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Regression tree analysis of soil property and agro-economic
practices and the effects on yield in Tanzania

Lietava, J & Morimoto, R”

Abstract

Food security and yield production have been extensively studied in regard to fertiliser response
in the context of Sub-Saharan Africa. Soil fertility gradients within farms interact with other
complex factors such as plot management, alongside bio-physical as well as socio-economic
constraints, to create extensive heterogeneity in yield production. Hence, Dblanket
recommendations regarding increasing inputs may not just lead to limited or no change in
productivity but may affect long term sustainability. To try and explore the relationships between
these factors, Classification and Regression Tree (CART) analysis was used to simplify the effect
of plot management decisions. Data was from the focal plots of the 2016 and 2017 Tanzanian
Agronomy Panel Survey (TAPS 2017; n = 580) with a range of yields and socio-economic contexts
(2.10tha® — 3.68tha). Results suggested that in low resource fields, management factors are
subservient to extreme soil degradation while in high resource fields good management such as
optimal planting are needed for maximum predicted yield (4.48tha; n = 51). Boundary line
analysis was conducted, and maximum yield-nutrient response values calculated. The yield gap
obtained suggested only up to 60% of locally obtainable yield is reached, highlighting the
necessary balance between intensity of resource use and good management for sustainable and
sufficient crop production, especially in the case of extreme soil degradation.
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Introduction

Food security is a recurring problem within most of Sub-Saharan Africa, with a large majority of
the continent depending on subsistence agriculture (Isinika et al., 2011). Crop yield is highly
variable not only across countries, but within farms as small as 0.45ha™, affected by both
management factors as well as inherent soil properties (Giller et al., 2006: 11). However, these
two factors are not independent, and interact with each other within a socio-economic context,
with limitations such as low resource input availability and the opportunity cost of applied labour.
Tanzania has a varied political economy history, with 70% of its population relying on subsistence
agriculture, mainly maize, using rainfall alongside little to no water management, and hence facing
increasing vulnerability from climate change and precipitation variability (Lema and Majule,
2009: 206).

Extensive literature has covered the diverse response in terms of plot management to increasing
uncertainty regarding crop yield in the context of the operational environment of small-holder
farmers (Tittonell and Giller, 2013). With fertiliser usage in Tanzania below the Sub-Saharan
average of 15.0kgha®, at 8.0kgha?, soil rehabilitation is costly and uncertain, and hence
conservation management techniques such as no-tillage and manure application are essential (The
World Bank, 2017; Isham, 2002).

Many methods have been used to estimate yield production, generally utilising Cobb-Douglas
or transcendental logarithmic (translog) functional form. However, in the context of extensive
links and feedback patterns within soil management, fertility and socio-economic factors, CART
(Classification and Regression Tree) analysis offers a method without underlying parametric
assumptions (Wiig et al., 2001; Ekbom et al., 2008). Hence, this paper aims to use CART analysis
to explore these links, focusing on plot management techniques, within the institutional
environment of Tanzania.

The first chapter explores the current literature, contextualising current limited input use in
terms of slow technology uptake. Furthermore, the limit of blanket recommendations is high-
lighted with varied plot management adaptation due to climate change, as well as extensive soil
resource limitations. Chapter two explores the current institutional limitations, and the origin of
high transaction costs which are currently present for smallholder farmers. This is followed by an
explanation of the three main type of variables selected, focusing on management and
conservation, soil properties and infrastructure and socio-economic variables. This is followed by
a brief overview of the TAPS 2017 data, highlighting remnant wealth stratification, alongside
diverse management responses as well as varied inherent soil properties. Chapter three shows the
CART analysis results, demonstrating the importance of plot management techniques especially
in low resource fields. Finally, chapter 4 discusses yield potential alongside socio-economic
factors, concluding that the focus should be on attaining locally obtainable yield through soil
property and plot management techniques.



1 Agricultural management and interactions

Agro-economic management and resource allocation: fertilisers, land use and technology
change

Maize is relatively demanding of nutrients, with Nitrogen (N), Phosphorous (P) and Potassium (K)
essential for increasing crop yield, more integral in areas where rainfall is limited or highly variable
(Katinila et al., 1998; Tittonell et al., 2008). Productive assets are limited in Tanzanian agriculture,
with 56% of the planted area cultivated using the hand hoe, which is more emphasized for those
farmers working on maize, with the percentage rising to 75% (Katinila et al., 1998; Isinika et
al.2011: 290-293). Furthermore, although the usage of fertiliser as an input increased by a factor
of 5in the period 2005 - 2010, artificial fertiliser usage is very low, with only 21% of maize farmers
accessing and utilising this resource in the main season (Isinika et al., 2011: 296).

Several studies have looked at the factors affecting fertiliser adoption. N adoption is associated
more intensely with decreasing land size, as well as with increasing levels of education (Nkonya
et al.,, 1997; Cornia, 1985; Seyoum et al., 1998). However, the lack of adaptation of current
technology has also been explored as a factor in the lack of the engagement of Tanzanian youth in
agriculture combining with the ageing structure of institutional actors, such as extension and
research personnel, potentially leading to worse conditions in terms of future technology adoption
(Isinika et al., 2011). Furthermore, in the short-term, the uptake of chemical and inorganic
fertilisers may be delayed due to the necessary amount of time required for farmers to collate and
gather knowledge through local networks and extension agents (Seyoum et al., 1998; Isham, 2002;
Katinila et al., 1998; Kaliba et al., 2000). Isham (2002) explore the process of technology adoption
in Tanzania utilising three characteristics of social structures which positively affect diffusion:
group homogeneity, participatory norms in the form of the level of interactive decision making
and leadership heterogeneity (Isham, 2002: 41-42). This highlights the importance of focusing on
the regional variety and diversity of social structure.

Climate change and adaptation

Vulnerability has been defined in many different contexts, but is used here to refer to a cross-
section of social, economic and institutional factors and the ability of individuals to use
‘entitlements’ to adapt to risk (Kelly and Adger, 2000: 326). This can be summarised in the
exposure-sensitivity chart in figure 1, which highlights the importance of adaptive capacity in
terms of the level of mitigation, optimisation and maintenance of these response strategies in terms
of risk-determination (lonescu et al., 2009; Mongi et al., 2010).
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Figure 1: A conceptualisation of vulnerability in regard to climate change, with inputs of
exposure, sensitivity and adaptation (lonescu et al., 2009: 4).

Most of Tanzanian agriculture relies on rainfall, with only 2.7% of the total planted land having
irrigation (Isinika etal., 2011: 294). Furthermore, EI-Nifio Southern Oscillation (ENSO) influences
rainfall, with more precipitation during warmer ENSO events (Rowhani et al., 2011: 452). The
Northern areas face a bi-modal precipitation pattern, with rains between March and May, as well
as October to December, with the rest of the country receiving rainfall in the main season from
December to May (Rowhani et al., 2011: 450). The Northern areas face a bi-modal precipitation
pattern, with rains between March and May, as well as October to December, with the rest of the
country receiving rainfall in the main season from December to May (Rowhani et al., 2011: 450).

The effects of increasing variability due to climate change, in regard to agricultural
productivity, can be subdivided into three main categories. First, unpredictable rainfall leading to
changing onset and end of rains in tropical regions can have larger effects, especially due to the
yield of maize being highly correlates to the length of the growing season (Mongi et al., 2010;
Tabu et al., 2005; Croon et al., 1984; Lema and Majule, 2009). Secondly, increasing pests and
diseases due to higher temperature and moisture lead to further risks to crops. Finally, increasing
probability of drought can not only increase the chance of crop failure, especially in critical parts
of the growing season, but can lead to declining soil fertility (Lema and Majule, 2009: 207).
Furthermore, there is regional variation. Semi-arid sections of central and south-eastern Tanzania
are more at risk due to low soil fertility and predicted decreasing soil moisture (Mongi et al., 2010;
Morris, n.d.: 371-372).

Studies have shown the awareness of smallholder farmers in regard to perceived change in
rainfall and temperature especially regarding the shifting of the main season (Mongi et al., 2010;
Lema and Majule, 2009). In response to unpredictable season length and start, transplanting,
integration of livestock and splitting plots have all been used as techniques, alongside bi-modal
planting and increasing labour input per hectare (Mongi et al., 2010; Morton, 2007). Furthermore,
inter-cropping and substitution can also be seen as attempts to reduce risk, which are separate from
coping mechanisms, such as employment diversification into charcoal production or intra-



community support (Morton, 2007). Hence, responses to climate change have to be flexible and
compensate for both excess-water seasons and higher drought probability, such as through op-
timising soil organic matter to stabilise soil structure (Lema and Majule, 2009: 216-217). This
highlights the importance of management techniques, as well as the level of diversity present in
the responses of Tanzanian smallholder farmers.

Effects of soil on productivity and fertility management

Biophysical constraints in terms of soil properties are one of the largest factors affecting crop out-
put variability in Sub-Saharan Africa, with high levels of soil degradation due to intensive farming
practices, climate change as well as poor agro-economic management (Lungu et al., 1993; Kihara
et al., 2016; Achieng et al., 2010; Lal, 2006). Different soil fertilities stemming from inherent soil
properties, topographic position and the combination of agro-economic management techniques
suggest that blanket recommendations are not satisfactory (Tabu et al., 2005; Ismail et al., 1994).
Furthermore, nutrient balances and changing chemical properties can have varying impacts de-
pending in adaptation strategies (Braun et al., 1997).

Soil organic matter (SOM) is a key factor, affecting the retention of water alongside chemical
effects such as pH (Reeves, 1997; Braun et al., 1997: 18-21). Tabu et al. (2005) focused on small-
holder farmers in Western Kenya, with a difference of 19% in SOM between productive (4.3tha”
1y and unproductive (2.8tha*) niches. SOM has also been shown to be positively correlated with a
transition from plow-till to conservation-till, manuring as well as improved fertility management
(Lal, 2006: 201). With the majority of farmers still utilising the hand-hoe for tillage, this is a major
potential area of improvement within Tanzanian agriculture.

On the other hand, in terms of socio-economic limitations, limited extension service currently
present within the Tanzanian agricultural sector could potentially pose a limit on the transition
from SOM-degradation to sustainable practices which would need to be based on solidifying the
fact that soil resources are not unlimited. In the case of Tanzanian smallholder farmers, soil acidity
as well as fertiliser cost are limitations. This is partially due to limited infrastructure and hence
utilising on-farm resources is increasingly important (Achieng et al., 2010).



Impact of agro-economic practices and soil management

In the following chapters, this paper argues that focusing on achieving locally obtainable yields
should take priority over increasing yield potential, due to input limitations as well as inherent soil
properties. Furthermore, although management techniques can improve maize yield, through
methods such as reducing planting delay and focusing on correct soil property management, they
exist within the institutional and socio-economic constraints. Hence, other factors such as food
security must be considered, especially in the context of climate change and risk management.
Furthermore, the importance of CART analysis is demonstrated regarding its ability to explore
non-parametric relationships between complex and inter-linked variables. There has been limited
literature utilising this method in regards to yield and management exploration, and this paper aims

to solidify and standardise this approach, in comparison to traditional parametric methods
(Tittonell et al., 2008; Zheng et al., 2009).

2 Methodology

Tanzanian agriculture and its evolution

Structural Adjustment Programs and local political economy have influenced smallholder farmers
through effects on inputs, infrastructure as well as direct involvement (Isinika et al., 2011; Putter-
man, 1995). In 1995, 13% of arable land was utilised, while two-thirds of GDP originated from
agriculture (Putterman, 1995: 312). Although this fell to 25.9% by 2008, it is still the largest source

of revenue, with 88% of total agricultural area under small holders (Isinika et al., 2011; Skarstein,
2005).
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Figure 2: Data for four crops in Tanzania, extracted for 1961 to 2016 (Food and Agricultural
Organisation of the United Nations, 2018b).



Pre-reform, agricultural stagnation and liberalisation

Pre-independence of Tanzania, commercial smallholder agriculture was successful and regulated
state intervention (Ellis, 1982; Putterman, 1995: 312-313). Following “villagisation” through
multi-purpose cooperatives, parastatal bodies were expected to mitigate transaction costs
(Skarstein, 2005). However, a combination of institutional factors arising from uniform pricing led
to reduction of official maize purchases from 224,000t in 1978 - 1979 to 104,600t in 1980 - 1981,
as seen in figure 2 (Gibbon et al., 1993; Putterman, 1995: 313). Stagnation also arose from the
cutting of ex-ternal aid due to a failure to meet International Monetary Fund conditions on
structural adjustment, and the loss of local knowledge due to “villagisation”, a process which was
supported by interna-tional agencies, and lead to massive resettlement (Cooksey, 2011; Gibbon et
al., 1993; Skarstein, 2005; Collier and Gunning, 1999).

Inter-regional barriers were removed by 1987, and a Structural Adjustment Program targeting
input availability was launched in 1982. However, unfavourable exchange rates, low world mar-
ket prices and removal of subsidies on inputs and transport all countered any positive potential
effects from private sector competition following removal of parastatal bodies (Skarstein, 2005:
314). Alongside disappearing credit markets, this led to increasing wealth-stratification in favour
of large farmsteads (Collier and Gunning, 1999; Gibbon et al., 1993).

Hence, farmers are increasingly diversifying for alternate income-sources while only relying
on agriculture for subsistence. Decreasing fertiliser use (10.5% by 1997/1998) alongside
increasing utilisation of land and population, combined with the effects of “villagisation” have
lead to decreasing labour productivity (Gibbon et al., 1993). Even with the re-introduction of input
subsidies in 2006, the presence of weak physical infrastructure means that not only does the
remnant wealth-stratification remain, but higher transaction costs for smallholder farmers and lack
of inputs make yield optimisation more difficult (Isinika et al., 2011).

Model form

Classification and Regression Tree (CART) Analysis

Stochastic frontier functions, such as translog and Cobb-douglas are commonly used to estimate
inefficiency and deviance from the potential frontier, and applied to agricultural productivity
(Umar et al., 2017; Ray, 1982; Pavelescu et al., 2011). Although they offer some flexibility
regarding functional form, they have limitations. For example, Cobb-douglas assumes fixed
elasticity amongst factor combinations while translog functions may require handling zero values
and thus introducing bias (Ekbom et al., 2008; Heathfield and Wibe, 1987). This can lead to more
complex interpretations and differences in policy conclusions just through transition of functional
form as demonstrated by Umar et al. (2017).



CART is non-parametric and assumes no underlying distribution of the data (Tittonell et
al., 2008; Heathfield and Wibe, 1987; De’ath and Fabricius, 2000). Prediction on continuous data
is done by constructing a tree based on the homogeneity of the explanatory variable, where for
every predictor all split combinations are considered and the sum of squares is optimised. For
categorical variables there are 2= — 1 possibilities as opposed to u — 1 for numerical (De’ath
and Fabricius, 2000: 3179). Impurity (heterogeneity) of a node is defined as follows:

I1(A) = ¥y f(pid) 1)

Where A is a node, C is the number of classes, pia is the proportion of A in class i and f is an
impurity function, generally Gini index; f(p) = p(1 — p) (Therneau et al., 1997: 5-6). Splitting
continues until a certain complexity parameter («) is reached where the variance explained is lower
than the cost of the next step, and hence a tree is generated.

Since only the rank of variables is important, a tree is invariant to transformations, and can
handle missing variables through propagation based on characteristics of other values in the node.
Though it can handle skewed and multi-modal data as well as categorical and continues variables,
selection of variables can introduce bias (Tittonell et al., 2008; Tsien et al., 1998). On the other
hand, in strongly linear situations it can under-perform compared to linear regression (De’ath and
Fabricius, 2000: 3184). Crop management, soil fertility and bio-physical interactions create a
complex network of growth-limiting interactions which would suggest this is not a limitation. On
the other hand, CART can offer a flexible and adaptable technique to mapping soil fertility classes
and management interactions in the context of limited or non-complete data (Zheng et al., 2009;
Tittonell et al., 2008).

Data processing and principal component analysis (PCA)

Data collection and processing

Data processing was done using the R package (R Core Team, 2013). Furthermore regression trees
were constructed using "RPART ”, but the ”partykit” package was also used (Therneau and
Atkinson, 2018; Zeileis et al., 2008). Plotting was generally done using “’ggplot2” and a multitude
of helper functions were utilised such as raster”, ”dplyr” and ”’sp”. (Wickham, 2016; Wickham
et al., 2018; Hijmans, 2018; Bivand et al., 2013).

Soils data used were from the TZAPS 2017 survey and collected at 0 - 20cm (top) as well as
20 - 50cm (bottom) at four locations through geo-referenced at each field and analysed by mid-
infrared (IR) and x-ray fluorescence (XRF) methods (Chamberlin et al., 2018). To simplify and
assess the complex inter-relationships of the top soils data, principle component analysis was
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utilised to try and minimise the number of indicators for the CART analysis (Hammer et al., 1990;
Tittonell et al., 2008). The goal of PCA is to identify correlated subsets within data sets with the
goal of attempting to understand inter-relationships between them while minimising the number
of variables but maintaining explanatory power (Hammer et al., 1990: 91-93). The data was
normalised by using In and PCA was then applied (n = 570) and the results visualised using
“factoextra” and “ggbiplot” R packages (Vu, 2011; Kassambara and Mundt, 2017).

Soil PCA analysis

Figure 3 demonstrates the contribution of the top 10 principal components (PC). PC1 and PC2
explained 38% and 18.8% of the variation respectively. Furthermore, figure 4a and 4b show the
main components of PC1 and PC2. For the former, Ca, pH, Boron, M g and K have
approximately 15% each, while PC2 has more than 70% contribution from Carbon, N itrogen
and S. Figure 3 is an orthogonal plot of the variable contributions to the first two principal
components. Figure 3 (a) also shows the inter-relationship between variables in regards to
correlation while (b) shows the contribution across regions with probability ellipses for both
regions relatively similar. A strong positive relationship is observed between Carbon and
Nitrogen (r? = 0.90) as well as between pH and Ca (r? = 0.72) as well as some other ions. The
first 8 principal components were selected to be used in modelling yield response, and together
explained 89% in the soil property variations.
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Variable effects on PC1 and PC2
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Choice and definition of variables

Three models were created - the first with yield dependant only on general management and site
factors, with the second adding infrastructure proxies to explore transaction cost interaction
regarding access to markets and inputs. Finally, soil properties were added to see how bio-physical
constraints changed the interaction. The variables used were as follows:

Output (Q): the output measures, obtained through averaging three crop samples taken on the
focal plot during the harvest and normalised as kilogram per hectare.

General site (G) : Rainfall (R) was included to count as a site proxy variable across the regions
and account for the precipitation differences and extracted for the growing season, November to
July for 2017 while for 2016, yearly data was used (Funk et al., 2015). Self-selected fertility of the
plots by the farmers (F ) and labour input (L) were also included.

General site variables (G) for regression tree:

G[R,F,L] (2)

Management and conservation (M): resource intensity usage is one of the largest factors
affecting yield variability, compromising of expenditure on improved seed, tillage systems,
fertilisers, herbicides as well as other inputs such as labour. Due to multicollinearity, input
expenditure per hectare (Kj) was chosen out of fertiliser expenditure and household assets. This
was due to the fact that input expenditure per hectare performed significantly better than house
hold assets ( r? = 0.05 over 500 cross validation runs) and would include expenditure on other
management when normalised through including labour inputs (L) as compared to just a fertiliser
variable. Seed expenditure per hectare (Ks) was included as a separate input to try and account
for hybrid seed usage. Planting density (Mpen), calculated as plants per m? from the ridge and
planting distance was also included. Instead of herbicide data which was not available, recorded
disease (Mg) for the focal plot was used alongside a weeding count for N-interaction (Mw).

Late planting due to drought stress can reduce yield by up to 20%, and hence planting delay
(Mpder) Was used to account for this as a management technique (Yonah et al., 2006). The
bimodal rainfall pattern of Northern Tanzania as well as rainfall variability and soil moisture
interaction make it difficult to estimate optimal planting date, but a crop planting calculator was
utilised and earliest date picked for both zones, which was the start of December for South
regions and beginning of November for North (Food and Agricultural Organisation of the United
Nations, 2018a). An irrigation variable (M;) was included to account for potential variability
adaptation, but only 7% of focal plots used this feature.
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Soil conservation techniques can affect the plot fertility, soil moisture retention and run off, as
well as soil degradation (Kangalawe et al., 2008; Lopes, 1980; Ekbom et al., 2008). Farmyard
manure (Mm) has been extensively studied in regards to improving degraded soil condition and pH
effects, alongside N-fixing legume inter-cropping and rotation, Mic and M respectively (Lungu et
al., 1993; Achieng et al., 2010). Forms of tillage as a conservation practice regarding topsoil
restoration and acidity effects, as well as improvement of soil organic carbon, are commonly
utilised (Ismail et al., 1994). Hence, maximum tillage level (M;) was included as a measure of soil
pro-cessing every season, alongside slash and burn in the last year, terracing, crop residues, ridging
and contour bunds (Mc1 5).

General conservation and management variables for the regression tree:

M[Ki» Ks' Mt' Mcl—S' MW’ Md’ Mpden' Mpdel' Mic' Mr' Mm] (3)

Soil properties (S): soils data from the top 20cm (St20) of the soil were utilised, with non-
correlated properties used for the regression tree, while slope (Ss) was also included as a
physical aspect of soil properties due to the relationship between some soil variables and
erosion (Lal, 2006).

Soil property variables can be summarised as follows:

S5[St20, 5] (4)

Infrastructure and socio-economic factors (I): transaction costs regarding market and in-
formation access are a limitation, with an interaction between input resources and accessibility.
This would also affect general management and hence distance to market (Im), and fertiliser
transport cost (It ) were used as proxies. To test for the positive correlation observed between
education and extension service retention and technology uptake, the education of the household
head was used Hh.

Infrastructure and socio-economic variables for regression tree:

I[Im, Iy, Hp] ()

Hence, the three models can be summarised as follows:

Model 1:

Q=f(M+G) (6)

15



Model 2:

Q=f(M+I1+G) (7

Model 3:

Q=fM+1+S5+G) (8)

Study area and household statistics

The TAPS conducted in 2016 and 2017 covered a range of bio-physical and socio-economic
environments and included 580 households (Chamberlin et al., 2018). The focal plots data used in
the dissertation were from nine regions, split into two main zones; North and South. The five South
regions experience a uni-modal rainfall pattern with a mean season precipitation of around 500mm
(figure 7 (a)). On the other hand, the three North areas receive 950mm in a bi-modal environment.
The nine areas cover a range of socio-economic and bio-physical backgrounds, with an average
yield of 3.0tha™ for the North and 2.1tha* for the South. Furthermore, a range of different practices
is utilised - farmyard manure is much more prominently used as an input in the northern areas of
Tanzania. However, the usage of a hand-hoe is still the most common form of tillage which
highlights the low technological level, with irrigation remaining an issue at only 7% of plots
utilising this feature.

Resource use intensity is one of the most important factors affecting yield productivity and soil
degradation effects (Lopes, 1980; Reeves, 1997). As expected, labour is one of the largest sources
if inputs in the sampled plots, with a mean of 40 days per year. The average input expenditure per
hectare on the focal plot is 50,700 TSh which is equivalent to approximately $22 - fertiliser usage
and seed expenditure are both low demonstrating the continued limited resource usage,
emphasized with the 66% disease incidence rate. Inter-cropping is commonly used with 55% of
focal plots recording some form of inter-crop. Maize is the most common crop grown, alongside
beans, and sunflowers are often used for extra money as a cash crop, sometimes in the short season
of the bimodal areas.
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Figure 5: The individual focal plots as well as their respective regions with borders from Global
Administrative Areas (2012).
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Figure 6: Variation in altitude and rainfall across Tanzania with data from Fick and Hijmans
(2017) and borders from Global Administrative Areas (2012).
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Figure 7: Boxplots showing the variation across zones for both rainfall and yield.

Land scarcity on a national scale is not an issue, but fragmentation is more common with fertile
land being scarce, with a mean fertility rating of 2 (moderate) across all sites. The average size of
the focal plot is only 2.13ha, compared to 3.34ha for the mean total farm area not only highlighting
the level of subdivision of land but also the reliance on the main plot to deliver food. The mean
time taken to get to the focal plot from the homestead is 20 minutes, and potentially, along with
fragmentation, a remnant of the villagisation process. Fields are generally planted on moderately
sloping soils (mean = 2), but often higher slopes are utilised resulting in a reduction of yield.

Finally, 87% of all households have a male household head, with an average maximum
education of around 7 years. Family sizes are large with an average of nearly 6 members per
household, as well as an average age of around 39 years.

Soil properties

Tanzania has a range of soil types from volcanic soils in the Northern highlands, as well as gneiss
soils, to sandy soils of the coast line with red soils in the central plateau area (Food and Agricultural
Organisation of the United Nations, 2012). However, the interaction between soil type, its
properties and yield is complex and varies with a lot of factors such as conservation practices and
input use (Kangalawe et al., 2008). Although soils are generally acidic (pHmean = 6.11), there is
some variation across regions especially with SOM. This is especially the case of K and P, where
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regional variations are larger than the North to South differences. This is expected from the fact
that soil properties (top 20cm) are liable to change over relatively short term periods of time with
different practices. Furthermore, soil organic content is generally below 1% by weight for all
regions, except for Mbeya and Njombe which are considerably better.
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3 Regression results

Models were ran with a number of cross validations between 20 and 100. A common issue with
using regression tree analysis, especially in the case of data that is not normally distributed, is
over-fitting. Often, the bias-variance trade-off is ignored regarding the complexity of the tree and
explanatory power is purely optimised. Hence, two techniques were utilised to minimise cross-
validation error. First, constraints were placed on the selection of the splitting nodes with a
minimum number of 30 items required for a split. Hence, the cross-validation error was minimised.
This was followed by pruning, where the minimum value of the cross-validation results for the
splits was selected and any other branches past this point were cut.

Split Complexity Parameter (cp)
2017 2016
Model1  Model 3 Model 1
0.051 0.0551 0.0785
0.0365 0.0457 0.0410
0.0296 0.0365 0.0214
0.0214 0.0214 0.0148
0.0191 0.0201 0.0145
0.0148 0.0153 0.0096
0.0070 0.0102 -
0.0001 0.0001 -
Final rel. error 0.810 0.778 0.751

00 NOoO Ok~ WN B

Table 1: Complexity parameter (a) reduction over time number of splits for each of the models.

Variable Unit

Input resources 10> TShha™
Fertiliser* 0 =no, 1 =yes
Fertility* 1-4

Distance to plot ~ Minutes
Delay* Weeks

Seed input* TShha™
Manure 0 =no, 1 =yes
Labour Days per year
Carbon % by weight
Fe* mg kg™t

P mg kg™

K mg kg™

pH* log H"

Table 2: Variables selected from all three models for 2016 and 2017. The * denotes variables
selected for 2016 by CART analysis, which follow the same units (but of 102 magnitude, and on
a farm level not per hectare).
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Figure 8: Regression tree from function of management and socio-economic factors for 2017
with n denoting count and Y the average yield. See table 2 for explanation of variables.
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Figure 9: Regression tree from function of management, socio-economic and soil factors for
2017 with n denoting count and Y the average yield. See table 2 for explanation of variables.
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Figure 10: Regression tree from function of management, socio-economic and soil factors for
2016 with n denoting count and Y the average yield. See table 2 for explanation of variables.
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Models 1 and 2 for 2017

The regression tree (figure 8) constructed from general management and site variables had 8
splitting nodes (R? = 0.19). Input resource intensity explained the most variance, splitting yields
based on low (2.5tha™) and high (3.6tha™). In low resource fields, distance to the plot decided was
second most important, deciding between fields with lowest yields (1.4tha!) and above average
production (3.6tha*; n = 42). This is in line with the expectation from ease of access to fields and
land fragmentation, supported by the fact that variance between the two extremes was affected by
inputs of labour (planting on time) and manure application (Tittonell et al., 2007; Giller et al.,
2006). High resource fields managed highest yield with on-time planting (4.5tha™) while seed
expenditure and distance to the plot affected how much of the reduction in late planting was offset.
The regression tree did not select any of the socio-economic or infrastructure variables as having
more explanatory power so model 2 was identical.

Model 3 for 2017

Model 3 (figure 9a) improved with added soil properties (R? = 0.22). The first split remained the
same as before, with resource use intensity being most important. In the high resource section,
planting delay remained the most important, followed by seed expenditure, while the P threshold
at around 7mgkg?, consistent with other literature, differentiated between close to maximum yield
(4.3tha) and sub-average yield (2.8tha™) (Vanlauwe et al., 2006). However, soil degradation
became the most important split in lower-input fields, where sufficiently fertile fields with C >
0.78% close to the homestead had only a 13% reduction of maximum yield. Distance to the plot
and K deficiency decided lowest yields.

Model 1 for 2016

The model from the 2016 (figure 10a) data had the highest R? (0.75) with the lowest number of
splits (table 1 and figure 10). However, E)Ianting density was not available (and planting stand
density was highly correlated with yield r° = 0.28 and possibly implemented later on) while farm
level expenditures were used instead. Fertiliser split the plots relatively symmetrically, with non-
fertilised (2.0tha) performing a lot worse than fertilised fields (2.9tha™). On non-fertilised fields,
even with highest perceived fertility, yield remained close to average (2.6tha™). Interestingly, even
with fertiliser improper planting management constrained maximum yield to only 2 4tha'l (n=
35), which is expected with large reductions in growing season length and compared to 4.3tha)
the maximum model yield, also very similar to 2017 (Mahoo et al., 1999).

4  Discussion and conclusion

None of the models utilised site proxy variables, suggesting that that the soil property and
management variables had the most explanatory power, within the constraints set on the regression
tree complexity (figures 9a and 10a). Unless specified otherwise, the 2017 model 3 (figure 9a) will
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be used for interpreting the data. Generally, the split of sites varied across all terminal nodes,
except for three specific classes. In the high resource, high-yield terminal nodes (TN7-TN9) the
separation was relatively homogeneous across North and South (table 3: ny = 23; ns = 8; nn = 26;
ns = 5; nn = 4; ns = 48, respectively). This is consistent with the fact that the bi-modal North sites,
which experience two growing seasons, had a larger variation of planting dates as opposed to the
uni-modal South leading to a larger delay variable value. This is especially exacerbated by
increasing variability due to changing rainfall patterns (Yonah et al., 2006; Mahoo et al., 1999).

Zone Regionname Regioncode n Q (tha™) Number of objects per each terminal node
8 (TN1) 18 (TN2) 19 (TN3) 10 (TN4) 11 (TN5) 12 (TN6) 26 (TN7) 27 (TN8) 7 (TN9)

North 179 3.09+1.91 24 21 27 20 24 10 23 26 4
Arusha NO1 59 3.05+1.82 10 0 10 10 15 3 9 2 0
Kilimanjaro  NO3 63 3.68+2.04 3 5 5 3 7 7 10 23 0
Manyara NO4 57 249+1.71 11 16 12 7 2 0 4 1 4

South 162 2.87+2.53 31 18 8 11 12 22 8 5 47
Iringa S02 50 210%1.76 13 14 4 1 0 7 2 3 6
Njombe S06 24 252+2.60 0 2 0 1 5 4 1 0 1
Rukwa S07 29 297+257 7 0 3 8 6 0 2 0 3
Ruvuma S08 37 3.65+2.88 8 2 0 0 0 9 3 2 13
Songwe S09 22 3.66+2.87 3 0 1 1 1 2 0 0 14

Table 3: Breakdown of objects within each region for the terminal nodes. The distribution of
North-South regions is especially highlighted.

Secondly, TN2 (n = 39) was mainly composed of sites from Manyara and Iringa (n = 16; n =
14) where fields were very close with highly degraded soils with lowest soil carbon content (0.48)
as well as highest acidity (5.63) out of all the terminal nodes (table 3). This is possibly explained
by a cyclical process - the lack of investment is potentially due to the fact that a large amount of
inputs are necessary to restore the soil quality after a critical threshold is passed, and hence farmers
prioritise other fields which are deemed more fertile (Tittonell and Giller, 2013; Giller et al., 2006:
20-21). This is further supported by the fact that TN2 has the lowest labour input out of all terminal
nodes (table 4).

Delay  Pld. density Labour Distance Plotarea C N P K pH Rainfall
Split n_Node (TN) Fertility* (weeks) (plts. mz) (days/year) (minutes) (ha) (%) (%) (mgkg'l) (mgkg'l) (log H") Intercrop* Irrigation* (mm/season)
Low resource use
C<0.78
Distant 55 8(1) 2.00 4.45 2.97 39.7 44.2 121 0.51 0.037 6.55 1223 6.29 0.62 0 626
Close (K < 98) 39 18(2) 2.00 2.67 2.79 38.0 1.74 0.85 0.48 0.029 5.17 54.0 5.63 0.77 0.077 648
Close (K > 98) 35 19 (3) 217 5.00 2.89 435 3.60 0.99 0.59 0.039 6.54 188.2 6.49 0.71 0.11 531
C>0.78
Distant 32 10(4) 2.38 413 2.92 52.9 19.6 0.97 1.23 0.073 9.67 189.7 6.44 0.59 0.063 658
Close 36 11(5) 2.14 4.83 291 42.0 111 0.87 1.25 0.071 104 150.9 6.31 0.53 0.028 703
High resource use
Delayed planting
Low seed input 32 12(6) 1.81 5.19 3.33 28.7 26.6 0.46 0.86 0.048 8.60 1171 6.18 0.53 0.031 799
High seed input (P <7.3) 31 26(7) 1.94 7.06 2.63 36.8 185 0.66 0.72 0.038 4.67 133.0 6.08 0.68 0 693
High seed input (P >7.3) 31 27(8) 197 6.58 2.65 34.4 131 0.57 1.27 0.072 145 137.9 6.31 0.55 0.16 773
On-time planting 51 7(9) 1.88 0.59 3.762 45.4 23.2 0.66 0.69 0.040 6.13 74.4 5.87 0.24 0 885
P < 0.0011 0.001  0.0039 0.32 0.001 0.0018  0.001 0.001 0.001 0.001 0.001 0.001 0.0068 0.001

Table 4: Breakdown of variables for each terminal node. Dummy variables for presence (0 = no,
1 = yes) are highlighted by *.

Furthermore, the highest average yield recorded (4.5tha™?) is similar to yields classified as high
(5.67tha®) across East and Southern Africa (Tittonell and Giller, 2013: 86). On the other hand, the
lowest average yield node of 1.5tha™ is above the Tanzanian average of 1.46tha™ (Food and
Agricultural Organisation of the United Nations, 2018b). This is potentially due to the model
settings, minimum of 30 objects per node, as well as the 236 missing observations.
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Variation in yield response

Lack of inputs, especially regarding chemical fertilisers, as well as soil fertility management are
seen as the biggest constraints in terms of yield potential in Sub-Saharan Africa (Giller et al., 2006;
Tittonell et al., 2007; van Vugt and Franke, 2018). The full model (model 3; figure 9a) obtained
with all variables for 2017 only corroborates this in specific contexts. Within high resource input
fields however, general management such as the planting date (reduction of 31%, see figure 9a)
becomes the limiting factor in regards to reaching yield potential, which is especially problematic
with increasing variation in the start of the growing season (Yonah et al., 2006). Furthermore, even
with delayed planting, improved seed usage as well as soil inputs can offset the delay effect leading
to similar yields. The model selected a value of 7.3mgkg™ (TN8) for P which is similar to the
thresh-hold plateau of yield response obtained by Vanlauwe et al. (2006: 178) at 8mgkg™. This
would suggest that with high seed expenditure and fertiliser input (84% of objects within TN8),
near maximum yield is still obtainable, which is supported by an only 4% yield reduction from
terminal node 9.

On the other hand, within the Tanzanian context, low resource fields are possibly degraded to
the extent that the lack of chemical fertiliser and carbon limit yield potential more than
management techniques. Fertiliser response has been shown to be variable and constrained in some
contexts depending on the level of degradation, with N and P being the limiting factors (Kihara et
al., 2016). Interestingly, the model selected C content over Nitrogen. Though clay content in soil
organic matter allows for a building up of N-mineral stacks, and is hence highly correlated (r*> =
0.81), this also suggests that the soil physical aspects play an important role, with regards to water
retention as well as ridge formation (Giller et al., 2006: 20).

With fields closest to the homestead, this can be offset by application of manure and inter-
cropping with N-fixing legumes, as opposed to the fields further away which are generally of even
worse soil quality and are often not prioritised due to their perceived lack of fertility (Giller et al.,
2006). Furthermore, this has been shown to be the case on smaller farms and plots where resource
intensity usage is higher. This increase in input intensity with decreasing land area is corroborated
in the model with the average plot areas of all higher resource input terminal nodes (TN6-9) smaller
than TN1-6. This is possibly explained by increased experimentation with fertiliser volume with
increasing land leading to inefficiency, as well as the lack of choice regarding prioritising more
fertile fields, especially in the case of Tanzania with high land fragmentation (Nkonya et al., 1997,
Cornia, 1985).

Soil fertility gradients and general management

Another common issue is inefficiency created from soil fertility gradients within the farm. Factors
such as slope and inherent parent material influence the fertility, but they also interact with
management factors through chemical fertiliser use, tillage and especially farmyard manure
application which has long standing effects on soil organic content. Due to the proximity of
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neighbouring plots as well as large differences in asset wealth and livestock ownership, some
studies have highlighted the transfer of nutrients towards large herd owners through grazing,
leading to a decreasing fertility for smallholders (Achard and Banoin, 2003: 187). Especially in
areas of Tanzania like Iringa, where free-roaming cattle are only present illegally, manure usage
is highly dependent on the amount of income available to the farmer (Giller et al., 2006; Kangalawe
et al., 2008). However, using non-roaming livestock for manure was relatively common within the
survey - yet the highest incidents of manure usage (TN2 and TN5) were also plots closes to the
homestead, most likely home gardens at less than two minutes walk (table 3).

Furthermore, crop yield heterogeneity in the full model differentiates close and further fields
as the third most important factor for low resource usage. Planting density as well as planting time
are generally better managed due to the better efficient labour application, which is already often
limited (Giller et al., 2006: 18). Figure 11 shows the terminal node variation of both planting
density (a) and fertility (b). Interestingly, the average perceived fertility of all plots within the high
resource input nodes is lower than the low input nodes, suggesting farmers within the sample were
proactive
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Figure 11: Zonal variation of yield with terminal nodes in regards to (a) planting density and (b)
fertility.

to some extent - inputs were not applied predominantly on the pre-determined concept of plot
fertility as opposed to research carried out in other parts of Eastern Africa (Tittonell et al., 2008).
This is further supported by the presence of irrigation in 11% of all plots in TN3 which has the
lowest rainfall per season at 531mm, we as well as N-fixing legume inter-cropping being utilised
in more than 65% of fields in three lowest Nitrogen nodes, TN2, TN3 and TN7 (table 3). However,
with the level of fragmentation present, the choice of resource focus could be constrained to certain
fields due to food security, which would seem to be the case with the large distances to the plots
in high resource terminal nodes (TN6-9).

The perceived fertility of the plot is often different to the actual potential yield. Boundary line
simulations have been used to predict the maximum yield potential from soil properties and rainfall
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and can highlight areas of limitation (Tittonell et al., 2008, 2007; Tittonell and Giller, 2013; Giller
et al., 2006; Fermont et al., 2009). To standardise the process, and following a similar method as
utilised by van Vugt and Franke (2018), boundary lines were plotted by splitting soil property
variables into equal width bins (npin = 20 - 50) and selecting the 'mean + 2x STDEV’ (95% interval)
for each bin to estimate local yield potential. A second order polynomial was fitted through the
boundary points.

Management factors such as planting density and on-time planting could play a bigger role in
plots such as TN9 where figure 12 suggests that yield is maximised within nutrient constraints.
This is especially the case since soil properties are heterogeneous across regions - soil nutrients do
not fall of rapidly as distance from the homestead increases (figure 14). Furthermore, defining K
< 50mgkg as the critical point for yield limitation, only fields in TN2 are close, which is supported
by figure 13 which shows the nodes close to yield potential. However, most fields (like those in
TN10) have the potential to transition to higher yield with better management and without heavy
soil inputs as opposed to extremely carbon-degraded plots (TN7).

Nitrogen leeching has been extensively studied as a limitation in large parts of degraded soils
of Sub-Saharan Africa (Tittonell and Giller, 2013; Kihara et al., 2016). Practices such as
vegetation clearance disturb soil physical properties and lead to decreasing carbon rates, which
can inter-act with management forms such as tillage and inputs. Furthermore, mineral fertiliser
and crop residues alone are not necessarily enough to maintain carbon content. Often an organic-
inorganic fertiliser trade off is present, where farmers may believe substitutability, while “quick-
acting” fer-tilisers often do not build up carbon content sufficiently (Giller et al., 2006: 18-19).
This is possibly the case for TN9, where plots are nearly all fertilised, and may be close to yield
potential due to good management, but are facing increasing soil, and specifically, N
degradation.
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Figure 12: (a) shows the fertility rating against yield and carbon content of the soil while (b), (c)
and (d) show terminal node objects plotted against their soil property values and yield. The dotted
line shows the yield potential.

Limitations, socio-economic context and food security

Although management has been highlighted to affect soil properties, and explain more variation
regarding yield output, there are inherent costs. For example, increasing planting density alongside
planting within the optimal range may be desired, but come at the cost of increasing labour input
which can be a limitation if hired labour is required (Giller et al., 2006). Increasing variability in
rainfall and temperature suggest that it is increasingly difficult to estimate the optimal planting
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Figure 14: Carbon (a) and Nitrogen (b) variation with distance from homestead.

time, but increased variance can lead to crop failure and hence food insecurity (Mahoo et al., 1999;
Yonah et al., 2006). Seed expenditure was also demonstrated to have a large impact in overcoming
rainfall variability due to delay in planting. However, this is something that farmers are aware of,
and often a conscious choice is to prioritise local varieties which may offer food security
advantages rather than yield through possible early harvesting or improved storage characteristics
of the strain (Tittonell and Giller, 2013: 88-89).

Furthermore, soil heterogeneity and soil degradation have a stratifying effect regarding yield,
and hence food security. Not only does rehabilitation of soils require extensive manure and N-
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inputs, but a consistent application is required over a period of time (Tittonell and Giller, 2013:
82-83). This is especially problematic in the context of Tanzania where infrastructure difficulties
and fertiliser procurement are variable and often difficult (Smaling and Braun, 1996; Harrington
and Grace, 1998). Resource allocation decisions and opportunity costs are decided on a farm level,
which limits conclusions drawn on management from focal plots alone (Giller et al., 2006: 14-15).
Furthermore, input resource intensity and wealth are not enough to classify productive and non-
productive plots, or even to predict soil fertility (Tittonell et al., 2005). The average household
income of TN9 was 124,000TSh ($54) as compared to 789,000TSh ($343) for TN8 yet both
achieved similar yields. This introduces another dynamic in terms of the interaction of wealth-
flows and their effects on soil nutrients in the long term. The constraints in terms of land:labour
ratios are especially relevant, for example TN7 farmers had an average income of 700,000TSh
(compared to the mean of 462,000TSh) yet limited labour (12.9 days per year compared to the
mean of 21.4). Hence, even in resource intensive households with access to fertiliser, soil
degradation can occur in the long run due to the lack of labour for applying manure, highlighting
a substitution effect between inorganic-organic inputs (Omamo et al., 2002).

The issue of capturing the nuanced aspects of these interactions is shown in figure 15 which
highlights the increasing variation with more nodes. This is potentially from bias in variable
selection as well as omitted structural factors. Interestingly however, the low-resource soil
degraded nodes are more homogeneous, possibly due to the increasing limitations soil nutrients
have on yield. A regression tree could be constructed by including other plots as well as farm level
inputs, while cross-validation, either by splitting the data or through new observations, could
improve reliability.
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Figure 15: Variance of actual values for predicted classes.
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Conclusion

Soil fertility heterogeneity has large impacts on crop yield variation across most of Sub-Saharan
Africa (Kihara et al., 2016). Although intensive resource usage can mitigate nutrient limitations
alongside good management techniques, the sustainability of this process is limited unless com-
bined with techniques that counter soil degradation (Giller et al., 2006; Vanlauwe et al., 2006).
Furthermore, even though perceived fertility did not seem to directly affect resource allocation,
closer fields were prioritised with higher levels of inputs such as manure, which is possibly intensi-
fied by the high level of land fragmentation in Tanzania. Analysis of potential yield gaps across
all terminal nodes of the final model suggest that increasing yield potential should not be the goal
in Sub-Saharan Africa, but rather improving soil property and management technique interaction
to attempt to reach locally obtainable yield (Fermont et al., 2009; van Vugt and Franke, 2018;
Tittonell and Giller, 2013). This is especially crucial with the large variation in terms of response
to fertiliser application, where out of three terminal nodes with degraded organic carbon content,
only one had other nutrient limitations. Hence, improved allocation and application of resources
could lead to better resource efficiency across all plots.

Though the models demonstrated the importance of planting delay as a second-highest level
factor in explaining yield production, this has to be reconciled with local knowledge and prioritisa-
tion. Increasing variability of rainfall patterns and discontinuous access to fertiliser both highlight
the difficulty in planning long-term rehabilitation and management improvement strategies (Tit-
tonell and Giller, 2013; Mahoo et al., 1999). Management techniques must be optimised against
local perceptions and goals regarding production, where food security and uncertainty in access to
markets and transport may suggest maximising yield is offset against growing length, storage
ability and response to limited rainfall (Giller et al., 2006). Differing wealth-flows and land:labour
interaction mean that soil fertility and hence yield are not homogeneous across wealth classes, and
affect management decisions across all levels (Omamo et al., 2002). However, CART does offer
an avenue of exploring the complex relationships between soil properties and management within
a socio-economic context. Transitive nodes with the lowest opportunity cost can be targeted, such
as classifying fields which are non-fertile but responsive as opposed to non-responsive degraded.
Thus, increasing food security and yield in some instances must be considered in the infra-
structural and socio-economic context of Africa through a balance between resource use intensity,
long-term sustainability as well as local knowledge and expectations.
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