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A B S T R A C T   

The cocktail of pesticides sprayed to protect crops generates a miscellaneous and generalized contamination of 
water bodies. Sorption, especially on soils, regulates the spreading and persistence of these contaminants. Fine 
resolution sorption data and knowledge of its drivers are needed to manage this contamination. The aim of this 
study is to investigate the potential of Mid-Infrared spectroscopy (MIR) to predict and specify the adsorption and 
desorption of a diversity of pesticides. We constituted a set of 37 soils from French mainland and West Indies 
covering large ranges of texture, organic carbon, minerals and pH. We measured the adsorption and desorption 
coefficients of glyphosate, 2,4-dichlorophenoxyacetic acid (2,4-D) and difenoconazole and acquired MIR Lab 
spectra for these soils. We developed Partial Least Square Regression (PLSR) models for the prediction of the 
sorption coefficients from the MIR spectra. We further identified the most influencing spectral bands and related 
these to putative organic and mineral functional groups. The prediction performance of the PLSR models was 
generally high for the adsorption coefficients Kdads (0.4 < R2 < 0.9 & RPIQ >1.8). It was contrasted for the 
desorption coefficients and related to the magnitude of the desorption hysteresis. The most significant spectral 
bands in the PLSR differ according to the pesticides indicating contrasted interactions with mineral and organic 
functional groups. Glyphosate interacts primarily with polar mineral groups (OH) and difenoconazole with 
hydrophobic organic groups (CH2, C––C, COO− , C–O, C–O–C). 2,4-D has both positive and negative interactions 
with these groups. Finally, this work suggests that MIR combined with PLSR is a promising and cost-effective 
tool. It allows both the prediction of adsorption and desorption parameters and the specification of these 
mechanisms for a diversity of pesticides including polar active ingredients.   

1. Introduction 

The annual use of about three millions tons of synthetic pesticides for 
the protection of crops from pests and weeds (De et al., 2014; Sabzevari 
and Hofman, 2022; Sharma et al., 2019) has generated a globalized 
contamination of terrestrial and freshwater ecosystems (Malla et al., 
2021; Pietrzak et al., 2019; Sabzevari and Hofman, 2022; Sharma et al., 
2019; Tang et al., 2021). This contamination is miscellaneous as hun
dreds of pesticide active ingredients are commercialized worldwide, 
each having contrasted physico-chemical properties, environmental 
behavior, toxicity and ecotoxicity (PPDB, 2023; Sabzevari and Hofman, 
2022). The pesticide cocktail varies locally with crop type, target pest or 
weeds, climate and regulations. At the watershed scale, the mix poten
tially contain tens to over hundred active ingredients (BNV-D, 2022; 

Sabzevari and Hofman, 2022; Sharma et al., 2019). 
The offsite transport of pesticides from croplands to surrounding 

ecosystems is regulated mainly by sorption mechanisms (Farenhorst, 
2006; Kookana et al., 2014; Tang et al., 2012). Sorption also influences 
their persistence as it modulates their bioavailability to degrading mi
croorganisms (García-Delgado et al., 2020; Kookana et al., 2014). 
Sorption itself is modulated by soil properties including soil organic 
carbon (SOC) content and nature, texture, pH, minerals or cation ex
change capacity (CEC) with varying influence according to the pesticide 
physico-chemical properties (García-Delgado et al., 2020; Kah and 
Brown, 2007; Kookana et al., 2014; Novotny et al., 2020; Weber et al., 
2004). Sorption coefficients are potentially very variable both at local 
and global scales depending on the variation in soil properties (Her
mansen et al., 2020; Paradelo et al., 2016; Umali et al., 2012). 
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The current challenge is to gain insight into the sorption mechanisms 
of a wide range of pesticides to identify and design suitable mitigation 
measures while generating fine-resolution sorption data for accurate 
parametrization of the risk assessment tools (models/indicators). Yet, 
conventional laboratory methods for measuring sorption coefficients are 
extremely time-consuming and expensive (Forouzangohar et al., 2009). 
Therefore, there is a need to develop rapid and cost-effective method
ologies for both predicting and specifying sorption mechanisms for a 
large range of pesticides and soil types (Dagès et al., 2023; Gatel et al., 
2019; Singh et al., 2016). 

Pedotransfer functions based on SOC, texture and pH or, less 
frequently, on CEC and metal oxides are the historical approach for 
predicting and specifying pesticide sorption (Boivin et al., 2005; Dol
linger et al., 2015; Kah and Brown, 2007; Kodešová et al., 2011; Weber 
et al., 2004). The limited number and covariation of the soil properties 
considered can hinder their ability to predict and specify sorption 
mechanisms. Recent approaches combining SOC characterization by 
nuclear magnetic resonance (NMR) or metabolomics and chemometrics 
provide good predictive performance for a range of pesticides whose 
sorption depends primarily on SOC content and nature (Dollinger et al., 
2023; Kookana et al., 2014). However, they do not account for the in
fluence of mineral constituents particularly known to influence the 
sorption of polar pesticides (Kah and Brown, 2007). These approaches 
are also rather time consuming and expensive (Dollinger et al., 2015; 
Kookana et al., 2014). 

Infrared spectroscopy combined with chemometrics has been 
featured as a rapid and cost-effective alternative to traditional labora
tory methods for the estimation of numerous soil properties (Barra et al., 
2021; Ng et al., 2022; Seybold et al., 2019). Both the 
Visible-Near-Infrared (Vis-NIR, 400–2500 nm) and Mid-Infrared (MIR, 
4000–400 cm− 1) spectral ranges were successfully used for the estima
tion of pesticide adsorption coefficients (Ding et al., 2011; For
ouzangohar et al., 2009; Hermansen et al., 2020; Paradelo et al., 2016; 
Parolo et al., 2017; Shan et al., 2020; Singh et al., 2016; Umali et al., 
2012). MIR generally outperform NIR for the prediction of numerous 
soil properties including pesticide adsorption coefficients (For
ouzangohar et al., 2009; Ng et al., 2022; Seybold et al., 2019). However, 
MIR was applied only for two hydrophobic pesticides, diuron and 
chlorpyrifos (Forouzangohar et al., 2009; Parolo et al., 2017; Umali 
et al., 2012). In addition, there was, to our knowledge, no attempt to 
estimate the pesticide desorption coefficients neither from NIR nor from 
the MIR spectral domain. 

MIR spectroscopy is able to discriminate various mineral and organic 
functional groups potentially involved in the pesticide sorption mech
anisms (Forouzangohar et al., 2009; Ng et al., 2022; Parolo et al., 2017). 
Indeed, absorption in the MIR region results from fundamental vibration 
of minerals and organic functional groups, whereas the Vis-NIR region is 
dominated by broad and overlapping peaks from overtones and com
bination of these fundamental vibrations (Lohumi et al., 2015; Paradelo 
et al., 2016; Seybold et al., 2019). These surface functional groups are 
active binding sites for a range of contaminants including pesticides 
with influence varying according to the structure and elemental 
composition of the pesticides (García-Delgado et al., 2020; Khalid et al., 
2020; Novotny et al., 2020). 

Given the diversity of mineral and organic components of soil having 
a specific signal in the MIR region, we hypothesized that the estimation 
of sorption coefficients from MIR spectroscopy combined with chemo
metrics can be extended to a larger range of pesticides including polar 
and hydrophobic active ingredients. We also hypothesized that the 
specificity of the signal from these functional groups in the MIR region is 
a precious and under exploited opportunity to specify pesticide 
adsorption and desorption mechanisms. Accordingly, the aims of the 
study are 1) to evaluate the performance of MIR spectroscopy combined 
with partial least squares regression (PLSR) for the prediction of soil 
adsorption and desorption coefficients of a range of polar to hydro
phobic pesticides and 2) to identify functional groups involved in the 

sorption mechanisms of these pesticides. 
Three pesticides among the most used worldwide for a variety of 

crops, including cereals, orchards or vineyards (Matich et al., 2019; 
Sharma et al., 2019) and covering an extended range of hydrophobicity, 
solubility and surface charges were selected for this study. These are: 
glyphosate, a hydrophilic broad-spectrum post-emergence herbicide; 2, 
4-dichlorophenoxyacetic acid (2,4-D), a hydrophilic selective 
post-emergence herbicide and difenoconazole, a hydrophobic systemic 
fungicide. 

2. Material and methods 

2.1. Chemicals 

The three selected pesticides cover an extended range of physico- 
chemical properties as described here after. Glyphosate has a very 
high aqueous solubility (100 g/L), low hydrophobicity (logP − 6.28) and 
is a zwitterion under pH 10.2 (PPDB, 2023). 2,4-D also has a very high 
aqueous solubility (24 g/L), low hydrophobicity (logP − 0.82) but is 
negatively charged under environmental pH ranges (PPDB, 2023). 
Difenoconazole has a low aqueous solubility (15 mg/L), high hydro
phobicity (logP 4.36) and is uncharged under environmental pH ranges 
(PPDB, 2023). 

Non-labeled glyphosate, 2,4-D and difenoconazole were supplied by 
Merck and 14C-labeled pesticides by ISOBIO (Fleurus, Belgium). Merck 
supplied sodium azide (NaN3) and calcium chloride (CaCl2). All the 
chemicals used were HPLC grade. 

Fig. 1. Physico-chemical properties of the soils. This set of 37 soils includes 
soils sampled in Guadeloupe in the French West Indies (WI) and two catchments 
from southern France (FR-RO and FR-RI). The figure displays the texture range 
(a.), the pH range (b.), the soil organic fraction range (c.) and the cation ex
change capacity range (d.). The texture (a) is classified according to the USDA 
classification. The letters in the texture triangle refer to the texture class (e.g. 
ClLo is “Clay Loam”). 
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2.2. Soil sampling and characterization 

We constituted a set of 37 soil samples, from three locations in the 
French mainland and overseas territories, with the purpose of covering a 
wide range of soil types with contrasted physico-chemical properties. 
Ten soils were collected on the Basse-Terre Island, Guadeloupe, French 
West Indies (WI). These soils belong to a tropical toposequence of vol
canic ash soils and are differentiated according to the age of the volcanic 
deposit. The other soils were collected in two vineyard catchments in 
southern France characterized by a Mediterranean climate, the Roujan 
and Rieutor watersheds (FR-RO and FR-RI, respectively). These are only 
a few kilometers apart but characterized by contrasted soils due to 
variations of underground rocks and pedogenesis processes. Some of the 
FR-RO soils were sampled in un-cropped areas of the site such as fallows, 
hedgerows, grass strips or ditches to diversify the type and content of 
organic carbon. Eleven and 16 samples were collected from FR-RO and 
FR-RI, respectively. 

The texture, organic carbon content (OC), pHH2O, cation exchange 
capacity (CEC) and calcium carbonates (CaCO3) were measured at the 
INRAE LAS laboratory (Arras, France) for both FR-RO and FR-RI soils 
and at the Cirad US 49 laboratory (Montpellier, France) for WI soils 
(specific habilitation for analyzing overseas soils). The standardized 
methods used were the same at both laboratories. These were NF ISO 
11277, NF ISO 14235, NF ISO 23470, NF ISO 10693 and NF ISO 10390 
for the texture, OC, CEC, CaCO3 and pH, respectively. These properties 
are displayed in Fig. 1. 

2.3. Measurement of the sorption coefficients 

Both adsorption and desorption isotherms were characterized for the 
37 soils. The adsorption batch test procedure was designed following the 
OECD guidelines n◦106 (OECD, 2000) and is described in details in 
Dollinger et al. (2023). Briefly, 14C-labeled glyphosate, 2,4-D and 
difenoconazole were used for the experiments. The concentration of the 
solutions used were 5, 10, 50, 100 and 1000 μg/L. The background 
electrolyte was composed of 200 mg/L NaN3 for glyphosate and 200 
mg/L NaN3 plus 0.01M CaCl2 for the other pesticides. The solid-to-liquid 
ratio for all batches was 1:10 (g/mL). Soils were equilibrated for 24h 
with the pesticide in glass tubes at a shaking speed of 150 rpm. The tubes 
were then centrifuged at 3000 rpm (1770 g) for 10 min, and the su
pernatant was sampled and analyzed by liquid scintillation counting 
(LSC). Following the adsorption phase, a five-step desorption was per
formed as detailed in Dollinger et al. (2023). The adsorption and 
desorption batches were all conducted in triplicates. 

Both linear (Equation (1)) and Freundlich (Equation (2)) models 
were fitted to the adsorption isotherms. Given the excellent linearity of 
the adsorption isotherms (0.91<nads < 1.01), only the linear adsorption 
coefficients Kdads are used for the rest of the study. However, the 
desorption isotherms are non-linear. Therefore, the Freundlich Kfdes and 
ndes coefficients are used. The adsorption being linear, ndes provides an 
estimation of the desorption hysteresis that is considered significant 
when H < 0.70 (H = ndes/nads) (Barriuso et al., 1994). 

Cs=Kd ∗ Caq (1)  

Cs=Kf ∗ Caqn (2)  

Where Caq is the concentration in the aqueous phase at equilibrium (μg/ 
L), Kd the linear sorption coefficient (L/Kg), Kf ([μg/kg]/[μg/L]n) and n 
(− ) are the Freundlich coefficients and Cs the concentration in the soil 
(μg/Kg). For Kd, Kf and n, the subscript “ads” is used when the models 
(Equation (1) or (2)) are fitted to an adsorption isotherm and “des” when 
the models are fitted to a desorption isotherm. 

2.4. Acquisition and preprocessing of the MIR spectra 

The soils were ground and sieved at 200 μm. Prior to the acquisition 
of the MIR (mid-infrared) spectra, the soils were dried for 4 day at 35 ◦C. 
All the soil spectra were scanned by a Nicolet Is10 (Thermo Scientific) 
spectrophotometer equipped with a DRIFT (Diffuse reflectance mid- 
infrared Fourier transform) accessory. The MIR spectra were recorded 
as the mean of 32 scans from 4000 to 400 cm− 1 and the spectral reso
lution is 1 cm− 1. Absorbance spectra are obtained using equation (3): 

Absorbance= log(1 /Reflectance) (3) 

Two of the most popular spectral pre-treatments, Savitsky-Golay 
(STG) and Standard Normal Variate (SNV) were tested individually 
(Barra et al., 2021; Ng et al., 2022; Shan et al., 2020). The “signal” 
(signal developers, 2013) and “prospectr” (Stevens and Ramirez-Lopez, 
2022) packages of the R software (R Core Team, 2023) were used to 
apply the STG and SNV pre-treatments, respectively. 

2.5. Chemometric prediction and specification of the pesticide sorption 
coefficients 

2.5.1. Partial least square regression models 
Partial least squares regression (PLSR) was performed with the pls 

package (Liland et al., 2022) of R software (R Core Team, 2023) to 
establish predictive models for Kdads, Kfdes and ndes of the three pesti
cides. The optimal number of latent variable (LV) was determined for 
each predictive model using the leave-one-out cross-validation (LOO 
CV) method. This LV number is considered optimal when the Root Mean 
Squared Error in cross-validation (RMSECV) is the lowest. The maximum 
number of latent variable was set to 20. 

The raw, the SNV- and STG-treated spectra were used as predictive 
variables, respectively. We compared their performance for all of the 
sorption coefficients. The R2, RMSECV from leave-one-out cross valida
tion and the ratio of performance to interquartile distance (RPIQ) were 
used to evaluate the performance of the PLSR models. RPIQ was used 
instead of ratio of performance to deviation (RPD) as, except for 
Kdads(GLY), the distributions of the sorption coefficients are non-normal 
(P-values <0.01 for Shapiro tests) (Bellon-Maurel et al., 2010). In 
addition, we compared the error of the spectral prediction to the un
certainty (sd) of the Kdads measure using a Prediction Accuracy index 
PAi as defined in Equation (4). For PAi ≤1, the error of spectral pre
diction (predicted Kdads – measured Kdads) is higher than the sd of the 
Kdads measure calculated from the batch triplicates (section 2.3). The sd 
of the Kdads measure represents 8–10 % of the average Kdads. PAi ≤1 
therefore indicates that the PLSR model is very accurate. 

PAi = abs[Kdads(predicted) − Kdads (measured) ] / sd(Kdads (measured) )
(4)  

Where PAi is the accuracy criteria (− ), Kdads(predicted) the predicted 
adsorption coefficient (L/Kg), Kdads(measured) is the measured 
adsorption coefficient (L/Kg) and sd(Kdads(measured) the standard de
viation of the measured Kdads (L/Kg). 

For 2,4-D the adsorption on the FR-RO and FR-RI soils was very weak 
and the desorption elevate. Therefore, accurate measurement of Kfdes 
and ndes for these soils was not possible or very uncertain. Given the 
limited number of accurate calibration values of Kfdes(2,4-D) and 
ndes(2,4-D), we chose not to build PLSR models. 

2.5.2. Significant wavelengths identification and assignment 
In order to gain insight into the sorption mechanisms, the most sig

nificant wavelengths were identified from each PLSR model. A hybrid 
wavelength point selection method combining Variable Importance in 
the Projection (VIP) and regression coefficients (RC) was implemented 
(Fu et al., 2022; Lohumi et al., 2015; Wang et al., 2022). For each PLSR 
model, the RC used for the significant wavelength identification step 
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were those from the last factor (LV), that integrates all the spectral 
features used in the regression (Forouzangohar et al., 2009). The 
threshold value was set to 1 for VIP and to the standard deviation (sd) 
value for RC. All wavelengths with VIP> 1 & RC > sd were considered 
significant. 

A review of the literature was conducted to relate the significant 
wavelengths to functional groups and to their putative origin (Table 1). 

3. Results 

3.1. Soil properties and pesticide sorption 

The set of soils selected for this study covers most of the texture 
classes from the USDA textural classification (Fig. 1a) and an extensive 
range of SOC (0.46–6.50%), pHH2O (4.63–8.68) and CEC (5.99–48.50 
cmol/kg) (Fig. 1b, c & d). The WI soils are characterized by elevate SOC, 
clay and CEC as well as low pH (Fig. 1 & Fig. S1, supplementary ma
terial). The FR-RO and FR-RI are distinct from the WI soils and more 

Table 1 
Peak assignments for the selected MIR spectral bands.  

Spectral 
band 
(cm− 1) 

Functional 
group 

Putative origin Influenced 
sorption 
coefficient 

References 

3700-365O OH (vibration/ 
stretching) 

Kaolinite Kdads(GLY/ 
2,4-D/DIF) 
Kfdes(GLY/ 
DIF) 
ndes(GLY) 

Allo et al. 
(2020);  
Parolo et al. 
(2017);  
Simkovic 
et al. (2008); 
Yeasmin 
et al. (2017) 

3625–3620 Al2OH 
(stretching) 

Aluminum oxide Kdads(GLY/ 
DIF) 
Kfdes(DIF) 
ndes(DIF) 

Allo et al. 
(2020);  
Yeasmin 
et al. (2017) 

3540–3515 OH (vibration/ 
stretching) 

Gibbsite Kdads(2,4- 
D) 
Kfdes(DIF) 
ndes(DIF) 

Allo et al. 
(2020);  
Madari et al. 
(2006);  
Yeasmin 
et al. (2017) 

3450–3400 OH (vibration/ 
stretching) 

Goethite/ 
hematite 

Kdads(GLY) 
Kfdes(DIF) 

Allo et al. 
(2020);  
Yeasmin 
et al. (2017) 

3391 OH (vibration/ 
stretching) 

Gibbsite – Allo et al. 
(2020);  
Yeasmin 
et al. (2017) 

3500–3200 OH (vibration/ 
stretching) 

Phenols, humic 
substances, 
lignin, possible 
overtones with 
phyllosilicate 
minerals 

Kdads(GLY/ 
2,4-D) 
Kfdes(DIF) 

Cox et al. 
(2000);  
Parolo et al. 
(2017); Wen 
et al. (2018) 

3000–2800 CH, CH2 

(stretching 
vibration) 

Fats, wax, lipids, 
humic substances 

Kdads(DIF) Cocozza 
et al. (2003); 
Madari et al. 
(2006);  
Niemeyer 
et al. (1992); 
Verchot 
et al. (2011); 
Wen et al. 
(2018) 

2800–2260 CH Benzene rings =
C–H 

– Wen et al. 
(2018) 

2520–2500 CO3
2−

(vibration) 
Minerals Kdads(2,4- 

D) 
Kfdes(DIF) 
ndes(GLY) 

Parolo et al. 
(2017) 

1920–1840 C––O 
(stretching) 

Carboxilic acids Kdads(2,4- 
D/DIF) 
Kfdes(GLY/ 
DIF) 
ndes(DIF) 

Wen et al. 
(2018) 

1820–1760 C––O 
(stretching) 

Hydrophylic 
SOM 

Kdads(2,4- 
D/DIF) 
Kfdes(GLY/ 
DIF) 
ndes(DIF) 

Simkovic 
et al. (2008); 
Verchot 
et al. (2011) 

1700–1540 C––O/COO-/ 
C––C 

Aromatic organic 
matter 

Kdads(DIF) 
ndes(GLY/ 
DIF) 

Ellerbrock 
and Kaiser 
(2005);  
Madari et al. 
(2006);  
Simkovic 
et al. (2008); 
Wen et al. 
(2018) 

1650–1600 C––C 
(stretching) 

Lignin, aromatic 
or aliphatic 
carboxylates 

Kdads(GLY/ 
2,4-D) 
ndes(GLY/ 
DIF) 

Cocozza 
et al. (2003); 
Madari et al. 
(2006);  
Niemeyer  

Table 1 (continued ) 

Spectral 
band 
(cm− 1) 

Functional 
group 

Putative origin Influenced 
sorption 
coefficient 

References 

et al. (1992); 
Parolo et al. 
(2017);  
Verchot 
et al. (2011) 

1600–1500 N–H/NH2 

(bending 
vibration) 

Proteins Kdads(GLY/ 
2,4-D/DIF) 
Kfdes(GLY) 
ndes(DIF) 

Artz et al. 
(2008);  
Madari et al. 
(2006);  
Parolo et al. 
(2017);  
Simkovic 
et al. (2008) 

1450–1430 CO3
2−

(vibration) 
Calcite and 
minerals of the 
calcite and 
dolomite groups 

Kdads(2,4- 
D) 
Kfdes(GLY) 

Parolo et al. 
(2017) 

1430–1330 COO- 
(stretching) 

Carboxylate/ 
Carboxylic 
structures 
(humic acids) 

Kdads(GLY/ 
2,4-D) 
Kfdes(GLY/ 
DIF) 
ndes(GLY/ 
DIF) 

Artz et al. 
(2008);  
Madari et al. 
(2006);  
Parolo et al. 
(2017); Wen 
et al. (2018) 

1300–1200 C–O 
(stretching)/ 
OH 
(deformations) 

Alcohols, ethers, 
phenols, 
carboxylic acids 
and esters 

Kdads(2,4- 
D/DIF) 
Kfdes(GLY/ 
DIF) 
ndes(GLY/ 
DIF) 

Madari et al. 
(2006);  
Parolo et al. 
(2017);  
Verchot 
et al. (2011) 

1100–1000 C–O–C Cellulose, 
polysaccharides 

Kdads(DIF) 
Kfdes(GLY) 
ndes(GLY) 

Ellerbrock 
and Kaiser 
(2005);  
Verchot 
et al. (2011); 
Wen et al. 
(2018) 

835 Aromatic CH Lignin ndes(GLY) Artz et al. 
(2008);  
Madari et al. 
(2006) 

730–720 CH, CH2 Long chain 
(>C4) alkanes 

Kdads(DIF) Artz et al. 
(2008);  
Madari et al. 
(2006) 

900–400 Si–O 
(stretching)/ 
OH (bending) 

Minerals Kdads(GLY/ 
2,4-D/DIF) 
Kfdes(GLY/ 
DIF) 
ndes(GLY/ 
DIF) 

Parolo et al. 
(2017); Xiao 
et al. (2020)  
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diverse. They have in general higher pH values and coarser textures but 
contrasted calcium carbonate and SOC contents (Fig. 1 & Fig. S1). 

The absorption in the MIR region (4000–400 cm− 1) gives further 
indications about the relative proportion of diverse functional groups 
that vibrate at specific wavelengths (Table 1). The clustering of the MIR 
spectra by PCA also highlights the differences between the WI and FR- 
RO/FR-RI soils and the greatest diversity of FR-RO/FR-RI soils 
compared to WI soils (Fig. S2). The shape of the MIR spectra differs 
among the soils especially for the 3700–3500 cm− 1 (clay minerals), 
3000–2800 cm− 1 (hydrophobic SOM), 2640–2440 cm− 1 (hydrophobic 
SOM and carbonates), 2300–1760 cm− 1 (hydrophilic SOM) and 
1560–400 cm− 1 (hydrophobic and hydrophilic SOM with mineral 
overtones) spectral bands (Fig. 8 & Table 1). This indicates that both the 
mineral and the organic fractions of these soils are contrasted. 

Fig. 2 displays the correlation matrix between soil physico-chemical 
properties and pesticide sorption coefficients. It shows that SOC signif
icantly (p-value <0.05) and strongly correlates with all of the adsorption 
and desorption coefficients except Kdads(GLY) and ndes(2,4-D). CEC ex
hibits equivalent correlations with the sorption coefficients than SOC, 
which is not surprising given their strong covariation. pH also correlates 
with all sorption coefficients except ndes(2,4-D). It is the lone of these 
four soil properties that correlate with Kdads(GLY) for this set of soils. 
Clay content correlate with the Kfdes of the three pesticides and with 
Kdads(2,4-D) and ndes(DIF). ndes(2,4-D) doesn’t correlate with any of 
these soil properties. 

In accordance with the ranges of soil properties and their relative 
influence on the sorption of the selected pesticides, the measured 
adsorption and desorption coefficients cover several orders of magni
tude (Fig. 3). The sorption behavior is also contrasted among the three 
pesticides. Glyphosate has a moderate to high adsorption (Kdads 
3.2–28.8 L/kg) and a very strong desorption hysteresis (Kfdes 263–4844 
([μg/kg]/[μg/L]n) & ndes 0.04–0.25). Difenoconazole has a very high 
adsorption (Kdads 8.5–228.5 L/kg) and a strong desorption hysteresis 
(Kfdes 140–4116 ([μg/kg]/[μg/L]n) & ndes 0.03–0.65). Last, exception 
made for the WI soils (Kdads 1.5–7.1 L/kg, Kfdes 189–624 ([μg/kg]/[μg/ 
L]n) & ndes 0.11–0.40), 2,4-D is weakly adsorbed (Kdads 0.02–0.75 L/kg) 
and has moderate to no desorption hysteresis (Kfdes 0–6 ([μg/kg]/[μg/ 
L]n) & ndes 0.03–1.55). 

3.2. Performances of MIR-PLSR models for pesticide sorption coefficients 
prediction 

Fig. 6 displays the scatter plots of the Kdads measured versus predicted 
by PLSR for glyphosate, 2,4-D and difenoconazole. Fig. 7 shows the 
scatter plots of the desorption coefficients Kfdes and ndes measured versus 
predicted by PLSR for glyphosate and difenoconazole. The performance 
criteria (R2, RMSECV, RPIQ) and the number of latent variable (LV) are 
also display on Figs. 6 and 7. Given the high resolution of the raw 
spectra, the STG pre-treatment didn’t significantly improve the predic
tion accuracy of the PLSR for any of the predicted coefficient. SNV 

Fig. 2. Correlation matrix between the soil properties and the pesticide sorption coefficients. P-values 0 *** 0.001 ** 0.01 * 0.05. The size of the circles is 
proportional to the R2 value. 
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outperformed the raw signal only for Kdads(GLY), Kfdes(DIF) and ndes(
DIF). Therefore, the predictive models were established using the raw 
spectra except for Kdads(GLY), Kfdes(DIF) and ndes(DIF) that were based 
on the SNV-treated signals. The number of latent variables varied from 4 
to 10 for Kdads, from 3 to 8 for Kfdes and from 2 to 7 for ndes. 

The predictive performance, featured by the R2 (− ), RPIQ (− ) and 
RSMECV (L/kg) values, varies across the range of coefficients and pes
ticides considered. For the adsorption coefficients Kdads, the goodness of 
fit, featured by the RPIQ values, is good and equivalent for the three 
pesticides. The R2 of glyphosate is half that of 2,4-D or difenoconazole. 
However, the PAi, that compares the error of prediction to the standard 
deviation of the Kdads measure, is lower for glyphosate than for 2,4-D 
and difenoconazole. This is due to higher sd of the Kdads measures for 
glyphosate than for 2,4-D and difenoconazole. Furthermore, despite 
similar R2 and RPIQ values for 2,4-D and difenoconazole, the predictive 
performance is lower for 2,4-D. Indeed, the PAi is high and about ten 
time higher for the FR-RO & FR-RI soils compared to the WI soils for 2,4- 
D (Fig. 6). 

For the desorption coefficients, Kfdes & ndes, the predictive perfor
mance is good for difenoconazole and fair for glyphosate (Fig. 7). The 
performance of the PLSR for the prediction of ndes is generally weaker 
than that of Kfdes. This, along with the poor correlation of ndes with SOC, 
texture, CEC or pH (Fig. 2), suggests that other characteristics of the 

systems (e.g. solid-liquid ratio, amount of pesticide in the system etc.) 
influence this coefficient (Dollinger et al., 2015; Wauchope et al., 2002). 

3.3. Functional groups involved in the pesticide sorption mechanisms 

The wavelength selection method (section 2.5.2) identifies the most 
significant spectral bands in the predictive PLSR models. The significant 
spectral bands for the prediction of Kdads are displayed in Fig. 4. The 
significant spectral bands for the prediction of Kfdes and ndes are dis
played in Fig. 5 and Figure S3 (supplementary material), respectively. 
Functional groups vibrating at these wavelengths are deemed to play a 
prime order role in the adsorption or desorption of the tested pesticide. 
For most of the significant spectral bands, putative functional groups 
could be assigned (Table 1). The RC value gives further indication about 
the nature of the interaction with the functional groups. Some functional 
groups are positively correlated to the sorption parameters, which 
suggests that these are active biding sites. However, other are negatively 
correlated indicating a repulsive tendency. Fig. 8 synthesizes the sig
nificant spectral bands for all predicted sorption coefficients as well as 
the nature of the correlation (positive or negative) and the assigned 
putative functional groups. 

It is interesting to note that, for the three tested pesticides, the 
functional groups interfering in the adsorption and desorption 

Fig. 3. Measured sorption coefficients. The figure shows the distributions of adsorption (Kdads) and desorption (Kfdes & ndes) coefficients measured for the WI soils 
(turquoise dots), the FR-RO (gold dots) and FR-RI (orange dots) soils for the pesticides glyphosate, 2,4-D and difenoconazole. (For interpretation of the references to 
colour in this figure legend, the reader is referred to the Web version of this article.) 
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mechanisms differ. However, for all of the three pesticides, both organic 
and mineral functional groups are involved (Fig. 8 & Table 1). 

The adsorption of glyphosate is positively correlated to OH groups 
from kaolinite and aluminum oxides as well as organic NH/NH2 and 
C––C groups and negatively to COO- and OH groups from goethite or 
phenols (Fig. 8 & Table 1). As a contrast, the adsorption of difenoco
nazole is negatively correlated to OH groups from kaolinite & aluminum 
oxides and C––O from hydrophilic soil organic matter (SOM) and 

positively correlated to CH2, C––C, COO-, C–O, C–O–C and OH from 
hydrophobic SOM (Fig. 8). For 2,4-D, both attractive and repulsive in
teractions are evidenced with the mineral (kaolinite/gibbsite) OH and 
CO3

2− functional groups. Kdads from 2,4-D is also positively correlated to, 
OH and C–O from hydrophilic SOM and negatively to C––O, C––C, NH/ 
NH2, COO-. 

Some of the significant wavelengths are common to the Kdads and 
Kfdes PLSR models (Fig. 8). When these wavelengths are positively 

Fig. 4. Identification of the discriminant spectral bands in the PLSR for the estimation of the adsorption coefficients (Kdads). The wavelength selection is 
based on the regression coefficients (>sd) and on the VIP score (>1). The variable importance in the projection (VIP) scores are displayed on top for Kdads(GLY) (a.), 
Kdads(2,4-D) (d.) and Kdads(DIF) (h.). The regression coefficients (RC) are plotted in the middle for Kdads(GLY) (b.) Kdads(2,4-D) (e.) and Kdads(DIF) (i.). The red 
dashed lines represent the significance level above which the wavelengths are considered significant (RC > sd & VIP>1). The selected spectral bands are materialized 
as vertical dashes; turquoise for glyphosate (c.), blue for 2,4-D (f.) and black for difenoconazole (j.). (For interpretation of the references to colour in this figure 
legend, the reader is referred to the Web version of this article.) 

Fig. 5. Identification of the discriminant spectral bands in the PLSR for the estimation of the desorption coefficients (Kfdess). The wavelength selection is 
based on the regression coefficients (RC > sd) and on the variable importance in the projection (VIP) score (>1). The figure displays the VIP scores on top for 
Kfdes(GLY) (a.) and Kfdes(DIF) (d.). The regression coefficients are plotted in the middle for Kfdes(GLY) (b.) and Kfdes(DIF) (e.). The red dashed lines represent the 
significance level above which the wavelengths are considered significant (RC > sd & VIP>1). The selected spectral bands are materialized as vertical dashes; 
turquoise for glyphosate (c.) and black for difenoconazole (f.). (For interpretation of the references to colour in this figure legend, the reader is referred to the Web 
version of this article.) 
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correlated to both the Kdads and Kfdes in the PLSR models, it could 
indicate a strong and faintly reversible bond with the corresponding 
functional group (Fig. 8 & Table 1). It is the case for example for 
glyphosate with the mineral OH group and for difenoconazole with the 
C–O and organic OH groups. In contrast, some of the wavelengths are 
negatively correlated to both the Kdads and Kfdes in the PLSR models, 
indicating weak bonds or repulsive influence. This includes the COO- 
group for glyphosate; mineral OH, Si–O and the C––O groups for 
difenconazole. Other functional groups are positively correlate to the 
Kdads and negatively to the Kfdes suggesting strong but reversible bonds. 
The desorption hysteresis appears to be influenced both by the mineral 
fraction of soil and by the hydrophilic fraction of SOM (Fig. 8). There are 
indeed few significant wavelengths for ndes in the 3500–2000 cm− 1 

range and many in the 3700–3550 and 1900 - 400 cm− 1. 

4. Discussion 

4.1. Extent of the sorption coefficient datasets 

The extensive ranges of measured Kdads (Fig. 3) are in accordance 
with the great variability of the soil physico-chemical properties (Fig. 1) 
and their reported influence on the adsorption of these pesticides 
(Dollinger et al., 2015; Wang et al., 2020; Weber et al., 2004; Werner 
et al., 2013). The measured Kdads values of 2,4-D and difenoconazole 
exceed the ranges of Kdads reported in the literature (0.3–1.9 L/kg for 2, 
4-D & 2–99 L/kg for DIF) (Godeau et al., 2021; PPDB, 2023; Wang et al., 
2020; Werner et al., 2013). The Kdads values of glyphosate are in the 
low-medium range of values reported in the literature (0.8–510 L/kg) 
(Dollinger et al., 2015; Gurson et al., 2019; Hermansen et al., 2020; 
Paradelo et al., 2016). Higher Kd values reported for glyphosate were 
measured with CaCl2 as background electrolyte. We chose not to add 
CaCl2 to the glyphosate solutions as it significantly and artificially in
creases the Kdads values (Cruz et al., 2007; de Jonge and Wollesen de 

Jonge, 1999; Dollinger et al., 2015). 
Few information about the ranges and drivers of pesticide desorption 

is available in the literature. This is partly due to the elevate time and 
costs needed to acquire these parameters. The desorption hysteresis is 
actually not represented in the risk assessment tools. However, even if 
these coefficients can’t be easily implemented in the risk assessment 
tools, they help assess the uncertainty of their outputs and the long-term 
efficiency of the mitigation measures. Indeed, desorption controls the 
remobilization of pesticides after spraying during the successive runoff 
events. If the adsorption is significant (Kdads > 1 L/kg) and the 
desorption hysteretic (H < 0.7), the models/indicators overestimate the 
risk of dispersion. 

4.2. Performance of the MIR-PLSR approach for predicting pesticide 
sorption 

The extended sorption coefficient ranges are ideal for testing the 
global performance of the MIR-PLSR approach. Although the dataset 
used to calibrate the PLSR models is limited compared to applications of 
Infrared spectroscopy for the prediction of primary soil properties (SOC, 
texture etc.) (Barra et al., 2021; Ng et al., 2022; Seybold et al., 2019), it 
is quite elevate in the case of pesticide sorption coefficients (Bengtsson 
et al., 2007; Paradelo et al., 2016; Parolo et al., 2017; Umali et al., 
2012). 

For Kdads, the performance of the PLSR is good for the three pesti
cides (Fig. 6). However, the differences between the WI and FR-RO/FR- 
RI soils (Fig. 1, Fig S1 & S2) induce a bimodal distribution of Kdads(2,4- 
D), and, to a minor extent, of Kdads(DIF). This challenges the prediction 
performance of Kdads(2,4-D) for the FR-RO/FR-RI soils. However, it has 
limited influence for the prediction of Kdads(DIF). Contrastingly, the 
distribution of the Kdads(GLY) is normal. While the calibration of the 
approach with this set of very contrasted soils provides good estimations 
of the Kdads, site-specific calibration could modulate the prediction 

Fig. 6. Performance of the PLSR models for the estimation of the adsorption coefficients. On top the plots represent the predicted vs the measured coefficients 
and their position relative to the 1:1 line (dashed blue line) for the WI soils in turquoise, the FR-RI soils in orange and the FR-RO soils in gold. The performance 
criteria (R2, RPIQ & RMSECV) as well as the number of latent variable (nLV) in the PLSR are indicated for each model. For Kdads(GLY) the SNV-treated spectra yielded 
higher accuracy and were used for the PLSR. For the other coefficients, the raw spectra were used for the PLSR. On the bottom, the graphs display the distribution of 
the PAi index that compares the precision of the model to the accuracy of the Kdads measure. The red dashed line indicates if the model is more precise (PAi <1) or 
less precise (PAi >1) than the standard deviation of the measure. (For interpretation of the references to colour in this figure legend, the reader is referred to the Web 
version of this article.) 
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accuracy depending on the local variability of soil properties. This is 
evidenced by two studies estimating glyphosate Kdads with NIR-PLSR, 
one at the scale of New Zealand (Hermansen et al., 2020) and the sec
ond at the field scale (Paradelo et al., 2016). The RMSECV and CV at the 
field scale (Paradelo et al., 2016) were about two times lower than at the 
country scale (Hermansen et al., 2020). 

For the desorption coefficients, Kfdes & ndes, the performance of the 
PLSR models seems related to the magnitude of the desorption hyster
esis. The goodness of fit is good for difenoconazole and fair for glyph
osate (Fig. 7). The low adsorption of 2,4-D (Kdads < 1 L/kg) and its low to 
null desorption hysteresis on the FR-RO/FR-RI soils challenged the 
measure of Kfdes(2,4-D) & ndes(2,4-D) for these 27 soils. Given the poor 
accuracy of the Kfdes(2,4-D) & ndes(2,4-D) measures for these soils, the 
dataset was too restricted to establish PLSR models. Last, ndes seems to 
be less influenced by the range of functional groups captured by the MIR 
spectroscopy. 

For the three pesticides, the coefficient of variation of the Kdads 
measures is 7–8% (calculated from the batch replicates (see section 2.3). 
For the average Kdads values, it represents a disparity of 1.4 L/kg for 
glyphosate, 3.8 L/kg for difenoconazole and 0.09 L/kg for 2,4-D. The 
RMSECV of the MIR-PLSR models are 3–8 times higher than these 
experimental uncertainties but are quite low compared to the Kdads 
ranges (Fig. 3). PAi further evaluates this difference between the pre
diction and measure accuracies for each parameter value (Fig. 6). PAi 
increase from glyphosate < difenoconazole<2,4-D. It is generally lower 
for the highest Kdads values of the distributions. 

The prediction uncertainties of MIRS-PLSR are also lower than those 

of traditional estimation methods such as the Koc (PPDB, 2023; Wau
chope et al., 2002) and pedotransfer functions (Boivin et al., 2005; 
Dollinger et al., 2015; Weber et al., 2004). It is also lower than PLSR 
combined with metabolomics that was tested on the same set of soils in a 
companion study (Dollinger et al., 2023). For polar pesticides, and 
especially for glyphosate, higher R2 were reported for NIR-PLSR (Her
mansen et al., 2020; Paradelo et al., 2016). Indeed, polar pesticides are 
primarily influenced by mineral constituents of soils (Dollinger et al., 
2015; Kah and Brown, 2007) that have strong signals in the Vis-NIR 
range (Hermansen et al., 2020; Paradelo et al., 2016). However, the 
coefficients of variation (CV) calculated by dividing the RMSECV by the 
mean Kdads, is equivalent to that of our study (Hermansen et al., 2020). 

4.3. Potential of the MIR-PLSR approach for specifying sorption 
mechanisms 

In addition to its good performance for predicting the sorption co
efficients of contrasted pesticides, the MIR-PLSR approach also provides 
useful information to specify the underlying sorption mechanisms. 
Indeed, the laboratory characterization of soils constituents (SOC, 
texture, pH, CEC, metal oxides, clay minerals etc.) to identify the drivers 
of sorption mechanisms, by establishing correlation with the Kdads, is 
extremely time consuming and expensive (Boivin et al., 2005; Kah and 
Brown, 2007; Ng et al., 2022; Seybold et al., 2019; Weber et al., 2004; 
Werner et al., 2013). Moreover, as displayed in Fig. 2, correlation among 
these soil constituents can mask their relative influence on pesticide 
sorption. This pedotransfer function approach also relies on the diversity 

Fig. 7. Performance of the PLSR models for the estimation of the desorption coefficients. The plots represent the predicted vs the measured coefficients and 
their position relative to the 1:1 line (dashed blue line) for the WI soils in turquoise, the FR-RI soils in orange and the FR-RO soils in gold. The performance criteria 
(R2, RPIQ & RMSECV) as well as the number of latent variable (nLV) in the PLSR are indicated for each model. For Kfdes(DIF) and ndes(DIF) the SNV-treated spectra 
yielded higher accuracy and were used for the PLSR. For the other coefficients, the raw spectra were used for the PLSR. (For interpretation of the references to colour 
in this figure legend, the reader is referred to the Web version of this article.) 
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of the soil constituents measured. 
Therefore, approaches predicting sorption coefficients based on in

direct characterization of soil constituents constitute interesting alter
natives for the specification of these mechanisms. Approaches 
combining chemometrics with NMR or metabolomics provide, but are 
restricted to, detailed information about the influence of the amount and 
nature of SOC (Dollinger et al., 2023; García-Delgado et al., 2020; 
Kookana et al., 2014). In contrast, infrared spectroscopy, especially in 
the MIR region, provide detailed information about the nature of both 
mineral and organic fractions and soil properties ensued from these (Ng 
et al., 2022; Seybold et al., 2019). 

The foremost influence of OH groups from kaolinite and iron/ 
aluminum oxides and the poor influence of organic functional groups on 
the adsorption of glyphosate (Fig. 8, Table 1) are in accordance with the 
literature. Indeed, many studies evidenced significant correlations be
tween its Kdads and clay minerals, iron/aluminum oxides, CEC and pH, 
while the reported influence of SOM is secondary and contrasted (De 
Gerónimo and Aparicio, 2022; Dollinger et al., 2015; Hermansen et al., 
2020). In terms of binding mechanisms, glyphosate has been reported to 
form strong bonds by ligand exchange on the broken edges of layer 
silicates, poorly ordered silicates or iron- and aluminum oxides (Borg
gaard and Gimsing, 2008; Dollinger et al., 2015; Ololade et al., 2014). 
Other possible binding mechanisms include the formation of complexes 

between glyphosate and the soil-exchanged polyvalent cations or the 
formation of HS–Me–glyphosate complexes in which Me is a trivalent or 
divalent metal cation and HS are humic substances (Dollinger et al., 
2015). The pH influences the charges of both glyphosate and of the soil. 

For 2,4-D, the influence of both mineral and organic functional 
groups (Fig. 4) is in accordance with its reported ability to bind both to 
mineral and organic constituents of soil with a strong influence of pH 
(Benoit et al., 1996; Werner et al., 2013). Kdads measured on isolated soil 
constituents suggest limited interactions of 2,4-D with quartz, calcite, 
kaolinite and montmorillonite (Kdads 0–0.05 L/kg), significant in
teractions with iron/aluminum oxides (Kdads 0.4–460 L/kg) and with 
humic acids (Kdads 14–60 L/kg) (Werner et al., 2013). 

There is no meta-analysis or pedotransfer function approach re
ported for difenoconazole in the literature. As for other highly hydro
phobic pesticides, its sorption is supposed to be influenced mainly by the 
organic fraction of soils (Weber et al., 2004). Influence of pH has also 
been reported by Wang et al. (2020) in a very small dataset. Although 
this reported influence of pH needs further evidences, it could corrob
orate the negative correlation with the Si–O & OH groups from minerals 
and C––O from hydrophilic SOM (section 3.3). This is also in accordance 
with the correlation with pH and SOC displayed in Fig. 2. 

Amendments with raw or treated organic wastes such as compost, 
digestate or biochar is a popular mitigation measure for limiting the 

Fig. 8. Synthesis of the significant wavelengths in the PLSR models for the prediction of the adsorption (Kdads) and desorption (Kfdes, ndes) coefficients of 
glyphosate (GLY), 2,4-D and difenoconazole (DIF). The significant spectral bands are selected from both VIP and RC values. The green and red bands correspond 
to positive and negative RC values, respectively. Putative functional groups assigned to the significant spectral bands are reminded at the bottom. These are classified 
according to their putative origin; mineral constituents (grey), hydrophilic SOM (ocher) and hydrophobic SOM (brown). (For interpretation of the references to 
colour in this figure legend, the reader is referred to the Web version of this article.) 
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dispersion of pesticides in croplands (Briceño et al., 2007; Dollinger 
et al., 2022; García-Delgado et al., 2020; Khalid et al., 2020). The 
knowledge of the functional groups interfering in the sorption of a range 
of pesticides could be very useful for evaluating the efficacy of this 
mitigation measure (García-Delgado et al., 2020). MIR spectra of 
organic amendments could give indications about their relative poten
tial to retain the contaminants of concern. 

5. Conclusion 

MIR-PLSR is a promising tool to predict the adsorption and desorp
tion coefficients of polar and nonpolar pesticides for soils having con
trasted physico-chemical properties. The prediction performance is good 
for the adsorption coefficients of the three pesticides. It is also good for 
the desorption coefficients of pesticides exhibiting strong desorption 
hysteresis such as glyphosate and difenoconazole. The establishment of 
the PLSR models requires a calibration step to integrate to the variability 
of soil properties from the investigated pedo-climatic contexts. This can 
be time-consuming depending on the number of targeted pesticides. Yet 
once this is achieved, a single MIR spectrum can provide estimations for 
both adsorption and desorption coefficients for the whole range of 
pesticides tested. Therefore, it is beneficial in terms of risk assessment to 
diversify the range of pesticides evaluated and to refine the resolution of 
the sorption parametrization in the risk assessment tools. The approach 
was tested for a very diverse set of soils, but its local precision related to 
agricultural practices and pedomorphologic characteristics of land
scapes remains to be evaluated. MIR spectroscopy is very rapid, non- 
destructive and cost-effective technique. The specificity of the signal 
for a diversity of mineral and organic functional groups in the MIR re
gion help to gain insight into the sorption mechanisms and the soil 
constituents involved. This can ease the a priori evaluation of mitigation 
measures efficacy. 
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