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ABSTRACT

Agroforestry, is defined as the intentional, intensive, integrated, and interactive
combination of trees (including shrubs, palms, and bamboos), agricultural crops and/or
animals (wildlife, insects, and livestock) on the same piece of land, managed as the same
unit, to obtain different benefits and services. Under the perspective of mitigation of the
climate change, agroforestry has been globally recognized as one of the most effective
strategies, having a great potential for carbon (C) sequestration compared to the other
land uses. Several studies of agroforestry systems have been conducted, investigating the
quantity of C stored in the different pools (above and belowground biomass, soil), the
sequestration dynamics and rates, and the economic features connected to the rise of C
markets. This study explores whether or not agroforestry represents a valid strategy to
mitigate the climate change. Using meta-analytical techniques the study compares the
quantity of C stocked in these Agroforestry systems and its concomitant competitive land
uses (intensive agricultural systems, monocultures, plantations). Results show that, on the
average, agroforestry systems store 2.59-2.64 times more C in the biomass pool
(aboveground and belowground) and 14% more organic C in the soil pool than other
competitive land uses. Across the different practices, only multipurpose trees-based
activities, such as homegardens, improved fallows, and woodlots denote positive and
significant results, being able to stock 10.34 times more C in the biomass pool and 29%
more organic C in the soil pool when compared to other land uses. Despite the
encouraging positive results, different issues are related with the inconsistency of the
datasets used in the study, which underlines the presence of publication bias and implies
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additional investigations for the future studies in order to avoid the misrepresentation of
the analyzed phenomenon.
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CHAPTER 1
Introduction
The following chapter contains a brief introduction to agroforestry, providing
different definitions and highlighting the most common systems and activities. The
chapter also introduces an overview of climate change and the strategies potentially able
to mitigate it, with a special attention to agroforestry.

Definitions of Agroforestry
Agroforestry, or rather the practice of growing trees and crops in interacting
combinations, has been defined in different ways. The World Agroforestry Centre defines
the term agroforestry as “a dynamic, ecologically based natural resources management
system that, through the integration of trees in farmland and rangeland, diversifies and
sustains production for increased social, economic and environmental benefits for land
users at all levels” and “a land-use system in which woody perennials (trees, shrubs,
palms, bamboos) are deliberately used on the same land management unit as agricultural
crops (woody or not), animals or both, either in some form of spatial arrangement or
temporal sequence. In agroforestry systems there are both ecological and economic
interactions between the different components” (World Agroforestry Centre, 2011).
Agroforestry in temperate areas is intended as an intensive land-use management that
optimizes the benefits (physical, biological, ecological, economic, social) from
biophysical interactions created when trees and/or shrubs are deliberately combined with
crops and/or livestock (Garrett, 2009; Association for Temperate Agroforestry, 1994).
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Rigueiro Rodríguez et al. (2009) define agroforestry as a sustainable way of land
management, which integrates both agricultural and forestry practices on the same land
management base. Agroforestry combines active and intentional biophysical interactions
among its components (trees, shrubs, crops and animals) in order to obtain multiple
products and services, while providing numerous benefits (Rigueiro Rodríguez et al.
2009; Garrett, 2009). The components are structurally and functionally designed,
established, and combined into a single integrated system. Agroforestry practices are
managed intensively, involving often operations such as fertilization, irrigation, pruning
and thinning (US National Agroforestry Center, 2008; Garrett, 2009).
Numerous positive effects are connected to agroforestry; the US National Agroforestry
Center (2008) identifies the following benefits and services:
Economic
Diversify income: agroforestry provides several valuable wood and timber products
timber suitable for diverse purposes, such as energy generation, paper production, shelter
and bedding material for livestock, and high-value timber products (veneer and highquality saw logs). Agroforestry also provides several non-timber forest products
(NTFPs), such as fruits and nuts, and specialty crops (US National Agroforestry Center,
2008).
Conserve energy: agroforestry practices can significantly reduce the amount of energy
and fuel needed for snow removal (living snow fences), heating (windbreaks), irrigation,
fertilization, and pesticides and herbicides application (US National Agroforestry Center,
2008).
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Enhance productivity: thanks to the presence of trees, agroforestry practices increase the
quantity and quality of products. For example trees provide the optimal microclimate
conditions for crops, provide shelter for livestock, optimize water consumption, and
improve pests and weeds control (US National Agroforestry Center, 2008).

Social
Aesthetics: agroforestry practices enhance the quality of the landscape, providing more
comfortable working environments by screening undesirable views and providing
opportunities for viewing wildlife (US National Agroforestry Center, 2008).
Meet people’s needs: agroforestry addresses human needs by improving the quality of
life. Agroforestry practices protect soil, water, wildlife, roads, and buildings, reduce
noise, moderate odors, and filter dust particles (US National Agroforestry Center, 2008).
Environmental
Improve air quality: trees and shrubs canopy are capable to filter and absorb air
pollutants, they also reduce temperature and mitigate the impacts of livestock and
industrial odors (US National Agroforestry Center, 2008).
Improve water quality: agroforestry practices protect clean water supplies for fish,
wildlife, and people. Agroforestry activities are extremely useful in controlling point and
nonpoint source runoff from agricultural operations, and filter surface runoff laden with
sediment, nutrient, chemical, and biological contaminants. Trees and shrubs also help to
stabilize stream and absorb contaminants in shallow groundwater (US National
Agroforestry Center, 2008).
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Improve and protect soil: trees, shrubs, and other permanent vegetation part of the
agroforestry systems control erosion caused by water and wind (US National
Agroforestry Center, 2008).
Provide habitat for wildlife: agroforestry systems offer habitats for many wildlife species,
providing opportunities for hunting and recreational uses (US National Agroforestry
Center, 2008).
Improve plant quality: agroforestry enhances habitats, reduces winds, provides shelter to
crops, and increases insect pollination. Trees, shrubs and gardens can harbor insects,
birds, mammals and beneficial insects that feed on pests (US National Agroforestry
Center, 2008).
The European Commission for Rural Development (Smith, 2010) recognizes the ability
of agroforestry to address three crucial themes:
1. Improving the competitiveness of the agricultural and forestry sector. The
combination of crops or livestock with trees is able generate income in the shortterm from the agricultural element in addition to long-term revenue from the trees,
increasing the competitiveness over a forestry-only activity. Agroforestry can also
bring marginal land into production, and by reducing reliance on synthetic inputs,
could potentially improve efficiency.
2. Improving the environment and the countryside. Multi-functional agroforestry
systems have many environmental benefits such as enhanced soil fertility, reduced
nutrient leaching, reduced soil and wind erosion, improved water quality and
more regulated hydrological cycles, enhanced biodiversity and landscape quality,
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increased aesthetic value, remediation of polluted land, mitigation of greenhouse
gases and sequestration of carbon.
3. Improving the quality of life in rural areas and encouraging diversification of the
rural economy. Agroforestry generates job opportunities, raw materials for other
economic activities (such as bioenergy, fruit production, thatching and other craft
products) and supports diversification of local economies and products. It is also
associated with non-market benefits, like aesthetics wildlife habitats, and
recreation.
One can differentiate agroforestry practices by geography, identifying two broad
categories of agroforestry, temperate agroforestry and tropical agroforestry.
Agroforestry Systems in Temperate Areas
According to the classification specified by AFTA (1994), and Alavalapati and
Nair (2001), five basic types of temperate agroforestry practices are recognized: riparian
and upland buffers, windbreaks, alley cropping and silvoarable practices, silvopasture and
forest farming.
Riparian and upland buffers
Defined as strips of permanent vegetation, consisting of trees, shrubs, and grasses that are
established along rivers and streams, planted and managed together (Garrett, 2009).
Riparian buffers are usually placed between croplands/pastures and water bodies to
reduce runoff, nonpoint-source pollution, erosion and sedimentation, stabilize stream
banks, improve habitats and provide products (Garrett, 2009). Upland buffers are placed
along the contour within agricultural croplands in order to reduce runoff and nonpoint-
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source pollution, to improve drainage and infiltration, to create habitats and connective
corridors, and to provide valuable products (Garrett, 2009).
Windbreaks
Windbreaks are continuous but not solid barrier made of trees and shrubs established to
reduce wind speed and to protect wind-sensitive, forage and livestock (US Forest Service,
2008). Windbreaks include shelterbelts, timber-belts and hedgerows. Windbreaks are
managed as a part of a crop or livestock operation; they also provide habitat, reduce water
consumption and erosion, and capture nutrients (Garrett, 2009).
Alley Cropping and Silvoarable Practices
Eichhorn et al. (2006) define alley cropping and silvoarable practices as widely spaced
trees inter-cropped with annual or perennial crops. The main characteristic of this practice
is represented by the crop component, which is harvested every year or every few years,
according to the typology of crops. Trees are managed according to the number and the
direction of rows, and the space between and within rows (US Forest Service, 2008). The
products deriving from trees range from high-value hardwood, fuelwood, nuts and fruits.
Trees protect the crops from wind, reduce runoff and erosion, and capture nutrients
(Garrett, 2009).
Silvopasture
Silvopasture is a practice that integrate trees with forage and livestock production, which
includes:
•

Forest or woodland grazing when forestry production is promoted, generally
associated with wild or local or autochthonous rustic breeds of animals;

	
  

6	
  

•

Open forest trees (low density stand, recently afforested or reforested areas),
usually in pastures, associated with wild or domestic animals (Rigueiro Rodríguez
et al., 2009).

Trees are managed to obtain high-value timber and at the same time they provide shelter
for livestock, forage, and different ecological benefits and services (Garrett, 2009).
Forest Farming
Forest farming is the production of natural or cultivated specialty crops for different uses,
such as medicinal, ornamental or culinary, crops are cultivated under the protection of a
forest canopy, which is managed in order to provide the appropriate microclimate
conditions (Garrett, 2009) for the desired products (mushrooms, berries, ginseng,
medicinal plants, etc.).

Agroforestry Systems in the Tropics
In the tropical areas, annual and perennial crops often occur mixed with several
trees species in order to diversify the production and take advantage of tree-crop
interaction (shading, water and nutrients availability, erosion control). The result of this
tree-crop symbiosis is complex systems, highly rich in biodiversity and with a complex
vertical structure (Albrecht and Kandji, 2003).
Since more than 30 agroforestry practices and systems have been recorded in the tropics,
Atangana et al. (2014) provides a relatively basic and understandable classification.
According to Atangana et al. (2014), the most common agroforestry systems in the
tropics include homegardens, perennial crop based systems, farm woodlots, alley
cropping, improved fallows and rotational tree fallows.
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Homegardens
Fernandez and Nair (1986) define homegardens as the association of multipurpose trees
and shrubs, annual and perennial plants, livestock within the household compound, with
the whole unit managed by family labor. In other words, homegardens involve trees,
shrubs, and herbaceous plants that are managed around the house by the household, and
the products of which are used primarily for family consumption (Atangana et al., 2014).
Kumar and Nair (2004) intend homegardening as a generic concept more than a specific
practice. Ewell (1999) describes homegardens as a systems that mimic the structure and
the function of natural forests.
Perennial Crops Based Systems
This practice involves a cultivated tree crop component, such as cacao, coffee, coconut,
oil palm, cashew, rubber tree, vanilla bean, which is grown under the canopy of several
tree species (Atangana et al., 2014). Trees provide timber and a various secondary and
non-timber forest products (fruits and nuts, bark, medicines, fodder).
Farm Woodlots
Woodlots are defined as stands of trees established to provide timber and wood for the
household and specific environmental services, including soil rehabilitation and
fertilization (Atangana et al., 2014). Rotational woodlots consist of the following three
sequential phases (Kwesiga et al. 2003):
1. Establishment: trees are inter-cropped with annual food crops.
2. Tree fallow: no cropping occurs during this stage.
3. Cropping: Trees are harvested and crops are established on the land.
Alley Cropping
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Alley cropping in the tropics does not differ conceptually from alley cropping in
temperate areas. One of the most important alley cropping features in the tropics is
nitrogen fixation by the legumes or mycorrhizae plants to keep soil fertility during
cultivation or to replace nutrients utilized by crops (Atangana et al., 2014). The trees can
be coppiced or not (Albrecht et al., 2003; Rao et al., 1998), and the resulting material is
used as mulch to replenish soil fertility, or are used as a source of fuelwood for the
household (Atangana et al., 2014).
Improved Fallows and Rotational Tree Fallows
Improved tree fallows are per definition sequential systems in which pure or few mixed
tree species are planted to achieve the benefit of a natural fallow in a shorter time (Prinz,
1986; Young 1997; Albretch et. al, 2003). Rao et al. (1998) classify improved fallows
according to their rotation:
•

Short-rotation fallow with fast growing leguminous trees or shrubs seeking to
restore soil fertility.

•

Medium-to-long-rotation fallows with diverse species aimed at rehabilitating
degraded and marginal lands.

Agroforestry as a Strategy to Mitigate Climate Change
The term climate change refers to the increase in temperature of the near-surface
air and oceans of the Earth in recent decades (Nair et al., 2009). Among all the land uses
analyzed in the LULUCF (Land-Use, Land-Use Change and Forestry) report of the IPCC
(IPCC 2000), agroforestry was recognized as C sequestration strategies that have been
approved as GHG-mitigating strategies under the Kyoto Protocol (Nair et al., 2009).
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Compared to other land uses, such as intensive agricultural systems, agroforestry acts in
mitigating the atmospheric accumulation of CO2 and other greenhouse gases (GHG) and
can help smallholder farmers adapt to climate change. The diversity of systems, species
and schemes, makes agroforestry a strategy globally appreciated and diffused.
Agroforestry is an activity that is largely practiced by subsistence farmers in developing
countries. It also represents an opportunity when the C sequestered through agroforestry
activities is sold in form of carbon credits to developed countries. Therefore a lot of
expectation has been raised about the role of agroforestry as a strategy for C sequestration
(Nair et al., 2009).
The C sequestration potential of agroforestry systems depend on a variety of factors and
is based on live components of the systems (aboveground and belowground biomass)
including the soil (Mosquera-Losada et al., 2012). Therefore we can identify trees,
understory and soil as key factors that determine the C sequestration in agroforestry
systems.
Tree Component
Trees sequester and store C aboveground (foliage, branches, and trunk) and belowground
(root system) biomass. The degree of carbon sequestration is function of different
elements:
•

Growth rate: slow growing species have lower C sequestration rates when
compared to fast growing species. (Pardos, 2010).

•

Management and soil type: management practices, such as fertilization, and the
soil type influence the growth of trees and consequently the carbon sequestration
rate (Dupraz et al., 2005).
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•

Density of the stand: according to Fernández-Núñez et al. (2010) stands with high
density are able to store more C than stands with low density, in spite the fact that
the C sequestered by single tree was higher at a low density.

•

Species: evergreen species are able to retain C in the leaves for a longer time than
deciduous species, and the thick litter layer typical of coniferous forest prevent the
establishment of herbaceous plants and reduce the soil C sequestration potential
(Mosquera-Losada et al., 2011).
Understory Component

The understory, compared to the other components of agroforestry systems, usually
sequesters the smaller amount of C (Mosquera-Losada et al., 2011). Generally, crops
and herbaceous or woody plants represent the understory component in agroforestry
systems. Factors like soil fertility, species and management influence the understory
C sequestration capability.
Soil Component
The main terrestrial C pool is represented by the soil, and it accounts for about 75%
of total stored C (Lal, 2005). Nieder et al. (2003) state that climate characteristics
(temperature and humidity) are the most influent factors in soil C sequestration,
because they act directly the rate of organic matter decomposition, mineralization and
incorporation into the soil.
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CHAPTER 2
Statement of the Problem
Agriculture is probably one of the principal human activities most susceptible to
climate change. In particular, small subsistence agriculture is particularly vulnerable
(Verchot et al., 2007). The main reason is connected to the fact that smallholder farmers
do not have adequate resources to invest in appropriate strategies and measures to
mitigate and to adapt to climate change. Bass et al. (2000) identify three broad
approaches through which forest management can help to offset C, specifically:
•

Direct C sequestration: strategies such as afforestation, reforestation and
restoration of degraded lands, improved silvicultural techniques, and agroforestry
practices on agricultural lands are part of this category.

•

C conservation: intended as conservation of biomass in the existing forests and in
the soil, improved harvesting and logging practices and improved fire prevention
and protection in both agricultural and forest systems.

•

C substitution: enhanced conversion of forest biomass into durable wood products
for use in place of energy-intensive materials, increased used of biofuels and
energy plantations, improved utilization of harvesting waste as feedstock for
biofuels).

The potential for carbon sequestration depends on the rates of carbon accumulation
associated with agroforestry practices. Several studies attempted to assess the potential of
agroforestry systems in terms of atmospheric C sequestration. C sequestration involves
both the direct sequestration of atmospheric CO2 and its storage in living pools (above
and belowground biomass) and the sequestration operated by soil. According to Nair et
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al. (2009), the estimates of the above-ground C sequestration potential in agroforestry
systems is significantly variable, ranging from 0.29 to 15.21 Mg C ha–1 year–1. Soils
represent the greatest sink because their capability to store C is assessed from 1.5 to 3
times the carbon stored in biomass (Montagnini and Nair, 2004). Shibu and Bardhan
(2012) have also estimated the C sequestration potential of agroforestry (by 2040) equal
to about 600 Mt C year1. In temperate areas, Watson et al. (2000) claim that agroforestry
systems are able to sequester C with rates of 0.2-3.1 Mg C ha-1 year-1, while Dixon et al.
(1994) assess the potential agroforestry C storage ranging from 15 to 198 Mg C ha-1. In
tropical areas, Watson et al. (2000) estimate the total sequestration potential equal to 1.53.4 Mg C ha-1 year-1, with an average C stock of 70 Mg C ha-1. However, estimates about
C sequestration of the global area under agroforestry systems are subjected to difficulties
due to site and system specific characteristics, soil type, tree species and density, and
management practices.
Agroforestry represent a great mitigation opportunity for developing countries, especially
in Brazil, India and China, where Agroforestry has an enormous C sequestration potential
and can offer several products and services to communities, such as reducing the
deforestation rate and helping to contribute to sustainable development (Pandey 2002). In
particular, the Clean Development Mechanism (CDM) under the Kyoto Protocol allows
industrialized countries to invest in mitigation projects in developing countries as an
cheap alternative to other mitigation activities (Nair et al., 2009). The economic
opportunity represented by agroforestry for subsistence farmers in developing countries is
important because CDM project can reduce GHGs emissions and simultaneously
contribute to sustainable development. Likewise, farmers can be compensated for the C
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they are able to sequester through C trading and C markets (World Bank, 2004).
Agroforestry practices act as a driver for income generation, poverty reduction,
environmental conservation and sustainable development.

Methodological Difficulties
Despite the large amount of research, there is still a paucity of quantitative data on
agroforestry practices (Albrecht and Kandji, 2003). Furthermore, the methodology of
what data is available related to measuring C content in biomass (above and
belowground) and soil is often not clear or adequate, and may overestimate or
underestimate the C pools (Nair, 2012).
The procedures adopted for collecting and/or estimating C stock data have to be
standardized, so the data sets used for future development plans is rigorous and
unquestionable (Nair, 2011). However, several attributes of agroforestry systems cannot
be measured at high quantitative level of accuracy, due to the factors involved and the
complex dynamics of interactions (Nair, 2011). The measurements of aboveground C
stocks are indirectly deduced through aboveground biomass measurements, assuming that
50% of the biomass is C (Nair, 2011). The biomass is directly measured in a destructive
way: cutting down samples trees, separating the various compartments, digging and
washing the roots, determining the dry weight for each compartment and finally summing
them up to get the total biomass. Then the data are used to develop allometric equations,
or rather mathematical regression models that are able to give the total dry weight (the
dependent variable) as a function of particular biophysical parameters of the tree, such as
diameter at breast height (DHB), total height, bole height and wood density (Nair, 2011).
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Numerous allometric equations were developed, and more recently database of tree
characteristics are available in order to obtain more precise data for the various species
(World Agroforestry Centre, 2011). Nair (2011) shows how methodological problems
related to sampling, analysis, computations, and interpretation make the measurement of
C a difficult task.
The determination of soil C stock is, perhaps, the most difficult of the three pools,
because organic C occurs in numerous different forms, such as living roots, hyphal
biomass, soil organic matter (SOM) in labile and recalcitrant forms (Nair, 2011. Through
soil analysis, the amount of C in the soil is in first instance calculated as in mass per unit
mass of soil and then converted in mass per unit area (i.e. Mg ha-1). The belowground
living biomass represents the major C pool, and is usually measured as the root-to-shoot
ratio. In absence of measured values, the living belowground biomass is assumed to range
from 25 to 40% of aboveground biomass, as a function of species, root systems and
ecological conditions (Nair, 2011).
Nair (2011) points out the most common erroneous assumption in C stock estimations
and computations for agroforestry systems:
•

C content in biomass is 50%: C content is variable, and often is less or more than
that.

•

All biomass represents sequestered C: all biomass does not end up in “long-lived”
pools; the fraction of sequestered biomass is variable depending on several factors
like species, plant part and ecological conditions.

•

Tree biomass (and C) estimates based on existing biomass equations are
applicable to agroforestry systems: most of the existing biomass equations are
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based on trees growing in forests or plantations (close space), there is no clear
assessments for trees growing in widely space or scattered arrangements.
•

All C in soil represents sequestered C: only a small fraction of soil C becomes
stable in “long-living” pools.

•

C stock (or C pool) is different from C sequestration: C sequestration is a rate that
involves time factor (Mg ha-1 year-1) while C stock is a measure free of time factor
(Mg ha-1).

•

Growth form of trees has little to do with root biomass: different growth form of
trees and management practices influence the root biomass.

•

Amount of C sequestered is generally uniform for a give agroforestry practice:
high level of heterogeneity exists among similar Agroforestry practices at
different locations.

Furthermore, the process of collecting and processing data for plant and soil samples are
not uniform and standardized, and therefore affected by inaccuracies and inadequacies
(Nair, 2011). The soil sampling problems include:
•

Sampling depth: most of the studies consider only the superficial horizons (20-30
cm depth), whereas deeper layers have an important effect in long-term soil C
stabilization.

•

Sample preparation: 2 mm sieve is almost universally used and the fraction more
than 2 mm are usually discarded, without regard to C stored therein.

•

Replications: pre-existing field plots of the same contiguous experimental unit
without true replicates of treatments are normally used. That may invalidate the
statistical comparison between treatments.
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•

Repeated measures: the non-randomized nature of the repeated measures design
used in Agroforestry experimental units often violates the assumption necessary
for a valid univariate analysis.

•

Chronosequence studies: chronosequences carried out in some studies are not
standardized.

Methodological issues in agroforestry systems are usually a higher order of magnitude
when compared to other land-use systems, because of the integrated nature of
agroforestry per se. The methods and the procedures used to measure C in agroforestry
vary broadly, so the bulk of data available is often incomparable and inconclusive (Nair,
2011).

Research Question
Since agroforestry has been recognized worldwide as a land-use strategy in CO2
mitigation, a notable number of studies have been carried out in order to assess the
quantity of C stored in the different stocks (above and belowground), the C sequestration
rate, and consequently the capability of agroforestry systems to mitigate climate change
through the sequestration and the storage of atmospheric carbon dioxide.
This study reviews the real potential and the effectiveness of agroforestry practices in
mitigating climate change, by assessing the quantity of C accumulated in the different
compartments (aboveground and belowground biomass, soil) using meta-analytical
techniques from a selection of different research studies. The ultimate goal is to test the
efficacy of the major agroforestry practices in storing C in the biomass (above and
belowground) and in the soil (soil organic Carbon - SOC), when compared with other
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land uses, such as conventional agriculture, plantations, pastures, natural forest and other
systems.
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CHAPTER 3

Methods
The following chapter illustrates the procedures related to data collection, and
provides a depiction of the methods used in this study, specifically it describes the metaanalysis as a quantitative statistical analysis of several separate but similar experiments or
studies. The first part of the chapter is an overview of the meta-analytical process, which
thoroughly defines and describes concepts and features correlated with the systematic
review procedures (effect sizes calculation, heterogeneity, publication bias). The second
part illustrates the methodologies adopted for the construction of the dataset and the
techniques applied to deal with possible inconsistencies (i.e. missing of dispersion
statistics).
	
  
Meta-Analysis
Glass (1976) gives the very first definition of meta-analysis, describing it as a
quantitative research synthesis that evaluates the results of a set of analyses. In a more
recent characterization, meta-analysis is the procedure that allows one to compare results
from different studies, in order to accomplish a statistical synthesis, finding common
patterns, discrepancies or other interesting relationships that may come to light in the
context of multiple studies (Borenstein et al., 2009).
Rosenberg et al. (1999) identify two main steps in the meta-analytical process: the first
concerns the calculation of the effect sizes and their associated variances for each study
in order to put data on a common denominator, the second combines those effects in a
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statistical summary based on a particular meta-analytical model. The core of metaanalysis is to identify a common measure, reflecting the magnitude of the strength of a
phenomenon, or rather the effect size. Cohen (1969) defines an effect as a statistical
measure that depicts the degree to which a given event is present in a sample; the
different measures of an effect and their magnitude can be considered the effect size
(Rosenberg et al., 1999). In the range of the effect size, it is possible to recognize
(Borenstein et al., 2009):
•

True effect size: is the effect size that we would observe if the study had an
infinitely large sample, and therefore no sampling error.

•

Observed effect size: is the effect size that is actually observed.

Meta-analysis allows synthesizing the results reported by different authors, increasing
statistical power available to test hypotheses in response between treatments under
different environments (Borenstein et al., 2009). The effect size found in each individual
study can be considered an independent estimate of the underlying true effect size,
subject to random variation. All studies contribute to the overall estimate of the treatment
effect whether the result of each study is statistically significant or not. Data from studies
with more precise measurements are given more weight, so they have a greater influence
on the overall estimate (Gates, 2002).
Effect size calculation
The meta-analytical process begins with the design of a common framework for results of
primary studies, which coincides with the calculation of the effect sizes. Effect sizes can
be based on different statistics, such as means (raw means, standardized means, and
response ratios), binary data (risk ratio, odds ratio, risk difference), and correlational data
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(correlation). The selection of the effect size index is function of three factors, as
indicated by Borenstein et al. (2009):
•

The effect sizes from different studies should be comparable;

•

The effect size should be computable from the data reported in the studies;

•

The effect size should have specific technical properties.

The natural log of response ratio was used as effect size in the present study. It is based
on the mean C, measured in Mg of C ha-1, stored in the different compartments of
Agroforestry systems (above and belowground biomass, soil). In addition, Hedges et al.
(1999) recognize the response ratio as the most appropriate effect size in experimental
ecology, when the outcome is measured on a true ratio scale (physical scale as means)
and it is unlikely to be zero (Borenstein et al., 2009). Given:
•

𝑋E the mean of experimental (Agroforestry) group;

•

𝑋C the mean of control (other land use) group;

•

sE the standard deviation of experimental (Agroforestry) group;

•

sC the standard deviation of control (other land use) group;

•

NE the sample size of experimental (Agroforestry) group;

•

NC the sample size of control (other land use) group;

The response ratio is computed as:
𝑅   =   

𝑋!
  
𝑋!

The natural log of response ratio is equal to:
𝑙𝑛  𝑅   =   𝑙𝑛  

	
  

𝑋!
𝑋!

=   𝑙𝑛  (𝑋! )    −   𝑙𝑛  (𝑋! )
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The variance of natural log of response ratio is given through the following equation
(Borenstein et al. 2009):
𝑣!"  !

(𝑠! )!
(𝑠! )!
=   
+
  
𝑁! (𝑋! ) 𝑁! (𝑋! )!

The values of natural log of response ratio range from +∞ to - ∞, where 0 specifies that
there is no difference in effects between the experimental and the control groups.
Negative values indicate effects where the control group attains a greater value than the
experimental group, and positive values represent effects where the experimental group
attains a greater value than the control group (Rosenberg et al., 1999).
The use of the mean as statistical parameter to summarize the true effect sizes in metaanalysis presents issues connected to the fact that the individual studies, which compose
the set of primary studies, do not have the same sample size. Since the variance of each
single effect size is a function of the sample size (studies with larger sample size have
normally lower variances, and provide more accurate estimates of the true effect size
when compared to studies with a lower sample size), a weighting strategy is required.
Rosenberg et al. (1999) proposed a specific weighting approach, through the calculation
of the cumulative effect size:
𝐸 =   

!
!!! 𝑤! 𝐸!
  
!
!!! 𝑤!

Where:
•

n: is the number of studies;

•

Ei: is the effect size for the ith study.

•

𝑤! is the reciprocal of sampling variance (𝑤!   =  1/vi)
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We can calculate the variance of 𝐸 as a function of the individual weights:
1

𝑠!! =   

  
!
!!! 𝑤!

Using 𝑠!! , the confidence interval around 𝐸 is:
𝐶𝐼 =    𝐸 ± 𝑡!/![!!!] ∗ 𝑠!   
Where t    is the two-tailed critical value from the Student’s t-distibution at the critical
level α. The cumulative effect size is the overall magnitude of the effect present in the
studies, and it is significant when its confidence limits do not overlap zero.
Heterogeneity
Another essential characteristic of meta-analysis is to determine the heterogeneity of the
effect sizes. Heterogeneity expresses the variation in the true effect size; the total
variation observed is partly due to heterogeneity and partly due to random error
(Borenstein et al., 2009). Simply, heterogeneity measures the degree of comparability
among the studies. Hedges and Olkin (1985) calculate the total heterogeneity (𝑄! ) as:
!

𝑤! 𝐸!!

𝑄! =   
!!!

−

!
!
!!! 𝑤! 𝐸!
  
!
!!! 𝑤!

or:
!

𝑄! =   

!

𝑤! 𝐸! − 𝐸!   
!!!

To assess whether or not there is significant heterogeneity, 𝑄! is tested as against a 𝜒 !
distribution with n – 1 degrees of freedom. The null hypothesis for this test states that all
the effect sizes are equal (Gurevitch and Hedges, 1993). P-values that are lower than the
designed α (usually .05) provide evidence of heterogeneity. When 𝑄! is significant, the
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variance among effect sizes is greater than expected by sampling error (Cooper, 1998).
Higgins et al. (2006) propose different strategies for addressing heterogeneity in metaanalysis:
1. Double-check the data: severe heterogeneity may indicate incorrect data
extraction.
2. Do not perform a meta-analysis: systematic reviews need not contain metaanalysis.
3. Explore the cause of heterogeneity: different approaches allow studying the
source of heterogeneity, such as categorical analyses and meta-regression.
4. Ignore heterogeneity: it is possible to exclude heterogeneity by the adoption of
fixed-effect models.
5. Change the effect size measure: heterogeneity may be the result of the
inappropriate choice of the effect measure.
6. Exclude studies: heterogeneity may be caused by the presence of studies, which
results are in conflict with the rest of the dataset.
Incorporating heterogeneity: data structure and categorical data
As mentioned before, a significant 𝑄! indicates that the variance among effect sizes is
greater than expected sampling error. Probable reasons may be the absence of structure in
the data set or the fact than the differences among the effect sizes are due to the effect of
specific variables, called predictors or moderators (Rosenberg et al., 1999).
When is possible to group the studies into more than one category, categorical metaanalysis is the appropriate approach. In addition to the overall cumulative effect size and
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its confidence intervals, categorical meta-analysis allows calculating the cumulative
effect size for each category:
!!
𝑤 𝐸
!!! !" !"
!!
𝑤
!!! !"

𝐸! =

Where kj is the number of studies in the ith study in the jth category, and wij and Eij  are the
weight and the effect size for the ith study in the jth category. The variance of 𝐸! is
calculated through the equation:
𝑠!!! =

1
!!
𝑤
!!! !"

The confidence intervals around 𝐸! are calculated as:
𝐶𝐼 = 𝐸! ± 𝑡!/![!! !!] ∗ 𝑠!!
For each category, 𝐸! is the correspondent cumulative effect size, and it is significant
when its confidence interval does not overlap zero.
The heterogeneity (Qwj) within the jth group is given by the equation:
!!

𝑄!" =

𝑤!" 𝐸!" − 𝐸!

!

!!!

Where kj is the number of studies in the ith study in the jth category, wij and Eij are the
weight and the effect size for the ith study in the jth category, and 𝐸! is the cumulative
effect size for that category. Qwj is tested against a 𝜒 ! distribution with n – 1 degrees of
freedom. Typically, the null hypothesis states that all the studies share a common effect
size, the alpha values for the test are usually set at 0.01 or 0.05, with a p-value less than
alpha leading to reject the null hypothesis (Borenstein et al., 2009).
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Furthermore, when the cumulative effect sizes for each category are significant, is it
possible to know whether the categories differ from each other, following a procedure
similar to ANOVA, i.e. determining whether or not there is a difference among category
means. The total heterogeneity (QT) can be segmented in the following way (Hedges and
Olkin, 1985):

QT  =  QM  -‐  QE  
Where QM is the variation in effect sizes explained by the model, QE is the residual error
variance in effect size not explained by the model. For the categorical data, the following
equation calculates QM:
!

!!

𝑄! =

𝑤!" 𝐸! − 𝐸

!

!!! !!!

Where m is the number of categories, kj is the number of studies in the ith study in the jth
category, wij is the weight for the ith study in the jth category, 𝐸! is the cumulative effect
size for the jth category, and 𝐸 is the overall cumulative effect size.
The residual error heterogeneity (QE) is expressed by the formula:
!

𝑄! =

!

!!

𝑄!" =
!!!

𝑤!" 𝐸!" − 𝐸!

!

!!! !!!

or rather the summation of the individual within-category heterogeneity values. QM and

QE    are tested against a 𝜒 ! distribution with m – 1 degrees of freedom for QM and n – m
degrees of freedom for QE:
•

A significant QM denotes there are differences among cumulative effect sizes for
the categories
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•

A significant QE suggests that there is heterogeneity among effect sizes not
explained by the model.

Since excluding cases that not report dispersion statistics in heterogeneity assessment
could decrease the number of cases in some categories, or even exclude the categories
themselves from computation (i.e. when a category is made of 1 case, it is automatically
excluded from heterogeneity calculation and test), the calculation of Q values and the Qtest was carried out taking into account all the cases.
Fixed-effects and random-effects
As mentioned beforehand, the second step in meta-analysis is to summarize and recap the
effect sizes by adopting a particular statistical model (Rosenberg et al., 1999). Borenstein
et al. (2009) indicate that most meta-analyses are carried out on the basis of two statistical
models: the fixed-effect model and the random-effect model. The first assumes that there
is one true effect size (singular and fixed), which underlies all the studies present in the
set; the differences observed are due to sampling error. Fixed effect models calculate
summary statistics on the basis that the variation in effect sizes is due to sampling error.
In the random-effect model the true effect size varies from study to study. There are
different effect sizes that underlie the different studies. Rosenberg et al. (1999) divide the
random effect model process into three basic steps:
1. Perform a fixed-effect model analysis: fixed-effect analysis is used to calculate the
value of summary statistics.
!
2. Calculate the pooled study variance 𝜎!""#$%
(between-study variance): the

calculation depends on the structure of the data; for no-structure models the
pooled study variance is equal to:
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!
𝜎!""#$%
=

𝑄! − (𝑛 − 1)
!
!
!!! 𝑤!
!
!!! 𝑤! − ! 𝑤
!!! !

Where QT is the total heterogeneity for the sample of studies, n is the number of
studies and wi is the fixed effect weight for the ith study. The numerator
represents the unexplained variance in effect sizes minus the degrees of freedom,
while the denominator is a summed function of the weights.
For a categorical model the equation is:
𝑄! − (𝑛 − 𝑚)

!
𝜎!""#$%
=

!!
𝑤
!!! !"

!
!!!

−

!!
𝑤!
!!! !"
!!
𝑤
!!! !"

Where QE is the residual error heterogeneity for the fixed-effect model, n is the
total number of studies, m is the number of categories, kj is the number of the
studies in the jth category, and wij is the fixed effect weight for the ith study in the
jth category. The numerator represents the unexplained variance in effect sizes
minus the degrees of freedom, while the denominator is a summed function of the
weights, summed over categories.
!
3. Calculate the weights for random-effect model (wi(rand)): 𝜎!""#$%
and the

individual study variance (vi) are used to calculate wi(rand) through the equation:
𝑤!

!"#$

=

1
!
𝑣! + 𝜎!""#$%

Publication bias
Begg (1994) defines publication bias as the result of the selective publication of articles
showing particular type of results over other types of results; Rosenberg et al. (1999) state
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that the most commonly suspected publication bias is the tendency for journals to publish
only those studies with statistically significant results. Rosenthal (1979) names the lack
of non-significant studies “file-drawer effect”, while Begg and Berlin (1998) identify the
overestimate of the number of significant result on a given topic as the “anticonservative
inferences”.
Several causes lead to publication bias. The most common and important is obviously the
willingness of researchers and editors to publish only statistically significant studies.
Therefore, when the studies included in the dataset are biased, the meta-analysis is
subjected to bias as well (Greenland, 1987), and an approach to safeguard against
publication bias is needed. One strategy suggested by different authors to study
publication bias is modeling the probability of inclusion of a study based on its observed
significance (Lane and Dunlap, 1978; Begg, 1985, 1994; Hedges, 1984, 1992; Iyengar
and Greenhouse, 1998; Begg and Berlin, 1998; Dear and Begg, 1992; Vevea and Hedges
1995; Hedges and Vevea, 1996; Bradley and Gupta, 1997). Consequently several
graphical methods have been suggested to explore and identify publication bias:
1. Weighted Histogram: this histogram shows the frequency on the vertical axis (Y),
and the effect size on the horizontal axis (X). It differs from a normal histogram
because the height of the bar in each class is the result of the combined weight of
each study that fall within that class, rather their frequency (Sokal and Rohlf,
1995). The shape of the weighted histogram shows the structure and the nature of
the data. A publication bias-free histogram is bell-shaped (normal); therefore
evident anomalous gaps, clustering and variations in the shape can be attributed to
publication bias (Greenland, 1987).

	
  

29	
  

2. Funnel Plot: is a scattered plot where the effect size is shown on the vertical axis
(Y), while the variance or the sample size is shown on the horizontal axis (X).
According to Palmer (1999), a publication-bias free study must meet the
following three assumptions: studies with smaller sample sizes have increased
sampling error compared to studies with a larger sample sizes (the variation
around the cumulative effect size decreases as sample size increases); the
cumulative effect size is independent in regards of sample size; at a given sample
size, individual studies are normally distributed around the cumulative effect size,
because the effect of random sampling error. When the three assumptions are met,
the result is a funnel-shape plot with the large opening at the smallest sample size.
3. Normal Quantile Plot: in this plot two distributions are compared by plotting their
quantiles against each other. In the case of similar quantiles, the points will fall
close to the line Y=X, while deviations from the line Y=X suggest different
distribution. One of the distributions is represented by the standard distribution,
and the other is the distribution one wishes to compare. The graph is based on the
plotting of the standardized effect size:
𝐸∗ =
	
  

𝐸!

𝑣!

	
  
against a standard distribution. Wang and Bushman (1988) identify several
advantages related to the normal quantile, such as its linearity and easy
interpretation and the testing for normality, which is a fundamental assumption of
meta-analysis. Moreover, numerous features are proper of this type of plotting:
deviation from linearity indicates deviation from normality (it occurs when the
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points, which represent each study of the dataset, do not fall within the confidence
bands), the slope of the linear regression denotes the standard deviation of the
data (that is 1 when the studies come from a single population with a large sample
size), and the y-intercept of the regression line indicates the value of the mean.
Publication bias induces gaps in the plot or lead to very non-linear curves.
In addition to the graphical methods, several authors suggested other ways to perform
statistical tests. Rank correlation tests the relationship between the standardized effect
size (E*) and sample size (n), across the studies, where the standardized effect size for
each study is given by the formula:
𝐸!∗ =

𝐸! − 𝐸
𝑣!∗

where Ei  is the effect size for the ith study, 𝐸 is the mean effect size, and 𝑣!∗   is the
standardized variance for the ith study, calculated as
𝑣!∗ = 𝑣! −

1

!!

𝑣!

where vi is the variance of the ith study and the summation is over all the studies. Two
tests are performed to calculate the correlation between E* and n, Kendall’s tau and
Spearman’s rho (Sokal and Rohlf, 1995). When the correlation is significant, larger effect
sizes in one direction are more likely to be published than smaller effect sizes. Begg and
Mazumdar (1994) suggest that the test has low power in case of less than 25 studies,
while the optimal condition assumes more than 75 studies.
Another simple system to assess the magnitude of publication bias is the calculation of
the fail-safe numbers, when a fail-safe number is defined as the number of hypothetical,
unpublished, non-significant studies that would need to be added to a meta-analysis in
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order to change the results from significance to non-significance. Rosenthal (1979)
proposed the very first method for the fail-safe calculation, through the equation:
𝑁! =

!
!𝑍

𝑝!

!

𝑍!!

where n is the number of studies, 𝑍 𝑝! are the Z-scores for the individual significance
value, and 𝑍!! is the one-tailed Z-score associated with the desired α.
Orwin (1983) proposes an alternative method, based on the standardized mean difference
effect size, and the number indicates the number of additional studies needed to reduce an
observed mean effect size to a desired minimal effect size.
𝑁! =

𝑛 𝐸! − 𝐸!
𝐸! − 𝐸!

where n is the number of studies, 𝐸!   is the mean of the original n studies, 𝐸! is the mean
of the additional N0  studies (𝐸! is assumed equal to 0, because the intention is to add notsignificant additional studies), and 𝐸! is the desired mean effect size. According to
Cohen (1969), 𝐸! can assume the values of 0.2 (minimal), 0.5 (medium), or 0.8 (large).
Rosenberg et al. (1999) claim there is no rigorous indication about the size of fail-safe
numbers. Generally, when the fail-safe numbers are relatively larger than the number of
observed studies, one can be fairly confident that the observed results can indicate a
reliable estimate of the true effect size, even if some publication bias is present. However,
Rosenthal (1979) suggests a value of 5n  +  10 as a threshold for reasonable fail-safe
numbers. In conclusion, Greenland (1987) states that the descriptive methods (i.e. plots,
rank-correlation tests, and fail-safe numbers) are effective to detect publication bias.
Resampling Methods
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Resampling tests are defined as computer-intensive statistic techniques used to estimate
the significance of a given statistic value (Crowley, 1992; Manly, 1997). They are used
when the original data do not conform to the assumption of distribution of parametric
tests (Manly, 1997), especially in case of a non-standard test statistic, or data sets with
both normal and non-normal distributions (Adams and Anthony, 1996).
Iteration is defined as the permutation of the original data. Iterations are repeated multiple
times, and then the test values from all iterations are used to generate a distribution of test
values. The original test value is compared to the generated distribution in order to
determine the significance of the original data (Edgington, 1987, Crowley, 1992; Manly,
1997).
Since meta-analyses are often performed on the basis of a small sample size, which may
violate the assumption of normality, resampling methods can be important to determine
the accuracy and the significance of the meta-analytic process. Rosenberg et al. (1999)
distinguish two important resampling techniques:
1. Bootstrapping: is used to generate confidence intervals around a given statistic,
randomly picking (with replacement) n studies from a sample of n size, and then
calculating the desired statistics (i.e. thirty studies in total, thirty studies would be
chosen for each bootstrap iteration). Bootstrapping generates a distribution in
which the lowest and the highest 2.5% values are selected to design the lower and
the upper 95% bootstrap confidence limits, or percentile bootstrap confidence
intervals (Dixon, 1993). These confidence intervals assume that the distribution of
the bootstrap values is centered on the original value. When more than 50% of the
bootstrap replicates are above or below the original value, the bootstrap
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confidence interval must be corrected for this bias, using the fraction (F) of
bootstrap replicates smaller than observed values; therefore the upper and the
lower percentiles for the bias-corrected bootstrap are:
Φ   2Φ!! 𝐹 ± 𝑍!

!

where	
  Φ	
  is	
  the	
  normal	
  cumulative	
  distribution	
  function,	
  Φ!! 	
  is	
  the	
  inverse	
  of	
  
the	
  normal	
  cumulative	
  distribution	
  function,	
  𝑍! ! 	
  is	
  the	
  Z-‐score,	
  and	
  α is the
Type-I error associated with the confidence interval (i.e. α = 0.05 for 95%
confidence interval).
2. Randomization tests: are statistical tests in which the distribution of the test
statistic is obtained by calculating all possible values of the test statistic under
rearrangements of the labels on the observed data points. By performing
numerous iterations, a frequency distribution of possible outcomes (i.e. test
statistics) is generated. Then the actual test statistic is then compared to this
frequency distribution of randomly generated statistics, and the proportion of
randomly generated statistics more extreme than the actual statistics will represent
the significance level for that data set. For Rosenberg et al. (1999), “if 301 of 4999
randomly generated values are equal to or larger than the actual test value, the
probability of the original data value being more extreme than is expected by
chance is 302/5000, or P= 0.0604” (49). With randomization tests, the value of
the probability level is partially a function of the number of iterations used.
Increasing the number of iterations allows one to decrease the value of the
smallest detectable probability. Usually, between 999 and 4999 iterations are
sufficient to get a reliable probability level (Potvin and Roff, 1993; Adams and
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Anthony, 1996; Manly, 1997). As the number of iterations increases, the standard
error of replicated randomization tests decreases such that a further increase of
iterations does not provide much more accuracy.	
  
	
  
Data
An exhaustive literature survey of peer-reviewed publications was carried out
using ISI-Web of Science, CAB Abstracts, and Google Scholar (Google Inc., Mountain
View, CA, USA). The literature survey focused on the C sequestration, intended as CO2
sequestration and storage in the pools of Agroforestry systems (above and belowground
biomass, soil). The first step was the identification of the possible studies to be included
in the analysis through the examination of the abstract, using “agroforestry”, “C
sequestration”, “soil C sequestration”, “biomass C sequestration”, “C stocks”, “C pools”,
and their combination as keywords for the search.
After the identification of relevant studies, the selection procedure was initiated. To be
comprehensive and to decrease reviewer bias, the selection procedure followed a strict
protocol. In first instance, to be meaningful, every publication must report the stored C
measured in Mg of C ha-1 or in other equivalent unit that can be converted to the selected
one. Each publication must also report C measures related to a “treatment group”
(Agroforestry systems), and to a “control group” (other land uses). When the study
considers multiple Agroforestry treatments, each treatment is considered as a single point
in the analysis; when multiple controls are reported, the most common land use in the
area is used as “control group”. Finally, the data reported in the studies must be based on
direct observations, rather than simulations.
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Studies that do not contain data as described in the above criteria are not included.
Specifically publications are excluded when:
•

The publication reports C sequestration rate (quantity of C ha-1 year-1), without
any indication about the C stock (quantity of C ha-1).

•

The publication considers C sequestration only in agroforestry system(s), not
reporting any data for control group(s).

•

The publication reports different typology of measure for sequestered C, such as
SOC concentration (%).

•

The C sequestration measure is based on a simulation rather than a direct
observation.

•

The system(s) considered in the publication is not clearly defined Agroforestry.

After the first selection procedure, the publications were additionally divided into two
datasets, according to the typology of C pools analyzed. Thus, two meta-analytical
processes were performed on two different datasets; the first concerns the C pool related
to the biomass (above and belowground), while the second concern the soil organic
carbon (SOC).
To deal with the inconsistency of the datasets and to increase the number of observations,
in the case of publications that contain two or more Agroforestry practices, every
Agroforestry system included in that publication was considered as a single case
observation. For example, a hypothetic publication than comprises three different
Agroforestry practices (i.e. alley cropping, silvopasture, and perennial crops) was
considered as source of three different case observations and treated as three different
studies for meta-analysis purposes. Finally, twenty-six cases were included in the
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biomass C pool dataset, while forty-one cases were included in the soil organic C pool
dataset. A remarkable difference between the two datasets in terms of sample size is
noticeable, and the reason probably lies in the fact that in the agricultural systems (which
usually represent the control groups) the long C pool is located in the soil, since the
biomass is usually harvest as main product.
Another common problematic feature of meta-analysis concerns the absence of
dispersion estimates (standard deviation, standard error, variance, coefficient of
variation), which implies the adoption of an approach that allows computing and
including the missing data (Furukawa et al., 2006). Idris and Robertson (2009)
recommend the imputation of the missing dispersion estimates, in particular the standard
deviation, for the reason that if studies are excluded, the estimate of treatment effect
would not be biased, but the standard error of the estimate would be. In the latter case,
both the treatment effect and the corresponding standard error would be biased if studies
were excluded.
When the dispersion statistics were not reported in the studies, an indirect procedure was
applied in order to calculate the missing data, according to the approached used by van
Groenigen et al. (2011). First, the average coefficient of variation for each dataset was
calculated on the basis of the average variance estimates and average means available in
the datasets. The average coefficient of variation is given as:
𝑐!(!"#$!%#) =

𝑆𝐷(!"#$!%#)
𝑋(!"#$!%#)

where SD(average) is the average standard deviation for the dataset, and 𝑋(!"#$!%#) is the
average C stock mean value for the dataset. Then, the missing standard deviations were
computed for each study that did not report any variance estimate:
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𝑆𝐷! = 𝑐!(!"#$!%#) . 𝑋!
where 𝑐!(!"#$!%#) is the average coefficient of variation for the dataset, and 𝑋! is the mean
C stock value for the ith study in the dataset.

Analysis
The meta-analysis for the two dataset was performed using the statistical software
MetaWin 2.1 (Rosenberg et al., 2000). The natural log of the response ratio was selected
as the metric for the effect size:
𝑙𝑛 𝑅 =   

𝐶!   
𝐶!

where CT is the mean value of the C pool in treatment plot (agroforestry), and CC is the
mean value of the C pool in control plot (other land-uses). Studies were weighted by
replication:
𝑤! = 𝑛
where wi  is the weight for the ith study, and n is the number of replicates (i.e. plots per
treatment). Consequently, the mean effect sizes were calculated through the equation:
𝑙𝑛 𝑅 =  

𝑙𝑛 𝑅! ×  𝑤!
𝑤!

where ln  Ri and wi  are respectively the effect size for C pool and the weight for the ith
study.
For each dataset, two models were run, adopting the random-effect model assumption.
The first model (agroforestry system-based model) distributes studies into five categories,
on the basis of type of Agroforestry system:
1. Alley cropping: alley cropping, silvorable and intercropping systems.
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2. Multipurpose trees: improved fallows, woodlots, homegardens, and any
other activity based on the presence of multifunctional trees.
3. Perennial crops compared against forested control: cocoa and coffee
agroforestry compared against forested areas.
4. Perennial crops compared against non forested control: cocoa and coffee
agroforestry compared against other non forested land uses.
5. Sivolpasture: silvopasture and agrosilvopasture systems.
The second model (climatic zone-based) clusters studies into two categories, according to
the climatic zone where the studies take place:
1. Temperate: geographical areas that lie between the tropical and the polar regions.
2. Tropical: geographical areas surrounding the Equator.
The other competitive land uses, which represent the control groups, and are divided into
the following five categories:
1. Conventional agriculture: it describes any farming activity that is not classified as
Agroforestry, such as intensive cropping, plantations, mono-cropping,
characterized by a large use of chemical inputs.
2. Conventional pasture: any pasturing or grazing activity that does not involve the
presence of trees.
3. Forest plantation: forested areas artificially established by planting or seeding.
4. Land without trees: land free of trees, shrubs, crops, fodder crops or other kind of
vegetation that could potentially generate an income.
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5. Natural forest: forest ecosystem originated from an original forest cover
reproduced naturally. It can be both primary and secondary forest, according to
the presence of disturbance factors.
MetaWin 2.1 generated mean effect sizes and 95% bootstrapped confidence intervals
with 4999 iterations (Rosenberg et al., 2000). To facilitate the results interpretation, the
results for the analyses on ln  R were transformed and reported as percentage change ([R –
1] x 100). Treatment effect were considered significant when the 95% CI did not overlap
with zero.
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CHAPTER 4

Results
This chapter shows the results of the meta-analysis, and is divided into two
sections, for each dataset analyzed. In first instance, the variables used in the analysis and
the related descriptive statistics are described and illustrated. Then, the meta-analytical
procedures, with a particular emphasis on the effect sizes, causes of potential
heterogeneity and publication bias are addressed and clarified. As mentioned in Chapter
3, two models for each dataset were carried out, either combining the cases present in the
studies according to the agroforestry activity considered or to the location in which they
take place (temperate or tropical). The two following tables (4.1 and 4.2) illustrate the
two different datasets used for the meta-analysis, pointing out important features such as
the typology of agroforestry activity/activities studied, the control group(s) used, the
location and the country.
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Table 4.1

Description of the location, agroforestry practices, and control groups for
the Biomass C pool dataset, as reported in the studies used for the metaanalysis (n=26)

Reference

Year

Location

Treatment Group

Control Group

Country

Cardineal et al.

2012

Temperate

Alley cropping

Land without trees

Canada

Dube et al.

2012

Tropical

Silvopasture

Forest plantation

Chile

Espinoza-Dominguez et al. (a)

2012

Tropical

Silvopasture

Conventional pasture

Mexico

Espinoza-Dominguez et al. (b)

2012

Tropical

Perennial crops

Conventional pasture

Mexico

Espinoza-Dominguez et al. (c)

2012

Tropical

Perennial crops

Conventional pasture

Mexico

Espinoza-Dominguez et al. (d)

2012

Tropical

Perennial crops

Conventional pasture

Mexico

Ghirmai Brakas and Aune (a)

2011

Tropical

Multipurpose trees

Conventional agriculture

Philippines

Ghirmai Brakas and Aune (b)

2011

Tropical

Perennial crops

Conventional agriculture

Philippines

Ghirmai Brakas and Aune (c)

2011

Tropical

Multipurpose trees

Conventional agriculture

Philippines

Ghirmai Brakas and Aune (d)

2011

Tropical

Alley cropping

Conventional agriculture

Philippines

Ghirmai Brakas and Aune (e)

2011

Tropical

Multipurpose trees

Conventional agriculture

Philippines

Ghirmai Brakas and Aune (f)

2011

Tropical

Alley cropping

Conventional agriculture

Philippines

Häger A.

2012

Tropical

Perennial crops

Conventional agriculture

Costa Rica

Henry et al. (a)

2009

Tropical

Multipurpose trees

Conventional agriculture

Kenya

Henry et al. (b)

2009

Tropical

Multipurpose trees

Conventional agriculture

Kenya

Henry et al. (c)

2009

Tropical

Multipurpose trees

Conventional agriculture

Kenya

Henry et al. (d)

2009

Tropical

Multipurpose trees

Conventional agriculture

Kenya

Jacobi et al. (a)

2013

Tropical

Perennial crops

Conventional agriculture

Bolivia

Jacobi et al. (b)

2013

Tropical

Perennial crops

Conventional agriculture

Bolivia

Leuschner et al.

2013

Tropical

Perennial crops

Natural forest

Indonesia

Maranhão Froufe et al.

2011

Tropical

Perennial crops

Conventional agriculture

Brazil

Oke and Olatiilu (a)

2011

Tropical

Perennial crops

Natural forest

Nigeria

Oke and Olatiilu (b)

2011

Tropical

Perennial crops

Natural forest

Nigeria

Schmitt-Harsh et al.

2012

Tropical

Perennial crops

Natural forest

Guatemala

Sharrow and Ismail

2004

Temperate

Silvopasture

Conventional pasture

USA

Swamy and Puri

2005

Tropical

Alley cropping

Conventional agriculture

India
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Table 4.2

Description of the location, agroforestry practices, and control groups for
the SOC pool dataset, as reported in the studies used for the meta-analysis
(n=41)

Reference

Year

Location

Treatment Group

Control Group

Country

Avarado et al. (b)

2013

Tropical

Perennial crops

Conventional agriculture

Colombia

Avarado et al. (a)

2013

Tropical

Perennial crops

Conventional agriculture

Colombia

Balaba Tumwebaze et al. (a)

2011

Tropical

Multipurpose trees

Land without trees

Uganda

Balaba Tumwebaze et al. (b)

2011

Tropical

Multipurpose trees

Land without trees

Uganda

Balaba Tumwebaze et al. (c )

2011

Tropical

Multipurpose trees

Land without trees

Uganda

Balaba Tumwebaze et al. (d)

2011

Tropical

Multipurpose trees

Land without trees

Uganda

Bertalot et al.

2014

Tropical

Alley cropping

Conventional agriculture

Brazil

Cardineal et al.

2012

Temperate

Alley cropping

Conventional agriculture

Canada

Datta and Singh

2007

Tropical

Multipurpose trees

Land without trees

India

Dube et al.

2012

Tropical

Silvopasture

Conventional pasture

Chile

Espinoza-Dominguez et al. (a)

2012

Tropical

Silvopasture

Conventional pasture

Mexico

Espinoza-Dominguez et al. (b)

2012

Tropical

Perennial crops

Conventional pasture

Mexico

Espinoza-Dominguez et al. (c)

2012

Tropical

Perennial crops

Conventional pasture

Mexico

Espinoza-Dominguez et al. (d)

2012

Tropical

Perennial crops

Conventional pasture

Mexico

Ferreira Videa and Sa Mendonça

2013

Tropical

Perennial crops

Conventional agriculture

Brazil

Gama-Rodrigues et al. (a)

2010

Tropical

Perennial crops

Natural forest

Brazil

Gama-Rodrigues et al. (b)

2010

Tropical

Perennial crops

Natural forest

Brazil

Gupta et al.

2009

Tropical

Alley cropping

Conventional agriculture

India

Häger A.

2012

Tropical

Perennial crops

Conventional agriculture

Costa Rica

Jacobi et al. (a)

2013

Tropical

Perennial crops

Conventional agriculture

Bolivia

Jacobi et al. (b)

2013

Tropical

Perennial crops

Conventional agriculture

Bolivia

Lenka et al. (a)

2012

Tropical

Multipurpose trees

Land without trees

India

Lenka et al. (b)

2012

Tropical

Multipurpose trees

Land without trees

India

Lenka et al. (c)

2012

Tropical

Multipurpose trees

Land without trees

India

Lenka et al. (d)

2012

Tropical

Multipurpose trees

Land without trees

India

Leuschner et al.

2013

Tropical

Perennial crops

Natural forest

Indonesia

Makumba et al.

2007

Tropical

Alley cropping

Conventional agriculture

Malawi

Maranhão Froufe et al.

2011

Tropical

Multipurpose trees

Conventional agriculture

Brazil

Mata et al. (a)

2007

Tropical

Alley cropping

Conventional agriculture

Brazil

Mata et al. (b)

2007

Tropical

Silvopasture

Conventional agriculture

Brazil

Mata et al. (c)

2007

Tropical

Silvopasture

Conventional agriculture

Brazil

Norgrove and Hauser

2013

Tropical

Perennial crops

Natural forest

Cameroon

Santana de Lima et al.

2011

Tropical

Multipurpose trees

Conventional agriculture

Brazil

Schmitt-Harsh et al.

2012

Tropical

Perennial crops

Natural forest

Guatemala

Seddaiu et al. (a)

2014

Temperate

Silvopasture

Conventional pasture

Italy

Seddaiu et al. (b)

2014

Temperate

Alley cropping

Conventional agriculture

Italy

Sharrow and Ismail

2004

Temperate

Silvopasture

Conventional pasture

USA

Silva do Sacramento (a)

2013

Tropical

Silvopasture

Conventional agriculture

Brazil

Silva do Sacramento (a)

2013

Tropical

Silvopasture

Conventional agriculture

Brazil

Swamy and Puri

2005

Tropical

Alley cropping

Conventional agriculture

India

Upson and Burgess

2013

Temperate

Alley cropping

Conventional agriculture

England

	
  

43	
  

Biomass C Pool results
Descriptive statistics
The first of the two datasets is the biomass C pool (above and belowground) and includes
a total of 13 studies and 26 cases, which compare agroforestry against other competitive
land uses. The distribution of the agroforestry practices shows a predominance of
perennial crops (coffee and cocoa agroforestry), which form nearly the half of the dataset
(46%); multipurpose trees constitute 27% of the cases, while alley cropping and
silvopasture characterize respectively the 15% and 12% of the cases comprised in the
dataset (Figure 4.3).

Silvopasture
12%

Alley cropping
15%

Perennial
crops
46%

Figure 4.1

Multipurpose
trees
27%

Agroforestry systems percentage (n = 26)

Figure 4.4 depicts the distribution pattern of the control groups: conventional agriculture
accounts for the 58% of the cases, conventional pasture accounts for 19% the followed by
natural forest (15%); forest plantation and land without trees represent only the 4% of the
dataset.
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Natural forest
15%
Land without
trees
4%
Forest
plantation
4%

Conventional
pasture
19%

Figure 4.2

Conventional
agriculture
58%

Other land uses percentage (n = 26)

Regarding the dispersion statistics, the 35% and the 38% of the cases report a measure of
dispersion for the treatment and the control group respectively, while the remaining 65%
and 62% of the studies do not report any dispersion estimates in treatment and control
group (figures 4.5 and 4.6).
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Figure 4.3

Dispersion statistics in the control groups (n = 26)
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35%	
  
Not	
  
Reported	
  
65%	
  

Figure 4.4

Dispersion statistics in the treatment groups (n = 26)
Agroforestry system-based model meta-analysis results

Table 4.3 shows effect sizes in form of natural log of the response ratio (R); based on the
four agroforestry systems analyzed, only multipurpose trees practices indicate a positive
(towards agroforestry) and significant (CI does not overlap with zero) effect size. Overall
agroforestry results show the same trend, positive and significant.
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Table 4.3

Effect size in form of natural log of response ratio reported for the
different agroforestry systems and for the overall effect size of
agroforestry (n=26)
System
ln R
E++
Upper CI
Lower CI
1.0313
3.4730
-1.4105
Alley cropping (4)
-2.8343
Silvopasture (3)
0.8597
4.5536
Perennial crops compared
2.1507
3.5497
0.7516
against non-forested control
group (7) *
Multipurpose trees (7)*
2.4280
3.8763
0.9797
Perennial crops compared
-0.9507
0.9099
-2.8112
against forested control
group (5)
Overall agroforestry (26)*
1.2783
1.8938
0.6627
* Statistical significant (CI does not overlap with zero)
Numbers in parenthesis represent the total number of cases considered

Perennial crops compared against non-forested control groups show positive and
significant result, storing 7.59 more times C. Multipurpose trees indicate biomass C
stocks ten times higher (or 1,034% higher) than the control groups. Most C is stored in
trees biomass, and all 7 cases of multipurpose trees were compared against conventional
agriculture control groups, where trees are totally absent. Overall, agroforestry systems
contains 2.59 times more C in biomass stock than other competitive land uses. The reason
is also due to the fact that integration of trees with crops increases undoubtedly the above
and belowground C stocks (Nair et al. 2009). The percentage changes in effect size are
shown in Table 4.4.
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Table 4.4

Effect size as percent change of the response ratio reported for the
significant agroforestry system(s) and for the overall effect size of
agroforestry (n=26)
System
%R
E++
Upper CI
Lower CI
Perennial crops compared
759%
3,380%
112%
against non-forested control
group (7) *
Multipurpose trees (7)*
1,034%
4,725%
61%
Overall agroforestry (26)*
259%
803%
94%
* Statistical significant (CI does not overlap with zero)
Numbers in parenthesis represent the total number of cases considered

Figure 4.12 displays effect sizes means (natural log of the response ratio and % change)
and their CI.
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Multipurpose trees (7)

Overall agroforestry (26)

Perennial crops vs. forest (5)

Multipurpose trees (7)

Perennial crops vs. non forest (7)

Silvopasture (3)

Alley cropping (4)

0.00%

Figure 4.5
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Mean effect sizes (ln R) and confidence intervals reported for different
agroforestry systems, and overall agroforestry respectively (n=26). Effect
size means and confidence intervals in form of % change are reported only
for significant cases
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According to the Q-test reported in Table 4.5, the null hypothesis (all the studies have the
same effect size in the population) is not rejected (p-value greater than 0.05); the test for
total heterogeneity is negative (although the test for heterogeneity between categories is
positive), but considering the limited dimension of the sample size, there is a very high
probability to incur into a Type II error (β or false negative), consequently the test has
low statistical power.

Table 4.5
Heterogeneity
Heterogeneity
df
Q
p-value
Between categories
4
17.5075 0.00154
Within categories
21
17.6622 0.67027
Total
25
35.1697 0.08518
* Statistical significant (p < .05)

Zone-based model meta-analysis results
The natural log of the response ratio (R) for the zone-based underlines a positive
and significant effect size for tropical agroforestry, while the effect size for temperate
agroforestry is not statistical significant (Table 4.6).

Table 4.6

Effect size as natural log of response ratio reported for the temperate and
tropical agroforestry, and for the overall effect size of agroforestry (n=26)
Zone
ln R
E++
Upper CI
Lower CI
-14.4119
Temperate (2)
1.3166
17.045
Tropical (24)*
1.2911
2.0498
0.5324
Overall (26)*
1.2932
2.0174
0.5689
* Statistical significant (CI does not overlap with zero)
Numbers in parenthesis represent the total number of cases considered
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Biomass C stocks are 2.64 times higher in tropical agroforestry systems than in control
groups, and the same trend is noticed for overall agroforestry practices. Temperate
agroforestry systems show no statistical significance (Table. 4.7). The reason why
tropical agroforestry appears to have higher biomass C stocks is possibly due to the
sample size difference: temperate agroforestry dataset has only two cases, consequently
an inconsistency of the dataset should be considered in the analysis of the results.

Table 4.7

Effect size shown as percent change of the response ratio reported for the
significant agroforestry system(s) and for the overall effect size of
agroforestry (n=26)
Zone
%R
E++
Upper CI
Lower CI
Tropical (24)*
264%
677%
70%
Overall (26)*
264%
652%
77%
* Statistical significant (CI does not overlap with zero)
Numbers in parenthesis represent the total number of cases considered

A graphical illustration of mean effect sizes and relative confidence intervals is provided
in Figure 4.13.
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Figure 4.6

Mean effect sizes (ln R) and confidence intervals reported for temperate,
tropical, and overall agroforestry respectively (n=26). Effect size means
and confidence intervals in form of % change are reported only for
significant cases

Conclusively, according to the results presented in Table 4.8, for the zone-based models
the null hypothesis for heterogeneity test is not rejected (p-value greater than 0.05); the
test for heterogeneity is negative, with the same consideration for the system-based model
(high probability to incur into a Type II error and low statistical power due to the limited
sample size).

Table 4.8
Heterogeneity
Heterogeneity
df
Q
p-value
Between categories
1
0.0004 0.98427
Within categories
24
25.4132 0.38359
Total
25
25.4136 0.43940
* Statistical significant (p < .05)

Data exploration and publication bias
Since there is no rule of thumb about the dimension of the dataset in metaanalysis, the biomass C stocks dataset appear to be somewhat inconsistent, with 13
studies and 26 cases analyzed; a small sample might not provide, indeed, an adequate
statistical power because sampling error is generally larger in smaller samples. The
weighted histogram (Figure 4.14) reveals a deviation from normality noticeable from the
shape of the graph, with a consistent presence of cases with a negative effect size (-1.97)
and a visible gap at the effect size value of 1.83. The detected publication bias might
affect the meta-analysis results.
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Weighted histogram (n=26)

The shape of the funnel plot (Figure 4.15) seems to recall a funnel with the large opening
at the smallest sample size, but an asymmetry is noticeable and might violate the
assumptions stated by Palmer (1999). That asymmetry of the plot can be attributed to
publication bias.
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The normal quantile plot (Figure 4.16) also indicates the presence of possible publication
bias: although the majority of the points (cases) fall in between the confidence bands, it is
possible to denote an evident deviation from the normal line Y=X, which indicates a not
linear (normal) distribution.
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The rank-correlation tests, Kendall’s tau and Spearman’s rho, reveal no significant
correlation between the standardized effect size and sample size, as exposed in the Table
4.9. However, the power of rank-correlation tests is strictly connected function to the
dimension of sample size, n=26 in the considered meta-analysis, indeed Begg and
Mazumdar (1994) suggest low test-power for samples of about 25 studies (ideal condition
of 75 or more studies).

Table 4.9
Rank-correlation tests p-values
Rank Correlation (p-value)
Kendall's tau
0.07100
Spearman’s rho
0.07221
* Statistical significant (p < .05)

Table 4.10 reports the result of fail-safe numbers, and giving an idea about the robustness
of the meta-analysis; according to Rosenthal’s fail-safe number, 1,087.1 additional non
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significant studies would need to add to the analysis in order to switch the result from
significant to not significant, which denotes a fairly robust dataset in comparison to the
reference value proposed by Rosenthal (1979). In contrast, Orwin’s fail-safe suggests that
no any additional study would need to be added in order to reduce the observed mean
effect size to a desired value of .02 (minimal desired effect size).

Table 4.10
Fail-safe numbers (n=26)
Fail-safe Numbers
Rosenthal
Orwin's
Reference value suggested by Rosenthal
(5n + 10)

1,087.1
0.0
140

The plots and the numbers suggest that the dataset needs to be improved in terms of
consistency and indicate a possible file drawer effect, which may lead to a
misrepresentation of the investigated phenomenon.
	
  
	
  
Soil Organic C Pool results
Descriptive statistics
The second dataset analyzes the soil organic C pool and incorporates a total of 25
studies and 41 cases. Figure 4.9 shows the pattern of agroforestry practices. Perennial
crops account for 34%, followed by multipurpose trees (27%) and alley cropping (20%);
lastly, silvopasture practices account for 20%.
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Figure 4.10

Multipurposetrees
27%

Agroforestry systems percentage (n = 41)

For types of control groups, conventional agriculture accounts for 56% of the cases,
conventional pasture for the 17%, and land without trees for 15%. The remaining 12% of
the cases are represented by natural forest, while no records are present for forest
plantation (Figure 4.10).

Natural forest
12%

Land without
trees
15%
Forest
plantation
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Conventional
agriculture
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Conventional
pasture
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Figure 4.11

	
  

Other land uses percentage (n = 41)

56	
  

Considering the dispersion statistics, 41% of the studies report a measure of dispersion
for both the treatment and the control groups, while the remaining 59% do not report any
dispersion estimates in treatment and control group (Figure 4.11).

Not	
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59%	
  

Figure 4.12
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41%	
  

Reporting of dispersion statistics (n = 41)
Agroforestry system-based model meta-analysis results

Concerning to agroforestry systems, multipurpose trees practices present a positive and
significant, whereas the other practices resulted not statistically significant; the overall
effect size of agroforestry is positive and significant as well (Table 4.11)

Table 4.11

Effect size in form of natural log of response ratio reported for the
different Agroforestry systems and for the overall effect size of
agroforestry (n=41)
System
ln R
E++
Upper CI
Lower CI
0.1626
0.4115
-0.0864
Alley cropping (8)
0.2034
0.4473
-0.0404
Silvopasture (8)
Perennial crops compared
-0.0136
0.2128
-0.2400
against non-forested control
group (9)
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Multipurpose trees (11)*
Perennial crops compared
against forested control
group (5)
Overall agroforestry (41)*
	
  

0.2551
0.2034

0.4468
0.4473

0.0634
-0.3811

0.1316

0.2249

0.0401

* Statistical significant (CI does not overlap with zero)
Numbers in parenthesis represent the total number of cases considered

The results presented in Table 4.12 indicates that multipurpose trees systems have soil
organic C stocks 29% higher than other land uses (control group), while agroforestry
systems generally contains 14% more C soil stocks than other land uses. Trees have
positive effect on soil C sequestration, thanks to the inputs of residues and litter, and the
incorporation of the roots into the soil, which explore deeper horizons and enhance
belowground organic matter deposition (Howlett et al. 2011). Effect sizes means and
confidence intervals are illustrated in Figure 4.17.

Table 4.12

Effect size in form of percent change of the response ratio reported for the
significant agroforestry system(s) and for the overall effect size of
agroforestry (n=41)
System
%R
E++
Upper CI
Lower CI
Multipurpose trees (11)*
29%
56%
7%
Overall (41)*
14%
25%
4%
* Statistical significant (CI does not overlap with zero)
Numbers in parenthesis represent the total number of cases considered
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Figure 4.13

Mean effect sizes (ln R) and confidence intervals reported for different
agroforestry systems, and overall agroforestry respectively (n=41). Effect
size means and confidence intervals in form of % change are reported only
for significant cases
Q-test (Table 4.13) shows that the null hypothesis is not rejected (p-value greater than
0.05); the test for heterogeneity is negative, with low statistical power associated (small
sample size), and high probability to incur to a Type II error (β or false negative).

Table 4.13
Heterogeneity
Heterogeneity
df
Q
p-value
Between categories
4
6.7202 0.15143
Within categories
36
38.6457 0.35098
Total
40
45.3659 0.25822
* Statistical significant (p < .05)

Zone-based model meta-analysis results
According to the data presented in Table 4.14, the effect sizes for tropical
agroforestry and overall agroforestry practices are positive and significant; henceforth
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they have more organic C stored in soil stocks than control groups. On the other hand,
temperate agroforestry systems do no present statistical significant results (CI overlaps
with zero).

Table 4.14

Effect size in form of natural log of response ratio reported for the
temperate and tropical agroforestry, and for the overall effect size of
agroforestry (n=41)
Zone
ln R
E++
Upper CI
Lower CI
Temperate (5)
-0.0487
0.3308
-0.4282
Tropical (36)*
0.1555
0.2569
0.0541
Overall (41)*
0.1314
0.2263
0.0366
* Statistical significant (CI does not overlap with zero)
Numbers in parenthesis represent the total number of cases considered

Considering the percentage change (Table 4.15), tropical agroforestry has 17% more
organic C in soil stocks than control groups, overall agroforestry practices have 14%
more organic C than control groups, while there is no difference in terms of SOC in
temperate agroforestry and control groups stocks (not statistical significant).

Table 4.15

Effect size in form of percent change of the response ratio reported for the
significant agroforestry system(s) and for the overall effect size of
agroforestry (n=41)
Zone
%R
E++
Upper CI
Lower CI
Tropical (36)*
17%
29%
6%
Overall (41)*
14%
25%
4%
* Statistical significant (CI does not overlap with zero)
Numbers in parenthesis represent the total number of cases considered

Mean effect sizes and relative confidence intervals are also illustrated in Figure 4.18.
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Figure 4.14

Mean effect sizes (ln R) and confidence intervals reported for temperate,
tropical, and overall agroforestry respectively (n=41). Effect size means
and confidence intervals in form of % change are reported only for
significant cases.

Table 4.16 reports the results for Q-test for heterogeneity, which fails to reject the null
hypothesis (all the studies have the same effect size in the population); the test for
heterogeneity is hence negative, but there is a very high probability to incur to a Type II
error, and the test has low statistical power due to inadequate sample size.

Table 4.16
Heterogeneity
Heterogeneity
df
Q
p-value
Between categories
1
1.9688 0.16058
Within categories
39
40.2396 0.41516
Total
40
42.2084 0.37570
* Statistical significant (p < .05)

Data exploration and publication bias
The soil organic C stocks dataset seems to be more consistent compared to biomass C
dataset, with 25 studies and 41 cases examined. The dataset does not present a normal
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distribution, as shown by the weighted histogram (Figure 4.19): deviation from normality
is visible at effect size value of 0.52, and important gaps are both at negative and positive
effect sizes. In conclusion, publication bias might affect the results of the meta-analysis.

10060.98

7545.73

F
r
e
q 5030.49
u
e
n
c
y

2515.24

0.00
-0.51

-0.38

-0.26

-0.13

0.00

0.13

0.26

0.39

0.52

0.65

lnR

Figure 4.15

Weighted histogram (n=41)

With regard to funnel plot, we can observe a massive concentration of cases in the area of
smaller sample sizes (Figure 4.20), but actually the shape does not recall a symmetric
funnel than a regular funnel. The assumptions stated by Palmer (1999) seem to be
violated and the shape of the plot can be attributed to publication bias.
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Finally, we can note the publication bias through the analysis of the normal quantile plot
(Fig. 4.21); a noteworthy number of points (cases) fall out the confidence bands, and
consequently an appreciable deviation from the normal line Y=X is present, denoting a
not linear (normal) distribution and a publication bias.
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The rank-correlation tests, Kendall’s tau and Spearman’s rho, reveal a significant
correlation between the standardized effect size and sample size (Table 4.17), with a
publication bias detected. Conclusively, the power of rank-correlation tests is acceptable
because the sample size is larger than the 25 studies suggested by Begg and Mazumdar
(1994), but does not satisfy the ideal condition of 75 or more studies.
Table 4.17
Rank-correlation tests p-values
Rank Correlation (p-value)
Kendall's tau*
0.00978
Spearman’s rho*
0.01583
* Statistical significant (p < .05)

We can evaluate the strength of the meta-analysis analyzing the fail-safe numbers
reported in Table 4.15: Rosenthal’s fail-safe number indicates that another 5,322.8
additional non significant studies would need to add to the analysis in order to turn the
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result from significant to not significant, which signifies that the dataset has a good
number of cases considered (Rosenthal’s critical value suggests 215 additional non
significant studies). According to Orwin (1983), 33.1 additional study would need to be
added in order to reduce the observed mean effect size to a desired minimal desired effect
size value of .02 (Cohen, 1969).

Table 4.18
Fail-safe numbers (n=41)
Fail-safe Numbers
Rosenthal
Orwin's
Reference value suggested by Rosenthal
(5n + 10)

5322.8
33.1
215

The SOC pool dataset has a better consistency than biomass C dataset, but it needs to be
enhanced in some ways. The rank-correlation tests demonstrates that larger and positive
effect sizes are more likely to be published than smaller effect sizes, the shape of the
different plots show a distribution of the dataset that is not normal. However the fail-safe
numbers suggest a reasonably robust dataset.
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CHAPTER 5
Discussion and recommendations
This study evaluated the quantity of C stored in biomass (aboveground and
belowground) pools and soil in agroforestry systems, by comparing and contrasting them
against other competitive land uses. All the agroforestry systems have components of
trees and/or shrubs while the contrasting land uses, include different activities such as
intensive agriculture, forest plantation, pasture, land without trees, and natural forest. The
meta-analysis shows that agroforestry has a significant positive effect in terms of C stored
in the different pools, which is an encouraging indication for using agroforestry as a
strategy to mitigate climate change. However, there are several limitations in the datasets
used for this meta-analysis, regarding dispersion statistics, sample size, control group,
and other methodological issues (C sequestration rate, soil sample depth, replicates,
chronosequence of measures).
Dispersion statistics
In the biomass C pool dataset, only the 38% of cases reported dispersion statistics in the
control groups, and the 35% of the cases reported dispersion statistics in the treatment
group (agroforestry), while in SOC pool dataset only the 59% of cases reported
dispersion statistics. The lack of those data implies an indirect estimation, conducted on
the basis of existing data, which come from different studies. The calculated dispersion
estimates do not reflect the reality, because it is impossible to know the true dimension of
the dispersion estimates and the accuracy (and the connected weight) of the cases in the
analysis (Idris and Robertson, 2009); therefore, reporting the dispersion statistics in form
of standard deviation, standard error, or coefficient of variation is highly recommended.
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Sample size
For both datasets, the number of cases included in the meta-analysis might be not
adequate, as revealed through heterogeneity and publication bias investigation.
In biomass pool dataset:
•

The Q-test for heterogeneity has a low statistical power, due to the limited sample
size, and it may lead to Type II error.

•

The plots (weighted histogram, funnel plot, and normal quantile plot) show a nonnormal distribution of the effect size and sample in the cases included in the metaanalysis.

•

The rank-correlation tests (Kendall’s tau and Spearman’s rho) show a nonsignificant correlation between the standardized effect size and sample size.
Conversely, the minimal condition of 25 or more studies (Begg and Mazumdar,
1994) is satisfied, but the ideal condition of 75 or more studies is not satisfied.

•

The dataset seems to be fairly robust according to Rosenthal’s fail-safe number,
whilst Orwin’s fail-safe number recommends including more cases in order to
improve the robustness of the analysis.

In SOC pool dataset:
•

A low statistical power due to the limited sample size is related to the Q-test for
heterogeneity. The probabilities that a Type II error will occur are high.

•

The plots (weighted histogram, funnel plot, and normal quantile plot) evidence a
not normal distribution of the effect size and sample in the cases included in the
meta-analysis.

	
  

67	
  

•

The rank-correlation tests (Kendall’s tau and Spearman’s rho) show a significant
correlation between the standardized effect size and sample size. Although the
dataset satisfies the minimum condition of 25 or more studies (Begg and
Mazumdar, 1994), does not satisfy the ideal condition of 75 or more studies.

•

Rosenthal’s fail-safe number denotes a robust dataset, while Orwin’s fail-safe
number suggests some improvements in the number of cases to be included.

The datasets need additional cases in order to normalize its distribution, give the proper
statistical power to the rank-correlation tests, and improve the robustness according to
Orwin’s fail-safe number.
Control group
The choice of control group is always a critical decision in designing an ecologically
based comparative experiment. The control chosen affects to a certain extent the
outcomes, influences the credibility of the study, the acceptability of the results by the
scientific community, and its interpretation. Different land uses can store different
amount of C stored in soil and vegetation pools (Arrouays et al., 2001; RodriguezMurillo, 2001; Lettens et al., 2004; Bellamy et al., 2005; Schulp et al., 2008): on the
average croplands have lower SOC stocks compared to pasture or forest, while forest
SOC stocks tend to be higher than pasture SOC stocks (Schulp et al., 2008). In addition,
forests store large amounts of carbon in aboveground and belowground biomass
(Freibauer et al., 2004). Since shifting from different land uses influences the quantity of
C stored in the pools and impacts the future C sequestration and the dynamics of the C
cycle, the control group should be selected in order to reflect the current land use of the
site investigated. Authors should report, when it is possible, the data for the mosaic of
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different land uses that compose the different landscapes in the various regions of the
world, in order to provide the foundation for the assessment of the baseline scenario.
Other methodological issues
Some of the erroneous assumptions indicated by Nair (2011) and listed in Chapter 2, are
recurring in the cases included in the meta-analysis, specifically the issues connected with
the soil sampling procedures (sampling depth, sample preparation, replications, repeated
measures, and chronosequence studies) in addition with the lack of a C sequestration
value that includes the time factor. The latter has a remarkable importance, C
sequestration rate is strictly connected with the rate of growth and the net primary
productivity of the trees; therefore C sequestration rate is function of the time
(Montagnini and Nair, 2004). According to Mosquera-Losada et al. (2011) and Nair et al.
(2009), trees have an higher growth (and C sequestration rate) when they are young,
acting as C sinks; the growth rate declines with time and so does the C sequestration rate.
When the maturity is reached the annual C sequestration rate is declined (MosqueraLosada et al., 2011; Nair et al., 2009). A truthful estimation of C offset potential should
be based both on sequestration rate (involving the time factor) and on the quantity of C
stored in the different pools, giving also precious information about the fluxes of C over
the time. In conclusion, despite the difficulties due to the sampling, analysis,
computation, and interpretation of the C stored in the different pools, the studies to be
included in future quantitative reviews should meet the requirements indicated by Nair
(2011) in order to present accurately and clearly described results that will make it
possible their incorporation in larger datasets (Nair, 2011).
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Conclusion
This study gives a description of agroforestry activities in relation to the amount
of C stored in their aboveground and belowground pools and in the soil. The metaanalysis indicates, on the average, positive results that fairly support agroforestry as a
potential strategy to mitigate the climate change; on the average, agroforestry systems are
able to store from 2.59 to 2.64 times more C in biomass pools (above and belowground)
and 14% more organic C in the soil, when compared to other land uses. The biomass
productivity in agroforestry systems are on average higher compared to a monoculture
field of crop plants or pasture, thanks to the incorporation of trees or shrubs, (Sharrow
and Ismail, 2004; Kirby and Potvin, 2007; Shibu and Bardhan, 2012). Consequently, a
direct manifestation of biomass productivity is the increased biomass C pool of
agroforestry systems (Nair et al., 2008, Shibu and Bardhan, 2012). Lorenz and Lal (2005)
claim that agroforestry systems have higher SOC pools, and consequently are more
efficient in returning C to the soil (higher C inputs to the soil) compared to monocultures.
Nair (2009) indicated how agroforestry systems have higher SOC contents compared to
other land uses, and ranks agroforestry as a superior approach in storing C in the soil,
after natural forests. Although tropical agroforestry present higher SOC pools and higher
C sequestration rates (Lorenz et Lal, 2005), Shi et al. (2013) note that temperate
agroforestry systems are more effective in storing SOC in the deepest horizons, because
temperate systems may have an optimized stabilization of the C inputs derived from the
decomposition of tree roots, root exudates and micro-organisms activity (Haile et al.
2008).
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Summary
Agroforestry is believed to have higher potential in sequestering atmospheric C
than land uses such as intensive agriculture or pastures. This is because the integration of
trees with crops is able to generate an increased net C sequestration in aboveground and
belowground pools (Nair et al. 2008). Therefore, agroforestry is recognized as a strategic
land use in mitigating climate change (IPCC, 2000) and its adoption is promoted in both
tropical and temperate areas (Mosquera-Losada et al., 2011). This study evaluated the
potential of agroforestry to mitigate climate change, by investigating the quantity and the
dynamics of the C stored in agroforestry systems. On the average, agroforestry systems
were found to contain larger amount of C in biomass and soil pools, compared to other
land uses. Data from previous studies show that agroforestry is capable to sequester from
0.29 to 15.21 Mg C ha-1 year-1 in the aboveground pool, and to store 30-300 Mg C ha-1 up
to 1 m depth in the soil, including the C stored in the root system (Nair et al. 2010, Jose
and Bardhan, 2012). Therefore agroforestry is recognized as one of the best integrated
approaches to mitigate climate change, and offers interesting opportunities in the arising
C markets and with CDM and JI projects under Kyoto Protocol. However, there are
several challenges, limitation and problems connected to the assessment of C stocks and
C rates in agroforestry practices (Nair, 2011) that need further investigation and analysis.
Despite the positive trends shown in sequestering and storing atmospheric C, agroforestry
should not be considered as the “universal solution” in mitigating the climate change. The
potential of agroforestry in carbon sequestration really depends on the potential area
eligible for adoption, rather than the C sequestration values. Estimates suggest that 5851,215 x 106 ha of land is technically suitable for the implementation of agroforestry
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systems in Africa, Asia, South America, and North America (Dixon et al., 1994). Those
numbers include marginal and degraded lands, where the adoption of Agroforestry
practices can make the difference, achieving different goals, included the discussed C
sequestration.
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APPENDIX A – NATURAL LOG OF RESPONSE RATIO AND
VARIANCE
Natural log of response ratio and variance for Biomass C pool dataset
Reference
Cardineal et al.
Dube et al.
Espinoza-Dominguez et al. (a)
Espinoza-Dominguez et al. (b)
Espinoza-Dominguez et al. (c)
Espinoza-Dominguez et al. (d)
Ghirmai Brakas and Aune (a)
Ghirmai Brakas and Aune (b)
Ghirmai Brakas and Aune (c)
Ghirmai Brakas and Aune (d)
Ghirmai Brakas and Aune (e)
Ghirmai Brakas and Aune (f)
Häger A.
Henry et al. (a)
Henry et al. (b)
Henry et al. (c)
Henry et al. (d)
Jacobi et al. (a)
Jacobi et al. (b)
Leuschner et al.
Maranhão Froufe et al.
Oke and Olatiilu (a)
Oke and Olatiilu (b)
Schmitt-Harsh et al.
Sharrow and Ismail
Swamy and Puri

	
  

ln R
0.0204
-0.4441
0.4055
2.7408
2.8622
4.0431
3.8495
3.8248
2.8140
2.7559
2.4800
1.7101
0.2275
1.7084
0.5713
2.6919
2.9444
0.7372
1.0997
-2.1472
1.4077
-2.2846
-1.2447
-0.5411
2.5928
-0.2068

Variance
0.0918
0.0131
0.2753
0.2753
0.2753
0.2753
0.3274
0.3268
0.3276
0.3359
0.3297
0.3309
0.0592
0.2914
0.3091
0.3210
0.5280
0.0633
0.0401
0.0121
0.1246
0.2753
0.2753
0.0360
0.0442
0.2526
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Natural log of response ratio and variance for SOC pool dataset
Reference
Avarado et al. (b)
Avarado et al. (a)
Balaba Tumwebaze et al. (a)
Balaba Tumwebaze et al. (b)
Balaba Tumwebaze et al. (c )
Balaba Tumwebaze et al. (d)
Bertalot et al.
Cardineal et al.
Datta and Singh
Dube et al.
Espinoza-Dominguez et al. (a)
Espinoza-Dominguez et al. (b)
Espinoza-Dominguez et al. (c)
Espinoza-Dominguez et al. (d)
Ferreira Videa and Sa Mendonça
Gama-Rodrigues et al. (a)
Gama-Rodrigues et al. (b)
Gupta et al.
Häger A.
Jacobi et al. (a)
Jacobi et al. (b)
Lenka et al. (a)
Lenka et al. (b)
Lenka et al. (c)
Lenka et al. (d)
Leuschner et al.
Makumba et al.
Maranhão Froufe et al.
Mata et al. (a)
Mata et al. (b)
Mata et al. (c)
Norgrove and Hauser
Santana de Lima et al.
Schmitt-Harsh et al.
Seddaiu et al. (a)
Seddaiu et al. (b)
Sharrow and Ismail
Silva do Sacramento (a)
Silva do Sacramento (a)
Swamy and Puri
Upson and Burgess

	
  

ln R
-0.0094
-0.5781
0.5809
0.6939
0.7098
0.6157
0.0375
0.0204
0.0125
0.0899
0.2151
0.0770
0.0000
0.1484
-0.1206
0.3398
0.1538
0.5101
0.3183
0.0800
-0.0831
-0.0903
-0.0575
-0.0672
-0.0535
-0.5422
0.6858
0.0088
0.1022
0.4378
0.2758
-0.0120
0.6062
-0.1648
-0.1027
-0.2326
-0.0669
0.3754
0.3882
-0.1528
0.0632

Variance
0.0131
0.0272
0.0164
0.0164
0.0164
0.0164
0.2197
0.0055
0.0082
0.0004
0.0164
0.0164
0.0164
0.0164
0.0219
0.0007
0.0008
0.0001
0.0237
0.0059
0.0047
0.0073
0.0073
0.0073
0.0073
0.0052
0.0050
0.0073
0.0131
0.0131
0.0131
0.0147
0.0055
0.0052
0.0484
0.0403
0.0019
0.0164
0.0164
0.0104
0.0033
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APPENDIX B – POOLED VARIANCE ESTIMATES
Biomass C pool dataset pooled variance estimates
Category
Alley cropping
Silvopasture
Perennial crops compared
against non-forested control
group
Multipurpose trees
Perennial crops compared
against forested control group

Cases #

Pooled Variance
4
1.5352
3
3.9097
7
1.5074

Category
Tropical
Temperate

Cases #
Pooled Variance
24
2.9830
2
3.2406

Overall
System-based model
Zone-based model

Cases #
Pooled Variance
26
2.1062
26
2.9968

7
5

0.8013
1.9574

SOC pool dataset pooled variance estimates
Category
Alley cropping
Silvopasture
Perennial crops compared
against non-forested control
group
Multipurpose trees
Perennial crops compared
against forested control group

Cases #

Category
Tropical
Temperate

Cases #
Pooled Variance
36
0.0813
5
0.0012

	
  

Pooled Variance
8
0.0210
8
0.1072
9
0.0210

11
5

0.1072
0.0805
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Overall
System-based model
Zone-based model

	
  

Cases #
Pooled Variance
41
0.0711
41
0.0774
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APPENDIX C – BOOTSTRAP CI AND BIAS CI

Bootstrap CI for Biomass C pool dataset (n=26)
System
Alley cropping (4)
Silvopasture (3)
Perennial crops compared
against non-forested control
group (7) *
Multipurpose trees (7)*
Perennial crops compared
against forested control
group (5)
Overall agroforestry (26)*

ln R
E++
Upper CI
Lower CI
1.0313
2.2325
-0.0892
0.8597
2.5928
-0.4441
2.1507
3.2019
1.1349
2.4280
-0.9507

3.0996
0.3053

1.6573
-2.0276

1.2973

1.9463

0.5725

Numbers in parenthesis represent the total number of cases considered

Zone
Temperate (2)
Tropical (24)
Overall (26)

ln R
E++
Upper CI
Lower CI
0.0204
1.3166
2.5928
1.2911
1.9998
0.5579
1.2932
1.9754
0.6170

Numbers in parenthesis represent the total number of cases considered

Bias CI for Biomass C pool dataset (n=26)
System
Alley cropping (4)
Silvopasture (3)
Perennial crops compared
against non-forested control
group (7) *
Multipurpose trees (7)*
Perennial crops compared
against forested control
group (5)
Overall agroforestry (26)*

ln R
E++
Upper CI
Lower CI
1.0313
2.2325
-0.0892
0.8597
2.5928
-0.1825
2.1507
3.2019
1.1329
2.4280
-0.9507

3.0618
0.3381

1.6267
-1.9830

1.2973

1.9430

0.5640

Numbers in parenthesis represent the total number of cases considered
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Zone
Temperate (2)
Tropical (24)
Overall (26)

ln R
E++
Upper CI
Lower CI
0.0204
1.3166
2.5928
1.2911
1.9777
0.5273
1.2932
1.9643
0.6060

Numbers in parenthesis represent the total number of cases considered

Bootstrap CI for SOC pool dataset (n=26)
System
Alley cropping (8)
Silvopasture (8)
Perennial crops compared
against non-forested control
group (9)
Multipurpose trees (11)*
Perennial crops compared
against forested control
group (5)
Overall agroforestry (41)*

E++
0.1626
0.2034
-0.0136

ln R
Upper CI
0.3868
0.3284
0.1118

Lower CI
-0.0575
0.0720
-0.1723

0.2551
0.2034

0.4556
0.2012

0.0669
-0.3217

0.1316

0.2249

0.0401

Numbers in parenthesis represent the total number of cases considered

Zone
Temperate (5)
Tropical (36)
Overall (41)

E++
-0.0487
0.1555
0.1314

ln R
Upper CI
-0.1502
0.2588
0.0389

Lower CI
0.0218
0.0559
0.2256

Numbers in parenthesis represent the total number of cases considered
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Bias CI for SOC pool dataset (n=26)
System
Alley cropping (8)
Silvopasture (8)
Perennial crops compared
against non-forested control
group (9)
Multipurpose trees (11)*
Perennial crops compared
against forested control
group (5)
Overall agroforestry (41)*

E++
0.1626
0.2034
-0.0136

ln R
Upper CI
0.3961
0.3261
0.1082

Lower CI
-0.0450
0.0660
-0.1781

0.2551
0.2034

0.4538
0.2021

0.0683
-0.3217

0.1316

0.2287

0.0408

Numbers in parenthesis represent the total number of cases considered

Zone
Temperate (5)
Tropical (36)*
Overall (41)*

E++
-0.0487
0.1555
0.1314

ln R
Upper CI
0.0218
0.0595
0.0408

Lower CI
-0.1567
0.2613
0.2273

Numbers in parenthesis represent the total number of cases considered
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