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Predicting soil properties and evaluating their functions along with their related driving factors is useful for
providing useful geographical information for soil management, which is especially important in arid and semi-
arid regions. This study investigates the use of a structural equation modeling (SEM) approach for assessing the
effects of soil forming factors through environ-mental proxies on three key soil properties, namely soil organic
carbon (SOCQ), calcium carbonate equivalent (CCE) and clay content (clay) in an arid and semi-arid region of Iran.
Using a set of 259 soil profiles collected over years 2016-2020 in the Qazvin plain, the cause-effect relationships
were estimated between these soil properties and nine environmental factors derived from a digital elevation
model and from satellite images. Focusing on two main horizons A and B, it was shown that normalized dif-
ference vegetation index, midslope position, elevation, multi-resolution valley bottom flatness, and saga wetness
index are impacting these soil properties. Inside each horizon, the effect of CCE and clay on SOC was also evi-
denced, but to an extent that depends on the horizon. For each soil property, we were able to clearly identify the
relationships between the two horizons. Although our SEM approach proved to be useful for identifying and
estimating the cause-effect relationships, it failed to provide a good predictive model as required for a relevant
digital soil mapping of these soil properties. However, as the SEM approach allows combining soil science
knowledge inside a model that accounts for soil forming factors, external factors, and soil system at the same
time, it permits an investigation of their potential cause-effect relationships in a rich theoretical framework. The
SEM methodology is thus potentially useful for soil scientists that are studying various soil properties in other
parts of the world, even if it cannot be advocated as an efficient digital soil mapping method in general.

1. Introduction agricultural strategies and monitoring the impacts of improper resource

utilization (Carvalho Junior et al., 2016; Costa et al., 2020).

Soils are an essential component of the natural environment and they
play a critical role in the ecosystem health (Adhikari and Hartemink,
2016). Interactions between soil physical and chemical properties can be
used to determine soil quality and fertility properties. Predicting soil
qualities and evaluating their functions can offer precise geographical
information about soil management, which is especially important in
arid and semi-arid regions (Jeong et al., 2017). The consideration of soil
information is crucial for conservation and sustainable management
practices, as it is essential for the development of sustainable
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Over the last few decades, digital soil mapping (DSM) has made
significant advances and has several key advantages over traditional soil
mapping methods (Malone et al., 2009) due to the use of innovative
techniques, including predictive algorithms (Zeraatpisheh et al., 2022a;
Padarian et al., 2019), models combining machine learning (ML) and
geostatistics (Taghizadeh-Mehrjardi et al., 2020; Poggio and Gimona,
2017), along with hybridization techniques making use of soil properties
maps (Matinfar et al., 2021; Rostaminia et al., 2021). Traditional soil
mapping methods are often reliant on field sampling, which can be time-
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Fig. 1. Study area and locations of the soil profiles; (a): map of Iran; (b) Qazvin and Alborz regions; (c) boundaries of the study area and locations of the soil profiles.

consuming, expensive, and limited in scope, requiring the expertise of
individual soil scientists (Minasny and McBratney, 2016). In contrast,
DSM can provide more up-to-date information on soil properties using
high-resolution topographic attributes and remote or proximal sensing
data. This has led to improved performance in soil data modeling and
spatial prediction (Padarian et al., 2019).

Although machine learning (ML) algorithms have proved to be useful
for predicting soil properties and can lead to higher predictive accuracy
by comparison with more conventional approaches, they are also
considered as black box models (Wadoux et al., 2020), thus limiting the
insight that soil scientists gain from the results of the modeling process.
Miller (2019) defined interpretability as the degree to which a human
can understand the cause of a decision, and the necessity for ML algo-
rithms to be interpretable is considered an important requirement by
Doshi-Velez and Kim (2017). As an example, when applied to the

prediction of lateral and vertical variations of soil properties (Zer-
aatpisheh et al., 2020), the prediction results might be physically un-
realistic, and causal relationships between soil properties cannot be
accounted for (Angelini et al., 2020). In addition, interpretability of a
model refers to the ability to understand how the model is making
predictions and the underlying relations between system variables. The
interpretability of a model is important for soil scientists to gain insights
into how the model is making predictions and which factors are most
important in determining soil properties (Molnar, 2020; Wadoux et al.,
2021). This can be achieved through various methods. In new machine
learning techniques, feature importance analysis provides some insights
about variable relationships, but the model randomness makes inter-
pretation of underlying processes cumbersome (Breiman, 2001). Cause-
and-effect relationships, instead, are more easily analyzed under linear
regression models. Structural equation modeling (SEM) is a statistical
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Table 1
Collected environmental covariates over the study area.
Covariate Abbreviation ~ Source Spatial
resolution

Digital elevation model DEM ALOS PALSAR 12.5m
radar

Midslope position Midslope Digital elevation 12.5m
model

SAGA wetness index SWI Digital elevation 12.5m
model

Multiresolution index of MrVBF Digital elevation 12.5m

valley bottom flatness model

Wind Effect WE Digital elevation 12.5m
model

Diffuse insulation Diffuse Digital elevation 12.5m
model

Mean annual precipitation MAP Mean monthly 250 m
climate data

Mean annual temperature MAT Mean monthly 250 m
climate data

Normalized difference NDVI Median of 5years 30 m

vegetation index NDVI

technique based on multivariate linear regression. While this cannot
prove cause-effect relations, it can be used to test conceptual models
based on cause-effect relationships, which can be useful in under-
standing the underlying mechanisms that determine soil properties
(Bollen, 1989; Pearl, 1995).

In order to address some of these issues, researchers have recently
proposed using structural equation modeling (SEM) approaches. Typi-
cally, SEM involves the construction of a model that aims at representing
how various properties are causally and structurally related to each
other. It generally relies on a multivariate regression modeling approach
that allows the user to simultaneously account for a network of potential
relationships and that permits testing their relevance using a statistical
framework (Hoyle, 2012). Scientists can thus design and evaluate the
relevance of their hypotheses using a general scheme that accounts for
the relationships between various variables in this model (Dion, 2008).

In a wide variety of fields that include psychology (Martens, 2005),
health sciences (Christ et al., 2014), agricultural sciences (Sarkar et al.,
2021) and natural resources (Tuominen et al., 2022), the SEM approach
has proved to be a convenient way to test the complex relationships
between natural variables by overcoming the limitations of more
traditional analysis methods (Bollen, 1989; Grace et al., 2012). SEM can
be viewed as a semi-mechanistic modeling approach (Liu et al., 2021).
For soil sciences, Angelini et al. (2016) showed that how relationships
between soil properties can be included in the SEM modeling process in
a prediction framework, while Angelini et al. (2017) applied SEM for
multi-layers and multivariate soil mapping and tested the functionality
of SEM for the improvement of soil properties modeling. Liu et al. (2021)
reported that SEM yields reasonable results and is an efficient method to
simulate soil development using ancillary data. Sales et al. (2017) used
SEM to investigate the relationships between the phosphorus cycle and
soil properties. They reported that their conceptual model was consis-
tent with the hypotheses about the relationships between phosphorus,
organic matter storage, and physicochemical properties of the soil. At
the watershed scale, Zhu et al. (2016) explored the relative influence of
soil chemistry and topography attributes on the availability of micro-
nutrients (Fe, Mn, Cu, Zn, and B) using SEM. They concluded that soil
chemistry and topographic attributes affected the availability of these
micronutrients both in direct and indirect ways.

By relying on these previous results and findings, this paper aims at
quantifying the relationships between soil organic carbon (SOC) and soil
properties such as calcium carbonate equivalent (CCE) and clay content
(denoted clay hereafter), along with environmental covariates.
Improving our knowledge about the spatial distribution of SOC content
and its relationships with other soil properties and environmental
covariates is essential for efficient soil management and environment
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protection (Guo et al., 2013). In a previous study by Mousavi et al.
(2022), ML algorithms and environmental covariates were used to
identify the most influential factors impacting SOC at four separate
standardized depths in the Qazvin plain (Iran), without identifying the
causal effects and the direct or indirect relationships between SOC and
these covariates. Although partial dependent plots and relative impor-
tance functions where used to evidence the relationships between SOC
con-tent and environmental covariates, there is still a knowledge gap
about the way the soil system and these covariates are interacting.

The specific aim of this study is to use structural equation modeling
(SEM) to predict three key soil properties (SOC, CCE, and clay) in the A
and B horizons of an arid and semi-arid region of Iran using nine envi-
ronmental covariates. The secondary objectives were to identify the
main controlling factors for each soil property and horizon, investigate
the cause-effect relationships between soil properties and environmental
covariates, and evaluate the efficiency of SEM for predicting and map-
ping these soil properties over the study area. The ultimate goal was to
determine the potential usefulness of SEM methodology for soil scien-
tists studying soil properties in other parts of the world, despite its
limitations in terms of efficiency for digital soil mapping.

2. Material and methods
2.1. Study area

The study area covers 57, 540 ha and is located in the Qazvin plain,
Iran, between 50°15-50°29' E and 35°54'-36°54' N (Fig. 1). It is one of
the most strategic plains for agricultural production and it has been
under continuous cultivation and exploitation for a long time. Major
land uses are irrigated and dry farming (68%), saline and non-saline
pastures (30%), and urban and industrial zones (2%).

The three main soil types in this area are Typic Calcixerepts, Typic
Haploxerepts, and Fluventic Haplxerepts (Soil Survey Staff, 2014). The
dominant geological structures are basaltic volcanic rocks and alluvial
or colluvial deposits in the northern and central parts, with silt and clay
flat and mud, and salt flat in the southern part. The study area consists of
four main topographic units, including Mountainous areas, Hilland,
Piedmont, and Plains (Mousavi et al., 2022). The northern parts of the
region consist of Mountains and Hilland, the central parts have the
largest area of Piedmont, and the southern parts are limited to the
appearance of Plains. Overall, the average slope variation in the region
ranges from 1% to 12%. The soil parent material relates to Tertiary and
Quaternary. Rainfall is mainly occurring in fall and winter, with a total
mean annual precipitation of 280 mm over the year. Mean annual
temperature ranges from 13.3 °C to 15.5 °C according to the Iran
Meteorological Organization, and the soil moisture and temperature
regimes are classified as Dry Xeric, weak Aridic, Aquic, and thermic,
respectively.

2.2. Soil samples

The soil data were gathered from various surveys conducted from
2016 to 2020. A total of 278 soil profiles were drilled (Fig. 1¢) based on
stratified random method and samples were collected from all soil ge-
netic horizons. After sampling, all samples were transferred to the lab-
oratory, air-dried, and then measured based on standard methods. Soil
organic carbon (SOC) percentage was measured using the wet oxidation
method (Walkley and Black, 1934). Calcium carbonate equivalent (CCE)
percentage was measured using titration method (Loeppert and Suarez,
1996). The clay percentage was measured using the hydrometric
method (Gee and Bauder, 1986). These three key soil properties were
selected as they are considered as having a large impact on the evolution
of soils for arid and semi-arid regions (Zeraatpisheh et al., 2019). These
soil properties were modeled in the two major soil horizons A and B after
grouping the original soil horizons. For the A horizon, A and Ap or any
subdivision of these were grouped, while Bw, Bk, By or any subdivision
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Fig. 2. Maps of six covariates (among the nine at hand) over the study area (NDVI: normalized difference vegetation index, DEM: digital elevation model, SWI: SAGA
wetness index, MAP: mean annual precipitation, MrVBF: multiresolution index of valley bottom flatness, Midslope: midslope position).

of these were grouped for the B horizon. Most of the A horizon depths
range from 0 to35 cm, while B horizon depths range from 35 to 150 cm.
Soil profiles including transitional horizons such as AB or BC were not
included. Soil profiles that contained a C horizon were excluded from
the analysis, as only a few of them included this horizon. The final
dataset used in this study thus consists of 259 soil profiles sampled both
for A and B horizons, as defined above.

2.3. Environmental covariates

The environmental covariates were collected from different sources
and are detailed in Table 1. Terrain attributes were obtained from a
digital elevation model (DEM) at a 12.5 m spatial resolution down-
loaded from the Alaska Satellite Facility (ASF) Distributed Active
Archive Center (DAAC) (https://search.asf.alaska.edu/).All-terrain at-
tributes were obtained using the SAGA GIS (Conrad et al., 2015) terrain
analysis toolbox after a pre-processing step based on a Fill Sink
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Fig. 4. Graphical model of the SEM using the various soil forming factors (i.e., Climate, Relief, and Organism), the external factors (i.e., the nine selected envi-
ronmental covariates here), and the soil system (i.e., clay, SOC, and CCE in A and B horizons here).

algorithm (Wang and Liu, 2006) for reducing artifacts and noise. These (WE), and diffuse insulation (Diffuse). This extracted from the digital
attributes are midslope position (Midslope), SAGA wetness index (SWI), elevation model, which have high efficiency even in areas with low
multi-resolution index of valley bottom flatness (MrVBF), wind effect relief (Zeraatpisheh et al., 2019; Guo et al., 2021). In parallel, the
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Table 2

Descriptive statistics for the soil profiles (n = 259) in A and B horizons.
Soil Min Max Mean SD cv Skewness  Kurtosis
property (%)
SOC.A (%) 0.10 3.40 0.93 0.55 59.2 1.37 2.52
SOC.B (%) 0.01 1.40 0.46 0.25 55.2 1.60 4.24
CCE.A (%) 1.0 50.0 13.1 7.99 61.1 1.40 2.85
CCE.B (%) 2.0 59.0 16.5 9.52 57.7 1.13 1.75
clay.A (%) 1.0 70.7 27.0 13.1 48.3 0.67 0.14
clay.B (%) 5.0 65.0 29.1 13.6 46.7 0.48 —0.38

Min: minimum, Max: maximum, SD: standard deviation, CV: coefficient of
variation, SOC: soil organic carbon; CCE: calcium carbonate equivalent, clay:
clay content.

median of the normalized difference vegetation index (NDVI) was
computed from monthly Landsat 8-time series (available via U.S.
Geological Survey web portals at (https://earthexplorer.usgs.gov/) by
combining periods of 16 days each, each period corresponding to the
dates of the soil surveys that took place between 2016 and 2020. Mean
annual precipitation (MAP) and mean annual temperature (MAP) raster
maps were obtained from mean monthly climate data provided by the
weather stations located in the study area. Finally, all raster maps were
harmonized at a 15 m spatial resolution using a bilinear re-sampling
method. Six of them are presented in Fig. 2 for the sake of illustration.
For modeling purposes, all soil properties and environmental covariates
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were subsequently standardized by subtracting their mean and dividing
by their standard deviation. Also, the selection of covariates was based
on previous research conducted in the study area by Mousavi et al.
(2022) and Neyestani et al. (2021), as well as expert opinion.

2.4. Structural equation model (SEM)

The general workflow for modeling and predicting SOC, CCE, and
clay using the SEM approach is presented in Fig. 3. This process was
carried out based on successive steps that are detailed hereafter. SEM is a
statistical methodology for developing and testing hypotheses about
relationships in a system. While in most cases it is used for testing hy-
potheses, it can also be used for prediction. SEM includes both graphical
and equational forms, with the graphs representing the cause—effect
relations and the equations specifying the relationships between the
variables. SEM is based on conventional regression techniques, but it is
more flexible in several ways. For example, SEM can explicitly incor-
porate measurement error, it can jointly analyze direct and indirect ef-
fects, and it can model multiple dependent variables simultaneously
(Grace and Keeley, 2006). These advantages make SEM a powerful tool
for analyzing complex systems. The SEM process typically begins with
the development of general hypotheses where one represents the
knowledge about a system. Then, it is adapted to a specific conceptual
model to make the system relations more explicit. The conceptual model
is then converted into a graphical model and a mathematical model,
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Fig. 5. Histograms, correlations (p = 0.05), and scatter plots for SOC, CCE, and clay in A and B horizons (on a logarithmic scale for SOC and CCE in both horizons).
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Fig. 6. SEM graphical model with its parameters, showing the relationships between environmental covariates (grey boxes) and soil properties (orange boxes). The A
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suffix refers to the latent or observed value of the corresponding soil

property, respectively. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

Table 3

Goodness-of-fit indices of the estimated SEM at the various respecification steps.
Step 72 df  p—value CFI GFI RMSEA  SRMR
First 272.5 38 0.000 0.702 0.791 0.101 0.080
Second 219.3 35 0.000 0.858 0.823 0.090 0.071
Third 150.6 32 0.002 0.902 0.875 0.060 0.051
Fourth 66.75 25 0.004 0.970 0.930 0.048 0.030

Table 4

Successive SEM respecifications based on the suggestions from the lavaan
package. The operator refers to the kind of relationship that links the soil
property to the environmental covariate (i.e., ~ means “regressed on” here).

Step Soil property Operator Covariate
Second CCE.Ar ~ MAP
CCE.Ar ~ DEM
Third clay.Br ~ Diffuse
clay.Br ~ DEM
clay.Ar ~ SWI
Fourth SOC.Ar ~ Midslope
CCE.Br ~ Midslope

where the expected relations between the variables are hypothesized
providing details how they link each other. The mathematical model is
then calibrated using a dataset (Grace et al., 2012). A model is consid-
ered appropriate when the model relationships represent accurately all
significant relationships present in the data, which mean that the model
fits the data well. As a result, SEM provide a graphical model where the
arrows that connect variables represent the cause-effect direction and
magnitude, and a system of equations that formalize the mathematical
model. Although SEM can be used to test causal hypotheses, it is
important to remember that it cannot to prove causality (Pearl,
1988,2009). More details about the SEM methodology applied to soil

mapping can be found in Angelini et al. (2017). SEM modeling was done
using the lavaan package in R software (R Core Team, 2022), where
parameters are estimated using a maximum likelihood procedure.

2.4.1. Conceptual model

The first step of the SEM methodology is to propose a set of re-
lationships that convey the major knowledge about the interactions
between the selected soil properties (i.e., SOC, CCE and clay here) and
environmental covariates (i.e., those presented in Table 1). This
knowledge may come from soil science theory (Brady and Weil, 2008),
main soil genetic models (Jenny, 1994), expert opinions, empirical ev-
idence or knowledge gained from previous studies (Azizi et al., 2023;
Neyestani et al., 2021) in similar areas subject to the same conditions
(see Mousavi et al. (2021); Esmaeili et al. (2021) for the knowledge
gained about the area used in this study). Some of these relationships
may also correspond to specific research hypotheses that need to be
assessed using the SEM. The final result is a conceptual model proposing
a potential set or oriented links between the various components, that
are justified on experimental and theoretical grounds or that are hy-
pothesized from a research question. For our study, the relationships
that were accounted for in the conceptual model are only briefly detailed
here for SOC, CCE, and clay.

SOC is a key soil property that influences chemical, physical, and
biological processes, particularly fertility and plant development
(Shahriari et al., 2012). In arid and semi-arid regions, soil texture, CCE,
and clay mineralogy that are all linked to the parent material have a
major effect on SOC content in soils (Zeraatpisheh et al., 2022). CCE is
related to the inorganic part of the soil carbon. It provides essential
information about soil mineralogy and chemical properties, especially
when pH and cation exchange capacity are considered (Grinand et al.,
2012). The soils of the study area have carbonate-rich parent materials,
especially in the central part. Their development is highly related to the
accumulation of CCE with a secondary form. In arid and semi-arid re-
gions, CCE may accumulate in soils through pedogenic processes or may
be inherited from calcareous parent materials. Subsequently, due to a
low organic carbon entry in this area, most carbon is in the mineral form
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Fig. 7. Final SEM model after respecification, along with its estimated parameters. Arrow thickness is proportional to the magnitude of the coefficient while color
corresponds to its sign (green for positive and red for negative). Dashed arrows represent model error correlations. Bold italic numbers refer to statistically significant
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Table 5

Accuracy and precision for the predicted soil properties using the final SEM.
Soil ME RMSE  Mean Median R? cce
property SSPE SSPE
SOC.A —0.001 0.520 1.017 0.319 0.075 0.150
SOC.B —0.001 0.250 1.034 0.310 0.045 0.100
CCE.A 0.015 7.74 1.056 0.443 0.055 0.140
CCE.B 0.056 9.48 1.086 0.482 0.004 0.060
clay.A 0.058 10.34 1.035 0.331 0.370 0.600
clay.B 0.038 11.24 1.023 0.449 0.315 0.500

SOC: soil organic carbon, CCE: calcium carbonate equivalent, clay: clay content,
ME: mean error, RMSE: root mean square error, SSPE: mean and median of
standardized squared prediction error, R% coefficient of determination, CCC:
concordance correlation coefficient.

(McGinnies, 1981). In such regions where particulate matter is trans-
ported by wind from source areas, the accumulation of secondary car-
bonates within the soil profile is a common occurrence. Finally, clay is
an essential soil physical property too, as it regulates wilting point, field
capacity, and saturated hydraulic conductivity in the soil, which in turn
regulates water fluxes in the unsaturated zone (Shabou et al., 2015). It
has an important effect on SOC storage, as clay particles lead to a higher
accumulation of SOC than sand and silt particles (Jagadamma and Lal,
2010). Based on data from several short-term litter decomposition
studies, Giardina et al. (2001) also reported a decline in SOC decom-
position rates with increasing clay content. Accordingly, clay affects the
capacity, magnitude, and rate of SOC storage (Feng et al., 2013).

2.4.2. Graphical model

In order to formally express the relationships between variables that
are identified from the conceptual model, the graphical model depicts
the many possible ways these variables are influencing each other. As
seen from Fig. 4, this graphical model consists of three major boxes,
namely the soil forming factors (i.e., climate, relief, and organism), the
external factors (i.e., the various covariates that were collected) and the
soil system (i.e., SOC, CCE, and clay in the A and B horizons). The
graphical model identifies plausible causal relationships between soil
properties and environmental covariates as well as the interactions be-
tween them. More precisely, the arrows on the graph are indicating the
plausible cause-effect relationships between these variables (Angelini
et al.,, 2017). The first set of relationships is linking the three soil-
forming factors to the nine external factors. A second set is linking
these external factors to the three soil properties. Finally, the soil
properties in the A and B horizons are linked to each other, while each
soil property is linked between the A and B horizons too.

2.4.3. Mathematical model

As it directly results from the graphical model, the mathematical
model can be generated automatically and is summarized by three sets
of linear equations (Bollen, 1989; Angelini et al., 2016), with

X=AE+6 ™
Y=Kn+e 2
n=Bn+TE+¢ ©)
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Fig. 8. Scatter plots of predicted (vertical axis) versus observed (horizontal axis) values of SOC, CCE, and clay at the profile locations in A and B horizons, where the
blue line is the 1:1 line. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

Egs. (1) and (2) define the so-called measurement model, where X is
a column vector of q observed exogenous variables (i.e., the nine
external factors), Y is a column vector of p observed endogenous vari-
ables (i.e., the three soil properties), & and n are column vectors referring
to n latent exogenous and m latent endogenous variables, respectively,
while A and K are q x n and p x m matrices of coefficients Aij and kij,
respectively, that linearly link the observed variables to the latent ones.

The column vectors & and € are vectors of measurement errors, that
are mutually independent and zero-mean Gaussian distributed. Eq. (3)
corresponds to the so- called structural model, where B and I are m x m
and m x n matrices of coefficient pij and yij for the endogenous and
exogenous relationships, respectively, while { is again a vector of mea-
surement errors (Grace et al., 2012). It is worth noting that the diagonal
elements Bii in B are forced to be equal to zero so that soil properties
cannot depend on themselves.

2.4.4. Parameters estimation and model validation

Parameters appearing in Egs. (1) to (3) are generally estimated using
a maximum likelihood procedure based on a comparison between the
estimated covariance matrix of the data contained in X and Y with the
covariance matrix derived from the measurement model definition (see
Angelini et al. (2017) for the details). A close examination of the esti-
mated parameters is required to check that their sign is consistent with
the conceptual model and that their magnitude is in agreement with
those that can be rationally accepted (see Bollen (1989)). The fit of the
model with respect to the data can be assessed using various statistics, i.
e. x2 test, p-values, goodness-of-fit Index (GFI), comparative fit index
(CFI), standardized root mean square of residuals (SRMR) and root mean

square error of approximation (RMSEA) (Bayram, 2013). For CFI, values
are in the [0, 1] range, and values above 0.9 indicate a good fit of the
model (Schermelleh-Engel et al., 2003). Similarly, GFI values are in the
[0, 1] range with values above 0.9 indicating a good fit. RMSEA is a
useful statistic as its values are largely invariant with respect to the
sample size, where values lower than 0.05 indicate a very good fit.

2.4.5. Model respecification

A poor fit of the model might result from a conceptual or a graphical
model that does not account for all relevant relationships between
variables. In these cases, a respecification of the conceptual and
graphical models should be considered. The lavaan package includes a
modification index function that is used to identify potential improve-
ments in the model fit by testing different restrictions. It is calculated
based on the Lagrangian multiplier test, which compares the fit of
restrictive to less restrictive models. It estimates the potential
improvement in the y2 statistics if a specific parameter is included as a
free parameter in the model. By examining the univariate modification
index, one can identify which restriction should be removed to achieve a
better model fit (Bollen, 1989, Chapter 7).

2.4.6. Prediction and accuracy estimation

Using the SEM equations as given by Egs. (1) to (3), it is possible to
predict the values of dependent variables based on the measured inde-
pendent variables. These estimated values 1] are given by (see Angelini
et al. (2016) for the details) Eq. 4:

#=(U-B)'TA'x 4
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Fig. 9. Maps of the predicted soil properties using SEM, where (a) and (b) refer to SOC (in %), (c) and (d) refer to CCE (in %), (e) and (f) refer to clay (in %). Left and
right columns refer to A and B horizons, respectively.
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The accuracy of the predictions obtained using the SEM model was
assessed using a leave-one-out-cross-validation procedure, where model
parameters are re- estimated each time (Kline, 2016).

The quality of the predictions can be measured using standard sta-
tistical indices such as the coefficient of determination (Rz), concor-
dance correlation coefficient (CCC), mean error (ME), root mean square
error (RMSE), and, with Egs. (5), (6), respectively.

-
ME = ;Zi: i) )
1 n
RMSE = 4 /;Zizl (vy) (6)

where n is the number of observations, yi is the observed value, y; is
the predicted value based on the SEM model. The mean and median
standardized squared prediction error (SSPE) were also calculated as
they indicate the correct assessment of the model prediction uncertainty
(Lark, 2000).

3. Results and discussion
3.1. Descriptive statistics

Descriptive statistics of the sampled soil properties in A and B hori-
zons as estimated from the soil profiles are presented in Table 2. These
results show that soils of the study area have a low SOC content (from
0.10% to 3.40%) in A horizon (SOC. A) and even less in B horizon (SOC.
B). On average, CCE content is slightly higher in B horizon (CCE.B) than
in A horizon (CCE.A), but it exhibits large variations over the study area.
Similarly, clay largely varies, ranging from 1 to 70% in A horizon (clay.
A), but with mean values that are quite similar in both horizons (clay. A,
and clay. B). Differences in particle size distributions are one of the main
reasons for soil variability in this area. As the northern part is subject to a
higher amount of precipitation and has a diverse physiography, water
flow is actively eroding the finest particles, so the dominant soil textures
are Sandy loam and Loam. These particles are then transported to the
central and southern parts of the area where there are deposited as the
result of lower slopes, thus increasing the clay content of the soils and
leading to Silty clay, Clay loam, and clay dominant soil textures.

All soil properties have coefficients of variation (CV%) that exceed
35% and are thus considered as high variables in space according to the
classification by Wilding and Drees (1978). Except for clay in both ho-
rizons, SOC and CCE distributions are positively skewed and do not
correspond to normal distributions, as previously observed (Moham-
madi and Motaghian, 2011). Applying a logarithmic transformation to
SOC and CCE values solved this issue, and Fig. 5 shows that both CCE
and clay are clearly correlated between A and B horizons in p = 0.05
(with correlation coefficients r = 0.79 and 0.72, respectively). However,
this correlation between A and B horizons is much less marked for SOC
(r = 0.59, p = 0.05). Inside the same A or B horizon, the correlation
between SOC, CCE, and clay is quite limited (with r ranging from 0.11 to
0.31, p = 0.05).

3.2. SEM estimation and respecification

In relation to Egs. (1)—(3), the initial SEM graphical model and its
parameters that need to be estimated are presented in Fig. 6. In agree-
ment with the conceptual model discussed in section 2.4.1, it accounts
for the main drivers and processes that are thought to control the values
of SOC, CCE, and clay in the study area, as represented by the re-
lationships between soil properties and environmental covariates. From
a first examination of the non-significant estimated parameters, the re-
lationships between CCE.Br and SOC.Br and between WE and CCE.Ar
was removed from the initial SEM model and the SEM estimation was
performed again. The corresponding performance metrics are shown in
the first line of Table 3. The low values for CFI and GFI are likely to
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indicate that some of the relevant relationships were not taken into
account in the model specification. Accordingly, three successive model
respecifications were considered and the corresponding results are
presented in the third last lines of Table 3. Each respecification was
based on the recommendations provided by the modification index. The
details of the various respecifications are presented in Table 4 and are
briefly discussed hereafter. Based on the lavaan package recommenda-
tions about the parameters currently set equal to 0 but that would be
beneficially accounted for with non-null values in the SEM model (see
Angelini et al. (2017) for more details), relationships between CCE.Ar
with MAP and DEM were separately added to the SEM model (second
step in Table 4). After estimating again, the parameters of this modified
SEM model, the performance metrics (second step in Table 3) show that
both CFI and GFI are increased. Subsequent respecifications based on the
recommendations of the modification index led to the inclusion of re-
lationships between clay in both horizons with Diffuse, DEM, and SWI
covariates (the third step in Table 4), along with relationships relating
Midslope to SOC.Ar and CCE.Br (fourth step in Table 4). From an ex-
amination of the corresponding performance metrics (fourth step in
Table 3), it can be seen that both CFI and GFI have considerably
increased and are now above 0.9 after these three respecifications, as
expected for a relevant SEM model.

3.3. SEM interpretation

Focusing first on the relationships between soil properties and
environmental covariates as measured by the estimated parameters of
the final SEM formulation (Fig. 7), it can be seen that WE and MAT
covariates have no significant influence on the soil properties in the A
and B horizons, while DEM and MAP are by far the most influential ones
in the A horizon. For CCE, it can be seen that the major influential
covariates are DEM and MAP in the A horizon, while Midslope is the
only identified influential covariate in the B horizon. For clay, the major
influential covariate is DEM in both horizons, with an influence of SWI
and MrVBF too in the A horizon, and Diffuse in the B horizon. A strong
negative correlation between elevation and clay content was also re-
ported by Riza et al. (2021) for well-drained sandy soils located in the
crest and shoulder positions of the landscape, while poorly drained
clayey soils were found in the toe-slope and valley positions. For SOC,
the identified influential covariates are NDVI and Midslope (but no
covariates were identified in the B horizon). This is in agreement with
Zhang et al. (2019) who showed that SOC is significantly and positively
correlated with NDVI. Clearly, NDVI is an important covariate for SOC
as it reflects crop growth and biomass and is thus a good proxy for
predicting SOC in plains. About the influence of Midslope, Li et al.
(2018) and Tajik et al. (2020) believed that topographic attributes are
key variables for surface SOC content as they control erosion and
deposition processes. Focusing now on the relationships between soil
properties, it can be seen that there is a strong influence of SOC, CCE,
and clay from the A horizon to the B horizon, in agreement with pedo-
logical knowledge, as soil properties like SOC, CCE, and clay progres-
sively change from surface to subsurface. The SOC.A is identified as
positively influenced by CCE, while SOC.B is positively influenced by
clay.B. These results are in agreement with Rowley et al. (2018)
observed that Calcium carbonate (CaCOs3) can influence SOC stability
through its role in the stabilization of aggregates, while organic matter
intercalated in clays exhibits resistance to oxidation (Briedis et al., 2012;
Carmeis Filho et al., 2017; Paradelo et al., 2015). Similarly, Meersmans
et al. (2008) found that soils with high clay content have the highest
amount of SOC, as fine-textured soils positively influence SOC storage
through accumulation and mineralization processes (Pandey and
Begum, 2010). Identical results were reported by Coté et al. (2000);
Shahandeh et al. (2005); Kokulan et al. (2018) with positive correlations
between SOC and clay. As higher clay values imply a larger water-
holding capacity for plant growth and biomass production, this leads
in turn to a higher SOC content. It is worth noting too that relationships
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between SOC.A and clay. A and between SOC.B and CCE.B were not
statistically significant. A likely explanation is the low SOC values in
these horizons, with associated SOC measurements errors that are no
negligible and that can impair the proper identification of these
relationships.

3.4. Prediction validation

Plugging the estimated parameters of the SEM model in Eq. (4), it is
possible to predict the values of SOC, CCE, and clay in both horizons and
to compare them with the corresponding observed values. As seen from
Table 5 and Fig. 8, the prediction performances are very poor for CCE
and clay in both horizons and are weak for SOC in both horizons too. For
the sake of illustration only, the resulting maps of predicted SOC, CCE
and clay are presented in Fig. 9. These poor predictions could be linked
to the fact that the environmental covariates we used in this study are
not good proxies for the effective soil-forming factors, or to the influence
of land management practices that were not accounted for in this study.

Another possible explanation is that SEM is a linear model, while the
relationships between environmental covariates and soil properties (and
possibly omitted soil forming factors as well) are nonlinear ones. The
bended shape of the scatter plots for predicted versus observed values
for clay.A and clay.B in Fig. 8 is consistent with this hypothesis. Simi-
larly, Liu et al. (2020) observed low R? values and have shown that the
linear relationship assumption between soil organic matter and the
environmental covariates they used was invalid. In agreement with this,
Angelini et al. (2017, 2020) observed low SEM prediction performance
for predicting SOC in Argentina, and they attributed this to the typically
small amount of SOC in their soils, so that measured SOC values are
impacted by large relative measurement errors. While this could be a
part of the explanation for SOC in our dataset (with values that do not
exceed a few percent in both horizons), this is unlikely for CCE which
covers a wide range of values. Whatever the exact reasons, these results
preclude the use of our SEM model for sound predictions and for map-
ping SOC, CCE, and clay over the study area.

In spite of these disappointing prediction results, it is worth
emphasizing that the main objective of a SEM model is to analyze
whether a model is adequate enough to support the hypotheses that have
led to the conceptual model. SEM is commonly and successfully used in
various fields like economics, psychology, etc. However, its use for pure
prediction or for spatial mapping has received much less attention. As
mentioned in the Introduction section, the goal of the SEM approach is
to evidence the direct and indirect relationships between soil properties
and environmental covariates. Based on the results that were obtained
for our case study, our SEM model was indeed beneficial with respect to
that goal. The conclusions that are drawn from the estimated SEM model
are consistent with the findings of other authors. Besides the fact that
SOC, CCE, and clay values are clearly related between A and B horizons,
the SEM model is evidencing the direct relationship between SOC.A and
CCE.A, and between SOC.B and clay.B, along with a set of direct and
indirect relationships between soil properties and environmental cova-
riates (Fig. 7). This was possible thanks to the fact that all soil properties
and environmental covariates were used together in the same model,
while other studies are restricted to evidence these relationships on a
pairwise basis, thus failing to make the distinction between direct and
indirect relationships.

4. Conclusions

In this study that was conducted in an arid and semi-arid region of
Iran, we investigated the use of a SEM methodology for modeling and
predicting the values of three key soil properties (namely SOC, CCE, and
clay) in the A and B horizons with the help of nine environmental
covariates. Among them, NDVI, Midslope, DEM, MAP, MrVBF, SWI, and
Diffuse were identified as the main controlling factors, while DEM and
MAP were clearly the most influential ones for CCE.A and clay.A. In
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contrast, WE and MAT were not significantly related to these soil
properties whatever the horizon. In agreement with soil science
knowledge, a strong relationship was also evidenced for the values of
each soil property between the A and B horizons. Inside each horizon,
the effect of CCE and clay on SOC was also evidenced, but to various
extents, as CCE was the most influential for SOC.A while it was clay for
SOC.B. However, this study highlights too that our SEM was inefficient
for predicting SOC and CCE and yielded weak prediction performances
for clay, thus preventing its use for mapping these key soil properties
over the study area. In spite of this limitation, our SEM was able to ac-
count for the cause-effect relationship between soil properties and
environmental covariates in the context of the area we studied, which
involved complex and intricate soil-forming factors.

As the SEM approach allows combining soil science knowledge in-
side a model that accounts for all variables (i.e., those related to soil
forming factors, external factors, and soil system) at the same time, it
permits to investigate of their potential cause-effect relationships in a
much richer theoretical framework than usual approaches. We thus
believe that the SEM methodology is potentially useful for soil scientists
that are studying various soil properties in other parts of the world, even
if the corresponding SEM cannot be advocated as an efficient digital soil
mapping method in general.
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