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ABSTRACT

Digital soil maps describe the spatial variation of soil and provide important information on
spatial variation of soil properties which provides policy makers with a synoptic view of the
state of the soil. This paper presents a study to tackle the task of how to map the spatial variation
of soil pH across Zambia. This was part of a project to assess suitability for rice production
across the country. Legacy data on the target variable were available along with additional
exhaustive environmental covariates as potential predictor variables. We had the option of
undertaking spatial prediction by geostatistical or machine learning methods. We set out to
compare the approaches from the selection of predictor variables through to model validation,
and to test the predictors on a set of validation observations. We also addressed the problem of
how to robustly validate models from legacy data when these have, as is often the case, a
strongly clustered spatial distribution. The validation statistics results showed that the empirical
best linear unbiased predictor (EBLUP) with the only fixed effect a constant mean (ordinary
kriging) performed better than the other methods. Random forests had the largest model-based
estimates of the expected squared errors. We also noticed that the random forest algorithm was

prone to select as “important” spatially correlated random variables which we had simulated.

Keyword: Linear Mixed Models; REML-EBLUP; Random forests, Spatial prediction of soil

pH.

1. INTRODUCTION

Soil maps describe the spatial variation of soil types and provide important information on spatial
variation of soil properties (Kempen et al., 2010). Mapping of soil properties is important as it
provides policy makers with a synoptic view of the state of the soil, and agricultural stakeholders

with information about where soil problems might occur (Lark et al., 2019). Soil maps are
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generated using various soil mapping methods which can be divided into conventional and

pedometric approaches (Kienast-Brown et al., 2010; Hengl, 2003).

Conventional soil survey represents soil variation in terms of profile classes and corresponding
map legend units. It can provide a basis for spatial prediction of soil properties and may also serve
as a structure for recording substantial information on soil management and for systematizing
knowledge of the distribution of soils in the landscape. Conventional approaches were based
largely on manual processes which are costly and time consuming (Kienast-Brown et al., 2010)
mainly because of long fieldwork periods (Moonjun et al., 2010). Pedometric approaches are based
on the application of mathematical and statistical methods for the primary purpose of predicting
the values of soil properties where these have not been observed directly (McBratney et al., 2000).
A well-established statistical approach to doing this is the application of model-based geostatistics
(Stein, 1999; Diggle and Ribeiro, 2007). In this approach the variation of the soil is represented in
a linear mixed model (LMM) as a combination of fixed effects (which may be a constant unknown
mean, or a function of predictive covariates such as remote sensor data), and random effects,
including Gaussian random fields which exhibit spatial correlation. The parameters of the LMM
model can be estimated by Residual Maximum Likelihood (REML) method developed by
Patterson and Thompson (1971), which allows parameters of the random effects to be estimated
with small bias arising from uncertainty in the fixed effects (Kitanidis, 1987; Swallow and
Monahan 1984; Zimmerman and Zimmerman, 1991; Lark and Cullis, 2004) . When the model is
fixed, values of the soil property at unsampled sites can be obtained by the empirical best linear
unbiased predictor (EBLUP) (Stein, 1999; Lark et al., 2006; Lark and Webster, 2006; Minsay and

McBratney, 2007).

There has been a growing interest in the potential of machine learning methods (e.g. Breiman,
2001) as an alternative to statistical modelling for spatial prediction of soil properties (Hengl et al.,

2015; Behrens and Scholten, 2007). The main difference between geostatistical approaches and
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random forest is that geostatistics is based on a statistical model. This provides a basis for formal
inference about the validity of the model (including the task of selecting which covariates to use in
prediction), and for producing a prediction distribution at unsampled sites of interest. One may
then derive point predictions from this distribution (typically the mean), and measures of
uncertainty. On the other hand, machine learning methods such as random forests, are predictive
tools applied to identify empirical relationships between the target variable in a training data set
and associated predictive covariates and to extrapolate these to unsampled sites. With no model
there can be no formal inference, but empirical approaches, based on internal cross-validation are
used, for example, to evaluate the evidence that a particular variable is predictive. One particular
strength of the geostatistical approach is that the estimation of coefficients for predictor variables,
and inferences about them, are based on a model of the spatial dependence of the random variation.
This accounts for the fact that data which are strongly spatially clustered are likely to be correlated,

and so do not provide independent evidence to support the fitted model.

In the study reported here our objective was to assess approaches for digital mapping of soil pH at
national scale across Zambia to support evaluation of land potential for rice production. Legacy
data on soil pH were available from a previous national survey. As with many such surveys, this
followed a two-stage design, and so the observations were spatially clustered. In addition we had
access to various exhaustive environmental covariates which could be regarded as potential
predictor variables for soil pH.. We compared different forms of linear mixed model, and
prediction with the random forest using a validation subset of the data. Prediction errors were
evaluated at the validation locations by comparing predictions with observed values. The selection
of the validation subset, and the quantification of the uncertainty from the observed prediction
errors had to take account of the spatial clustering of the observations in the legacy data. Because

of this clustering, no subset could be regarded as independent random observations.

2. THEORY
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2.1 Linear Mixed Model

The theory of residual maximum likelihood (REML) in combination with the empirical best
linear unbiased predictor (EBLUP) for spatial interpolation has been illustrated and described

in detail by Lark et al., 2006. The LMM takes the form

z=MB+Sn+s (D

where z is a set of observations of the random variable at sampled locations, M is the design
matrix of fixed effects, which could include covariates such as topographic attributes, B is the
vector of the fixed effects parameters or regression coefficients, S is the design matrix of
random effects (which is an identity matrix unless analytical duplicate observations are
included), n is a random effect, a Gaussian random variable which has a mean of zero and, in
the spatial setting, a covariance matrix which expresses spatial dependence, € is an
independently and identically distributed Gaussian residual of mean zero and variance 2.
These two random components have a joint distribution

KN (KA )} @

where I is the identity matrix and G is the correlation matrix of the random effect . Element
[i,j] of G, at locations x; and x; depends only on the interval in space between them under an
assumption of second-order stationarity. The lag vector x; — x;, under the assumption of

]

isotropy, depends only on the scalar part of this vector, the lag distance and so

G[i,j1 = p(|x; —x;|; @), (3)
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where p(h; ) is a correlation function of lag distance h with spatial parameters a which control
how the correlation decreases with increasing distance. The term ¢ is the ratio of the variance

of the random effect 1 to o2, the variance of the residual term.

The residuals depend on the fixed effects parameters 8 in the model, and in ordinary maximum
likelihood estimation the uncertainty in the estimates of the fixed effects parameters biases the
estimates of the random effects parameters. To avoid this, we use residual maximum likelihood
(REML) which is based on the principle that a new random variable, independent of the fixed
effects, is computed by projecting the original data z into a residual space where the fixed
effects can be filtered out (Chai et al., 2008). The log likelihood of the new random variable
which we now call the residual log-likelihood because its independent of fixed effects can be

expressed as;
1 1
tr(0%,&,alz) = — E{logIHI + loglMTHM| + (n — p)o? + ;zT(l —wctwhz, (4)

M™ MTs

— T — —
Where H= éMGZ" + 1, W = [M,S]and C = STM STS+£16-1)

Once the covariance parameters o2,&,a have been estimated by REML, they are used to
compute the estimated covariance matrix at sampled points. With the estimated covariance
matrix computed, the estimated fixed effects parameter, B, and predicted random effects, j, are

then computed by solution of mixed model equation:

] T
cls) =[xz} 5
. STy (5)
With the covariance matrix for the error of the estimates being:

Cov LE : B] = o?C 1. (6)
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Now that the covariance matrix and the fixed effects parameters have been estimated, they are

used in EBLUP to predict the soil property , Z, , at unsampled locations:
Z, =M}B+1, = MJB + gl ,G'7, (7)
where My, is the design matrix for the prediction sites, g, , is a vector computed from the

covariance matrix of n with the n, values at the unsampled locations (Cov[n, np] =§0%8op)-

The variance of the prediction errors, Var|z, — z,], which accounts for the uncertainty in

predicting the fixed effects and uncertainty in predicting the random effects is expressed as:

Var(z, —z,] =o? {[Mp' gg.pG_l]TC_l[Mp; 8opG '] +¢(8pp — 8596 ' 8op) + 1}' (8)

There are many variables that researchers can use as fixed effects in linear mixed models for
spatial prediction of soil properties. However, it is unwise to include variables without regard
for evidence that they are of predictive value, the inclusion of predictors unrelated to the target
variable may inflate the prediction error variance. To avoid this, variable selection is an
important step in model development. One approach to the problem is to base the inclusion or
rejection of a predictor based on a hypothesis test in the LMM framework (e.g. by a log-
likelihood ratio test) (Verbeke and Molenberghs, 2000). To reduce the risk of including excess
predictors because of multiple hypothesis testing, one may use false discovery rate control
(Lark, 2017). The false discovery rate (FDR) is the probability that a null hypothesis is true,
given that it has been rejected. False discovery rate control can reduce the power to detect real
predictors, and Lark, (2017) demonstrated how this problem can be reduced, while maintaining
FDR control, by the method of alpha investment (Foster and Stine, 2008). This entails an initial
ordering of the predictors starting with the one which, a priori (and not based on inspection of
the data) is thought most likely to be of predictive value and adding in predictors in declining

order of expected predictive power. In this approach the power to detect a predictor is increased
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by the rejection of null hypotheses early in the sequence while maintaining control of FDR.

This approach has been used elsewhere for spatial prediction (Gashu et al., 2020).

A disadvantage of the LMM approach is that it assumes that the fixed effects are linear in the
parameters. Such a model can represent complex and non-linear relations between soil
properties and predictors, for example through the use of polynomial terms in the predictor
variables, or spline basis functions, but there has been increasing interest in more flexible
methods to predict soil properties from covariates, in particular the machine learning method

known as the random forest.
2.2 Random Forests

The random forest is an ensemble tree-based method that combines multiple decision trees
(classification or regression) to give a prediction (Breiman, 2001). A decision tree is an
algorithm that involves recursive partitioning of data into several simple regions using a series
of splitting rules. It is called a decision tree because these series of splitting rules can be
summarised into an upside-down tree structure as illustrated in Figure 1. Figure 1 shows a
structure made up of predictors ( Xy, X5, ... ... , Xi) which are split into J distinct and non-
overlapping regions (R, R, ..., R;) at test node t, and the mean of the response values for the
training observations in each region R; is calculated and assigned as a prediction for every
observation that falls in region R; (James et al., 2013). When growing a decision tree, the
following steps are taken; (1) at each test node t, a predictor Xk is randomly sampled from all
the predictors, then the best split point S, among all possible splits for the k th predictor is
determined; (2) the best split S* among the S, is chosen and this jth predictor at its identified
cut point Cg+ is used for the splitting at test node t. (3) The predictor Xk is split into two regions

( observations with X; < Cs+ and X = Cs+) at test node t. Steps 1-3 are repeated on all

descendant nodes to grow a tree £(x) (Archer and Kimes, 2008; James et al., 2013).
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Figure 1: illustration of a decision tree

One major limitation with decision trees is that using only one tree for prediction, results in
highly unstable predictions, a small change in the data can result into a large change in the final
estimated tree. To improve the performance of decision trees, Breiman (1996) introduced an
algorithm called Bagging, also known as bootstrap aggregation which takes repeated
(bootstrap) samples (where B is the number of bootstrap samples) from training set with

replacement and builds a total of B trees (f(x), f2(x), ..... f 2 (x)) which the average of all the

prediction trees fbag(x) is calculated:

B
A 1 R
frag0) = 5 ) F°@) 9

b=1
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One disadvantage of bagging is that a single predictor may dominate all trees in the bag,
meaning that their outputs are strongly correlated. As a result of this the reduction in variance
from the use of multiple trees is very limited (James et al., 2013). To address this, Breiman
(2001) developed a random forest algorithm which is an improvement of bagging. Like
bagging, random forest also takes repeated (bootstrap) samples from the training data and
builds B decision trees. But in the case of random forest, when building these trees, to avoid
using one strong predictor for all bagged trees, at every test node t, when splitting, every bagged
tree is forced to consider only a random subset of predictors by randomly sampling a fresh m
predictors from a set of k predictors, and the split is only allowed to use one of these m

predictors. For regression trees, the number of m predictors considered at each split is

approximately the total number of predictors divided by three (m = k/3 ) and for classification

trees, m ~ Vk. Because of this, random forest results in many uncorrelated trees which give a

large reduction in variance when averaged.

The random forest algorithm has three important outputs. These are the out-of-bag Mean
Squared Error (OOB Mean Squared Error), the out-of-bag R-squared and the variable
importance. The RF model does not use all the data for building the tree. In each bootstrap
training set, about one-third of the data are left out. The data that are left out when building the
trees is called out-of-bag (OOB) data and after the trees are grown, the OOB data are used as
test set to measure the strength (OOB Mean Squared Error) and correlation (OOB R-squared)
of the model. In short, random forest has an inbuilt cross-validation. Variable importance is
defined as the increase in prediction error when OOB data for that variable is randomly
permuted while all others are left unchanged (Liaw, 2002). It analyses the contributions of each
predictor to the overall results (Breiman, 2001). The algorithm randomly permutes the predictor
Xm several times, breaking its original association with the response variable and asses the
relevance of the predictor by using the permuted predictor together with the other unpermuted

10
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predictors to predict the response variable for the out-of-bag observations giving the difference
in prediction accuracy before and after permuting. The result is a vector of importance measures
for each predictor equivalent to the number of permutations. The algorithm then computes a p-
value as a measure of the evidence that a variable is predictive (Strobl et al., 2007; Altmann et
al., 2010). This permutation p-value is the probability of observing a permuted model (from
the several number of permutations) that is equal to or better than the unpermuted model

(Cummings et al., 2004).

Equation (7) presents the E-BLUP from a linear mixed model. The second term on the right-
hand side corresponds to the spatial interpolation of the correlated random effect in the model.
In this way the E-BLUP combines a regression-type prediction based on the predictor variables
with a spatial interpolation component. As described above the random forest predicts a soil
property from the predictor variables only, making no use of spatial dependence through
interpolation. An attempts has been made to include spatially weighted local observations in
prediction by random forests by including coordinates as predictors and using weighted buffer
distances (Hengl et al., 2018), neighbouring observations and their distances to the prediction
location were used by Sekuli¢ et al., (2020). Li et al., (2011) and Viscarra Rossel et al., (2014)
combined random forest with kriging, just like in regression-kriging, by calculating the random
forest residuals and then kriged them to all prediction positions and then added to the results of

the prediction positions. .

As described above, inferences in the random forest approach are based on an internal cross-
validation procedure. This might lead to overoptimistic conclusions about a random forest
model, or about the value of a particular predictor if observations from the same clusters appear
in the OOB sample and in the data used to develop the trees. That is because the observations

within a cluster can be expected to be strongly correlated, and so the validation of a model fitted

11
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to data on strongly correlated observations will give an unduly optimistic impression of the
model’s capacity to predict at an independent location.

3. CASE STUDY
3.1. Data

Soil data

This case study uses Rural Agricultural Livelihoods Survey (RALS) of 1713 soil pH data
collected by Indaba Agricultural Policy Research Institute (IAPRI) in collaboration with
Central Statistical Office (CSO) and Ministry of Agriculture. The sampling frame for the RALS
2012 survey was based on the 2010 Census of Housing and Population (CSO/MAL/IAPRI,
2015). Full detail of the stratified two-stage sampling design is provided by (CSO 2012). Four
households were randomly selected in each Standard Enumeration Area (SEA) and soil samples
were collected from the largest maize field. A composite of 10-20 sub-samples of soil collected
throughout each field and each sub-sample was a composite of equal parts soil in the 0—10cm
and10-20cm depth horizons. Full details on the soil collection and laboratory analysis for soil
pH (determined for a soil suspension in CaCl, with a standard pH meter) are provided by Burk
etal., (2019) and Chapoto et al., (2016). The spatial prediction of soil pH for Zambia using this
data has been studied by Chapoto et al., (2016) who only used ordinary kriging for the

prediction.

Data cleaning involved removal of spurious values in the x and y coordinates. The need for
this was indicated when the raw data were first plotted, showing points lying outside the borders
of Zambia. The mean coordinates of all households were computed in each Standard
Enumeration Area (SEA) centroid, and then the households were removed from the data set if
the notional distance to the SEA centroid exceeded 10km. This threshold value was decided
after discussion with IAPRI staff about plausible values for the distance between a village in

the EA and the centroid. After data cleaning, a total of 1202 soil samples were used for analysis.

12
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The sampling pattern for the RALS survey was not designed for spatial interpolation of soil.
Due to the sampling pattern, the data is strongly clustered at the level of SEAs (the SEAs are
the clusters) with a total of 362 clusters. For this reason, splitting of the dataset into training set
(80%) and test set (20%) was done at cluster level (the 362 clusters were split into 260 (80%)
for training and 102 (20%) for validation). Figure 2 Shows the training and test clusters with

the red solid dots being the training clusters and the blue solid triangles being the test clusters.
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Figure 2: Cluster locations for the RALS 2012 soil data. red solid dots being the training

clusters used for spatial prediction of soil pH and the blue solid triangles being the test clusters

left out for validation.

Environmental Covariates
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The environmental predictors available for use in this study were Soilclass, Landcover, mean
annual rainfall, elevation, slope, aspect, valley depth, LS-Factor (a combination of slope and
slope length, relative slope position (RSP), channel network base Level (CNBL) and

Normalized difference vegetation index (NDVI).

Soilclass information was obtained from the 1:1,000,000 scale exploratory soil map of Zambia
compiled by the Zambian Ministry of Agriculture, Zambia Agricultural Research Institute
(ZARI) - Soil Survey Section in 1991(GRZ, 1991) and then digitized to raster format. Map
units are allocated to suborders of the FAO-UNSECO classification as used in the Third Draft
of the legend to the Soil Map of the World (Jahn et al, 2006)). A total of 96 soil classes were
represented in the data available for model development, but these do not comprise all the
classes on the map of Zambia, and so some generalization is required to develop models for
spatial prediction. We, therefore, reduced the number of classes, by aggregating the classes
from suborder to order level, this reduced the number of classes to 18 and all the classes in the
prediction grid where represented in the training set. Land cover data for the years between
2000 and 2015 with spatial resolution of 300m were downloaded from the European Space
Agency (ESA), (2017). The data presented a similar situation as that of soilclass with landcover
classes in the prediction sites not being represented in the training set. We also reduced the

number of landcover classes, by aggregating them as shown in Table 1.

Table 1: Aggregated landcover classes based on ESA, (2017)

New Class | ESA Class | Description

10 | rainfed cropland

20 | irrigated or post-flooding cropland

1 30 | Mosaic cropland (>50%) / natural vegetation (tree
11 | Herbaceous cover

40 | herbaceous cover) (>50%) / cropland (<50%)
Mosaic herbaceous cover (>50%) / tree and shrub
2 110 | (<50%)

3 12 | Tree or shrub cover

14
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Mosaic tree and shrub (>50%) / herbaceous cover
100 | (<50%)

closed to open (>15%), evergreen, broadleaved, tree
50 | cover

closed to open (>15%), deciduous, broadleaved,

60 | tree cover

61 | closed (>40%), deciduous, broadleaved, tree cover

4 62 | open (15-40%), deciduous, broadleaved, tree cover
120 | Shrubland

5 122 | Shrubland deciduous

6 130 | Grassland

160 | fresh or brackish water, flooded, tree cover
170 | saline water, flooded, tree cover
fresh/saline/brackish water, flooded Shrub or

7 180 | herbaceous cover
8 190 | Urban areas
200 | Consolidated bare areas
9 202 | Unconsolidated bare areas

Mean annual rainfall data (averages from 1970 to 2000) with a spatial resolution of 1km was
downloaded from WorldClim website (Fick and Hijmans, 2017). A 90-m resolution NASA
Shuttle Radar Topography Mission (SRTM3) Digital elevation model (DEM) was downloaded
from USGS (2019) and projected to WGS 84 UTM 35 S. The DEM was pre-processed by filling
sinks using the fill sinks (Planchon/Darboux, 2001) tool in Saga GIS, and then elevation, slope,
aspect, valley depth, LS-Factor (a combination of slope and slope length), relative slope
position (RSP) and channel network base Level (CNBL) data was extracted from the DEM
using basic terrain analysis tool in Saga GIS. MODIS land surface reflectance (MODO09GA
V6) was downloaded from USGS (2019). After downloading the respective data sets, Quantum
GIS was used to project the data sets to WS 84 UTM 35s and then converted to the Integrated
Land and Water Information System (ILWIS) format. Then ILWIS was used to harmonise all
the raster files to the same extent and cell size of 1km. Normalized difference vegetation index

(NDVI) was extracted from the remote sensing images using the imagelndices of the

soilassessment package for the R platform (Omuto, 2020).
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3.2.  Spatial Prediction of soil pH

Soil pH is an important chemical property of the soil that affects its fertility status. This is
because the availability of most essential plant nutrients is influenced by the levels of pH in the
soil (Jones, 2012). There are two principal processes that affect the levels of soil pH in the soil
(1) the production of H* ions and (2) the loss of basic cations from the soil. Eleven variables

were available to be considered as possible predictors for soil pH.

In section 2.1 we explained how variable selection for the LMM included false discovery rate
control, to avoid over-fitting, with alpha-investment to improve the probability of retaining
covariates which are predictive as predictor variables. The alpha-investment approach is most
effective if the predictors can be ordered, a priori, with the one thought most likely to be
predictive ranked first and so on as shown in Table 3. It must be emphasized that this ranking
is based on prior considerations about the underlying process, and not on exploration of the
data. We did this ordering of exhaustive environmental covariates based on how they influence
the production of H ions and the loss of basic cations from the soil. Rainfall was proposed as
the most influential factor at national scale. Soils in environments with large annual rainfall
tend to have relatively low pH due to reduced based saturation resulting from loss of basic
cations by leaching (McCauley, et al., 2009; Brady and Weil, 2014). For this reason more acid
soils are expected in the northern parts of Zambia (Agroecological Region Three) and in the
south (Agroecological Region One) where annual rainfall is much smaller (Veldkamp et al.,
1984; GRZ and UNDP, 2009). Soil class was ranked second because the soil classes represent
variations in soil parent material, weathering and rejuvenation of land surfaces and development
of the soils. The old, highly weathered plateau soils in the northern part of the country have lost
most of the basic cations. The sandy soils in the western part are easily leached with little
accumulation of basic cations. On the on the hand, the Karoo group materials in the valleys are

rich in basic cations resulting in high pH values. After soil class we included topographic
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variables Slope, Elevation and Valley Depth. These should reflect processes such as the
movement of water which carries with it dissolved basic cations from steep slope to flat areas,
and the rejuvenation of weathered land surfaces which entails the removal of old highly-
weathered material to reveal material with a larger content of weatherable minerals. We then
included Landcover and the Normalized Difference Vegetation Index (NDVI). These will
reflect effects of land management practices, including agricultural inputs, and decisions on
land use which may depend on how local pH limits crop performance. The NDVI will also
reflect local vigor of vegetation growth, which may be pH limited. Finally we included some
further topographic variables which may reflect differences in the soil-forming environment

(length-slope factor, channel network base level, relative slope position and aspect.

The data points were first projected from WGS 1984 to WSG UTM 35s. A total of 19
observations had duplicate coordinates, which were jittered by adding 100m to each of the
coordinates for one site. An exploratory model was fitted to the data with all predictors
included, using the likfit function of geoR package (Ribeiro and Diggle, 2001) with residual
maximum likelihood (REML) as the likelihood method. The only output from this model which
was examined were the residuals, for which summary statistics were calculated, and exploratory
plots to check the plausibility of the assumption of normally distributed errors. In addition, the
correlation model type (exponential or spherical) was identified for which the residual
likelihood was largest, and this model was then used in all further analyses. During the
sequence testing of hypothesis, first the null model, mo, (with the only fixed effect a constant
mean) was fitted with the likfit function and ML as the likelihood method. Then the next model,
my, with the first predictor in the sequence was fitted in the same way. The likelihood ratio was

then calculated:

L =2(Lm1 — Lmo), (10)
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where L, is the likelihood for model m: and L, is the likelihood for the null model. If the
null model is correct, then the asymptotic distribution of L is x? with degrees of freedom equal
to the number of additional parameters in model m: by comparison with mo, If L provided
evidence to reject the null model with P<0.05, then the additional predictor in model m; was
retained. The second predictor in the list was then considered. When all predictors had been
examined the P-values at each step were reassessed in sequence using alpha-investment as
described by Lark (2017) and controlling the FDR at 0.05. Details of this approach are provided
by Lark (2017), but in summary successive tests are made against a threshold P-value which
depends on a quantity, the alpha-wealth, which is either augmented when null hypotheses are
rejected or augmented when they are rejected. If the hypotheses are ordered so that the variables
which, a priori, are expected to be good predictor variables are considered early, then this alpha
investment method increases the probability of selecting predictive covariates while controlling

FDR.

After variable selection, the likfit function of geoR package in R with REML as the likelihood
method was used to fit two linear mixed models. One with the selected predictors as fixed
effects (Kriging with an external drift) and the other with a constant mean as fixed effect
(ordinary kriging). The E-BLUP prediction for both models was then calculated at the

validation points.

The ranger function of ranger package (Wright and Ziegler, 2017) was used to fit the random
forest model. Because random forest has an inbuilt variable selection that occurs within the
model by randomly selecting variables to be used at splitting nodes, two models were fitted,
one with all variables and the other with the two variables that were selected during the alpha-
investment variable selection procedure. In this study, we use the ranger package in R to

compute the permutation variable importance according to Altmann et al., (2010).
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When predicting soil properties in space, the random forest algorithm can find apparently
predictive relationships between the target variable and arbitrary spatial variables (such as
digital images of human faces) when these are presented as candidate predictor variables
alongside covariates which pedometricians might reasonably expect to be predictive of soil
properties, (Wadoux et al., 2020). This shows that pattern recognition should not be equated to
knowledge discovery. It may also suggest that the random forest algorithm is prone to
overfitting, as a result of which its predictions at independent locations may be unreliable. To
investigate this effect, we generated entirely random spatially autocorrelated candidate
predictor variables, independent of our data, which we call null predictors. We used six spatially
correlated but mutually independent null predictors, specifying a spherical variogram with a
distance parameter of 100 km, nugget variance of 0 and correlated variance of 1 for each. We
used the function RFsimulate from the RandomFields package for R (Schlather et al., 2015) to
simulate valuses of these null predictors at the calibration locations. We then used the ranger
package (Wright and Ziegler, 2017) to fit a random forest model with all predictors including
the null variables as predictors and then computed the permutation variable importance

according predictor p-values from the model result.

To examine the possibility of improving RF predictions by an additional kriging step (following
Lietal., 2011 and Viscarra Rossel et al., 2014), residuals of the models at training points were
derived (subtracting the predicted values from the observed values) and then a variogram was
fitted to the residuals using likfit with a constant mean as the only fixed effect. The evidence
for spatial dependence in the residuals was assessed by comparing the Akaike Information
Criterion (AIC) for the fitted model and for a non-spatial alternative which are reported in likfit

output.
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3.3. Validation

Validation of each selected model or random forest was done using the validation data set. At
each validation location the predicted soil pH was computed, and the prediction error was
calculated as the difference between the predicted and observed soil pH (so a positive error is
when the predicted pH exceeds the observed value). As exploratory summary statistics the

mean error, median and mean square error were computed.

The validation data belong to a subset of SEA from the original survey, and as such are strongly
clustered. Because of this the sample average of the squared errors may not be a good estimate
of the mean square error, because the observations are not independent. A model-based
approach was therefore taken to compute the expected squared error of prediction. A LMM
was fitted to the prediction errors at the validation site (with a constant mean the only fixed
effect). The expected square error (ESE) for each set of predictions was then computed as the
sum of the squared mean error and the variances (hugget and spatially correlated) from the
LMM. This is the a priori mean square error, i.e. the expected square error at a random location,

and as such is likely to exceed the MSE computed directly from the errors of clustered data.

4. RESULTS

4.1 Variable selection

Table 2 and Figure 3 show the distribution of the residuals from the exploratory model. The
histogram appears symmetrical and normal and the points on the QQ plot are close to a straight
line. The residuals have octile skewness inside the range [-0.2,0.2] and skewness inside [—1,1],
which would mean that a transformation is not normally considered necessary (Rawlins et al.,

2005, Webster and Oliver, 2007).
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Table 2: Statistical summary of residuals from the exploratory model

mean Median | Variance SD Skewness Octile Kurtosis
skewness
2.366e-16 -0.040 | 0.167 0.408 0.487 0.159 1.044
T W | ..
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Figure 3: Histogram and quantile plot of residuals from exploratory model

Table 3: REML estimates of parameters and AIC for the exploratory model, null model and the

hypothesis tests.

Test | Predictors Partial Range | Nugget AIC
Sill Max.likelihood | Non-spatial
Exploratory (all predictors) 0.1367 21.08 |0.218 | 1570 1664
0 mean 0.259 68.28 | 0.224 | 1618 1946
1 Rainfall 0.217 51.87 |0.222 | 1611 1865
2 Rainfall + Soilclass 0.197 52.71 10.221 | 1622 1817
3 Rainfall +Slope 0.214 51.98 |0.222 | 1610 1856
4 Rainfall + Elevation 0.180 39.70 | 0.220 | 1598 1774
5 Rainfall + Elevation + Valley 0.173 33.48 | 0.218 | 1598 1770
depth
6 Rainfall+ Elevation + Landcover | 0.174 40.09 | 0.220 | 1603 1769
7 Rainfall + Elevation + NDVI 0.181 39.83 | 0.220 | 1600 1776
8 Rainfall + Elevation + LS 0.174 38.84 |0.221 | 1596 1760
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9 Rainfall + Elevation + LS + 0.171 37.40 | 0.221 1597 1783
CNBL

10 Rainfall + Elevation + LS + RSP | 0.171 38.13 | 0.221 1598 1751

11 Rainfall + Elevation + LS + 0.173 39.18 | 0.221 1598 1760
Aspect

Table 4 shows the log likelihood ratio and p-values of each test at respective degree of freedom

df and chi-square distribution values. The likelihood ratios of tests 1,4 and 8 were greater than

the chi-square distribution value values. Therefore, the null hypothesis for these cases were

rejected, and the predictors retained during the sequential testing. The rest of the tests had log

likelihood ratio less than their respective chi-square distribution values. Hence the null

hypothesis was accepted for these predictors and they were dropped.

Table 4: likelihood ratio and p-values of each hypothesis test at respective degree of

freedom(df) and chi-square distribution values.

Test df | Chi- Likelihood | p-
square ratio value

1 Rainfall 1 3.841 9.533 | 0.002
2 Rainfall + Soilclass 17 27.587 22.506 | 0.166
3 Rainfall +Slope 1 3.841 2429 | 0.119
4 Rainfall + Elevation 1 3.841 14.416 | 0.000
5 Rainfall + Elevation + Valley depth 1 3.841 1.817 | 0.177
6 Rainfall+ Elevation + Landcover 8 15.507 10.836 | 0.211
7 Rainfall + Elevation + NDVI 1 3.841 0.598 | 0.439
8 Rainfall + Elevation + LS 1 3.841 3.946 | 0.047
9 Rainfall + Elevation + LS + CNBL 1 3.841 1.047 | 0.306
10 Rainfall + Elevation + LS + RSP 1 3.841 0.403 | 0.525
11 Rainfall + Elevation + LS + Aspect 1 3.841 0.213 | 0.644

Df= Degree of freedom which is the difference between the total degree of freedom for the

target model and that of the model being compared to, LS= LS-Factor, CNBL= Channel

Network Base Level, RSP= relative slope position.

Figure 4.a shows the alpha wealth after each test and it can be observed that the quantity of the

wealth is increased when the null hypothesis is rejected and depleted when the null hypothesis
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463  retained, and it goes to zero at the end of the sequence. Figure 4.b shows the p-values (open
464  symbols) for the successive tests of additional predictors, as in Table 4, and the threshold (solid
465  symbols) against which each successive p-value is tested to achieve FDR. On this basis rainfall

466  and elevation were selected as predictors.
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469  Figure 4: a. alpha wealth after each test. b. probability of alpha investment and p-values
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471 4.2 Spatial prediction of soil pH
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The estimated covariance parameters for the linear mixed models to be used for spatial
prediction of soil pH by the E-BLUP with elevation and rainfall as fixed effects for prediction
(Method A) and a constant mean as the only fixed effect (Method B, equivalent to ordinary
kriging) are shown in Table 5. The nugget, partial sill and range for the model with rainfall and
elevation as fixed effects are 0.220, 0.195 and 33.95 respectively. These values are smaller
than the corresponding parameters for the model with a constant mean as the only fixed effect
(0.224, 0.269 and 72.83). AIC values for both models are less than those of respective non-
spatial AIC. On this basis we may conclude that there is evidence for spatial dependence in the
random component of the LMM, and so potentially benefits in computing the E-BLUP for

spatial prediction at unsampled sites.

Table 5: Covariance parameters for A= REML-EBLUP with elevation and rainfall as fixed
effects selected through alpha-investment (kriging with external drift), B=REML-EBLUP with

the only fixed effect a constant mean (ordinary kriging).

Method | Partial Sill | Range | Nugget AlIC
Max.likelihood | Non-
spatial
A 0.195 33.95 [0.220 1184 1310
B 0.269 72.83 | 0.224 1614 1945

Table 6 shows the number of trees, number of predictors, number of variables considered at
each split, target node size and out-of-bag cross validation of the two random forest methods.
The out-of-bag MSE and R-squared show that there is a slight reduction in performance of the

random forest model with rainfall and elevation

Table 6: ntree = number of trees in the forest; mtry = number of variables considered at each

split

Method | ntree

predictors

mtry

Target node
size

Out-of-Bag
MSE

Out-of-Bag
R-squared
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C 200 11 3 5 0.31 0.30

D 200 2 1 5 0.32 0.27

Table 7 shows the permutation variable importance for each predictor when a random forest
model is fit with all predictors alone and when we include null predictors (sim1 to sim6) which
were generated by simulation to examine how random forest variable importance performs with
predictors that have no relation to the data. For the random forest model, the most important
variable is elevation with importance value of 0.166, followed by Channel Network Base Level
with value of 0.155. some variable importance values for some predictors are almost equal or
even less, but their p-values are much smaller. Null variables sim1 and sim6 despite have low
variable importance values, but very small p-values (less than 0.01). The inclusion of these
null variables has a substantial effect on the p-values of some predictors such as soilclass, slope,

landcover.

Table 7: Permutation variable importance and p-values when a random forest model is fit with

all predictors alone and when we include null predictors (sim1 to sim6).

25

Predictor No null predictors Null predictors included
Importance p—value Importance p—value
rain 0.0889 0.0099 0.0912 0.0099
soilclass 0.0231 0.0198 0.0153 0.0099 ]
slope 0.0318 0.8218 0.0268 0.2079
elevation 0.1657 0.0099 0.1718 0.0099
valley 0.0761 0.0099 0.0544 0.0099
landcover 0.0063 0.4752 0.0074 0.0792 ]
NDVI 0.0499 0.0099 0.0470 0.0099
Is 0.0467 0.3267 0.0286 0.1287
cnbl 0.1554 0.0099 0.1477 0.0099
rsp 0.0554 0.0198 0.0330 0.0495
aspect 0.0148 0.1188 0.0066 0.3663
Sim1 (0.0279 0.0099 J
Sim2 0.0232 0.0198
Sim3 0.0187 0.0594
Sim4 0.0204 0.0198
Sim5 0.0160 0.1782
Simé (0.0274 0.0099 J
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Table 8 shows the estimated parameters of the random forest residuals for the exponential,
spherical and pure nugget correlation models. the non-spatial model was preferred because the
AIC values for the spatial component was higher than that of the non-spatial component in both
random forest predictions. Indeed, the fitted correlated variance for the spatial covariance
function was zero. On this basis there is no scope to improve the RF predictions by a kriging

step.

Table 8: Estimated parameters of the exponential, spherical and pure nugget correlation

functions for the residuals of the two random forest predictions.

Method Parameter Exponential Spherical Pure.nugget

Partial Sil 0 0 0.188

range 0 0 50

RF (dem + rain) Nugget 0.188 0.188 0
AlCmax.IeIihood 1123 1123 1123
Al Cron-spatial 1119 1119 1119
Partial Sil 0 0 0.157

range 0 0 50

RF (all predictors) Nugget 0.157 0.157 0
Al Crmax likelihood 951.4 951.4 951.5
AlCron-spatial 947.4 947.4 947.4

Figure 5 shows the predicted spatial variability of soil pH. The spatial pattern is similar for all
the models with low pH values (less than 5.5) in the Western and Northern parts and higher

values (above 6) in the Southern and Eastern parts.
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Figure 5: Prediction maps of soil pH for (a) REML-EBLUP with elevation and rainfall as fixed
effects selected through alpha-investment (kriging with external drift), (0))REML-EBLUP with
the only fixed effect a constant mean (ordinary kriging (c) random forest with all predictors

(d). random forest with elevation and rainfall as predictors selected through alpha-investment.

4.3 Map Validation
Table 9 shows the summary validation statistics for (A) REML-EBLUP with elevation and

rainfall as fixed effects selected through alpha-investment (kriging with external drift),
(B)REML-EBLUP with the only fixed effect a constant mean (ordinary kriging), (C) random
forest with all predictors (D). random forest with elevation and rainfall as predictors selected
through alpha-investment. The mean and median error values were smallest for the REML-
EBLUP (ordinary kriging) method while that of the REML-EBLUP (kriging with external drift)

was larger than that of the two random forest methods. The MSE and RMSE for the two REML-
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EBLUP methods were smaller than those of the two random forest methods with REML-
EBLUP (ordinary kriging) having the smallest values. There was spatial dependency in the
prediction error in all the cases with the two REML-EBLUP cases having the smaller partial
sill values of 0.15 compared to 0.30 and 0.22 values for Random forest (elevation and rainfall
predictors) and random forest (all predictors) respectively. The ESE values for all the cases
were larger than the MSE values because the bias (ME) for the models is greater than zero.

REML-EBLUP (ordinary kriging) had the smallest ESE value.

Table 9: Summary Validation statistics for(A) REML-EBLUP with elevation and rainfall as
fixed effects selected through alpha-investment (kriging with external drift), (B)REML-EBLUP
with the only fixed effect a constant mean (ordinary kriging), (C) random forest with all
predictors (D). random forest with elevation and rainfall as predictors selected through alpha-

investment.

Variable A B C D
. Mean 0.168 0.094 0.116 0.128
Prediction error .
Median 0.212 0.148 0.200 0.200
MSE 0.417 0.388 0.463 0.551
Corr.Model Exponential Exponential Exponential Exponential
Partial Sil 0.154 0.145 0.218 0.299
Range 48.380 44.670 40.200 36.250
Nugget 0.240 0.240 0.237 0.238
ESE 0.422 0.393 0.468 0.553

5. DISCUSSION

The mapped soil pH by all approaches is shown in Figure 5. The optimum pH (CaCl.) for plant
growth is between 5.2 — 7.5. bellow the pH of 5.2, the levels of Aluminum, Manganese and
Copper are toxic for plant growth, Phosphorous and Magnesium are not available to plant.
Above pH of 7.5, the interactions between Calcium, Magnesium and Potassium have a negative

impact on root absorption. Copper, Iron, Manganese, Zinc, Boron and Phosphorous are
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deficient (Lake, 2000). The maps in Figure 5 show pH values less than 5.2 in the western and
northern parts of the country meaning we expect these areas to have challenges of Aluminum,
manganese and copper toxicity as well as Phosphorous and Magnesium deficiencies. In the
Southern parts of the country the pH values, according to all the maps in Figure 5, range from
5.2to 7.5 which are optimal for plant growth. There are few areas in the southern part of Zambia
with pH above 7.5. Similar spatial variations were observed by Chapoto et al., 2016. The
southern parts where the pH is high is a valley area, the northern parts receives high rainfall and
the western part despite receiving the same amount of rainfall as the eastern part, the areas is
characterized by Kalahari sand. Our results show a similar spatial pattern for soil pH as that
presented in the SoilGrids map (www.soilgrids.org) of Hengl et al., (2017). The main
difference is that our map shows low pH values in the west of the country, whereas the SoilGrids
map shows larger values there. Our results are more plausible pedologically given the parent
material, and it has been long-established that the soils formed over the Kalahari sands of
western Zambia are weakly to extremely acidic (Brammer, 1976). A more thorough assessment

of the SoilGrids predictions using the RALS data would be of interest.

Predictions by the E-BLUP from the LMM with the only fixed effect a constant mean
(equivalent to ordinary kriging) were better than other predictions in the sense that the mean
and median errors were closest to zero and the mean square error and expected square error
were the smallest. This is unexpected, given the evidence provided in the model-fitting stage
for a significant relationship between soil pH and the selected covariates. This might be
expected to result in better predictions from the LMM which includes these covariates as fixed
effects. However, one may note (Table 5) that the correlated random variance in the LMM with
rainfall and elevation as fixed effects is only about 25% smaller than the corresponding variance
in the LMM with a constant mean the only fixed effect. The fact that a covariate is significantly

related to a soil property does not necessarily mean that it will allow improved prediction of
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that property relative to a model without that covariate. That is because the corresponding fixed
effect coefficient must be estimated, and this estimation is a source of error in the prediction.
Furthermore, Zimmerman et al., (1999) found that ordinary kriging performed better than
universal kriging (UK, equivalent to the E-BLUP with some covariates) with a spatially
clustered data set, while UK performed better when the data were not clustered. This may be
because, in a strongly clustered data set, the effective degrees of freedom with which the fixed

effects coefficients are estimated may be relatively small.

The use of random forests to include the environmental covariates in spatial prediction was less
successful than the LMM and E-BLUP, with larger values of ESE. This could be due to over-
fitting. It is notable that the residuals from the fitted RF at the calibration data points showed
no spatial dependence, while the RF prediction errors at the validation points (Table 9) do show
spatial dependence. This could arise because the RF algorithm, given its flexibility and ability
to fit non-linear relationships, generates a model which closely fits the variations within the
training data set, but which is not representative of the relationship between the predictor
variables and target variable in the underlying population. This would lead both to marked bias
in models of the random variation based on the residuals, as can also occur with ordinary least
squares (Lark et al., 2006) and also in poor performance of the RF on a separate validation data
set. These data may also provide a problem for the RF methodology because of the strong
spatial clustering. If some data from a cluster are used in the development of trees while others
are in the OOB subset then the assessment of the model and the value of the predictors may be
over-optimistic. A predictor variable overfitted to a clustered data set might well fail to predict
effectively at independent validation points. This emphasizes the importance of a genuinely

independent validation of spatial predictions (Brus et al., 2011).

Spatial clustering of the observations may also be a contributing factor to the small p-values

attributed to the entirely random, although spatially autocorrelated, null predictors which we
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evaluated. This gives reason for caution when interpreting RF output. It is consistent with the
findings of Wadoux et al., (2020) that the RF algorithm may select as predictor variables
covariates which are not related to the target properties of interest by any direct or indirect
causal relations. A spatially dependent predictor variable of this nature may indeed support
spatial prediction of a variable to which it has no underlying relationship, but if this is the case
then one might prefer to use a properly-designed set of orthogonal polynomial basis functions
for the model rather than arbitrary variables. Furthermore, with strongly spatially clustered
data, it is even more likely that a uncausally-related predictor will result in poor predictions at

independent validation sites.

Many digital soil mapping studies use legacy data sets, rather than new samples collected for
the purpose. As legacy data sets may originate in local surveys, or from networks of
experimental stations, they may show marked spatial clustering, as do the RALS data because
of their two-stage cluster sampling design. We note that such clustering may cause difficulties
for the RF algorithm but that it is also important to account for it when dividing data into
prediction and validation subsets. There is a risk of bias in the validation of a map if validation
and training data are drawn from common clusters. The estimation of validation statistics from
a validation set which is strongly clustered may also result in bias, which is why we have used
a model-based approach to compute these statistics in this study. The expected squared error,
computed from the model, in this case is not very different from the mean squared error
computed directly although in each case it exceed the mean square error as expected (Table 9).
This could be because the clusters are reasonably balanced (similar numbers of observations in
each), and are themselves selected independently and at random. The model-based method to
quantify prediction uncertainty is, nonetheless, a more general approach for use with validation

data from locations not selected by probability sampling.
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6. CONCLUSION
Spatial variability of soil pH was mapped using REML-EBLUP with elevation and rainfall as

fixed effects selected through alpha-investment (kriging with external drift), REML-EBLUP
with the only fixed effect a constant mean (ordinary kriging), random forest with all predictors
and random forest with elevation and rainfall as predictors selected through alpha-investment
models. The soil pH maps from these models showed similar patterns with pH values less than
5.2 in the Western and Northern parts of the country. In the Southern parts of the country the

pH values range from 5.2 to 7.5 which are optimal levels of soil pH for plant growth.

The ME, MSE and ESE (computed as the sum of the squared mean error and the nugget and
spatially correlated variances from the LMM) were used to validate the performance of the
models for spatial prediction of soil pH. The values of the ME, MSE and ESE from the
validation statistics showed that REML-EBLUP with the only fixed effect a constant mean

(ordinary kriging) performed better than the other methods.

Random forests had the largest values of MSE and ESE. This may result from over-fitting, and
from the strongly spatially clustered distribution of the observations in the legacy data set which

could affect the internal cross-validation in the RF algorithm.

We also noticed that the algorithm appeared susceptible to wholly random “null predictors”
which we had simulated. Other studies, notably by Wadoux et al. (2020) have shown this, but
we believe this to be the first example where mutually independent random spatially
autocorrelated candidate predictor variables have been selected alongside pedologically
plausible ones. The selection of such null predictors should give pause as it suggests that the
random forest algorithm may be prone to overfitting. We suggest that this problem warrants
further study as pedometricians should always aim to generate insight from their analyses, as

well as predictions.
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We note that legacy data, often used in digital soil mapping, may be strongly clustered like
ours. We emphasize again the importance of splitting data into prediction and validation
subsets at cluster level (i.e. allocating all data in any one cluster to the prediction or to the
validation set). In this case there was not a large difference between the ESE (model-based
estimate of the expected squared error) and the MSE (average of the squared errors), but this
would not be true in general, and the use of a model-based approach to the analysis of validation

errors at locations not selected independently and at random is most appropriate.

Finally, we note that we found no evidence for spatial correlation in the residuals from the fit of the
random forest to the prediction data set, although there was correlation in the prediction errors by this
method at the validation sites. This is an important reminder that such residuals given us little if any
insight into the actual behavior of the prediction error, and are good reasons to avoid using kriging
methods in combination with modelling methods which, unlike REML and EBLUP, do not have a built-

in methodology to estimate parameters of the error without bias.
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