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SUMMARY

In studies of organic soil degradation and transformation, alongside the conventional
methods used in soil science, an increase in the importance of advanced statistical methods
can be observed. In this study some multivariate statistical methods were applied in an
investigation of organic soil transformation in the central Sudetes. Andrews curves, linear
and kernel discriminant variable analysis and cluster analysis were used. The similarities
among peatland soils and their layers were determined. It can be stated that the application
of statistical methods in soil science research related to organic soil transformation is a
valuable tool. The use of various statistical methods (such as Andrews curves, linear and
kernel discriminant variables and cluster analysis) can with high probability confirm
earlier laboratory or field observations. This is particularly justified in the case of organic
soils derived from varied geobotanical peat materials, different types of peatlands and
water supply types, which impact the primary properties of the soil.

Key words: Andrews curves, degradation, kernel discriminant analysis, linear
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1. Introduction

Environmental conditions, and hydrological conditions in particular, play an
essential role in the functioning of peatlands (Strack et al. 2008). In most cases,
disturbances in the water conditions of peatlands are the result of human impact
(Limpens et al. 2008; Glina et al. 2016a). Peatland ecosystems, especially during
the last century, have been strongly affected by human activity (Heller and Zeit
2012). Evidence of anthropogenic transformations of peatlands is well preserved
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in mountainous areas of Poland, including the Sudetes (Glina et al. 2017; Glina
et al. 2016b) and the Carpathians (Lajczak 2013). At the turn of the 19" and 20™
centuries mire areas in the central Sudetes underwent intensive drainage
treatment (Glina et al. 2017). Drainage connected with forest management causes
multidirectional changes in the physical and chemical properties of organic soils
(Glina et al. 2016b). In studies of organic soil degradation, alongside the
conventional methods used in soil science, an increase in the importance of
advanced statistical methods can be observed (Douaik et al. 2011). The precise
selection and execution of statistical analyses are significant tools which can
confirm the findings arising from field and laboratory observations. Moreover,
they enable clear identification of statistically significant differences between the
studied objects. In the case of multivariate assessment of peatland transformation,
multivariate statistical methods, both visual and metric, may be used. The aim of
this study was to assess the correctness of application of various multivariate
statistical methods in soil science research concerning organic soil transformation
in the central Sudetes. Andrews curves, linear and kernel discriminant variables
and cluster analysis were used.

2. Material and Methods

The data (Table 1) used in this paper were earlier reported by Glina et al. (2016b).
The authors investigated five degraded shallow peatlands located in the Stotowe
Mountains (central Sudetes). The studied peatlands were differentiated in terms
of ecological type, elevation, type of water supply and mineral bedrock. The study
sites represent the following types of peatlands: A and B — peat bogs, C —
transitional bog, D and E — fen peatlands. The investigated organic soils were
classified as Dystric Ombric Drainic Fibric Hemic Histosols and Eutric Rheic
Murshic Sapric Histosols (Lignic) according to FAO-WRB (IUSS Working
Group WRB 2015). The representative soil samples for laboratory analysis were
sampled from the central part of each study site by genetic soil horizons in three
replications (five soil profiles). In the sampled soil material the following
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parameters were determined: degree of peat decomposition, state of secondary
transformation — W1 index, mineralization rate (TOC/TN) expressed as the ratio
of total organic carbon to total nitrogen content, content of cold water extractable
carbon (CWC) and hot water extractable carbon (HWC), and humification index
of organic matter (Q4/Qs). These parameters will hereinafter be referred to as
traits. In the first part of the analysis, apart from the above-mentioned chemical
properties, the physical properties (MED test — soil hydrophobicity, RF — rubbed
fiber content, BD — bulk density, ash — content of mineral material) and depth are
also considered (Glina et al. 2016b).

Table 1. Selected properties of organic soils (mean values)
— data after Glina et al. 2016b

Soil Soil Symbol Depth CWC HWC

profile  horizon use)(; in text (ch1)1) g kg? TOC/TN - QJQs Wi
Hil Al 0-10 0.62 4.69 39.1 106 0.39

He A2 10-19 0.40 251 29.3 9.08 0.33

A Hi2 A3 19-34 034 214 34.3 7,58 0.27
Ha A4 34-37 038 241 30.7 6.05 0.35

Hi3 A5 37-54 031 1.98 33.1 7,68 0.30

Hil B1 0-9 0.67 2.90 32.9 481 0.52

Hal B2 9-18 0.23 1.02 26.5 448 0.55

B Hi2 B3 18-33 032 1.66 40.5 420 0.30
Hi3 B4 3340 0.27 161 37.2 467 0.35

Ha2 B5 40-47 0.18 0.91 26.8 440 0.72

Hal Cl 0-8 032 191 311 7.66 0.59

c Ha2 C2 8-14 045 258 255 757 0.35
Ha3 C3 14-23 027 1.35 27.9 7.74 0.29

Ha4 C4 23-42 019 094 19.2 576 0.35

M1 D1 0-12 065 342 14.6 3.13 0.52

M2 D2 12-20 0.43 1.39 14.8 353 0.51

D Hal D3 20-35 0.23 0.83 14.8 352 042
Ha2 D4 35-50 0.27 1.05 17.4 409 041

Ha3 D5 50-80 0.26 1.02 214 3.10 0.49

Hal El 0-20 036 2.50 23.3 8.28 0.61

E Ha2 E2 20-30 0.21 0.98 215 6,69 0.52
Ha3 E3 3041 0.09 0.82 20.2 6.52 0.54

Ha4 E4 41-49 0.04 0.50 205 5.98 0.53

Legend: TOC/TN — mineralization rate, HWC — hot water extractable carbon,
CWC - cold water extractable carbon, Q4/Qs — humification index, W; — state
of secondary transformation
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Modified Andrews curves (Khattree and Naik 2002; Anderson 2003) were
used to present each multivariate variable X; = (X s X ;) , where r=1,....c
represents the r™ peatland, | is the observation taken in the r™ peatland (
i=1..,n.>°,n =n), and P is the number of traits. These variables were
transforméd to a curve as follows:

%{er + X,io(sint+cost) + X, 5(sint —cost) +...
L L for p odd,
+ Xri]{sin (pT_tj —cos(pT_ H}
94(t)=1 ; M
E{Xri’l + X,io(sint+cost) + X, 5(sint —cost) +...
for peven
+ X {sin (Rtj + cos(ﬂtﬂ}
ri,p
2 2

observations represent the coefficients of Fourier’s series for t €[-z,z]. Outliers

appear as single Andrews curves that look different from the rest. In this study
Xyi = (Xpim1 Xii p) is represented by the curve:

g, (t) =%[Xm +X,,(sint+cost)+ X, ,(sint—cost)+ X, ,(sin 2t +cos 2t)+

+X,,5(sin 2t —cos 2t)+ X, 4 (sin 3t +cos3t)+ X, , (sin 3t — cos 3t)+
X, o(Sin 4t +cos4t)+ X, o (Sin 4t —cos4t)+ X, ,, (Sin 5t + cos5t)].

The curves g, (t) (r=1...c, i=1..,n) are presented on a plane. Similarity
among the shapes of curves suggests similarity among observations. In
determining the Andrews curves the division of observations into groups was not
used, but because the order of variables has a huge impact on the shape of curves
(provided that the sequence of variables is not determined), variables should be
sorted in decreasing order.

The linear discriminant variables method is used to detect differences
between multidimensional observations using the within-group covariance
matrix (Krzysko 2009; Zawieja and Kazmierczak 2016). In this method the

knowledge of a given observation’s belonging to the group was used. The
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maximum of the class differentiation index J(a,)=(a,'Sga,)/(a,'Swa,) IS

searched under the condition a,'S,a, =&, (Kronecker delta), where S, is the

estimator of the known interclass variation matrix, s, is the estimator of the
known within-class variation matrix, a, is the searched vector of coefficients,

ILk=12,...,s and s<min( p,r—1). The |" discriminant variable takes the form

u, =a,'X . The number of discriminant variables s depends on the significance

of the discriminant variables u, .

Nonlinear kernel discriminant variable analysis allows another look at the
data using the curvature of the space (Derggowski and Krzysko 2014; Zawieja
and Kazmierczak 2016) to linearly separate the data. In this case finding
discriminatory variables in the trait space is reduced to solving the optimization
problem b, =argmax[(b,'KDKDb,)/(b,'KKb,)], where the elements of the
matrix D are 1/n if x, and x_ belong to the same class (' =I") and zero
otherwise, K =PKP with p=1, —21.1, (matrix of centering) and K=(k;)
with k., =k(x,,x,.) is the kernel matrix, and b, is the searched vector of
coefficients. The 1" kernel discriminant variable is in the form v, =b,'K . The
Gaussian kernel function K(X,Y) :exp(—||x—y||2/a) is used for calculation of
nonlinear discriminant variables witho = ¥ x| .

Cluster analysis is applied, using variables from discriminant and kernel
discriminant analyses (the Ward method with Euclidian distance is applied) to
distinguish groups.

In this paper a comparison of peatlands was performed both (I) for all
variables (physical and chemical properties jointly) and (l1) for traits determining
the degree of conversion of peatlands (index W, CWC, HWC, TOC/TN and
Q4/Qes), in the following way:

e Evaluation of organic soil degradation, based on Andrews curves.

e Determination of linear discriminant variables and presentation of data in the
plane of the first and second discriminant variables and in the plane of the
first and third discriminant variables.

o Cluster analysis for transformed, by discriminant analysis, variables whose
number is dependent on the significance of their contribution to the model.
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o Determination of kernel discriminant variables and presentation of data in the
plane of the first and second discriminant variables.
o Cluster analysis for transformation of data by kernel discriminant analysis.

3. Results

I (1) Chemical and physical properties jointly. The Andrews curves (Figure 1a)
of study soil A have similar function graphs (one bundle of curves). The curves
of organic soil D are also quite similar, but there is a greater diversity among the
studied soil horizons (the amplitudes of the individual curves differ quite
considerably). In the case of soil profiles B, C and E, Andrews curves do not form
separate bundles, but are mixed, and the soil horizons vary only in terms of
amplitude. The deepest soil layers of profiles C and D are clearly distinguishable
from the other investigated soils (Figure 1d, €). In soil profile B (Figure 1c) great
differences between surface horizons B1 and B2 were observed, the result of
different degrees of peat decomposition (fibric-sapric) and mineralization rate.
The greatest amplitudes are observed in the case of soil horizon B2 (high values
of parameters). The individual horizons of peat soils B, C and E (Figure 1c,d,f)
were quite diverse as regards amplitude. The lines of horizons E1 and C2 are
similar to lines D1-D3 of profile D (fen peatland). Moreover, similarities were
observed between curves E1 and C2 and between E3 and B5. The vast majority
of deeper soil horizons were characterized by large amplitude relative to the
surface horizons.

I (2) Chemical properties (because CWC and HWC are strongly correlated, with
a correlation coefficient of 89%, only one of these traits — CWC — is used). In this
study the impact of all traits on the differentiation of peatland soils is of interest.
Thus the first step of linear discriminant analysis, concerning the number of traits
having an impact on the division of observations, is omitted, and all traits are used
in the analysis. In the next step of this analysis the number of discriminant
variables having a significant impact on the grouping of observations is
determined. The p-values for the discriminant variables are as follows: for u,
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and u,: p<0.0001, for u,: p=0.0031; for u,: p=0.1486; for all other
variables the p value is greater than 0.05, thus only the first three variables are
used in the analysis. The traits CWC and HWC have the greatest contribution to
the first two discriminant variables. In the results (Figure 2a,b) each of the organic
soils (A, B, C, D and E) can be linearly separated. In the plane of the first two
discriminant variables, profiles A (peat bog) and C (transitional bog) are very
close. However, the third variable completely separates these soils.

I (3) Cluster analysis (Figure 2c) was performed based on the first three
discriminant variables. As a result of this analysis the structure of the studied
organic soils is obtained. The soil horizons within profiles A and D are alternated.
A similar arrangement is shown by the Andrews curves. In soil B the genetic
horizons 2 and 3 are similar to 5 in respect of the examined traits. In profile C
(transitional bog) two of the deeper soil layers are the most similar (on the basis
of Andrews curves layer 4 is separated). Moreover the soil layer E1 is connected
with horizons within organic soil C.

I (4) The use of kernel discriminatory variables (Figure 3a) with Gaussian kernel
shows that the soil horizons in peat bog profiles (site A) and the uppermost layers
of the peat bogs B are similar. Furthermore, soil layers C1, C2 and C3 in profile
C are similar to the horizons B3, D2 and E1. Soil layers D1, D3 and D4 in profile
D are similar to each other, and finally the deeper layers C4, B5, B4, D5, E3, E4,
as well as E2, are in one group.

I (5) In the cluster analysis diagram (Figure 3b) three or four clusters can be
distinguished. The first combines all of the soil horizons within profile A and
moorsh horizons D1 and D2 (profile D); the second is mainly composed of soil
horizons from transitional bog (site C). Soil horizons B3, D2 and E1 also belong
to this cluster. The third cluster exclusively represents organic soils from fen
peatland D. These two clusters (the second and third) can be connected. The last
cluster combines all soil horizons (except layer E1) from profile E and the deepest
layers of organic soils from study sites C, D and B.
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Figure 1. Andrews curves: a — All studied soil horizons; b—f — Soil horizons of
separate study soils
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third); c — Tree diagram for the first three linear discriminant variables

I1 (1) Based on the Andrews curves the lines can be divided into two groups as
regards their shape (Figure 4a): namely soil profiles A, C and E are in the first

group (large amplitude) and D and B in the second (small amplitude). In the case
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of profiles A, B and C the soil horizons are arranged in alternating order (Figure
4b, ¢, d). In Figure 4a (and also c, e, f) it is visible that the lines for soil horizons
B1, B5, D1, D2, D3, E3 and E4 are almost identical. For these four traits the
surface horizons of the examined soils (except profiles D and A) have the largest
amplitude. It is seen that these profiles differ significantly from each other
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I1 (2) Three discriminant variables have a significant impact on the grouping of
observations. The p-values for the first four variables are as follows: for u, and
u,:p<0.0001, for u,: p=0.0287; for u,: p=0.7392.The traits:
TOC/TN and Q4/Qs have the greatest contribution to the first two discriminant
variables. Soil profiles D (fen peatland) and B (peat bog) can be separated from
the group containing A (peat bog), C (transitional bog) and E (fen peatland) in
the plane of the first two discriminant variables (Figure 5a, b). Moreover, profiles
D and B can be separated from each other. Additionally, based on the third
discriminant variable (in the plane of the first and third discriminant variables)
two groups can be separated; the first contains two organic soils A and C, and the
second contains peatland E. This analysis almost shows that soil horizons D1 and
D2 (moorsh) are separated from the other layers, which results from the different
properties of moorsh material.

I (3) The clustering tree diagram (Figure 5c¢) generally gives a similar division
of the study soils. Namely profiles A, C and E are in one cluster, while soils B
and D belong to the second cluster. The more detailed division into clusters is as
follows: the soil horizons Al, A2, C1, C2, C3, A3 and A5 represent the first
group, soil profiles from peatland E and the single horizon C4 constitute the
second group, and horizons D1, D2 and A4 are in the third group. The last (fourth)
group consists of organic soils from peatland B and soil horizons D3, D4 and D5
from peatland D. These results indicate that soil transformation in peat bog (site
B), deeper soil layers in particular, and fen peatland (site D) are generally at the
same level.

Il (4). Based on the kernel discriminant variables method, three or four groups
can be distinguished. All of the investigated soil samples from profile D are
allocated to the first group (Figure 6a). The second group consists of layers within
organic soil E and certain horizons (B5, B4, C2, C4) from profiles B and C. Soil
horizons A1, A2, A3 and C1 make up the third group, and A4, B1, B2 and C3 the
last group. Groups three and four can be considered jointly. Among all
investigated soil horizons, only A5 from the peat bog profile was separated.
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I1 (5) Cluster analysis confirms the results obtained by method Il (4), but with
one exception: soil horizon A5 belongs to the group containing surface layers Al,
A2, A3 of soils from peatland A and soil horizon C1 (Figure 6b).
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4. Conclusions

I. Analysis of all traits

Based on the described Andrews curve analysis for individual observations (soil
horizons) in organic soil A, it can be stated that the soil layers do not differ in
terms of the studied traits. However, they clearly differ from the other studied
soils. The soil horizons within profiles B, C, D and E are intermixed in terms of
the analyzed traits. Similarly as in the case of A, the soil horizons within profile
D are quite similar, but they are somewhat mixed mainly with the shallow layers
of C and E. These analyses showed the internal structure of organic soils; the
studied soil layers were not arranged in order of depth, but in terms of specific
traits. Discriminant variables and cluster analysis also make it possible to separate
the studied soils; e.g. soil C (transitional bog) is similar to soil E (fen peatland),
whereas soil D (fen peatland) is similar to soil B (peat bog). This was also proved
by kernel discriminant analysis. Despite the diversity of the parent peat material,
statistical analysis is useful in finding similarities between soil properties related
to soil transformation.

I1. Analysis of traits determining the degree of organic soil transformation

The division of soils into two groups is obtained by application of the Andrews
curve method and discriminant variables method. The first group contains
organic soils A, C and E, and the second contains soils D and B. Moreover, the
surface moorsh horizons in soil D were separated in this analysis. These
observations are in line with the results of laboratory analysis, which also showed
strong differentiation of these layers. In the case of soils A and C, similarities
between the surface soil horizons as regards the degree of transformation were
also recorded. From Andrews curves it can be concluded that the fen peatland D
is the most transformed, and that next in order are fen peatland E, transitional bog
C, peat bog A and peat bog B. From discriminant analysis it is concluded that soil
A and the surface horizons of B (both peat bog) and soil C (transitional bog) are
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rather weakly transformed. However, the results obtained for horizon Bl are
close to those for the moorsh layers in profile D.

Based on the above conclusions it can be stated that the application of
statistical methods in soil science research related to organic soil transformation
is a valuable tool. The use of various statistical methods (such as Andrews curves,
linear and kernel discriminant variables and cluster analysis) can with high
probability confirm earlier laboratory or field observations. This is particularly
justified in the case of organic soils derived from varied geobotanical peat
materials, different types of peatlands and water supply types, which impact the
primary properties of soil.
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