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3 Nutrients in a Sandy Loam Soil (EutricLeptosol)

: using the Principal Component Analysis
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A Principal Component Analysis (PCA) was performed on multi-nutrient soil and
Cone Index (Cl) data from the research and demonstration farm at the Dept. of |
Agricultural Sclences, University of Juba in South Sudan. The main objective of
the study was to characterize the spatial distribution of the soil nutrients: N, P,
K, Fe and Mn as well as soil penetration resistance Cl. A Gaussian Mixture Model
(GMM) and Hierarchical Cluster Analysis (HCA) were performed on the analyzed
samples. Eigenvalues of the three major principal components F1, F2 and F3 |
accounied for 75.67% of the tolal variance of the data. From hierarchical
clustering, P was observed to cluster with Fe, Mn with N which at second level
%mmeﬂ K then with CL. The results of the PCA showed that Mitrate-N, Mn and

ere strongly influenced by Cl and so determining their spatial distribution.

is could be associated mainly to earlier anthropogenic activities on the soil.
The results of this study also showed spatial relationships between individual |
sail nutrients with both K and P mutually antagonistic with Nitrate-N, whereas
between K and P where mutually synergistic. While P was strongly adsorbed 1o
Fe, this was associaled to lithogenic soil materials an therefore inlerpreted as
} derived from natural sources of the EutricLeptosol.Th oodness-ol-lit test using
the Kolmogerov-Smirnov (K3} showed that the values of the variables: cl, K, P
and Fe were signilicant at p <0.05 and that the data lollowed normal distribution,
whereas Mn and Nitrate-N were nol. The KS test also co rroborated the results of
strong spatial dependency of each variable at less than 255,
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H 1. INTRODUCTION

l4 Prncipal component analysis (PCA) is & multivariate analysis technigue which is
|5 also known as eigenvector analysis. It has been applied in environmental studies
1 In; assegsing heavy metals in urban soils (1]iestmating heavy metals in_agricultural
1 ;“ soils [2llassessing earthworm populations in ol plantation soils [3llon genetic
8 % diversity of lomato germplasm[d]lon effects of soil parameters and envirognmental
i9 Sfactors on flavonoid centents of_medicinal plants [E:Esml factors influencing heavy
20 & metals in medicinal plants [Blpnd in combination” with geo-statistical tools in
21 7 assessing ferility of humicrhodichapludox(7], on distribution of trace elements in

22 unsaturated soil profile [8]
£
24 Similarly, WEJ\J{EE been performed o nvestigale

25 management impacts on soil quality (9], on chemical and microbial properiies in




16 histosols as influenced by land-use types [10] and microbial communitysiructure
27 and function | I

34 o funchbion {11, 12] ) o=

24 Baocipa-componentanaiysis—PCAr is 3 technique that reduces the number of
3 variables and eliminates the relations among inpul variables by developing a set of
31 new variabies that are linear functions ol the original varizbles, This new variables
32 Yare dencted as F1, F2, F3 etdWhereas F1 will give the direction with the greatas!
33 wvanation, F2 orthogonal to F1 will give the direction with the maximum variation et
34 indala. The variables are multiplied by loadings that are vectors of consiants

33 generated during PCA and whose values reflect the imponance of ariginal
36 variables in the direction of each PC[13]. The resulting PC can be used to project
i7  the orginglly _multidimensional data into only & two- or three
%g 7 dimensionafspacaknown as a score plot [14]

40 Hierarchical Cluster Analysis (HCA} is another method applied for
41 geological/hydrological analysis and looks for groups of samples accarding to their
42 similaries. HCA is a powerful tool for analyzing data sets for expecled or
43 unexpected clusters including the presence of outliers. In HCA. each point forms,
44 initially, one cluster, and the preliminary malrix is analyzed. The most similar paints
43 are grouped forming one cluster and the process is repealed until all points balong
46 1o one cluster [15]. HCA examines distances between samples and datasets. The
47 result obtained could be presented in a two-dimensional plot called dendrogram
48 _ which [lpstrates the fusions or divisions made at each successive stage of
497 analﬁiﬁypically, & hierarchical agglomerative cluster analysis of the studied
SU variables is performed and the square of the Euclidean distance iaken as g
31 measure of similanty between samples [16). Samples that are similzr will lie close
32 to one another, whereas dissimilar samples are distant fram each other. In order to
53 decide a distance or dissimilarity between two groups. popular methods of
3 measuring distance between groups can be applied as: (1} single linkage, which
35 uses the minimum distance between paints in different groups; (2] complete
36 linkage, wnich uses the maximum distance; (3) mean linkage, which uses the
5 average of all gislances belween points in the two groups and (4) cantroid linkage,
ié' which uses the distances belween group centroids (e.g. group means).

59 ° The PCA and re both methods for uncovering relationships in large
tid} multivarigl nazﬁ%ﬁ:ﬁwewen they are nol sufficient for developing a
6L ::Iassrihcﬁ ule 1nal can accurately predict the class-membership of unknown
62 sample [17]. Classification or pattern recognition is a method that seeks to develop
63 class-membership based on some specific and measured property within the
04 variables. For cluster classification, the similarity-based classifier e.q. k-nearest
65 neighbor (KNN) may be chosen under the premise, thal distances batwean points

imth raf; cewill i, Iy £ i [ ity

Er% the measurgent IE-F:.?:\CIH-‘I* E-?- i ﬁ%&l &_ 3Iated 1o their degree of similarity

68 > Another toalis the Gaussian Mixiure Model (GMM). This is a parametric probability
¥ density function (pdf) reprasented as a weighted sum of Gaussian companent
70 densities. GMMs are commonly used as a parametric moadel of the probability
71 distribution of continuous measurements olvariables in a dalasel. As opposed o
72 histogram analysis, which is non-parametnc, GMM provides greater flexibility and
73 precigion in medeling the underlying statistics and smoothening gaps resulling from
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74 sparse sample data by assigning variabie to specitic membership, Based on the
73 premise of a veclor-based vanablefx/ a datase! is assumed fo have a univariate
76 normal (Gaussian) distribution If itsfircbability density functicn is given by:

=
i

o i _; P 7 ¥
T8 plx, o) = == T (X —4t)° | (Egn. 1)
T4
B0 It is also said to have a Wivanate normal (Gaussian) distribution if its probability
81  density funchion is giveryby,
22
83 plrpE)= ._exp{—%fx-pej"ﬁ"u —f-l.'l} (Eqn. 2

4
Eﬁ) Where u is the mean {I{n:ati-::n]an% the covanance matrix of the Gaussian that

86 incorporalgs the vananced, and therefore dispersion. Under the GMM, the random
&7 varablef® s generated from several distinct random and independent processes
BX _ each generaling & spegific pdl. A GMM is often a mixlure of two or more
89 :lindEpEndenl ar unimodalpdfs combined Inte a single bi- or multimodal pdls. The
90 concept of clustenng using the GMM is based upon the fact that individual data
91 points are produced by choosing from one of a set of multivariale Gaussians and
92  the GMM parameters estimated using the grative Expectation-Maximization (EM)
3 ‘}algnnilhrn or Maximum A-Posteriori (MAP}ﬁlthuugh the EM algorithm has some
94 limitations (e.g. it is not guaranteed o coriverge to & global rather than a local
43 maximum of the likelihoad), it is generally efficient and effective for theparameters’
3# estimation of GMM [18].

98  The Gaussian model is then fitted to the data points that is sither spherical (circular
94 with off-diagonal correlations equal to zero) symmetry or elliptical (off-diagonal
100 “correlation equal to non-zerg), To fit 2 Gaussian model to given data points, the
I . sampl2 mean and vanance |5 computed and the resuling Gaussian model Is
%ﬁ;& superimposed as a contour map.

83 The primary goal of any soil scientist is the ability to adequately characterize and
104  describe major soil factors, parameters and processes as well as their spatio-
105 temporal distribution  within  the context of precise farming,  Increasing
I06  environmental awareness in irying to reduce the application of especially costly
107 inorganic fertilizers ang use of heavy larm implements by farmers has prompled
I0%  the need for more precise and sustainable farming methods. Introducing precise
105 farming especially in developing countries like South Sudan would not only reduce
10 unnecessary production costs, but promote a more  sustainable and
11 envirenmentally-friendly farming. As South Sudan intends to embark on large scale
112 commercial farming to address food securty, such tools as PCA would be utilized
13 in designing precise and sustainable tarming metheds that would compromise both

Hé economic and ecological imperatives.

Ll6  The objective of this study therefore, was to spatially characierize some major soll
117 nutrients such as Nitrate-N, P, K and micro-nutrients: Ma and Fe as well as the soil
L8 penelration resistance measured as Cone Index using the PCA.




2. MATERIALS AND METHODS
2.1 Study area
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The siucy was conducted at the Research Farm of the Department of Agricultural
136 Sciences. College of MNatural Resources and Environmental Studies (CNRES),
127 University of Juba South Sudan The sludy area lies within the green belt agro-
IZ8 ecological zone of South Sudan and is located belween latitude 4°50°28" and
129 longitude 3173524 with annual rainfall average of 650 mm mostly during the
130  months of April to Octobar. The climate of the Is tropical wet and dry
131 climatewith ayerage temperatures ranging between 2 during the rainy seasons
132 to about 3 dunng the dry season of Novembsf to™{darch. The soils: can
133 predominantly béslgssified as Eulncleptosol with less assoiated EutricGleysol as

134  shownin Tabie 1. :
135 consitency|
| 36 Table 1. Some of the physical and chemical properties of sandy loam
137 soil (EutricLeptosol) at the Nursery farm of the Dept. of Agricultural
138 Sclences, Univ. of Juba (CNRES, 2012}
|39
Soll physical and chemical leatures Description
Soil Mappéing Unit® EutricLaprosal -
USDA Texture Classilication® Sanady loam
Drainage Ciass (0-0.5%)" Modarately weil
Sand faverage) 47 63
Sill (average) 45.1%
Clay laverane) Pt e 2
pH iLakdoie STH Test Melhod) e
Vol Waler Canlent [average) 18, 4%
Butk Dersity (gmicm 1.34
_Humus Contan: _ 2:86% .
140 "Saurce Hemonized Wond Sl Onia Viever Yersidn 1,2
141
142

143  The experimential area was the 40 m x 80 m demonstratian farm or nursery of the
|44 Department of Agricultural Sciences, Universityol Juba and divided in to 32 plots
145 each 10 m x 10 m (Figure 2). Four samples were extruded from each 12 out of the
146 32 randomily chosen piots for the NO3-, P, K. Mn and Fe analysis. Similarly, four
147 penetrations al a separation distance of 1 10 2 m per plot to maximum depth of 80
|48 ©m were determined using & hand push electronic cone penetrologger
149 (EJKELKAMP PENETROLOGGER SN) as reported by (19, 20] with a cone type
150 1.0 em2, 60° and a penetration speed ol 2 em/s. Processed soil samples were
151 analyzed for wvanous soil nulnents: nitrate-nitrogen, phosphorus, potlassium,
132 manganese and ferric iron using the LaMotte basic Model STH-4 Outfit {Code
}.‘j 1 5029) and values expressed in katha except for Mn which was expressed in ppm,
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Fig. 1. Diagrammatic outlay of plots selected for random sampling at the
research and demonstration farm, University of Juba

2.2 Principal Component Analysis (PCA)

Data sels consisting of (n=48) from 12 randomly selected plots were afalyzed. The
data sels were analyzed by Frrepat-Component—Anatyse=—P CAT aftar mean
centering of the data. The PCs were calculated using a covariance matrix. A class
model related to the classificalion ol soll nutrients according o their spatial
distnbution and wvariabilty was developed by applying the slatistical software
package XLSTAT 2014.4.06 (Addinsoll SARL, Pans, France). PCA was used 1o
establish the simples! mathematical model capable of describing the dala set
satistactorily, and represents the most appropriate statistical approach when the
goal is 1o establish the relative importance of individual variables in determining the
data structure.

Fhas Gaussian Misksretdode! GMMz/a paramairic probability density function (pdf)
was employed and provided the basis for panitioning and fuzzy classification of the
data into different clusters. Arguably, this probabilistic method parlitions the databy
considering thal each component represents a cluster through the k-means
clustering that tends 10 minimize the Eucligian distanca or the within-cluster sum of
squares (WCSS) A measure of dissimilarity or similarity betwean observed data
sels was used to combine specific clusters (agglomerate) or spiit (divide) them
altogether. This hierarchical clustering is achiaved by use of measuring the
Euclidian distance between pairs of observations and a linkage criterion which
specifies the dissimilarily of sels as a function of the pairwise distances of
observations in the setsfgva used compiele linkage as the agglomeration method
as suggested by [21] for clusiering the same dataset.

2.3Geo-statistical analysis N'\E:Eii g‘;fn;:l.i aatiodl
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The spatial variability of the penetration resistance measured in terms of corie I:|,,l_,'|lr.'1.

index was analyzed using geo-siatistics. Geo-statistical software GS+™ Version 9

(GAMMA DESIGN SOFTWARE. LLC, PLAINWELL MICHIGAN,LISA, 2001) was GV o

used fo quantily the isotropic spatial variability and semi-variogram models
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constructed for the soil cone (ndex. Spherical, exponential, Gaussian and linear
semi-vanogram models were considerad in selecting the best fitting model based
on the values of weignted residual sums of sguares. regression coefficient (%) and
relative spatial structure indicater (Nugget/Sill) that indicated spatial depe ndency.
For the GS+ Version 9, the semi-vaniance is defined by the following equation:

pih) = ¥ 206+ hle2ix)] (Eqn. 3)

R

WHErE;:I'l:I 15 the experimental semi-variogram value at distance interval h: Nih) is

numbel of sample value pairs within the distance interval h: and z txj+h) is sampla
value al wo points separated by the distance interval h. All pairs of points
separated by dislance h (lag h) were used fo calculate the experimental variogram,
Several variogram functions were evaluated to choose the best fit with the data. In
all cases, either the sphencal or Gaussian model were fitted ta the empirical semi-
variogram and best model it chozen. The spherical model used was defined as:

p'|:|"|:| = il ] [I."g Ir'l.".&.:;:l -1"g[r'l_-'.|r-'l.[:.:|]‘:
lor hsAg {Eqn. 4)

¥ (R} =Cg + G, for h=Aq ({Egn. 5)

whera y(h) = semi variance lor interval distance class h, h= the lag distanca
interval, Gy = nugget variance 2 0, C = structural variance = Cp. and A = range
parameler. In the case of the spherical model, the affective range A = Aj.
Meanwhilg, the Gaussian model used was delined as

¥ih) = Ca + C 1+ exp ()] (Egn. 6)

Wha;;)'qh] = sgmi-vanance for imerval distance class h, h= lag interval, Gy =
nuggel vanance = . © = structural variance 2 Cy, and Ay = range parameter. In
the case of the exponential model, the effective range A = 3A; which is the
distance at which the sill (C + Cqy) is within 5% of the asymptote (the sill never
meeis the asymptote in the exponential or Gaussian models).

3. RESULTS
3.1, Principal Componenl Analysis

Appiication of the PCA three principal components were extracted thatcumu latively
explained for 75.67 % of the 1otal data variability and with an eigenvalue greater
than 1 (Table 2). The other three components had an eigenvalue less than 1 and
were nol considered. In our study, the first two components accounted for 56.65%
of total data vanability as represented the single largesi vanability contained in the
data set [22].
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244

245 Table 2. Principal Componant Analysis

236
N F1.___ F2 FA F4 F5 FB
Eigenvalue 1881 1511 1.142 0871 [.484 0.305
Variability (%) 41,3586 25291 19.025 11187 8063 5078
Cumulative 3 31:356. 56.B47 F5.672 BERES £2.922 100000

247

248 The first component F1 correlated with 3 of the 8 soil nutrients analyzed. The
245 - nutrients Nitrate-N. P and Fe correlated pasitively with the F1. while it negatively
250 correlated with Mn and Cl and neither with K {(Fig. 2). Similarly, the F1 versus F2
231 loading plot showed that, variable K was not in any way correlated with G,
231 however, the variable Cl was negalively correlated with both Nitrate-N and P and
233 positively correlated with Mn.Vanables with significant loadings on F1 Nifrate-N
554 (factor loading= 0.231), P (factor loading = 0.875), Fe {factor loading = 0.594),
135 while Mn (factor lpading= -0317) and CI (factor loading=-0.781) had negative
156  loadings. Interestingly, variable C| had negative loadings on both F1 and F2,
157 whereas Nitrate-N, P, K and Mn had positive ioadings on F2 and Fe negative
258 loading on F2
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] Fig. 2Loading plots of principal components analysison soil nutrients:
26l Nitrate-N, P, K, Fe, Mn as well as soil penetration resistance mea sured as
262 Cone Index, CI

263 Biplot generaled by the PCA i Fig.3 showed the spatial distribution of the different
264 2 variables in the different plc-ts%ﬂr example, the amounts of P, NOs-N. K and Fe in
26 kg/ha were higher in plots 1,7 4, 5, & and 12 than in the rest plots. Similarly, Cl
et and Mﬁas figher in plots 7. 8, 9. 10 and 11 than in the rest plots. The Cl as first
267 principal component F1 significantly influenced the spatial gistribution of the soil
268 nutnents.
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272 ? Fig.:.':%iplnt generated by the principal component analysis for some soll
273 nutrients and Cl of the sandy loam soil (EutricLeptosol)

274

275 Ward's method of higrarchical agglomerative clustenng was used to characterize
276 soil parameter Cl and soil nutrignts N P K. Fe and Mn. The method is based an
277 minimum variance in which groups are formed so that the pooled within-group sum
278 « of sguare is minimized Fig. 4 shows the herarchical agglomerative clusters, The
279 / first clusters (Phosphorous, P and Ferric, Fe) and (Manganase, Mn and Nitrate-
2807 Nitrogen, M) are fused at 0.3412 and 0.2542 respectively. The second cluster [Mn,
281 N and Potassium, K) are fused at around 0.1042. The third cluster (Mn, N, K and
ggg Cl} is fused sligntly abave the truncation leve! of 0.0542,

o

a5 T

4 F 81 B e
,.E' 02541886
%
i 04541828

0,654 1828 -

0,854 1826 L ! = E % £

285

e




286 Fig. 4§an drogram generated by the agglomerative Hierarchical Cluster

287 Analysis (HCA) for some scil nutrients and Cl of a sandy loam soil
265 {EutricLeptosol)
289

290 Table 3 showed that there was only one class of spatial dependence (structural
=91 variance| for all the variables. Spatial class ratios were categorized 1o dafine
292 distinctive spatial dependency. It the spatial class ratio is 0-0.25. the variable Is
=93 considered strangly spatially dependent: if the ratio is batween 0.25 and 0.75, the
I vanable is considered moderately spatally depeandent: and il the ratio is greater
295 than D.75, the varable is considered weakly spataly dependent [23]. The
296 structural variance of all estimated parameters showed 8 narrow range of variability
297 within the plols between 0.086 and 0.134 thereby indicating a strong spatial
1498  dependency.

299
i Table 3%“ statistical parameters for the different soil nutrients including the
301 Cone Index of a sandy loam soil (EutricLeptosol)

[ Parameter [ NON | P | K [Mn ___ TFa €I |
hbogel Gaussign __ (Gaussian | Gaussian | Gaussian | Gaussian  Gaussian
Nugges 104 24 | 290250 | 120000 | 0085 0.08% 0.0378
variance, Gy |

Sill, C+C;, | B27.00 | 2793000 | 775600 | 0674 | 0774 0.282

| Range (m) Aol 1485 | 8BS0 | 1893 (9876 195 2.50

R? | 0,705 | 0.BE5 { 0783 | 0552 | 0:304 0.232

RS GO4S93E 4.D4E+DE8 | Z14E-07 | 0.0425 | 0.136 0.261

o 0128 0.086 0155 GosE | 0115 0134 |
(128%) |(8B% | (155%)  |(86%) | (11.5%) (13.4%;)

0-0.25 or 0-25% strong dependency 0 25-0,75 or 25-75% moderate dependency, 50,75 or
> 5% weak dependency

302
303
and
305 The results of the Pearson's corrélation matrix have been presented in Table 4,
6 The correlation matrix identified the relationship among the soil nutrients and €I
07 with values betwean +1 or -1 revealing sither & positive or negative relation
35 between the variables. In general, the Cl showed a negative correlation with most
M9 soil nutrients; NOs; Nitrogen, P, K and Fe (e<0.0007) and a weak positive
310 correlation with Mn. However, between the individual sail nutrients, P showed a
A1 weak positive correlation with K, Mitrate-Nitrogen Fe, Similarly, Mn showed low
311 negalive correfation with bothP and Fe (p<0.0001) as well as with K and Fe
A3 (p=0.0001).

34
ia Table {E‘earsnn correlation coeflicient matrix (1) of Cl and some soil
.'f:g nutrients
Cone index,  Manganese, Phosphorous, Polassium, Ferric, Nitrate-
Variables ci M 4 = K Fi Nitragen
Cone Index, Ci 1
Manganese, Mn {1128 1
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27
323
329
330
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EES
3335
36
¥
A3l
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340

Phosphorous, P 0566 1 g 1

Potassium, K 0135 .03z 0. 155 1
Farric, Fa i} 208 Q127 U373 .45h 1
M'llrrﬂa-hiltrugen 117 L2332 0231 148 <0025 1

The resylts of lactor loadings are presented in Table 5. The first three principal
components F1, F2 and F3 were abtained with sigenvalues >1 and accounted for
75.67% of tota! varation of the data with values at 31.36%, 25.29% and 19.03%
respsclively. F1 showed high loadings of P. Fe and low Nitrate-Nitrogen with
positive effect and Cl Mnand K with negative effect. F2 showed high loadings of K,
Mitrate-Nitrogen ana moderate loadings of Mn and P with positive effecis whereas
it showed negative effects with Cl and Fe. F3 showed high loadings of Mn, Nitrate-
Nitrogen and modsrate o low inadings of Fe and Cl with positive alfecls with
negalive elfects of both P and K,

Table 5. Factor loadings of the first 5 components of some soil nutrients and
Cl ot a sandy loam soil (EutricLeptosol)

F1 F2 F3 Fa F5
Cone Index, CI 0.7 0221 0.130 1.333 0443
Manganese, Mn Dy 0.320 0717 1524 0.082
Phosphorous, P 0.a75 0.168 -G.o0g -0.020 0265
Potassium, K () 0821 0385 {.066 0329
Ferric, Fe 0.584 0603 0.326 .02 0280
Nitrate-Nilrogen 0,231 0.542 0.591 0530 .135

We employed a Gaussian mixture mode! of the analyzed dalasel as criterion for
estimaling the probability density function. 2-D probability density funclion
ellipsoids are shown in Fig. 5 represented as two clouds and centered on the
means: My at 2 and p,ald for cluster classes 1 and 2 respectively. Similar
Clustering is based on the k-means which sesks to cluster data point closest 1o
some centroid. A closer look at this figure gives shows two pdf peaks at 0.9 and
0.1 tor F1 and F2 respectively. The classification into different cluster classes was
computed according 1o 1he probabilities via the MAP (Maximum A Paosleriori) rule.
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443 Fig. 5.(a) Scatter plois of a wo dimensional data between F1 and F2 generated by a
344 mixture ol Gaussians. Ellipseids corresponding to the region with 95% of the
345 componentdensity and (b) example of densities modeled by mixtures of two
346 Gaussians pdfs. Green and green lines indicate the individual component densities
347 and blue line the mixiure of both densities (bimodal density) -
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A5t » F1 (associated withC|| with smaller datasel was clustered around 1.0-2.0 MPa had
351 low loading on F27 | associated withMn) &t around 4 ppm with positive effect.
352 Bimilarly, Class 2. F1 had a more wider clustering between 1.2:2.5 MPa with
433 outhers up to 3.5 MPa had high loading on F2 at about 5 ppm with positive effect.
354 This shows thal ncrease of F1 posilively correlated with F2 suggesting that
355  Increase in the Elgenr;!ed to increase Mn in soil . Such positive correlation was also

v,
349 The resulls of the ;&M also showed the loadings of F1 on F2, Class 1 denoted as

356 Jreporied by [20]\ow loading and negative effects of F1 component on F5
3537 (associated with Fe) was investigated and shown as in Fig. 6. In'class 2 and 4, F1
138 showed low loading on FS at around 1.0-1.5 MPa with negative effect and several
339 pulliers at argund 5-5.5 ppm, Class 1 and 3 showed fewer data points of F1
dob clustered betwean 1 5-3,0 MPa wilth F2 at around 4.5 ppm. The resulls showed the
361 negative comelation between F1 and F5 suggesting that low Cl tended 1o favor
J61  increased Fe. Increasing the Cl led 1o a more reduced Fe [20],



MAF clessilicapen and Fileg madel

a4

2
Ln
-]
a

']

__;-_l L .-"-_'_F ffrﬂ_lbl w1
= 3 § A C""‘II &
2 ) :
E o4
1.5
3
05 1+ 18 2 25 3 35 4
363 Fir Cong inges, G
itd4 Fig. 6. Scatter plots of a two dimensional data between F1 and F5 generated
365 by a mixture of Gaussians with diagonal covariance matrices
MAR classification and Fined moge
L
\8E -3 - s
124 & % 1'F N
l: i o n 21
i L ¥ - "z
f.lg-.' . o
= - 4
188 w0
14
3 d 44 3 1oy BoH 3 384 ddd BEvd oEmg
166 F 3 Frgephieous. P
367 Fig. 7. Scatter plots of a two dimensional data between F3 and F4 generated
KLah by a mixture of Gaussians with diagonal covariance matrices
il

370 :" Figure§ shows a group of 5 clusters \representing & probability density funclions)
371 classes between the F3 and F4. This showed thal within the complete dataset five
372 center locations for both point P and K were evident with lowest P concentrations
373 at B4 k'ha and for K at around 232 kg'ha respectively. The fifth cluster and highest
374 concentrations for P and K were al around 512kg/ha and 488 kg'ha respectively
4T3 suggesting a more synergistic relationship between both elements Betwesn 95-

Z;_Tfrl % 0l s0il P is insoluble P andunavailable for plants [24, 25].
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Fig. 8. Scatter plots of a two dimensional data between (a) F3 and F6 and {b)
between F4 and F6 generated by a mixture of Gaussians with diagonal
covariance matrices

Figure 8{a) showed the F3 inading on F& with four cluster classes (representing
four probability density functions). Altbough not quiet discernible. a more accurate
ana clearer antagonistic relationship especially between classes 2 and 4 was
noticeable, Al lower P belween 80-250 kgha, the Nitrate-N was around 70 kg'ha
and reduced to about 30 kgha wilh increased P at between 350-550 kg'ha.
Similarly, Figure B(b) showed a less discernible relationship between F4 and Fg
with both antagonistic and synergistic features, however, with a predominating
antagonistic relationship, In class 1. with F4 at around 280 kg'ha, the FB was at
around 60kgMa. In class 3 and 4, F4 was al J80-520 kg'ha and 440-520 kg/ha
respectively. Thare was generally a negative correlation between F4 and F&.
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) Fig. B}WD contaur maps showing the distribution of the Cone Index Cl in a
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The contour maps generated by 1he interpolation method (Inverse Weighted
Distance, IWD)in Fig. 3 were in ling with expected Cl vaiues for the plots. In the
'eft hand corner. which remained fallow over the last 5 years and sirewn with
termite anthills and tree roots, soils around the plof showed higher Cl values of
£.26 10 2.94 MPa accounting to aboul 13% of the total arez. However, moderate
to nigh Cl values between 1.75-2 43 MPa were within the plots 3, 7 and 9. There
was a general trend of decrease in C| values in an easterly direction Similarly,
soits in plots 2.4, 6, 10, 11 and 12 showed relatively lower C| values bebween
1.91 1o £.26 accounting to about 13% of the total area. On average, the
maximum Cl of 3 was below the critical value on sandy loam soil observed by
[25].

Table 6. Statistical paramelers of some soil nutrients and Cl of a

EutricLeptosol
Varlable Mean Variance  Skewness  Kurtosis Kelmogorow- Chi-
(Pearson)  (Pearson) Smirnov Test

= . Test i
Cl 1840 0.270 {0.587 0866 0.368" 0.348"
e 416307 Sh76.883 0708 0,132 0.443° =0.0001"
M £.842 o112 1.173 1.139 0.008* =0.0001*
it 260021 2384611 0196 1 465 g.121: <0.00G1"
Marate-N  39.087 B3Z 009 1517 0.906 0.002° <0.0001*
Fas §.027 Bt2q [ 363 (721 oz o277

TERpThT A g (RS

Table € shows some statistical paramelers thal were tested using the
Koimogorov-Smimoy (KS) and Chi-lesis. The test using the (KS) showed that
tho values ol the variables: Cl, K, P and Fe were significant at p<0.05 and that
the data followed normal distribution, whereas Mn and Nitrate-N wera not.
Conversely, the Chi-test showed thal all vaiues exgepl of the Cl and Fe
variables were not significant al g=0,05 and so did not follow normal distribution.
No reasons could be given lor this contradicting fit-of-goodness of both test
procedures,

3.2 Values of Cone index versus scil nutrient distribution

It was reported thal, soil nutrients generally tended to increase with the sand
fraction whereas this was the reverse trend for sill and clay fractions. Sand
particles have relatively higher friction coafficients {han silt and clay particles.
which would explain the increasing trends of Cl with sand fraction [20].

From the dendrogram diagram in Fig. 10 it may be seen that the first four
variables (P, Mn, Fe and Nilrale-M) are clusterad together at first level with
sirong spatial dependency al 86%, 9.6%. 11.5% znd 12.6% respectively,
Meanwhile, K is then cluslerad 1o Nitrate-M and Mn at second level also with
sirong spatial dependency at 15.5%,. Results of our stuay showed that the lower
tha spatial dependency the higher the similarities between the compared
vanables.
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Fig. 11;&(;1 ged maps on the spatial distributl_nn ol some soil nutrients and Cl
ina EutricLeptosol

4. DISCUSSION

The results of PCA and cluster analysis showed that the spatial distribution of soil
nutrients was most strongly correlated with soil Cl within the different plots. The
results further showed that ©f was the most important major factor that affected the
spatial distribution of the soll nulnents. Thess resulls are in agreement with those
reported by [20] on EutricLeptosol. Increasing Cl in the different plots was a major
aspect that inlluenced the spatial distribution of soil nutriants. With an increase in
the Cl, the available No.-M, P, K and Fe decreased correspondingly as shown by
the negalive Pearson s correlation. For example, the amounts of P, NOs-M, K and
Fe in kg/ha were figher in plots 1, 3, 4,8, & and 12 than in the rest plots. Similarly,
Cl and Mnwas higher in plots 7, 8. 9. 10 and 11 than in the rest plots. The C| as
first principal component F1 significantly influgnced the spanal distribution of the
s0il nutrienis.

Although the first threefactors F1, F2 and F3explained most of the variance,
components F4 1o FG were also chosen fo explain any interactions and loading
effects of each ndividusl vanatle. The idea was to assess, il there were any

v
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an!-zgﬂnrs:#::!irar'w syneigistic efleols of any of the variables on the other. The
stuty also to assess, it indeed anthropological influsnces had any significant
roles on spatial distributon of some soil nutrients, or rather it spatial distribution
was random and only dependent on lithogenic influences. Associating the
respective vanables to gach compenant, (Cllo F1, F2ioMn, FltoP. F4lo K. F&
to Fe and F6 1o Nitrale-N) and incorporaling geo-statistical parameters cbiained
from Gaussian model (Table 3), the shord-range component (at 8.8 m) of Fi
positively correlated with F2 (al range 98.76 m). Conversely., F1 negatively
correlated with F5 (2t range 1,95 m). Component E3 positively correlated with F4
with ranges al 8.5 and 16.93 m respectively.

The piots on the research and demonstralion farm showed heterogensous
distribution and spabal varahions i sail nutrients and cone index. The results also
indicated that not all soil nulrlents and cone index values were homogengusly
distributed in all plats. Piots in the same quadrant with similar predominating soil
nutrignts could prachically be managed alke: It also implied thal, similar plol
management practces would be lalored on each guadrant within the context of
precision farming Knged maps (Fig. 10) showed maore Cl, Mitrate-N and P on the
left-hand side gradually decrensing in the easterly direction, whereas Mn and Fa
tended to increase in the opposite direction, Implicitly, this did not suggest any
negalive correlations between Cl and both Mitrate-N and P, on the contrary, high
Cl negatively correlated with both Nilrate-N and P as reporied by [20].

The Cl values were generally highl2 94 MPa) a1 the left-hand side of the farm and
gradually decreasod in an easterly direclion 10 as low as 0.73 MPa at the extreme
right edge of the tarm. One reason for this is probably 1he differenbated tillage
activities on the larm, There was hardly any tiflage activity on the left hand side of
the farm In the ast 3 years as opposed o much soil tilage on the right hand side
which must have significantly altered the structural and aggregative nature of the
501

The inleraction antt Mnoor F1oand F2) lound in the presant study could be
descnped as synergistic. Increass e Gl would Increase inler-particle conlacts with
corraspondingly reduced pore space. This would tend 1o favor anaerabic soil
conditions therety, ncreasing Mi availability. In the present study, we also found

out lnat on average, ereasing # caoncentration in soll did rot accentuata K
availability in soils. Although Ihe EwdcLeptosol has a low organic carbon (0.72%
by "r'-'l:-‘lgh'l] and low Catily (029 weight). there appeared (o be specilic prelerence
far Ca™*as opposad to K' o i sails in formingbothine and arganic complexes
with phosphate wons. Such mutually synergistio refationship would suggest that
Increasing concantration of F ions would enhancefurther adserption to Ca™ and so
Increeasing the congentration ol 16, Canversely, a mutially antagenistic relationship
was also found betwéan P oand Mitrate-N whersby there was specific and
preferential adsoption ol tho phosphate than Nitrate lons {27). Furthermore, our
wors showed that MNirate-NN was cluslered with Mn. This: mutually synergistic
refalionship would be the resull of nigh water table and poor drainability of the
EutticLeptosofollowing the beavy taing between Aprl and November. In the
absenge of cultivated crops [al wodd whilize the Nitrate-Ny. much of the Nitrate-N

v/




+E8  was stored within the rhizophore. Equally, the high Cl values tended 1o reduce sail
319 dramabiily thereoy enhancing the developgeent of anasrobic conditions which
320 ) favorad reduction processes and hereforgldn increase [20] Based on these
521 } groups, the clustering of these nulrients in thastudied soilcould be ascribed 1o two
311 different components: P and Fa that have & commean lithogenic origin and the €I,
::;1 K, Mn and Nitrate-N to have a common anthropogenic influence.

315 The K is reguired for cells fo maimain the osmotic balance and regulating stomatal
326 opering and closure duning pliotosynthesis [26, 28], It is also an essential co-factor
327 for many enzymes. Similarly. P concentration in plant cells is closely associated
318 witn photosynthenic rate [28] and: therefore, decrease of P in leaves will reduce the
329 plan! growth. By implcations, soils low in K* would no! only reduce stomatal
330 aclivity, but aiso low available P would lead to reduced photosynthesis and hence
33l reduced plant growth rates. Analysis of thedendrogram confirmed that the Cl is an
332 independent vanable (hat ten=d to influence spatial variations of K and Nitrate-N

333 sugiesting that both nutrien = reduced with increased Cl whereas Mn increased
‘:-: with increasing Cland vice-vo =

336 P showed a significant and posilive relationship with Fe (r = 0.37, p < 0.0Q01). The
537 sgnilicant relationship betwean lhese nutrients could be as a result of adsorphon
335 resulting from degradalion ol manure or organic material and mineralized Fe-
339 owdes.Especially under anoobic condiions influenced by both high  soil
b compaction (high C values and high r%aumr table, this would favor reduction

.u:} processes and enhancemen. | VivanitdFes(P0sj2.8H-0 [30] Clustering and the
342 mulually synergistic relztions! © between P and Fe was to be expected as much of
345 the P ions (I1,PO7) were cos |y adsorbed to Fe ions (Fe™) especially under poor
34 drainable conditionsiconditioong by high C values or high soil penetration

g::; resistance) whera Fallll-oxi s reduced to Fe™*,

547 The set of 6 oniginal scll prop  es g@s in Fig. 4 with iow similarity measure at 0.054
M5 (Wruncation or cut-off tresho  evel), crealed three classes thal explained 75.67 %
349 of the data vanability. Increa: . ol the cut-off level would not only imply increase in
330 the number ol eclasses bul o lso represent percentage increase in similarities
331 suggesbng that companson . s better under a farge number of classes. For
a3 example, increasing similarl, 1 cut-off threshold level between 0.2542 and 0.4518
353 would increase the numbe isses to 5 therefore enhancing bettér comparison
,2,24 of the variables,

Si; In our slud'ahe Euclidian mnce was ullized as & basis for classitying the
337 clusters (hat Yemonstrated | mutual antagonistic and synergistic relationships
S538 belween the different punel  compeonents. Howevar, the Euclidean distance,
359 sullers from the se-called "= g effect[17) due to the inadverent weighling of
36l the variables in theanalysis can occur due to differences in magnitludeamong
361 the measurement vanables.  or example, the measured concentration of two
362 vanables: P and Nitrate M i with varying ranges, The measured amount of P
b3 o In the studied soill vaned & on 61 and 511 ka'ha, whereas thatl of Nitrate-N
3o/ between 11 and 116 kg hn amately ane-fifth of P. Alive-lold increase in the P
363 concentrationwill have o | * glfect on Euclidean distance than a similar



0 incrgase in tha Nilrate-M o -ulratiur:klﬂwavar, effect of variabl%l:aling on 1ne

A7 Euclidean distance by 1 erent measured variables may™ be mitigated
368 J bystandardizing themeasure | variables, so that each variable has a maaicrf
56 Zero and g standard deviation 1

370

371 One of the major problems | rarchical clustenng is setting a threshold value or
372 truncation level that would e similarity within a cluster, This value is often
313 2 submctive [17\By varying ! yncation or cut-off level, similarity within a cluster
57 may incregse or decraase 15 conditioned by practical considerations to
3737 2 whether or not ong needs 2 17 degree of similarity within & given cluster_%e
376 similarity value is substantial rger, the random vanation and dissimilarity within
577 the data isprobably neglc and wce-versa. Qur sludy also showed that
318 clustaring of the ditferen) v 5 gave nse to correspondingly different number of
31 classes, e.g, between F | gave 3 clusier classes, whereas between F4 and
a8 FG gave 5 cluster classes ncally, smaller number of classes e.g. 2 10 3 would
381 sugaes! losser variablily will iore homogenous spatial distnbution than a larger
382 number of cluster classes hr uld show mare variability and heterogeneity,

583

584 5. CONCLUSION JEHL

585

586 The appliicatioof PCA, | id GME!\]‘;ve§u5Ed ta grouping multi-nutrient and
587 Cone Indax data on sand) soil (EwiricLeptosoll from the University of Juba
388  demansiration farm, in Sou! dan. The first principal component F1, axplained
a8 31.36%. the second princih component F2. accounting for 25.29% and F3
N 18.06%. GMM analysis | rest components F3 to FE showed that thess
M companents representiog @l variables had either antagonistic or synergistic
392 relztionships, which o ieir spatial distribution and vanations. The results

393 of FCA made it possiti
394 representing 75.67%

initial six variables to be reduced to three faciors
| vanance. From hierarchical elustering, Cl was

395 observed to be clusterd] « Mn and Nitrate-N whereas P was clustered with
396 Fe. It can be inferred fram @ results thal, the spatial distnbutionol K, Mn and
397 Nilrate-N was predomin: * 1o anthropological influences as conditioned by
:ﬁ Cl and less lithogenic o ned by nature ﬂiEumcLepmsm'.

oIkl The PCA 5 a standa (o nodern data analysis owing 1o its simplicity, non-
Ol paramelric method [ ‘ | relevant information from large and contusing
62 dala sets. With minima o LA provides @ roadmap for how 1o reduce a
ol complex data sel to ; erision 10 reveal the sometimes fidden, simplified
6i4  shuciures that often w ‘1]. However, PCA 12 not 2 statistical method from
Bl5 the viewpaint that ther coabilitydistnbution specified for the observations.
ol6.  Thorglore, it is importan Iy in combinalion with other pattern recognition
6U7  too's doos it best serve Io i underlying relationships batween the different
bis  wariables within a data sei

()

Bl Tha PCA, HCA and GMM s used herain have been tound to bemost vseful
6l indentityingthe strocture ierent inter-linkages within the variables contained
612 in the datasel. The app 5 described in these methods rely heavily on

-
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