Si þ a1;2Ai þ b1;2Bi þ v1;2Vi þ C1;2 ð3:1Þ

Although LSER calculations are commonly applied and have shown
good results in the past, the resulting regression was insignificant
and did not describe the adsorption phenomenon in this case (Fig. 1:
F-probability for the regression = 0.31 and a correlation factor of
R2 = 0.2). Several factors may explain this result: First, the set of mole-
cules is very diverse, making it difficult to get a clear trend (for specific
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Fig. 1. (A) plot of experimental logkd vs the calculated logkd from the MLR correlating
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groups different effects may contradict, for one group the size seems
to enhance adsorption yet for another group it hinders it). Second, the
Abraham descriptors for large compounds with several functional
groups may be problematic since they do not encompass intra-
molecular interactions (Platts et al., 1999). Third, the LSER method
was initially created for adsorption by a partitioning mechanism
where a linear Freundlich trend is observed (n ≈ 1). This is not the
case here; the adsorption to the CPN showed a multitude of trends
(0.2 b n b 1.55) and is probably a multi-mechanism system. Conse-
quently, the more general QSAR statistical tool was used, it has no
predetermined mechanistic interpretation and can encompass a wider
range of descriptors to generate a more relevant model.
3.3. Quantitative structural activity relationships (QSARs)

The model building method is described in detail in the Materials
section and Methods section. The resulting model (Eq. (3.2)) is highly
significant with F-probability of 1.2 ∗ 10−5, an average R2 of 0.7 and a
cross validation R2cv of 0.6 (Fig. 2). Some previous LSER and QSAR stud-
ies (koc in various soils and kd on activated carbons) have presented
models with somewhat higher R2, but those models were mostly
class-specific, and often obtained from a smaller set of molecules
(Gramatica et al., 2000; Clarke, 2009; Shih and Gschwend, 2009). In
themodel suggested in this study the average deviation from the exper-
imental logkd values is only 0.77 log units, which indicates that the basic
affinity for an untested pollutant can be established and that the model
tal log kd
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can be used to screen for the pollutants thatwill be adequately removed
by this novel adsorbent.

log kd ¼ −2:43 �0:31ð Þ �MMþ 0:75 �0:08ð Þ � Hacceptor

þ 1:25 �0:17ð Þ � AlogP98
þ 0:39 � �0:1ð ÞHeat of Formationþ 2:75 �0:6ð Þ

ð3:2Þ

The chosen subset of physical/chemical descriptors: Molecular mass
(MM), AlogP98 (calculated partition coefficient), number of H-acceptor
groups and the heat of formation; represent themost dominant proper-
ties of the compound that affect adsorption.

High MM (coefficient = −2.34) was found to decrease adsorption
affinity. This is probably linked to the configuration of the polymer
on the clay mineral surface (and perhaps interlayer) which is more
easily penetrated by smaller, less bulky molecules. For example, the
s-triazine herbecides; simazine, atrazine and terbuthylazine, (differing
by one methyl group respectively) showed a high adsorption affinity
to the Mt–HPVPcoS nanocomposite (logkd: simazine 5.1 N atrazine
4.92 N terbuthylazine 4.06). The speculated adsorption mechanism
according to previous studies was primarily hydrogen and VdW bond-
ing (Celis et al., 1997). Indeed all three herbicides have the same
number of hydrogen-bond acceptor groups and H-bonding was found
significant (Table 2). However, adsorption coefficients of the herbicides
decreased with the increase of methyl groups and the calculated
partitioning coefficient (log kow) negatively correlated to the adsorption
coefficient. In this case, the MM hindered adsorption, this suggests
that cavity formation and size on the surface play an important role;
Please cite this article as: Radian, A., et al., Modeling binding of organic po
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simazine which is the smallest molecule, is the least bulky and rigid
and therefore has more adsorption sites accessible to it.

Hydrogen bond acceptor groups enhance adsorption (coefficient =
0.75) due to the strong hydrogen donor properties of the polymer's
pyridine ring. Looking at the different descriptors of the pollutants
(Table 2), the number of hydrogen bond acceptor groups is generally
linked to high log kd values (e.g. picric acid and Diazinon). Generally,
compounds with more than 4 hydrogen bond acceptors can be char-
acterized as high affinity compounds. Indeed, the adsorption of the
s-triazines to the Mt–HPVPcoS nanocomposite was consistently higher
compared to previous studies employing different organo-clayswithout
the ability to form such H-bonds (e.g. Atrazine uptake by a dye organo-
clay has a log kd of 2.9, and under comparable conditions the uptake by
the Mt–HPVPcoS nanocomposite showed a log kd of 4.8) (Borisover
et al., 2001).

The partitioning coefficient AlogP98 is an improved Ghose–Crippen
additive atom-based method for calculating log kow (Wildman and
Crippen, 1999; Mannhold et al., 2009). It is indicative of hydrophobic
VdW and π–π bond formation. The positive correlation to this descrip-
tor suggests that adsorption is favorable for molecules with lower affin-
ity for the aquatic medium and that hydrophobic interactions are
important (coefficient = 1.25). For example, looking at the model
descriptors for PAHs, this group of compounds has no hydrogen-bond
acceptor groups, yet adsorption coefficients were high (between 2.4
and 4.5) and three orders of magnitude higher than log kd found for
PAHs adsorbed on commercial activated carbon (Kong et al., 2011).
Similar to previous reports involving organo-clays, the order of ad-
sorption affinities to the CPN was related to log kow. This means the
llutants to a clay–polycation adsorbent using quantitative structural–
.1016/j.clay.2015.03.021
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Table 2
Descriptors from initial QSAR model.

Compound Experimental
log kd
(0.001 activity)

MM
(cg/mol)

Hydrogen
bond acceptor
groups

Alogp98
(calculated
kow)

Heat of
formation

Acenaphthylene 4.191 1.54 0 3.34 1.59
Ametryn 3.941 2.27 4 2.74 0.09
Atrazine 4.523 2.16 4 2.54 0.29
Benzoic acid 2.14 1.22 2 1.46 0.4
Bromacil 2.217 2.61 3 1.94 0.99
Carbamazepine 1.89 2.48 1 2.68 1.24
Clofibric acid 2.803 2.15 4 2.76 −0.11
Diazinon 4.763 3.04 6 3.51 0.02
Diclofenac 5.884 2.96 4 4.37 1.92
Diuron 2.743 2.33 3 2.48 1.64
Eosin B 3.445 5.8 11 5.5 0.63
Gemfibrozil 4.144 2.5 3 4.17 −0.12
Ibuprofen 3.331 2.06 2 3.61 −0.09
Imazapyr 1.958 2.61 5 1.32 2.52
Imazaquin 3.296 3.11 5 2.52 2.83
Ketoprofen 3.199 2.54 3 3.36 −0.06
Metaldehyde 1.317 1.76 4 0.12 −0.18
Metazaclor 2.216 2.78 3 2.94 1.08
Metolachlor 2.584 2.84 3 3.73 0.66
Naphthalene 2.372 1.28 0 2.74 0.43
Paracetamol 1.955 1.51 2 0.71 −0.05
Phenanthrene 4.544 1.78 0 3.65 1.26
Picric acid 5.405 2.29 7 1.27 1.41
Prometryn 4.644 2.41 4 3.12 1.44
Pyrene 2.946 2.02 0 3.95 2.79
Pyrithiobac 4.186 3.27 8 2.56 1.03
Simazine 5.168 2.02 4 2.16 0.34
Sulfentrazone 2.525 3.87 8 2.26 1.57
Terbuthylazine 3.1 2.3 4 2.74 0.74
Toluene 3.055 0.92 0 2.32 0.56
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hydrophobic nature of the compounds facilitates their transfer from the
aquatic medium to the surface, enabling the formation of more specific
π–π bonds (Kowalska et al., 1994; Goss and Schwarzenbach, 2000;
Lemić et al., 2007; Qu et al., 2008).

The adsorption affinity of the pharmaceuticals with carboxylic
groups was also found to be linked to their log kow; both log kd and
log kow are in the order of benzoic acid b clofibric acid b ketoprofen b

ibuprofen b diclofenac. Benzoic acid is a small molecule with 2
H-acceptor groups, but its hydrophilicity (log kow 1.43) and solubility
are so high it does not leave the aquatic medium, unlike Ibuprofen,
which also has 2 H-acceptor groups and a larger MM , but is much
more hydrophobic (log kow of 4.37). This indicates that the predominant
trait governing adsorption affinity for this group of molecules is their
propensity to leave the aquatic medium and create hydrophobic
bonds with the surface.

In previous studies, the governing hypothesis regarding the adsorp-
tion mechanism of the pollutant to the composite was dependent
mostly on polymer functionality; size of adsorption sites on the CPN
and hydrogen bonding or hydrophobic interaction with the polymers
functional groups (Zadaka et al., 2009; Ganigar et al., 2010; Radian
andMishael, 2012). The first three descriptorsmentioned in the current
study, MM, hydrogen bonds and log kow, coincide with these previously
hypothesized mechanisms with the exception of electrostatic binding
which is not represented in this model. Although many electrostatic
descriptors were present in the original descriptor set (Table A3), they
were not significant in the MLR result, which means that the presence
or absence of electrostatic charge does not seem to affect adsorption.
This, as previously mentioned, is due to the low pH in dispersion
which renders the molecules non-ionic, minimizing the effect of elec-
trostatic interactions.

The relation of the heat of formation of a compound to the adsorp-
tion affinity is less obvious, however, removing this descriptor decreases
the quality of regression considerably (coefficient = 0.39, R2 = 0.57).
No other descriptor had such an impact on the model. The importance
Please cite this article as: Radian, A., et al., Modeling binding of organic po
activity relationships (QSARs), Appl. Clay Sci. (2015), http://dx.doi.org/10
of this trait in predicting adsorption affinity may be linked to the influ-
ence of the different functional groups in the molecules: the heat of
formation is a measure of the internal energy; it describes the ability
to form stable intra-molecular bonds in respect to the functional groups
available. Therefore, the heat of formationmay give a partial solution for
the diversity of the set by representing the change in internal energy in
respect to the molecules structure.

Very similar descriptors were found when correlating the adsorp-
tion of non-ionic pesticides to soil carbon content (koc) (Gramatica
et al., 2000). Strongdependence on the compound sizewas found; how-
ever, unlike the model presented in this study, an increase in MM leads
to an increase in adsorption. Also in contrast to our findings, it was
established that the number of H-acceptor groups hindered pesticide
adsorption to the soil (Gramatica et al., 2000). These differences found
are related to the differences in adsorption mechanisms between the
two adsorbents; the adsorption to soil carbon is mostly governed by
non-specific, hydrophobic interactions where the size of the molecule
enables more VdW bonding and the H-acceptors enable formation
of hydrogen-bonds between pesticides and soil solution. In contrast,
the Mt–HPVPcoS nanocomposite is a strong H-donor as well as a
π-electron donor enabling the formation of specific intermolecular
chemical bonds. Furthermore, the configuration of the polymer on the
surface plays a role, establishing preferential adsorption to small mole-
cules. These differences in the models imply that this method can
indeed be used to elucidate the difference in governing adsorption
mechanisms between adsorbents or even within a given system under
different conditions (pH, salinity, temperature etc.).

Within the applicability domain of the selected molecule an in-
formed prediction of the binding affinity can be made. External valida-
tion was not possible due to the fact that this is a novel adsorbent that
we developed and no literary data is available. However, a significant
cross-validation for log kd prediction was found and the standard devi-
ation of the predicted log kd was only 0.77 log units. This implies that
this reliable model could be used for initial screening of pollutant
adsorption to the CPN.

4 . Conclusions

The experimental adsorption isotherms revealed high adsorption
affinity to the novelMt–HPVPcoS nanocomposite for most of the pollut-
ants (22 out of 30 pollutants had a log kd N 2.5). QSAR calculations
resulted in a significant regression describing the binding of the diverse
set of molecules using four descriptors. The results emphasize the main
interactions which govern the adsorption and a significant cross-
validation for log kd prediction was found. One of the main advantages
of this model is the simplicity of its descriptors, which are universal
and easily calculated, eliminating experimental errors of literary data.
These descriptor calculations were conducted for the molecules under
basal conditions (in vacuum) and were fitted to the specific exper-
imental adsorption coefficients (under acidic conditions of this study).
Therefore, the results and conclusions presented are based on these
conditions only; under different conditions (surface modification, pH,
salinity, temperature etc.) the adsorption mechanism may change
which will result in a different correlation equation. Each equation, de-
rived from different conditions, should express the relevant governing
adsorption mechanisms of that system. We suggest that the above
method for QSAR calculations can not only explain complex adsorption
mechanisms of heterogeneous surfaces but also enable smart, inexpen-
sive and quick decision-making and help the design of improved
adsorbents.
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Appendix A

This document contains three tables and two figures: X-ray dif-
fraction patterns of the CPN are depicted in Figure A1. The pollutant
isotherms are shown in Figure A2. Detection methods for the different
pollutants are detailed in Table A1, the Abraham descriptors for 30 pol-
lutants are shown in Table A2 and the QSAR descriptors calculated from
Materials Studio and Discovery Studio (Accelrys) are listed in Table A3.

Appendix B. Supplementary data

Supplementary data to this article can be found online at http://
dx.doi.org/10.1016/j.clay.2015.03.021.
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