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i Cavanilles Institute of Biodiversity and Evolutionary Biology, University of Valencia, C/Catedrático José Beltrán 2, Valencia, Paterna E-46980, Spain
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A B S T R A C T

Soil aggregates facilitate the infiltration of water into soils. However, information on soil aggregates has not been 
used for prediction of saturated hydraulic conductivity (Ks) in hydrological or Land Surface Models (LSM) so far. 
We hypothesized that aggregate size, described by the mean weight diameter (MWD), is a key driver of Ks across 
different climates. To test this, 49 cropland soils were sampled along a climosequence from Northern Sweden to 
Southern Spain. Tension infiltrometer measurements were performed to determine Ks, which were then pre
dicted using basic soil properties and aggregate size. 10 existing pedotransfer functions (PTFs) using easy-to- 
measure soil properties were tested. Without recalibration of the regression coefficients to our data, all exist
ing PTFs performed poorly. After calibration, Root Mean Squared Error (RMSE) and R2 values improved to 
0.81–1.10 (lnKs) and 0.10–0.51, respectively. Subsequently, two new regression-based PTFs were developed, 
using soil organic carbon (SOC) content and soil texture as predictors, and explained up to 61% of the data 
variability. Additionally, MWD could be predicted using soil texture, bulk density, and SOC, with an R2 of 0.9 and 
an RMSE of 343 µm, which allowed replacement of laboratory MWD measurements. Aggregate MWD alone could 
not predict Ks, but the performance of the two newly developed PTF substantially reduced the RMSE and 
increased the R2 up to 0.68 after combining MWD with soil texture and SOC. Using simple linear models for 
predicting aggregate MWD and implementing MWD into PTFs allows for better Ks estimation, and thus, water 
infiltration and transport in soils.
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1. Introduction

Soils link atmospheric and hydrological processes with the biosphere 
(Fatichi et al., 2020) and thus play an important role in regulating the 
water cycle. The ability of soils to facilitate water infiltration and 
transmit water is described by the functions of water retention and hy
draulic conductivity (Caplan et al., 2019). Additionally, saturated hy
draulic conductivity (Ks) is a key parameter in hydrological or land 
surface models (LSMs) to describe the partitioning of water at the soil 
surface into runoff and infiltration (Gutmann and Small, 2007; Ver
eecken et al., 2019). Ks measurements are time consuming and sample 
collection in large regions is not feasible. Therefore, LSMs use pedo
transfer functions (PTFs) to predict Ks from soil data that is more easily 
obtainable, such as soil texture, bulk density, and soil organic carbon 
(SOC) content (Vereecken et al., 2022).

However, most PTFs do not account for soil structure, and thus the 
impact of soil structure on Ks, such as fast infiltration of water into larger 
inter-aggregate pores, will not be predicted. Hence, traditional PTFs that 
do not allow soil structural information as predictors may underestimate 
Ks, leading to false estimates of other parts of the water cycle (Levin 
et al., 2023; Zhang and Schaap, 2019), such as an overestimation of 
runoff and an underestimation of infiltration (Fatichi et al., 2020). 
Including soil structure into PTFs to estimate Ks more precisely, could 
thus lead to an improved description of infiltration in LSMs (van Looy 
et al., 2017).

Soil structure, i.e., the arrangement of soil particles and aggregates 
leading to different pore spaces, can be described using the solid phase 
perspective, focusing on soil aggregates, or the pore space perspective 
(Rabot et al., 2018). The pore space perspective is often used in relation 
to soil hydraulic properties (Vogel et al., 2022), and distinguishes 
macropores from meso- and micropores by their functionality, as they 
are more subject to gravitational drainage, and therefore, only contain 
water at or close to saturation (Jarvis, 2007). Soil porosity and structure 
can be directly measured using imaging techniques, mercury porosim
etry, or gas adsorption, and can be indirectly derived from soil water 
retention curves (Diaz-Zorita et al., 2002). Even though imaging tech
niques have been made available for many scientific disciplines, it is still 
a time and cost intensive process and only small sample volumes can be 
measured (Rabot et al., 2018).

A quicker and more cost effective way of measuring soil structure is 
focusing on the soil aggregates, which is often done by aggregate frac
tionation (Diaz-Zorita et al., 2002; Rabot et al., 2018; Vogel et al., 2022). 
The amount of macro- (diameter > 250 µm) and microaggregates 
(diameter < 250 µm) strongly influences the pore size distribution 
(Vogel et al., 2022) and aggregates can therefore function as a surrogate 
to describe a more complex soil structure (Garland et al., 2024; Koestel 
et al., 2021; Six et al., 2004). In order to provide a single parameter of 
soil structure, the size and amount of micro- and macroaggregates are 
usually summarised as the mean weighted diameter (MWD) (Pulido 
Moncada et al., 2015).

Nevertheless, aggregate size fractionation to determine the MWD 
using sieving methods remains laborious and time-consuming. Hence, 
some studies have used surrogates for soil structure that are easier to 
obtain, such as gravel content and the presence of a mattic epipedon, a 
surface layer of intertwined grass roots that is common in alpine envi
ronments, e.g. at the Qinghai-Tibetan plateau (Wang et al., 2024), 
chemical properties like cation exchange capacity (CEC) or pH (Tóth 
et al., 2015), or the MWD itself is estimated by PTF (Purushothaman 
et al., 2022). Still, data on aggregate MWD across different land uses 
or climatic conditions are scarce, and the specific effect of soil aggre
gates on Ks therefore remains largely unknown.

This study aims at improving predictions of Ks by incorporating in
formation on aggregate size, specifically the aggregate MWD, as a sur
rogate of soil structure into newly developed PTFs. We compare these 
newly developed PTFs to eight existing, commonly used PTFs that have 
been validated in literature and are based on regression analysis as given 

in the reviews of Zhang and Schaap (2019) and three PTFs that include 
the aggregate MWD, developed by Basset et al. (2023). In order to use 
them outside the spatial context that they were developed for, these 
PTFs were all recalibrated to our data as suggested by (Arbor et al., 
2023). We hypothesized (1) that the recalibration of the existing PTFs 
to our dataset will lead to higher predictive power for Ks (larger R2 and 
lower RMSE) compared to uncalibrated (standard) PTFs, and (2) that 
including the soil aggregate MWD leads to better predictions of Ks than 
only including soil texture and SOC. We assumed also that (3) aggregate 
size can be predicted from basic soil properties, such as soil texture or 
soil group according to the World Reference Base (WRB (IUSS, 2022)), 
but that PTF performance decreases when using predicted instead of 
measured aggregate MWD. To test these hypotheses, we conducted 
infiltration experiments in different croplands across Europe to deter
mine field measured Ks. We then related Ks to aggregate MWD, basic soil 
properties, and the field conditions soil water content and soil temper
ature as indirect climatic indicators to be able to compare the sites along 
the European climate gradient.

2. Methods

2.1. Description of the study area

Soil samples were taken in 13 sites, distributed on a transect from 
Northern Sweden to Southern Spain (Fig. 1). On this transect, the mean 
annual temperature (MAT) of the sites ranged from 1.6 to 16.1◦C and 
mean annual precipitation (MAP) ranged from 463 to 1053 mm. The 
soils sampled were characterized as Cambisols, Regosols, Luvisols, 
Gleysols, Fluvisols, Podzols, Arenosols, and Chernozems according to 
WRB (IUSS, 2022) and information on the basic soil properties are listed 
in the Supplementary Materials Tables S1 and S2 as well as in Fig. S1. 
Clay content was always below 33% and each sampling site was regu
larly tilled for more than 10 years.

2.2. Sampling design

Each site was sampled with at least two independent field replicates, 
with two pseudo replicate samples taken in approx. 5 m distance from 

Fig. 1. Overview of the sampling sites along the North-South climosequence.
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each other in each field replicate (Fig. 2). Exceptions are described in 
Table S1. In total, 13 sites were sampled, of which all had three field 
replicates, except from the Asa, Cologne-North, and Doñana site, which 
had four, 16 divided across three texture groups, and two field replicates 
respectively. This resulted in 52 croplands sampled and measured. The 
results of the pseudo replicates at each field site (Fig. 2), were averaged 
and field replicates per sampling location on the transect were weighted 
equally. Soil samples were taken at 0–10 cm depth by cutting out a block 
of about 10 x 10 x 20 cm (w x d x l) with a spade. From this block, a 
subsample was cut and kept undisturbed for soil aggregate fractionation, 
while the remaining soil was air-dried, homogenized, and stored for 
texture and SOC analysis. Additionally, an undisturbed sample was 
taken using Kopecky rings (100 cm3) for bulk density and volumetric soil 
water content determination.

Infiltration rates were measured with a hood infiltrometer (UGT 
GmbH, Müncheberg, Germany), which is a variation of a tension infil
trometer with an effective hood radius of 8.8 cm as described in detail by 
Schwärzel and Punzel (2007). At each site, the litter layer including 
harvest residues, if present, was removed and vegetation was trimmed to 
0.5 cm above the soil surface prior to infiltration measurements. Before 
the measurement started, the initial volumetric soil water content and 
soil temperature were measured in the first 7.5 cm of the soil with a 
Fieldscout TDR 150 system (Spectrum Technologies, Inc, Aurora, United 
States). These measurements were done approximately 50 cm away 
from the spot where the infiltration measurement was conducted. 
Infiltration measurements were performed at a tension of 0 and − 2 cm 
for saturation and near-saturation, respectively, until steady state flow 
occurred.

2.3. Calculation of the soil hydraulic conductivity

Before calculating the hydraulic conductivity, all infiltration mea
surements were inspected. Measurements at three out of 52 sites were 
marked as outliers due to problems with data logging. These sites were 
excluded from the dataset and all PTF development and analyses were 
conducted with those 49 sites. The measured steady state infiltration 
rates were used to calculate the saturated hydraulic conductivity. 
Measurements at two tensions were required to account for the 3D flow 
of water in the soil. Data were analysed using the models of Gardner 
(1958) and Wooding (1968) (Eqs. (1) and (2)). The steady state infil
tration rate Q was corrected for the cross-sectional area of the hood by 

multiplying the measured infiltration rate by 0.313. Subsequently, the 
Gardner coefficient α (cm− 1), which is the slope of the measured infil
tration curve, was calculated from the steady-state infiltration rates Q1 
and Q2 (mm min− 1) measured at the two tensions h1 = 0 cm and h2 = -2 
cm: 

α =

ln
(

Q1
Q2

)

(h1 − h2)
(1) 

In a next step, the Wooding (1968) equation was used to calculate the 
hydraulic conductivity (K) at tension i based on the calculated Gardner 
coefficient and measured steady state infiltration rate. 

K(hi) =

Qi
π*α2

(

1 + 4
π*α2

) (2) 

Here, it should be noted, that we only used infiltration rates 
measured at h = − 2 cm to estimate the Gardner coefficient, but we did 
not further calculate and analyse K at h = − 2 cm in the context of this 
study.

2.4. Laboratory analysis

2.4.1. Basic laboratory analyses
The volumetric water content and dry matter bulk density of the 100 

cm3 undisturbed samples in the Kopecky rings were determined by 
drying the samples at 105 ◦C for 48 h. The disturbed soil samples were 
dried at 40 ◦C and an aliquot of 10 g was taken for hydrophobicity 
analysis. Hydrophobicity was determined by the water droplet pene
tration time (WDPT) test according to Doerr (1998). The bulk soil 
samples were sieved at 2 mm and used for texture analysis by the 
combined sieve and pipette method (ISO 11277, 2002) in duplicate. 
Here, it has to be noted, that the sand fraction was 2000 to 63 µm ac
cording to the German soil texture classification (DIN ISO 11277). 
Another aliquot of the dried and sieved sample was milled and analysed 
for total carbon content by elemental analysis (vario EL cube; Elementar, 
Hanau, Germany). For samples with pH < 6.0 total carbon content was 
assumed to represent SOC content. Samples with pH > 6.0 were addi
tionally analysed by dry combustion using a temperature ramp to 
separate organic carbon (released below 600 ◦C) and inorganic carbon 
(released above 600 ◦C) (soliTOC Cube; Elementar, Hanau, Germany).

Fig. 2. Overview of a field replicate of a sampling site, showing the measurements and samples (1–4) that were taken at the pseudo replicates (A and B).
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2.4.2. Aggregate size fractionation
Aggregate size fractionation was carried out by wet sieving as 

described by Lobe et al. (2011). In brief, 20 g of the undisturbed sample 
was slowly wetted for five minutes on a glass fibre filter placed on the 
top sieve of a sieving tower submerged in distilled water. Samples with 
extreme hydrophobicity (WDPT > 10 min) received a pre-treatment 
with a water/ethanol solution (24 vol%) solution. According to Doerr 
(1998), the water droplet penetration time of >10 min (class 3, 
severely water repellent) corresponds to direct droplet penetration of a 
water/ethanol solution with a concentration of 24 vol%. Therefore, the 
hydrophobic samples were placed on a glass fibre filter held by a sieve 
and put in a beaker filled with 100 ml water/ethanol solution (24 vol%). 
The samples were slowly wetted for 5 min with the ethanol solution 
similar to those samples that were wetted with distilled water. After pre- 
wetting, the samples were wet sieved on a sieve tower with sieves of 
2800, 2000, 500, 250, and 53 µm mesh size (Retsch®, Haan, Germany), 
respectively. The sieve tower was moved 3 cm up and down in a bucket 
with distilled water for 2 min at an oscillation speed of 30 rounds per 
minute. Finally, the sieved fractions were collected from the sieves by 
rinsing the material into a glass beaker. The samples were dried at 40 ◦C 
and the corresponding aggregate weight was determined. The smallest 
fraction (<53 µm) was left to settle overnight in the bucket after a few 
drops of MgCl2 were added. Thereafter, the supernatant was removed 
using a jet pump. The settled material was rinsed into a centrifuge cup 
and was centrifuged for 20 min at a speed of 1815×g. The supernatant 
was then discarded, the pellet containing the <53 µm aggregate fraction 
was dried at 40 ◦C and subsequently weighed.

2.4.3. Calculation of the MWD of the soil aggregates
The weight of the individual soil aggregate fractions was corrected 

for the sand fraction derived from the bulk soil texture analysis. Sand 
correction of the aggregate fractions was conducted following the rec
ommendations by Six et al. (1998). The >2.8 mm, 2.8–2 mm, and 
2000–500 µm aggregate fractions were corrected for all three sand 
fractions, and the 500–250 and 250–53 µm aggregate fractions were 
corrected for the medium (630–200 µm) and fine sand (200–63 µm) 
fraction. The smallest aggregate fraction of <53 µm was not corrected 
for sand content.

The mean weight diameter (MWD) of the soil aggregates was 
calculated according to van Bavel (1950) modified by Kemper and 
Rosenau (1986).

2.5. Pedotransfer function development

Eight existing PTFs based on regression models were derived from 
the review of Zhang and Schaap (2019), which reviewed the most 
commonly used PTFs. All of these PTFs have been validated in literature 
(Wang et al., 2012; Weynants et al., 2009). The PTF by Wösten et al. 
(1999) is based on the European HYPRES database, and therefore, 
covers the pedoclimatic conditions sampled in our study. The main 
criteria for PTF selection in this study was that the PTF was developed 
using linear regression, and that the soil properties used in the PTF were 
also available in our database, e.g. soil texture, SOC, and bulk density, 
which excluded the regression-based PTFs of Ahuja et al. (1989) and 
Tóth et al. (2015). Three additional PTFs that included soil aggregation 
to estimate Ks, developed by Basset et al. (2023), were tested as well 
(Tables 1 and S3). To date these are the only existing PTFs for Ks that use 
aggregate MWD as a predictor and are have been also developed using 
regression. Some of the original (uncalibrated) PTFs, i.e., the Cosby 1, 
Cosby 2, Wang, and Basset PTFs, predicted Ks in other units than cm 
day− 1 or used no or other transformations as we did for our data. These 
PTFs were edited to ensure that they estimated Ks in cm day− 1 and that 
the Ks was log transformed using a natural logarithm. Here, it has to be 
noted, that the transformation to the same Ks units also adjusted the 
regression coefficients, however they were not recalibrated to our data.

Some of the PTFs required several further adjustments of the data. 

Whenever soil organic matter (SOM) was used in the PTF instead of the 
measured SOC, the SOC content was divided by 0.6 to obtain SOM. For 
the Vereecken 2 PTF the soil texture predictors were transformed to 
principal components to reduce dimensionality (Vereecken et al., 1990) 
using the package factoextra (R Core Team, 2025) in R (version 4.5.1). 
In order to adjust this for our texture classes, a principal component 
analysis was carried out on our data using the following soil texture 
classes: coarse sand (2000 µm-630 µm), medium sand (630–200 µm), 
fine sand (200–63 µm), coarse silt (63–20 µm), medium silt (20–6.3 µm), 
fine silt (6.3–2 µm), and clay (<2 µm), as well as the geometrical mean 

Table 1 
Overview of the pedotransfer functions (PTFs) used. PTFs in italics include soil 
aggregation as predictor.

PTF name Database 
region

Number 
of 
samples

Predictors Type of Ks 
measurement

Cosby 1/
Cosby 
et al. 
(1984)

United States 1448 Sand Laboratory

Cosby 2/
Cosby 
et al. 
(1984)

United States 1448 Sand, clay Laboratory

Vereecken 
1/
Vereecken 
et al. 
(1990)

Belgium 127 Sand, clay, 
SOM, BD

Laboratory

Vereecken 
2/
Vereecken 
et al. 
(1990)

Belgium 127 Texture 
principal 
components, 
SOM, BD

Laboratory

Wösten/
Wösten 
et al. 
(1999)

HYPRES 
(Europe)

1139 Silt, clay, BD, 
SOM

Various 
methods, field 
and laboratory

Li/Li et al. 
(2007)

Fengqui, China 36 Sand, silt, clay, 
SOM

Laboratory

Weynants/
Weynants 
et al. 
(2009)

Belgium 
(Vereecken 
database)

136 Sand, BD, SOC Laboratory

Wang/Wang 
et al. 
(2012)

Loess plateau, 
China

382 Silt, sand, SOC, 
BD, elevation

Laboratory

Basset 1/
Basset 
et al. 
(2023)

Global meta- 
analysis

112 MWD Laboratory and 
field

Basset 2/
Basset 
et al. 
(2023)

Global meta- 
analysis

82 MWD, SOC Laboratory and 
field

Basset 3/
Basset 
et al. 
(2023)

Global meta- 
analysis

64 MWD, SOC, BD Laboratory and 
field

PTFs developed on our dataset
PTF A European 

climosequence
49 Sand, clay SOC Field, Hood 

infiltrometer
PTF B European 

climosequence
49 MWD, clay, SOC Field, Hood 

infiltrometer
PTF C European 

climosequence
49 Sand, clay, 

SOC, soil water 
content, soil 
temperature

Field, Hood 
infiltrometer

PTF D European 
climosequence

49 MWD, clay, 
SOC, soil water 
content, soil 
temperature

Field, Hood 
infiltrometer

BD is bulk density (g cm− 3), MWD is mean weight diameter of the aggregates, 
SOC is soil organic carbon (%), Ks is the saturated hydraulic conductivity.
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particle size (GMPS) and geometrical standard deviation (GSD) ac
cording to Shirazi and Boersma (1984). Five principal components (PCs) 
were chosen that had similar Eigenvectors of the texture classes and 
GMPS and GSD, to ensure that the principal components reflect similar 
information. The results of the principal component analysis and com
parison to the principal components in the Vereecken 2 PTF is explained 
in Section 3.1.1. The Weynants PTF was developed to predict K*, which 
is supposed to act as a “matching point” of K at a pressure head of h =
0 to overcome problems of strong bimodality, especially in the hydraulic 
conductivity characteristics. Therefore K* can be slightly to substan
tially lower than Ks (Weynants et al., 2009). Irrespective of this 
constraint, the Weynants PTF was used to predict field measured Ks in 
this study. All PTFs and their predictors as included in this study are 
described in Table S3.

As a second step, the regression coefficients of the existing PTFs were 
calibrated by refitting the PTF to our data. Such recalibration might be 
necessary since measurement locations as well as the type of infiltration 
measurement used to build the PTFs differ from those in our study and 
most PTFs were developed with texture data where sand was defined as 
the size fraction between 2000 and 50 µm.

Additionally, using the data on soil texture, SOC, MWD, initial soil 
water content, and soil temperature collected in this study, four new 
multiple linear regression PTFs (in the following denoted as PTF A to D) 
were developed to predict Ks (Table S3). In these new PTFs, the com
bination of initial soil water content and soil temperature was used as an 
indirect climate indicator instead of other climate descriptors like MAT 
or MAP. We opted for the soil water content and soil temperature to be 
able to describe the climatic conditions in the field that might influence 
the infiltration measurements in that moment and to be able to compare 
measurements along the climate transect. Also, most of the measure
ment and the sampling campaign was conducted in summer, and 
therefore, annual averages do not reflect the conditions during the 
measurements. The normality and homoscedasticity of the regression 
residuals were inspected and Ks, SOC, and volumetric soil water con
tents were log-transformed using a natural logarithm (ln transform). 
Predictors had to be at least slightly significant (p < 0.1) and stable at a 
90% confidence level after bootstrap resampling with 500 repetitions to 
be included in the new PTF. Correlation between single predictors was 
not allowed to be higher than Pearson r of 0.8 or lower than − 0.8. The 
predictors finally included in the recalibrated and newly developed PTF 
are described in detail in Tables 1, S3, and S4.

Lab procedures to obtain the aggregate MWD as required in some of 
our newly developed PTFs are time-consuming; we therefore addition
ally tested whether that information can be estimated from other easily 
available soil parameters. Thus, we compared four PTFs (MWD_PTF 1 to 
4) to estimate the MWD using combinations of soil texture, bulk density, 
SOC soil water content and WRB soil group classification data (Sup
plementary Materials Table S4). PTF quality for MWD_PTF 1–4 was 
evaluated in the same way as those developed for Ks.

To test the applicability of the MWD_PTFs, we reanalysed the Ks PTFs 
that included the aggregate MWD as a predictor, i.e., the new PTFs B and 
D and the ones reported by Basset et al. (2023). For these PTFs we 
compared Ks estimated obtained by using the measured MWD and by 
using the estimated MWD derived from the four MWD_PTFs (Tables S3 
and S4). In case of the Basset PTFs, this test was performed for both the 
calibrated (using our measured data) and uncalibrated PTFs.

2.6. Statistical analyses

Statistical analyses were conducted in R (version 4.5.1) using the 
packages agricolae, car, caret, corrplot, cowplot, dplyr, factoextra, 
ggplot2, ggsoiltexture, gridextra, lmtest, MASS, Metrics, purr, readxl, 
tidyr, and yardstick (R Core Team, 2025).

The predictive performance of all existing PTFs and the four new 
PTFs (A, B, C, and D) for the estimation of measured Ks was assessed by 
calculating their Akaike Information Criterion (AIC), Bayesian 

information criterion (BIC) and also their root mean squared error 
(RMSE).

In order to evaluate the PTF performance on unseen data, the RMSE 
and R2 after 10-fold cross validation with 100 repetitions was calculated. 
Here, a correlation (cor) based R2 was calculated according to Eq. (3), to 
ensure stability over the different folds. 

R2 = (cor(y, ŷ) )2 (3) 

For the newly developed PTFs, the PTF with the highest R2, lowest 
RMSE, and stable regression coefficients (p < 0.1) after bootstrap 
resampling was considered as the best PTF. In addition, the best PTF had 
to show the lowest signs of overfitting, which was derived from the 
difference in RMSE and R2 after the 10-fold cross validation with 100 
repetitions, compared to the RMSE and R2 of the PTF that was trained on 
the whole dataset.

3. Results

3.1. Predictions of the saturated hydraulic conductivity using existing and 
newly developed PTFs

3.1.1. Particle size classes of soil texture transformed to principal 
components

To include the particle size distribution according to the German 
classification system into the Vereecken 2 PTF, particle size classes were 
transformed to principal components, shown in Table 2. In the original 
Vereecken 2 PTF, the first, second, third, fifth, and sixth principal 
components (PCs) are used as predictors (Vereecken et al., 1990). In our 
dataset, the first PC of the Vereecken 2 PTF corresponded to our first PC. 
The other PCs in our data had slightly different Eigenvectors than those 
of the Vereecken dataset, but still represented similar variance in the 
texture data. In the Vereecken 2 PTF, PC2 corresponded to PC5 in our 
dataset, PC3 to our PC2, PC5 to our PC6, and PC6 to our PC3. In our 
dataset, PC1 reflected coarse texture in comparison to fine texture, PC2 
reflected bimodality in the particle-size distribution, PC3 reflected the 
fine sand fraction, PC5 the clay content in comparison to coarse sand, 
and PC6 clay content and bimodality in the particle size distribution. 
These principal components explained 91.1% of the variation in our 
texture data (Table 2).

3.1.2. Performance of non-calibrated PTFs
Without calibration, i.e., without further adjustment of the regres

sion coefficients to our dataset, all 11 existing PTFs performed poorly, 
exhibiting low correlation based R2 values (0.001–0.28) and RMSE 
values of 1.9 to 11.1 (cm day− 1

, ln transformed Ks) (Fig. 3, Table 3). The 
range of Ks values predicted by the PTFs was small, for example, 3.4 to 
60.9 cm day− 1 using the Weynants PTF. Similar results in prediction 
accuracy were found for the Basset 1, Cosby 1, Cosby 2, and the Wang 
PTFs. On the other hand, the predicted Ks was sometimes extremely 
large, for example up to unrealistic 699,357,420 cm day− 1 in the Li PTF 
for a site with high SOM content (9.8%). Other PTFs with a large range 
in predicted Ks values were the Vereecken 1 and Basset 2 PTF. Yet, the 
values predicted by these two PTFs were closer to the observed Ks 
measured by the hood infiltrometer (Table 3).

It is noteworthy that almost all PTFs that did not consider soil 
structural information predicted high Ks values where our measured 
values were low. On the other hand, they also predicted low Ks values 
where high Ks values had been measured, resulting in a negative 
regression slope between predicted and measured Ks (Fig. 3, Table 3). 
The PTFs that include soil structural information as inputs showed a 
positive slope of the regression, but still failed to predict the Ks values 
precisely (RMSE = 3.11–3.94, ln(Ks)). The only PTF that did not include 
soil structure and that did not show this pattern was the Vereecken 2 
PTF, which included the principal components derived from our dataset 
as texture predictors (Table 2, Table 3).
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3.1.3. Effects of calibrating the regression coefficients of existing PTFs
In three of the eight PTFs that did not include soil structure, the 

coefficient of the sand content changed from positive to negative or 
negative to positive after calibration to our field measured Ks values 
compared to the laboratory measured Ks values that they were devel
oped for (Table S5a), but this was not the case for the Vereecken 1 PTF 
and those of Wang and Li, where it did not change direction. Whenever 
the sand coefficient changed direction, it changed from positive to 
negative (Table S5a). In the Cosby 1, Cosby 2, and the Weynants PTFs 

the sand content term was significant or close to significant (p < 0.1 and 
p < 0.05). In the other PTFs, sand was not a significant predictor. The 
calibrated SOC terms were significant in the Vereecken 2 and Weynants 
PTF (p < 0.001 and p < 0.01, respectively), but not in the other PTFs.

After calibration, several coefficients changed by 1–2 orders of 
magnitude, for example, that for bulk density in the Vereecken 1, Ver
eecken 2, and Weynants PTFs or for the silt content in the Wang PTF. 
Some of the non-linear coefficients in Wösten’s PTF changed up to 4 
orders in magnitude, and some changed from positive to negative or vice 

Table 2 
Mean and standard deviations of the texture fractions, geometric mean particle size (GMPS) and geometric standard deviation (GSD), as well as their values in each of 
the principal components, and principal component eigenvectors and the variance explained, similarly done as the Vereecken level 2 pedotransfer function (PTF) 
(Vereecken et al., 1990), but for our data.

Variable Mean Standard deviation PC1 PC2 PC3 PC4 PC5 PC6 PC7 PC8 PC9

Coarse sand [%] 5.99 7.82 − 0.294 0.241 0.490 − 0.025 − 0.637 − 0.228 0.0424 0.290 − 0.265
Medium sand [%] 22.21 19.47 − 0.441 − 0.057 − 0.015 − 0.192 0.412 0.334 − 0.110 0.189 − 0.660
Fine sand [%] 18.23 9.70 − 0.128 0.212 − 0.773 0.286 − 0.288 − 0.242 − 0.007 − 0.099 − 0.328
Coarse silt [%] 18.91 13.96 0.342 − 0.405 0.204 0.374 − 0.110 0.121 0.463 − 0.273 − 0.470
Medium silt [%] 13.39 7.72 0.429 − 0.167 0.020 − 0.212 − 0.281 0.086 − 0.750 − 0.159 − 0.263
Fine silt [%] 6.69 4.72 0.315 0.241 − 0.165 − 0.762 − 0.093 0.009 0.443 − 0.072 − 0.155
Clay [%] 14.60 7.89 0.325 0.379 0.217 0.136 0.490 − 0.603 − 0.096 0.029 − 0.268
GMPS [µm] 74.13 82.07 − 0.443 − 0.157 0.141 − 0.224 0.031 − 0.345 − 0.042 − 0.766 0.004
GSD 7.09 2.42 0.021 0.689 0.160 0.215 − 0.017 0.523 − 0.043 − 0.421 0.001
Eigenvalue ​ ​ 2.100 1.358 1.109 0.823 0.710 0.462 0.338 0.087 0.006
Variance explained [%] ​ ​ 49.01 20.48 13.66 7.52 5.60 2.37 1.27 0.08 0.00004

Coarse sand: 2000–630 µm, medium sand: 630–200 µm, fine sand: 200–63 µm, coarse silt: 63–20 µm, medium silt: 20–6.3 µm, fine silt: 6.3–2 µm, clay: <2 µm.

Fig. 3. Predictions of the saturated hydraulic conductivity (Ks), compared to the observed Ks values; using the original pedotransfer functions (PTFs). The first two 
rows depict PTFs which do not include structure (a) and the bottom row those PTFs which do include soil structure (b). RMSE Root Mean Squared Error (ln(Ks)), Ks 
= saturated hydraulic conductivity in cm day− 1, the R2 value is correlation based. Blue lines display the regression line, whereas the grey dashed line displays the 
1:1 line.
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versa. The coefficients for bulk density in combination with silt in the 
Wang PTF or bulk density with clay (Wösten PTF) changed from nega
tive to positive, while the coefficients for interaction terms for SOM and 
bulk density (Wösten PTF) as well as for SOC and elevation (Wang PTF) 
remained similar (Table S6b). The calibration of the principal compo
nents for prediction of Ks also resulted in different responses. The co
efficients of PC1, which reflected coarse texture versus fine texture, and 
PC2, which reflected bimodality but not necessarily clay in the particle 
size distribution, were smaller after calibration compared to before 
calibration (Table 2, Table S5a). The regression coefficients of PC1, 
indicating coarse texture and PC5, an indication of clay content, were 
significant, those of PC1 and PC5, and PC6 changed from positive to 
negative, and those belonging to PC5 and PC6 (clay and slight bimo
dality in the particle size distribution) changed one order in magnitude 
(Table S5a).

The regression coefficients in the PTFs from Basset et al. (2023), 
which included soil structure, did not change direction, except for the 
intercept in Basset 1 and 2 that changed from negative to positive and 
changed one order in magnitude. The coefficients of the MWD term 
decreased one order in magnitude when calibrated to our data, and 
MWD had a significant effect on Ks in every calibrated Basset PTF (p <
0.05) tested. The same held true for the SOC term (p < 0.01). The co
efficient for bulk density also decreased one order in magnitude, but was 
not significant after calibration of the regression coefficients (Table S6).

3.1.4. Performance of calibrated pedotransfer functions without soil 
structure

After calibration of the regression coefficients based to our measured 
data, the PTFs generally performed better with R2 values ranging be
tween 0.10 and 0.51 and RMSE values between 1.10 and 0.81 (ln(Ks)). 
Noteworthy, the improvement after calibration in the explained varia
tion of the observed field measured Ks values was consistent throughout 
all existing PTFs (Fig. 4, Table 4).

The two Cosby PTFs, which used only textural information as inputs, 
performed the worst. The PTF of Li included SOM as well as soil texture 
and explained around twice as much of the variation in the data 
compared to the Cosby PTFs. The PTFs that included bulk density, next 
to SOM or SOC and texture, but did not consider interactions (i.e., the 
Vereecken 1 and Weynants PTF), showed similar performance to the PTF 
of Li, and explained around 30% of the variation in the data. The 
nonlinear PTF of Wang, which included interactions of bulk density and 
silt content as well as SOM and elevation, explained only 16% of the 
variation in the data, irrespective of the larger number of predictors. The 
nonlinear PTF of Wösten additionally included interactions of the bulk 
density and SOM, and used bulk density and clay as predictors. This PTF 
explained 48% of the variation in the data. The Vereecken 2 PTF had the 
highest performance among the existing PTFs, as it had the lowest RMSE 

and highest correlation based R2. It included bulk density and SOM next 
to information on the variation in texture as well as the bimodality in 
soil texture due to the principal components describing soil texture as 
inputs. Nevertheless, best predictions were achieved when new regres
sion equations (PTFs) were developed, with the PTFs A and C, which 
were also nonlinear and included interactions of the SOC, sand, and clay 
(Table S8), explaining more than half of the variation in the data.

The extent to which the individual PTFs were able to explain the 
variation in our data was also reflected in the range of predicted Ks 
values (Table 4). The two Cosby PTFs only predicted Ks in a range of 
206–880 and 200–907 cm day− 1 respectively, covering 51–53% of the 
measured data. In the slightly more complex PTFs, this range increased 
to around 63% for the Li and Vereecken 1 PTF, and to 67% for the 
Weynants PTF. The inclusion of interactions in the PTF of Wang and 
Wösten increased the maximum predicted Ks value to around 1588 and 
1720 cm day− 1, respectively. The lowest Ks was predicted using the 
Wösten PTF with 60 cm day− 1, which was similar to the lowest value 
predicted by the Vereecken 2 PTF, and very similar to the PTFs of Li, 
Vereecken 1, and Weynants with 86, 91, and 63 cm day− 1, respectively, 
whereas the lowest predicted Ks value by the Wang PTF was 206 cm 
day− 1. Around 82% of the measured data fell into the prediction range of 
the Wösten PTF, and 63% fell into the prediction range of the Wang PTF. 
The range in prediction of the Vereecken 2 PTF (59–1620 cm day− 1) was 
slightly smaller than that of Wösten (60–1720 cm day− 1), but the range 
was very similar and around 80 and 82% of the measured data fell into 
this range, respectively. In contrast, PTF A and C had slightly higher 
predicted minimum Ks values (77 and 65 cm day− 1), but also higher 
predicted maximum Ks values (1901 and 3678 cm day− 1), covering 84 
and 88% of the measured data (Table 4). Nevertheless, none of the PTFs 
covered the full range of observed Ks values.

After repeated 10-fold cross validation, most of the simple PTFs 
(Cosby, Vereecken 1 and Weynants) had higher R2 values and slightly 
higher RMSE values (Table 4). The more complex PTFs, such as Ver
eecken 2 and Wösten had similar or slightly lower R2 and higher RMSE 
values. The PTF of Li, Wang, PTF A, and PTF C had a higher R2 and 
higher RMSE. Compared to the metrics of the PTFs that had seen all data, 
the three best performing PTFs were still PTF C, PTF A, and the Ver
eecken 2 PTF.

3.1.5. Calibrated pedotransfer functions that include soil structure
Among the five PTFs that include soil structural information as 

predictors, the PTFs Basset 1, 2, and 3 included the MWD, SOC, and bulk 
density only, while PTF B and D did not include bulk density but 
included clay content. PTF D also included the soil temperature and 
initial soil water content (Table S7). These different approaches resulted 
in different PTF performance (Fig. 4, Table 4). The Basset 1 PTF, which 
only included the MWD, performed the worst and only explained 10% of 

Table 3 
PTF performance metrics of non calibrated PTFs, compared to the observed data, CV: cross validated model metric using 10-fold cross validation with 100 repetitions. 
R2 

= Coefficient of determination, correlation based, RMSE = Root Mean Squared Error (ln(Ks)), Ks = saturated hydraulic conductivity in cm day− 1, sd = standard 
deviation.

PTF CV.R2 CV RMSE Minimum Maximum

Mean sd Mean sd ln(Ks) Ks ln(Ks) Ks

Basset 1 0.34 0.30 3.91 0.54 − 0.15 0.86 5.20 182
Basset 2 0.35 0.30 3.03 0.72 − 0.34 0.71 10.0 22,346
Basset 3 0.38 0.28 3.51 1.62 − 9.58 6.94E-5 9.39 11,953
Cosby 1 0.33 0.28 2.88 0.66 2.21 9.2 5.40 221
Cosby 2 0.33 0.28 2.72 0.62 2.49 12 5.42 225
Vereecken 1 0.26 0.26 2.36 0.43 4.46 87 10.2 25,986
Vereecken 2 0.25 0.37 3.18 0.78 − 3.25 0.049 7.29 1466
Wösten 0.31 0.28 10.5 3.53 − 18.2 1.23E-8 6.30 546
Li 0.32 0.27 6.67 1.37 − 3.26 0.038 18.1 699,357,420
Weynants 0.33 0.28 4.10 0.67 1.21 3.35 4.11 60.9
Wang 0.35 0.28 1.84 0.63 3.03 21 5.98 394
Observed data ​ ​ ​ ​ 3.82 46 8.77 6406

D.J. Burger et al.                                                                                                                                                                                                                                Geoderma 472 (2026) 117911 

7 



the variation in the data. When SOC, or SOC and bulk density were 
added as predictors such as in Basset 2 and Basset 3, the explained 
proportion of data variability increased to 28 and 29%, respectively. 
This PTF performance was similar to those of the calibrated Vereecken 1 
and Weynants. The newly developed PTF B and D explained 58 and 68% 

of the variation and had the lowest RMSE among all PTFs that included 
soil structural information for Ks prediction. The better performance of 
PTF B compared to PTF A can be traced back to the inclusion of soil 
aggregation as predictor. Additionally, PTF B performed similarly well 
as PTF C, which did not include soil structural information but the initial 

Fig. 4. Predictions of the measured saturated hydraulic conductivity (Ks) using existing, calibrated pedotransfer functions (PTFs) that do not include soil structural 
information (a), existing, calibrated PTFs that include soil structure (b), and the newly developed PTFs (c). RMSE = Root Mean Squared Error (ln(Ks) in cm day− 1), R2 

is the correlation based R2 value. More information on the PTFs after 10-fold cross validation is given in Table 4. Blue lines display the regression line, whereas the 
grey dashed line displays the 1:1 line.
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soil water content and temperature. Overall, PTF D, which included soil 
structure, SOC content, clay content, initial soil water content, and soil 
temperature as predictors, performed best amongst all PTFs.

In line with the results for the coefficient of determination, also the 
range of predicted Ks was lowest for the Basset 1 PTF amongst all PTFs 
tested, and only 37% of the measured data fell within the predicted Ks 
range. After including SOC, or SOC and bulk density as predictors, the 
predicting range improved to 69%, similar to the Weynants PTF. PTF B 
and D predicted Ks values in a range of 78% and 86% of the measured 
data, respectively.

After repeated cross validation, the R2 values of the Basset PTFs 
increased and the RMSE only changed slightly (Table 4). PTF B and D 
had slightly lower R2 values and higher RMSE values after repeated cross 
validation. Out of all PTFs tested, PTF C and D performed best and 
provided largest prediction accuracy and data coverage. They also 
seemed most stable, as their cross validated RMSE was the lowest 
compared to the other PTFs.

3.2. Soil aggregates

To overcome a lack of MWD data in field studies that could be used as 
predictor for Ks estimation, additional PTFs were developed to predict 
the MWD from easily to obtain soil properties. In total four different 
regression based PTFs were developed to predict the MWD (Tables S4 
and S8). All four PTFs showed a decreasing MWD with increasing sand 
content. When the PTFs included clay content in combination with bulk 
density, a positive interaction was found, and we observed a positive 
interaction of SOC and clay as well. The effect of soil initial water 
content measured in the field also had a positive effect on MWD. There 
were no significant effects of WRB soil group (Table S8).

All four PTFs tested to predict the MWD explained 87–92% of the 
variation in the MWD data and had an RMSE of 374–289 µm in MWD 
(Fig. 5). MWD_PTF 1 predicted MWD values within the range of 
measured MWD ones, MWD_PTF 2 predicted slightly larger MWD values 
than observed, whereas MWD_PTF 3 and 4 predicted physically illogical 

Table 4 
Performance metrics for predicting Ks predictions using pedotransfer functions (PTFs), compared to the observed data, based on all data or using 10-fold cross 
validation (CV) with 100 repetitions as well as minimum and maximum of the saturated hydraulic conductivity (Ks) values with and without log (ln) transformation. 
R2 = correlation based R2, RMSE = Root Mean Squared Error (ln(Ks)), Ks = saturated hydraulic conductivity in cm day− 1, sd = standard deviation, AIC is the Akaike 
information criterion, BIC is the Bayesian information criterion. Results of PTFs in cursive are PTFs that include soil structure.

PTF CV R2 CV RMSE AIC BIC Minimum Maximum

Mean sd Mean Sd ln(Ks) Ks ln(Ks) Ks

Existing PTFs that do not include soil structure
Cosby 1 0.37 0.30 1.08 0.28 153 158 5.33 206 6.78 880
Cosby 2 0.35 0.30 1.11 0.30 154 162 5.30 200 6.81 907
Vereecken 1 0.38 0.29 1.04 0.30 148 159 4.51 91 6.95 1043
Vereecken 2 0.47 0.29 0.92 0.29 136 153 4.07 59 7.39 1620
Wösten 0.39 0.30 1.50 1.49 146 169 4.10 60 7.45 1720
Li 0.39 0.30 1.04 0.30 148 161 4.45 86 6.98 1075
Weynants 0.42 0.29 1.00 0.29 146 155 4.14 63 6.92 1012
Wang 0.31 0.29 1.20 0.29 159 172 5.33 206 7.37 1588
Existing PTFs that do include soil structure
Basset 1 0.39 0.31 1.10 0.30 154 160 5.46 235 6.76 863
Basset 2 0.43 0.29 1.00 0.29 145 153 4.21 67 6.94 1033
Basset 3 0.41 0.30 1.01 0.29 147 157 4.11 61 6.96 1054
PTFs developed in this study
PTF A 0.59 0.27 0.83 0.29 129 142 4.35 77 7.55 1901
PTF B 0.62 0.25 0.83 0.25 127 142 4.44 85 7.50 1808
PTF C 0.60 0.26 0.83 0.25 125 142 4.17 65 8.21 3678
PTF D 0.68 0.22 0.79 0.19 118 137 4.39 81 8.26 3866
Observed data ​ ​ ​ ​ ​ ​ 3.82 46 8.77 6406

Fig. 5. Observed mean weight diameter (MWD) of the aggregates and performance of the pedotransfer functions (PTFs) for predicting MWD, based on the training on 
the whole dataset. RMSE = Root Mean Squared Error, R2 is the correlation based R2 value. More information on the PTFs after 10-fold cross validation is given in 
Table 5. Blue lines display the regression line, whereas the grey dashed line displays the 1:1 line. MWD_PTF 3 and MWD_PTF 4 are predicting negative MWD values 
and are thus not recommended for use.
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negative MWD values (− 22 and − 95, Table 5), and are thus not rec
ommended for use.

The repeated k-fold cross validation (k = 10) showed that the RMSE 
of MWD_PTF 2 and 3 was lowest and their R2 was the highest among the 
four PTFs (Table 5). When the RMSE of the cross validation was 
compared with the RMSE of PTFs trained on the whole data set, 
MWD_PTF 3 and 4 had higher RMSE (3.2 and 36.3% respectively) after 
cross-validation, which indicated over-fitting for MWD_PTF 4 and slight 
overfitting for MWD_PTF 3, whereas MWD_PTF 1 and 2 had a slightly 
lower RMSE after cross validation, of − 1.1 and − 0.1%. Also, the R2 

value of MWD_PTF 1, 2, and 3 was slightly higher after cross validation, 
except for MWD_PTF4, where the R2 was lower. Based on the perfor
mance statistics discussed, MWD_PTF 2 was used to further optimize the 
Ks prediction.

3.3. Predictions of the saturated hydraulic conductivity using estimated 
aggregate MWD values

In a next step, we evaluated the performance of the PTFs that pre
dicted Ks and included the MWD as a predictor in the regression, with 
either measured MWD values or estimated MWD values predicted using 
the best performing MWD_PTF (MWD_PTF 2 (Fig. 5)). The regression 
coefficients of the Basset 1–3 PTFs, and PTF B and D were not recali
brated to the newly predicted MWD values. As can be seen in Fig. 6, 
using predicted MWD in Ks predictions yielded comparable results to 
using measured MWD for the Ks prediction for the PTFs tested. In all 
cases, the correlation based R2 exceeded 0.91 and the RMSE ranged 
between 0.11 and 0.23 lnKs (cm day− 1).

After 10-fold cross validation, PTF B and D were performing better 
than the Basset PTFs (Fig. S2, Table S9). Compared to PTFs that used 
measured MWD values, the RSME was lower for the calibrated Basset 
PTFs and the newly developed PTFs B and D. The three Basset PTFs 
predicted 37, 67, or 69% of the Ks values measured for Basset 1, 2, and 3 
respectively. For Basset 1 and Basset 3, the range stayed the same when 
using the estimated MWD values compared to using the measured MWD 
values, but this was 2% lower for Basset 2. PTF B and D predicted 76 and 
84% of the range of observed Ks values, respectively, which was 2% 
lower compared to the range of predicted Ks values of PTF B and D that 
used measured MWD values.

4. Discussion

4.1. Estimating saturated hydraulic conductivity Ks

Pedotransfer functions are empirical models whose ability to accu
rately predict Ks depends on the data they have been trained on and the 
data they will be applied to (Fuentes-Guevara et al., 2022; Nemes et al., 
2003; Schaap and Leij, 1998). Fuentes-Guevara et al. (2022) pointed out 
that not necessarily the pedoclimatic conditions, but rather the data 
similarity between data used to build the PTFs and those that the PTFs 
will be applied to plays a crucial role in how the PTFs perform. Similarity 
can be described by the correlations, but also the spread, variance, and 
extremes within the datasets. Since the original training data of the 

existing PTFs can be unavailable or unknown, the existing PTFs some
times fail to predict the hydraulic characteristics or other soil properties 
accurately when they are applied to new data; therefore, calibration of 
PTFs has been suggested (Khodaverdiloo et al., 2022; Szabó et al., 2021). 
After calibration, the regression coefficients can turn from positive to 
negative or even change by several orders of magnitude after calibration 
as reported by Báťková et al. (2023), which was also found in our study. 
Pedoclimatic conditions and similarity between the dataset used in this 
study and those of the existing PTFs tested in this study varied. The US 
database of Cosby et al. (1984), the European HYPRES database (Wösten 
et al., 1999), and the database from Wang et al. (2012) from the Loess 
plateau in China, generally contain datapoints with finer soil texture 
than our samples. Our dataset also shows on average higher SOC content 
than those reported in HYPRES, as well as those used by Li et al. (2007)
and Wang et al. (2012). In contrast, the Belgian dataset used by Ver
eecken and Weynants was fairly similar to ours. The Weynants PTF is 
known to underestimate Ks as it has been built to predict near saturated 
hydraulic conductivity K*, which can be observed in the small range in 
predicted Ks values before calibration to our data. On the other hand, the 
Vereecken 2 PTF performed best of all existing PTFs before calibration, 
which could be due to similarity of the datasets. Another reason could be 
that the Vereecken 2 PTF includes information from principal compo
nents derived from soil texture information of our dataset, and therefore, 
is already to some extent adjusted to our dataset, compared to the other 
PTFs taken from literature. Therefore, the poor performance of the un
calibrated PTFs could be due to the lack of similarity between datasets, 
e.g., that the datasets for development for the existing PTFs vary in soil 
texture or SOC contents. Furthermore, some variables, such as SOC 
content, might be distributed normally that were not normally distrib
uted in our data or vice versa, which then leads to differences in cor
relations in the dataset used for development compared to our data and 
results in poor PTF performance, especially without calibration (Arbor 
et al., 2023; Fuentes-Guevara et al., 2022; Shi et al., 2026). In general, it 
is known that calibrating the regression coefficients of the PTFs results in 
a better fit, as differences in datasets might cause biases in the pre
dictions (Báťková et al., 2023; Nemes et al., 2003; Schaap and Leij, 
1998), therefore, it is not surprising that the calibration of the PTFs used 
in this study yielded better results compared to the original formulation.

Furthermore, all PTFs tested have been developed using the US soil 
texture classification, which defines the grain size of sand between 2000 
and 50 µm. In some (European) countries, for example Germany, but 
also in the IUSS system, the lower threshold for sand is set to 63 µm 
(Nemes et al., 1999). Therefore, changing from 50 µm to 63 µm sand 
particle size might introduce some error in the PTF predictions, as the 
silt fraction will become larger while the sand fraction will become 
smaller. One alternative to deal with those different thresholds is the use 
of interpolation procedures to convert one threshold to another, 
although this procedure is prone to errors (Nemes et al., 1999; Wösten 
et al., 1999). A second alternative is to calibrate the regression co
efficients of the existing PTFs and make them suitable to be used for the 
textural inputs available. We decided to take the latter approach to be 
able to compare existing PTFs with newly developed ones (PTF A-B); 
which has also been done by Schoch et al. (2025) and Khodaverdiloo 

Table 5 
Mean weight diameter (MWD) pedotransfer function (PTF) performance metrics, compared to the observed data, after k-fold cross validation with k = 10 and n = 100. 
RMSE = Root Mean Squared Error in µm mean weight diameter (MWD), sd = standard deviation, R2 = correlation based R2, AIC is the Akaike information criterion, 
BIC is the Bayesian information criterion. MWD_PTF 3 and MWD_PTF 4 are predicting negative MWD values and are thus not recommended for use.

PTF CV RMSE CV R2 AIC BIC Minimum Maximum

Mean sd Mean sd MWD (µm) MWD (µm)

MWD_PTF 1 370 165 0.90 0.12 730 739 118 3712
MWD_PTF 2 324 144 0.92 0.09 718 730 110 3981
MWD_PTF 3 321 136 0.93 0.09 716 729 − 22 3903
MWD_PTF 4 394 162 0.88 0.14 722 749 − 95 3835
Observed data ​ ​ ​ ​ ​ ​ 118 3997
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et al. (2022), and is advised for the work with smaller datasets.
The most notable difference after calibration was observed for the 

sand content coefficients, which were often initially positive (e.g., in 
Cosby, Wösten, Weynants, and Wang PTFs), but turned negative when 
calibrated to our data. Aside from the definition of the grain size of sand, 
this can also be explained by the different measurement methods for Ks. 
Most of the existing PTFs that were tested in this study were based on 
laboratory Ks measurements. It is known that the method used to 
measure Ks can lead to different Ks results on the same soil, since lab
oratory measurements are based on smaller soil volumes compared to 
most infiltrometer field measurements (Rahmati et al., 2018). Therefore, 
it is likely that individual macropores are underrepresented in labora
tory measurements (Fodor et al., 2011). It has been also shown, that 
samples with greater length and diameter, thus larger volume, exhibit 
higher Ks values (Ghanbarian et al., 2015). This can then in turn lead to 
inaccurate estimations of field measured Ks as the effect of soil structure 
might be underestimated when using PTFs that only use basic soil 
properties such as texture and are developed based on laboratory Ks 
measurements (Rahmati et al., 2018). PTFs that were developed to 
predict the lower, laboratory measured Ks values, might thus also pre
dict lower field measured Ks values before calibration due to this un
derestimation of soil structure that might be less common in field 
measured Ks. PTFs that were developed on laboratory Ks measurements, 
might in turn predict higher Ks with higher sand content, which this was 
be the opposite in field measured Ks where generally lower Ks values 
were measured in sandy soils. This might have been caused by ineffec
tive saturation due to hydrophobicity, which can be managed in the 
laboratory Ks measurements. Both the higher than expected Ks on fine 
textured soils due to the underestimation of soil structure in laboratory 
measurements and lower than expected Ks due the effect of hydropho
bicity can cause the uncalibrated PTF developed on laboratory Ks to 
predict “the opposite” of what was measured in the field and thus result 
in negative correlations between observed and predicted Ks.

When soil structure, but not soil texture is included as inputs in PTFs, 
like those developed by Basset et al. (2023), this effect between labo
ratory measured and field measured Ks was smaller and they correlated 
positively, because the soil structure effect was included and effect of 
texture on the laboratory measured Ks was excluded. The three Basset 
PTFs generally predicted higher Ks with higher MWD rather than high 
Ks for coarse textured soil or low Ks for fine textured ones. Even though 
the slope was positive in the original Basset PTFs, they were still not able 
to estimate Ks precisely before calibration. Since all existing PTFs 
improved after calibration of the regression coefficients on own data, the 
first hypothesis that calibration of the regression coefficients is neces
sary in order to have more accurate predictions of field measured Ks can 
be accepted.

Even after calibration of the regression coefficients to our own data, 

the newly developed PTFs (PTF A, B, C, and D) outperformed the re
ported PTFs. The best performing reported PTF after calibration was the 
Vereecken 2 PTF, which had Ks predictions and RMSE and R2 values 
very similar to those of the newly developed PTF A (Fig. 4, Table S2), 
which was the simplest PTF developed. The Vereecken 2 PTF and PTF A 
both include interaction of different textural fractions. PTF A represents 
the interaction of sand and clay, while the Vereecken 2 PTF used prin
cipal components (Vereecken et al., 1990). In general, the interaction 
terms represent bimodality in the particle-size distribution, and thus, 
mimic the effect of a soil structure predictor. Both PTFs, however, do not 
include direct indicators of soil aggregation, which likely lead to limited 
accuracy in predicting high Ks values (Fig. 4), as those high Ks values are 
commonly associated with water flow in macropores or larger pores 
between macroaggregate units.

PTF B and D performed better than PTF A, which is due to the 
combination of soil structure and soil texture information as inputs, thus 
reflecting the contribution of both texture- and structure-derived pore 
spaces to Ks. This has also been reported in other studies. For example, 
Basset et al. (2023) compared different PTFs predicting steady state 
infiltration rates (which we did not include in this study) and observed, 
that those PTFs performed best that included soil texture but also 
additionally the aggregate MWD and SOC content.

We thus conclude, that a combination of soil structure and soil 
textural information, as well as SOM or SOC is necessary to obtain best 
Ks predictions. The improvement of the PTF performance after including 
soil aggregation can be attributed to the fact that aggregate size can be a 
specific indicator for structural pores formed in-between the aggregates 
(Arrington et al., 2013; Bonilla et al., 2008), which are especially rele
vant for water flow in (near) saturated conditions (Vereecken et al., 
2022). The finding supports our second hypothesis, as including infor
mation on soil structure, here MWD, in the PTFs besides texture and SOC 
will help to better predict Ks.

In this study, we used the aggregate size (MWD) as a surrogate for 
soil structure, that can both be estimated and measured relatively easily 
compared to other surrogates for soil structure such as porosity. Soil 
structure, however, is more complex than the size of the aggregates, and 
it should be kept in mind that destructive analyses of soil structure such 
as wet sieving also have drawbacks (Rabot et al., 2018). Soil aggregate 
size (MWD) by itself could only explain a small part of the variability in 
Ks, and does not directly reflect the type of aggregate distribution, the 
porosity, pore connectivity, or flow tortuosity. Further research could 
focus on how these aspects of soil structure are connected and how they 
relate to Ks predictions.

4.2. Including predictions of soil aggregation into PTFs

Measuring soil aggregation or other soil structure parameters is time- 

Fig. 6. Predictions of the saturated hydraulic conductivity (Ks) using pedotransfer functions (PTFs) that include soil structure, with measured aggregate mean 
weighted diameter(MWD) values and estimated MWD values. RMSE = Root Mean Squared Error. Blue lines display the regression line, whereas the grey dashed line 
displays the 1:1 line.
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consuming, labour-intensive, and costly. PTFs for aggregation could be 
developed using existing aggregate databases (Sarkar et al., 2023), and 
these PTFs could then be included in Ks predictions. However, there are 
currently not many continental or global databases on soil aggregation 
available and even less PTFs that allow estimation of structural infor
mation like MWD on a large scale (Purushothaman et al., 2022). For 
example, Araya and Ghezzehei (2019) tested several PTFs and machine 
learning algorithms on the USKSAT database (Pachepsky and Park, 
2015) and included bulk density and SOC content as proxies for soil 
structure. The best approach for predicting soil hydraulic parameters 
using a European database (EU-HYDI) (Weynants et al., 2013) was to 
include pH and cation exchange capacity as surrogates of soil structure 
(Tóth et al., 2015), as they carry information on clay minerals and SOM 
content (Totsche et al., 2018).

In our study, we built four PTFs to predict the MWD of the soil ag
gregates by soil texture, bulk density, and SOC content information. In 
those four PTFs, the largest improvement in prediction accuracy 
occurred after including the interaction of clay and SOC. After cross 
validation, the RMSE decreased, R2 increased, and standard deviation of 
these metrics decreased, indicating stability. Additionally, the range of 
prediction was most similar to the range of MWD values observed.

The interaction of SOC and clay contents allowed for prediction of 
greater MWD, as fine textured soil, especially clayey soils, are often 
associated to higher SOC content and higher MWD (Blanco-Canqui and 
Lal, 2004). Both are seen as major drivers of soil aggregation, which is 
attributed to the fact, that soil aggregates are built up of organic matter 
that is “glued” to mineral particles (Kaiser and Guggenberger, 2003).

In general, the range of prediction of the MWD was large and accu
rate. However, both MWD_PTF 3, which included the initial soil water 
content, as well as MWD_PTF 4, which included the initial soil water 
content and the WRB soil group, predicted physically illogical negative 
MWD values. Additionally, cross validation showed, that after adding 
the initial soil water content and/or the WRB soil group, both MWD_PTF 
3 and MWD_PTF 4 were prone to overfitting. For our current study, 
which is based on a relatively small data set, we therefore rather rely on 
a simpler PTF (i.e., MWD_PTF 2) to estimate soil aggregate MWD and do 
not recommend MWD_PTF 3 and 4 for use.

Noteworthy, the PTFs for the prediction of Ks that used estimated 
MWD values performed slightly better or similar than those that used 
measured MWD values, as they had a lower RSME, higher R2 and 
improved PTF fit after cross validation. The effect of including estimated 
MWD values into the Ks PTF was the same as for the PTFs derived by 
Basset et al. (2023) and the newly developed PTFs B and D. Neverthe
less, it needs to be considered that despite an R2 of 0.9 of the PTFs for the 
estimation of the MWD, some MWD values were not predicted accu
rately, which might lead to less heterogeneity in the predicted soil 
structure variables (MWD) compared to the measured ones. Therefore, 
the PTFs that predicted Ks based on estimated rather than measured 
MWD may have performed better due to a certain level of noise reduc
tion in the soil structure data input (MWDs). Since soil structure is a 
spatially and temporally varying soil property, lower heterogeneity 
might omit important information (Jirků et al., 2013; Ye et al., 2018). 
Hence, a trade-off between information gain and noise reduction has to 
be made. In our current study, we thus have to reject our third hy
pothesis that including estimated aggregate MWD leads to lower PTF 
performance for Ks prediction compared to PTFs where measured soil 
structure inputs will be used. Further research could therefore focus on 
how well the newly developed MWD PTFs perform on independent 
datasets, and how these results vary with respect to soil texture, the type 
of sand correction used in the MWD measurements, or after conducting 
different lab methods for the MWD such as comparing wet sieving and 
density fractionation. It has to be noted that these PTFs were developed 
on a dataset with a maximum clay content of 32%, since clay content is 
included on its own and as interactions in both MWD_PTF 1 and 2, 
predictive power might decrease in soils with high clay content. Aside 
from the error from of the MWD term and interaction terms that include 

the aggregate MWD, the error for Ks predictions can also be caused by 
the clay term and interactions with clay, since the Ks PTFs were not 
trained on soils with high clay content either. These might strongly in
crease the RMSE. We therefore do not recommend using these PTFs on 
soils with high clay content and highlight the need for extended data 
bases for validation of the MWD PTFs.

The error from the MWD PTF predictions could further be propa
gated to the Ks PTFs that included the aggregate MWD as a predictor 
(Basset PTFs, PTF B, and PTF D). Based on the current dataset, 
MWD_PTF 1 and 2 had an RMSE of 366 and 326 cm day− 1 respectively. 
The risk of error propagation would thus increase with increasing RMSE 
of the MWD PTFs, but additionally depends on the Ks PTF that they are 
included in. The effect of false aggregate MWD estimations would be 
larger in PTF B and PTF D than the Basset PTFs, as PTF B and D include 
more aggregate MWD-terms, of which some interact with other pre
dictors. We therefore advise to use measured aggregate MWD values if 
they are available and again emphasize validation of the MWD PTFs 
using larger databases.

4.3. Influence of soil water content and temperature

This study includes field measured Ks on a European temperature 
and SOC gradient with varying soil water contents during infiltration 
measurement. Tension infiltrometer measurements, such as those per
formed by the mini disk infiltrometer, can be affected by the initial soil 
water content (Matula et al., 2015). Hood infiltrometers such as those 
used in our study seemed to be less affected by the initial soil water 
content compared to mini disk infiltrometers, which is likely due to 
difference in the order of the tension sequence used during measure
ments (Matula et al., 2015; Schwärzel and Punzel, 2007). In our dataset, 
three quarters of our measured initial soil water contents were below 
20% volumetric water content, which is lower than the range (24–38%) 
measured by Matula et al. (2015). Additionally, some of the soils in our 
study showed high degrees of hydrophobicity, and therefore, lower 
hydraulic conductivities. This explains the positive regression coeffi
cient of the soil water content in the newly developed PTF C and D, as 
well as the higher R2 and lower RMSE compared to PTF A and B, which 
are based on the same inputs but exclude the measured soil water con
tent and soil temperature. At lower soil water contents, hydrophobicity 
in soils can occur, especially in sandy or organic rich soil or at specific 
pH (Dekker et al., 2001; Popović and Cerdà, 2023). In case of low soil 
water contents and high hydrophobicity, only part of the entire flow 
paths can contribute to the overall water flow (e.g. when fingering oc
curs), and therefore, even at steady-state-infiltration the hood infil
trometer data might be biased. This problem has been observed by 
Buczko et al. (2006), where hood infiltrometers measured Ks were one 
magnitude lower than those performed by a ring infiltrometer. They also 
pointed out, that this is especially true for measurements taken in 
summer, as drought periods can enhance soil hydrophobicity. Other 
effects of soil water content differences can be attributed to shrinking 
and swelling of clay minerals, which might lead to changes in soil 
porosity during the measurements, and thus, lower than expected Ks on 
fine textured soils, as reported by Hardie et al. (2012). Therefore, 
including soil water content as a predictor in PTFs seems logical in order 
to capture the seasonal variations of Ks and soil structure (Hardie et al., 
2012; Schoener and Stone, 2019).

Climatic variables often influence the hydraulic conductivity, and 
therefore, weather variations at the time of the infiltration measure
ments can explain a part of the large variance observed in field measured 
Ks (Jorda et al., 2015). Additionally, laboratory Ks measurements are 
mostly performed on fully saturated soils, where hydrophobicity espe
cially in sandy or organic rich soils does not play a role as the matrix will 
be already fully wetted. This is not the case during field measurements, 
where the soil can be more or less dry, and therefore, also partly hy
drophobic. Even if for the calculation of Ks by the infiltrometer data only 
the steady-state infiltration will be used, hydrophobicity effects cannot 
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be excluded as mentioned already, leading to lower Ks values compared 
to those measured under full saturation in the laboratory.

Soil water content also played a role in the MWD based PTFs, as they 
yielded a better fit when actual soil water content was included as an 
additional input variable (MWD_PTF 3 and MWD_PTF4), whereby 
higher soil water content is associated with larger MWD. Similar results 
were found on another European climate transect by Edlinger et al. 
(2023), who found that after accounting for the effect of land use, the 
aridity index and clay content were key factors for soil aggregation. 
They also stated that at arid sites soil aggregates had a smaller MWD 
than those from less arid ones, which was associated with lower SOC 
contents at arid sites. This is also reflected by a positive regression co
efficient of the soil water content term in MWD_PTF 3 and 4, which 
indicates that dry soils are associated with lower MWD. However, as 
noted in chapter 4.2, these PTFs estimated negative MWD values and 
were prone to overfitting and are not recommended for use. The over
fitting, might be due to the large variation of the data and the fact that 
this variable reflects the conditions during sampling. During aggregate 
fractionation in the laboratory, the samples were rewetted with water, 
and with ethanol in hydrophobic samples, therefore the initial soil water 
content during sampling might not affect the laboratory analysis in the 
same way as it might have affected the infiltration measurement in the 
field. In this case the initial soil water content might help to explain the 
observed differences in aggregation among our sites, but might not be as 
useful for MWD prediction purposes.

Soil temperature is also known to affect the hydraulic conductivity, 
as higher temperatures make water less viscous and can lead to higher 
hydraulic conductivities. Usually lab hydraulic conductivities are 
therefore normalized to soil temperatures at 20 ◦C (Holthusen et al., 
2012), but in the field the hydraulic conductivity can be around three 
times higher at 25 ◦C compared to those measured at 10 ◦C (Ren et al., 
2014). This large difference is not only caused by viscosity changes but 
also by the thermal dependence of swelling of soil particles and changes 
of the surface tension of the water and the interaction between water 
and matrix (Gao and Shao, 2015; Levy et al., 1989). Another effect of soil 
temperature is rather indirect as with increasing temperatures macro
pores might dry out and become air filled. This air can be entrapped 
during fast infiltration, and therefore, lower measured infiltration rates 
(Gao and Shao, 2015). In our measurements, soil temperature ranged 
from 8 to 37 ◦C (mean 23 ± 8 ◦C), which could have partly affected the 
variability in Ks measurements.

A key challenge in predicting field measured Ks by PTFs relies in its 
dynamic nature (Alletto et al., 2015; Kreiselmeier et al., 2020). Using 
only static soil properties such as texture in a PTF excludes the temporal 
variation of field measured Ks due to seasonal variation in soil structure 
(Kreiselmeier et al., 2020). SOC and aggregate MWD are at least in part 
dynamic and are, thus, likely more suited to predict dynamic Ks when 
they are included in PTFs. SOC only varies slightly on seasonal time scale 
and is mainly associated to land-cover, management history and is often 
correlated to soil texture (Schillaci et al., 2017). The aggregate MWD in 
turn is a parameter connected to soil porosity, and thus, directly linked 
to soil structure. In how far the temporal variations of soil aggregation 
and MWD match those of Ks, however, still warrants investigation. In 
this study, the aggregate MWD and SOC were not measured as dynamic 
soil properties, like we did with the soil water content and soil 
temperature.

To be able to compare field measured Ks across the climate gradient 
and incorporate local anomalies during the time of measurement, soil 
water content and soil temperature were included in PTF development. 
By including the soil water content and soil temperature at the time of 
the measurement, this might not reflect the general climate of our 
sampling sites, but rather the state of the weather during the measure
ment. Soil water content and soil temperature are both highly dynamic 
in space and time and fluctuate seasonally, as well as diurnally, since 
they are affected by soil management, vegetation, topography and at
mospheric states such as by precipitation, atmospheric temperature, 

solar radiation (Mohanty, 1998; Santanello et al., 2007). Field measured 
Ks can be impacted by variations in soil water content (Zhou et al., 2008) 
and associated potential hydrophobicity and matric potential driving 
the infiltration front, but also by swelling of clay particles (Hardie et al., 
2012). As the impact of swelling of clays on Ks remains largely unknown 
(Ugarte Nano et al., 2015), including this process seems problematic. 
Changes in matric potential due to changes in initial water contents is on 
the other hand negligible as Ks was calculated from steady-state infil
tration rates measured by a hood infiltrometer. Still, some uncertainties 
will be introduced by neglecting the above-mentioned effects.

Nevertheless, as already discussed for the MWD PTFs, potentially 
high spatiotemporal variation in soil water content and the lack of a 
larger data base to verify the influence of soil water content and tem
perature during field measurements, hinders detailed analysis of these 
confounding factors. Further research and more data are likely needed 
to quantify the risk of overfitting of PTF C and PTF D, as they use third 
order interactions and have a relatively large number of predictors 
compared to the size of the dataset that we used in this study. In addi
tion, we highlight the need for systematic data collection of the ante
cedent soil water content and soil temperature in combination with field 
measured Ks, which is already recognised but rarely done (Jorda et al., 
2015; Rahmati et al., 2018), to validate these dynamic PTFs. Therefore, 
we currently recommend to use PTFs that are independent of soil water 
content and soil temperature when including soil structure information 
in PTFs.

5. Conclusion

This study showed that the best PTF-based estimates of field 
measured Ks were obtained when using a combination of information on 
soil texture, SOC content, and aggregate MWD. We chose the MWD of 
the soil aggregates as a surrogate for soil structure, since this is one of the 
more cost effective and least labour intensive methods compared to 
other methods for measuring soil structure. The PTF prediction further 
improved when input data reflecting field conditions at the time of Ks 
measurement were included, such as initial soil water content and soil 
temperature. Nevertheless, the measurements of MWD remain time 
consuming and tedious, and as MWD are classically not reported in 
available soil hydraulic databases, we also developed a PTF to estimate 
MWD from easily available input data such as SOC, bulk density, sand 
and clay content. This PTF was able to predict the measured MWD with 
high accuracy (R2 > 0.9). When the PTF-predicted MWD was fed into the 
existing or developed PTFs to predict field measured Ks, the prediction 
performance even increased compared to the direct use of measured 
MWD, likely due to the reduction of outliers and noise. We therefore 
suggest to include soil aggregate size (MWD) information into PTFs 
along with information on soil texture and SOC as MWD can substan
tially improve the estimations of Ks, whereby the direct measurements 
of MWD can be circumvented by using the developed PTFs. Field 
measured Ks is a highly dynamic soil property and its prediction can 
benefit from including antecedent soil water content and soil tempera
ture as well, although this has to be validated first and we therefore 
suggest to only include soil aggregate size for now.
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López, M.V., Machiwal, D., Mallants, D., Mallmann, M.S., de Oliveira Marques, J.D., 
Marshall, M.R., Mertens, J., Meunier, F., Mohammadi, M.H., Mohanty, B.P., Pulido- 
Moncada, M., Montenegro, S., Morbidelli, R., Moret-Fernández, D., Moosavi, A.A., 
Mosaddeghi, M.R., Mousavi, S.B., Mozaffari, H., Nabiollahi, K., Neyshabouri, M.R., 
Ottoni, M.V., Ottoni Filho, T.B., Pahlavan-Rad, M.R., Panagopoulos, A., Peth, S., 
Peyneau, P.-E., Picciafuoco, T., Poesen, J., Pulido, M., Reinert, D.J., Reinsch, S., 
Rezaei, M., Roberts, F.P., Robinson, D., Rodrigo-Comino, J., Rotunno Filho, O.C., 
Saito, T., Suganuma, H., Saltalippi, C., Sándor, R., Schütt, B., Seeger, M., 
Sepehrnia, N., Sharifi Moghaddam, E., Shukla, M., Shutaro, S., Sorando, R., 
Stanley, A.A., Strauss, P., Su, Z., Taghizadeh-Mehrjardi, R., Taguas, E., Teixeira, W. 
G., Vaezi, A.R., Vafakhah, M., Vogel, T., Vogeler, I., Votrubova, J., Werner, S., 
Winarski, T., Yilmaz, D., Young, M.H., Zacharias, S., Zeng, Y., Zhao, Y., Zhao, H., 
Vereecken, H., 2018. Development and analysis of the Soil Water Infiltration Global 
database. Earth Syst. Sci. Data 10 (3), 1237–1263.

Ren, J., Shen, Z., Yang, J., Zhao, J., Yin, J., 2014. Effects of Temperature and Dry Density 
on Hydraulic Conductivity of Silty Clay under Infiltration of Low-Temperature 
Water. Arab. J. Sci. Eng. 39 (1), 461–466.

Santanello, J.A., Peters-Lidard, C.D., Garcia, M.E., Mocko, D.M., Tischler, M.A., 
Moran, M.S., Thoma, D.P., 2007. Using remotely-sensed estimates of soil moisture to 
infer soil texture and hydraulic properties across a semi-arid watershed. Remote 
Sens. Environ. 110 (1), 79–97.

Sarkar, A., Maity, P.P., Ray, M., Chakraborty, D., Das, B., Bhatia, A., 2023. Inclusion of 
fractal dimension in four machine learning algorithms improves the prediction 
accuracy of mean weight diameter of soil. Eco. Inform. 74, 101959.

Schaap, M.G., Leij, F.J., 1998. Database-related accuracy and uncertainty of pedotransfer 
functions. Soil Sci. 163 (10), 765–779.

Schillaci, C., Acutis, M., Lombardo, L., Lipani, A., Fantappiè, M., Märker, M., Saia, S., 
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Strauss, P., Tóth, B., Woesten, H., 2013. European HYdropedological Data Inventory 
(EU-HYDI). EUR Scientific and Technical Research Series EUR 26053 EN 
(9789279323553).

Weynants, M., Vereecken, H., Javaux, M., 2009. Revisiting Vereecken Pedotransfer 
Functions: introducing a Closed-Form Hydraulic Model. Vadose Zone J. 8 (1), 86–95.

Wooding, R.A., 1968. Steady Infiltration from a Shallow Circular Pond. Water Resour. 
Res. 4 (6), 1259–1273.
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