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During the last decades, soil quality evaluation emerged as a very important field of study,
especially with the «new» reconnaissance of the multiple soil functions in the environment. Up to the
present moment there are no standard methods of soil quality evaluation, as it is defined taking into
account only the soil and not the whole complex of «land» elements as did previous evaluating
systems. In this respect, Principal Component Analysis emerged as the main method of reaching a
minimum data set, in order to create indices of soil quality.
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BUBIP ITAPAMETPIB JJ151 IOKA3HUKA SKOCTI IPYHTY
[IpoTsroM OCTaHHIX JECATUPIY, OIIHKA SKOCTI IPYHTy CTaja Jy)Ke BaKIMBOIO OOJIACTIO
JIOCIIUKEHHS, OCOOJIMBO 3 «HOBOIO» PEKOTHOCHMPOBKOIO PI3HHMX (YHKIIH IPYHTY B HAaBKOJHMIITHEOMY
ceperoBuli. B TemepimHiil yac BiACYyTHI CTaHIAPTHI METOAM OLIHKH SIKOCTI IPYHTY, OCKUIBKH BOHA
BU3HAYAETHCS 3 BPaxXyBaHHAM TUIBKU OJHOTO IPYHTY, @ HE BCHOIO KOMIUIEKCY €IEMEHTIB «3eMII», SIK Iie
Oyn0 B MONEperHiX OIIHOYHHX CHCTeMaX. B I[bOMy BiIHOIICHHI aHaNi3 TOJNOBHHX KOMIIOHEHTIB €
OCHOBHHM METOOM JOCSTHEHHS MiHIMAIIBHOTO Ha0OpY JAaHUX IJIsI CTBOPECHHS ITOKA3HUKIB AKOCTI IPYHTY.
Knrouoei crosa: nokasuuk akocmi IpyHmy, 6ubip napamempis, MiHIMATbHULL PO OAHUX, AHATI3
207108HUX KOMNOHEHMIS.
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BbIEOP ITAPAMETPOB JIJIS1 IIOKA3ATEJIA KAYECTBA ITIOUBbBI
B Teuenne nmociaeqHUX NECATUIIETHH, OIIEHKA KayecTBa MOYBHI CTala OY€Hb BaXKHOH 00JIACThIO
HCCIIEIOBaHMs, OCOOCHHO C «HOBOI» PEKOTHOCLUHPOBKOW pa3NM4YHBIX (YHKIHMHA IOYBBI B
OKpyxatolei cpezne. B Hacrosiiee BpeMs OTCYTCTBYIOT CTaHIApTHBIE METOZABI OLEHKH KadyecTBa
MOYBBI, TAK KaK OHA ONPEIEIAETCS C yIETOM TONBKO OJJHOH TOUBBI, @ HE BCET0 KOMILIEKCA 3JIEMEHTOB
«3eMIIN», KaK 3TO OBbIJIO B MPEBIIYIINX OLIEHOUHBIX CHCTEMax. B 3TOM OTHOIIEHHMH aHaH3 TJIaBHBIX
KOMIIOHEHTOB SIBHJICS OCHOBHBIM METOAOM JOCTIKEHUS MHHHMAlbHOTO HaOOpa IaHHBIX IS
CO3/IaHHs TTOKa3aTelel KadyecTBa MOYBBL
Knrouesvie cnosa: noxazamenv xawecmea nousvl, 6lb60p napamempos, MUHUMAIbHbLL HAOOP
OGHHBIX, AHANU3 2TNABHBIX KOMNOHEHINOS.

Soil quality and its protection are some of the main contemporaneous preoccupations,
rivaled only by climatic changes and their impact or by biodiversity protection. In the last
decades, more and more studies accentuate the need of solving problems such as alimentary
security and the corresponding quality of environmental components. In this context
evolved the discussions regarding soil quality. As Carstea (2001) remarks, these
preoccupations have their roots in the harmful effects of increased soil resources’
exploitation.

Soil quality evaluation is necessary for monitoring the long term effects of the
agricultural practice son soil; appreciating the economic impact of the politics that desire to
improve soil quality; appreciating the politics that address the factors that affect soil
quality. One of the objectives of soil quality evaluation is the prognosis of its susceptibility
to different risk phenomena, so as to support the specific functions regarding its quality.
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MATERIALS AND METHODS

In order to exemplify the application of Principal Component Analysis in the
reduction of the number of parameters used in soil quality evaluation, we have chosen the
basin of Horoiata from Tutova Hills. The soil database included over 130 profiles. The
number of parameters we arrived at in the end, after using and pedotransfer functions for
determining some properties not analyzed in the field or laboratory, was of 33.

Parameter selection — the minimum data set

The appreciations regarding soil degradation, as well as the necessity of remedies,
imply the use of soil quality indicators. Their use depends mainly on the potential of the
respective indicator to assure correct and useful information. After collecting the data,
usually occurs the dilemma of how many and what parameters should be included in the
evaluation.

The selection criteria for soil quality indicators need to include a series of aspects
(sensibility, significance, measurement efficiency, scientific validity). Although there were
some attempts to integrate these criteria in an unique formula, up to the present date we do
not have a systematic procedure that would assure an objective selection of the parameters
to be used in soil quality evaluation.

The necessities of the indicator selection process are according to Breckenridge et al.
(2000) the following: applicability and interpretability in different regions; correlation with
changes in ecosystem processes, spatial and temporal variability, ability to be quantified
through a synoptic or automatic monitoring, the costs of equipment and analytical data; the
quantity and quality of data; sensibility to changes; warning potential; the state of the
method (standardized or experimental); costs.

Doran and Zeiss (2000) have established as selection criteria of the indicators the
following: sensibility to variations in utilization; correlation with soil functions; use in
elucidating ecosystem processes; utility for farmers; easiness to use and the costs of
indicators’ analysis.

The use of quality indicators depends mainly on the capacity or ability of the indicator
to assure a certain and useful information. The utility differs from situation to situation
according to a series of aspects that characterize the complexity of the respective case. This
gives the so called acceptance degree or the potential of the respective indicator for a
certain purpose. Cameron et al. (1996) have proposed an equation of the: A = X(SUMIR)
type, in which the acceptance degree of the respective indicator (A) represents the sum of
some characteristics or parameters which receive a score from 1 to 5. This sum is made of
the sensibility of the indicator to the respective process (S), the usefulness in understanding
the value significance (U), measurements efficiency (M), the predictable influence of the
property on soil, plant and animal health and on productivity (I), the relation with
ecosystem processes implied in environmental quality and sustainability (R). To each
equation parameter is given a score (1-5) on the basis of the evaluator’s knowledge and
experience. The sum of individual scores gives the acceptance level A, which may be
compared to that of other potential indicators. For example bulk density may receive a
SUMIR = 44532, giving a value of 18 from the maximum of 25 (72%), while particle size
may receive 13222, meaning 10/25.

Another problem is that some indicators do not take into consideration simultaneously
and objectively both the positive and negative potential of the factors implied. Typically are
recognized only the positive or negative factors.

The first step in developing a soil quality model is the qualitative description of a
good quality soil’s attributes. If the soil function is for example to promote soil
productivity, the soil should be allowed a easy rooting, to accept, retain and regulate water
and air circulation; to stock, offer and recycle nutrients, to facilitate biological activity.

The second step is to replace quantitative measurements for the qualitative attributes
of the soil and their combination into a model that would assure a soil quality index.

In this way occurred the notion of the minimum data set (MDS) — a set of
measurements considered basin in soil evaluation. The realization of the minimum data set
is an absolutely necessary instrument in the evaluation of soil quality. This minimum data
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set should include physical, chemical and biological properties that allow soil quality
evaluation.

In 1994, Larson and Pierce have described (but not applied) the use of mathematic
functions that involved minimum data sets and pedotransfer functions. Doran and Jones
(1996) have proposed for the MDS’s physical, chemical and biological indicators 4
parameters each, while Gomez et al. (1996) defined 6 indicators. Govaers et al. (2006) have
tried to establish an MDS for a corn and maize crop system. There are many such studies
that defined according to the specific of the study area a smaller or larger number of
indicators. Even if there are papers that present 20 or even more indicators, it is suggested
that such studies are research ones and not practical monitoring programs. A simple set of
well established properties may offer much useful information, with higher chances of
being accepted. Andrews et al. (2002) consider that a smaller number of indicators carefully
chosen may offer adequate information for qualitative evaluations.

A relatively recent approach, yet more and more frequently used in establishing the
MDS is the principal component analysis (PCA). PCA and factorial analysis are mainly
used to identify groups of related variables that define the so-called latent dimensions
(principal components or factors) of a complex of variables. The methods may be used to
reduce the number of studied variables. PCA is a way of identifying trends in the data, and
to express the data in such a way so as to underline associations and differentiations. The
advantage is that once discovered these patterns, the data set may be compressed by
reducing the number of dimensions without loosing too much information. PCA was named
one of the most remarkable results of applied linear algebra, being used in a multitude of
domains. It is a simple method, which with reduced efforts assures a way of reducing a
complex data set to a smaller dimension, so as to show the simplified, hidden dimension of
that set (Dodge, 2008).

Combining indicators in quantitative descriptions of soil quality

Indices are decisional tools used to make complex information more accessible. The
soil quality index is created to help farmers in determining soil health tendencies as a result
of management practices, and thus to see if there is a need in changing these practices.
Though, indices may be used to compare different agricultural practices (Andrews et al.,
2003).

These indices begin by specifying soil functions, then the processes important for
each function, and then one or several strata of soil characteristics, which are indicators for
processes. The advantages of such a hierarchic structure are that it approaches the multiple
functions of the soil, and the fact that a single characterization may have a different
importance for each function. The same measurements may get a different significance in
interpretation when each aspect of soil quality is computed. For example, a coarse texture
has a positive effect on water infiltration, but not on its retention.

Soil quality indicators and indices should be selected according to soil functions we
are interested in. These purposes may frequently be individual, being mainly focused on the
farm scale, but can also be social, including larger environmental effects (soil erosion,
water and air pollution etc). Once the managerial purposes have been identified, indexing
soil quality implies three steps: choosing the appropriate indicators in a MDS, transforming
the indicator values and combining then in an index (Andrews et al. 2005).

Andrews et al. (2004) describe the steps involved in the creation of an index. After
selecting and measuring the indicators in the MDS, the second step (indicator
interpretation) implies transforming each indicator value using non-linear functions. The
measured values are transformed into values from O to 1, so that the scores might be
combined to form a single value. Each scoring function is made up of an algorithm or
logical affirmation. Each indicator measurement is transformed into a non-unitary value (0-
1) that represents the level associated to the function in the system. A score of 1 represents
the higher function possible for that system, meaning that the indicator does not limit soil
functions and processes.

The third step implies the integration in an index that would be the final evaluation of
soil quality. Andrews et al. (2002) have discovered small differences between additive,
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weighted and max-min methods in the case that we use indicator values calibrated non-
linearly. Thus they have chosen the simplest method — the additive one — summing the
scores of each indicator, dividing to the number of indicators and then multiplying by 10.

Karlen and Stott (1994) have also used Standard Scoring Functions to define the
relations between soil indicators and its functions. Thus they separated four function types:
SSF1 — if the value of the indicator increases, the function increases; SSF2 — there is an
optimum interval outside of which the function decreases; SSF3 — indicator decreases, the
function increases; SSF4 — the function is optimum with the exception of a certain interval
of indicator values).

In what regards examples of indices, Andrews et al. (2002) for example defined a
weighted additive index of soil quality:

SQI = Z W. xS, , where W; is the weighting factor of the principal component, and
i=1
S; is the score of the indicator (0 to 1). The MDS in this case included organic matter,
electroconductivity, soil reaction, bulk density and aggregate stability. In this case,

SQI:ZO,61 XSeon +0,61x8,., +0,16x SPHI. +0,16x Sy, xS, +0,09%x§,,
i=1

S being the score for the respective variable and the (i) coefficients the weighting
factors resulted from PCA.

The domain literature accentuates the need of indexing the diversity of soil functions,
yet all the indices are narrow, taking into account only the factors related to crop growth
and productivity. Even with reference to productivity, quality is indefinable in the case of
systems so complex such as soils.

Sojka and Upchurch (1999) and Letey et al. (2003) affirm that probably soil quality
cannot be at the moment evaluated, but only estimated. They suggest that evaluation
shouldn’t be based on a specific determination of a single intended use, but should be based
on very dynamic properties.

RESULTS AND DISCUSSIONS

Soil parameters are in a very large number. More, the present systems of soil quality
evaluation from our country are in fact terrain / land evaluation systems that take into
account besides the intrinsic soil parameters also terrain or climatic parameters, external to
our object of study. Although performing, these systems also imply quite complicated
calculations.

Following the approach indicators — selecting an MDS — combining indicators in a
final index, we had to initially find a method of reducing the number of indicators, more
exactly to select the most important. For this we used the PCA method recommended by
several authors (Andrews et a. 2002, 2003, 2005; Brejda and Moormans, 2001; Chen, 1999;
Govaerts et al., 2006; Gregorich et al., 1994; Guilin et al., 2007; Hussain et al., 1999;
Karlen and Stott, 1994; Murage et al., 2000; Wander et al., 2002).

The main applications of the factorial techniques are the reduction of the variables
number and detecting the structure of the relations between them. Thus, if we have a strong
correlation between two variables, we may conclude that they are redundant. If we
represent the correlation between the two variables in a graphic, we may draw a regression
line that will represent the linear relation between them. If we may define a variable that
would approximate the regression line, then it would capture the essence of the first two
variables. The scores of the variables linked to the new factor, represented by the regression
line, may be used later to represent the essence of the new variable. In a way we have
reduced the two variables to a single factor — the linear combination of the two variables. If
we extend this example to multiple variables, the computations will be more difficult, but
the basic principle remains the same (Statistica manual).

Simpler, the extraction of the principal components is reduced to a maximization
rotation of the original space of the variable. For example, in a graphic we may think at the
regression line as being the original X axis, rotated in such a way so as to approximate the

ISSN 1684-9094. Ipynmosnascmeo. 2011. T. 12, Ne 1-2 49



regression line. This type of rotation is named variance maximization, because the criterion
is to maximize the variance of the new factor, minimizing the variance around him.

When we have more than two variables, they define a space exactly as two define a
plane. Thus, we realize a three-dimensional graphic and may draw a plane between the
data. With more than three variables it becomes impossible to graphically illustrate the
method, yet the logic of the variance maximization rotation remains the same.

After we have found the line on which the variance is maximum, a part of the
variation remains around this line. In PCA, after the first factor has been extracted, we
continue to define another line that would maximize the variability remaining, and so on,
extracting consecutive factors. Because each consecutive factor is defined to maximize the
variability not captured by the previous one, they are independent one from another (table 1).
As we extract consecutive factors, they explain less and less variation. The decision to stop
extracting factors depends on the place where very small variability remains.

Table 1
The variance explained by the first two 12 factors extracted by PCA
Eigenvalues Total variance glgjgmﬁﬂ\e’g Cumulative variance

I 16.79 50.88 16.79 50.88
1 6.30 19.11 23.09 69.99
i 2.33 7.07 25.43 77.06
v 1.57 477 27.01 81.84
\% 1.49 453 28.50 86.38
VI 1.19 3.62 29.70 90.00
vl 0.70 2.13 30.40 92.14
VIII 0.56 1.70 30.97 93.84
X 0.51 1.55 31.48 95.40
X 0.40 1.23 31.89 96.64
XI 0.31 0.95 32.20 97.60
X1I 0.28 0.85 32.49 98.45

We applied PCA to the 33 parameters taken into account. In table 1 we find the
variances on the new factors, in the third column being expressed as percentage of the total
variance. The variances extracted by the factors are named eigenvalues.

After we measured how much variance is extracted by each factor, we may decide
how many to retain. Although the decision is arbitrary, there are some general lines used in
practice. The Kaiser criterion says that first we retain the factors with eigenvalues higher
than 1. In essence, it is as if a factor does not extract at least the equivalent of an original
variable, we do not take it into account. This criterion was proposed by (1960) and is
probably the most used. The scree test is a graphic method proposed by Cattell (1966) (fig. 1).
We may represent the eigenvalues on a simple line.

Cattell suggests we should to find the breaking point where the easy decrease of the
Eigenvalues tends to become uniform towards the right part of the graphic. At the right of
this point we find only factorial debris. According to this criterion, we should retain quite
few factors (three) (Rogerson, 2001).

It is possible to know the significance of the factors, to interpret them in an easily
understandable manner. If we analyze the correlations between the variables, we will see
that some of them are higher and other smaller, situation that reflects the independent
factors in the correlation matrix. In this case will be analyzed the correlations between the
variables and the new factors, named factor loadings (table 2).

It is visible that the first factor is stronger correlated with the variables than the
second. We see that at least in the case of the first factor the number of variables
determining it is very large. If we would retain all the 6 factors with eigenvalues larger than
1, we will have to retain almost all the variables taken into analysis.
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Fig. 1. Eigenvalues of the correlation matrix — the Cattell test
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Fig. 2. Plane rotations of factor | in relation to factors Il and 111
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Table 2
Factor loadings

| 1 11 v \ VI
pH 0.21 0.15 -0.44 -0.08 -0.73 -0.04
CaCO, 0.14 0.03 -0.24 -0.27 -0.81 0.02
Total carbon 0.52 -0.52 -0.34 0.31 0.11 0.20
Organic matter 0.38 -0.51 -0.55 0.01 0.17 0.21
Nitrogen 0.35 -0.60 -0.32 0.35 0.03 0.29
P,05 0.19 0.23 -0.51 0.26 0.06 -0.55
K,0 0.47 0.12 -0.46 0.36 -0.13 -0.31
Coarse sand -0.58 0.27 -0.05 0.61 -0.02 -0.07
Fine sand -0.54 0.33 -0.31 -0.58 0.17 0.15
Silt -0.21 -0.83 0.30 0.15 -0.20 -0.09
Clay 0.99 0.14 0.07 -0.04 0.02 -0.02
Fine clay 0.98 0.07 0.06 -0.01 0.02 -0.03
Total sand -0.81 0.44 -0.28 -0.06 0.12 0.08
Bulk density -0.99 -0.14 -0.05 0.05 -0.01 0.00
Crust formation index -0.80 0.07 0.34 0.11 -0.22 0.20
Hygroscopicity coefficient 0.95 0.19 -0.12 0.02 0.10 0.07
Pore cipher 0.96 0.18 0.05 0.07 -0.03 0.15
Drainage porosity 0.59 0.78 -0.07 0.04 0.02 0.13
Available porosity 0.79 -0.37 0.19 0.09 -0.14 0.28
Inactive porosity 0.72 -0.61 0.10 -0.11 0.03 -0.22
Field capacity 0.80 -0.57 0.14 -0.05 -0.03 -0.07
Total water capacity 0.96 0.18 0.05 0.07 -0.03 0.15
Wilting point 0.91 -0.36 0.09 -0.04 0.00 -0.08
Available water 0.37 -0.86 0.20 -0.08 -0.06 -0.03
Drainage capacity 0.72 0.61 -0.02 0.12 -0.02 0.24
Air porosity 0.45 0.69 0.19 0.33 -0.10 0.27
Minimum needed porosity 0.99 0.14 0.07 -0.04 0.02 -0.02
Compaction degree -0.98 -0.14 -0.04 0.08 -0.02 0.03
Total porosity 0.99 0.14 0.05 -0.05 0.01 0.00
Capillary rise 0.86 0.19 0.16 -0.22 0.00 -0.08
Cracking -0.27 -0.41 -0.59 -0.14 0.05 0.41
Erodability -0.62 0.41 0.38 0.22 -0.21 0.14
Hydraulic conductivity 0.59 0.73 -0.06 -0.16 0.13 -0.11

We could represent factor loadings in a graphic, in which each variable would be
represented by a point. In this graphic we can rotate the axes in any direction, without
modifying the relative location of points one to another. Still, the coordinates of the points
(factor loadings) will change. There are several rotation strategies, whose purpose is to
obtain a clearer pattern of the loadings, thus making interpretation easier.

Applying a varimax rotation, the pattern becomes clearer (table 3). The first factor is
marked by high loadings for some attributes, while the following on others. Only factor IV is
not clearer explained by any variable, only coarse sand and erodability contributing to its
explanation. If we look at the first two factors, we see that they are explained by factors
depending on soil texture, so we decided to renounce factor I'V. In conclusion, soil quality in
this case may be defined on the basis of the analysis of five factors. If we initially wanted to
retain three factors according to Casell principle, after the varimax rotation we will retain 5 of
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the initial 6 factors with Eigenvalues higher than 1, that together explain 83% of the
variation. The advantage of the varimax rotation is clear in the classification of the factors.
Thus the first factor is determined by clay and fine clay content, bulk density, hygroscopicity
coefficient, drainage porosity, total water capacity, drainage capacity, air porosity,
compaction degree, total porosity, capillary rise and hydraulic conductivity. The second factor
is determined by fine and total sand, silt content, inactive porosity, field capacity for water
and available water capacity. The third factor is determined by total carbon, organic matter,
nitrogen content and cracking susceptibility. The last two factors are determined by soil
reaction and carbonates content on one side and phosphorous on the other (fig. 3).

Table 3
Factor loadings after the Varimax rotation

Parameter | 11 111 [\ V VI
pH 0.16 -0.05 0.08 -0.03 0.84 0.23
CaCO, 0.06 0.04 -0.02 0.07 0.90 -0.03
Total carbon 0.22 0.45 0.73 0.00 -0.05 0.16
Organic matter 0.10 0.19 0.80 0.28 0.02 0.14
Nitrogen 0.04 0.45 0.76 -0.09 -0.01 0.07
P,05 0.13 -0.12 0.03 0.03 0.05 0.83
K,O 0.35 0.10 0.20 -0.10 0.21 0.68
Coarse sand -0.40 -0.26 -0.13 -0.68 -0.13 0.26
Fine sand -0.28 -0.80 -0.04 0.33 0.06 -0.21
Silt -0.58 0.72 0.08 0.00 0.00 -0.18
Clay 0.92 0.32 0.06 0.18 0.05 0.12
Fine clay 0.87 0.37 0.10 0.18 0.03 0.14

Total sand -0.49 -0.82 -0.11 -0.18 -0.04 0.01
Bulk density -0.92 -0.31 -0.07 -0.19 -0.06 -0.11
Crust formation index -0.61 -0.19 -0.31 -0.44 0.02 -0.40
Hygroscopicity coefficient 0.92 0.18 0.22 0.14 0.02 0.19
Pore cipher 0.94 0.28 0.14 0.02 0.08 0.05
Drainage porosity 0.89 -0.35 -0.12 -0.17 0.08 0.14
Available porosity 0.56 0.65 0.33 0.03 0.10 -0.21
Inactive porosity 0.31 0.78 0.21 0.47 -0.02 0.10
Field capacity 0.42 0.79 0.26 0.35 0.02 0.00
Total water capacity 0.94 0.28 0.14 0.02 0.08 0.05
Wilting point 0.60 0.67 0.22 0.32 0.02 0.08
Available water -0.07 0.83 0.29 0.34 -0.01 -0.17
Drainage capacity 0.94 -0.15 0.01 -0.21 0.09 0.07
Air porosity 0.76 -0.16 -0.17 -0.52 0.04 -0.02
Minimum needed porosity 0.92 0.32 0.06 0.18 0.05 0.12
Compaction degree -0.91 -0.31 -0.06 -0.22 -0.06 -0.13
Total porosity 0.92 0.31 0.07 0.19 0.06 0.11
Capillary rise 0.83 0.25 -0.11 0.30 0.07 0.04
Cracking -0.39 -0.21 0.72 0.16 0.15 -0.13
Erodability -0.31 -0.30 -0.47 -0.57 0.01 -0.27
Hydraulic conductivity 0.83 -0.34 -0.25 0.12 0.01 0.24
Eigenvalue 13.80 6.52 3.26 2.49 1.67 1.96
Explained variance 0.42 0.20 0.10 0.08 0.05 0.06
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Fig. 3. The participation of the attributes to the loadings of the 6 extracted factors
(sum of variable saturation)

Still, if we want to retain the 5 factors resulted from the analysis, we should retain a
large number of indicators. Another method used by some authors (Andrews et al., 2002) is
of taking into account the correlations between the indicators that condition the same factor.
The logic is simple in our case, some of the indicators being obtained from pedotransfer
functions. Thus we chose to retain for each principal component only one parameter,
eliminating the strongly correlated ones.

The five factors are easily definable. The first factor depends mainly on the fine
fraction of grain-size, the second on the medium-coarse fraction (silt-sand). The third factor
is clearly conditioned by the organic carbon content, and the fourth is given by soil
reaction. In the case of the last factor, it is totally determined by phosphorous content. We
may affirm that the five components extracted by the factors are in fact the components of
soil quality.

Proceeding at the analysis of the residual correlation matrix and of the correlation
graphics, we selected one representative attribute for each factor: the clay content, fine sand
content, organic carbon, soil reaction and mobile phosphorous content.

The second method used in trying to select parameters for the MDS was that of Cameron,
the simplest, empiric and somehow subjective. As it can be seen from the below table, most of
the properties considered being representative for an MDS are of chemical nature. This aspect is
due to the fact that chemical properties are more easily affected by different interventions on
soil, thus having the capacity of reflecting changes in its quality (table 4).

Table 4
Scores received by soil parameters analyzed through Cameron method
Parameter S U M I R SUMIR
1 2 3 4 5 6 7
Organic matter 5 5 5 5 5 25
Total nitrogen 5 5 5 5 5 25
Organic carbon 5 5 5 5 5 25
Soil pH 5 5 5 5 4 24
Potassium 4 5 5 5 4 23
Base content 4 4 5 5 4 22
Bulk density 4 5 5 5 3 22

54 ISSN 1684-9094. Ipynmosnascmeo. 2011. T. 12, Ne 1-2



Continuation of table 4

1 2 3 4 5 6 7
Phosphorous 4 4 5 5 4 22
Capacity of cationic exchange 4 4 5 5 3 21
Microorganisms 5 5 3 4 4 21
Soluble salts’ content 3 4 5 4 4 20
Wilting point 4 4 4 4 4 20
Sodium 3 4 5 4 4 20
Depth of A horizon 2 4 5 4 4 19
Clay 2 5 5 4 3 19
Electroconductivity 3 4 5 3 3 18
Erodability 3 4 3 4 4 18
Exchangeable H (SH) 2 4 5 4 3 18
Fine sand 2 5 5 3 3 18
Fine clay 2 3 5 4 3 17
Available water capacity 3 4 3 4 3 17
Hydraulic conductivity 3 3 4 4 3 17
Useful porosity 3 4 3 4 3 17
Soil structure 3 4 4 3 3 17
Sulphates 2 3 5 4 3 17
Calcium 2 3 5 3 3 16
Compaction 3 2 5 3 3 16
Silt 2 3 5 3 3 16
Field capacity 2 4 3 3 3 15
Total water capacity 2 3 3 4 3 15
Carbonate content 2 2 5 3 3 15
Coarse sand 2 2 5 3 3 15
Water retention capacity 2 3 3 3 3 14
Air porosity 3 3 2 3 3 14
Magnesium 1 2 5 2 3 13
Manganese 1 2 5 2 3 13
Drainage porosity 3 2 2 2 3 12

Another interesting aspect in what regards this method is that it indicates with high
scores at least three of the parameters selected by the PCA: organic carbon, reaction and
phosphorous. Due to the fact that they enter physical properties, clay and silt contents,
selected by the PCA, have lower scores, first of all due to the lack of sensibility to change.
In any case, the application of Cameron’s method confirms the results of the principal
component analysis.

CONCLUSIONS

In conclusion, PCA is a very good method for reducing datasets including many
parameters, when often some of them are redundant or closely correlated (and thus can be
excluded from the analysis), and so it can be used to obtain the minimum data set needed in
soil quality evaluation. More, the method brings in the light the “hidden” and sometimes
not known relations between the data, easing the interpretation of the results.
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