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A B S T R A C T

Low adoption of sustainable intensification technologies hinders achievement of their potential impacts on
increasing agricultural productivity. Proper targeting of locations to scale-out particular technologies is a key
determinant of the rate of adoption. Targeting locations with similar biophysical and socio-economic
characteristics significantly increases the probability of adoption. Areas with similar biophysical and socio-
economic characteristics are referred to as recommendation domains (RDs). This study used geospatial analysis
to delineate sustainable recommendation domains (SRDs) for scaling improved crop varieties and good
agronomic practices in Tanzania. The study uses K-means clustering to identify relatively similar clusters from
grid raster’s representing biophysical and socio-economic environments. Critical ecosystems are masked-out
from the clusters to generate the SRDs. The potential impacts of scaling technologies in the generated SRDs were
assessed and a spatial targeting index developed. Results identify 20 SRDs and the bio-socio-economic gradients
that delineate them. This study proposes an Impact Based Spatial Targeting Index (IBSTI) as an objective tool for
priority setting when scaling agricultural technologies. IBSTI identified priority areas within each SRD that
should be targeted to maximize potential impacts of a scaling intervention. The data-driven clustering method is
recommended for regions with limited technology trials. Results demonstrate the potential of geospatial tools in
generating evidence-based policies on scaling of sustainable intensification technologies.

1. Introduction

Over the years agricultural research has generated innovative
technologies aimed at improving crop productivity, nutrition and food
security. Recent technology dissemination interventions promote sus-
tainable intensification (SI) technologies to enhance crop productivity
while reducing negative environmental impacts (Pretty et al., 2011;
Vanlauwe et al., 2014). SI promotes adoption of proven best-bet
agronomic technologies such as improved varieties, good agronomic
practices and soil and water conservation measures. Pilot trials have
demonstrated the benefits of adopting these technologies (Vanlauwe
et al., 2011). The main challenge is how to effectively and sustainably
take these technologies to scale for wider adoption (Herrero et al.,
2014).

Most programs that promote the adoption of best-bet SI technolo-
gies have limited budgets and time spans (Jolly, 1988; Notenbaert
et al., 2013; Rubiano et al., 2016). Therefore appropriate spatial
targeting is required to achieve maximum impact from limited
resources. Spatial targeting promotes dissemination of appropriate
technologies to farmers with similar priorities, potential and constraints
(Omamo et al., 2006; Otero et al., 2006; Ajayi et al., 2007; Rubiano
et al., 2016). Sections of landscapes with similar biophysical and socio-
economic characteristics are referred to as recommendation domains
(RDs; Jolly, 1988; Orr and Jere, 1999; Omamo et al., 2006). RDs are
areas in the landscape where particular kinds of technologies and
policies have a higher likelihood of adoption due to homogeneity of site
characteristics (Tesfaye et al., 2015; Rubiano et al., 2016; Costantini
et al., 2016). Research has demonstrated that scaling technologies in
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sites with similar bio-socio-economic characteristics enhances the
potential of adoption (Phiri et al., 2004; Ajayi et al., 2007; Bidogeza
et al., 2009; Kalcic et al., 2015; Beyene and Kassie, 2015). Prior
identification of RDs for scaling appropriate agricultural technologies
reduces risk of failure (Jolly, 1988; Kalcic et al., 2015). For example,
farmers with fertile land in Tanzania are more likely to adopt improved
maize varieties since performance of new technology in fertile soils is
more rewarding (Beyene and Kassie, 2015). Likewise, young male
literate farmers in Rwanda revealed higher adoption of chemical
fertilizers compared to uneducated full-time farmers who applied
manure, fallow and soil erosion control measures to maintain soil
fertility (Bidogeza et al., 2009).

Geographic Information Systems (GIS) is a widely used tool for
generating RDs at landscape, regional and global scales (Hyman et al.,
2013). Recently, the utility of GIS has been boosted by rapid increase in
gridded bio-socio-economic data with high spatial and temporal
resolution and improved geospatial analysis methods. There are two
main geospatial approaches for generating RDs: bottom-up and top-
bottom. The bottom-up approach uses geographical locations of trial
plots of candidate technologies to train geospatial models that generate
RDs (e.g. Mgonja et al., 2002; Otero et al., 2006; Rubiano et al., 2016;
Muthoni et al., 2016). The top-bottom approach is a deductive method
that utilizes increasingly available high spatial and temporal resolution
gridded geospatial layers (Herrero et al., 2014) instead of technology
trial data that is often scarce and spatially skewed (Hyman et al., 2013).
The large numbers of released varieties combined with different good
agronomic practices make it challenging to establish an adequate
number of replicate trial plots in different agroecologies that are
needed to confidently identify suitable bio-socio-environment require-
ments (Hyman et al., 2013). In data limited environments with few or
skewed technology trial sites, like Tanzania, it would be more practical
to utilize a top-down method to generate RDs. For this approach,
suitable biophysical and socio-economic grid layers are selected based
on known causal effect on suitability or adoption of a technology and
then classified into homogenous clusters (e.g., Williams et al., 2008;

García et al., 2014; Yu and Guo, 2015).
The actual agricultural production for major staple crops in

Tanzania is significantly below the potential yield (Van Ittersum
et al., 2016). Moreover, unsustainable land use practices such as slash
and burn farming, deforestation and agricultural expansion in marginal
grazing lands (Beyene and Kassie, 2015; Van Ittersum et al., 2016)
accentuate land fragmentation that in-turn reduce provision of ecosys-
tem services (Ojoyi et al., 2015). To reverse this trend, development
agencies in collaboration with government and private institutions have
invested heavily in promoting the adoption of sustainable intensifica-
tion technologies by small scale farmers in Tanzania. These investments
include the Southern Agriculture Growth Corridor of Tanzania (SAG-
COT; Nijbroek and Andelman, 2015) and the United States Agency for
International Development (USAID) Feed the Future (FtF) initiative
funded programs such as the Africa Research for Sustainable Intensi-
fication for the Next Generation (Africa RISING; IITA, 2016). These
mega-investments promote improved crop varieties, good agronomic
practices and soil and water management technologies that require
meticulous spatial targeting to enhance their adoption. However,
delineation of spatially explicit recommendation domains for targeting
sustainable intensification technologies in Tanzania has lagged behind.
The few existing spatial domains are generated using subjective and
expert-opinion-driven techniques that classify the input variables into
suitability classes based on expert judgement (e.g. Notenbaert et al.,
2013; Nijbroek and Andelman, 2015). This limits their transferability
and repeatability across different landscapes and technologies
(Williams et al., 2008).

The increasing availability of high resolution biophysical (climatic,
edaphic and topographic) and socio-economic (access to markets,
population density, income and poverty) spatial data coupled with
improvement in geospatial algorithms (Hyman et al., 2013) necessitate
delineation of objectively defined spatial domains that are transferable
across landscapes and technologies. Recent research has developed data
mining methods (Kantardzic, 2011) to automate discrimination of
patterns from big spatial data. Cluster analysis has emerged as one of

Fig. 1. Location of the Feed the Future (FtF) zone of influence in Tanzania overlaid over CIMMYTs’ Maize Mega-Environments (MME) map. Source: Notenbaert et al. (2013).
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the more robust data mining method used for delineation of RDs for
agricultural intensification (e.g., Hartkamp et al., 2000; Williams et al.,
2008; García et al., 2014; Costantini et al., 2016).

The Maize Mega-Environments (MMEs; Fig. 1) developed by the
International Maize and Wheat Improvement Center (CIMMYT;
Hartkamp et al., 2000) is a good example of a legacy RD generated
using cluster analysis. The MMEs act as a tool for priority setting and
site selection for global maize breeding programs by supporting
evidence-based decision making on which cultivars are suitable for
specific ecologies. For decades, the existing RDs have guided agrono-
mists to target appropriate technologies to suitable bio-socio-economic
environments. However, RDs are not static and therefore require
updating by incorporating emerging knowledge on geospatial tools
and data on climate change, population growth and land degradation to
improve their relevance (Chamberlin et al., 2006).

This study generates sustainable recommendation domains (SRDs)
for scaling agricultural technologies in Tanzania from gridded spatial
data using a data-driven clustering method. The specific objectives of
the study were to determine and delineate the optimal number of
relatively homogenous clusters, generate the SRDs by masking the
sensitive ecosystems and finally, to derive a spatial targeting index as a
priority setting tool for selecting the SRDs to maximize potential
impacts for scaling technologies. The study posits that geospatial tools
play a critical role in supporting the generation of evidence-based
policies for scaling SI technologies feasible for Tanzania.

2. Material and methods

2.1. Study area

The study focused on 593,480 km2 area (31.9°E, −3.4°S; 38.5°E,
−10.6°S) within the Feed the Future (FtF) zone of influence in Tanzania
(Fig. 1). The area encompasses five administrative regions in Tanzania

namely: Manyara, Dodoma, Morogoro, Iringa and Mbeya. A large swath
of the study area is located within the SAGCOT that is the main food
basket in Tanzania. Mean annual precipitation ranges from 400 to
1100 mm. Natural vegetation ranges from grasslands, shrub savanna,
Miombo woodlands to moist forests. The soils are mainly of volcanic
origin and range from sandy loams to clay alluvial soils (ISRIC, 2015).
The zone has a population of approximately 10 million. Agriculture is
the main economic activity dominated largely by growing crops such
maize (Zea mays), finger millet (Eleusine coracana), pigeon pea
(Cajanuscajan), groundnut (Arachis hypogaea), simsim (Sesamu mind-
icum) and cowpea (Vigna unguiculata). Livestock rearing is dominant in
arid and semi-arid zones especially in the Dodoma region (Fig. 1).

2.2. Data collection

Relevant biophysical and socio-economic grid layers or their
plausible proxies that influence the suitability or adoption of improved
maize and legume varieties and their related good agronomic practices
were selected based on literature review, field observations, and expert
knowledge (Table 1). Although this search yielded a long list of
potential variables, a significant number of variables are either not
available or have insufficient resolution and quality (Notenbaert et al.,
2013). These layers include incidence and severity of pests and
diseases, (Hartkamp et al., 2000), irrigated area (Rubiano et al.,
2016), consumer preferences (Hartkamp et al., 2000), land tenure,
literacy of farmers and cultural norms (Herrero et al., 2014; Nijbroek
and Andelman, 2015; Phiri et al., 2004). Therefore only grid layers that
are freely available at 1 km resolution or higher were selected.

2.2.1. Bioclimatic variables
Long-term bioclimatic data with a resolution of 1 km were down-

loaded from the WorldClim database (Hijmans et al., 2005). These
variables were derived by interpolation of the long-term (1950–2000)

Table 1
Data requirements.

Variables Resolution (m) Purpose Source

Vector Data
Administrative layers (Tanzania levels 1 − 3) Mask TNBS (2016)
Protected areas Mask UNEP-WCMC (2015)
Land use/cover 30 Mask/Assess impact Chen et al. (2015)

Biophysical
Topographical
Elevation (DEM) 30 Domain analysis METI and NASA (2011)
Slope " " Derived from DEM
Topographical Index (TPI) " " ”

Edaphic
Soil bulk density 250 Domain analysis ISRIC (2015)
Soil texture " " "
Soil organic carbon (SOC) " " "
Soil pH " " "
Total Nitrogen " " "

Climatic
Mean annual Temperature 1000 Domain analysis Hijmans et al. (2005)
Temperature seasonality (SD*100) " " "
Temperature Annual Range " " "
Mean temperature of warmest quarter " " "
Mean temperature of coldest quarter " " "
Annual precipitation " " "
Precipitation seasonality (CV) " " "
Precipitation of warmest quarter " " "
Precipitation of driest quarter " " "

Socio-economic
Population density 1000 Assess impact WorldPop (2016)
Population living below poverty line (< $1.25) " Assess impact "
Women of child bearing age (WOCBA) " Assess impact "
Children under 5 years " Assess impact "
Access to markets " Domain analysis Harvest Choice (2010)
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monthly temperature and rainfall values. The bioclimatic variables
determine the optimal biophysical environmental limits for the growth
of candidate crop varieties.

2.2.2. Topographical variables
The elevation layer was derived from 30 m resolution Advanced

Spaceborne Thermal Emission and Reflection Radiometer (ASTER)
Global Digital Elevation Model Version-2 (GDEM-V2; Meti and NASA,
2011). The slope and topographical index (TPI) grids were generated
from GDEM. The steepness of slope has significant impact on soil
processes such as rate of infiltration, drainage and erosion (Tesfaye
et al., 2015). TPI is a relative measure of slope position that determines
whether elevation of a particular grid cell is higher or lower than the
surrounding cells within a predetermined radius (DE Reu et al., 2013).
TPI is a surrogate for soil moisture availability since the slope position
determines the amount of run-on and run-off. TPI was generated from
GDEM using Jenness’ algorithm (Jenness, 2006). The resulting TPI grid
had negative, zero or positive values that represented valley bottoms,
flat land and ridges, respectively (DE Reu et al., 2013).

2.2.3. Edaphic variables
Gridded soil layers at a resolution of 250 m were downloaded from

the ISRICeWorld Soil Information database (ISRIC, 2015). These layers
are soil organic carbon (SOC), total nitrogen, bulk density, texture and
pH. These layers were generated using an automated mapping frame-
work based on random forests (Hengl et al., 2015). The layers were
estimated at six standard depth intervals but we utilized the layers for
the first standard depth representing the top soil (0–5 cm). SOC is a
proxy for soil fertility status (Hengl et al., 2015). High bulk density is an
indicator of low soil porosity and compaction that hinder the growth of
roots and movement of air or water through the soil (Arshad et al.,
1996). Soil pH determines plant tolerance to acidity or alkalinity.

2.2.4. Socio-economic variables
Gridded spatial data representing travel time in hours from a

particular 1 × 1 km resolution pixel to the nearest settlement with a
population greater than 20,000 was used as a proxy for access to
markets (Harvest Choice, 2010). It is also an indicator for access to
agro-inputs since the main agro-dealers are based in urban centers. The
gridded population layers for 2015 at a resolution of 1 km were
downloaded from Worldpop database (WORLDPOP, 2016). These
layers includes: human population density, poverty index, number of
women of child-bearing age (WOCBA, 15–49 years) and children under
5 years of age. The latter three were used to assess the potential impacts
of scaling agronomic technologies in generated RDs; hence they are
referred to as impact variables. The human population layer was
generated using a random forest method that estimated the number
of people per pixel with national totals adjusted to match United
Nation’s population division estimates (Stevens et al., 2015). The
human population density is a surrogate for availability of markets
and labour (Herrero et al., 2014; Vanlauwe et al., 2014). It is also an
indicator of land-holding size since rural areas with high population
density exhibit a high density of small-scale farm holdings (Notenbaert
et al., 2013; Yu and Guo, 2015).

The poverty index layer was generated using the method described
in (Tatem et al., 2014b) to estimate the proportion of the population
living below the poverty line ( < $1.25 per day). A grid layer for
actual number of people living below poverty line was calculated by
multiplying WorldPop population and poverty index grids. The poverty
index is an indicator of the potential level of investments on agriculture
(Pfeifer et al., 2012). The WOCBA and children under 5 years grid
layers were generated using a spatial statistic method that integrated
satellite derived maps for settlements and land cover, household
surveys and United Nations Population Fund (UNPF) demographic
statistics (Tatem et al., 2014a).

2.2.5. Auxiliary data
Auxiliary data were obtained to facilitate masking critical ecosys-

tems and non-agricultural areas. A shapefile for conservation areas
(game and forest reserves) was obtained from the World Database of
Protected Areas (WDPA; UNEP-WCMC, 2015). The administrative
boundaries were obtained from the Tanzania Bureau of Statistics
(TNBS, 2016). The 30 m resolution global land cover layer for 2010
was downloaded from GlobeLand30 database (NGCC, 2014). The map
delineates 10 LULC classes that were extracted from Landsat and
Chinese HJ-1 satellite images (Chen et al., 2015). The 10 classes are:
cultivated land, forest, grassland, shrubland, wetland, waterbodies,
tundra, artificial surfaces, bareland and permanent snow and ice. The
cultivated land class is a consolidation of lands primarily used for
agriculture and gardens, including paddy fields, irrigated and dry
farmlands, fruit gardens, harvested cropland, plantations and green-
houses (Chen et al., 2015). Layers for large water bodies, wetlands and
cultivated area were extracted from GlobeLand30 land cover layer.

2.3. Data analysis

Prior to analysis all grid layers were resampled to 1 km resolution.
This decision was a tradeoff between the resolution of most of the
available data, appropriate level of detail at scale of the study area and
computational time. The analytical procedure is summarized in Fig. 2
and described in detail in sections 1.3.1–1.3.4.

2.3.1. Variable selection and PCA
All statistical analysis were undertaken in R environment (R Core

Team, 2016) mainly utilizing the “raster” package (Hijmans, 2015).
Multi-collinearity between the initial 18 raster variables (topographical
(3), edaphic (5), climatic (9) and access to markets (Table 1) was
examined using the “pairs” function in “raster” R package. This
returned histograms for each raster variable in addition to a scatter
plot and Pearson’s correlation coefficient (r) for all raster pairs. The
scatter plots revealed the amount of non-redundant information con-
tained in two raster pairs. The correlation coefficients (r) were
interpreted together with scatter plots to identify which among
collinear variables should be eliminated. Elimination of collinear
variables also depended on expert knowledge regarding their impor-
tance in determining suitability of improved maize and legumes
varieties and related good agronomic practices.

The above criteria did not fully eliminate multicollinearity between
the selected variables. The selected raster layers were standardized to
unit variance and zero mean and stacked into one layer. A random
sample of 5000 cells was selected from standardized raster layers in the
stack. Following García et al. (2014) and Williams et al. (2008) the
extracted values were used to undertake an orthogonal rotation of
variables using Principal Components Analysis (PCA). This reduced the
dimensions to a few uncorrelated latent variables represented by PCA
axes. Following Kaiser’s criterion (Kaiser and Rice, 1974), only PCA
axes with eigenvalues greater than 1 were retained for further analysis.
This ensured that only PCA axes with a significant contribution are used
for further analysis. Biplots for the first two PCA axes was used for
further identification of collinear variables based on the direction and
length of variable arrows (Kindt and Coe, 2005). The factor loadings of
variables in PCA axes indicated the strength and direction (negative or
positive) of the correlation between variables and particular PCA axes.
This information was used to infer the main bio-socio-economic
gradient(s) represented by each PCA axis. Grid rasters representing
the retained PCA axes (Fig. 3) were generated using the ‘predict’
function in ‘raster’ package. The PCA rasters were stacked as one layer.

2.3.2. Cluster analysis and validation
The stacked PCA layers (PC1–PC3; Fig. 3) were used as input

variables for clustering. Cluster analysis aims at identifying natural
groups in a given dataset in a manner that maximizes within-group
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Fig. 2. The analytical procedure for delineating sustainable recommendation domains (SRDs) and Impact Based Spatial Targeting Index (IBSTI).

Fig. 3. The standardized raster layers for the first three PCA axes (PC1 − PC3) and a RGB false color composite of the three PCA rasters. The standardized PC1 − PC3 layers are contrast
stretched to enhance visual clarity. PC1 represents the precipitation-soil conditions gradient, PC2 represents the elevation-temperature gradient and PC3 represents the market access-
precipitation seasonality gradient. Distinct zonal gradients are visible from the RGB raster derived by combining PC1 − PC3 rasters.
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similarity and between-groups dissimilarity (Goswami et al., 2014).
Ideal clusters should be compact, well-separated and stable (Brock
et al., 2008). The “cValid” package in R (Brock et al., 2008) was used to
determine the most appropriate clustering algorithm and the optimal
number of clusters based on inherent data properties. The procedure
involved comparing results from cluster analysis with different cluster-
ing algorithms and number of clusters. We compared K-means and
hierarchical clustering algorithms (Borcard et al., 2011). The K-means
method partitions given data points into apriori specified k groups in a
manner that minimizes the sum of squared distances from observation
points to the centroid of a cluster (Borcard et al., 2011). The distance
between an observation point and a cluster is calculated from the
Euclidean distance between the observation and the cluster center.
Each point is assigned to the cluster with the shortest distance to its
centroid. The cluster centroid is iteratively calculated as the mean for
all observations that are member of a cluster. Hierarchical clustering
starts by classifying each data point as a separate cluster (Kindt and
Coe, 2005). The data are split or agglomerated based on distance
measured with a given dissimilarity index.

The optimal algorithm and the number of clusters were determined
using three cluster stability indices implemented in “cValid” R package:
average distance (AD) and average distance between means (ADM) and
figure of merit (FOM) (Brock et al., 2008). These stability indices
evaluate the consistency of a clustering results by comparing it with
results of clusters generated after a column of data is sequentially
removed, one at a time (Brock et al., 2008). The three indices ranges
between zero and infinity, with smaller values indicating better
performance (Brock et al., 2008). The AD index calculates the average
distance between observations placed in the same cluster by clustering
based on the full data and clustering based on the data with a single
column removed (Brock et al., 2008). The ADM index calculates the
average distance between cluster centers for observations placed in the
same cluster by a cluster analysis based on the full data and clustering
based on the data with a single column removed. The FOM measures
the average intra-cluster variance of the observations in the deleted
column, where the clustering is based on the remaining (undeleted)
samples. The cluster analysis returned within-cluster (WSS), between-
cluster (BSS) and total sum of squared distances (TSS) that were used to
evaluate the accuracy of clustering. The variance explained by the 3
PCA rasters in cluster analysis was calculated by dividing the total BSS
by TSS distances.

Unlike hierarchical clustering, the K-means algorithm is an agglom-
erative method that does not cluster data recursively. Therefore, there
was no direct way of establishing the threshold criteria used to split the
input layers to determine membership to specific clusters. Multivariate
regression trees (MRTs; Glenn, 2002) were used to establish these
thresholds and to identify the most important gradients in discriminat-
ing specific clusters. MRT is a form of constrained clustering that
partitions multivariate response data based on given explanatory
environmental variables by minimizing the within group sum of
squared distances (Glenn, 2002). MRT generates clusters of sites by
repeatedly splitting the data using simple rules based on values of
environmental data (Glenn, 2002).

A stratified sample of 5000 pixels was selected from each cluster
(n = 100000 pixels) and used to extract values of the three PCA raster
layers. A matrix with four variables was formed: clusters (categorical)
and three continuous environmental variables with values of the three
PCA layers (PC1 − PC3). A MRT model was fitted using ‘mvpart’
package in R (Glenn, 2002). The categorical variable representing the
clusters was the response and the three PCA axes were predictors. The
model returned a tree showing the threshold criterion for each split of
the leaf and a histogram on frequency of pixels from different clusters in
each leaf. The discriminant (most frequent) cluster in each leaf was
labelled in the histogram. The best tree was selected as one within one
standard error of the overall best following a cross-validation with 100
iterations. The quality of the splits in the tree was assessed using the

relative error (RE), which is the final error relative to error of the initial
unsplit tree. RE is a reciprocal of explained variance (R2). The best MRT
was selected based on cross-validated relative error (CVRE) that
indicated the ability of the MRT to predict PCA values for new clusters
(CVRE = 0 indicates perfect prediction and CVRE ≥ 1 indicates no
predictive power). The higher a split is in the tree, the higher the
variance it explains, thus each successive split explains less variance.

The main bio-socioeconomic gradients were determined from PCA
analysis (section 1.3.1). Therefore, identification of the most important
bio-socioeconomic gradient (PCA axis) discriminating a particular
cluster was deductively interpreted using the threshold criteria and
the discriminant cluster indicated in the tree.

2.3.3. Quantifying potential impacts and spatial targeting index
After delineation of clusters, we envisage that the next challenge for

development agents is to decide on which one should be prioritized for
intervention. We assume that the goal of a scaling intervention is to
maximize potential impacts given limited resources. Therefore, spatial
targeting should prioritize the SRDs with the highest potential impacts.
High agricultural potential areas that are characterized by dense rural
population, significant poverty levels and high accessibility could be of
higher priority for disseminating sustainable intensification technolo-
gies (Hyman et al., 2013).

The potential impact of scaling sustainable intensification was
calculated from five potential impact variables, namely; the total
population, number of people living below the poverty line, WOCBA,
children under 5 years and currently cultivated area (sections 1.2.4 and
1.2.5). The cultivated area was selected because sustainable intensifica-
tion aims at promoting technologies that increase agricultural produc-
tion without encroaching on non-cultivated land (Vanlauwe et al.,
2014). WOCBA is an key target population since they comprise over
50% of the workforce in the agricultural sector (Gawaya, 2008). The
number of children less than five years was included due to their
specific dietary nutrient requirements that in-turn influence the intro-
duction of crop varieties with high protein and vitamin content to
mitigate malnutrition.

The protected areas (game and forest reserves), wetlands, large
water bodies and main urban areas were masked-out from the cluster
map to generate the sustainable recommendation domains (SRDs). The
values of the first four impact variable grids (except the cultivated area
layer) were reclassified into four classes based on quartiles. The
resulting four classes were allocated values 1–4 (the bottom quartile
allocated value 1 and the top 25% allocated value 4). The cultivated
area grid was assigned values 0 for non-cultivated and 4 for cultivated
areas. The reclassified values of all the five impact variables were
summed to generate an impact based spatial targeting index (IBSTI)
map. To derive the IBSTI, all impact variables were allocated equal
weight since determining actual weights require prior consultation with
target stakeholders to understand their priorities (Notenbaert et al.,
2016; Nijbroek and Andelman, 2015; Kalcic et al., 2015).

IBSTI IV w IV w IV w IV w IV w= Σ( * ) + ( * ) + ( * ) + ( * ) + ( * )1 2 3 4 5 (1)

Where IBSTI is the index for each pixel in the study area, IV refers to
specific impact variables (n = 5) and w is weight for each impact
variable (in this case it equal to one). Higher IBSTI values indicate more
potential impacts of scaling particular technologies. The grid maps for
the SRD’s and the IBSTI were cross-tabulated to generate a contingency
table showing the distribution of IBSTI scores in each SRD.

3. Results

3.1. PCA and cluster analysis

The scatter plots and Spearman’s correlations revealed the existence
of high multi-collinearity among the initial 18 variables. Only nine
variables that contributed non-redundant information were selected for
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further analysis (Appendix A). These were orthogonally rotated to
produce nine PCA axes. The first three PCA axes (PC1–PC3; Fig. 3) were
selected as input for cluster analysis since they met Kaiser’s criteria of
eigenvalues greater than one. The three PCA axes explained 76.2%
cumulative variance (Table 2). PC1 was mainly correlated with annual
precipitation and the two soil condition variables (Table 2) and is
henceforth referred to as precipitation-soil gradient. PC2 revealed high
positive and negative correlation with elevation and annual mean
temperature respectively and is henceforth referred to as the elevation-

temperature gradient. PC3 was mainly correlated with the market
access and precipitation seasonality and is henceforth referred to as the
market access-precipitation seasonality gradient.

3.2. Cluster analysis

All cluster stability tests revealed that the K-means algorithm
performed better than hierarchical clustering. The optimal number of
clusters for K-means ranged from k= 19–20 clusters (Fig. 4). The K-
means algorithm with k = 20 clusters explained 89.4% of variance in
the three PCA rasters. The resulting map with 20 clusters covering the
entire FtF zone (including critical ecosystems) is shown in (Fig. 5a).
Table 3 shows the areal extent of each of the 20 clusters.

3.3. Identifying main bio-socio-economic gradients in clusters

Results from MRT revealed that both relative error (RE) and cross
validation error (CV Error) were 0.22, therefore it explained 78% (1 −
mean Error) of variance in the three PCA values for different clusters
(Fig. 6). The split criteria for each node and the discriminant cluster in
each leaf are indicated in the tree (Fig. 6). Since the main bio-socio-
economic gradient expressed by each PCA axis was determined (Table 2),
it was therefore possible to deduce the most important gradient in
discriminating a particular cluster. For example, cluster 3 (left-most in
the tree) was discriminant at the leaf defined by split criteria PC1 >
= 94.42. Therefore cluster 3 is split from PC1 that mainly represents the
precipitation-soil gradient (Table 2). Clusters 2, 3, 4, 6, 8, 9, 10, 11, 15, 16
and 17 are discriminated by precipitation-soil gradient (Fig. 6). Clusters 1,
5 and 13 were discriminated by the elevation-temperature gradient.
Clusters 7, 12, 14, 19 and 20 were discriminated by the market
access–precipitation seasonality gradient (Fig. 6). Only cluster 18 was
discriminant in two leaves (PC2 < 68.13 and PC3 > = 136.6) suggest-
ing that it is determined by both the elevation-temperature and market
access–precipitation seasonality gradients (Fig. 6). However, the influence
of the former is higher as more observations occurred at this leaf.

Table 2
Variance explained by selected variables in the PCA axis. The bold values highlight
variables contributing the highest variance in each gradient (PCA axis).

Parameter PC1 PC2 PC3

Main gradient Precipitation-soil Elevation-
temperature

Market access-
precipitation
seasonality

Standard deviations 1.980 1.696 1.254
% variance 33.766 26.799 15.627
% cumulative

variance
33.766 60.565 76.192

Proportion of variance explained
Annual Mean

Temperature
−0.167 −0.515 0.400

Temperature
Seasonality (CV)

0.248 −0.371 −0.273

Annual Precipitation 0.476 −0.128 0.141
Precipitation

Seasonality (CV)
−0.124 0.363 0.491

Precipitation of
Warmest Quarter

0.468 −0.184 −0.090

DEM 0.080 0.586 −0.300
Soil Organic Carbon

Content
0.463 0.058 −0.072

Soil pH −0.428 −0.247 −0.237
Market Access 0.215 0.084 0.588

Fig. 4. Selecting the clustering algorithm and optimal number of clusters. The K-means algorithm recorded the minimum values for all the three indices therefore out-performed
hierarchical clustering. The optimal number of clusters for AD and ADM was 20 while FOM suggested 19.
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3.4. Measuring potential impacts and priority setting

Critical ecosystems were masked from the clusters map (Fig. 5a) to
generate the SRDs (Fig. 5b). Table 3 shows the total area of clusters and

SRDs together with potential impacts of taking agricultural technolo-
gies to scale in the respective SRDs. Cluster 19 covered the largest area
(24,687 km2); of which 15,212 km2 (15%) was designated as SRD.
However, only 24% (3647 km2) of the area in SRD19 is currently under

Fig. 5. Map for Feed the Future zone of influence in Tanzania showing (a) clusters and (b) the sustainable recommendation domains (SRDs) generated after masking critical ecosystems
and urban areas from these clusters.

Table 3
The potential impact of scaling-out technologies in delineated sustainable recommendation domains (SRDs).

ID Area (km2) Potential Impacts

Cluster SRDs Cultivated Land (%) Total Pop. Pop. Below Poverty Children< 5 Years WOCBA

1 16,936 13,611 22 50,2498 42,5562 93,008 111,785
2 11,951 11,129 37 722,584 598,068 125,850 163,369
3 6298 4594 21 125,771 103,586 21,474 27,514
4 8649 6211 35 325,872 277,647 52,859 76,265
5 11,071 5201 13 239,697 185,441 37,525 55,763
6 7852 5793 6 44,349 38,074 7678 9942
7 18,869 14,675 39 597,999 526,147 100,856 136,122
8 20,680 15,080 45 74,1942 62,7155 128,508 172,547
9 12,750 11,716 31 499,088 424,563 84,609 115,104
10 9599 8709 13 456,726 386,476 71,820 104,173
11 16,840 6155 25 250,261 201,064 46,304 58,285
12 23,140 14,997 7 167,453 137,150 29,834 38,336
13 16,369 15,789 41 75,3648 676,982 140,079 162,165
14 7624 7820 6 126,904 106,824 22,877 27,948
15 9707 9253 25 527,434 409,810 88,641 124,596
16 10,894 9798 55 1,039,788 858,459 178,399 240,741
17 10,436 8974 10 270,210 217,628 43,403 60,688
18 20,203 9537 28 344,828 236,897 57,686 79,098
19 24,687 15,212 24 900,020 652,020 133,771 214,263
20 12,073 6606 0.3 10,352 9184 1761 2281
Total 276,628 200,860 0.26 8,647,424 7,098,738 1,466,942 1,980,987
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cultivation (Table 3). SRD 13 covered the largest area (15,789 km2) of
which is 41% (6498 km2) is currently cultivated. Overall, only 26% of
SRDs area is currently cultivated.

IBSTI values ranged from 4 to 20 (Table 4, Fig. 7) with the higher
values indicating more potential impact. Once a suitable SRD is
identified, the sections with the highest IBSTI value (20) are prioritized
to maximize the potential impact of scaling a particular technology. For
example, if SRD1 is the most suitable for scaling a particular technol-
ogy, the section within this domain with an IBSTI value of 20
(2553 km2; Table 4) should be prioritized for intervention.

4. Discussion

4.1. The top-down methodological approach

This study utilizes a top-down approach to generate 20 SRDs largely
from gridded biophysical raster layers for the Feed the Future zone of
influence in Tanzania. The generated SRDs represent a first order
identification of non-contiguous zones with relatively similar agricul-
tural potential and access to markets (Rubiano, 2009). Therefore, it is
expected that targeting a particular SRD for scaling appropriate SI

Fig. 6. Multivariate regression tree (MRT) showing the split of PCA axes values (response) against clusters (predictor). The threshold criteria for splits are indicated together with
histograms showing the frequency of the values from different clusters in each leaf. The discriminant (main) cluster for every split is labelled below the histogram. Both RE (error) and
cross validation error (CV Error) were 0.22 indicating that MRT explained 78% (1 − mean Error) of variance in the PCA axes values between different Clusters.

Table 4
The Impact Based Spatial Targeting Index (IBSTI) values in each sustainable recommendation domain (SRD). IBSTI values range from 4 to 20, with higher indicating more potential
impact. Once a suitable SRD is identified, the sections with the highest IBSTI value (20) are prioritized to maximize the impact of scaling-out a particular technology.

IBSTI values/SRDs Area (km2) with unique Impact Based Spatial Targeting Index (IBSTI) value

4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

SRD1 1848 495 94 169 4127 318 114 225 2403 146 83 104 1785 57 74 93 2553
SRD2 49 6 0 3 685 80 90 104 2609 103 125 174 3902 93 144 149 3335
SRD3 285 1 7 14 681 38 31 71 1373 47 37 52 964 60 25 24 463
SRD4 32 7 3 5 360 31 22 62 986 56 40 144 2183 69 22 160 1788
SRD5 1257 0 23 5 1517 39 25 147 631 9 8 25 391 2 0 1 560
SRD6 2541 2 9 15 1505 202 31 174 364 5 2 15 9 0 0 0 0
SRD7 193 19 25 54 2733 140 134 161 3206 177 215 235 4165 138 177 158 3098
SRD8 161 5 13 9 1529 103 54 75 2988 171 98 114 4202 172 71 116 4048
SRD9 127 11 8 8 2221 110 129 133 3241 158 104 196 2482 61 58 101 2373
SRD10 22 0 2 7 1428 88 84 165 2934 152 92 176 2638 45 12 26 782
SRD11 98 19 4 5 725 70 25 46 1568 160 67 111 1389 65 24 52 873
SRD12 6310 145 168 754 2877 155 83 99 2238 68 17 51 943 25 11 19 422
SRD13 785 132 61 164 3563 170 64 53 2202 168 114 149 3510 103 133 131 4423
SRD14 2538 984 48 41 1956 71 16 106 642 31 14 21 292 3 8 9 135
SRD15 29 0 5 43 1063 182 94 84 2438 144 121 172 2612 48 77 94 1818
SRD16 14 0 1 0 140 8 19 39 744 66 87 117 3025 102 85 220 5510
SRD17 149 11 27 29 3011 117 133 325 2957 105 89 141 1829 16 14 28 769
SRD18 714 16 103 74 2206 62 91 171 1925 108 78 272 1779 93 57 173 1174
SRD19 807 60 75 115 3279 160 142 268 3328 110 96 230 3242 48 70 143 2815
SRD20 4547 70 47 499 1455 7 26 9 85 0 0 2 8 0 0 0 5
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technologies such as improved crop variety would increase the prob-
ability of adoption or success (Rubiano, 2009; Jolly, 1988). The
generated SRDs could also guide crop breeder’s experimental design
of multi-location trials for developing improved cultivars that are suited
to different ecologies (Hyman et al., 2013; Maideni, 2006).

The K-means algorithm, applied in this paper, considers the
inherent statistical properties of the input data to delineate an optimal
number of clusters. This contrasts with previous subjective methods
that rely on expert judgement for classification of variables (e.g.
Notenbaert et al., 2013; Tesfaye et al., 2015). For example, common
classifications such as ‘lowlands’, ‘mid-latitudes’ and ‘highlands’ can
vary between regions or researchers depending on the level of knowl-
edge and experience (Hartkamp et al., 2000). Such subjective classifi-
cations have limited potential for spatial extrapolation (Williams et al.,
2008). However, our method eliminates the subjectivity making it easy
to replicate in different ecologies or technologies provided that suitable
input variables are selected. The K-means clustering algorithm has been
used to delineate coffee production zones in Columbia (García et al.,
2014), agricultural productivity zones in Africa (Yu and Guo, 2015) and
Iowa (Williams et al., 2008) and to define wine growing zones in Italy
(Costantini et al., 2016)

Each technology has a specific environmental requirement and
therefore would be suitable for a specific SRD. Therefore the next step
is to allocate technologies to specific SRD exhibiting their optimal
environmental conditions. This can be accomplished using a bottom-up
approach to calculate similarity between environmental conditions in
pilot sites where the candidate technology was tested and found to
perform best, and conditions in the larger extrapolation area (e.g.
Mgonja et al., 2002; Otero et al., 2006; Rubiano et al., 2016; Muthoni
et al., 2016). Grid cells in the extrapolation area showing high
environmental similarity to reference benchmarks are earmarked as
suitable for scaling the candidate technology. This complementarity

between the top-bottom and bottom-up approaches is only feasible for
technologies with adequate trials sites in both spatial and temporal
scales (Hyman et al., 2013).

4.2. Extraction and identification of discriminant gradients

Results from the PCA analysis revealed two biophysical and one
socio-economic gradient in the FtF zone in Tanzania. The precipitation-
soil condition gradient (PC1) revealed a positive correlation with
annual precipitation, precipitation of warmest quarter and SOC but a
negative correlation with soil pH (Table 2). The positive relationship is
partly driven by a positive feedback loop between precipitation and
SOC; whereby, higher precipitation stimulates an increase in plant
biomass that produces higher plant litter that in-turn decomposes to
release more SOC (Brady and Weil, 1999). Unlike the two precipitation
variables, soil pH was inversely correlated with PC1. This could be
attributed to the fact that an increase in precipitation accentuates
leaching of base cations in the soil (Brady and Weil, 1999). The
elevation-temperature gradient (PC2) revealed a positive correlation
with elevation (DEM) but negative with annual mean temperature. This
result coincides with the well-known inverse relationship between
elevation and temperature. The market access–precipitation seasonality
gradient revealed (PC3) a positively correlation with both market
access and precipitation seasonality. This is related to the fact that
accessibility in rural landscapes exhibit high seasonal variations,
whereby it is significantly lower during the wet seasons when most
earth roads are impassable (Blanford et al., 2012).

The MRT analysis identified the most important bio-socio-economic
gradient(s) in discriminating specific clusters. A combination of this
information and expert knowledge on bio-socio-economic requirements
of a particular technology is vital for selecting priority SRDs for scaling.
Results indicate that if a candidate sustainable intensification technol-

Fig. 7. Map of the impact based spatial targeting index (IBSTI). IBSTI values ranged from 4 to 20 with higher values indicating more potential impact of scaling a particular technology.
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ogy is more sensitive to elevation-temperature gradient, then it would
be prudent to target SRDs 1, 5 and 3 that were discriminated by this
gradient. Similarly, for candidate technologies that are more sensitive
to market access-precipitation seasonality gradient then SRDs 7, 12, 14,
and 20 will be targeted.

4.3. Sustainability factor

We generated SRDs by masking out critical ecosystems such as
wildlife protected areas (game and forest reserves), wetlands and large
waterbodies (Fig. 5b). The masked areas included Mikumi, Ruaha and
Udzungwa Mountains’ national parks. These partly comprises the
Eastern Arc Mountains that are globally recognized biodiversity hot-
spots (Burgess et al., 2007) and water catchments with high vegetation
biomass that stores and sequesters significant amount of carbon
(Munishi and Shear, 2004). The SRDs also exclude the Kilombero
wetland that acts as a biological filter for sediments and agrochemical
residues thus controlling eutrophication of water bodies (Lyon et al.,
2015). Agricultural production is dependent on ecosystem services such
as nutrient cycling and regulation of (micro)-climate while farmers’
livelihoods benefit from provisioning services like firewood and timber
(Tilman et al., 2002). However, the sustainability is largely ignored in
most initiatives that generate RDs for scaling sustainable intensification
technologies (e.g., García et al., 2014; Hartkamp et al., 2000). Failure to
mask-out critical ecosystems when delineating RDs for sustainable
intensification encourages agricultural expansion to critical ecosystems
leading to fragmentation (Nijbroek and Andelman, 2015; Van Ittersum
et al., 2016) leading to fragmentation that is currently experienced
within the FtF zone (Ojoyi et al., 2015).

Conservation of natural resources is a key pillar for sustainable
intensification. Currently, there are two competing policies on trade-
offs between increased agriculture production and biodiversity con-
servation: the land-sparing and land-sharing policies (Green et al.,
2005). The land-sparing policy promotes agricultural intensification by
maximizing agricultural yields on currently cultivated land while a
portion is set aside strictly for biodiversity conservation (Fischer et al.,
2008). Sustainable intensification is part of the land-sparing policy
since it promotes adoption of technologies that increase agricultural
production without expanding the already cultivated land (Vanlauwe
et al., 2014; Pretty et al., 2011). In contrast, the land-sharing policy
promotes biodiversity-friendly agriculture that maintains heteroge-
neous agricultural landscapes with high biodiversity (Green et al.,
2005). Adopting this policy bears an opportunity cost on reduced yields
to maintain agro-ecosystems rich in biodiversity and related ecosystem
services. A large amount of land is required to achieve the desired crop
yields. The opportunity costs could however be offset by higher
provision of ecosystem services (Green et al., 2005). Results revealed
that only 26% of SRDs area is currently cultivated (Table 3) and this
land is the primary target for scaling the sustainable intensification
technologies. According to the land-sparing policy, the remaining huge
track of uncultivated land could be targeted for nature conservation to
enhance provision of ecosystem services that are forgone in the
intensively cultivated land (Green et al., 2005). Alternatively, the
land-sharing policy could be implemented by adopting agricultural
extensification practices in non-cultivated land but emphasizing on
integration with sustainable ecosystem management practices.

4.4. Utility of IBSTI in spatial targeting

The IBSTI is an evidence-based tool to guide spatial targeting of
agronomic technologies to appropriate environments to maximize the
potential impacts such as enhancing adoption by poor populations and

WOCBA. The IBSTI facilitated identification of the areas in each SRD
that should be prioritized for spatial targeting to maximize potential
impacts of scaling intervention. The IBSTI was designed was designed
using equal weights for all impact variables. As noted by Nijbroek and
Andelman (2015) in Southern Tanzania, establishing appropriate
weights for variables in a spatial multi-criteria analysis requires
consultation with multi-stakeholders to elicit their consensus on the
relative importance of different variables. Therefore IBSTI can be
improved by investing in stakeholder’s consultation to ascertain the
appropriate weights for impact variables. Weights vary depending on
expected outcome of candidate technologies. For example, quality
protein maize (QPM) cultivars are disseminated with an aim of
improving health of vulnerable groups like children under five years
(Nuss and Tanumihardjo, 2011).

4.5. Limitations of the analysis

Most gridded raster layers that were used to generate RDs are
derived from other spatial models with inherent uncertainties (section
1.2). Some variables like GDEM (elevation) were also used as input
when estimating climatic and market access grids. The two instances
introduce risk for error propagation. However, these are currently the
best freely available data, although there are ongoing initiatives to
improve their accuracy and resolution. Moreover the 1 km resolution
adopted for analysis is high for bioclimatic variables, but rather coarse
for topographic variables. However, our resolution is similar to that
used in recent studies to generate RDs for agricultural technologies in
East Africa (Notenbaert et al., 2013; Nijbroek and Andelman, 2015;
Tesfaye et al., 2015). Development agencies have to make a choice
between investing time and money to correct fine detailed data or use
the best available data (Notenbaert et al., 2013). Moreover, reasonable
spatial and temporal resolutions need to be adopted based on data
availability and characteristics of the technologies (Rubiano and Soto,
2009).

5. Conclusions and policy implications

This paper identifies 20 SRDs in the Feed the Future zone in
Tanzania and the main biophysical and socio-economic gradients that
discriminate them. The SRDs are delineated using a data-driven
statistical clustering method that is recommended for areas with limited
technology trials data. These SRDs enhance environmental sustainabil-
ity by excluding agricultural development within critical ecosystems.
The paper proposes an Impact Based Spatial Targeting Index (IBSTI) as
a tool for priority setting to enhance attainment of maximum potential
impacts when scaling sustainable intensification technologies. The
results represent a first-order definition of development domains based
on agricultural potential and market assess that is necessary for guiding
agricultural investment decisions. Results demonstrate the potential of
geospatial tools in generating evidence-based policies for scaling
sustainable intensification technologies. Further research is recom-
mended to determine suitability of main crop varieties and agronomic
practices in specific SRDs based on their biophysical and socio-
economic environments requirements.
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Appendix A. : Map for the nine selected biophysical and socio-economic variables.
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Appendix B. : Boxplots for the values of the nine selected variables in each cluster.
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Appendix C. Supplementary data

Supplementary data associated with this article can be found, in the online version, at http://dx.doi.org/10.1016/j.landusepol.2017.04.028.
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