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Abstract

A quantification of the overall soil fertililty potential should integrate the main soil physical and chemical prop-
erties, with different units. The formulation of the Rasch model is proposed as an instrument to measure soil 
fertility potential, integrating 11 soil properties (clay, silt and sand content, organic matter -OM-, pH, total ni-
trogen -TN-, available phosphorus -AP- and potassium -AK-, cation exchange capacity -CEC-, and deep -ECd- 
and shallow -ECs- soil apparent electrical conductivity, 0-90 and 0-30 cm depth respectively) measured at 70 
locations in a field. In the case study, the considered soil variables fit the model reasonably, having an important 
influence on soil fertility, except pH, probably due to its homogeneity in the field. Moreover, a ranking of all 
soil samples according to their fertility potential and the influence of each variable on soil fertility are provided, 
being ECd, ECs, and the textural fractions of soil the most influential properties on soil fertility and, on the other 
hand, AP and AK the less influential properties. Results are in accordance with a previous work in the same field 
considering only five soil properties, both ECd and ECs and texture, denoting the importance of these variables 
to estimate soil fertility potential.  Rasch model resulted to be useful to rationally determine locations in a field 
where high soil fertility potential exists and establishing those soil samples or properties with anomalies. This 
information can be necessary to conduct site-specific treatments, leading to a more cost-effective and sustainable 
field management.
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1. Introduction

Soil fertility is a complex quality of soils which is clos-
est to plant nutrient management. It combines many 
biological, chemical and physical soil properties that 
affect nutrient availability. Although soil fertility is one 
important aspect of soil productivity, from the farmer´s 
point of view the chemical fertility and physical condi-
tion of soils are decisive as they both determines the 
production potential. Good natural or improved soil 
fertility is indispensable for successful cropping and 
the basis for any high-production system.
According to FAO, soil fertility can be defined as the 
ability of a soil to supply the essential nutrients and 
adequate amounts of soil water to plant growth (http://
www.fao.org/ag/agp/agpc/doc/publicat/FAOBUL4/
FAOBUL4/B401.htm). The requirements of plants 
should be met from the elements contained in the soil; 
thus, initially, it has a fertility potential, but some oth-
er factors have to be taken into account.
Quantifying soil fertility in a meaningful way is very 
problematic. In order to estimate it, three main prob-
lems can be distinguished: i) What shall we measure? 
ii) How do we interpret the data? iii) How can we de-
rive a statement about soil fertility based on the data?
Several soil properties are important in determining 
a soil's inherent fertility. One property is the adsorp-
tion and storage of nutrients on the surfaces of soil 
particles. The quantity of nutrient cations a soil can 
adsorb is called its cation exchange capacity (CEC). 
Soils with high CEC not only hold more nutrients, but 
they are better able to buffer, or avoid rapid changes 
in soil solution levels of these nutrients by replacing 
them as the solution become depleted. Generally, the 
inherent fertility, and long-term productivity of a soil 
is greatly influenced by its CEC.
Depending on its location, a soil contains some com-
bination of sand, silt, clay, and organic matter. The 
makeup of a soil (soil texture) and its acidity (pH) 

determine the extent to which nutrients are available 
to plants. Soil texture affects how well nutrients and 
water are retained in the soil; thus, clayey and organic 
soils hold nutrients and water much better than sandy 
soils, in which water drains and carries nutrients along 
with it. When nutrients leach into the soil, they are not 
available for plants to use. Thus, soil texture and CEC 
are related; for instance, soils with high CEC usually 
have high clay content, moderate to high organic mat-
ter content, high water holding capacity, less frequent 
need for fertilizers, and low leaching potential for cat-
ionic nutrients. However, an ideal soil should contain 
equivalent portions of sand, silt, and clay, to facilitate 
the agricultural works as the physical properties are 
more adequate to properly manage the soil.
Soil pH is one of the most important soil properties 
that affect the availability of nutrients (e.g. Nájera 
et al., 2015; Li et al., 2015). The ideal soil pH is 
close to neutral. Most plant nutrients are optimally 
available to plants within this 6.5 to 7.5 pH range, 
plus this range of pH is generally very compatible to 
plant root growth.
Soil apparent electrical conductivity (ECa) is another 
soil property closely related to some important physi-
co-chemical properties influencing crop yield across a 
wide range of soils (e.g. Corwin and Lesch, 2003; Sud-
duth et al., 2005). High correlation coefficients have 
been found between ECa and other variables related to 
soil fertility as CEC and pH (e.g., Bernardi et al., 2016; 
Moral et al., 2010). In this sense, ECa measurements 
can be considered an indicator of soil-fertility param-
eters. ECa can be intensively recorded in a parcel, in 
an easy and inexpensive way, by means of different 
electrical conductivity sensors currently on the market 
(e.g. Pedrera-Parrilla et al., 2016).
In consequence, obtaining a measure of soil fertility po-
tential is not easy due to the fact that different variables 
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can influence its quantification. Soil fertility is af-
fected by many soil physical and chemical variables, 
which, in turn, depend on various local factors, such 
as climatological conditions. Another additional 
problem is the correct choice of the variables that 
can better characterize the soil fertility. If soil texture 
properties, CEC, pH, primary nutrients availability 
and apparent electrical conductivity (ECa) are con-
sidered, it seems that a rational indication about the 
soil fertility potential can be obtained (e.g. Serrano 
et al., 2016). However, how do we combine these 
variables? It seems like a puzzle with pieces out of 
different pictures; the pieces do not match, no pic-
ture emerges. Soil fertility is a complex property not 
expressed appropriately in a quantitative way.
A novel approach to integrate data from different 
variables is the Rasch model (Rasch, 1980), which is 
an objective and statistical measurement model. The 
useful information this statistical tool can generate 
can give new insight from an agricultural point of 
view. Moral et al. (2012) applied the Rasch model to 
obtain rational measures of soil fertility potential in a 
field, from ECa and textural components obtained at 
some soil samples. It was obtained that ECa was the 
most influential property on soil fertility potential. 
However, other soil variables, for instance primary 
nutrients availability, were not considered. Addition-
ally, in a previous work, Moral et al. (2011) used 
the Rasch model and some geostatistical algorithms 
with the aim of delineating different management 
zones in an agricultural field, considering five soil 
properties (clay, silt and sand content, ECd, and ECs) 
as the most influential on soil fertility. However, no 
additional information was displayed regarding how 
the data fit the model, if results are consistent and 
all variables support the latent variable, or if the 
number of categories is the optimum, that is, if the 
rating scale categories are being used appropriately. 
Furthermore, the study of misfits was not included, 

which could be an important source of information 
about anomalies in any soil property or data at every 
sample location.
The Rasch model, as a measuring method (Tristán, 
2002; Álvarez, 2004), can be an important and in-
novative tool to determine soil fertility potential (in 
the sense the crop production potential is influenced 
by soil fertility). This latent variable model is based 
on the mathematical modeling of the behaviour re-
sulting from the iteration of a subject with its item 
(Tristán, 2002). It is a single parameter model, i.e., 
there is only one measurement parameter, which cor-
responds to a single dimension on a single scale to 
measure the classification of both the subjects (soil 
samples) and the considered items (soil properties). 
The Rasch model can integrate different data into a 
uniform analytical framework. In this case study, the 
main purpose is to consolidate some heterogeneous 
measures of soil properties into an overall variable 
that characterizes and facilitates the interpretation of 
potential fertility in an agricultural soil.
This model is also based on the simple idea that 
some items are more important to subjects than other 
items. Thus, the Rasch model constructs a line of 
measurement with the items located hierarchically 
on this line according to their importance to subjects. 
The validity of a given test is carried out by assess-
ing whether all items work together to measure a sin-
gle variable. Chi-square fit statistics, known as Infit 
and Outfit Mean-Square (Infit and Outfit MNSQ), 
are computed to determine how well each soil prop-
erty contributes to soil fertility potential measure-
ment (i.e., the basic fit statistics is a ratio of observed 
residual variance to expected residual variance, and 
is near 1.00 when observed variance is comparable 
to expected); usually, items should obtain Infit and 
Outfit MNSQ values between 0.6 and 1.5 (Bond and 
Fox, 2007) to be accepted, removing those with val-
ues beyond these thresholds.
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A key characteristic of the Rasch model is the 
transformation of raw data to linear units that op-
erationally define a latent variable or theoretical 
construct, which is the combination of noncat-
egorical measures that are conceptually related to 
a latent feature. Their unrelated independent units 
are then categorized with uniform rating scales 
and transformed to common logit units with Rasch 
measurements. 
By describing soil properties in terms of uniform 
rating categories, unrelated dimensions acquire 
common ordinality. Through this numerical ma-
nipulation, independent scale quantities can be 
expressed as common ratings ranging from low to 
high. A similar approach has been also considered 
by Andrews et al. (2004) in their soil quality as-
sessment tool, in which some indicators are taken 
into account and their measurements are trans-
formed using scoring curves.
Let n be the different locations in the experimental 
field where measurements of each soil property, i, 
were carried out. We define a latent variable or con-
struct, soil fertility potential, Xni, in which n refers 
to the location where the measurement is conducted 
and i refers to the soil property. In this case study, Bn 
(n = 1, 2, …, 70) refers to the 70 locations where the 
measurements of the soil properties were carried out, 
and di (i = 1, 2, 3, 4, ..., 11) refers to the 11 soil prop-
erties (Clay -1-, Sand -2-, Silt -3-, TN -4-, AP -5-, 
AK -6-, OM -7-, CEC -8-, ECs -9-, ECd -10-, and 
pH -11-). For instance, X25,4 means the measurement 
of the property i = 4 (TN) at the location, sample 
point, n = 25. If at a sampling location Bn all the soil 
properties di do not exert an important influence on 
soil fertility, then Bn would be placed to the left of 
these items di (diagram 2, Figure 1). 
On the contrary, if all the properties are exerting an 
important influence, then Bn will be located on the 
right of all di (diagram 3, Figure 1). 

Figure 1. Representation of the latent variable, soil 
fertility potential, as a straight line. Bn is the loca-
tion n; di is the soil property i. Diagram 1 illustrates 
the case of a location B0 which is influenced by the 
soil properties d1, d2, d3, but not by d4. In the dia-
gram 2, the location B1 is not influenced by any 
soil property. In the diagram 3, the location B2 is 
influenced by all soil properties. Diagram 4 shows 
a generalization for some locations and soil proper-
ties; B3 is not influenced by any soil property; B4 is 
influenced by the soil property d1; B5 is influenced 
by the soil properties d1 and d2; B6 is influenced by 
all soil properties, d1, d2 and d3.

If there are two or more soil samples, their difference 
in terms of soil fertility potential would be given by 
their relative positions with respect to the number of 
soil properties which favors fertility. In the diagram 
4 (Figure 1), location B3 surpasses no soil property; 
location B4 only surpasses soil property d1; location 
B5 surpasses property d1 and d2; and location B6 sur-
passes all three soil properties. Therefore B3 is the 
location with least soil fertility, and B6 has the most. 
Soil property d1 does not exert an influence on the 
location B3 and influences on the locations B4, B5, and 
B6. For the property d2 is the following: that does not 



Journal of Soil Science and Plant Nutrition, 2017, 17 (2), 486-498

490       Moral et al.

influence on the locations B3 and B4, and influences 
on the locations B5 and B6. Finally, property d3 does 
not exert an influence on the locations B3, B4, and B5, 
and influences on the location B6. In this case, B6 is 
the location where soil fertility potential is greater 
since it is influenced by all the soil properties, d1, d2, 
and d3; B3 is the location  where soil fertility potential 
is lower since it is not influenced by any property. On 
the other hand, d1 is the soil property which more fre-
quently influences on soil fertility potential, and d3 is 
the soil property which less frequently influences on 
soil fertility potential. 
The probability that location n has the influence of the 
soil property corresponding to item i, given the pa-
rameters Bn and di is:

which was obtained by Rasch (1980) in his treatise 
on latent variables. More information about the math-
ematical formulation of the Rasch model can be ob-
tained, for instance, in Ferrari and Salini (2011).
In the literature, usually three variable selection tech-
niques are utilized: spatial correlation analysis (e.g. 
Bazzi et al., 2013; Reich, 2008), principal component 
analysis (PCA) (e.g. Moral et al., 2010; Li et al., 2007), 
and multivariate spatial analysis based on Moran’s 
index PCA (MULTISPATI-PCA) (e.g., Gavioli et al., 
2017; Córdoba et al., 2016; Peralta et al., 2015). PCA 
allows identifying a set of synthetic variables (princi-
pal components) which are uncorrelated among them-
selves and obtained from the original variables through 
some transformations. However, an important draw-
back f PCA is that factors do not often have straightfor-
ward interpretation. MULTISPATI-PCA adds a spatial 
restriction on the traditional PCA, introducing a spatial 
weighting matrix which is constructed using Moran’s 
bivariate spatial autocorrelation statistic. While in 

PCA the spatial structures can exist in any component, 
in MULTISPATI-PCA the spatial structures are strong 
in the first components and, sometimes, its interpreta-
tion is also difficult. In this sense, the Rasch model 
gives place to results which can be easily understood 
and there is no the necessity of defining any kind of 
weights; furthermore, original variables can be relat-
ed or unrelated, that is, there are no initial constraints 
about the variables to be included in the model.
In this work we aim to: (1) analyze the use of the 
Rasch model as a measurement tool to estimate with 
a rational basis the soil fertility potential, integrating 
many soil properties; (2) utilize the Rasch methodol-
ogy to find out how each soil property have an influ-
ence on the overall soil fertility; and (3) display any 
location which presents different behaviour with re-
spect to the general fertility pattern.   

2. Materials and Methods

The field research was carried out at a farm in the 
proximity of Badajoz (southwestern Spain). The area 
of the study site is 33 ha approximately. Gentle hills 
dominate the topography and, in the substrate, lime-
stones predominate over intrusive acidic rocks. Ac-
cording to the USDA-NRCS Soil Taxonomy System 
(1999), the soil is classified as Rhodoxeralf type.
Soil samples were collected from the top layer, 0-20 
cm, using a stratified random sampling scheme (Bur-
rough and McDonnell, 1998) at 70 georeferenced 
places (Moral et al., 2011), and their coordinates were 
determined with a millimetric precision with a Maxor-
GGDT differentially corrected global positioning sys-
tem (Javad Navigation Systems, San Jose, California, 
USA). Soil samples were packed into plastic bags, air-
dried and analyzed for particle-size distribution and 
other soil chemical properties (OM, pH, TN, AP, AK, 
CEC) using standard procedures (Moral et al., 2010). 
ECs and ECd data for all sampling sites were obtained 
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from kriged maps, which were generated from dif-
ferent transects of the measurements of soil apparent 
electrical conductivity conducted using a 3100 Veris, 
a direct contact sensor (Moral et al., 2010).
The formulation of the rating scale Rasch model was 
performed with the WINSTEPS v. 3.69 computer 
program (Linacre, 2009), which analyzes the com-
plete data set, calculates fit statistics for each soil 
property item, and removes unnecessary items. As 
an output of this program, the empirical hierarchy of 
soil properties for predicting soil potential fertility, 
supporting by the considered data, is shown and re-
lated to all soil samples, with each reported in logits, 
as well as any potential gaps in measure. Addition-
ally, soil sample and property misfits are displayed.
The formulation of the Rasch model to get a measure 
of soil fertility potential at each sample point, which 
would take into account the different contribution of 
11 soil physical and chemical properties (clay, silt 
and sand content, ECd, ECs, OM, pH, TN, AP, AK, 
CEC), was achieved through different stages. Firstly, 
a previous transformation of the data to a common 
scale is necessary (Wright and Masters, 1982). Soil 
properties measures were categorically coded ac-
cording to a plan where each sample was rated on 
a scale (1-5) for each soil property. Details of this 
process can be found in Moral et al. (2012).
After including the categorical values in the data-
base, these were processed by the WINSTEPS pro-
gram. Previous to the development of all stages to 
analyze the model, it is important to denote that dur-
ing the first study, considering all 11 soil properties, 
it was found that pH was not acceptable to support 
the latent variable; thus, it was eliminated and the 
program was rerun without this property. Later, the 
specific stage in which this fact was discovered will 
be displayed. So the following explanation is devot-
ed to the analysis of the 10 remaining soil properties.

3. Results

From the program output, the beginning of a Rach 
analysis consists in studying whether the data fit the 
model reasonably. The overall information about 
how the data fit the model is contained in Table 1. 
According to Linacre (2009), fit statistics summarize 
the discrepancies between what has been observed 
and what was expected to be observed. They come 
in two different types: Infit and Outfit. Infit is an 
information-weighted or inlier-sensitive fit statistic 
that focuses on the overall performance of an item 
or subject. Outfit is an outlier-sensitive fit statistic 
that picks up rare events that have occurred in an 
unexpected way. They are the average of the squared 
standardized deviations of the observed performance 
from the expected performance, and a mean-square 
(MNSQ) fit statistic is a chi-square statistic divided 
by its degrees of freedom. Its expectation is 1.0. In 
this case, both Infit and Outfit MNSQ for soil sam-
ples and properties are 0.99. Moreover, the mean 
standardized (ZSTD) Infit and Outfit, which are the 
sum of squares standardized residuals given as a Z-
statistics (Edwards and Alcock, 2010), are expected 
to be 0, being in this study -0.1 for samples and -0.2 
and -0.1 for items. Thus, on average, an overfit of 
the items is apparent, suggesting that the data fit the 
model better than expected, which could be possibly 
due to some redundant items. An index of the overall 
misfit for samples and items is the standard deviation 
of the Infit MNSQ (Bode and Wright, 1999). If 2 is 
an acceptable limit, both samples and items do not 
show important misfits because their values are 0.56 
and 0.23 respectively; so, in this case, an acceptable 
overall fit of the data is evident. There is one statis-
tics, the separation reliability, to estimate the inter-
nal consistency of samples and items, i.e., the degree 
to which measures are free from error and therefore 
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yield consistent results. Values close to 1 indicate a 
better reliability, considering values over 0.70 as ac-
ceptable (Sekaran, 2000). For the data of the present

study, their values for samples and items are 0.81 
and 0.94 respectively, which indicate a high consis-
tency of data.

Table 1. Overall model fit information. Summary of all soil samples (70) and properties (10).

Total Score, sum of points of the common scale considering all soil properties; count, soil properties taken into account; measure, 

logit position of the soil properties along the straight line that represents the latent variable, soil fertility potential; model error, 

standard error of measurement; Infit and Outfit MNSQ, mean-square fit statistics to verify if items fit the model; Infit and Outfit 

ZSTD, standardized fit statistics to verify if items fit the model.

The next step is to check how the assignment scale 
has been used. In Table 2 the step logit position, i.e., 
where a step marks the transition from one rating 
scale category to the next, is listed. From this Table 
2, there are evidences to assert that the response scale 
was properly designed. Thus, the “Observed Average” 
increases by category value, the “Observed Average” 
values are similar to the “Sample Expected” ones, 
there is no misfit for any category because the Infit and 
Outfit MNSQ values are between 0.6 and 1.5 (Bode 
and Wright, 1999), and the “Structure Calibration” 
values increase with category. In consequence, for the 
data considered in this study, all categories have been 
used and are behaving according to expectation. After 
the previous analysis, it could be concluded that the 
rating scale categories are being used appropriately 
and the data reasonably fit the model.

Then, the following step is to analyze individual items 
to study their response to the model. Some suggestions 
for acceptable fit have been proposed in the literature 
(e.g., Bode and Wright, 1999), being the Infit and Out-
fit MNSQ between 0.6 and 1.5, and the Infit and Outfit 
ZSTD between -3 and 2 the most usual. In this case 
study, all values are in the indicated intervals; in conse-
quence, all considered soil properties support and have 
an important influence on soil fertility potential. As 
it was previously indicated, the analysis was initially 
performed using all 11 soil properties, including pH. 
However, in that case, the Infit and Outfit MNSQ, 2.24 
and 2.38 respectively, fall outside the indicated range 
(0.6-1.5) for pH; moreover the Infit and Outfit ZSTD, 
6.3 and 6.8, are also beyond the upper limit (2). Soil pH 
does not support the underlying latent variable for the 
considered data, so this property was eliminated and 
the analysis was rerun without it.
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Table 2. Response scale use

Observed count, number of times the category was selected considering all samples and soil properties; observed average, mean 

value of logit positions modelled in the category; sample expected, optimum values of the average logit positions for the data; 

Infit and Outfit MNSQ, mean-square fit statistics to verify if items fit the model; structure calibration, logit calibrated difficulty 

of the step representing the transition points between one category and the next.

One of the most important advantages of using the 
Rasch model is the possibility of the overall observa-
tion, in the same scale, for all soil samples and their 
items or properties displayed in tandem. Thus, in Fig-
ure 2 the relative distribution of the soil samples is 
provided in the upper half of the diagram according 
to the associated fertility potential, which have been 
achieved by means of all soil properties taken into ac-
count, and, similarly, the soil properties are provided 

in the lower half of the diagram, classified according 
to the fertility potential measure of the soil samples.
Another complementary tool to display all samples 
according to their level of fertility potential is the 
Guttman scalogram (Linacre, 2009). As it can be seen 
in Table 3, soil samples are sorted descending by their 
level of fertility potential and soil properties are ar-
ranged in the order indicated in the first row, so it en-
ables to show their influence on each soil sample.

Figure 2. Soil samples and properties in the same scale. The straight line represents the latent variable: soil 
fertility potential. Distribution of soil samples (points) is above the line: to the right those more potentially 
fertile; to the left less those less potentially fertile. Soil properties are below the line: to the right less common 
(rare) properties, with lower influence on soil fertility; to the left more common (frequent) properties, with 
higher influence on soil fertility



Journal of Soil Science and Plant Nutrition, 2017, 17 (2), 486-498

494       Moral et al.

Table 3. Guttman scalogram for all soil properties (10) and samples (70).  Only some sampling points, those with 
higher and lower fertility potential, are shown.

ECs, Soil Apparent Electrical Conductivity, 0-30 cm depth; ECd, Soil Apparent Electrical Conductivity, 0-90 cm depth; CEC, 

Cation Exchange Capacity; TN, Total Nitrogen; OM, Organic Matter; AP, Available Phosphorus; AK, Available Potassium.

4. Discussion

After analyzing Figure 2, the soil property more to 
the right in the continuum, with the highest measure 
(0.96), is the AK. In consequence, it is the less com-
mon soil property, i.e., it is the least frequently used 
to position the samples. On the contrary, to the left, 
both ECs and ECd are situated, and their measures 
are practically equal (-0.85 and -0.77 respectively). 
They are the more common soil properties, i.e., they 
are the most frequently used to position the samples. 
As both ECs and ECd are at the same position in the 
continuum, it could be possible to consider dropping 
one of them as redundant. In a similar way, CEC and 
clay content are located very close, so one of them 
could be also removed. Probably, this fact is due to 
the important relationship existing between both soil 

properties (Moral et al., 2010). This result is consis-
tent with the high values of Infit and Outfit, MNSQ 
and ZSTD, shown in Table 1, which also suggest this 
redundancy.
A ranking of all considered soil properties has been 
obtained (Figure 2), indicating their influence on soil 
fertility in the experimental field. Thus, AK and AP are 
the properties with higher measure, exerting less influ-
ence on soil fertility potential, and ECs and ECd the 
properties with lower measure, which have the greatest 
influence on soil fertility potential. If soil properties are 
grouped and the mean measure is determined, the most 
important properties are the ones making up soil appar-
ent electrical conductivity (ECd and ECs), -0.81, fol-
lowed by texture properties (sand, silt and clay content), 
-0.27, CEC, -0.17, OM, 0.53, and, finally, the primary 
nutrients (TN, AP, and AK), 0.69. This provides sup-
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port for the usefulness and importance of ECd and ECs 
as indicators of soil fertility. The same results were ob-
tained in the previous work, when both variables and 
texture were taking into account (Moral et al., 2012). 
ECa integrates the effects of various soil variables that 
govern soil fertility (Mertens et al., 2008) and, so, it 
seems logical that they are the main source of infor-
mation about the overall nutritional condition in this 
soil. On the contrary, each individual primary nutrient 
does not contribute decisively to the overall soil fertil-
ity potential. Of course, it does not mean primary nu-
trient are not important for the crops, but if sufficient 
quantities are available in the soil, there is no need for 
increasing as they do not contribute to maximize the 
overall level of soil fertility potential.
It is apparent that soil samples are quite homoge-
neously distributed across the straight line (Figure 2). 
However, some of them, located to the left in the con-
tinuum, have very low score, denoting their low fertil-
ity potential. But, a majority of soil samples, located 
to the right, has adequate properties or propensity for 
inducing soil fertility potential. Soil samples can be 
also sorted according to their measure, displaying 
those which obtained higher value on the top. They 
are the most suitable locations for crops due to their 
higher fertility potential, while, on the contrary, those 
samples which got lower measure would be on the 
bottom, being potentially less fertile.
With respect to the Guttman scalogram (Table 3), it 
has the advantage that a single variable is measured 
to analyze the individual behavior of each soil sample 
and, in the same way, study the individual pattern of 
each soil property. For example, sample 60, which is 
placed on top of the scalogram, has the highest scores 
for some soil properties (ECs, ECd, sand, CEC, TN, 
and AP); it has the higher soil fertility potential. If this 
sample is compared with sample 66, which also has the 
maximum total score but is the second in the ranking, 
it can be observed that they both have the maximum 

score for ECs, ECd, sand, and TN; for the other soil 
properties, sample 60 has more highest scores (5). 
However, this sample has a low score in AK; possibly 
the soil fertility in this location could be improved if 
the amount of this nutrient is increased. The last in the 
Guttman scalogram is sample 11. It has low scores for 
all soil nutrients and all other soil properties, suggest-
ing this location is the less favorable for any crop; it 
is the sample with lower soil fertility potential. Any 
other intermediate sample can be analyzed in a similar 
way, detecting the particular soil property in which a 
low value exists. In consequence, the Guttman sca-
logram enables to systematize the data, being an ef-
fective tool when an accurate selection of the most 
suitable areas for crops is desired, delimiting those 
zones where soil fertility potential is higher. More-
over, comparisons between different soil samples, and 
consequently between different locations, and also 
site-specific amendments of any soil property with 
inadequate levels can be carried out.

5. Conclusions

The use of the Rasch measurement model in agro-
nomic and soil issues, in this case study to estimate 
soil fertility potential, constitutes a new application 
of this method of great practical importance. In this 
work, particle-size distribution, ECa, CEC, pH, OM 
and the primary nutrients (N, P, and K) have been con-
sidered as the influential variables on soil fertility and, 
after applying the Rasch methodology, a ranking of 
the soil samples according to their fertility potential 
and another one of soil properties according to their 
influence on soil fertility potential have been generat-
ed. Previously, all stages to formulate the model were 
illustrated for 70 soil samples taken in an experimen-
tal field. Thus, it was obtained that data fit the model 
very reasonably, yield consistent results and the as-
signment scale with five categories was adequate.
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With regard to the delimitation of the latent variable 
soil fertility potential, the soil variables used in this 
case study are even in excess to properly classify the 
soil data; some of them could be eliminated because 
they are duplicated in the continuum. Thus, ECs or 
ECd could be alternatively chosen and, also, CEC or 
clay content. Moreover, the relative importance of the 
different soil properties that contribute to soil fertility 
potential is ascertained, being ECd and ECs the most 
important constituents of the latent variable soil fertil-
ity potential, as they are indicators of several variables 
that govern soil fertility, followed by the textural frac-
tions of soil, probably due to their capacity to regulate 
nutrients and water retention in the soil.
In light of the results of the empirical analysis, some 
other conclusions can be drawn. Firstly, in the experi-
mental area, a large number of soil samples have a 
high fertility potential, corresponding to the samples 
with higher Rasch measure. Nevertheless, there are 
some soil samples that do not reach an optimum fer-
tility level, that is, their soil fertility potential is much 
lower than other neighbour locations, corresponding 
to the samples with lower Rasch measure. Secondly, 
the Guttman scalogram, where soil samples are sorted 
descending by their fertility potential and the influ-
ence of each soil property is shown, is also a useful 
tool to find the more fertile locations and accomplish 
comparisons between them. Furthermore, places 
where any soil property has an inadequate level are 
easily found, which can be necessary to conduct site-
specific treatments.
In consequence, the proposed methodology allows us 
to discriminate, with a rational basis, locations in the 
experimental field where high soil fertility potential 
exists, integrating soil properties with different units, 
but all of them exerting an important influence on soil 
fertility. Considering spatial variability when making 
fertilizer management decisions can give place to bet-
ter application of chemical substances, which leads to 

a more cost-effective field management. Furthermore 
it can also improve environmental quality and crop-
ping system sustainability.
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