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ARTICLE INFO ABSTRACT

Edited by Tao Zhang Soil adsorption governs the environmental fate of nanomaterials, yet standard procedures often fail to fully
capture adsorption behaviour through kinetic and isotherm models. This study proposes a comprehensive
framework to enhance the reliability and interpretability of adsorption data by improving both experimental
design and model analysis, using the adsorption of CuzO nanoparticles from the commercial pesticide NORDOX
75 WG (NOR) in Metrenco soil (Ultisol). Batch adsorption kinetics and isotherm experiments were conducted.
NOR stability and supernatant pH were the most influential factors and were used to select a subset of consistent,
comparable data. Transport-related parameters (e.g., kinetic rates) were more sensitive to NOR stability than
bulk-adsorbent parameters (e.g., adsorption capacity). We applied a novel validation strategy combining tradi-
tional goodness-of-fit metrics (including adjusted R?) with intra-model assumption checking, and inter-model
comparison. While the linear Pseudo-Second Order model (PSO) achieved the highest Rgdj,
ysis of multiple nonlinear models provided stronger evidence for non-equilibrium condition and apparent
instantaneous adsorption, in contrast to the interpretation derived from linear PSO parameters. This approach
also led to the formulation of a modified PSO model equation, better aligned with the system behaviour and
consistent with trends observed in other models. Unlike typical studies that rely on a single “best-fitting” model,
our method enables deeper mechanistic insights, even from poorly fitting models. This addresses a widespread
but overlooked issue in the literature and supports more robust modelling of complex adsorption systems to
support environmental decision-making.
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1. Introduction rium, analyte stability to ensure a correct mass balance, and reliable

analytical methods (OECD, 2000). Equally important, data interpreta-

Understanding soil adsorption is a key process for predicting the
environmental fate of pollutants (Neira-Albornoz et al., 2022). This
process is commonly studied through the batch equilibrium method, as
proposed by the Organisation for Economic Co-operation and Devel-
opment (OECD, 2000). Because the representational value of adsorption
data depends on methodological and contextual factors, its applicability
to real-world environmental scenarios must be critically assessed and
validated in each study to inform decision-makers effectively
(Neira-Albornoz et al., 2022, 2024).

Two main stages are especially relevant for evaluating the applica-
bility of adsorption data: (i) data production and (ii) data interpretation.
In batch studies, data production relies on methodological conditions
such as soil/solution ratio, appropriate contact time to ensure equilib-

* Corresponding author.

tion involves applying kinetic and isotherm models with distinct as-
sumptions, but model selection is often based solely on the coefficient of
determination (R?), despite its limitations as a validation tool
(Revellame et al., 2020).

This narrow focus on R? as the primary model selection criterion is
widespread in the literature. Many studies rely exclusively on R? Khepar
et al., (2024); Lu et al., (2021); Rahman et al., (2019); Lim and Lee
(2015), while others incorporate additional statistical metrics but still
identify a single “best” model based on the highest goodness-of-fit
(Salvestrini et al., 2014). In most cases, only the best-fitting models
are interpreted, often in isolation (Rahman et al., 2019; Lim and Lee,
2015; Quesada-Penate et al., 2009; Sharma and Chaudhary, 2025),
potentially missing mechanistic insights provided by models with lower
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fit quality or by comparing multiple models in combination. Notably,
this issue spans across publication years and impact levels, including
highly cited and recent studies for different sorbents and pollutants. This
suggests a systemic pattern in the literature, not a problem confined to
outdated or low-quality research.

In this context, the present study introduces a more comprehensive
model evaluation framework that integrates traditional goodness-of-fit
metrics with intra-model validation (consistency with model assump-
tions) and inter-model validation (cross-model comparison of shared
assumptions). This approach allows for a more robust interpretation of
adsorption mechanisms and enables valuable insights even from models
with low statistical performance, which are typically disregarded. By
doing so, the study challenges the conventional "best model" approach
and emphasizes interpretive depth over statistical ranking.

The need for improved methodological rigor is especially pressing in
the case of nanomaterials. They are globally employed
(Fortune-Business-Insights, 2024), their release into the environment
has raised significant concerns as emerging soil pollutants (Kiaune and
Singhasemanon, 2011), and their adsorption behaviour is highly sensi-
tive to soil physicochemical properties such as organic carbon (OC)
content, pH and amorphous Fe (Julich and Gath, 2014; Sekine et al.,
2017; Tegenaw et al., 2019). In particular, Cu oxide nanoparticles used
in pesticides like NORDOX 75 WG (NOR), a commercial granulated
water-dispersible pesticide containing CuyO as its active ingredient
(Tomasgaard et al., 2004), have been shown to affect environmental
fate, plant growth, mobility and bioavailability depending on their
particle size and composition (Kiaune and Singhasemanon, 2011; Bur-
achevskaya et al., 2021; Manzoor et al., 2023).

Therefore, this study aims to evaluate how current experimental and
modelling practices influence the representativeness and applicability of
adsorption data in complex systems. We examined (i) the impact of
methodological decisions on data production and interpretation, and (ii)
the conceptual alignment between model assumptions and methodo-
logical conditions to apply these models. This includes assessing the
validity of quantification methods, the suitability of experimental con-
ditions, and the use of models not just as curve-fitting tools, but as
conceptual representations of adsorption processes.

2. Materials and methods
2.1. Soils

A volcanic soil from the southern central area of Chile an unfertilized
Metrenco soil sample (38°34’ S; 72°22° W) was chosen. The sample was
collected at a depth of 0-15 cm and stored at field moisture. This soil
belongs to the Ultisol series, vastly reported on past studies (Table 1),
and has been thoroughly characterized on many adsorption studies re-
ported before (Caceres-Jensen et al., 2013; Caceres et al., 2010a, 2010b;
Baez et al., 2015; Caceres-Jensen et al., 2019).

Metrenco is characterized as a silty clay loam soil, with low OC
content and acid pH. EC was measured at the supernatant in the same
soil:solution mixture with distilled water after a 10 min centrifugation
(8000 rpm) step (Sadzawka, 1991). IEP was measured through the
electrophoretic mobility of samples suspended in 10~3 M NaCl in a Zeta
meter where pH was adjusted with 1072 M HCl or NaOH (Hunter, 1981).

Table 1
Metrenco soil properties (Sadzawka, 1991; Besoain, 1985; Hunter, 1981).
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According to inorganic contents on Metrenco soil there are less than
0.2 wt% of non-characterized oxides. Thus, the possibility of finding
Cu30 particles native to the soil are negligible.

2.2. NORDOX suspension

According to the manufacturer, NOR contains approximately 84 %
Cuz0 nanoparticles as its main active ingredient. Other components
include unspecific wetting agents, dispersants, disintegrants, binders
and buffering agents (Tomasgaard et al., 2004). While these additives
may influence the adsorption processes, these effects cannot be deter-
mined without knowledge of their composition or proportion.

NOR suspension was made by mixing a certain amount of the
product in distilled water. After vigorous mixing, the mix is centrifuged
at 10,000 rpm for 30 min. The supernatant is recovered, and vacuum
filtrated using a nitrocellulose 1.0 micrometer filter. The filtered sus-
pension is then diluted to a desired concentration by means of a UV
visible spectrophotometer. Absorbance values provided by spectropho-
tometer were denoted by the letter S and interpreted as the sum between
scattered and the adsorbed light by the NOR particle suspension. Solu-
tions were prepared to fixed S values (ranging from 0 to 0.900) at
490 nm wavelength. NOR suspensions in deionized water were prepared
daily to ensure its stability and repeatability of results. Aliquots of
adequate volumes for each solution were transferred in triplicate to
tared beakers and placed in lab-oven at 85 °C until reaching constant
mass. Beakers were weighted to obtain the mass from dry NOR particles,
and a calibration curve was constructed to check the dependence be-
tween S and mass concentration (mg L™!) of NOR suspension. Calibra-
tion curve construction for nanoparticle suspensions has been reported
before for different systems (Gacitua et al., 2022; Escudey et al., 2025).

2.3. Adsorption experiments

2.3.1. Experimental points construction

The method for adsorption points construction from particle sus-
pension has been reported before (Gacitua et al., 2022). Summarizing,
groups of five 15 mL centrifuge tubes were prepared at the same time to
quantify S following three independent combinations (Fig. 1). First,
three centrifuge flasks contained a volume V = 12 mL of NOR suspen-
sion or distilled water into a mass mg,; = 1.2 g of air-dry soil (solution:
soil ratio = 10:1), used to evaluate the adsorption of NOR on Metrenco
soil (Snog, triplicate). Another flask contained the NOR suspension alone
to check its stability through the duration of the experiment by quan-
tifying the amount of NOR at the beginning and the end of the study (as
So(start) and So(end), respectively). Finally, the last flask contained 1.2 g of
soil and 12 mL of water (without NOR) to check for the liberation of
unspecific soil particles (S}, soil interference) during the experiment.

The set of flasks were agitated in an orbital shaker at 65 rpm at room
temperature. Then the flasks were centrifuged at 10,000 rpm for 10 min.
The liquid supernatant was filtered using 1.0 pm syringe filters and the
filtered liquid was controlled by UV-visible light spectrophotometer at
490 nm.

According to the Lambert-Beer law, absorbance S is linked to the
concentration of NOR (Cp from Sp), NOR + interference (Cyor from
Snor), and interference (Cs; from Seoi). In this sense, the adsorbed

Texture (Wt%) 0C" (Wt%) PH-H20 EC" IEP* Porosity Dominant Mineralogy > 50 % Halloysite
dS m™ %

Sand Silt Clay ds m™ N 0 < 1 % Goethite

8 56.7 35.3 2.3 4.7 0.04 2.2 45 < 1 % Quartz

Inorganic contents (wt%)

SiOy TiO, Al,O3 Fe,03 MnO, MgO CaO NayO K20 P05

46.2 3.0 27.4 16.2 0.5 0.7 4.3 0.6 0.3 0.6

# EC: Electrical conductivity. IEP: Isoelectric point. OC: Organic carbon.
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Metrenco soil NOR suspension

(Section 2.1) (Section 2.2)
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Fig. 1. Overview of the methodological workflow, divided into three topics: experimental design, adsorption studies, and data quality and interpretation (see
legend). The sequence of methodological steps is indicated by arrows. References to relevant sections, equations and tables are provided throughout.

concentration of NOR on soils, Qugsexp), Was indirectly quantified
through a mass balance, if the difference between the initial (Cp) and
final (C,q) aqueous concentration of NOR was due to adsorption

(Cads(exp)) (Julich and Gath, 2014).

v \%
qads(exp) = (@) Cads(exp) = (msoil) (CO - Caq)
v
= < ) (Co — (Cnor — Csoit) ) (€D)]

Mol

Where the value of Cyor was calculated as the average between the
replicates, and Co represents the average value between Cy(starry and

Co(end)-

2.3.2. Adsorption kinetics

Adsorption kinetics studies were conducted over 7 days using a fixed
initial NOR concentration (Cyp ~ 4000 mg L’l), with experimental
points evaluated at different contact times (0-20 min) until reaching
stable NOR concentration left in solution (C,q) (Fig. 1). However, to
ensure comparability among kinetic data points collected at different
times, Cp must remain consistent across independent measurements. To
address this, we applied correction factors to account for (i) the insta-
bility of NOR during the experiments (fy,), and (ii) variations in Cy
across daily suspensions (fyar):

CO(start) )
fa = Coena @
* ( Co(end)
EO Yol Py CO(start i)
fvar = ,wh = —
(Co(start) ) W ereco ; #data (3)

Where £, represents the deviation of Cy(enqy With respect to Costarr) due
to instability, and f, represents the deviation of Cosary from the

average and comparable value of Coarr) considering all experimental
data.

Experimentally, data comparability depended on changes in (i) the
adsorption process due to the difference between Cyeng) and Costart), and
(ii) the adsorption trend (e.g., degree of nonlinearity) due to differences
between Costar) and Go. To minimise potential biases, we assumed that
the smaller the difference between Copend) and Co(start), and between

Co(starty and Co, the more likely it is that data are described by the same
adsorption trend.

In practical terms, we checked two conditions: (i) 0.95 < fy, < 1.05
and (ii) | Co(starty —Co | < SD(Co). We discarded data if the first condition
was not met. Then, we checked the second condition and evaluated
compensatory effects if Co(start)y > Cotend) (Ffsta > 1) and Co(starr) > Co
(fyar < 1), discarding data only if there was no compensation, i.e.,
0.95 < fyq * fyar < 1.05.

We used an average value of Cy to quantify q,gsexp) (Eq- 1), assuming
that this parameter better represents the concentration of NOR during
the whole experiment. Therefore, we modified fg, to f;, by replacing
Co(end) for Co in Eq. (2) and recalculated the accepted data as follows:

qads(corr) = qads(exp) * f:ta * fvar (4)

From now o1, Guqg(exp) a0d Quqs(comr) ar€ associated to the original and

exp
recalculated data, respectively.

2.3.3. Adsorption-desorption isotherms

Adsorption isotherm studies were conducted over 15 days.
Isothermal curve construction typically requires long durations, as
varying concentrations introduce greater deviations due to pH changes
and particle aggregation (Julich and Gath, 2014). Although the manu-
facturer recommends preparing NOR suspensions up to 2500 mg L™ (i.
e., 250 g per 100 L), adsorption isotherm experiments were carried out
using initial NOR concentrations ranging from 0 to 8000 mg L™ to
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ensure saturation and accurately estimate the maximum adsorbed con-
centration (Qygs(exp))- Optimal contact times, previously determined from
kinetic studies as the closest to equilibrium while minimizing the impact
of NOR instability (fs.), were applied (Fig. 1).

Once the adsorption process had ended, and supernatants were
removed, 12 mL of distilled water was added to remnant adsorbent to
start the desorption experiment at Co = 0. The mixtures were subse-
quently agitated in an orbital shaker for 10 min at 65 rpm at room
temperature. Finally, the flasks were centrifuged at 10,000 rpm for
10 min. The supernatants were filtered through a 1.0 um pore-size sy-
ringe filter and the quantification of NOR was carried out in a UV/vis
spectrophotometer at 490 nm.

Considering that fy, presented a high variability among the experi-
mental data, we only fitted models to corrected Quqq(corr) data (Eq. 4).
However, adsorption-desorption isotherms did not require corrected Co
values, therefore, we assumed fy,, = 1. The desorption percentage was
quantified through the equation:

Des(%) — 100 * <qads(e)2;) - qdes(exp) ) 5)
ads(exp)
\Y% \Y%
qdes(exp) = (@) Cdes(exp) = (m5011> (CNOR - Csoil) (6)

Where Quggexp) a0 Qges(exp) T€Present the values obtained from the
adsorption and desorption experiment in the same centrifuge tube,
respectively, assuming that differences between adsorption and
desorption are due solely to desorption of NOR from soils. Eq. (6), was
derived from Eq. (1) at Cy = 0 and multiplying by —1 because desorption

is the inverse to adsorption, i.e., the release of NOR from soils.
2.4. Data analysis

Prior to modeling, experimental data were validated assessing the
effects of inter-day variability, contact time, Cy, pH and Cs,; on NOR
stability. Subsequently, the accepted adsorption (i) kinetic data in both
original (Eq. 1) and corrected (Eq. 4) forms, and (ii) isotherm data in
corrected form were fitted using various adsorption models (Table 2).

Following trends reported in the literature and considering the
varying number of parameters across models, the adjusted correlation
coefficient (Rﬁdj) was selected as the primary indicator for goodness-of-
fit (Khepar et al., 2024; Lu et al., 2021; Rahman et al., 2019; Lim and
Lee, 2015). To complement it, we use with the normalised standard
deviation (Aq) (Salvestrini et al., 2014):

( )
Aq = ( 100 ) Z Yexp(i) ~ Ypred(i) 29

n-1 i=1 Yexp(i)

Where n is the number of data points, and y,,, and y,,.q are the exper-
imental and predicted values for the response variable, respectively. In
MOSt €ases, Y, Was g, or g.q (Table 2). However, for the TSNE model,
the response variable was C; and for linear models, it varied depending
on the equation used. Consequently, Aq was not applied to these models.
Instead, we used the average absolute relative errors (AARE)
(Quesada-Penate et al., 2009), a unit-invariant error metric:

AARE(%) = (?) Z

i1 Yexp(i)

Yexp(i) - Ypred(i) (30)

2

Goodness-of-fit metrics (Ryy, Aq and AARE) were interpreted as in-

2

dicators of information loss, where better fits correspond to higher Ry

and Aq and AARE values.
Model stability, i.e., the sensitivity to linearisation and data correc-
tion, was assessed by comparing model fits using the (i) nonlinear and
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linear equations, and (ii) original and corrected data. Additionally, the
shift in model parameters (P) was calculated as:

Shift(%) = 100 x (7&0”&@ - P‘“g‘“al) (31)
orginal

Beyond numerical fit, we performed an intra-model validation, based
on compliance with model assumptions, and an inter-model validation,
based on shared assumptions or equivalences (Table 3). Unlike the
common approach of selecting the single best-fitting model, our inter-
model comparison emphasizes convergence across models, which en-
hances interpretability of equilibrium conditions, kinetic mechanisms,
and isotherm behaviour. This approach allows extracting meaningful
insights even from models with lower goodness-of-fit, an aspect often
overlooked in prior studies.

2.5. Instruments

Scanning Electron Microscope (SEM) EVO I MA10 Zeiss was used to
check the morphology and size of particles. Particle Size distribution
was measured using a Malvern Zetasizer Nano ZS Dynamic Light Scat-
tering (DLS) system. This device uses classical single-scattering DLS
methods to calculate particle sizes in a range from 0.3 nm to 10 pm with
a 633 nm laser and detects the backscattered light at 173°. This device
also features a temperature-controlled holder for a cuvette. S measure-
ments were made using a UV-Visible double beam Thermo Fisher Sci-
entific Genesys 30 vis/UV spectrophotometer.

3. Results and discussion
3.1. Preparation of NORDOX suspension

The UV-Visible spectra of NOR suspension in water at varying con-
centrations and times after preparation are presented in Supplementary
Fig. S1. S values increased across the entire wavelength range with
increasing NOR concentrations. Minimal spectral shifts were observed
after 1 h storage, indicating short-term stability of the suspension. NOR
particles in the suspension were further characterised using SEM and
DLS (Supplementary Fig. S2A-S2C), confirming a predominant size
distribution around 150 nm, which remained stable for at least after
120 min storage.

Unlike dissolved molecules, suspensions lack a standardised protocol
for wavelength selection in calibration curves, as the maximum ab-
sorption wavelength may shift with concentration. In this case, 490 nm
was selected because absorbance at this wavelength showed a minimal
slope variation across concentrations and allowed a satisfactory appli-
cation of Beer’s law (Escudey et al., 2025). The concentration of the
NOR suspension and calibration curve were determined by gravimetric
analysis (Supplementary Fig. S1, Insert).

3.2. Effect of experimental conditions on adsorption data selection

From a practical standpoint, the experimental design required an
extended timeframe, therefore the kinetics and adsorption experiments
for each experimental data point were conducted on different days.
Figs. 2A and 2B present the complete datasets for the kinetic and
isotherm adsorption processes, respectively. Selected data points are
enclosed by squares.

For adsorption kinetics strong inter-day differences were found
without clear trends observed as a function of pH interval (pHyog-
Metrenco = 5.53 — 6.11) or contact time (Fig. 2A).

Strong inter-day differences were observed in adsorption kinetics
without clear trends related to pH (pHNoR-Metrenco = 5.53 — 6.11) or
contact time (Fig. 2A). Therefore, only kinetic data collected on the same
day (day 1) were selected. In contrast, the adsorption isotherm data
(Fig. 2B) showed a clear pH-dependent trend (pHNOR-Metrenco = [5-50;
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Table 2
Nonlinear and linear model equations to describe adsorption kinetic and isotherm.
Model References Nonlinear model Linear model
Equation® Plot” Equation® Plot”
Adsorption kinetic models
Pseudo-second order (Blanchard et al., 1984; Ho and McKay, 1998; Geq(ps0)? * ka(pso) * t @ q st t t/q, vst
(PSO) Fernandez-Bayo et al., 2008; Largitte and A = 1+ Geqrpso) * kz(psm *t Et = qeq(Pso)z ¥ kz(psm
Pasquier, 2016; Tran et al., 2017; Vareda, 2023;
Azizian, 2004) ! *t
Geq(PSO)
Hyperbolic (HYP) (Fernandez-Bayo et al., 2008; Biggar et al., 1978) q = (qeq(Hyp) * t) ©) q Vst 1 1 1/q,vs1/t
= — — =
B+t Q@ \Qequrve)
B 1
«— (10)
Geq(HYP) t
Elovich (EL Fernandez-Bayo et al., 2008; Largitte and 1 t 1 In(t
ovich (EL) (Fernandez-Bayo et al., ; Largitte an & = 2 s In(ag * B +t41) (1) q, Vs Q0 = v In(am * fy) + q, vs In(t)

Pasquier, 2016; Tran et al., 2017; Vareda, 2023;

Zeldowitsch, 1934; Cheung et al., 2000)

Dimensionless (Wu et al., 2009a)
Elovich (DEL)

Intraparticle diffusion (Largitte and Pasquier, 2016; Tran et al., 2017;

(IPD) Weber and Morris, 1963; Zhu et al., 2016;
Rudzinski and Plazinski, 2007; Wu et al., 2009b)
Dimensionless (Wu et al., 2009a, 2009b)
intraparticle

diffusion (DIP)

Two-sites non- (Nkedi-Kizza et al., 2006)
equilibrium (TSNE)

Adsorption isotherm models

Langmuir (Tran et al., 2017; Azizian, 2004; Al-Ghouti and

Da’ana, 2020)

Freundlich (Tran et al., 2017; Al-Ghouti and Da’ana, 2020)

ﬂEL ﬁEL

EL

Q| _ In(afpg xt+1) 13) Qe Q) gy
Qes)  In(@fpp * bref + 1) Qres Qret

ref

q = C + kine vVt (15) q;vst

t t
— Riy/— (18
(tref> ! Tref ( )
Gy _1 Ce Not applied
(C0> = R+ ( ) vst

1 1 B (kz\'wxwu,\) ¢
Prsne
——)ex 19
(7 1)
Derived parameters (from Eq. 19):

F = PrsweR — 1 (20)

R-1
VCo 1
Qeq(TsNE) = (rlsoil) (1 *ﬁ) (21)
Qe=0(TSNE) =

(T\T]li(l) (1 7ﬁTS:IER) (22)

C
Cormne = () (29)

Qeq(TSNE) ) _
Ceq

(R-1)» (m\:()il) @)

Qo = Qmax * K * Ceq
€d 14Ky # Ceq
Derived parameters (from Eq. 25):

q,
Ka(angmuir) = (Cﬂ> =
eq

Ka(rsng) = <

(25) Geq VS Ceq Not applied

Qmax * Ky
— dmax PR (96)
1 + Ky, * Ceq(TsNE)
Qeq =Kr * cié" (27) Qeq V8 Ceq  Not applied

Derived parameters (from Eq. 27):

q,
Kd(Freundlich) = (Cﬂ) =
eq

1/n-1
K = Ceq(TSNE) (28)

/;i* In(®) (12)

R * 1n(ti) (14)
q = C + kine * VT (16)

W)y g1 /T a 4 _ g,
@) -rnloii) @ ()= (@) o

I I
Aref
In (L>
Tref

q vs Vi

<&> s
Qref
\/ﬁff

Tref
Not
applied

Not
applied

Not
applied

@ 1/n: Linearity factor (dimensionless). ag: Adsorption rate at t = 0 (mgNoR kgs’olﬂmin’l). afipg: Adsorption rate at t = 0, multiplied by the extent of surface

coverage and activation energy for chemisorption (min’l). By Extent of surface coverage and activation energy for chemisorption (kg mgydg )- Brsne: Fraction of

retardation for the instantaneous region (dimensionless). B: Empirical constant (min). C: Thickness of the boundary layer (mgNOR kg;)lﬂ). Ceq(rsng): Aqueous con-

centration of NOR at the equilibrium condition (mgyor L™'). kz(pso): Second-order adsorption rate constant (mgﬁ})R kgmﬂminfl). ka(rsng): Kinetic rate coefficient

for desorption from time-dependent to instantaneous adsorption sites (min’l). Ka(Freundtich)> Ka(Langmuiry and Kq(rsng): One-point adsorption coefficient at Ceqrsne)
(L kgs’olﬂ), according to the Freundlich, Langmuir and TSNE model, respectively. One-point adsorption coefficient at Ceq(rsnE) (L kgs’olﬂ). Kp: Freundlich adsorption

coefficient (mgll\,f)}{ " kgy LY “). kin:: Intraparticle diffusion rate constant (mgNOng;olil min?/ 2). K;: Langmuir adsorption coefficient (Lmgydy)- Qeq(vp)> Deq(Pso)

and Qeq(tsnE): Maximum adsorption capacity of soil at the equilibrium condition according to HYP, PSO and TSNE model, respectively <mgNOR kg;,lﬂ). Qmax:
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Maximum adsorption capacity at the saturation of the soil (mgNOR kg;)lﬂ) - 4;_o(rsng): Amount of NOR instantaneously adsorbed at t = 0 (mgyorkgwr)- R: Retardation

factor (dimensionless). Rg: Approaching equilibrium factor (dimensionless). R;: Strength of the initial adsorption (dimensionless).
b Ceq: Cads(corr) from Eq. (4) applied to isotherm curves (mgyogr L~!) at the time closest to equilibrium. C;: Cads(exp) OF Cads(corr) from Eqs. (1) and (4) applied to kinetic

curves (mgyor L71). Qeq® Gads(corr) from Eq. (4) applied to isotherm curves (mgyopke,) at the time closest to equilibrium. q,: Adsorbed amount of NOR at t = trt

(mgnorkSwh)- st Qads(exp) O Qads(corr) from Eqs. (1) and (4) applied to kinetic curves (mgyorkgey)- t: Contact time (min). tr: Longest contact time in the adsorption

kinetic experiment (min), used as reference.

Table 3
Intra- and inter-model validation applied in this study.

Involved models Description

Implications

Intra-model validation: Requisites to apply models

Eq. 12 The shortest contact time, tmin, must be much bigger than the inverse
multiplication of o, and fg .

Eq. 13 The longest contact time in the adsorption kinetic experiment (min), tyef,
should be equivalent to the t, value predicted by the DEL model (tref(pred))-

Eq. 14 If the intercept is a non-fixed parameter, then it should be near to 1.

Eq. 18 The sum of the intercept (1 —R;) and the slope (R;) should be near to 1.

Inter-model validation: Equivalences between models

Eq.7 and 9 Nonlinear PSO and HYP models are mathematically equivalent.
Eq. 11 and 13 DEL is originally derived from EL.
Eq. 12 and 14

Eq. 15 and 17; Eq. 16
and 18

DIP is originally derived from IPD. However, to keep the same error
structure, the comparisons involve Eq. 15 vs 17, both nonlinear; and Eq. 16
vs 18, both linearised with the same approach (q, versus v/0).

Inter-model interpretation: Information about the equilibrium condition

Eq. 7,9 and 19 Nonlinear PSO, HYP and TSNE predict the adsorbed concentration of NOR
at the equilibrium condition.

Eq. 11 and 15 EL and IPD models are only applicable far from equilibrium (t < teq, with
Eq. 11 and 15 showing that q,— oo at t—c0).

Eq. 16 If the equilibrium condition is met, then IPD model should exhibit multiple

linear regressions when plotting q, versus v/t during the experimental
interval of time (Tran et al., 2017; Zhu et al., 2016), where iy regulates the
increase of q, over time, such that each new step has a lower ki, value, until
Kint ~ 0 at teq.

Inter-model interpretation: Adsorption kinetic mechanism

Eq. 11, 15 and 19 EL, IPD and TSNE models assume that adsorption occurs in two steps, firstly
a slow one followed by a fast one (Fernandez-Bayo et al., 2008; Tran et al.,
2017; Zhu et al., 2016; Nkedi-Kizza et al., 2006).

Eq. 15 and 19 If both IPD and TSNE models represent the observed adsorption kinetic

behaviour, then both should quantify a similar amount of instantaneous

adsorption at t = 0.

Inter-model interpretation: Adsorption isotherm trend

Eq. 25 and 27 If the experimental adsorption data exhibit a plateau, then the adsorption
behaviour fits conceptually better with Langmuir (saturation) than
Freundlich, implying a better goodness-of-fit of Langmuir.
Experimental If the adsorption study was conducted under non-equilibrium conditions,
conditions, Eq. 25 or the adsorption depends on pH, then Langmuir and Freundlich might not
and 27 fit properly.

Eq. 19, 25 and 27 If TSNE, Langmuir and Freundlich are able to explain the general
adsorption behaviour, then their derived one-point adsorption coefficients

quantified at the same Cq value should be similar.

-1
tmin>>(QtEL * Prr)
tref = Tref(pred)

Intercept =1
Intercept + Slope =1

Same goodness-of-fit (PSO = HYP)
Geq(ps0) = Yeq(HYP)

-1
(qeq(PSO) * Ka(pso) ) =B
o * g = ofpp,  (Eq.

-1
P = (Re*dur)  (Eq. 12and14)

11and13)

R :(k‘“‘;i Vt‘) (Eq. 15and17;Eq. 16and18)
ref

Qeq(ps0) = Qeq(ryP) = Qeq(TSNE)
Goodness-of-fit = Indicator of equilibrium condition

Number of plotted linear regressions = Indicator of equilibrium condition.

If adsorption is a two-step process:
0<F<1

0 < C < maximumgq,value

High goodness-of-fit of EL, IPD and TSNE.

C = Qe_q(rsng)

If saturation is observed: Goodness-of-fit of Langmuir > Freundlich.

If non-equilibrium conditions and/or pH dependence: Potentially low
goodness-of-fit of both Langmuir and Freundlich models.

Ka(rsng) = Kd(Langmuir) = Kd(Freundlich)

better understand these effects.

6.05]), with lower g4 values at higher pHNOR-Metrenco When

exp)
comparing data points at the same Cy (e.g., ~ 2000, 4000 and
5000 mg LY. Moreover, PHNOR-Metrenco Was more acidic at Cy
< 4000 mg L™! and more basic at C, > 4000 mg L™} (Fig. 2B), indi-
cating that pHNoOR-Metrenco depends on Cy. In fact, a positive correlation
between pHnoRr, PHNOR-Metrenco and Co was found (Fig. 2C).

Previous studies have reported that the OC% of soils and salt con-
centration may influence particle suspension stability, thus affecting
adsorption process (Baysal et al., 2020; Qi et al., 2014) with OC% closely
related to pH. Additionally, Cs is also influenced by OC% and salt
content (Sadzawka and Aomine, 1977), but here it showed no strong
correlation with pH (Fig. 2D). Further experiments using soils with
varying OC content and different ionic strengths are recommended to

Additionally, NOR stability (fs,) was found to be independent of
contact time, Cy and pHyogr variation (Supplementary Fig. S3A-S3D).
Contact time did not affect the pHyogr, which remained higher than
PHNOR-Metrenco (Supplementary Fig. S4A). However, the pH shift from
PHNOR t0 PHNOR-Metrenco, attributed to soil buffering capacity, correlated
with both the contact time and Cy (Supplementary Fig. S4B and S4C),
where higher Cy values corresponded to smaller pH changes. Addi-
tionally, Cg,; was independent of contact time and Co (Supplementary
Fig. S5A and S5B).

Based on this analysis, data selection proceeded in two steps. First,
stability criteria involving fs, and fy,, (2.3.2) were applied. Then, ki-
netic data with normally distributed pH values were accepted
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Fig. 2. Total experimental data obtained during the (A) adsorption kinetics (7 days) and (B) adsorption isotherm studies (15 days) on Metrenco soil, where numbers
show the day of experimental work, colours represent pH ranges, and square-enclosed points are comparable experimental data used for modelling in 3.3. Effect of
(C) initial concentration of NOR (Cp) on pH, and (D) pHs, on soil interference (Cs,; from kinetics and adsorption isotherm studies), where r and p represent the
Pearson correlation coefficients derived from correlation analyses and p-value (significance level was set on 0.05), respectively.

(Supplementary Fig. S6A), as they are expected to reflect consistent Co
and pH values. Also, isotherm data that followed the empirical pH trend
where pHNOR-Metrenco increases with Cp but not necessarily linearly, as
observed near C; ~ 2000 L™} (Supplementary Fig. S6B and Fig. 2C),
were retained.

3.3. Adsorption kinetics modelling

Nonlinear PSO, HYP, EL, IPD and TSNE model fittings using the
selected data are shown in Fig. 3. The remaining linear and nonlinear
kinetic model fittings are presented in Supplementary Fig. S7 and S8,
respectively.

The average Cy value for the selected data points was 4000 + 160
mgyor L. The contact time for the kinetic study ranged from 0.5 to
7 min. The maximum experimental concentration observed for NOR,
max(q,), was 11800 + 300 mgyorkgey for the original data and 11900
+ 300 mgygrkg,) for the corrected data, representing about 5 % in-
crease after correction. The benefits of this correction are observed on
the improvement of model fits.

Mathematical equation, statistical quality and model parameters
(mean value + standard deviation) for the nonlinear PSO, HYP, EL, IPD
and TSNE models fitted to both the original and corrected kinetic data
are summarised in Table 4. Linearised and dimensionless models are
provided in Supplementary Tables S1 and S2, respectively.

3.4. Data correction and stability of models

Data correction resulted in noticeable shifts in the calculated model
parameters compared to the original data (PSO, EL and IPD models,

Table 4). Excluding the IPD model, the largest changes occurred in ki-
netic parameters associated with NOR transport, such as kypso)
(+12.2%), B (-9.8 %) and ag. (+24.4 %). In contrast, parameters
related to the soil adsorption capacity and affinity, such as qeqepso,
(-1.1 %), Qequyp) (-1.1 %) and By (+4.9 %), were less affected. These
results suggest that bulk-adsorbent parameters are less sensitive to data
correction than transport-related parameters, indicating that the
correction primarily impacts NOR-specific processes without altering
the overall conceptual meaning of parameters.

Additionally, TSNE model uses the C;/Co ratio as response variable,
with both C; and Cy scaled by f}, * fiar. Therefore, TSNE parameters
remained unchanged after data correction, making it the most stable
model. On the other hand, EL and DEL models exhibited the largest
shifts, indicating lower stability

In terms of goodness-of-fit, data correction improved the fitting for
the IPD model (dej, Aq and AARE), while worsened the adjustment of

a

PSO (only RZdj), and increased some of the standard deviation for some

calculated parameters. Nevertheless, Rgdj and AARE values did not
significantly vary after data correction for the EL and TSNE models,
while variations in Aq are related to changes in the magnitude of data.
Assuming that the correction enhances the representational value of the
data by the consideration of NOR instability, then the changes in
goodness-of-fit values should be interpreted as the sensitivity of models
to produce false positives or negatives when corrections are not
considered, i.e., if the model fit was overestimated or underestimated,
respectively, producing interpretation biases when selected to interpret
results.

In addition, the use of linear versions of some kinetic models might



M. Gacitua and A. Neira-Albornoz

13000

(A) Pseudo-second order (PSO)

12000 1
11000 4
10000
(on
9000 1
8000 A

7000

13000

12000
11000

10000

q

9000 -

8000 -

7000 -

(E) Two-sites non-equilibrium (TSNE)

q

—~

i)

qads(corr) (mg k

Ecotoxicology and Environmental Safety 304 (2025) 119075

13000

(B) Hyperbolic (HYP)

12000
11000
10000
9000
8000
7000

0 8
13000
12000 4
11000 4
10000
9000 -

8000 -
7000 -

0 8
16000 50
14000 - [45

40
12000 L
35 .
10000 [ 30 E\i
r c
8000 L25 ©
(20 &
6000 [ §
15
4000 L o
) O Desorption (%) =10
2000 - % é m  Adsorption isotherm |-
Langmuir r5
***** Freundlich
0 L T ¥ T . T * T E T ¥ T T O
0 1000 2000 3000 4000 5000 6000 7000

-1
Caq(corr) (mg L )

Fig. 3. Nonlinear (A) Pseudo-second order, (B) Hyperbolic, (C) Elovich, (D) Intraparticle diffusion and (E) Two-sites non-equilibrium models fitted to the original
(black data and trendline) and corrected (red data and trendline) kinetic experimental data. (F) Adsorption isotherm (black solid) and desorption percentage (blue
hollow) trends for Metrenco soil. Trendlines represent the Langmuir (solid black) and Freundlich (dash red) model fitted to the corrected experimental data.

produce distortion of the statistical assumption (Chowdhury and Saha,
2011; El-Khaiary et al., 2010), hence biases, during the interpretation of
results. This potential bias was tested by comparing goodness-of-fit and
parameters between nonlinear (Table 4) and linear model equations
(Supplementary Table S1). Variability in parameters depended more on
linearisation than on data correction, with PSO (ka(pso), Eq. 7 versus 8) and
HYP (B, Eq. 9 versus 10) presenting the higher changes. Additionally, dif-
ferences between linear and nonlinear fittings were found for PSO and HYP
(Ridj(linear) > R:%dj(nonlinear) but AARE (jinear) > AARE (noniinear)), implying that
linearisation has a large impact in the interpretation of models. This situ-
ation has been previously reported for PSO model and associated to the
response variable in Eq. 8, which is a relationship between X and Y axis of
Eq. 7 (t/q,), producing two problems (El-Khaiary et al., 2010): First, the
higher the g, values, the lower the relative weights of data, creating an
inverse trend of relative weights between Eq. 7 and 8 (q, and 1/q,). Second,
the presence of the same variable (t) in both X and Y axis in Eq. 8 induces an
artificial dependence between X and Y, promoting spurious correlations

and overestimating dej. In this sense, an unreliable fit is expected when
most of the data are close to the equilibrium condition (Revellame et al.,
2020), while AARE becomes a better descriptor for goodness-of-fit.

From the observations made, it seems that the direct use of experi-
mental data in some cases provokes relatively important parameter
underestimation of kinetic adsorption models on a full complex soil
sample. On the other hand, corrected data enable a better mechanical
interpretation of experimental outcomes in terms of reliability of the
model interpretation. Thus, on the subsequent parts of the present work
the observation would be made solely on corrected data outcomes.

3.5. Intra-model validation

The intra-model validation is shown in Supplementary Table S1 and
S2. For EL model (Eq. 12), we found that tp;, and (o, * ﬁEL)’l were 0.5
and 0.010 + 0.002 min, respectively. On the case of DEL fitting of data,
the empirical and predicted t..s for Eq. 13 were 7 and 8.0 + 0.8 min,
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Table 4
Model parameters and goodness-of-fit obtained by using the original and corrected experimental data to fit nonlinear adsorption kinetics and isotherm models.
Parameters Original Corrected Shift (%)
Pseudo-second order (PSO) (Eq. 7)
Model parameters® Qeqesoy  (MEnorKEeoh1) 11700 + 600 11600 + 700 -1.1
—4 —4
Koo (mgby kgoumin”!) (1.9 + 0.8) x10 (2.1 4+ 1.0) x10 +122
Goodness-of-fit Rgdj 0.81 0.75 -
Aq (mgyorkg,oh) 3428 3905 .
AARE(%) 4.67 4.46 -
Inter-validation® 1 0.5+0.2 0.4+0.2 -
(qeq(PSO) * ka(pso) ) (min) - -
Hyperbolic (HYP) (Eq. 9)
Model parameters Qeqrrve)  (MEnorKEeon) 11700 + 600 11600 + 700 -1.1
B(min) 0.45 +0.17 0.41 +0.17 -9.8
Goodness-of-fit Rgdj 0.81 0.75 -
Aq (mgyorkgsoh) 3428 3908 -
AARE(%) 4.67 4.46 -
Elovich (EL) (Eq. 11)
L 5 5
Model parameters gL (mgNOR kgsiohmm 1) (1.1 + 0.4) x10 (1.4 +0.6) x10 +24.4
B (KgoiMENoR) (51+05)x10°* (5.4 +0.6)x10°* +4.9
Goodness-of-fit R§ i 0.97 0.96 -
Aq (mgyorkgsi) 568 866 -
AARE(%) 2.10 2.47 -
Inter-validation gL * P, (min’l) 60 + 20 70 + 30 -
Intraparticle diffusion (IPD) (Eq. 15)
Model parameters C(mgyor kg;)lﬂ) 5400 + 500 5600 + 300 +3.6
Kine (mgNOng ! mmfl,/z) 2500 + 300 2400 + 150 -35
SOL
Goodness-of-fit R? 5 0.96 0.99 -
Aq (mgyopkgyh) 1226 500 -
AARE(%) 2.71 1.86 -
Two-sites non-equilibrium (TSNE) (Eq. 19; same fit for original and corrected data)
Model parameters R 1.44 4+ 0.04 1.44 + 0.04 0
Brone 0.82 + 0.03 0.82 + 0.03 0
Keerswe)  (min™!) 0.22 + 0.07 0.22 + 0.07 0
Derived parameters F 0.41 + 0.04 0.41 + 0.04 0
Qt=0(TSNE) (mgNOngsolil) 6300 + 400 6300 + 400 0
Ceqrsng)  (Mgnor L 71) 2790 + 140 2790 + 140 0
Geq(rsnE) (mgNOR kg;,lil) 12000 + 1000 12000 + 1000 0
Karswe) (L kgich) 44404 44404 0
Goodness-of-fit R? i 0.98 0.98 -
AARE(%) 0.43 0.43 -

Langmuir (Eq. 25)
Model parameters Quax (mgNOR kg;)lil>
K (Lmgydr)

Derived parameters Kq(Langmuin)  (LMgRr)

Goodness-of-fit R? i
Aq (mgyorkesh)
AARE(%)

Freundlich (Eq. 27)

Model parameters Ke (mgi&{/" kg’l-lle/n)

soi

1/n

Derived parameters Kq(Freundiich)  (LMExdg)

Goodness-of-fit R? 4
Aq (mgyopkgsh)
AARE(%)

- 15000 + 2000 -

- (9 +2)x107* N
- 3.9+ 0.6 -
- 0.88 -
- 22434 -
- 12.37 -

- 250 + 130 -
- 0.47 + 0.07 -
- 4 + 3 -
- 0.78 -
- 59915 -
- 20.05 -

2 Model parameters and derived parameters are described in Table 2. Inter-validation equations are shown in Table 3.

respectively. Additionally, the intercept of Eq. 14 was near to 1 (0.98 +
0.01). For linear DIP fitting of data, Eq. 18, intercept + slope was near to
1 (1.01 + 0.05). In this sense, EL, DEL and DIP met the requirements to
be used during the interpretation of adsorption mechanisms (Table 3).

3.6. Inter-model validation

We corroborated the equivalence between nonlinear PSO and HYP
models (Eq. 7 and 9), both sharing the same goodness-of-fit, with qeqpso)

-1
= Qequyp) and identical values of (qeq(PSO) * kz(pso)) and B (0.4 +

0.2 min). However, their different assumptions make them comple-
mentary models. For example, HYP was proposed to describe the
adsorption of pesticides on soils using a flow technique (Biggar et al.,
1978), where parameter B is conceptually related to solute transport on
columns. Therefore, if the interpretation for column and batch studies
does not change significantly, then kypsp) is also linked to solute
transport.

Although the comparison between gy, * fg;, (Eq. 11) and ofpg, (Eq.
13) is imprecise due to the high standard deviation, there is a partial
overlap between both parameters (70 + 30 vs 100 + 30 min™ D),
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implying EL and DEL models are similar. Additionally, parameters P

-1
(Supplementary Table S1, Eq. 12) and (RE *qref> (Supplementary

Table S2, Eq. 14) of linear EL and DEL models had identical value of
((5.6 + 0.4) x 10~ * kg, mgxds)- AARE values of nonlinear EL and DEL
were also identical.

Finally, R; parameter in DIP (Supplementary Table S2, Eq. 17 and 18)

was compared to (kint % /tref /qref) in IPD, obtaining identical values

only for linearised models (0.54 + 0.04), while for nonlinear models we
found slight differences (0.522 + 0.018 vs 0.54 + 0.04). IPD and DIP
models had the same AARE values.

3.7. Inter-model interpretation

Finally, the results were interpreted considering only the nonlinear
equations because they share the same axis (q, vs t), producing equiv-
alent, unaltered and comparable error structures (Chowdhury and Saha,
2011; El-Khaiary et al., 2010).

3.7.1. Equilibrium condition

For NOR adsorbed on Metrenco soil, the qeqpso) and Qeq(rsne) values
were 11600 =+ 700 and 12000 + 1000 mgyorkg,y, respectively, both
close to the maximum empirical q; (11900 + 300 mgyorkg.), though
with a high standard deviation. Due to the lower standard deviation of
Ceq(sNE), it Was used to assess the equilibrium condition. The empirical
Caq (Eq. 1) at the longest contact time was (3230 + 40) mgyog L for
the corrected data, 16 % higher than Ceqsng), indicating a non-
equilibrium condition.

In addition, the EL, IPD and TSNE models showed a better fit (R§dj =
0.96 — 0.99; AARE = 0.43 — 2.47; Aq = 500 — 866 mgyorkg,l) that the
PSO and HYP models (RﬁGlj = 0.75; AARE = 4.46; Aq = 3905), sup-
porting the presence of a non-equilibrium condition (see Table 3). This is
further supported by the IPD model plot, which showed only one
diffusion step with ki, > 0 (Supplementary Fig. S7E).

3.7.2. Adsorption kinetic mechanisms

A two-step adsorption kinetics is evidenced by the TSNE (0 < F < 1)
and IPD (0 < C < maximum q, value) models (Table 4). Additionally,
the similar goodness-of-fit for EL, IPD and TSNE suggest that this two-
step assumption is central to their framework, independent of the
other model-specific assumptions.

Specifically, the slow step is associated with non-specific solute
transport in EL model (Fernandez-Bayo et al., 2008; Tran et al., 2017),
and with diffusion in the IPD model (Zhu et al., 2016). This comparison
indicates that the EL model provides a less detailed description of the
transport than the IPD model. Therefore, a good fit of both models in
Metrenco soil suggest that solute transport is primarily diffusion-driven.

At the beginning of the experiment, Metrenco soil had no detectable
NOR (Caq and Cugs =0 at t = 0). However, both the IPD and TSNE
models yielded q, > 0 at t = 0. This can be attributed to two possible
explanations: (i) the presence of instantaneous adsorption sites, as
conceptualised by the TSNE model (Nkedi-Kizza et al., 2006), or (ii)
adsorption occurring so rapidly that it was not detected experimentally,
as implied by the IPD model (Zhu et al., 2016). Both interpretations are
consistent with our results. NOR adsorption was notably fast (kinetic
study conducted at t < 7 min), and shorter contact times led to higher
experimental uncertainty. Similar findings have been reported in the
literature. For example, zero valence iron particles showed rapid
adsorption onto the inorganic fraction of volcanic soils (Gacitua et al.,
2022). Likewise, Khepar et al. (2024) (Khepar et al., 2024) found that
ZnS nanoparticles adsorb more quickly than free Zn*? ions in an agri-
cultural loamy sand soil (1.8 % OC, pH 5.83). These observations sug-
gest that, regardless of the adsorbent, particle-based adsorbates may
undergo faster adsorption compared to dissolved, homogeneous species.
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However, further studies are necessary to generalise this behaviour
across systems.

Finally, the values of C (IPD) and Q;_o(TsnE) Were similar (Table 4),
suggesting that both models accurately represent the NOR-Metrenco
adsorption behaviour. Therefore, instantaneous adsorption and meth-
odological issues could explain the initial NOR adsorption observed in
the studied soils. The impact of this proposal was assessed by comparing
the goodness-of-fit of the PSO model (Eq. 7) with a modified PSO model
(MPSO). For MPSO, it was assumed that q. = 0 at t = 0 but instanta-
neous adsorption and/or methodological issues occurred, such that
Qi—o > 0. Thus, after integrating the PSO kinetic rate equation with the
boundary condition lim;_oq, or q,_, > 0 att =0, the following equation
was obtained:

Qeq(MPSO) (qeq(MPso)kZ(MPSO)t + dmpso — 1 )

q. = (32)

Qeqmpso) K2mpso) t + Smpso

Where 8mpso = Geqmpso)/ (qeq(MPSO) —Ge_o(MPsO) ) is a measure of the
deviation from the original PSO model, such that Eq. 32 becomes the Eq.
7 when 8upso = 1 (qi—o = 0). Additionally, q,_owmpso) can be quantified
through the equation:
1
a 6MF'SO)

The goodness-of-fit (corrected data) improved 33 % (R§dj from 0.75
to 0.997, Aq from 3905 to 518 mgy kg, L, AARE from 4.46 to 1.16),
with Sypso = 1.64 + 0.03. Moreover, a gqwpso) Value of 15800 + 600
mgyorkg. Was obtained, implying a non-equilibrium condition as
suggested by EL, IPD and TSNE models. Finally, q,_qpso) Was 6200
+ 200 mgyorkgy, similar to q,_oqsyg and C values derived from IPD
model (Table 4), contributing to the interpretation of instantaneous
adsorption and methodological issues as indistinguishable situations.

(33)

Qt—o(MPs0) = Qeq(MPSO) (1

3.7.3. Adsorption isotherm

Selected data for the isotherm experiments and model fittings
(Freundlich and Langmuir) are shown in Fig. 3F. Experimentally, the
maximum adsorbed NOR concentration reached after the isothermal
adsorption process was 11000 + 1300 mgyorkg.;;- This value is close to
the maximum g, calculated from the corrected kinetic data set (11900 +
300 mgyorkg,), meaning that the Metrenco soil reached its maximum
adsorption capacity during the kinetic study.

Mathematical equation, statistical quality and parameters (mean
value + standard deviation) for the models fitted to isothermal selected
data sets are summarised in Table 4.

The Langmuir model is based on several assumptions, including a
homogeneous adsorption surface (Tran et al., 2017; Al-Ghouti and
Da’ana, 2020). Despite this, Eq. 25 has been successfully applied to
describe adsorption on soils, which are inherently complex and het-
erogeneous (Al-Ghouti and Da’ana, 2020). In contrast, the Freundlich
model is empirical (Tran et al., 2017; Al-Ghouti and Da’ana, 2020).
Therefore, Eq. 25 and 27 were compared in this study without assuming
a mechanistic explanation.

Conceptually, Eq. 25 (Langmuir) describes adsorption across a wide
range of Ceq, from linear behaviour at low concentrations (1>>K;.Ceq) to
saturation at high concentrations (1«K;Ccq). In contrast, Eq. 27
(Freundlich) can resemble the Langmuir shape when 1/n < 1, but the
parameter 1/n is highly dependent on the experimental Ceq range. At
low Geq, adsorption tends to be linear, leading to 1/n =~ 1. At high Ceq,
where more data points approach saturation (Qeq = qmay), 1 /n ap-
proaches zero to reflect the independence of g, from Ceq. Therefore, Eq.
27 is best suited for narrower C¢q intervals in systems that are either (i)
far from saturation (1/n < 1) (Tran et al., 2017), or (ii) involve multi-
layer adsorption without saturation (1/n > 1) (Al-Ghouti and Da’ana,
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2020).

The adsorption isotherms covered a wide range of Ceq, with NOR
adsorption on Metrenco soil approaching saturation around 3000 mg/L
(Fig. 3F), which explains the better fit of Langmuir compared to the
Freundlich model. In contrast, (Julich and Gath, 2014) found that CuO
nanoparticle adsorption on agricultural soils from Hesse, Germany, was
better described by the Freundlich model. Their study differed in several
ways: they used different soils and compared free Cu®>* with
water-suspended CuO nanoparticles, rather than a Cu20 nanopesticide
formulation like NOR. Still, they concluded that copper oxide nano-
particles are more strongly adsorbed than free copper, a trend that aligns
with Khepar et al. (2024) (Khepar et al., 2024), who found a similar
behaviour for ZnS versus Zn*2, as well as with the rapid adsorption of
NOR on Metrenco soil observed in this study. However, Julich applied
the linear form of the Freundlich equation, which, as discussed for ki-
netic models, can influence interpretation. Overall, comparisons across
studies require attention not only to experimental conditions (e.g., sol-
utes, adsorbents, procedures) but also to how thoroughly the modelling
and interpretation were performed.

The Langmuir model assumes an equilibrium condition, where t—teq
and q—Geq (Azizian, 2004). In our study, a contact time of 7 min was
chosen to minimize potential bias from NOR instability during the
isotherm experiments. However, this short duration likely resulted in a
non-equilibrium state, affecting the isotherm shape and violating the
assumptions of the Langmuir model. Furthermore, the effect of pH on Cy
(Fig. 2A) leads to a pH-dependent adsorption trend that is not accounted
for by the adsorption isotherm models. The combined effects of
non-equilibrium condition and pH-dependent adsorption may explain
the low goodness-of-fit observed for both the Langmuir and Freundlich
models in Metrenco soil.

To connect adsorption kinetics with isotherm studies, further cal-
culations were considered using PSO and TSNE modelling outcomes.

The interpretation of PSO model varies in the literature: (i) as irre-
versible adsorption, where solute concentration changes minimally at
the start, making the rate dependent on the availability of two adsorp-
tion sites (Blanchard et al., 1984; Fernandez-Bayo et al., 2008; Largitte
and Pasquier, 2016; Vareda, 2023); or (ii) as reversible adsorption
involving one solute molecule and one adsorption site (Azizian, 2004).
The desorption results in Fig. 3F indicate that the process was reversible,
rejecting the first interpretation. However, the second interpretation
assumes the condition Co>(mg./V)q;, is not satisfied (Vareda, 2023;
Azizian, 2004). In our study, (mg;/V)q, ranged from 680 + 40-1180
+ 30 mgyorL 7Y, representing 17 — 30 % of the average Co used in the
kinetic experiments. This partial violation of the assumption may help
explain the low goodness-of-fit observed in the nonlinear PSO model fits
(Table 4).

On the other hand, the Ky values obtained from the Langmuir and
Freundlich models were close to Kqsng) (Table 4). Based on the in-
terpretations of the PSO, EL, IPD, and TSNE models, and considering the
standard deviations of Kyt angmuir) a0d Kq(greundiich)» the adsorption kinetic
study was likely conducted near, but not at, equilibrium. This may ac-
count for the discrepancies among the K4 values. Moreover, the simi-
larity between Kg(angmuir) and Kq(preundiicn) suggests that both models
represent the system equally well at the selected Ceq.

4. Conclusion

The NOR-soil system demonstrated complex adsorption behaviour,
where both data treatment and model assumptions significantly influ-
enced the interpretation of results. This highlights the need for struc-
tured, transparent procedures in both the production and analysis of
adsorption data, especially when such data help regulatory decisions.

To address these challenges, we propose a two-step framework
designed to minimise bias and enhance interpretability in studies of
nanomaterial adsorption. First, during data production, experimental
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conditions should be selected based on methodological (e.g., experiment
duration, interval of Cy) and contextual (e.g., pH, NOR stability) vari-
ables that influence system comparability. Second, data interpretation
should avoid a single best-fit model selection based on Rgdj alone.
Instead, it should incorporate a set of statistically comparable models (e.
g., sharing the same error structure) with diverse assumptions, using
both good and poor fits to reveal mechanistic insights.

This multi-model strategy shifts the focus from merely fitting data to
understanding the processes behind them. It allowed us, for example, to
formulate a modified PSO model that not only improved statistical
performance but also aligned with mechanistic patterns observed across
IPD, EL, and TSNE models. This procedure offers a more robust,
evidence-based foundation for evaluating adsorption dynamics in
complex environmental systems
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