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ABSTRACT

Rice is one of the staple food crops and is a profitable smallholder cash crop in Zambia.
It has the potential to contribute to increased incomes and employment among rural
producers. However, rice is the only staple crop for which domestic production does
not meet domestic demand due to low productivity, among other factors. One step
towards addressing this problem is the identification of land with greatest potential for
production. This can be done through a land suitability evaluation. This study focuses
on how to map the spatial variation of selected soil properties across Zambia to support
evaluation of land suitability for rice production. When mapping the spatial variation
of selected soil properties, legacy data on the target variable were available along with
additional environmental covariates as predictor variables. The options were to
undertake spatial prediction by geostatistical or machine learning methods. Also
addressed was 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 performed better than the other methods used for
predicting soil pH and the EBLUP with fixed effect performed better than other
methods used for predicting soil organic carbon and soil Phosphorus. Random forests
had the largest model-based estimates of the expected squared errors in all predictions.
It was observed that the random forest algorithm was prone to select as “important”
spatially correlated simulated random variables. The maps produced using the best
performing methods were used as factors in land suitability assessment of paddy and
upland rice under rainfed and irrigation conditions. Land suitability was evaluated
while accounting for important multiple factors, and which considers their joint effect
of a hierarchical model of constraints. The suitability classes were ranked according
to the FAO land suitability classification. Four land suitability maps where produced.
Results showed that potential land classified as highly and moderately suitable was 27
percent for rainfed paddy rice, 29 percent for rainfed upland rice, 25 percent for
irrigated paddy rice and 54 percent for irrigated upland rice. The results show limited
potential for production of rainfed paddy, rainfed upland as well as irrigated paddy
rice production but great potential for irrigated upland rice production. Therefore,
irrigated upland rice production in Zambia would help expand the potential production

area of rice.
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CHAPTER ONE
1.0. INTRODUCTION

Singha and Swain (2016) described land suitability evaluation as a process of
determining the appropriateness of land in a specific location for a particular use. The
suitability of a particular area of land for a crop depends on various factors, some of
which cannot feasibly be modified by management practices and so are absolute
constraints. If we are to make effective use of land, then we need to analyse these
requirements, and then identify which land uses are appropriate at some location of
interest, or where land is suitable for particular uses of interest (Suheri et al., 2018;
Agidew, 2015). Land suitability evaluation can identify constraints, opportunities and
potential of the land resource for a given use (Mohammed, 2011; Mokarram and
Aminzadeh, 1996). It also plays an important role in sustainable agricultural practice
and management (Tanasa et al., 2010) as it provides information to farmers, extension
staff, policy makers and other stakeholders on how suitable the land is in terms of soil
limitations (Olaleye et al., 2002).

When carrying out land suitability evaluation, one of the major functional factors is
soil information which is represented in soil maps (Costantini, 2009). These 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 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 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.
1.1 Statement of the Problem

Rice together with maize, cassava, sorghum, millet, wheat, sweet and Irish potato, has
been identified to be one of the strategic food crops and a profitable smallholder cash
crop in Zambia. However, the suitability of Zambian soils for rice production has not
been studied. Therefore, in order to ensure the optimum production of rice, there is
need to grow the crop, where it is suitable. When carrying out land suitability
evaluation, one of the major functional factors is soil information which is represented
in soil maps. There has been a growing interest in machine learning methods such as
random forest as an alternative to statistical models for digital mapping of soil
properties leaving one with the challenge of choosing whether to use machine learning
or statistical models. Soil sampling and analysis are time consuming and expensive.
However, when legacy data is available from previous surveys which can be used for
digital soil mapping, one is faced with the problem of how to robustly validate models
from legacy data when these have, as is often the case, a strongly clustered spatial

distribution.
1.2 Rationale

When assessing the suitability of land, accurate predictions of the variation of soil
properties is very important. This is because such predictions allow stakeholders to
understand the current state of soils, how they are changing and the pressure placed

upon their quality.

Rice has potential to contribute significantly to increased incomes and employment
among rural producers in Zambia but land suitability assessment has not yet been done.
The result of this study provides information for all value chain players including
farmers wanting to include production of rice on their farms. The maps produced in
this study can be used as a guide in selecting suitable sites for rice production. This
study will also help identify the main limiting factors for rice production and enable

decision makers to develop crop management practices.

Ministry of Agriculture (2016) observed the need to map the different rice ecologies

in Zambia in order to have a picture of the total land that would potentially support



rice production in each ecology. This study contributes to this need and help

government to put in place more specific interventions for rice production in Zambia.
1.3 Main Objective

The main objective of this study was to assess approaches for digital mapping of soil
pH, soil phosphorus and soil organic carbon at national scale across Zambia to support

evaluation of land suitability for rice production.
1.4 Specific Objectives

(1) To predict soil variation of P, SOC and pH using random forest (RF) and Linear
Mixed Models.

(2) To evaluate the performance of Linear Mixed Models and Random Forests in
mapping the spatial distribution of P, SOC and pH using legacy data with

strongly clustered spatial distribution.

(3) To generate land suitability maps for rice production using the spatial predicted
soil properties in a geographical information system (GIS) decision support

process model.
1.5 Research Hypothesis

(1) There are statistically significant variations in the spatial distribution of P,
SOC and pH in the soils of the study area.

(2) There are statistically significant differences in the performance of the random
forest and linear mixed models in mapping spatial variability of soil properties

when legacy data with strongly clustered spatial distribution is used.



CHAPTER TWO
2.0. LITERATURE REVIEW
2.1. Rice Production in Zambia

Rice in addition to maize, cassava, sorghum, millet, wheat, sweet and Irish potato, has
been identified to be one of the strategic food crops (Mwila et al., 2008; Styger, 2014)
and a profitable smallholder cash crop in Zambia (Chizhuka, 2009). The current status
of rice is evidence of its growing importance. The annual demand for rice rose steadily
from below 20,000 tones to almost 70,000 tones during the period 2003 to 2017 as
illustrated in Figure 1 (CSO, 2018).

However, the annual demand for rice exceeds production. To meet this deficit, the
country imports between 5,000 and 20,000 tons of milled rice annually (Ministry of
Agriculture, 2016). In response, the government through the Ministry of Agriculture,
developed the National Rice Development Strategy (NRDS) in 2016, whose overall
objective was to increase local rice production by at least 50 percent and to enhance
its competitiveness on the market by the year 2020. However, to date the national
average yield of rice has not increased, neither has the area planted, although the staple

requirement continues to increase (Table 1).



80,000

60.000
40,000
“ Al B I

o
=
U -
Z
2 -20,000 B B
-40,000
-60,000
2003 2005 2007 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018
m Total Production(t) 10,743 13337 18317 41,929 51.656 49.410 49410 45321 44.747 49,603 25513 38.423 43423
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Figure 1: Rice production, consumption and net-trade balance in Zambia

Source: (Ministry of Agriculture/Central Statistical Office Crop Forecast Survey 2002/03-2017/18, Ministry of Agriculture Food Balance Sheets
2002/03-2017/18 https://www.zamstats.gov.zm/; https://zambia.opendataforafrica.org/etqmqgf/agriculture-statistics-2017)
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Table 1: Area planted and yield of paddy rice in Zambia.

Year 2011 2012 2013 2014 2015 2016 2017 2018

Total Area Planted
(ha) 33,995 | 31,388 | 38,528 | 40,974 | 42,983 | 25,594 33,303 | 34,217

Yield t/ha 1.45 1.44 1.16 1.21 0.59 1.04 1.15 1.26

Source: Ministry of Agriculture (2016); Ministry of Agriculture/Central Statistical
Office Crop Forecast Survey 2010/11-2017/18

Poor yield is one of the factors that has contributed to Zambia’s inability to meet the
increasing demand for rice through local production. The average rice yield is 1.3 t/ha
(CSO/MAL/RALS, 2015) which is quite low when compared to other Eastern and
Southern African countries such as South Africa, Kenya, Uganda and Zimbabwe
where national average yields were 2.61, 5.24, 2.30 and 2.26 t/ha respectively for the
year 2013 (Ministry of Agriculture, 2016).

Apart from soil constraints (Aune et al., 2014), poor water management is also one of
the factors that limits rice yields (Styger and Uphoff, 2014). Most of the rice grown in
Zambia is rainfed paddy rice and this limits its cultivation to flooded or semi-flooded
lowland environments (Mutale et al., 2010). With frequent occurrence of droughts,
floods and other extreme weather conditions due to climate change, farmers generally
find it difficult to improve production and productivity (Ministry of Agriculture,
2016). The introduction of upland rice types such as New Rice for Africa (NERICA)
varieties, has given the country the option of bringing additional arable land under

cultivation (Ministry of Agriculture, 2016).
2.2.  Land Suitability Evaluation in Zambia

Land suitability evaluation may account for a range of factors that are potential
constraints on the land use of interest. The Food and Agriculture Organization (FAO)
approach, developed in collaboration with International Institute for Applied Systems
Analysis (IIASA), is based on climate, soil and terrain conditions (IIASA/FAO, 2012),
and so requires that information on different factors, which constrain land use in
different ways, are combined in the evaluation (Fischer et al., 2002). This requires a

multi-criteria evaluation (MCE), by which information on several factors (soil and land



constraints and requirements) are used to produce a single index which can, for

example, be presented as a map (Malczewski, 1999).

In Zambia, land evaluation began in 1948. The first land evaluation method was
developed between 1960 and 1970 and it was called Land Use Branch Land Capability
System. This system had two weaknesses: one, it was not sufficiently detailed to asses
land suitability for many uses as it was based on physical factors easily recognizable
in the field. The second weakness was that it was not understood internationally. It was
in this regard that in 1987, this system was succeeded by the Zambia Land Evaluation
System (ZLES) which was developed based on the FAO framework for land
evaluation (Chinene, 1991).

A review of the literature showed that there are few studies on land suitability
assessment in Zambia using multi-criteria evaluation. One study was carried out by
Munene et al., (2017) to assess land suitability for soybean production in Kabwe
District. The other was carried out by Chirwa et al., (2016) who evaluated the soil
fertility status and suitability of land for groundnut and maize production by

smallholder farmers in Chisamba District.
2.3. 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 =M + Sn + &, (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, f 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), i 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
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where I is the identity matrix and G is the correlation matrix of the random effect 1.
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[l,]] = p(lXi —le;a), (3)
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 B 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 it is independent of fixed effects can be expressed as:
1
Lr(0%, & alz) = — E{logIHI + log|[MTHM| + (n — p)a? +
1
—z'(I-WC'Wh)z, (4)
o

M™ M'S

— T — —
where H = éMGZ" +1,W = [M,S] and C = STM STS+£1G-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, §, and predicted

random effects, 1}, are then computed by solution of mixed model equation:
B MTz
clg) = [r2] 5
: STy (5)
With the covariance matrix for the error of the estimates being:

Cov LE : B] =cg?C™L (6)



After 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, =MIB+ 1, =MB+gl,G'7, (7)
where My, is the design matrix for the prediction sites, g, , is a vector computed from
the covariance matrix of m with the m, values at the unsampled locations

(Cov[n,m,| = €028,,). 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'gg-pG_l] +¢(8p.p — 806 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 by the rejection of the null
hypotheses early in the sequence while maintaining control of FDR. This approach has

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

The 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
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between soil properties and predictors, for example through the use of polynomial
terms in the predictor variables, or spline basis functions, 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.
2.4.  Random Forest

The random forest (RF) 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 2. Figure 1 shows a structure made up of predictors
(X1, X5, oen o , X)) which are split into J distinct and non-overlapping regions
(R1, Ry, ..., 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 Cs- 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 f (x) (Archer
and Kimes, 2008; James et al., 2013).
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1. a predictor X} is randomly sampled from
all the predictors, then the best split point
S, among all possible splits for the & th
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Figure 2: 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
(f1(x), f2(x), ..... f2 (x)) which the average of all the prediction trees f,,,(x) is

calculated:

. 1 .
Frag@) = 2> fP@) 9

b=1

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).
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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 made 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 ~ k. 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 X several
times, breaking its original association with the response variable and assesses the
relevance of the predictor by using the permuted predictor together with the other
unpermuted 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).
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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 attempt was 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), neighboring 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 to data on strongly correlated
observations will give an unduly optimistic impression of the model’s capacity to

predict at an independent location.
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CHAPTER THREE
3.0. MATERIALS AND METHODS

3.1. Description of Study Area

This study was carried out in Zambia, a landlocked country in Southern Africa with
an area of 752, 618 km? as shown in figure 2 ranging from Acrisols in the northern,

Arenosols in the west. It is also made up of four agro-ecological zones
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Figure 3: Agro-ecological zones and Soils map of Zambia Location of Study area.
Source: Author’s illustration with data from www.diva-gis.org Author’s illustration
with data from (GRZ, 1991)

3.2. Land Suitability Evaluation for Rice Production

Figure 4 shows the flowchart of the methodology followed in the study to carry out
the suitability assessment for rice production in Zambian under rainfed and irrigated
conditions. The first step was literature review to identify the data set that would be
required to carry out the land suitability evaluation for rice in Zambia. After review of
the literature (FAO, 1976; De Data, 1981; Chisci, 2009) on land suitability for paddy
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and upland rice production key soil and site factors (SSF) comprising both constraints
and requirements key to evaluation were identified. These are slope, the content
percent by volume of coarse fragments (soil particles > 2mm), soil drainage, soil pH,
soil organic carbon (SOC), soil cation exchange capacity (CEC), annual rainfall and
mean temperature of the growing season. Step 2 involved identifying the sources and
type of data that was available to enable land suitability evaluation and available, were
two data types, there was climate (annual rainfall and mean temperature), topography
(slope, coarse fragment) and some of the soil data (soil drainage and CEC) that was
already available in map form all that was need was to just pre-process the maps and
then use them in a MCE with GIS for land suitability evaluation. Because some of the
soil data (phosphorus, pH and organic carbon) available was legacy data which was in
point form, step 3 and Step 4 involved use of models for spatial prediction of these
point data to produce maps and then evaluated the performance of these models. Step
5, all maps where now reclassified to a common measurement scale. In step 6, an MCE
was performed and then in step 7, the MCE was integrated with GIS to produce the
suitability maps for rice in Zambia. Details of how each of these steps were carried out

is outlined below.
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3.2.1. Sources and Collation of Information on SSF

Basic information on the soil and land constraints and requirements identified were
Slope data which was derived from the NASA Shuttle Radar Topography Mission
(SRTM3) global 1-arcsecond (30-m) Digital Elevation Model (DEM) downloaded
from USGS (2019); annual mean temperature and annual precipitation which were
averages from 1970 to 2000 with spatial resolution of 1km (Fick and Hijmans, 2017).
The data on soil properties was downloaded from ISRIC (2017). Hengl et al. (2017)
described in detail the analytical and prediction methods that were undertaken to map
these soil properties. The SoilGrids system at 250m resolution was updated in June
2016 and provides global predictions for standard numeric soil properties such as CEC,
drainage conditions and coarse fragments. Hengl et al. (2017) undertook 10-fold
repeated cross-validation and showed that the R-squared of the models for CEC and

coarse fragments were 0.64 and 0.56, respectively.

Table 2: Data, Format and Sources

Data Format Resolution Source

Topographic Data Raster 30 x 30m USGS

(DEM) (https://earthexplorer.usgs.gov)
Climatic Data Raster 1 x 1km WorldClim (www.worldclim.org)

(Rainfall, Temperature)

Soil Data (CEC, Raster 250 x 250m Soil Grids (https://soilgrids.org)
Drainage, Course
fragment)
Soil Data (pH, Raster Indaba Agricultural Policy Research
Phosphorous, Organic | mapped Institute (IAPRI)
Carbon) from point

data

18


https://earthexplorer.usgs.gov/
http://www.worldclim.org/
https://soilgrids.org/

3.2.1. Spatial Prediction of Exchangeable Acidity (pH), Soil Phosphorus (P)
and Soil Organic Carbon (SOC)

3.2.1.1. Soil data

This study used Rural Agricultural Livelihoods Survey (RALS) of 1713 geo-
referenced soil 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), soil
phosphorus and soil organic matter (measured following the Walkley and Black
method) are provided by Burk et al. (2019) and Chapoto et al. (2016). The spatial
prediction of soil pH, soil phosphorus and soil organic carbon 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 SEA and the centroid. After data
cleaning, a total of 1202 soil samples were used for analysis.

The sampling pattern for the RALS survey was not designed for spatial interpolation
of soil. Due to the sampling pattern, the data was 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 percent) and test set (20 percent) was done at cluster

level (the 362 clusters were split into 260 (80 percent) for training and 102 (20 percent)
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for validation). Figure 3 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 5: Cluster locations for the RALS 2012 soil data

Note: red solid dots being the training clusters used for spatial prediction of soil pH,
Phosphorus and organic matter while the blue solid triangles being the test clusters

left out for validation.
3.2.1.2. Environmental Covariates

The environmental predictors available for use in this study were soil class, 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).

Soil class information was obtained from the 1:1,000,000 scale exploratory soil map
of Zambia compiled by the 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
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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 was
required to develop models for spatial prediction. Therefore, the number of classes
were reduced, 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 were 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 soil class with landcover classes in the
prediction sites not being represented in the training set. The number of landcover

classes were also reduced, by aggregating them as shown in Table 3.

Table3: 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%)

12 | Tree or shrub cover

Mosaic tree and shrub (>50%) / herbaceous cover

3 100 | (<50%)

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

Closed to open (>15%), deciduous, broadleaved, tree
60 | 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
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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 (Conrad et al., 2015), 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
(MODO009GA 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 (NDV1) was extracted from
the remote sensing images using the image indices of the soilassessment package
(Omuto, 2020) for the R platform.

3.2.2.3. Variable Selection by Alpha-Investment

Section 2.1 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 15. It
must be emphasized that this ranking is based on prior considerations about the
underlying process, and not on exploration of the data. The ordering of exhaustive
environmental covariates based on how they influence each soil property. The ordering
of environmental covariates for the prediction of soil pH, soil Phosphorus and soil

organic carbon was therefore done as follows:
Soil pH

The ordering of exhaustive environmental covariates was 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
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resulting from loss of basic cations by leaching (McCauley et al., 2009; Brady & Weil,
2014). For this reason, more acid soils are expected in the northern parts of Zambia
(Agroecological Region I11) and alkaline soils in the south (Agroecological Region I)
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 other hand, the Karoo group materials in
the valleys are rich in basic cations resulting in high pH values. After soil class, next
to be included were topographic 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. Landcover and the Normalized
Difference Vegetation Index (NDVI) were then included. 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 vigour of vegetation growth, which may be pH-limited. Finally, some
further topographic variables were included which may reflect differences in the soil-
forming environment (length-slope factor, channel network base level, relative slope

position and aspect).
Soil phosphorous

Because the major sources of phosphorus are inorganic (Al, Fe, and Ca phosphates)
and organic. It is released from these sources into soil solution through weathering
(inorganic P) and mineralization (organic P) process which are mediated by plant roots
and soil microorganisms. These processes are highly influenced by pH, temperature,
moisture, physical and chemical properties of the soil (Shen et al., 2011; Jones, 2012).
It is in this regard that when ordering the environmental covariates, the effect of soil
class on spatial variability of phosphorus is put first in the sequence because
phosphorus availability in the soil is greatly influenced by the pedological pathway
which results into weathering of soils. Because soil classes are classified on the basis
of weathering and development, Smeck (1985) proposed that a relationship between P
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forms in soil and soil class. The effect of rainfall comes next in the sequence. Both
the organic and inorganic pool of P in the soil, are greatly driven by leaching, runoff
and changes in soil acidity and these processes are highly influenced by rainfall
(Lindsay and Moreno, 1960; Arai and Sparks, 2007; Kleinman et al., 2006). Effect of
enhanced vegetation indexed (EVI) on soil phosphorus occurs when photosynthetic
carbon from roots, the rhizosphere is characterized by high microbial activity (Jones
et al., 2009) which results in vegetation influencing soil microbial activity. As the
vegetation dies and decays, it also provides a source or organic carbon for microbial

and a source of phosphorus.
Soil organic carbon

Just like soil pH and soil phosphorus, soil organic carbon is very important in soil
fertility. Some of its functions include improving soil structure and nutrient availability
for agriculture production. Accumulation and long-term stability of soil organic carbon
(SOC) is highly influenced by soil erosion and deposition processes (Fissore et al.,
2017). It is in this regard that soil class was put as first in the sequence because
classification of soil is based on a combination of a number of soil properties that
highly influence soil erosion and deposition. Slope and rainfall were ranked next in
the series as these greatly influence soil erosion.

After ordering the environmental covariates for soil pH, 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 (defined in equation 3) 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:
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L=2(Lm — Lmo), (10)

where L, is the likelihood for model my and L,,,, is the likelihood for the null model.
If the null model is correct, then the asymptotic distribution of L is y?2 with degrees of
freedom equal to the number of additional parameters in model my 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.
3.2.2.4. Spatial Prediction of Soil pH, Phosphorous and Organic Carbon

After variable selection, the likfit function of geoR package (Ribeiro et al., 2007) 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 random forest 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, the ranger package in R was used to compute the permutation variable

importance according to Altmann et al. (2010).

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
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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, for
soil pH, entirely random spatially autocorrelated candidate predictor variables were
generated, independent of the data, which are called null predictors. Six spatially
correlated but mutually independent null predictors were used, specifying a spherical
variogram with a distance parameter of 100 km, nugget variance of 0 and correlated
variance of 1 for each. The function RFsimulate from the RandomFields package for
R (Schlather et al., 2015) was used to simulate values of these null predictors at the
calibration locations. The ranger package (Wright and Ziegler, 2017) was used 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 Li et al., 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 (equation 4) 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.

3.2.2. Performance of RF and LMM in mapping the spatial distribution of Soil
pH, Phosphorous and Organic Carbon.

Legacy data on soil pH, soil phosphorus and soil organic carbon were available from
2012 RALS survey (a previous national survey) (CSO/MAL/IAPRI, 2015). As with
many such surveys, this followed a two-stage design, and so the observations were
spatially clustered. In addition, various exhaustive environmental covariates which
could be regarded as potential predictor variables for soil pH, soil phosphorus and soil
organic carbon were available. Different forms of linear mixed model, and prediction
with the random forest were compared 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
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clustering of the observations in the legacy data. Because of this clustering, no subset
could be regarded as independent random observations.

Validation of each selected model or random forest was done using the validation data
set. At each validation location the predicted soil pH, soil phosphorus and soil organic
carbon was computed, and the prediction error was calculated as the difference
between the predicted and observed (so a positive error is when the predicted value
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 (nugget 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.
3.2.3. Reclassification

The DEM was pre-processed. First pit and sink filling was performed on the DEM
using the fill tool in spatial analyst tools of ArcMap 10.7.1 (ESRI 2011). The DEM
was then filtered using the filter tool in spatial analyst tools which employs a low pass
filter using a 3x3 moving window to smooth the raster dataset. Slope was then
calculated from the pre-processed DEM using the slope tool in ArcMap. The average
values of soil properties (CEC and coarse fragments), over the depth interval 0-30 cm,
were obtained by a weighted average of the predictions using the numerical integration
trapezoidal rule explained in detail by Hengl et al., (2017). All the datasets whose cell
size was less than 1km were then rescaled to 1km using the resampling tool in ArcGIS

using the nearest neighbor function (ESRI 2011).

Once all the data on each SSF were acquired and processed, the suitability levels of
each SSF were defined, based on the FAO land suitability classification (FAO, 1976)
as: Highly Suitable (S1), Moderately Suitable (S2), Marginally Suitable (S3),
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Currently Not Suitable (N). Table 4 gives the interpretation of each FAO land

suitability class.

Table 2: Interpretation of the FAO land suitability classification (FAO, 1976)

FAQ land Interpretation
suitability class
Class S1 Land with minor limitations to productivity. Not perfect but is
E— the best that can be hoped for
Land that is clearly suitable, but which has limitations that
Class S2 either reduce productivity or increase the inputs needed to
sustain productivity compared with those needed on S1 land
Land with severe limitations that reduces benefits and/or
Class S3 increase the inputs needed to sustain production so that this cost
is only marginally justified
Land is marginally not suitable and has limitations that may be
surmountable in time, but which cannot be corrected with the
Class N L . . .
existing knowledge or under present social conditions to give
acceptable physical productivity.

Information from the published literature and crop production guides was used to

define, for each SSF, a range of values corresponding to the five FAO suitability

classes shown in Tables 5 and 6. Most of the information is from Sys et al. (1993)

who categorized requirements for various crops, including paddy and upland rice,

grown in tropical and sub-tropical regions into the FAO suitability classes and

provided recommendations requirements regarding climate, soil condition and

topography.

For purposes of further manipulation and display, the FAO suitability categories were

reclassified to numerical scores, assigning values 1 (“Not suitable”), 2 (“Marginally
suitable”), 3 (“Moderately suitable™) or 4 (“Highly suitable™).
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Table 3: Land use requirements for rainfed paddy rice

Criterion Highly Suitable Moderately Marginally Not Suitable Source
(S1) Suitable (S2) Suitable (S3) | (N)
: Ambarwulan et al.,

Mean annual rainfall (mm) >1500 1500 - 1200 1200 - 800 <800 2016

Annual Mean Temperature (°C) | 31-24, 31-36 24-18, >36 18-10, <10 Sysetal., 1993
Masoud et al.,

Slope (%) 0-1 1-2 2-3 >3 2013;
Ojara et al., 2017

ic O

Coarse fragment (Volumetric % |, 5 3-15 15-35 >35 Sys etal., 1993

of soil particles >2mm diameter)

Drainage (FAO, 2006) Imperfect, Poor Moderate, Well Somewhat Very poor, Sysetal., 1993

Excess Excessive

Soil pH (CaCly) 4.7-7.2 Zg _7477 3.7-4.2 >7.7,<3.7 Sys etal., 1993
Masoud et al.,

CEC (cmol/kg)) >40 25-40 25-15 <15 2013; Ojara et al.,
2017

Phosphorous (ppm) >25 25-10 10-5 <5 ';‘gf; shie and Adjei
Sys et al;

Soil Organic Carbon (%) >1.5 1.5-0.8 <0.8 (1993); Ambarwulan
etal., 2016
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Table 4: Land use requirements for rainfed upland rice

Criterion Highly Suitable Moderately Marginally | Not Suitable Source
(S1) Suitable (S2) Suitable (S3) | (N)

Annual Rainfall (mm) >1500 1500 - 1200 12001000 | <1000 g‘l)ggz)a”d Garrity

Annual Mean Temperature (°C) | 31-24, 31-36 24-18, >36 18-10, <10 Sysetal., 1993
Masoud et al.,

Slope (%) 0-8 8-16 16 — 30 >30 (2013); Ojara et al.,
2017

ic O
Coarse fragment (Volumetric % | 15 - 35 35-55 >55 Sys etal., 1993
of soil particles >2mm diameter)
. Somewhat Poor, Very . Sys et al., 1993;

Drainage (FAO, 2006) Moderate, Well excess, Imperfect | poor Excessive FAO, 2006

Soil pH (CaCly) 47-17.2 Zg '_74'177 3.7-4.2 >7.7,<3.7 Sys et al., 1993
Masoud et al., 2013;

CEC (cmol/kg)) >40 25-40 15-25 <15 Ojara et al., 2017

Soil Phosphorous (ppm) >25 25-10 10-5 <5 égll:);shle and Adjei
Sys et al;

Soil Organic Carbon (%) >1.5 1.5-0.8 <0.8 1993;Ambarwulan et

al., 2016
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3.2.4. Multicriteria Evaluation

The steps outlined above resulted in nine suitability maps, one for each SSF. These
datasets needed to be combined and transformed into a single suitability output map.
This is the key challenge of multicriteria evaluation. For simplicity, first considered
Is an example case where just two factors, annual rainfall and slope, are used (Table
7). In a “dominated” situation (Table 7), it is easy to put together such information
because site A is highly suitable with respect to both slope and rainfall and site B is
unsuitable by both criteria, therefore one can easily conclude that site A is highly
suitable and site B is not suitable. But this is not generally the case. Consider a non-
dominated case (Table 8) where A, is highly suitable in so far as this is judged by
rainfall but is not suitable with respect to slope and site B the converse applies with
respect to both factors. In this case, it becomes difficult to evaluate the suitability of
each location for paddy rice production. To solve this challenge, weights of influence
were introduced. In this approach an overall suitability score is computed which is a
linear combination of the scores for different factors. Each factor has a weight which
reflects its overall importance in determining the overall suitability of any site. If the
weights are constrained to sum to 1 then the resulting weighted combination of values
will lie in the same interval as the constituent scores, 1 to 5. It should be noted that
this is not the only way in which different scoring systems could be combined in an
overall assessment. The key assumption is that no one factor can be absolutely limiting
on rice production, because if two or more factors have similar and appreciable weights
then a deficiency in one might be substituted by the other being very suitable.

Table 5: An example of a dominated case

Annual Rainfall (mm) | Slope (%) Suitability
Site A 1400 (highly suitable) | 0-1(highly suitable) Highly Suitable
Site B <800 (not suitable) >5 (not suitable) Not Suitable

Table 6: An example of a non-dominated case

Annual Rainfall (mm) | Slope (%) Suitability
Site A 1400 (highly suitable) | >5 (not suitable) ?
Site B <800 (not suitable) 0-1 (highly suitable) ?
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3.2.5. Weighting of the factors

The calculation of weights was based on expert elicitation. The process of elicitation
that was used here was based on the method of Saaty (1988) which requires that the
expert considers all pair-wise comparisons of factors, evaluating their relative
importance according to a fixed scale. The first step involves creation of a pairwise
matrix A which is n x n where n is the number of factors. There is n(n-1)/2 unique
comparisons between factors, represented by the elements of the matrix ajjwhere i <j.
These values were taken from the scale due to Saaty (1988). These scores range from
1/9 to 9. If ajj is equal to 1 this implies that factors i and j are of equal importance; if
ajj i1s equal to 9 this implies that factor i dominates factor j almost completely in any
consideration of suitability of a site for rice. Conversely, if factor j dominates factor i
almost completely, then ajj is equal to 1/9. In Saaty’s (1988) system intervening values
of 3, 5 and 7 are assigned if factor i dominates factor j “moderately”, “strongly” or
“very strongly” respectively, and even-numbered scores can reflect uncertainty or
compromise between experts whose opinions are elicited. As before, if factor j
dominates factor i “moderately”, “strongly” or “very strongly” then ajj is set to 1/3, 1/5
or 1/7 respectively. Once all values ajj are obtained where i < j the matrix may be
completed according to the rule:

ai = fad i #] (10)
= 1, i=].
Table 9 shows the comparison of factors in the rows (i) against those in the columns
(). The scores in Table 9 were based either on published values from the application
of this approach to land suitability evaluation in other studies, or local expert
judgements made in consultation with experts comprising extension staff from
Ministry of Agriculture, researchers from Zambia Agricultural Research Institute
(ZARI) and rice farmers. Table 10 shows the sources for each score in the pairwise
matrix. Scores for the comparison of slope, temperature, pH and OC against each
other were obtained from Ayoade (2017) who compared these factors against each by
carrying out a quantitative analysis of the relationships between rice yield and
environmental variables. Scores for CEC/pH, pH/drainage, CEC/drainage and
slope/coarse fragments were based on Moreno et al. (2007); Dengiz et al. (2015);

Yohannes and Soromessa (2018) and Massawe et al. (2019) respectively.
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Table 7: Pairwise Comparison Matrix (we compare the factors in the rows (i) against those in the columns (j))

Pairwise Comparison Matrix

_ . . Cation Mean

riterion .
Criterio E;arrs;]eem Slope Drainage | pH gzlrlbgrr‘ganlc Exchange Phosphorous | annual éerlli?#::l

9 Capacity Temperature

Coarse Fragment | 1 1/2 1/9 1/5 1/6 1/9 1/5 1 1/9
Slope 2 1 1/5 1/3 1/5 1/6 1/3 2 1/6
Drainage 9 5 1 7 4 1 7 9 1
pH 5 3 1/7 1 1/3 1/7 1 5 17
Soil Organic 6 5 1/4 3 1 1/4 3 6 1/4
Carbon
Cation Exchange
Capacity 9 6 1 7 4 1 7 9 1
Phosphorous 5 3 1/7 1 1/3 1/7 1 5 1/7
Mean Annual
Temperature 1 1/2 1/9 1/5 1/6 1/9 1/5 1 1/9
Annual Rainfall 9 6 1 7 4 1 7 9 1
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Table 8: Sources for the scores of the pairwise matrix in Table 7

Pairwise Comparison Matrix

Criterion Coarse . . . Cation Mean annual | Annual
Fragment Slope Drainage pH Soil Organic Carbon Exchapge Temperature | Rainfall
Capacity
Coarse Fragment 1
Massawe et al.,
Slope 2019 1
Drainage Loc E!I expert Local expert opinion 1
opinion
Ayoade, 2017 .
pH Local expert | yopannes & Dengizetal. | 4
P Soromessa., 2018
Soil Organic Carbon Lc_>c_a| expert Ayoade, 2017 LO.C e}l expert Ayoade, 2017 1
opinion opinion
Cation Exchange Local expert Local expert opinion Yohannes and Moreno et al., Local expert opinion 1
Capacity opinion P P Soromessa 2018 2007 P P
Phosphorus Yohannes & Yohannes & Yohannes & ggrr:)amngsssa& Yohannes & ggg’:ﬂgs:a&
P Soromessa., 2018 | Soromessa., 2018 Soromessa., 2018 2018 " Soromessa., 2018 2018 "
Mean Annual Local expert Ayoade, 2017 Local expert Ayoade, 2017 | Ayoade, 2017 1
Temperature opinion opinion
. De Data, S.K., De Data, S.K., De Data, S.K., De Data, S.K., De Data,
Annual Rainfall 1981 De Data, S.K., 1981 1981 1981 De Data, S.K., 1981 1981 SK. 1981 1
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A pairwise matrix produced in this way could be either consistent or inconsistent. For
example, if in a set of consistent pair-wise comparisons, X is more important than y
and y is more important than z then x must be more important than z. There is no
guarantee that a matrix A obtained by eliciting individual elements from experts will
be consistent, and this must be evaluated before the matrix is used further. Saaty (1988)
proved that if a pairwise matrix is consistent, then the maximum eigenvalue should be
equal to the order of the matrix. The maximum eigenvalue of the pairwise matrix in

Table 9 was then computed with the e i gen function R platform (R Core Team, 2019).

The computed maximum eigenvalue (1,,,,) Of the matrix in Table 9 was 9.63 which
was larger than the order of the matrix (9). This indicates that there was some level of
inconsistency in the pairwise matrix. However, Saaty (1988) recognized that, if one
thinks of the elicited matrix A as an estimate of an underlying consistent matrix, A,
with the estimate obtained with some observation error, then some small degree of
inconsistency in A is likely and is practically tolerable. Saaty proposed that the
consistency of A is measured by a consistency index CI, which was computed by

Cl = Amax_n’ (11)

n-—1
where A4, 1S the maximum eigenvalue of A which is of order n. Saaty (1980)
conducted computational experiments in which matrices of order 3 to 10 were
generated by random selection of index values from 1/9 to 9 for elements aj;where i <
j with other elements obtained according to Equation (11). For each matrix he
computed CI and repeated these 500 times. Table 11 shows the mean values of CI for
matrices of order 3 to 10, which Saaty called the Random Index (RI).

Table 9: Tabulated for random matrices (RI) (Source: Golden and Wang, 1990).

Order Matrix (n) | 3 4 5 6 7 8 9 10

Random Index 05809 012 |124 |132 141 |1.45 |1.49

As a rule of thumb Saaty (1988) proposed a consistency ratio, CR, which is the ratio
of ClI for an elicited matrix A to the tabulated value of RI for random matrices of the
same order. Saaty (1988) suggested that the matrix may be used if CR is less than
0.1.

In this case:
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Amaz —n _ 9.63 =9

Cl = e =0.079, (12)
CR—CI—O'079—0054<01 13
TRl 145 ' (13)

This shows that the comparison matrix presented in Table 9 is acceptable for further

use.

The pairwise comparison matrix A (Table 9) was then normalized by dividing each
element (a;;) by the corresponding column sum (Equation 14). The elements of the
normalized comparison matrix, B, are therefore

aij

b. . =
Y Z?=1 a;j

(14)

Then to obtain the weight of each criterion (w;) the row sum of the normalized matrix
was then divided by the matrix order n (Equation 15) and the sum of the criteria

weights must equal to one. Table 12 shows the weights of each criterion.

D
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Table 10: Criteria weights for rainfed rice

Criterion | Coarse Fragment | Slope | Drainage | pH Soil Organic Catlon' Exchange Mean Annual Annual Rainfall
Carbon Capacity Phosphorous | Temperature
Weight | 0.019 0.033 | 0.235 0.058 0.101 0.239 0.058 0.019 0.239
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For irrigated rice (paddy and upland), temperature and rainfall were removed as in Sys
et al. (1993) and equations 16 and 17 gave us the Cl and CR for irrigated rice. Table

13 shows the weights

Amax =1 7499 —7

Cl = 1 - 7-1 - 0.083, (16)
CR—CI—O'083—0063<01 17
Rl 132 7 o a7
Table 11: Criteria weights for irrigated rice
Coarse Soil Cation
Criterion Slope | Drainage | pH Organic | Exchange
Fragment Carbon | Capacity Phosphorous
Weight | 0.023 0.040 | 0.325 0.071 | 0.137 0.332 0.071

3.2.6. Weighted Overlay

Once the raster files had been reclassified to a common measurement scale and the
weights of influence for each criterion determined, a weighted overlay was performed
in ArcMap for all the reclassified criteria raster files. This overlay tool used, combines
several raster files to one by first multiplying cell values in each raster by the raster
weight of influence and then adds the results to create a single output map. The final
values of the output raster were rounded up to whole numbers because the weighted
overlay is integer, therefore giving an output raster with the same common scale as

that of the input raster.
3.2.7. Statistical Evaluation of the Suitability Map

Validation of suitability maps was only performed for rainfed paddy rice as it is the
only data that was available. The other maps where not validated because upland rice
is still new and very few farmers irrigate rice to give enough data for validation. The
only data that was available from Japan International Cooperation Agency (JICA) on
rainfed upland rice was not georeferenced making it difficult to use it for the purpose

of validation.
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Locations for households growing different crops including rice were obtained from
the Rural Agricultural Livelihoods Survey (RALS) of 2012 data collected by Indaba
Agricultural Policy Research Institute (IAPRI) in collaboration with Central Statistical
Office (CSO) and Ministry of Agriculture (CSO/MAL/IAPRI, 2015). RALS is a
nationally representative panel survey designed to obtain a comprehensive picture of
Zambia’s small and medium-scale farming sector using the 2010 census sampling
frame. The data obtained through this survey is unique because it is georeferenced.
The sampling frame for the RALS 2012 survey was based on the 2010 Census of
Housing and Population, CSO/MAL/IAPRI, (2015).

A stratified two-stage sample design (CSO, 2012) was used. The first stage involved
identifying the Primary Sampling Unit (PSU) which was one or more Standard
Enumeration Areas (SEAS) each comprising a minimum of 30 agricultural households.
The SEA was the smallest area with well-defined boundaries identified on census
sketch maps. The second stage involved listing and identification of agricultural
households in selected SEAs. The listed agricultural households were then stratified
into three categories A, B and C (CSO/MAL/IAPRI, 2015). Category C comprised
households with 5 to 19.99 ha of land under crops, grown one or more special crops,
raising > 50 cattle, >20 pigs, > 30 goats and or > 50 chickens. Category B comprised
agricultural households with 2 to 4.99 hectares area under crop and category A
comprised households with 0 to 1.99 hectares of land under crop or owing livestock

numbers less than those specified in category C.

Systematic sampling from the household list in the SEA was then used to select 20
households distributed across the three strata. Where all the three categories had
adequate numbers of households listed, the sample household distribution was C=10,
B=5 and A=5. Where there were shortfalls in category C, all households in this
category where selected and the difference from 20 was equally allocated to categories
B and A. If the difference from 20 could not be equally allocated to the two categories,
category B was allocated one more sample household than category A. Where there
was no household in category C, 10 sample households were allocated to category B,
and 10 to category A. Where there was no household in category C and less than 10 in
category B, all were included in the sample and the allocation for category A was
increased to make up for the shortfall from the required number of 20 sample
households. Where all households fall in category A, all the required 20 sample
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households were selected from that category. For each stratum, systematic sampling
was done to select the required housed holds. First the sampling interval was calculated
by dividing the total number of households in the category by the sample number.
Then the random start number was selected by randomly selecting a column from the
table of random numbers. Starting from the top of that column, the first random
number between 1 and the number of households in the category was selected,
inclusive as the first corresponding selected household in the sample. To add the next
household number, the sampling interval was added to the chosen random number and

this procedure was repeated to add remaining households of the sample (CSO, 2012).

The RALS 2012 covered 442 Standard Enumeration Areas (SEAs) across the 10
provinces and a total of 8,840 households (CSO/MAL/IAPRI, 2015). Figure 5 shows
the SEA locations for RALS 2012.

The extent to which the distribution of rice producers from the three categories is
related to suitability was examined in contingency tables and data from the RALS 2012
survey was used for this analysis. 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 SEA (SEA centroid), and then
the households were removed from the data set if the notional distance to the SEA
centroid exceeded 10km. After data cleaning, a total of 7,516 households were used
to test the null hypothesis that the presence and absence of rice at a sample site and the
rice suitability index are independently distributed. Because this evaluation is for
paddy rice, only those households that planted local varieties were considered in the
presence category. Those that planted improved varieties were put in absence category

as it is very likely that some of the improved varieties might be upland rice.

Contingency tables were obtained which show the distribution of observations
between Suitability Class (columns) and Crop Presence (rows: rice present or absent).
These were then analyzed with the chisq.test function of the package stats for the R
platform (R Core Team, 2019). This was done separately for farms in the three
categories. The test statistic, X 2, is the sum over all cells of the squared difference
between the observed number of households and the expected number under a null
hypothesis of random association, the squared difference being divided by the
expected value. Under the null hypothesis, which is of random association between
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crop presence and suitability, the expected number of households in any cell is equal
to the product of the corresponding row and column totals divided by the total number
of observations in the table. If the null hypothesis is true, then the X 2 statistic is
distributed as 2 with degrees of freedom equal to (n— 1) x (nc— 1) where nr and nc are
respectively, the number of rows and columns in the contingency table. The result of
this analysis is interpreted as follows. If the null hypothesis is accepted, then there is
no evidence of any association between the suitability of land for rice production on
one hand, and the presence or absence of a rice crop in the other. However, if the
suitability index is informative, then expected is a larger proportion of sites where rice
is grown where the suitability index is large than where it is small. This is despite the
fact that rice might be grown, for cultural or economic reasons, at some unsuitable
sites, and similarly might not be grown at some sites where it is suitable. Thus, if the
null hypothesis can be rejected, and there are more sites with rice grown in the classes
with larger suitability than expected under the null hypothesis, then this is evidence

that the suitability index is, indeed, informative.
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Figure 6: Standard Enumeration Area (SEA) locations for the RALS 2012 survey
Note: The points in black are for all SEAs and the ones with the light green circle are the locations with paddy rice present.
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CHAPTER FOUR
4.0. RESULTS

4.1.  Spatial Interpolation of Exchangeable Acidity (pH), Soil Phosphorus (P)
and Soil Organic Carbon (SOC)

Variable selection

Table 14 shows the statistical summary of residuals from the exploratory models for
soil pH, soil phosphorus and soil organic carbon and Figures 7, 8 and 9 show the
distribution of the residuals from the exploratory models of soil pH, soil phosphorus
and soil organic carbon, respectively. The histograms for soil pH and soil organic
carbon appear symmetrical and normal. The residuals for soil pH and soil organic
carbon 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). But for soil phosphorus, the
histogram was not symmetrical, the residues had octile skewness outside the range
[—0.2,0.2] and skewness inside [—1,1], hence transformation was necessary and it can
be observed that after transformation (Table 14), the octile skewness inside the range
[-0.2,0.2] and skewness inside [—1,1].

Table 12: Statistical summary of residuals from the exploratory models for soil pH,
soil phosphorus and soil organic carbon

Octile

mean Median | Variance | SD Skewness Kurtosis
skewness
Soil pH 2.366e-16 | -0.040 | 0.167 0.408 | 0.487 0.159 1.044
Soil 1.0le-15 | -0.123 | 2.683 1.638 | 0.344 0.152 0.420
phosphorus
Soil organic | 4ec0 16 | -0.006 | 0.065 0.254 | 0.326 0.025 2483
carbon
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Figure 7: Top left: point locations, top right and bottom left are the data values against
coordinates and the bottom right histogram of the soil pH data
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Figure 8: Top left: point locations, top right and bottom left are the data values
against coordinates and the bottom right histogram of the soil phosphorus data
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Figure 9: Top left: point locations, top right and bottom left are the data values
against coordinates and the bottom right histogram of the soil organic carbon data

Table 15 shows the REML estimates of parameters and AIC for the exploratory model,
null model and the hypotheses tests for soil pH, soil phosphorus, soil organic carbon.
Table 16 shows the log likelihood ratio and p-values of each test at respective degree
of freedom (df) and chi-square distribution values for soil pH, soil phosphorus, soil
organic carbon. As can be observed for soil pH, the likelihood ratios of tests 1,4 and 8
were greater than the chi-square distribution value values. Therefore, the null
hypotheses 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. This same principle was followed for soil

phosphorus and soil organic carbon.
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Table 13: REML estimates of parameters and AIC for the exploratory model, null
model and the hypothesis tests for soil pH, soil phosphorus, soil organic carbon

Test Predictors Partial Range Nugget AIC
Sill Max. Non-
likelihood spatial

Soil pH

Exploratory (all predictors) 0.137 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 + Soil class 0.197 52.71 0.221 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 depth 0.173 33.48 0.218 1598 1770
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
9 Rainfall + Elevation + LS + CNBL 0.171 37.40 0.221 1597 1783
10 Rainfall + Elevation + LS + RSP 0.171 38.13 0.221 1598 1751
11 Rainfall + Elevation + LS + Aspect 0.173 39.18 0.221 1598 1760
Soil Phosphorus

Exploratory (all predictors) 3.424 62.16 3.565 4063 4237
0 mean 3.636 65.93 3.522 4183 4441
1 Rainfall 3.480 64.61 3.526 4179 4430
2 Rainfall + Soil class 3.253 63.90 3.527 4200 4401
3 Rainfall +Slope 3.487 64.34 3.521 4180 4432
4 Rainfall + Elevation 3.330 61.09 3.530 4178 4401
5 Rainfall + Valley depth 3.480 64.6 3.526 4181 4431
6 Rainfall+ Landcover 3.440 64.27 3.494 4196 4435
7 Rainfall + NDVI 3.462 65.13 3.514 4176 4426
8 Rainfall + NDVI+LS 3.479 64.87 3.505 4178 4428
9 Rainfall + NDVI + cnbl 3.299 62.48 3.522 4174 4394
10 Rainfall + NDVI + cnbl+ RSP 3.300 62.61 3.523 4176 4395
11 Rainfall + NDVI + cnbl+ Aspect 3.282 62.37 3.526 4176 4389
Soil Organic Carbon

Exploratory (all predictors) 0.061 40.28 0.083 667 791
0 Mean 0.082 69.02 0.085 658 913
1 Soil class 0.063 51.03 0.082 652 844
2 soillclass + slope 0.063 49.55 0.082 652 845
3 sloilclass + rainfall 0.058 40.84 0.081 649 815
4 sloilclass + rainfall + NDVI 0.058 41.18 0.081 651 816
5 sloilclass + rainfall + cnbl 0.054 32.17 0.080 648 782
6 sloilclass + rainfall + valley 0.058 41.21 0.081 651 817
7 sloilclass + rainfall + elevation 0.053 31.50 0.080 646 775
8 sloilclass + rainfall + elevation+rsp 0.054 34.39 0.081 648 777
9 sloilclass + rainfall + elevation + 0.050 32.12 0.081 664 772

landcover
10 sloilclass + rainfall + elevation + Is 0.053 31.15 0.080 648 776
11 sloilclass + rainfall + elevation + 0.053 31.53 0.080 648 777

aspect
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Table 14: likelihood ratio and p-values of each hypothesis test at respective degree
of freedom(df) and chi-square distribution values for soil pH, Soil phosphorus and
soil organic carbon

elevation + aspect

Test df Chi- Likelihood | p-value
square ratio
Soil pH
1 Rainfall 1 3.841 9.533 0.002
2 Rainfall + Soil class 17 27.587 22.506 0.166
3 Rainfall +Slope 1 3.841 2.429 0.119
4 Rainfall + Elevation 1 3.841 14.416 0.000
5 Rainfall + Elevation + Valley 1 3.841 1.817 0.177
depth
6 Rainfall+ Elevation + 8 15.507 10.836 0.211
Landcover
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 + 1 3.841 1.047 0.306
CNBL
10 Rainfall + Elevation + LS + 1 3.841 0.403 0.525
RSP
11 Rainfall + Elevation + LS + 1 3.841 0.213 0.644
Aspect
Soil Phosphorus
1 Rainfall 1 3.841 6.131 0.013
2 Rainfall + Soil class 17 27.587 12.491 0.770
3 Rainfall +Slope 1 3.841 0.177 0.674
4 Rainfall + Elevation 1 3.841 3.019 0.082
5 Rainfall + Valley depth 1 3.841 0.000 0.999
6 Rainfall+ Landcover 8 15.507 8.499 0.810
7 Rainfall + NDVI 1 3.841 4.422 0.035
8 Rainfall + NDVI+LS 1 3.841 0.409 0.523
9 Rainfall + NDVI + cnbl 1 3.841 4.075 0.044
10 EglFr)lfall + NDVI + cnbl+ 1 3.841 0.084 0.772
11 Rainfall + NDVI + cnbl+ 1 3.841 0.222 0.637
Aspect
Soil Organic Carbon
1 Soil class 17 27.587 39.714 0.001
2 Soil class + slope 1 3.841 1.388 0.239
3 Soil class + rainfall 1 3.841 4.643 0.031
4 Soil class + rainfall + NDVI 1 3.841 0.133 0.716
5 Soil class + rainfall + cnbl 1 3.841 3.421 0.064
6 Soil class + rainfall + valley 1 3.841 0.289 0.591
7 Soil class + rainfall + 1 3.841 5.023
. 0.025
elevation
8 Soil cl_ass + rainfall + 1 3.841 0.634 0.426
elevation + rsp
9 Soil class + rainfall + 8 15.507 8.425
. 0.587
elevation + landcover
10 Soil cl_ass + rainfall + 1 3.841 0.107 0.744
elevation + Is
11 Soil class + rainfall + 1 3.841 0.003 0.955
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Figures 10a, 11a and 12a shows the alpha wealth (explained in section 3.2.2.3) 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 retained, and it goes
to zero at the end of the sequence. Figures 10b, 11b and 12b shows the p-values (open
symbols) for the successive tests of additional predictors, as in Table 15 and 16, and
the threshold (solid symbols) against which each successive p-value is tested to
achieve FDR. On this basis rainfall and elevation were selected as predictors for soil
pH, rainfall alone was selected as predictor for soil phosphorous and soil class alone

was selected as predictor for soil organic carbon.
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Figure 10: alpha wealth after each test (a). probability of alpha investment and p-
values (b) for soil pH
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Figure 11: alpha wealth after each test (a). probability of alpha investment and p-
values (b) for soil phosphorus
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Figure 12: alpha wealth after each test (a) probability of alpha investment and p-
values (b) for soil organic carbon

Spatial Prediction of Soil pH, Soil Phosphorus and Soil Organic Carbon

The estimated covariance parameters for the linear mixed models 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 17. 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
concluded 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.
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Table 15: Covariance parameters for spatial prediction of soil pH

Method | Partial Sill | Range | Nugget AIC
Max.likelihood | Non-spatial

A 0.195 33.95 0.220 | 1184 1310

B 0.269 72.83 0.224 | 1614 1945

Note: 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).

The estimated covariance parameters for the linear mixed models to be used for spatial
prediction of soil phosphorus by the E-BLUP with 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 18. The nugget, partial sill and
range for the model with rainfall as fixed effects are 3.652, 3.742 and 65.11,
respectively. These values are smaller than the corresponding parameters for the
model with a constant mean as the only fixed effect (3.649, 3.877 and 66.37). AIC
values for both models are less than those of respective non-spatial AIC. Just like for
soil pH, there is evidence for spatial dependence in the random component of the
LMM, and so potentially benefits the computation of the E-BLUP for spatial

prediction at unsampled sites.

Table 16: Soil phosphorous parameters for (A) = REML-EBLUP with rainfall as
predictor selected through alpha-investment, (B) =REML-EBLUP (ordinary kriging)

. AIC
Method | Partial Sill | Range | Nugget Max_likelihood | Non-spatial
A 3.742 65.11 | 3.652 4206 4463
B 3.877 66.37 | 3.649 4215 4478

Table 17: Soil organic carbon for A= REML-EBLUP with soil class as predictor
selected through alpha-investment, B=REML-EBLUP (ordinary kriging)

e AIC
Method | Partial Sill | Range | Nugget Max likelihood | Non-spatial
A 0.0645 55.02 | 0.0826 | 617.3 825.3
B 0.085 7454 |0.0849 | 654.6 9135

Tables 20, 21 and 22 show 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 random forest methods for soil pH, soil phosphorus and soil organic carbon
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respectively. For soil pH (Table 20), 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 18: Parameters from Random forest model for soil pH

Target
. Out-of-Bag | Out-of-Bag
Method | ntree | predictors | mtry Qi(;cele MSE R-squared
C 200 11 3 5 0.31 0.30
D 200 2 1 5 0.32 0.27

Note: ntree = number of trees in the forest; mtry = number of variables considered at
each split. (C) random forest with all predictors(D) random forest with rainfall and
elevation as predictors selected through alpha-investment.

Table 19: Parameters from Random forest model for soil phosphorus

Method ntree | predictors | mtry | Target Out-of- Out-of-Bag
node size | Bag MSE | R-squared

C 200 11 3 5 263.98 0.18

D 200 11 3 5 5.36 0.23

E 200 1 1 5 377.06 -0.17

F 200 1 1 5 8.19 -0.18

Note: ntree = number of trees in the forest; mtry = number of variables considered at
each split. (C) random forest with all predictors data not transformed (D) random
forest with all predictors data transformed and then back transformed. (E) random
forest with rainfall as predictor selected through alpha-investment data not
transformed. (F) random forest with rainfall as predictors selected through alpha-

investment data not transformed.

Table 20: Parameters from Random forest model for soil organic carbon

Method | ntree | predictors | mtry | Target Out-of- Out-of-Bag
node size | Bag MSE | R-squared

C 200 11 3 5 0.11 0.27

D 200 1 1 5 0.14 0.07

Note: ntree = number of trees in the forest; mtry = number of variables considered at
each split. (C) random forest with all predictors(D) random forest with soil class as
predictor selected through alpha-investment.

Tables 23, 24 and 25 show the permutation variable importance (defined in section
2.4) values for soil pH, Soil Phosphorus and soil organic carbon, respectively when
random forest model is fit. For soil pH (Table 23) each predictor when a random forest
model is fit with all predictors alone and when we include null predictors (siml 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
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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 (P<0.01). The inclusion of these null variables has a
substantial effect on the p-values of some predictors such as soil class, slope,
landcover.

Table 21: Permutation variable importance and p-values for soil pH data when a

random forest model is fit with all predictors alone and when null predictors (sim1 to
sim6) are included.

Predictor No null predictors Null predictors included
Importance  p-value | Importance p-value
Rain 0.0889 0.0099 0.0912 0.0099
Soil class 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
Ls 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
Sim2 0.0232 0.0198
Sim3 0.0187 0.0594
Sim4 0.0204 0.0198
Sim5 0.0160 0.1782
Sim6 0.0274 0.0099

Note: Sim 1 to Sim 6 are null predictors which were generated by simulation to
examine how random forest variable importance performs with predictors that have
no relation to the data.
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Table 22: Permutation variable importance and p-values for untransformed and
transformed soil phosphorous data when a random forest model is fit with all

predictors
Predictor No transformation Transformed
importance | p-value Importance [ p-value
Slope 29.4992 0.6139 0.7824 0.1584
Aspect 22.3515 0.0099 0.7197 0.0099
rainfall 70.3860 0.0099 1.4883 0.0099
Cnbl 129.6755 0.0099 2.2515 0.0099
Ls 28.8579 0.6040 0.6813 0.2871
Valley 38.2470 0.0594 0.9548 0.0099
Rsp 47.9913 0.0099 0.9669 0.0099
Soil class 10.8044 0.1485 0.2332 0.0792
landcover 6.2560 0.3663 0.1748 0.0792
elevation 116.5409 0.0099 1.7054 0.0198
NDVI 39.0748 0.0198 1.1379 0.0099

Note: Is = LS-Factor (a combination of slope and slope length), rsp = relative slope
position, cnbl = channel network base Level and NDVI = Normalized difference
vegetative index.

Table 23: Permutation variable importance and p-values for soil organic carbon
data when a random forest model is fit with all predictors.

Variable Importance p-value
slope 0.0131 0.2178
aspect 0.0058 0.0495
rainfall 0.0501 0.0099
cnbl 0.0325 0.0099

Is 0.0149 0.1287
valley 0.0244 0.0099
rsp 0.0170 0.0099
Soil class 0.0160 0.0099
landcover 0.0082 0.0099
elevation 0.0342 0.0099
NDVI 0.0202 0.0099

Note: Is = LS-Factor (a combination of slope and slope length), rsp = relative slope
position, cnbl = channel network base Level and NDVI = Normalized difference
vegetative index.

Tables 26, 27 and 28 show the estimated parameters of the random forest residuals for
the exponential, spherical and pure nugget correlation models for soil pH, soil
phosphorus and soil organic carbon respectively. As can be observed from the tables
26 and 27, for soil pH and soil phosphorus, 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
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variance for the spatial covariance function was zero. On this basis, there is no scope
to improve the RF predictions by a kriging step. But with soil organic carbon (Table
28) the models for random forest with soil class and soil class means as predictors had
AIC values for maximum likelihood less than those of the non-spatial AIC showing
some spatial pattern in the residuals. Therefore, the residuals where kriged to the
prediction locations and then added to the predicted values.

Table 24: REML Estimated parameters of the exponential, spherical and pure nugget

correlation functions for the residuals of the two random forest predictions for soil
pH

Method Parameter Exponential Spherical Pure.nugget

Partial Sill 0 0 0.188

range 0 0 50

RF (dem + rain) Nugget 0.188 0.188 0
AlCrax.lelihood 1123 1123 1123
AlCnon-spatial 1119 1119 1119
Partial Sill 0 0 0.157

range 0 0 50

RF (all predictors) Nugget 0.157 0.157 0
Al Crax likelihood 951.4 951.4 951.5
AlCnon-spatial 947.4 947.4 947.4
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Table 25: REML Estimated parameters of the exponential, spherical and pure nugget
correlation functions for the residuals for the random forest predictions for soil
phosphorous

Method Parameter Exponential Spherical Pure.nugget
Partial Sill 0 0 0
range 0 0 0
Nugget 308.8 308.8 308.8
AlCrmax likelihood 7962 7962 7962
RF rain (no transformation)  AlCnon-spatial 7958 7958 7958
Partial Sill 0 0 0
range 0 0 0
Nugget 307 307 307
Al Crax likelihood 7956 7956 7956
RF rain (transformed) Al Cron-spatial 7952 7952 7952
Partial Sill 129.1 8.791 0
range 0.106 10.62 0
RF (no transformation) Nugget 0 120.6 129.4
AlCmax.IeIihood 7151 7154 7154
Al Cron-spatial 7150 7150 7150
Partial Sill 130.2 9.084 0
range 0.1005 9.707 0
RF (transformation) Nugget 0 121.2 130.3
Al Crax likelihood 7159 7161 7161
Al Cron-spatial 7157 7157 7157

Table 26: REML Estimated parameters of the exponential, spherical and pure nugget
correlation functions for the residuals for the random forest predictions for soil
organic carbon

Method Parameter Exponential Spherical Pure.nugget
Partial Sill 0.0627 0.0616 0
range 40369 78285 0
Nugget 0.0818 0.0833 0.1383
AlCmax lelihood 630.9 640.5 828
RF (soil class) AlCron-spatial 824 824 824
Partial Sill 0.0633 0.0619 0
range 31015 66884 0
RF (soil class_means) Nugget 0.0803 0.0827 0.1407
AlCrax.lelihood 640.7 648.9 844.7
AlChron-spatial 840.7 840.7 840.7
Partial Sill 0.0072 0.0085 0
range 131.2 255.6 0
RF (all predictors) Nugget 0.0458 0.0444 0.053
AlCrax likelihood -88.74 -89.39 -87.28
AlCron-spatial -91.28 -91.28 -91.28
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Figure 13 shows the predicted spatial variability of soil pH 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 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. The resolution of the

raster maps is 1 km which translates to a scale of 1:2,000,000 according to
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Figure 13: Prediction maps of soil pH

Note: (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. resolution of the raster maps is 1km which translates to a scale of
1:2,000,000 according to Tobler (1988).

Figure 14 shows the prediction maps of soil Phosphorous for (a) REML-EBLUP with
rainfall as predictors selected through alpha-investment (b) REML-EBLUP with

ordinary kriging (c) random forest with all predictors data not transformed (d) random
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forest with all predictors data transformed and then back transformed (e) random
forest with rainfall as predictors selected through alpha-investment data not
transformed (f) random forest with rainfall as predictors selected through alpha-
investment data not transformed. As can be observed, from both the maps (Figure 14)
and the cross-validation results (Table 30) below comfirm that the results of the
transformed and untransformed are the same hence there is no need for data
transformation with random forest. Most parts of the country have values below 10

except for a few areas aroud eastern, western and northern provinces.
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Figure 14: Prediction maps of soil Phosphorous

Note: (a) REML-EBLUP with rainfall as predictors selected through alpha-
investment, (b) REML-EBLUP with ordinary kriging (c¢) random forest with all
predictors data not transformed (d) random forest with all predictors data transformed
and then back transformed (e) random forest with rainfall as predictors selected
through alpha-investment data not transformed (f) random forest with rainfall as
predictors selected through alpha-investment data not transformed. Resolution of the
raster maps is 1km which translates to a scale of 1:2,000,000 according to Tobler
(1988).

Figure 15 shows the prediction maps of soil organic carbon for (a) REML-EBLUP
with soil class as predictor selected through alpha-investment (b) REML-EBLUP with
ordinary kriging (c) random forest with all predictors data (d) random forest with soil
class as predictor () random forest with soil class plus REML-EBLUP kriged

residuals. The western part of the country has very low values, this could be attributed
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to the type of soils which are very sandy resulting in leaching. The values are even

lower using the random forest models.
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Figure 15: Prediction maps of soil organic carbon

Note: (a) REML-EBLUP with soil class as predictor selected through alpha-
investment (b) REML-EBLUP with ordinary kriging (c) random forest with all
predictors data (d) random forest with soil class as predictor (e) random forest with
soil class plus REML-EBLUP kriged residuals. Resolution of the raster maps is 1km
which translates to a scale of 1:2,000,000 according to Tobler (1988).

4.2.  Performance of RF and LMM in mapping the spatial distribution of P,

Soil Organic Carbon and pH

Tables 29, 30 and 31 show the summary validation statistics for soil pH, Soil
phosphorus and soil organic carbon, respectively. For soil pH (Table 29), 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. But the opposite is true for soil phosphorus
(Table 30) and soil organic carbon (Table 31) where the mean and median error values
were smallest for the REML-EBLUP (kriging with external drift) method and the
random forest methods were larger than those of the two REML-EBLUP methods. For
all cases (soil pH, soil phosphorus and soil organic carbon), the MSE and RMSE for
the two REML-EBLUP methods were smaller than those of the random forest methods
with REML-EBLUP (ordinary kriging) having the smallest values for soil pH and
REML-EBLUP (kriging with external drift) having the smallest values for soil
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phosphorus and soil organic carbon. There was spatial dependency in the prediction
error in all the cases (soil pH, soil phosphorus and soil carbon) with the two REML-
EBLUP cases having the smaller partial sill values compared the values for Random
forest. The ESE values for all the cases (soil pH, soil phosphorus and soil organic
carbon) 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 for
soil pH while REML-EBLUP (kriging with external drift) had the smallest ESE for

soil phosphorus and soil organic carbon.

Table 27: Soil pH Summary Validation statistics

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

Note: (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.

Table 28: Soil phosphorus Summary Validation statistics

Variable A B C D E F
Prediction  Mean -3.370 -3.264 -5.369 -5.751 -3.195 -3.279
error Median 0.968 1.170 -0.990 -0.990 -0.990 -0.990
MSE 238.679 244390  286.054 285.890 366.870  369.562
Corr.Model Spherical ~ Spherical ~Spherical ~ Spherical ~ Spherical Spherical
Partial Sil 159.800 171500  186.800 181.800 277.800  263.600
range 10.820 11.590 11.580 11.440 10.110 8.679
Nugget 92.050 91.260 92.240 92.380 110.300  116.200
ESE 263.207  273.413  307.866 307.254 398.308  390.551

Note: (A) REML-EBLUP with rainfall as predictors selected through alpha-
investment, (B) REML-EBLUP with ordinary kriging (C) random forest with all
predictors data not transformed (D) random forest with all predictors data
transformed and then back transformed. (E) random forest with rainfall as
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predictors selected through alpha-investment data not transformed. (F) random
forest with rainfall as predictors selected through alpha-investment data not
transformed.

Table 29: Soil organic carbonic Summary Validation statistics

Variable A B C D E
Prediction Mean 0.018 0.030 0.032 0.053 0.038
error Median 0.058 0.091 0.055 0.095 0.080
MSE 0.138 0.139 0.168 0.157 0.156

Corr.Model Spherical ~ Spherical Spherical Spherical Spherical

Partial Sil 0.066 0.067 0.092 0.082 0.082
range 38.740 55.780 60.060 41.860 41.860
Nugget 0.076 0.076 0.084 0.077 0.077
ESE 0.142 0.144 0.177 0.162 0.160

Note: (A) REML-EBLUP with soil class as predictor selected through alpha-
investment, (B) REML-EBLUP with ordinary kriging (C) random forest with all
predictors data (D) random forest with soil class as predictor (E) random forest with
soil class plus REML-EBLUP kriged residuals.

4.3. Land Suitability Evaluation for Rice Production

Figures 16 and 18 show the reclassified maps of suitability levels of each criterion for
rainfed paddy rice and rainfed upland rice, respectively. Figures 16 and 18 show the
proportions of each suitability classes for each criterion for rainfed paddy rice and
rainfed upland rice, respectively. For both rainfed paddy rice, at least 90 percent of the
study area has CEC that is not suitable with most of the country having CEC ranging
between 5 to 15 cmol/kg which is currently not suitable and part of the western part
having CEC less than 5 cmol/kg which is permanently not suitable. Despite having
highly suitable temperature and pH, the Eastern and Southern part of the country have
slope of greater than 5 percent which is permanently not suitable for paddy rice
production. The Southern part of the study area also is affected by low rainfall which
is less than 800mm permanently not suitable and the middle part of the country having
rainfall between 800 and 1000mm currently not suitable. In areas such as eastern and
southern parts with one criterion highly suitable and another not suitable, it becomes
difficult to evaluate the suitability levels, hence the introduction of weights of
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influence for each criterion (described in section 3.2.7) which were used to produce

the final suitability map.

In their study on Soyabean suitability in Kabwe District of Zambia, Munene et al.,
(2017) also observed some limitations owing to soil pH, low SOC and slope. Chirwa
et al., (2016) evaluated the soil fertility status and land suitability for smallholder
farmers’ groundnut and maize production in Chisamba District of Zambia and

concluded that soil pH, low CEC were some of the major soil fertility limiting factors.
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Figure 16: Rainfed Paddy Rice FAO Suitability ratings for each criterion
Note: resolution of the raster maps is 1km which translates to a scale of 1:2,000,000 according to Tobler (1988)
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Suitability Criterion for Rainfed Paddy Rice
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Figure 17: Proportions of suitability ratings in each suitability criterion for rainfed
paddy rice
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Figure 18: Rainfed Upland Rice Suitability ratings for each criterion
Note: resolution of the raster maps is 1km which translates to a scale of 1:2,000,000 according to Tobler (1988).
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Suitability Criterion for Rainfed Upland Rice

100% _— N
90% []
80% ® Highly Suitable
70%
60%
50% Moderately Suitable
40%
0,
;802 Marginally Suitable
10%

0% Not Suitabl e
"' ' S 2 N
&QQJQ °}° '\*&Qo » ’Z’ x\oC} fz'r"& é& >
& N .& U’Q S & ¥
© S & & &
oq§ 0‘% 6& > ¥
© 0\\ Q)‘\' QQ'
)
(j’o @Q?’Q

Figure 19: Proportions of suitability rating in each suitability criterion for rainfed
upland rice

Figures 20, 23, 26 and 29 are the respective suitability maps of Zambia for rainfed
paddy, rainfed upland rice, irrigated paddy rice and irrigated upland rice produced
using weighted overlay (described in section 3.2.8) of the suitability criterion maps.
The resolution of the raster maps is 1km which translates to a scale of 1:2,000,000
according to Tobler (1988). Figures 20, 23, 26 and 29 are the suitability maps
overlayed with the protected area, this shows that some of the suitable areas are not
available for production as they fall under urban, national parks and forest reserves.
Figures 21, 24, 27 and 30 show the area proportions of suitability classes for total area,
area under urban, area under national parks, area under forest reserves and potential

area for rainfed and irrigated paddy as well as upland rice.
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Figure 20: Suitability map for rainfed paddy rice in Zambia
Note: resolution of the raster maps is 1km which translates to a scale of 1:2,000,000 according to Tobler (1988)
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Figure 21: Protected area over the suitability map of rainfed paddy rice in Zambia
Note: resolution of the raster maps is 1km which translates to a scale of 1:2,000,000 according to Tobler (1988)
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Figure 22: Rainfed paddy rice area Proportion of Suitability classes
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Figure 23: Suitability map for rainfed upland rice in Zambia
Note: resolution of the raster maps is 1km which translates to a scale of 1:2,000,000 according to Tobler (1988).
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Figure 24: Protected area over the suitability map of rainfed upland rice in Zambia
Note: resolution of the raster maps is 1km which translates to a scale of 1:2,000,000 according to Tobler (1988).
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Figure 25: Rainfed upland rice Area Proportion of Suitability classes
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Figure 26: Suitability map for irrigated paddy rice in Zambia
Note: resolution of the raster maps is 1km which translates to a scale of 1:2,000,000 according to Tobler (1988).
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Figure 27: Protected area over the suitability map of irrigated paddy rice in Zambia
Note: resolution of the raster maps is 1km which translates to a scale of 1:2,000,000 according to Tobler (1988).
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Figure 28: Irrigated paddy rice Area Proportion of Suitability classes
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Figure 29: Suitability map for irrigated upland rice in Zambia
Note: resolution of the raster maps is 1km which translates to a scale of 1:2,000,000 according to Tobler (1988).
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Figure 30: Protected area over the suitability map of irrigated upland rice in Zambia
Note: resolution of the raster maps is 1km which translates to a scale of 1:2,000,000 according to Tobler (1988).
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4.4.  Statistical Evaluation of the Rainfed Paddy Rice Suitability Map

Tables 32, 33 and 34 show the observed and expected counts for each cell of the crop
presence and suitability class contingency tables for households in category A, B and
C, respectively. Also shown are the y? statistic and associated p-value under the null
hypothesis of random association. For households in category A and B the value of
the statistic, is large, and the probability of a value this large or larger under the null
hypothesis is small (p=0.0002 for category A and p=0.0046 for category B). This is
evidence to reject the null hypothesis. This is not the case for Category C (p=0.025),
so the null hypothesis is retained in this case. For both category A and B, it is observed
that there are fewer households with rice present observed than expected under the null
hypothesis in the marginally suitable class, and more in the moderately suitable class.
This is consistent with the suitability classes’ being informative about land suitability
for rice production.

Table 30: Table of observed, expected, deviation, chi-square and p-values from
independence for rice farmers in category A and suitability classes.

Suitability class
Moderately Marginally Not
suitable Suitable Suitable
Observed 89.00 103.00 3.00 195
Rice Expected 51.45 143.36 0.19
crop O-E 37.55 -40.36 2.81
presence Observed 734.00 2190.00 0.00 2924
No rice Expected 771.55 2149.64 2.81
O-E -37.55 40.36 -2.81
823 2293 3 3119
x> =86.329 p-value = 0.0002
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Table 31: Table of observed, expected, deviation, chi-square and p values from
independence for rice farmers in category B and suitability classes.

Suitability class
Highly  Moderately Marginally Not
Suitable suitable suitable Suitable
Observed 0.00 47.00 163.00 0.00 210
Rice
Expected 0.08 45.15 166.61 0.16
crop O-E -0.08 1.85 -361| -0.16
presence
Observed 1.00 502.00 1863.00 0.00 2366
No rice
Expected 0.92 503.85 1859.39 1.84
O-E 0.08 -1.85 3.61 -1.84
1 549 2026 0 2576
2 _ p-value =
X" =22.578 0.004599
Table 32: Table of observed, expected, deviation, chi-square and p values from
independence for rice farmers in category C and suitability classes.
Suitability class
Moderately Marginally  Not
suitable Suitable Suitable
Observed 31 99 1 131
Rice
Expected 26.9769 103.951 0.07194
crop O-E 4.02306 -4.9511 0.92806
presence
Observed 344 1346 0 1690
No Ti
0T Expected 348023 |  1341.05|  0.92806
O-E -4.0231 495113 -0.9281
375 1445 1 1821
x?=13.801 p-value = 0.025
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CHAPTER FIVE
5.0. DISCUSSION

5.1. Spatial Interpolation of Exchangeable Acidity (pH), Soil Phosphorus (P)
and Soil Organic Carbon (SOC)

The mapped soil pH by all approaches are shown in Figure 12. The optimum pH
(CaCly) for plant growth is between 5.2 and 7.5. Below the pH of 5.2, the levels of
Aluminum, Manganese and Copper are toxic for plant growth as Phosphorous and
Magnesium are not available for plant uptake. 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 deficient
(Lake, 2000). The maps in Figure 12 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 12, range from 5.2 to 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 receive high rainfall therefore prone to leaching of basic
ions and the western parts despite receiving the same amount of rainfall as the eastern
parts, the area is characterized by Kalahari sand. The 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 the maps in this study show low pH values
in the west of the country, whereas the SoilGrids map shows larger values there.
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) because they are sandy. A more
thorough assessment of the SoilGrids predictions using the RALS data would be of

interest.

For soil pH, predictions by the EBLUP 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
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evidence provided in the model-fitting stage for a significant relationship between soil
pH and the selected covariates. The result for soil phosphorus and soil organic carbon
were expected to result in better predictions from the LMM which included covariates
as fixed effects. However, one may note for soil pH, soil phosphorus and soil organic
carbon that the difference between the correlated random variance in the LMM with
selected predictors as fixed effects and the corresponding variance in the LMM with a
constant mean the only fixed effect is very small. The fact that a covariate is
significantly related to a soil property does not necessarily mean that it will allow
improved prediction of 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 EBLUP 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 EBLUP, 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 for soil pH and soil Phosphorus,
while the RF prediction errors at the validation points (Tables 26 and 27) 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 over fitted to a clustered data

set might well fail to predict effectively at independent validation points. This
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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 were evaluated with soil pH. 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 an uncausally-related predictor will result in poor
predictions at independent validation sites.

Due to presence of legacy data, there is an opportunity for use of this data in digital
soil mapping. 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. It is noted 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.
5.2. Land Suitability Evaluation for Rice Production

The method used to obtain weights to combine the different factors was based on a
pair-wise rating method, tested for consistency. However, it reveals an underlying
hierarchical structure of these factors in terms of their implied importance as suitability
determinants for rice production. The factors, shown in Tables 5 and 6, can be divided
in three categories. First are the climate factors (Rainfall and Temperature); second are
the topographic and soil physical factors (coarse fragment, drainage and slope) and
finally, soil chemical factors (pH, OC, Phosphorus and CEC). And as shown by the
weights in Table 12 and 13 three things can be observed. First, coarse fragment and
temperature have the lowest weights of 0.019 and are dominated by soil physical and

chemical factors with higher weights. Second, CEC and rainfall have a higher weight
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of 0.239 dominating all soil physical factors and chemical factors except for drainage
whose weight is 0.235 which is close to that of these two factors. Third, CEC
dominates all other soil chemical properties, and all soil chemical properties dominate
all other factors except for drainage and rainfall which are equally important as CEC.
In rice production, water availability is extremely important and it is determined by
rainfall and soil water-holding capacity (Moormann and Van Breemen 1978). It is
therefore unsurprising to see factors such as rainfall and those that reflect soil water

holding capacity such such as Drainage and organic matter dominate other factors.

The nine maps for separate factors for rainfed paddy rice, showed that much land is
not suitable or marginally suitable for paddy rice production as judged from CEC,
rainfall and slope. The CEC of soil is restrictive mainly observed in the western part
of the country, where soils formed in Kalahari sand cover have limited clay content.
Large slopes were mainly observed in the eastern part of the country along the margins

of valley areas.

Based on the weighted factors, the overall suitability map for rainfed paddy rice
showed about 27 percent of the study area was highly and moderately suitable. For
rainfed upland rice, only 29 percent of the study area was highly and moderately
suitable. For irrigated paddy rice, only 26 percent of the study area was highly and
moderately suitable. And for irrigated upland rice, 54 percent of the study area was

highly and moderately suitable.

With only about 27 percent, 29 percent and 26 percent, of land area potentially suitable
for rainfed paddy, rainfed upland and irrigated paddy rice production, respectively.
Taking into consideration competition with other staple crops, there is limited potential
for rainfed paddy, rainfed upland and irrigated paddy rice production in Zambia. Most
of the land has limitations which are severe for production of these production methods
and will reduce productivity as well as increasing requirements for inputs. However,
with 54 percent of land area potentially suitable for irrigated upland rice, this would
help expand the production of rice beyond the limited potential suitable area for rainfed
paddy, rainfed and upland rice. This result agrees with Mutale et al., (2010) whose
study recommended that the New Rice for Africa (NERICA) upland varieties be
explored for possible cultivation in upland Zambia. With such limited potential, there
is also a need to improve the productivity of rainfed paddy rice among the few farmers
growing the crop by investing resources in training them in agricultural practices that
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will help reduce the limitations such as increasing organic matter content of their fields
by adding manure and practicing conservation agriculture as this will help increase the

CEC as well as soil moisture retention of their soils.

The validation of the suitability map using RALS 2012 data showed that, among
farmers in category A, B and C, there were fewer rice presence than expected under
random association in the marginally suitable class and more in the moderately suitable
class, and that the difference between the observed numbers and expected numbers
under random association was statistically significant (P= 0.0002,0.0046 and 0.025
respectively) meaning there is a greater chance of rice being grown on moderately
suitable land than would be expected by chance alone

This land suitability assessment was carried out using soil pH, soil Phosphorus and
soil organic carbon maps produced from legacy soil data collected during the RALS
2012 survey as well as a secondary data analysis using free access secondary data
available on soilgrid, worldclim and USGS websites. Because surveys are costly and
time consuming, such data can be used to address important problems without

incurring the high cost and time consuming of a new survey.

As noted in the methods section, the division of the ranges of values for the SSF were
based on a range of studies from across Tropical and Subtropical conditions. They
may therefore be used in comparable evaluations in other settings in the Tropics or
Subtropics, although they should be updated wherever possible from the results of new
studies or systematic reviews. However, the pairwise comparison matrix, A, was
based primarily on local expert opinion. The validation results give some evidence
that this opinion was soundly-based. However, the elicited pairwise matrix produced
here should not be applied outside Zambia without care, and local experts should first
be asked to review the comparisons made in Table 7, and to amend these in the light
of local experience. The methods section provides sufficient information on how the

consistency of an amended matrix can be tested.

As observed above, this land suitability assessment is based on expert judgement, and
also on the assumption that overall land suitability can be treated as a weighted linear
combination of contributions from multiple factors. The validation described above
suggests that this assessment is of value, at least as a provisional guide, but further

work is needed to develop such assessments and to refine them. These might use
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process models, or surveys of actual paddy rice yields at locations across Zambia or
an analysis of proxy variables for crop yield, e.g., from remote sensor data, both to
compare these between the suitability classes obtained here, but also to explore other
non-linear effects of multiple factors, possibly using a modelling method such as
boundary line analysis (Lark et al., 2020). Furthermore, this study has considered
biophysical factors which might control land suitability, but farmers’ decisions are not
based only on biophysical limitations (Rossiter, 1995). A proposal is made, that given
the need to make assumptions about the joint effects of multiple factors, there is an
argument for not combining biophysical and socio-economic factors into a single
multi-criterion index of suitability. Therefore, further research, that economic surveys
are undertaken to record local commodity prices (rice and alternatives), input and labor
costs, historical experience of rice production, contemporary attitudes to rice as a crop,
knowledge of rice production among local extension officers. These could be focused
on areas where the analysis presented here suggests that biophysical factors are
conducive to the production of paddy rice, but where the RALS data show marked
differences in the extent to which local farmers choose to produce the crop. Thiswould
enable identification of key socio-economic factors that may limit rice production
where the physical environment is suitable for it.
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CHAPTER SIX
6.0. CONCLUSION

This study has shown when carrying out digital soil mapping for a large area across
the country, one can successfully map the spatial variability of soil properties such as
soil pH, soil phosphorus and soil organic carbon using legacy data from already
existing surveys without incurring the high cost of soil sampling and analysis.

However,

The spatial variability of Soil pH, Soil Phosphorus and Soil organic carbon was
successfully mapped and can be utilized by different stakeholders such as farmers,
policy makers, researchers as well as farmers for agricultural activities such as land

suitability assessment not only for rice production but other crops as well.

It also successfully demonstrates how to use a model-based approach to validate the
performance of spatial models from highly clustered spatial distribution legacy data
by splitting the data set at cluster level. Then MSE and ESE can be used to validate
the performance of the models for spatial prediction of soil properties. The ESE,
computed from the model, in all the cases (soil pH, soil phosphorus and soil organic
carbon) was not very different from the MSE computed directly although in each case
it exceeded the mean square error was expected. This could be because when data was
split at cluster level, the clusters are reasonably balanced (similar numbers of
observations in each), and are themselves independently and randomly. 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.

The empirical best linear unbiased predictor (EBLUP) with the only fixed effect a
constant mean performed better than the other methods used for predicting soil pH and
the EBLUP with fixed effect performed better than other methods used for predicting
soil organic carbon and soil Phosphorus. Random forests had the largest model-based
estimates of the expected squared errors in all predictions. The soil pH, soil phosphorus
and soil organic matter maps produced using the best performing models, were used
as factors in land suitability assessment of paddy and upland rice under rainfed and

irrigation conditions.
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In addition to the soil pH, soil phosphorus and soil organic matter maps. This study
integrated free access secondary data available on soilgrid, worldclim and USGS
websites in the land suitability assessment. Because surveys are costly and time
consuming, this study has shown that such data can be used to address important

problems without incurring the high cost and time consuming of a new survey.

The suitability for rainfed paddy, rainfed upland, irrigated paddy and irrigated upland
rice production was found and areas that are highly and moderately suitable identified.
Potential land classified as highly and moderately suitable was 27 percent for rainfed
paddy rice, 29 percent for rainfed upland rice, 25 percent for irrigated paddy rice and
54 percent irrigated upland rice. This result shows limited potential to develop
production of rainfed paddy, rainfed upland a well as irrigated paddy rice in Zambia
but great potential for irrigated upland rice production. These findings have
implications for the Ministry of Agriculture managing the National Rice Development
Strategy (NRDS) of Zambia, which should also explore the irrigation of upland rice

production in Zambia as this would help expand the potential production area of rice.
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CHAPTER SEVEN
7.0. RECOMMENDATIONS

Ministry of Agriculture managing the National Rice Development Strategy (NRDS),
should explore the irrigation of upland rice production in Zambia in areas identified to

be suitable as this would help expand the potential production area of rice.

When mapping spatial variability of soils from legacy data with highly clustered
spatial distribution, it is recommended to split the data into prediction and validation

subsets at cluster.

b

Random forest algorithm appeared susceptible to wholly random “null predictors’
which were simulated. This is taken as the first example where such null predictors
have been selected alongside pedologically plausible ones. This approach can be used

by pedometricians to generate insight from their analyses, as well as predictions.
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APPENDICES
APPENDIX 1: Detailed RALS 2012 Sampling Procedure

The first stage involved identifying the Primary Sampling Unit (PSU) which is one or
more Standard Enumeration Areas (SEAs) each comprising a minimum of 30
agricultural households. The SEA is the smallest area with well-defined boundaries
identified on census sketch maps. The second stage involved listing and identification
of agricultural households in selected SEAs. The listed agricultural households were
then stratified into three categories - A, B and C (CSO/MAL/IAPRI, 2015). Category
C comprised households with 5 to 19.99 ha of land under crops, grown one or more
special crops, raising > 50 cattle, >20 pigs, > 30 goats and or > 50 chickens. Category
B comprised agricultural households with 2 to 4.99 hectares area under crop. Category
A comprised households with 0 to 1.99 hectares of land under crop or owning livestock

numbers less than those specified in category C.

Systematic sampling from the household list comprised by the enumerators in the SEA
was to select 20 households distributed across the three strata. Where all the three
categories had adequate numbers of households listed, the sample household
distribution was C=10, B=5 and A=5. Where there were shortfalls in category C, all
households in this category where selected and the difference from 20 was equally
allocated to categories B and A. If the difference from 20 could not be equally allocated
to the two categories, category B was allocated one more sample household than
category A. Where there was no household in category C, 10 sample households were
allocated to category B, and 10 to category A. Where there was no household in
category C and less than 10 in category B, all were included in the sample and the
allocation for category A was increased to make up for the shortfall from the required
number of 20 sample households. Where all households fall in category A, all the
required 20 sample households were selected from that category. For each stratum,
systematic sampling was done to select the required households. First the sampling
interval was calculated by dividing the total number of households in the category by
the sample number. Then the random start number was selected by randomly selecting
a column from the table of random numbers. Starting from the top of that column, the
first random number between 1 and the number of households in the category was
selected, inclusive as the first corresponding selected household in the sample. To add

the next household number, the sampling interval was added to the chosen random
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number and this procedure was repeated to add remaining households of the sample
(CSO, 2012).
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ARTICLEINFO ABSTRACT
Handling Fditee. Budiman Minasuy Digital soil maps describe the spatial variation of svil and provide imp inf ova spatial variation of

soil properties which provides policy makers with & synoptic view of the state of the soil. This paper presents a

Keywords: study to tackle the task of how to map the spatial variation of soil pH across Zambia. This was part of a project to
Linass mined models assess suitability fnr rice ;lodnnhm across the country. Legacy data on the target variable were available along
BEML-EBULP with additional rnv-'lxlrx as puandzl predictor variables. We had the option of
Randoan forests " " Tl

Spatial prediction of soll pH undertaking spatial pred by g 1 oe We set out to compare the ap-

proaches from the selection of predictor variables through to model validatiun. and to test the predictors on a set
of validation observations. We also addressed the pmblun of how to robustly validate models from legacy data
when these have, uisoﬁrn!heasr,almmb’r‘ d spatial il The validati istics results
showed that the irical best linear unbiased di (EBLUP) with the only fixed effect a constant mean
(ordinary kriging) performed better than the other methods. Random forests had the largest model-based esti-
msof!hcexpmrdsqunmd errors. We also noticed that the random forest algorithm was prone to select as

i randoen variables which we had simulated.

1. Introduction

primary purpose of predicting the values of coil properties where these
have not besn obeexved directly (McEramey et al, 2000 A well-

Soil maps describe the cpatial of zoil types and provid.
infi ion on spatial v of zoil properties (Kempen
etal, 2010). M; g of soil properties iz & uxt ides policy

mkmwx:havymptxvmof!heumolxhe:oiand;grxulmﬂ

keholders with i ;bcmtvfluuand pmblgma mghtoccur
(Lark et al | 2019). Soil mapz are g d using zo0il mapping
methods which can be divided into ¢ 1 and ped ic ap-
proaches (Kienast-Brown et al, 2010; Hengl, 2003).

Conventional soil survey represents coil variation in terms of profile
clazses and corresponding map legend unitz. It can provide a bagiz for
rp:nalpudxunnofmlpm:mlm:yahomu:mmfm

ion on zoil g and for zy
d:ing ledge of the distrik oimhindulambupe(:onven-
tional approaches were bazed largely on manual processes which are
coatly and time ing (15 Brownetal , 2010) mainlyb '3
longﬁeldwockpen«h(h(oorjuneul 2010). P«lomemcappmdxam
bazed on the appli of ical and statistical methods for the

2.5 ding author: Dep of Soil Science, School of Agricaltural

bliched approach to doing thiz iz the application of
model-based geostatistica (Stein, 1999; Diggle and Ribeiro, 2007). In thiz
approach the variation of the soil iz represented in a linear mixed model
(LMM)na:ombmanonofﬁudeﬁem (which may be a conztant un-
known mean, or a function of predi iates such az remote senzor
data), and dom effects, including Gaussi dom fields which
exhibit spatial correlation. The p;r:mbu: of the LMM model can be

i d by Residual Maxi: Likelihood (REML) method developed
by Patterson and Thompson (1971), which allows parameters of the
random effects to be ectimated with zmall bias arizing from uncertainty in
the fixed effects (Kitanidiz, 1987: Swallow and Monzhan, 1984; Zim-
merman and Zimmerman, 1991; Lark and Culliz, 2004). When the model
iz fixed, values of the zoil property at led zites can be obtained by
the empirical best linear unbiazed predictor (EBBLUP) (Stein, 1999 Lack
etal, 2006; Lark and Webster, 2006; Minaany and McBratney, 2007).

There ha: been a growing in the p ial of hi
leaming methodz (e.g. Breiman, 2001) az an alternative to statistical
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ARTICLE INFO ABSTRACT

Keywords: Rlcrnoncaflhzsuplrfoodu'npsandsapmﬁnbkmammldaadlcwmlambu It has the potential to
Land sultability yto i and employ among rural produ rice is the caly
Mulh.critaria evaluadon sulplfu'oplnlhtcwwyforwhuhbmpmdmmndmmmwmmddnmc!xdﬂnnﬂ.lm
Paddy rice productivity is one of the factars that contribute to this One Y step ds add ng this problem is

P

the identification of land with greatest pou-nnal fcr rice production, as well as the nimnﬁaum of land-based
limitations which might be The aim of this study was to develop a land
smuhlhry index for rainfed paddy rice pm&u:hon reflecting expert opinion and published studies based on
pographic and soil properties. Land suitability was evaluated nsng- method which accounts for
impoctant multiple factory, and which considers their joint effect in terms of a hi hical moded of i
The suitability classes were mllad lccotd.'mg to the FAD land suitability classification as: Highly
Mod ly Suitable (52), Marginally Suitable (53), Ci ly Not Suitable (N2), and P ly Not Suitabl
(N1). Results showed that there is lmulrd po(um:l for rainfed paddy rice production in Zambia vmh < 20% of
the land dassified as either highly or mod itable. Therefore, the p ial of irrigated and upland rice
pmd:mnm?mbuwrdsmbea“eduthuwmldhdpmdlbepo(mmlpmdunoum‘ofnce

Multiple soll dasses

1. Introduction

Rice, in addition to maize, cassava, corghum, millet, wheat, sweet
and Irish potato, iz one of the staple food crops (Styger, 2014) in Zambia
Itis :mﬁnﬂemﬂhﬂucuhmpwnhdupoﬂnnﬂmmmbm
significantly to i and employ among rural pro-
ducers (Chizhuka, 2009). The current status of rice iz evidence of itz
growing importance. The annual demand for rice roce steadily from
below 20,000 tones to almost 70,000 tones for the period 2003-2017 az
illustrated in Pig. 1 (CSO, 2018).

H , the d 1 for rice rice the
onlycmmembuvnd:adeﬁa:.Tomaetdmdeﬁaz,:bemunnyhn
imported between 5000 and 20,000 tons of milled rice annually (Min-

1 Jucsi 1:

the market by the year 2020. However, to date the national average
yield of rice haz not increazed, neither has the areapl i, although the
staple requi i to i (Table 1).

Poor yield iz one of the factors that has contributed to Zambia's
inability to meet the increazing d d for rice through local produc-
tion. Average rice yields are 1.3 t/ha (CSO/MAL/RALS, 2015) which i
quite low when compared to other E and South African
countriez such as South Africa, Kenya, Uganda and Zimbabwe where
national average yields were 2.61, 5.24, 2.30 and 2.26 t/ha respectively
for the year 2013 (Ministry of Agriculture, 2016).

Apart from zoil constraintz (Aune et 2l 2014), poor water man-
agement iz also one of the factors that limits rice yields (Styger and
Uphoff, 2016). Moat of the rice grown in Zambia iz rainfed paddy rice

istry of Agriculture, 2016). In resp , the g through the and thiz limits itz cultivation to flooded or semi-flooded lowland envi-
Ministry of Agricul Jeveloped the National Rice Develop (Mutale et al, 2010). With freq of droughtz,
ummgy(NRDo]m.Jols w‘hoaewmﬂobmwwwmmmlocﬂ flooda and other h Jitionz due to cli h

rice production by at leazt 509 and to enh itz petiti on f: g lly find it difficult to improve production and
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