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1 Introduction

The population of Tanzania grew steadily from 18,266 inhabitants in 1981 to 43,739,051
inhabitants in 2009 (World Bank, 2010 , World BahR82). Thus the population density has
more than doubled within less than two decadesh \&ijit increasing population density the
availability of cultivable land becomes scarcer. éhsesult of this the periods of fallow are
shortened which reduces soil fertility. Due to tleeluced soil fertility and the increasing
population pressure areas which were former covieyddrest are cleared to gain new arable
areas. In addition, forest areas are partially adend because the requirements of firewood
and timber are at least partly covered by extracbiot of the forest. From the reduced forest

cover arises among other issues the problem o&sasion which in turn leads to yield losses.

Agroforestry — in particular tree planting — is @mising solution to the just characterized
issues because firewood would be generated onidaeasd on the other side soil erosion
could be alleviated. However, trees need a cepariod of time to grow up before they de-
liver firewood and develop roots that reduce theuoence of soil erosion. Although the
benefits from agroforestry accrue in the futureitheestment in seeds, seedlings and fertilizer
have to be made in the present. Hence, the invesimérees may depend on a persons’ rate

of time preference by which that person discouutisré results.

Due to the benefits accompanied by agroforestrygumestion raises which factors have an
impact on the decision of Tanzanian smallholderadopt agroforestry? In addition the ques-
tion arises of whether there is a nexus among teng-farm investments like tree planting
and the rate of time preference of smallholdersanzania? And finally what are the factors

of influencing on the-level of the smallholdersteaf time preference?

These questions are addressed by an empirical sssdlgsed on data compiled through a
household survey. The household survey was condlwathin the project “Biofuel Evalua-
tion for Technological Tanzanian Efficiency usingriRwables — integrated Strategy” (Better-
iIS). As survey area was the village Tandai seleatigidh is located approximately 200 km in
the west of Dar es Salaam — the capital of Tanz&irece this final paper is written in the
context of the Better-iS project the survey data been available for the empirical analysis
regarding the above raised questions.

In the course of entering into the questions thievieng structure is chosen. In section two a

review of the available literature on agroforestnyone hand and time preference on the other

hand is provided. In chapter three the influendagors for agroforestry and the rate of time
1



preference are derived by drawing on results ah&rempirical studies on agroforestry as
well as by theoretical considerations. In sectighelcharacteristics of the study village Tan-
dai and the particularities of the poll conducted andai are illustrated. The empirical analy-
sis on the influencing factors on agroforestryasf@rmed in section five followed by the em-
pirical analysis on the smallholders’ rate of tipreference in chapter six. Finally a conclu-

sion of the obtained results is delivered in secto

2 Literature Review
2.1 Agroforestry — its Costs, Benefits and Determamts

2.1.1 Definition of Agroforestry

Agroforestry characterizes the intentional user@é$ and other woody perennials at the same
unit of productive land where agricultural cropg @rown or which is used for pasture or
animal keeping to benefit from the resulting ecataband economic interaction (Nair, 1985).
The outcome is a mixed spatial arrangement of miffeland uses at the same place and the
same time respectively over a sequence of timer€@uet al., 1995). As depicted in figure 1
the three main types of agroforestry systems arsilgulture, silvopastural and agrosil-
vopastoral. Agrisilviculture means that crops ames are grown on the same unit of produc-
tive land. If a silvopastural agroforestry schermepplied also trees are grown on the area
which is used for pasture or animal keeping. Anbsityopastoral is even a combination of
agrisilviculture and a silvopastural agroforesttheame because crops and trees are grown on
the same area which is also used for animal keegmdgpasture. However, a plethora of dif-
ferent subtypes of agroforestry schemes arise giirdloe combination of different spatial and
temporal arrangements. For instance the appliedf@gstry schemes may vary in trees or
shrubs which are cultivated as well as in the pattd growing those trees (Nair, 1985).
Moreover the different products like food, fodderglwood or timber that might be produced
with the aid of a particular agroforestry schemeegiise to a differentiation of agroforestry
schemes. Finally, the smallholders themselves teratlapt the agroforestry schemes which
are introduced to them by scientists to their peasoeeds, their production possibilities and
resource constraints (Adesina and Chianu, 20029relly other and new configurations of

agroforestry schemes evolve.



Agroforestry systems
|
A A
Agrisilviculture Silvopastoral Agrosilvopastoral Others
Crops and trees incl. Pasture/animals and| | Crops, pasture/animals Multipurpose tree lots,apiculture
Shrubs/trees and trees trees and trees with trees, aquaculture with trees
| | | |
A
Spatial Arrangement Temporal Arrangement
Mixed Dense (e.g. Home garden) Coincident
Mixed space (e.g. most systems of trees in pastures) Overlaping
Strip (e.g. width of strip to be more than one tree) Sequential
Boundary (trees on edges of fields(plots) Interpolated

Figure 1: Agroforestry Systems
Source: Own figure following Nair, 1985

2.1.2 Benefits from Agroforestry

Agroforestry systems bear a vast number of bentditshe applying smallholders with re-
spect to the environment, the exposure to riskatta@lability of construction material, fodder
and fuelwood, as well as the improvement of persomeumstances. A significant environ-
mental advantage results from trees and shrubsubectdney protect against soil erosion
(Gebreegziabher et al., 2010). This becomes obvfadine result of Shively (1998) is taken
into account. Shively (1998) observes the erosatesrfor established orchards and agrofor-
estry systems being roughly halved compared tavatihg annual field crops. Similar results
were found by Benin et al. (2003) who surveyed ditan smallholders. These smallholders

reported less erosion problems and higher feHdliétsels on plots where trees were planted.

Due to the application of agroforestry schemes ékey cropping nutrients can be recycled
and captured within the soil (Adesina et al., 2000)e pruning of the shrubs or hedgerow
trees delivers considerable amounts of mulch. Apglyhe mulch on the crops helps to fixate
nitrogen and alleviates land degradation in gen@deésina et al., 2000). If tree planting in-
creases, the availability of firewood rises whichynead to a reduced use of dung and crop
residues for fuels (Benin et al., 2003). Consedyedting and crop residuals could get dis-
seminated on the cultivable area and act as ftilvhich would lead to an enrichment of
nutrients within the soil. The consideration of stifoting the use of dung as fuel by firewood

is contrasted by the finding of woody biomass andgdbeing either complements or inde-
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pendent goods (Mekonnen, 1999). Hence, if fuelwaod dung are complements the use of
dung for fuel would also increase when additionglWood is generated by tree planting. If
fuelwood and dung are independent an increasingaaildy of fuelwood would have no
impact on a declining use of dung and crop residsesiels. However, Mekonnen found also
that scarcity of fuels affects the fuel choice &nel mix of Ethiopian farmers. He argued that
a policy which encourages the use of dung asifetibnd aims at the same time at reducing
the relative price of wood might reduce land degt@ah resulting from nutrient depletion
(Mekonnen, 1999).

A benefit from agroforestry can also emerge becaeszled firewood and building timber
that was former extracted from natural forests asvrprovided by the trees on the farm.
Therefore, agroforestry schemes can lower the press ecosystems. One such example is
given by smallholders in Honduras who depende@ fb®@0% of their tree products on natural
forests and meet now the majority of their needdrie products from trees they planted on
their farms (Current et al., 1995). Another gaiattehould be stressed in this context is that
farms which integrate trees provide microhabithtd better support local wildlife than farms
which merely grow annual crops (Shively, 1998). éwling to Shively even a small number

of trees on a farm can have a measurable impatteoobserved diversity of species.

Moreover planting trees for fruits or timber isenkfit due to the provision of food and build-
ing material (Gebreegziabher et al., 2010). Besiskeling tree products which are not needed
for the own consumption could be a source to geaerngome (Shively, 1999). In stressful
periods can farmers who apply agroforestry harthestrees and sell the tree products on the
market to generate cash income immediately (Nilbiger1999). Referring to Nibbering that is
why trees can also function as a security. Natythlls is only viable if farmers have access

to a market for tree products.

Finally, Shively (2001) mentions that soil eros@rents can be a shock to the long-run yields
and income of a farm if erosion events are stoahasibcks to the soil stock. Therefore in-
vestments in soil conservation means like agrofoyese an opportunity to reduce the expo-

sure to risk from such adverse shocks.



2.1.3 Costs related to Agroforestry

Despite all the positive effects going along witraorestry there are some facts that hinder
smallholders to apply this means of soil conseovatDne issue mentioned by Shively (2001)
is that agroforestry conservation structures regunitial investments for their establishment
and further occupy some of the cultivable areaniallholders have little or no savings and
have limited possibilities to receive a loan, tleeidion to invest in soil conservation incorpo-
rates tensions between the objectives to protetdsin the long run and avoid a shortfall of
liquidity in the short run(Shively, 2001).

Therefore the utilization and performance of sulesidfood-for-work programs and loans is
investigated in several studies. Current et al9%)&tate for example that credits offered to
the adopters of agroforestry should be integratdtie offer to introduce agroforestry and not
targeted on specific crops or trees. This is paldity reasonable because smallholders em-
ploy tree species that fulfill their personal reguaients and resource constraints best (Current

et al., 1995). These might be other tree specas tiie ones the credit targeted on.

Regarding the value from food-for-work programstpport the implementation of soil con-
servation measures the positions are ambiguousn Be¢ral. (2003) find food-for-work pro-
grams to be an appropriate alternative within tistudy area in the Ethiopian highlands to
induce substantial increases in conservation gblarml as well as in income. An opposing
argumentation is that food-for-work programs mitgad to difficulties in maintaining intro-
duced agroforestry after incentives by food-forkv@rograms are not given any longer
(Current et al., 1995). In addition, Current et(&B95) find aversions to make more efforts in
agroforestry without payments as soon as paymentthé use of agroforestry systems were

offered once.

Moreover opportunity costs accrue to the smallhsldecause the period of time in between
of the establishment of agroforestry systems aedatitumulation of benefits is longer com-
pared to annual crops (Adesina and Chianu, 200%).Idtter provide food or cash income in
the year in which they are planted (Adesina anda@lni 2002). Since the credit markets often
function improperly in developing countries theeirgist rates for loans taken out to establish
agroforestry may be very high (Hoff and Stiglit®89D). This circumstance even increases the

opportunity costs for smallholders who borrow motegstablish agroforestry.

Besides monetary and opportunity costs the polerdiapetition of crops and trees or shrubs
on the cultivable plots has to be taken into acteuren evaluating the costs and benefits of
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agroforestry. Due to the self-sufficient food protion of many small scale farmers in devel-
oping countries Scherr (2000) stresses that thedated agroforestry system must not en-
danger a households’ ability to meet its consunmptieeds self-sufficiently. A solution to this
is the application of trees and shrubs that prodd®ng other benefits tree products and
food. But as mentioned with respect to the bené&fii: agroforestry the agricultural produc-
tivity often increases through nutrient recyclimgproved soil fertility and reduced soil ero-
sion due to the application of agroforestry (Akfiesi and Kang, 2000). As a result of this the
adoption of agroforestry cannot only endanger lineensure the subsistent production of
food because yields can be stabilized in the lamg-A competition of shrubs or trees and
crops can be mitigated by ensuring that the inbgoed plants fit together. A positive exam-
ple is given by a study conducted in Indonesia wheassava was cultivated below trees
(Nibbering, 1999). The cassava tolerates shadertibtin cereal crops and therewith the trees

were less competitive to the crops grown beyondlfiiiing, 1999).

2.1.4 Determinants of the Adoption of Agroforestry

The adoption of a new technology like agroforesdrg procedure that happens in subsequent
stages individuals pass through. A framework fer digroforestry adoption process which is
subdivided into subsequent stages is for instamteduced by Neupane et al. (2002). In fig-
ure 2 an overview of that adoption framework isviited. It consists out of the stages aware-
ness of agroforestry, attitude towards agroforestngl adoption of agroforestry. From figure
2 becomes obvious that the each stage of the agstifp adoption process can be influenced
by a variety of factors. Factors of influence dre tcommunity characteristics, the household
characteristics as well as institutional factorasisting out of the impact of local NGOs and
external agroforestry organizations (Neupane e2@D2). Superordinated structures like the
characteristics of the community or the impact xteeal agroforestry organizations exert
their influence on the local NGOs or the houseloblaracteristics. The household characteris-
tics as well as the local NGOs in turn have an idliate impact on the decision to adopt

agroforestry.



Community characteristics
— Access to infrastructure, market, technology, education, extension and employment opportunities,
natural environment

Household characteristics
Socioeconomic: family size, age, gender roles, education, ethnicity
Resources: Labour force, land tenure security, livestock holdings, other assets and savings
Others: Extension contacts, membership in local NGOs/farmers’ groups, needs

A

—» Awareness of Agroforestry Attitude towards Agroforestry » Adoption of Agroforestry |«

y A A

Local NGOs/ Farmer Groups
Coordination,local level participation, awareness campaign, meetings, local resource mobilization,
moral support

A

External Agroforestry Organization
— Design and Dissemination of appropriate agroforestry technology, demonstration farms and on-farm
trials, provision of material support, training, technical know-how, extension

Figure 2: Agroforestry Adoption Framework
Source: Neupane, Sharma, Thapa, 2002

The characteristics of the community comprise acdesextension, education, market and
infrastructure as well as environmental factorse Tbmmunity characteristics have an impact
on household characteristics which again influgheedecision process of a potential adopter
itself. The impact of the community characteristicsthe household characteristics is for in-
stance given by the fact that if access to educasidimited for the whole community also
each household member is less likely to receivedartation. Furthermore, if the land tenure
system within a community involves tenure insegutihe probability for a single household
to face tenure insecurity might be higher. Apadnirsocioeconomic factors like education
and the resource base of a household the chasdicterof the households comprise other
household specific factors like individual needscontact to extension services (Neupane et
al., 2002).



The third category of influencing characteristieshie one of institutional factors. The institu-
tional factors can be subdivided into external &gestry organizations as well as farmers’
groups and local NGO'’s. External agroforestry orgatiions design and disseminate appro-
priate agroforestry technologies, establish dematish farms and should provide material
support and training (Neupane et al., 2002). Thinotilgs action the external agroforestry or-
ganizations may influence the local action of NG@=l the farmers groups which in turn
may have an impact on the adoption decision it3&fth the help of the local action of
NGO’s and patrticipation of farmers in farmers’ gosuthe awareness of agroforestry can be
strengthened, moral support for the adopters cateliered as well as local resources can be

mobilized (Neupane et al., 2002).

In addition, Caveness and Kurtz (1993) underlireg tbr a positive attitude towards a new
technology this technology has to be perceivedezsied and realizable under the given so-
cial and environmental circumstances. The percemifdhe soil conserving technology again
depends on the information on the soil conservaprtology which is available to the small-
holder (Caveness and Kurtz, 1993). Scherr (200Quesm similar to Caveness and Kurtz
(1993). She stresses that the awareness of a a@tigraghrocess is crucial for perceiving a
new technology as needed. Moreover the respectigeadation process has to be considered
by the persons, who are supposed to apply the o@isgm measure, as a threat towards their
livelihood (Scherr, 2000). Thus the awareness agfrarironmental problem and the need for a
soil conserving measure is — additional to the abmentioned determinants of the agrofor-

estry adoption process — a crucial determinanthferacceptance of agroforestry.

2.2 Rate of Time Preference — its Definition and Apication
The rate of time preference denotes in generaleaifsp pattern for the appreciation of in-
come or consumption over time. A high rate of tipneference stands for a high value that is
attributed to consumption now compared to conswnpt the future (Holden et al., 1998).
To put it another way the rate of time preferemutidates the amount of consumption a per-
son requires in the future for giving up a speditount of consumption today; so to say the
willingness to accept for a consumption delay. Gosely, the rate of time preference repre-
sents also the amount of consumption a personllisgvio give up in the future to consume
now. In other words the rate of time preferencthéswillingness to pay to consume now in-
stead of in the future. According to the just dhie rate of time preference of a person is de-
fined as the marginal rate of intertemporal substih at which consumption can be shifted in
time while the utility of the person remains unedtk(Fisher, 1930).
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The scope of the rate of time preference — alscedagiiscount rate — ranges from theories of
savings and investment to economic growth as wefr@m interest rate determination and
asset pricing to public policies tackling enviromta concerns like climate change or soil
degradation (Becker and Mulligan, 1997 , Atkinsorale 2009). Articles with respect to the

savings and investment theory were the first winchuded discounting. In those articles was
argued that in the presence of perfectly functignoan markets the rate of interest for loans
without risk would equal each persons’ discourg (&isher, 1930). Beyond that, considering
on one hand the use of the interest rate to confptuee values out of present values and on
the other hand the use of the interest rate fazodisting future values into present values,

Fisher (1930) regards the latter being more relevan

The assumption that each person’s discount ratgusal to the rate of interest holds solely if
the neoclassical conditions of perfect functionmgrkets, perfect information and no exter-
nalities are fulfilled (Fisher, 1930 , Holden et d1998). Within developing countries, like the
study area in the Morogoro region in Tanzania, irfg@é information and high transaction
costs lead often to market imperfections (Holdemlgt1998). This is in particular true for
credit markets in rural areas of developing coestriwhere interest rates above 75 percent-
ages were observed and sometime credit is notaddaiat all (Hoff and Stiglitz, 1990). As a
result of this another opportunity apart from chogghe interest rate as the discount rate has
to be found to elicit the time preference of thealypopulation in Tanzania. For this purpose
either the pure rate of time preference or theatwate of discount can be chosen. The social
rate of time preference is defined by Markandya Redrce (1991) as:

p=0+ug (1)

The social rate depends on the rate by which copsamgrows (g), on how fast utility falls
when consumption grows (1) as well as on the pate of time preference). The purpose

of the social rate of discount is to measure atctvinate social utility from consumption falls
over time (Markandya and Pearce, 1991). The soaialof discount is in particular applica-
ble for cost benefit analyses e.g. of policy measuhat induce e.g. environmental conserva-
tion (Markandya and Pearce, 1991). By contrastptire rate of time preferenéds the rate

at which individuals discount future utility (Holdest al., 1998). The use agroforestry is an
individual decision which is based on the expeatglity from this decision. As a result of
this the smallholders’ pure rate of time prefereiscexamined on its impact on the applica-

tion of agroforestry..



Apart from the issues how to determine the ratéimé preference and which rate of time
preference to choose it also has to be defined indwiduals discount future utility. The
choice of the functional form for the discount ftian depends upon the assumptions made
with respect to the structure of time preferencevels as on the suitability of a functional for

modelling a specific behaviour of a decision mgkarbinstein, 2003).

A widely used theoretical framework for discountiwgs developed by Samuelson (1937).

Within Samuelson’s discounted utility model thddaling four assumptions are formulated:

i.  “Utility is only measurable as [...] marginal utility (Samuelson, 1937, p. 156)
This implies that the decision maker integrate®wa alternative into already existing
plans to evaluate the utility emerging from thisvradternative (Frederick et al., 2002).

ii.  “During any specified period of time, the individuzehaves so as to maximise the
sum of all future utilities, they being reducedcmmparable magnitudes by suitable
time discounting.” (Samuelson, 1937, p. 156)

iii.  “The individual discounts future utilities in sonsmple regular fashion which is
known to us.” (Samuelson, 1937, p. 156)

iv. A set of ideal experimental conditions under whiicd decision maker acts has to be
defined (Samuelson, 1937).

Under the above formulated conditions Samuelsoaives equation (2) as the equation ac-
cording to which individuals discount utility. Withthat equation the marginal utilities ob-

tained in the future are referred to today withditeof discounting (Samuelson, 1937):

’ _ 1
J= J;U(x)e”t dt wherm:(mj. (2)
The decision maker maximizes the overall utilitthdt results out of the integral of the dis-
counted utilities over the specified period of tifn@m O till b. The decision maker’s instanta-
neous utility function U(X) is dependent upon theame x and exhibits diminishing returns
to scale. The discount functioif'elepends on the current period of time t awhich in turn
depends on the constant discount tat8amuelson (1937) stresses that his choice ofxthe
ponential function as the discount function wasiteaty and further that “it is completely
arbitrary to assume that the individual behavesasto maximise an integral [of discounted

utilities] of the form envisaged [in equation (2)]”
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Nevertheless, several empirically observed behasioantradict the assumptions of the dis-
counted utility model. The following inconsisterziwith respect to the discounted utility
model are compiled by Loewenstein and Prelec(1992).

1. The discount rate for large amounts is observdaettower than the discount rate for
small amounts.

2. Gains are discounted at a higher rate of discdart losses.

3. Asymmetric preferences are observed between speeginand delaying consump-
tion.

4. The preference for two delayed outcomes often #wegcif both outcomes are in-
creased by a common constant amount. For instamom® hand a person prefers an
apple today to two apples tomorrow. On the otherdhhe same person prefers two

apples in one year and one day to one apple i@ ye

In addition, Dasgupta and Maskin (2005) stresgdbalts of studies in economics and behav-
ioural ecology in which discount rates are foundnitrease if the time in between of today
and a consumption delay becomes shorter. A modalhwdippears to suit the by Dasgupta
and Maskin (2005) mentioned sensitivity in timeagebetter is hyperbolical discounting. In
distinction from the above presented discountddyuthodel the discount rate of a hyperbolic
discount function decreases when the time in betveddoday and a consumption delay in-
creases (Loewenstein and Prelec, 1992). That is avipgrson’s time preference can also be
explained by hyperbolic discounting if that persafiscount rate for a consumption delay in
the near future is higher than the discount rapgieg for a consumption delay in the distant
future. Loewenstein and Prelec (1992) deliver tirst §eneral formulation of a discount func-
tion with such features. An intuitive formulatiori byperbolic utility discounting can be

given in the following way (Ainslie, 2002):

Value if immediate

= 3
Constant (1)+(Delayl Constant (2 ®)

Where V stands for the value attributed to the ydaevent, constant (2) is a factor describ-
ing individual steepness of discounting which isltiplied with the time of delay (Ainslie,

2002). Constant (2) is bigger if the consumptiolag@ccurs in the near future compared to a
consumption delay occurring in the distant fut@enstant (1) is a small constant added to
the denominator to reflect the fact that valuesidbapproach infinity as delays approach zero

(Ainslie, 2002). Constant (1) usually amounts td'fie problem arising from this formula is
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that over the course of time constant (2) has tadéined newly at each point in time
(Ainslie, 2002). Furthermore, a new computationhaf time of delay is needed at every point
in time. To avoid this bother Laibson (1997) prago$o apply quasi-hyperbolic discounting

instead of hyperbolic discounting:

U, =E{u(q)+ﬁ§oﬁt(q+i)}, whered< 8,5< 1, @

U, is the utility in period t which depends upon tlitdity from consumption in the present
period u(¢) as well as the utilities arising from consumptinriuture periods u(g). Since the
expected value is included in equation 4 this fiemcts not only valid for secure consumption
levels in the respective periods but also for ula@erconsumption levels (Laibson, 1997). The
guasi-hyperbolic discount function is discrete othere and the utilities from consumption in
periods 0, 1, 2, 3, ... are discounted byd,, pd% B&°, ... (Rubinstein, 2003). The not dis-
counted utility in the current period t=0 in comdiion with the discounted future utilities
reflects the empirically observed decline in thecdunt rate if the consumption delay is more
remote in the future. As a result of this, the disd parameterf andé capture the drop of
the discount rate in between of the adjacent paarmatimore distant periods that is character-

istic for hyperbolic discount functions (Diamonddakoszegi, 2003).

3 Conceptual Framework

3.1 Influencing Factors on the Application of Agrobrestry

The decision to plant trees and therewith to ajpgisoforestry is caused by various influenc-

ing factors resulting from the personal circumsésnof a smallholder. The factors which may
influence the decision to apply agroforestry areelter derived either by drawing on results
of previously conducted empirical studies or byotietical considerations. In the below de-

picted cause-effect-diagram the possibly influegdarctors are listed. Single influencing fac-

tors are subsumed under umbrella terms as far ssbpe. Whether smallholders apply agro-

forestry or not will be captured in the econometmalysis by the tree density which is ob-

served for each smallholder. The tree density nreaghe number of trees grown on one acre
(=4,046m?2) of cultivable land. The results of tl®mometric model on agroforestry are pre-
sented in section 5.3. A factor which influencetplanting among others is a smallholder’s
rate of time preference because tree plantingtiera long-term farm investment. Since the
smallholders’ rate of time preference are an owedaitof study, the factors that might influ-

ence the rate of time preference are also depictégure 3.
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Figure 3: Factors of Influence on Agroforestry
Source:  Own figure

3.1.1 Socio-demographic Factors of Influence

It is broadly found that agroforestry increased fariility and accompanied by this yields

increase often, too (Bannister et al., 2002). Nlogless, smallholders might be critical to a
land use change whereby they have to devote spdceets instead of growing food or cash
crops. This is due to the fact that smallholderghtiear a loss in food security, if less land is
used to grow food crops (Cavatassi and Lipper, 2004e need to grow food crops and thus
to generate food may be perceived the strongdathger the family is. With respect to this is

assumed that with a rising number of family membleestree density on the plots decreases.

In addition the age of smallholders could be rei¢ua the application of agroforestry be-
cause younger smallholders may be more receptitrg teew technologies instead of sticking
to the traditional way of agriculture. For instanoea study from Polson and Spencer (1991)
younger smallholders were found to have higher giodibies to adopt improved cassava
technologies. Due to this is assumed that the &gleeohousehold (HH) head is negatively

related to the tree densibyn the smallholders’ plots.

Scherr (1995) mentions furthermore that male srobll#rs in western Kenya had 50% more
trees on their farms and a by 30% higher tree tdewosmpared to farms run by women. A
higher number of trees on cropland were observedhen's farms, too. Moreover Adesina

(1996) finds that women apply new technologies Biggoforestry less likely compared to
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men. Hence, the gender of the household head mayt@ily be included in the regression
model. The variablgender HH headakes the value 1 if the respective household head
male and O otherwise. Therefore, it is presumetttha variable influences the observed tree

density positively.

It is likely that better educated smallholders al® better informed about soil conserving
measures and the consequences to productivitycthatide with erosion (Ervin and Ervin,
1982). That is why the hypothesis is constructed the education of the household head is
positively related to the tree density.

3.1.2 Environmental Factors of Influence

The stabilizing feature of agroforestry regarding degradation and soil erosion may be also
vital to smallholders for the adoption decision.l@dst one of the predominant responses in a
survey of farmers in Senegal was that they adoatgdforestry to benefit from the advan-
tages for the soil (Caveness and Kurtz, 1993). Eleawariable that characterizes yield losses
due to soil degradation or erosion is examinedt®mmpact on the tree density. The small-
holders had to indicate for each plot whether tiaeg yield losses on that specific plot or not.
The variablearea yield losss the total land size of the plots for which simallders stated to
face yield losses on. It is hypothesized that gméablearea yield lossnfluences the tree den-

sity with a negative sign meaning fewer yield I@sge along with a higher tree density.

Firewood is needed by the rural population in ttuelg village Tandai for cooking and heat-
ing. To become more independent from collecting baging firewood smallholders may
plant trees in areas where firewood is scarce. éfber scarcity of firewood is likely to in-
duce an increase in the number of planted treegelisas the tree density. The sufficiency of
the own firewood production is determined by dethgcfor each household the weekly con-
sumed amount of firewood from the weekly collecaadlount of firewood. If the result from
that arithmetic operation is positive or 0 that $ehwld’s firewood production is sufficient
because more firewood is collected than used. ifenfioewood is consumed than collected
the value of the variable firewood sufficiency isgative and indicates a lack of firewood
from the own production. It is hypothesized that thariablefirewood sufficiencyas a posi-
tive impact on the tree density. Accordingly houddh who exhibit a higher positive value
for the variablefirewood sufficiencyare expected to have a higher tree density thaseho
holds with a lower positive or even negative vdturethat variable.
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3.1.3 Geographical Factors of Influence

In addition the location of a village in the proxiynof a market place may induce tree plant-
ing because tree products which are not neededulosistence can be sold on the market
place. This would coincide with the statement afrfars’ polled by Caveness and Kurtz
(1993) who applied agroforestry mainly to obtainogar fruits for sale. The closer the farm-
ers live to the market the easier it becomes femtho transport their goods derived from
trees to the market. Therefore it is presumed tthetvariablemarket distanceshows a nega-
tive relation to the tree density. The distancéh market is measured in minutes needed to

reach the market by foot.

In a study by Otsuka et al. (2001) a larger walkiligiance from the homestead to the plot
had a negative impact on tree planting. To plaggdrin the proximity of the homestead can
be interpreted as a strategy to cope with theafdkeft of tree products or even trees itself.
To account for this circumstance the mean walkiisgadce from the homestead to the plot is
computed. The distance is measured in minutesrttadil®lders require to reach their plots
by foot. The variablanean plots distances assumed to be negatively related to the small-

holders’ decision to apply agroforestry and thuthtotree density.

If firewood is scarce and the location of a farntlisse to the forest some smallholders may
collect firewood in the proximity of the forest. &wually the smallholders go even into the
forest to collect firewood, although every kindexttraction from the forest is forbidden in the
Morogoro region. Thus it is assumed that the dcstao the forest has a negative impact on
the tree density. The distance to the forest isnageasured in minutes required to reach the

forest by foot.

Moreover, the belonging of a polled household tedain sub-village is captured by dummy
variables that take the value 1 if the observedsBbald belongs to a respective sub-village
and 0 otherwise. Through the sub-village dummyaldeis for differing conditions among the

sub-villages is accounted, although for this infation was not explicitly asked. These dif-

ferences may influence the decision to apply agestoy are included in the regression For
instance overall differences in the wealth of thk-sillages are taken into account by includ-
ing the sub-village dummy variables in the reg@sson the acceptance of agroforestry.
Aside from wealth also the fact whether a sub-g#las located on steep hills may be impor-
tant for the decision to use agroforestry. Thisiltssfrom the circumstance that sub-villages
which are located on steep hills are more endadgerexperience soil erosion than in the

valley situated sub-villages.
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3.1.4 Resource-based Factors of Influence

Assets which wealthy smallholders possess, likengawor livestock, can be sold in stressful
periods to receive cash for buying food immediatdliiis may lower the wealthy small-
holders’ perception of the risk of a consumptioortfall due to a cultivation of arable land
applying agroforestry schemes. Furthermore, wedathgllholders may be able to finance the
establishment of agroforestry without taking ouban. Accordingly they may have fewer
difficulties to overcome the barrier of the init@sts of growing trees which are e.g. given by
the costs for seedlings. Besides, wealthy smalérsldnay own assets which are suitable as
collateral when asking for a loan. That is why ititerest payments a wealthy smallholder has
to pay for a loan to establish agroforestry arel\iko be lower compared to the interest pay-
ments a poor smallholder has to pay. Based onbadth is assumed to be positively related
to the tree density. The wealth of a smallholderaptured by a wealth index which is com-

puted along the lines of Carletto et al. (2000):

G
wealth score= Y fOw (5)
g=1

The index g stands for a specific item, whereasthe index for the households. A weight
(wg) is assigned to each item in the list of all es{gt (Carletto et al., 2000). The weigh

equals the reciprocal value of the proportion afigthouseholds who own this item (Carletto
et al., 2000)wy is multiplied by the number of units a householhs from that specific asset
fy (Carletto et al., 2000). The sum over the produdtofwy andfy over all possible assets

yields the wealth index for each household.

Poor smallholders cannot finance the establishneénagroforestry from own resources
(Fakhrul Islam and Monayem Miah, 2007). Thereftihey need access to credit by NGO'’s at
reduced interest rates to finance the initial cdetstree seedlings, seeds, fertilizer, etc.
(Fakhrul Islam and Monayem Miah, 2007). Thus thealde credit accesss hypothesized to
influence the tree density positively. The variatiedit access is a dummy variable that takes

on the value 1 if credit is available and O othepwi

Income which a member of a family derives from otbmurces than farming was identified to
have a significantly positive relation to the adoptof new agricultural practices (Adesina,
1996). A possible reason is that with more soutoegenerate income also more income is
obtained in total. This coincides with the resoltseveral studies conducted in Africa regard-

ing off-farm employment. For instance Barrett et(2D01) find a positive relation between
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non-farm income and a household’s wealth. With moo®me it is possible to invest into
new ways of farming like establishing agroforestrypurchasing fertilizer (Alavalapati and
Thangata, 2003). The varialdf-farm employmens a dummy variable that becomes 1 if a
household shows off-farm income and 0 otherwisés hypothesized that the varialné-
farm employmentas a positive effect on the farmer’s decisioplémt trees and hence on the

tree density.

Although the adoption rates for agroforestry ar@egsimilar across different tenure types
(Bannister et al., 2002), tenure security mightats® important to a smallholder to decide
whether to adopt agroforestry or not. Bannistealet(2001) provided information that the

most trees are planted on plots with a higher ®ragcurity like purchased and inherited
plots. This may result from the fact that a smdtleowho planted trees also wants to obtain
the gains from tree planting that accrue severatsyafter planting. Hence, the perception of
tenure security is hypothesized to have a posithygct on the tree density as the proxy for
the smallholders’ decision to plant trees. Withie ppresent household survey smallholders
were asked for each plot they cultivate whethemftbeir perception the tenure for that plot is
secure or not. The variabtenure securitys the mean of the smallholders’ answers for all
plots. It ranges between 0 and 1 and gives theeptage of plots which are perceived to be

secure by a smallholder.

A survey in the Philippines found that the totaldasize managed by a household as well as
the number of plots are positively correlated witth number of trees a single household in-
tends to plant (Emtage and Suh, 2004). A reasothfsrresult could be that the pressure to
grow food crops for own consumption on the majooiyhe available space is perceived less
if a larger area is available for cultivation. Thie hypothesis is constructed that the variable

land sizeinfluences the tree density in a positive way.

3.1.5 Other Factors of Influence

Agroforestry schemes are often disseminated by sta&ixtension services. Therefore, a posi-
tive impact on the willingness to apply agroforgstray arise from contact to extension ser-
vice. In addition, farmers who were taught new wiysonduct agriculture by the extension
staff may be more open-minded to apply new teclgieto(Adesina et al., 2000). The contact
to extension service is measured in visits per pgaxtension officers. It is hypothesized that
the variableextension visithas a positive impact on the tree density.
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As already mentioned benefits and revenues fromfaggstry measures usually accrue to the
smallholders several years after the establishmieagroforestry. If a smallholder has a high
rate of discount benefits and revenues in the éutwe less esteemed compared to benefits and
revenues today. Hence, lower discount rates agdylib increase the intensity of the applica-
tion of agroforestry because soil conservation messoften require making investments in
the short run while the productivity is stabilizedincreased in the long run. Due to this the
rate of time preference is presumed to be neggtredhted to the number of trees grown by a

household and, hence also to the tree density wdasinlbe observed on the plots.

3.2 Factors of Influence on the Rate of Time Prefence

The pure rate of time preference is not only vibaltree planting but also for every long-term
investment executed by an individual. Resultingrfrthis overall significance of the rate of
discount the theoretically influencing factors & trate of time preference are identified in
this section. The actual factors of influence oe $mallholders’ rate of time preference as
well as their extent are identified through a regien on the rate of time preference. The re-
sults of that regression are presented in secti®n 6

3.2.1 Socio-demographic Factors of Influence

Ervin and Ervin (1982) state that lower discoun¢samply longer effective planning periods,

whereas higher discount rates indicate a shorégmphg horizon. As a person grows older the
planning period in general becomes shorter andateeof time preference is supposed to in-
crease. Therefore, it is hypothesized that theabégiage HH heachas a positive impact on

the extent of time preference.

If a person attends school for a longer time theoojpinity to generate income immediately is
interchanged for the prospect to receive a higheome after further education. Thus more
years of education could be a reflection of a longanning period and more farsightedness
of a person. That is why it is presumed that theatse education HH headnfluences the-

level of time preference negatively.

The composition of the family of smallholders’ codlde a factor of influence on the rate of

time preference, too. If a family has relativelympachildren compared to adults the respon-

dent may perceive future benefits as important, £oceason for this is that the children of a

family are the next generation which also needsatce a basis of life. Due to this the respon-

dent of a household comprising many children cquitla higher emphasis on future benefits

compared to present benefits than the respondeathofusehold comprising fewer children.
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To account for this the variabthild parent ratiois generated. By that variable the number of
children living in a household is put in relatianthe number of adults of that household. The
hypothesis is constructed that the variaibigd parent ratiois negatively related to the rate of
time preference. This implies that a higher numidfechildren is accompanied by lower rate

of time preference.

3.2.2 Resource-based Factors of Influence

Wealth respectively income was identified sevamés as one of the most crucial factors that
influences the extent of the rate of time prefeee(Becker and Mulligan, 1997 , Fisher,
1930). A permanently small income or a low-leveinaalth is interlinked with a high prefer-
ence for consumption now, because basic presedsree to be satisfied before a person
can give thoughts about the future (Fisher, 1980)capture the exact-level of wealth of the
smallholders in Tandai the in section 3.1.4 intietl wealth indicator is applied. A higher
value for that wealth indicator is expected to bgatively related to the magnitude of the rate

of time preference.

In addition, wealthy people have better accessdo bnd face lower discount rates, because
they might be able to give collateral (Holden ef 8098). As a consequence it is likely that
poor people who have neither savings nor acceksatts and thus face liquidity constraints
cannot smooth their consumption over time (Holdealge 1998). This implies the risk of a
shortfall of basic needs which, in turn, increaespreference for consumption now. Hence,
it is likely that people who report credit consiitai exhibit higher rates of time preference
(Holden et al., 1998). As a result of this is assdrthat the variableredit accesss nega-
tively related to the magnitude of time preferenthe variablecredit accesss a dummy

variable that takes on the value 1 if credit isilabde for a household and 0 otherwise.

3.2.3 Other Factors of Influence

The experience of idiosyncratic shocks may affeetrate of time preference of smallholders
in Tandai. ldiosyncratic shocks are uncertain evesuch as illness or the loss of a job, which
affect an individual or a household (Del Ninno ket 2008). The shocks are uncertain in their
realization, timing or magnitude. For instance, lties of a job may be accompanied by a loss
of income which might lead to a shortfall of congation in the year of the occurrence of the
shock and also in the following years. The consumnpthortfall may imply an increase in the
preference for immediate consumption. Furthermibre necessity to reacquire the lost assets

may lead to a neglect of long-term needs like itmest in education, soil conservation, etc.
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The result is a shortening of planning horizong twéncides with higher discount rates. Pre-
sumably, the just described implications of an askveshock are the bigger the more recent
the shock is. That is why the variableme since shocls assumed to be positively related to

the extent of time preference.

Finally, the dummy variables for the belonging giadled household to a certain sub-village
are considered to be included in the regressiothemate of time preference, too. Again cir-
cumstances for which was not explicitly asked avasaered by including the sub-village
dummy variables into the regression on the pueahtime preference.

4 Study site and data collection

4.1 Characteristics of the Study Site

The data on which the analysis of the sectionsdbais based on is cross sectional and origi-
nates from a household survey that has been cadiircthe context of the project Better-iS.
The study site is located in the Uluguru Mountaimtgch are a chain of cool, wet highland
forests in central Tanzania (PRESA, 2010). The UdugMountains are located in the
Morogoro region between latitude 7°-8°S and lordgtu37°-38°E (Falle and Hoffmann,
2011).

The population within the Uluguru Mountains curfgrdgtands at over 100,000 people. This
has led to a significantly reduced forest cover ttupressure from farming and logging ac-
tivities (PRESA, 2010). However, the Uluguru Moungare of crucial importance for the
forest and water provision for the Morogoro regén other regions. In response to the Ulu-
guru’s importance for the water supply as wellhesihcreased environmental pressure arising
from the high population density, the Uluguru Natieserve was established in November
2008 (World Wildlife Fund, 2009). It has a sizeapfproximately 25.000 ha (World Wildlife
Fund, 2009). The Uluguru Nature Reserve ensureprthasion of water to the Ruvu River,
which is the main water supply to the capital @fyDar es Salaam (World Wildlife Fund,
2009). In figure 4 the location of the Uluguru Madains within Tanzania as well as the loca-

tion of the study village within the Uluguru Moumta is depicted.
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Figure 4: Study Area
Source: FalRe and Hoffmann 2011

As becomes obvious frofigure 4 the study village Tandai is located in tloethern Ulugurt

Mountains (Kinole Ward, Morogoro regic (FaRe and Hoffmann, 201 The study village

was selected by the Betti&-project partner International Agroforestry Centre (ICRAR)

collaboration with the Sokoine University of Agriture (SUA) of Morogorc Tandai com-

prises 1055 households in total and is subdividéal seven si-villages (see figure 5). Tr

altitude of the sulwllages varies between 314m above-level (a.s.l.) in the st-village

Doga and 1128m a.s.l. in the the sub-village Nyange. The sullages Lukenge an

Nyangeneighbour on the natural forest reserve which 1$ glathe Uluguru Nature Reser

as well as on the communifffale and Hoffmann, 201IJhe community forest iby 80%

degradedcand is not part of the Uluguru Natureserve fores{Fal3e and Hoffmann, 202

On one sidd.ukenge and Nyangfeature mordertile cultivable land than sk-villages situ-

atedin the valley like Doga or Tonydue to theirlocation close to the fore (Falle and

Hoffmann, 2011). @ the otheride are Lukenge and Nyantmcated in theuphill area which
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increases the risk of soil erosion for these slibges. An overview of the location of the
respective sub-villages is given in figure 5. Tibraviation FC indicates that food crops are
grown in this area whereas CC stands for cash cFapstands for trees which are grown for

the purpose of firewood and T indicates treesifobér production are grown in that area.

Amini Village

Morogoro
Kalundwa
Village
Bagiro
Village
Lungala
Village

FC Fw

Kisambwa |

5 . LudenaVillage
Kielelezo Village Mifuru Village

Figure 5: Map of TandaiSource: Falde, 2010

Due to the establishment of the Uluguru Nature Resany extraction out of the protected

forest is prohibited (FalRe et al., 2010). The cirstance that Tandai is situated within a val-
ley surrounded by mountains and the protected fde¢€nvironmental resources — particu-
larly arable land and firewood — become scarcedFafsl Hoffmann, 2011). This is challeng-
ing to the population of Tandai because rural hbakks often accrued as far as 70% of their
income and 90% of the required energy from thesfoflealie et al., 2010). As a result of this
challenge to the rural population of Tandai, newsvaf income and energy generation have
to be detected. For instance the production ofueisfout of Jatropha may be such a way. It
bears the potential to supply income on one hadeaergy services like cooking, lightning

and transportation on the other hand (Better-i%020

Owing to the implications of excluding the resident Tandai from the forest resources, the

major purpose of Better-iS is to identify opportigs to link smallholders to small and me-
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dium enterprises on decentralized biomass con¢Betser-iS, 2010). In order to do so it is
intended to perform feasibility studies on advanbeanass value chains, which may ensure
the income and energy supply of the inhabitant$asfdai (Better-iS, 2010). The feasibility
studies will be based on a social accounting maisixvell as a general equilibrium model on
village-level. These two models will be built up gimying the data that has been collected in

Tandai by means of a poll.

Previously to the initialization of the project Ba&tiS the project “Pro-poor Rewards for En-
vironmental Services in Africa” (PRESA) was carriedt in the Uluguru Mountains. As a
result of this tree planting is already spread agritve smallholders of Tandai. The focus was
to offer direct payments for environmental servjcas farmers receive economic incentives
for providing watershed services through their eownation efforts (PRESA, 2010). To coun-
teract the problem of deforestation and its impiaes for the water quality, tree planting was
strongly promoted by the PRESA project. An auctstady was conducted in which 268
households had to submit their bids on receivieg planting contracts. A bid represented the
amount of money the farmers estimated to needHanging their cultivation from seasonal
crops to woodlots with trees (PRESA, 2010). At ¢émel of the auction 32 smallholders ob-
tained tree seedlings in combination with paymedatstaking up new woodlots (PRESA,
2010). All other participants received just treedimgs as an incentive to continue their ef-

forts towards conserving the local landscape (PRE®BAO).

4.2 Questionnaire Design and Data Collection
The households which were supposed to be polled salected employing stratified random
sampling. The strata of a stratified random saropteof which the random samples are taken
have to be non-overlapping (e.g. geographical avegenders) and collectively exhaustive so
no element can be excluded (Hunt and Tyrrell, 200&)ensure that all different household
types and farming conditions are included in thevesyisample, the sample frame was divided
into strata accounting for different agro-ecologimanes (FalRe and Hoffmann, 2011). Overall
nearly one third (n=314) out of all households ahdlai were selected randomly for being
polled. A household was defined for the purposethisfstudy as an economically independ-
ent unit, consisting out of the household headohiser spouse their children and other di-
rectly dependent members (FalRe and Hoffmann, 200H9. interviewees were heads of
households or other adult household members ihthesehold head was not present at the
time of the interview (Fal3e and Hoffmann, 2011).iAlall, the key respondent was not the
household head in 75 out of the 314 polled houskshdlhis equals a fraction of 24%.
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To account for the different environmental and eeoit conditions in the seven sub-villages
of Tandai, households from every sub-village weskepl. For instance, such differences are
that the plots in the sub-villages Lukenge and Nygaare steeper and more fertile than in the
other sub-villages. Moreover, the households froendub-villages Doga and Tonya appeared
poorer to the interviewers than the households flleenremaining sub-villages. Out of each
sub-village 30% of the households were surveyeda Aesult of this procedure, the empirical
results for the whole sample can be computed $itfaigvard instead of weighing the results
obtained for each sub-village according to its §Bertz and Doéring, 2005). In Table 1 an
overview of the number of households polled frorahesub-village and the equivalent per-

centage of the whole sample is given.

Doga Kisambwa Lukenge Lusegwa Nyange Tandai Tonya )
no. 32 50 34 42 30 95 31 314
% 10.2% 15.9% 10.8% 13.4% 9.6% 30.3% 9.8% 100%

Table 1: Origin of the polled households

Source: Own table

The questionnaire contains questions on househ@dacteristics like the number of house-
hold members, their education, the farm size ardthps cultivated on a farm. Questions on
the availability of labour as well as the ownedetssre also part of the questionnaire (Fal3e
and Hoffmann, 2011). In addition, a questionnagetisn on production covers topics like
agricultural and livestock production, tenure saguand conditions of soil (FalRe and
Hoffmann, 2011). Issues like energy types usedyfaggstry, extension access and time pref-
erence are comprised in the questionnaire, toog(ead Hoffmann, 2011). Besides, data re-
garding tree cultivation as a way to counteract smsion and produce firewood was col-
lected (FalRe and Hoffmann, 2011). Overall the dibjeovas to capture the whole village
economy as well as the interdependence of the holdse(FalRe and Hoffmann, 2011). Par-
ticularly the data collected with respect to treevgng are valuable for the scope of this pa-
per. With the aid of this data the benefits acguim the smallholders’ of Tandai from tree

planting can be examined.

Furthermore, information on the smallholders’ tipreference has been collected by the poll.
Since benefits from growing trees accrue severatsyafter planting trees, the information on
the time preference of a person is vital for analyzhe factors of influence of tree planting.

The information on the time preference was elicligdsking the respondent the hypothetical

guestion, which amount of money he prefers to obtaday instead of TZS 100,000 in one
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year (FalRe and Hoffmann, 2011). To the 100,000 i§48ferred as future value, whereas the
value stated by the respondents is named preskmt. Vithe question was asked stepwise be-
ginning with a present value of TZS 90,000 whichilddbe obtained immediately instead of
TZS 100,000 in one year. If the respondent waswiling to accept TZS 90,000, a present
value of TZS 100,000 was noted for that househaldl mo additional question on the time
preference was asked. If the respondent agreedoaiving TZS 90,000 today instead of TZS
100,000 in one year the interviewer proceeded wasgtking for the next lower present value.
This kind of questioning was continued until thependent denied accepting the next lower
present value instead of the future value of TZ8,0@0. The lowest present value, the re-
spondent accepted to obtain today instead of theewalue, was noted as the present value
for that household. The intention of asking for gresent value in this manner is to ensure
data quality, since this kind of questioning isussed to facilitate the respondents thought

processes and may encourage them to considereélspwnse carefully (Bolt et al., 2005).

After several training workshops for the interviesjesampling and pre-testing, the household
survey was conducted within six weeks from ApriDtme 2010 (FalR3e and Hoffmann, 2011).
During the whole period of time the research teaonsisting out of five interviewers and two
researchers, stayed in the village (FalRe and Hoifina011). The respondents were inter-
viewed at their homesteads. Through this the irgemsrs were able to collect additional in-
formation and could carry out counter-checks onstiaéements of the respondent (Fal3e and
Hoffmann, 2011). After the two hour lasting intexwi, the respondent received the wage of a

half working day as compensation for the time (Faftie Hoffmann, 2011).
5 Econometric Analysis on the Application of Agrofoestry

5.1 Methodology

5.1.1 Analysing Methods and their Principles

The influencing factors on the smallholders’ demisto apply agroforestry are examined in
four steps. At first, descriptive statistics areypded for the variables which are identified in
section 3.1 as being possibly relevant for smadlad’ to decide whether to grow trees or not.
Secondly, equivalence tests for unrelated sampieperformed on subsamples of the whole
sample (Wellek, 2010). In order to do this, theartssd households are subdivided into sub-
samples according to dummy variables that are asdumpossibly influence smallholders’
decision to apply agroforestry. These subsamplésbh#xa characteristic which is common

within the subsample but differs among the two aufydes. For instance, subsamples can be
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generated according to the gender of the housdiedd. In the following, the continuously
distributed variables, which may be vital to theaiholders’ decision to use agroforestry, are
examined on statistical significant differencesha means among the subsamples. The statis-
tical significance is either detected by employsgwo-sample t-test for equivalence or a
Wilcoxon rank-sum test for equivalence. The t-issapplied if the variable, which is tested
on equality of the means within the two subsamgl@iws the Gauss distribution for both
subsamples (Wellek, 2010). If the examined varidoles not follow the Gauss distribution in
both subsamples the non-parametric Wilcoxon ramk-gest can still be applied to test for

equal means in both subsamples (Wellek, 2010).

Subsequently, the correlation coefficients withpeet to the number of trees as well as the
tree density per acre (=4.046 m?) are computedeaachined on their statistical significance.
With the aid of correlation coefficients the degogeassociation of the variablé®e density
andtree numbemith other variables can be measured (Gujara420The correlation coef-
ficients with respect both variablage densityandtree numbemre of particular interest since
each of these variables is theoretical suitabla psoxy variable for the smallholders’ deci-
sion to apply agroforestry. The statistical sigrafice of a correlation coefficient for two vari-
ables, which both follow the Gauss distribution, ¢ determined by a Pearson correlation
coefficient (Lehman, 2005). In contrast, a Spearamelation coefficient has to be used if

only one or none of both variables follow the Gadissribution (Lehman, 2005).

Finally, a regression model is run to determinedbpendency of the smallholders’ decision
to apply agroforestry on specific criteria given tne explanatory variables. In Tandai tree
planting is already spread and trees are grownhbyntajority of the inhabitants. This is
caused by the previously conducted PRESA projadedd, within study sample only 10 out
of 314 households do not grow any tree. In five @iuthese ten households the lack of tree
planting is due to the fact that no household memloeks on the farm at all. In those house-
holds at least one of the household members hak enfiployment off the farm, for instance
as a teacher, house-builder or shopkeeper. Therefdogistic regression on a binary variable
that becomes 1 if trees are grown and O if not dawdt deliver meaningful results on the
factors, which influence the smallholders’ decistongrow trees. Instead, a classical linear
regression model, solved by the method of orditeagt squares (OLS), is performed on the
tree densityas a proxy variable for the acceptance of agrefoyeCompared to the tree num-
ber the tree density is more suitable to captueeattteptance of agroforestry. Using just the

tree number does not take into account that a higbe number may be due to a larger land
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size and not due to a stronger acceptance of agsifg. By putting the tree number in rela-

tion to the land size, as done in the varidide densitythis case is excluded.

In section 3.1 variables are identified which mayd an impact on the farmers’ decision to
apply agroforestry. Each of these variables isuidet in a regression on theee density

without any other explanatory variable. All Variab) which were identified by this procedure
to contain explanatory contents foee densityare included in a stepwise regressiortree

density When conducting a stepwise regression the vasablat show explanatory power for
the dependent variable are added to a regressidelmequentially, while the change in the
parameter estimates and the R2 is compared (Dol28@2). The model, which shows the
highest Rz and the maximum amount of significamapeeter estimates, is chosen to explain

the influencing factors on the decision whetheaply agroforestry or not.

In order to determine the regression coefficiehts method of ordinary least squares is ap-
plied. Graphically, OLS minimizes the sum of squadeviations of the observation points
from the regression line. The deviations are cafleslduals. The OLS method is applied
since, according to the Gauss-Markov Theorem, th® €stimators are best linear unbiased
estimators (BLUE) in a linear regression model @&afji, 2004). Linear means that the esti-
mated paramete$; is a linear function of the mean predicted for tependent variable
(Gujarati, 2004). In addition, the OLS estimatars anbiased which implies that the expected
value of the OLS estimatdE(B;) is equal to the true valyg (Gujarati, 2004). Finally, the
OLS estimators are efficient since they featuresitmallest variance in the class of all linear

unbiased estimators (Gujarati, 2004).

In addition to the parameters estimated by theessjon, the BETA coefficients are listed.
BETA coefficients result from a regression approadiere all variables included in the
model are standardized by deducting the mean fiaexch ebservation and dividing this differ-
ence by the standard deviation of the respectiviaba (Hubler, 2005). Through BETA coef-
ficients the influence of variables measured iriedént units is comparable (Hubler, 2005).
BETA coefficients are limited in their extent toethange of -1 to 1. The value -1 indicates a
perfect negative relation between the dependenahlar and the independent variable. A
BETA coefficient of 1, on the contrary, indicatepearfect positive relation. BETA coeffi-
cients can be either determined by estimating adstaized model or by computing the

BETA coefficients based on the parameter estima®sgting from a not standardized model.

27



The BETA coefficieni8; for the independent variable k and its regressimefficient 3, are

related as follows:
Br = Pr Z—’y‘ : (6)

The BETA coefficient equals the original coefficigimes the relation of the standard devia-
tion of the independent variable &) and the standard deviation of the dependent Maria
(). For the parameter estimatg no BETA coefficient is computable. The parametsti-e
matef, yields the value for the dependent variable ifotiier variables take on the value O.
Thusf, is not based on a variable, which features diffecdservations and a mean, based
on which a BETA coefficient could be computed. Tisalvhy the intercept is never included

in the estimation of a standardized regression intigler, 2005).

BETA regression coefficients are not only invala the intercept but also for dichotomous
variables (Hubler, 2005). The standard deviatiordichotomous variables is a function of
their skewness — the more skew a dichotomous \ariapthe smaller is the standard devia-
tion (Hubler, 2005). Therefore, standardized regjogscoefficients of dichotomous variables

become the lower the more skew the variable is€geation (6)).

5.1.2 Regression Diagnostic for OLS Regression
In general, the following assumptions are madettier classical linear model, which is in-
tended to be solved by an OLS regression (Gre@2)2

I.  The available data have to be a random samplesgédpulation.
ii.  The expected value of the disturbances equals)£€hj.
iii.  The disturbances have same variance;{¥¢d).
Iv.  The disturbances follow the normal distribution<{uWN(u 52)).
v. The model has to specify a relationship whichnedir in the parameters.
vi.  The endogenous variables are linear independent.
vii.  The disturbances associated with different obsemstare independent from each
other (E(wi; )=0).

The assumptions ii to iv can be summed up to:

Ui ~ N(ug?) = N(0, 0?). (7)
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The first assumption is fulfilled due to the datdlection process employing a stratified ran-
dom sample described in section 4. In addition,isisee of autocorrelation arising from a
violation of assumption vii is in the first placgl@vant for time series data. Since the available
data are cross sectional, the regression diagnegtibe focused on assumptions ii-vi. Out-
comes resulting from the regression as well agdbeession diagnostic are presented in sec-

tion 5.3. The procedures utilized in the regressimgnostic are characterized in the follow-

ing.

Goodness of fit

The goodness of fit (R?) of a statistical modelalié®s how well the model fits the data and
is defined as R? = SSE/SST = 1-SSR/SST (Woolrid@85). Where SSE represents the ex-
plained sum of squares, SST stands for the total&dusquares and SSR for the residual sum
of squares. Hence, R2 is the ratio of the explawveaiation compared to the total variation
(Woolridge, 2005). In other words, R? gives thecfian of sample variation in the dependent
variable that is explained by the independent Wem The R? can range between 0 and 1
where the value 0 stands for no explanation oettemined relation by the model and 1 indi-
cates that the model explains the relation pesfeéttiditionally, the regression specification
error test (RESET) for omitted variables is appli€te null hypothesis of that test is g*H
the model has no omitted variables”. If the teatistic is statistically significant on the 5%-
level Hy has to be rejected. This indicates that additieaabbles exist which are not yet in-

cluded in the model.

Expected value of the disturbances equals 0

Assumption ii states that the expected value okalbr terms is zero. This implies that the
deviations of the predicted values from the actadles of the dependent variable should sum
up to zero. To put it another way: all factors wiluence which are not observed within the
model neutralize each other on average. If thisrapion is not fulfilled the regression pa-
rameters are biased (Kohler and Kreuter, 2008teSine disturbances are unobservable, rea-
sons for E(u¥0 have to be examined (Hubler, 2005). A breacthefassumption that the ex-
pected value amounts averagely to zero can emergiriee reasons (Kohler and Kreuter,
2008):
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1. The relation of the parameters and the independerdble is not linear.

2. Unnoticed influential observations have an excessifluence on the results of the
regression.
3. Other influencing factors which are correlated watready in the model included

independent variables are missed out.

The dependency of the endogenous variable on thgeawous variables in a linear manner is
one of the most important assumptions for applyingar regressions (Kohler and Kreuter,
2008). The assumption of linearity must not be wstded as narrow as it might appear at the
first glance. Solely the parameters and the disiucbs have to enter the regression in a linear
way (Greene, 2002). That is why each independetdha is plotted against the dependent
variable to examine whether the relation captungthle estimated parameter is linear or not.
In addition, the regression specification errott fes omitted variables is employed. Origi-
nally this test was developed to test for missimdependent variables but it turned out to be
also powerful to detect nonlinearities (KennedyD320 So if the null hypothesis ‘H the
model has no omitted variables” cannot be rejedtesl|inear relation between the dependent

variable and the parameters cannot be rejected, too

To check for influential observations the measuo®l’s distance (Cook’s D) is employed.
By this measure the influence of a single obsemwatin all regression coefficients simultane-
ously is estimated (Kohler and Kreuter, 2008). irtflience of an observation on the regres-
sion model is composed of two aspects, the valubeotlependent variable and the combina-
tion of the independent variables. An influentibkervation has an extraordinary value of the
dependent variable — called discrepancy — and @ an exceptional combination for the in-
dependent variables — called leverage (Kohler aredit¢r, 2008). Such an outlier affects the
estimation of all coefficients only strongly if boaspects appear at one observation (Kohler
and Kreuter, 2008). The impact of an observatiorthenwhole regression is determined by
multiplying the value for the discrepancy with th&lue for the leverage of an observation.
Due to the multiplication the impact of an obseiwaton the regression is 0O if only leverage
or only discrepancy is present. Observations thghtihave a strong impact on the regression
model as a whole are identified by having a Codk’sf 4/n and above, where n determines
the number of observations included in the regoesg§Kohler and Kreuter, 2008). Subse-
guently to the regression dree densitythe Cook’s D is determined for all observatiors. |
there are no observations featuring a Cook’s Delatigan 4/n the parameters are likely to be

unbiased due to influential observations.
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If observations which feature a Cook’s D largemtlddn exist, they are temporarily deleted
and the regression is re-estimated with the remg@iobservations. The estimated coefficients
and the BETA coefficients of the regression inahgdihe observations with a high Cook’s D
are compared to the regression coefficients andMB&defficients estimated if these observa-
tions are excluded. If no or only slight differeade the coefficients can be observed, the
estimated parameters are not biased due to undatifiaential observations. In case the es-
timated parameters or the BETA coefficients diffem the initial estimation parameters or
BETA coefficients, the observations with a high €sd have to be checked for input errors
(Kohler and Kreuter, 2008). If no input errors ¢andetected either the independent variables
have to be transformed or the influential obseoretimay be deleted (Kohler and Kreuter,
2008). The results obtained after deleting the tiled influential observations and re-
estimating the model are similar to the resulta odbbust method since many robust methods
give no influence to outliers (Leroy and RousseeR@03). Transforming the independent
variables is appropriate if the identified influehibbservations result from extreme values for
any independent variable (Kohler and Kreuter, 20@8@mmon transformations are the appli-

cation of the natural logarithm on the independemiables or squaring them.

Finally the expected value of the residuals canadevfrom O because factors of influence are
missed out. Missing out factors of influence isigsue which is not easy to detect since data
on the influencing factor maybe was not even ctdécFurthermore the aim to include all
important factors of influence may lead to incluglthat many variables that multicollinearity
is established (Kohler and Kreuter, 2008). Henbeptetical considerations on variables,
which might have large explanatory power for thedeiphave to be made in the first place in

order to counteract the problem of missing outuai¢ variables (Kohler and Kreuter, 2008).

Homoskedasticity

A violation of assumption iii by the fact that thiariances of the disturbances are not constant
leads to heteroskedasticity among the disturbaridesimplications of heteroskedasticity are
inefficient parameter estimates and biased standaais (Hubler, 2005). As already men-
tioned the OLS estimators have the lowest variaricdl unbiased estimators that are linear
functions for the observations of the dependenabte. Inefficiency resulting from the pres-
ence of heteroskedasticity means that in prinatiher estimators can be found which exhibit
a smaller variance and are still unbiased (Dough2@07). As a result of Var(u) = Var(y) the
range in which an observation for the dependenable y may be located is small if the

variance of the disturbanceia small (Woolridge, 2005). Hence, if ahas a small variance
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the range of the corresponding observation fordiggendent variable ig small, which leads
to a small residual for the observatign A small residual, in turn, implies that this obse
tion is a good guide to the location of the regmssine (Dougherty, 2007). By contrast, if u
exhibits a large variance the range in which theesponding yis located is large. Thug ig

a rather bad guide to the location of the regreskige, because this observation is likely to
feature a larger residual than the observatiowigich has a smaller variance (Dougherty,
2007). If the variances of the disturbances aralegnery observation of y is an equally good
indicator for the location of the regression lifdis is vital since the observations are not
weighed according to their variance or their realduwhen performing an OLS regression
(Dougherty, 2007). Moreover, if homoskedasticitypiesent, fewer manifestations show a
large distance to the regression line and the vegi@f the parameter estimates is low.

The second issue arising from heteroskedasticayb@éased standard errors. Standard errors
are statistical measures of the precision of a oreasent or an estimation (Woolridge, 2005).
The standard error of a parameter estimate is timagsr for the standard deviation of the
respective parameter estimate (Woolridge, 2005)ceSstandard errors are computed based
on the assumption of homoskedasticity, biased atandrrors result if heteroskedasticity is
present (Dougherty, 2007). Implications of biasehdard errors are invalidity of the t-test
for the coefficients as well as invalidity of theeBET or F-test on misspecification of the
model (Dougherty, 2007). If hetersoskedasticitysesithe standard errors are likely to be
underestimated (Dougherty, 2007). As a result ef ttvalue being the parameter estimate
divided by the standard error, the t-values for ga@ameters are likely to be too large
(Dougherty, 2007). To approve a higher level oinBigance a higher t-value is required
when using the t-test statistic. Therefore, todhigalues may lead to the misbelief that pa-
rameters are different from O with respect to aatersignificance-level although they are not
(Dougherty, 2007). To check for heteroskedastithiey Breusch-Pagan test is applied. The
null hypothesis “lj=constant variance of the residuals” has to bectegeif the result of the
Breusch-Pegan test is statistical significant an 3Po-level. This implies that the maximum

probability of rejecting Hby mistake amounts to 5%.

Normally distributed disturbances

The normal distribution of the error term is notessarily needed for applying an OLS re-
gression (Hubler, 2005). Normality of residual®idy required for the validity of hypothesis
testing, since the normality assumption assuresttieap-values for the t-test and RESET are

valid (Hubler, 2005). The normal distribution okthesiduals refers to the fact that small de-

32



viations in the proximity of the mean are more INkihan large deviations occurring close to
the margin of all observations (Hubler, 2005). 8itlte disturbances are not observable, also
their distribution is not observable. Thereforeg thsiduals resulting from the OLS regression
have to be utilized to estimate the disturbancés residuals are examined with respect to
their distribution by normal probability plots. Bnnormal probability plot the true standard-
ized residuals are plotted versus their expectddesaif they were normally distributed
(Dobson, 2002). The expected value of the stanmeddresiduals is depicted in a normal
probability plot through a straight line featuriag angle of 45°. Systematic deviations from
that angle bisector or outlying observations ingicthat the standardized residuals are not
normally distributed (Dobson, 2002). Furthermotes Skewness-Kurtosis-test is performed
on the presence of skewness respectively kurtosisg the residuals. Since the Gauss distri-
bution is a symmetrical distribution neither skessmaor kurtosis must be present. If the null
hypothesis of the Skewness-Kurtosis-tesp=No skewness or kurtosis” cannot be rejected
and the normal probability plot indicates only Btigleviations of the residuals from the
Gauss distribution, the Gauss distribution of tistulbances can be assumed.

Absence of multicollinearity

Multicollinearity indicates a high correlation angpriwo or more endogenous variables.
Hence, the endogenous variables depend statigticpthn each other (Gujarati, 2004). To
perfect multicollinearity is referred if an indepkmt variable can be expressed as a linear
combination of other independent variables (Gujagit04). Perfect multicollinearity occurs
in particular if m categories of a categorical aate are captured by m dummy variables and
all m dummy variables are included in a regressiwdel (Gujarati, 2004). This is also
known as the dummy variable trap and can be avdigadcluding solely (m-1) dummy vari-
ables into the model (Gujarati, 2004). The problemsing from multicollinearity are large
standard errors and low levels of significancetfer parameters estimates of the model, be-
cause the correlated independent variables explhileast partly the same circumstance
(Greene, 2002). Moreover, the regression coeffisiemay have implausible signs or magni-
tudes, but the coefficients themselves are stitliased (Greene, 2002). For the problem of
multicollinearity can be controlled after the regg®n by employing the variance inflation
factor (VIF). The VIF is defined as 1/(1A — where Ris the R2 of the regression of a vari-
able x on all other variables. R equals one if the variablg xan be expressed as a linear
combination of other variables (Greene, 2002). Vite ranges between 1 and infinity and

becomes the larger the stronger the correlationngntbe independent variables becomes.
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Values for the VIF above 10 point to multicollingarbeing present among the independent

variables (Demaris, 2004).

5.2 Household Survey Results with respect to Agrofestry

5.2.1 Vital Household Characteristics for the Applcation of Agroforestry

In the study village Tandai the average size obaskhold amounts to 6.25 persons, whereas
the median household has six members. The smalestehold has solely one member and
the largest household comprises 17 persons. Witthiausehold live averagely 2.82 children,
which are identified by being aged 14 or youngsmall as 3.64 persons aged 15 or above.
The latter are therefore considered as grown-ups.average age of the children amounts to
7 years compared to an average age of the growifugs years. The household head has an
average age of 46 years and attended school foagelg 4.68 years. In 81.67% of all house-

holds, the household head is male.

Overall the education of adults amounts averageb.15 years of schooling. Considering the
duration of education differences between the secdesir. While women attended school
averagely for 4.63 years, men were on average smthdor even 5.68 years. This difference
is according to the Wilcoxon rank-sum test stataly significant on the 1%-level.

The average land size available to a householdutiivation amounts 6.99 acres. But the
cultivable area ranges from households having ablardand at all up to 90 acres of arable
area possessed by one household. The smallholddriohindicate for every plot they culti-
vate, whether they perceive the tenure for that fdbe secure or insecure. Rather secure
land tenure arises from purchasing or inheritinglldn contrast, if the land is leased the ten-
ure is insecure because the smallholder does v kvhether the plot may be available for
him in the next year, too. The varialiEnure securitygives the percentage of how many of
their plots the smallholders perceive as securea¥@mage 82% of the plots are perceived as
secure, which represents that the smallholdersaofidi feel very secure about the land ten-

ure, in general.

The presence of yield losses may be a problem,hwihituces tree planting, in order to miti-
gate the yield losses. On average the smallhofdeeson 47 % of their total land size yield
losses, which is equal to 3.05 acres. Smallholgéast on their total land size averagely

239.74 trees and the tree density amounts on av&oe8.15 trees per acre.
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The slightly positive mean for the variallieewood sufficiencyindicates the households’

firewood production being on average sufficient. régall from section 3.1.2 the variable
firewood sufficiency is determined by deducting theekly consumed amount of firewood
from the weekly collected amount of firewood. Tlrewood consumption and the collected
firewood are measured in head-lots. One head-Iotagts roughly 15 kg of firewood (FalRe
and Winter, 2009). Nevertheless, there are houdehehich consume by far more firewood
than they collect. This is for instance the casetie household with the minimum value for
firewood sufficiency. For this household the firewdoconsumption exceeds the firewood
production by 14 head lots per week. Overall 20%hefhouseholds of Tandai show an insuf-

ficient firewood production.

Out of the 224 households which replied to the goesn having access to extension 74%
stated to have access to extension. The averag®denuaf visits by extension officers

amounts to 1.5 visits per year.

Concerning the question, which amount of moneyrdspondent wants to obtain today in-
stead of TZS 100,000 in one year, the average ansag TZS 34,788.27. The equivalent
discount rate to the average present value of TZ388.27 amounts to 973%. Since such
high figures for the rate of time preference argltta grasp, the present value is chosen as a
proxy variable for the pure rate of time preferentthin the regression model on the applica-
tion of agroforestry.

The just described household characteristics akasehdditional factors, which might have
an impact on the smallholders’ decision to plaeé$;, are summarized in table 2. The unit of
the examined variables is written in squared briack@lowing the name of each variable.
The fact that the variable wealth is an index withany unit is indicated by [-] following the
variable name.
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Variable Mean Std. Dev. Min. Max. Obs.

family sizgmembers] 6.25 2.65 1.00 17.00 314
gender HH heaPo; O=female, 1=male] 0.82 0.39 0.00 1.00 311
age HH headlyears] 46.15 16.15 18.00 92.00 312
education HH heafschool years] 4.68 3.16 0.00 12.00 273
land sizgacres] 6.99 7.76 0.00 90.00 307
tenure security% of plots secure] 0.82 0.31 0.00 1.00 311
area yield losgacres] 3.05 4.85 0.00 48.00 307
ratio of land with yield loss€$s] 0.47 0.40 0.00 1.00 307
tree numbdno.] 239.74 568.73 1.00 4600.00 304
tree densitftrees/acre] 33.15 52.32 0.33 406.50 299
firewood sufficiencyheadlots] 0.23 4.14 -14.00 46.00 303
extension acceg$%; 0=no, 1=yes] 0.74 0.44 0.00 1.00 224
extension Visitgno. of visits] 1.49 8.12 0.00 104.00 221
market distancéminutes by foot] 35.72 37.44 0.50 180.00 311
forest distancéminutes by foot] 135.52 68.49 0.00 480.00 281
mean plot distangminutes by foot] 51.68 39.03 0.00 240.00 310
wealth[-] 18.89 88.23 0.00 1149.11 314
credit acces$%; 0=no, 1=yes] 0.38 0.49 0.00 1.00 312
off-farm employmeries; 0=no, 1=yes] 0.67 0.47 0.00 1.00 314
present valu¢rzZs] 34788.27 35072.81 5000.00 100000.00 307
hiring labour[%; 0=no, 1=yes] 0.64 0.48 0.00 1.00 312
scarcity family labouf%; 0=no, 1=yes] 0.72 0.45 0.00 1.00 311

Table 2: Relevant household characteristics for thapplication of agroforestry by smallholders of Tamlai*
Source: Own table

! The number of observations does not amount foh eaciable to the sample size of 314 householdstdue
missing values.

Also economic factors like access to credit andwkalth of a household are examined. The
access to credit is determined through a dummyabkrithat takes the value 1 if the respon-
dent states to have access and 0 otherwise. 37082%surveyed respondents stated to have
credit access. The wealth of the polled househisld$etermined by computing the wealth
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score of Carletto et al. (2000) introduced in sett3.1.4 for each household. The average
wealth score of a household in the study villagedea adds up to 18.89. Again, there is a
wide range among the households from a wealth swiofeto a wealth score of 1149.11. In

the wealth score are all assets included a househats apart from land, which is considered
separately, and the homestead. The latter onet imcladed because nearly every household
possesses a house. Therefore, including the hoatgesiethe wealth score did not seem to

deliver much additional information.

When economic features of households are discussedyresence or absence of off-farm
employment has to be considered, too. In Tandahtheseholds without off-farm employ-
ment show averagely a wealth score of 6.16, whdreaseholds with off-farm employment
have on average a wealth score of 25.28. Thisrdiffee is statistical significant to the 1%-
level and is obtained by applying the Wilcoxon ramin test. This suggests that off-farm
employment has a positive impact on the wealth ebasehold. A vast number of empirical
studies conducted in rural Africa as for instarieee dne from Barrett et al. (2001) obtain such
a result. Besides a positive impact of off-farm &gyment on the households’ wealth, Barrett
et al. (2001) find barrier to entry off-farm empiognt for less wealthy and less educated
households. Consequently, rather already relatiwelj-endowed and well-educated house-
holds have the ability to participate in off-farrmgloyment (Barrett et al., 2001). This seems
to be valid in Tandai, too, because the househeddl tattended school on average 0.8 years

longer if a household shows off-farm employment.

Out of the 311 households, which provided informraton the presence of scarcity of family
labour, 72% households face a scarcity labour tivate their arable land. Although it may
seem counterintuitive, it is likely that this singly high number is caused by the limited ar-
able area in Tandai. The limitation of arable aredurn, results from the location of Tandai
adjacent to the mountains and the protected fohesaddition, since the population growth
rates were very high for Tanzania over a long geobtime the population density in the
Ulugurus increased, too. For the year 2010 the latipn growth rate of Tanzania amounted
e.g. to 2.04% (IndexMundi, 2010). Since no arahledlis left for the younger generation
many people of the younger generation migrate ecctties to look for off-farm employment.

As a result of this their parents have less fatailbour on hand
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5.2.2 Effects of the Firewood Sufficiency on the \@sof Agroforestry

The two main reasons for tree planting are assumée firewood production and soil con-
servation — respectively both may go hand in hdrme: household’s need to generate fire-
wood is captured by the household’'s sufficiencyfitewood production. The household’'s
sufficiency in firewood production is determined dgducting the weekly firewood consump-
tion of a household from the households’ weeklgiood production. If the variabkre-
wood sufficiencyakes on values above 0 or equal to 0 a housdtasldh sufficient firewood
production. A negative value for the variable fimes sufficiency stands for an insufficient
production. To be able to examine differences ettbusehold characteristics for households
with a sufficient or insufficient firewood produch a dummy variable is generated. An insuf-
ficient firewood production is represented by tlaue O, whereas 1 stands for a sufficient
firewood production. The analysis of statisticginsficant differences in the mean of continu-
ously distributed variables for households withufisient firewood production compared to
firewood insufficient households is conducted byptaying either the t-test or the Wilcoxon
rank-sum test. The t-test is used if the examirsgthlile is normally distributed. If the normal
distribution is not present for an examined vaeathle Wilcoxon rank-sum test is employed.
By examining the histogram for each variable wasckkd whether a variable is normally
distributed or not.

Several statistical significant differences for selolds with a sufficient firewood production,
compared to households with an insufficient firedi@gooduction, are summed up in table 3.
A (t) indicates that an outcome is obtained bytttest and (w) indicates the application of the
Wilcoxon rank-sum test. The unit of the examinedalade is written in squared brackets be-

hind the respective variable.
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Variable Mean Std. Dev. Min. Max. Obs.

family sizefmembers] (1)

firewood sufficient households 6.49%** 2.72 2.00 17.00 235
firewood insufficient households 5.51%** 2.40 1.00 12.00 79
forest distancgminutes afoot] (w)

firewood sufficient households 130.69*** 71.39 0.00 480.00 215
firewood insufficient households 150.45%** 56.31 0.00 240.00 66

extension visitfno. of visits] (w)
firewood sufficient households 1.81* 9.29 0.00 104.00 165
firewood insufficient households 0.54* 1.81 0.00 11.00 56

tree numbdno.] (w)
firewood sufficient households 270.40%** 611.53 2.00 4600.00 234
firewood insufficient households 137.26%** 379.112 1.00 3022.00 70

tree densitytrees/acre] (w)

firewood sufficient households 35.55** 55.99 0.50 406.50 232
firewood insufficient households 24.82** 36.00 0.33 183.15 67
land sizelacres] (w)

firewood sufficient households 7.61xx* 8.47 0.70 90.00 233
firewood insufficient households 5.02%** 4.35 0.25 20.50 74

*Significant at 10%. **Significant at 5%. ***Signitant at 1%.

Table 3: Statilstical significant differences for haseholds with and without a sufficient firewood praluc-
tion
Source: Own table

! The number of observations does not add up fdn gadable to the sample size of n=314 due to missal-
ues.

From table 3 becomes apparent that households wWines®od production is sufficient com-
prise on average one family member more than haldelvith an insufficient firewood pro-
duction. A larger family does not only imply moregple, who have to be nourished and for
whom firewood has to be collected, but also momepfeewho can help to collect firewood.
On grounds of this, the finding by Cavatassi amapker (2004) of a rising family size leading
to less tree planting, due to the smallholder’s t#afood insecurity seems to be invalid in
Tandai. Since many younger people leave Tandaidk for off-farm employment, the num-
ber of people, which have to be nourished by tleédgiof the self-grown crops, may decrease
for the households. This circumstance might lead tower fear of the smallholders of ex-
periencing a consumption short-fall due to plantirgges on part of the plots instead of cash

crops.
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Furthermore, table 3reveals that households whaelfesufficient in their firewood produc-
tion live on average twenty walking minutes closethe forest than those whose production
is insufficient. That result is statistical sigedint on the 1%-level and has been derived by the
Wilcoxon rank-sum test. It confirms the hypothedsiat smallholders, who live closer to the
forest, meet at least part of their firewood congtiom by collecting firewood within or in the

proximity of the forest and therefore grow feweets.

The extension access is not easy to capture inal.a@d one side only 46 respondents, out of
314 polled households, stated to be visited byetktension officers, 175 respondents an-
swered that they receive no visits by extensiomiserand the remaining 93 households did
not respond at all to this question. On the otid mnany respondents replied to have contact
to extension during village meetings. When askorgelktension access in general, 165 of the
respondents answered to have access to extenftioough only the already mentioned 46
households are visited by extension officers atTdle 165 smallholders, who state to have
access to extension in general, grow averagelyet tmore than smallholders, who do not
have access to extension. This result is obtaindd the aid of the Wilcoxon rank-sum test
and is statistical significant on the 10%-level. ®lver, in table 3 is depicted that firewood
sufficient households are on average three timea® wiben visited by extension officers than
households whose firewood production is insuffiti€onsequently, the firewood sufficiency
of households who are visited by extension offiaeesy result from more tree planting in-
duced by the extension officers. Therefore, theiraentation by Adesina et al. (2000) that
contact to extension service makes smallholdererapen minded to new technologies and

thus enhances tree planting seems to be validdoddi, too.

A to the 1%-level statistical significant differenexists in the mean for the varialitee
numberbetween firewood sufficient and firewood insuf@iot households. Households with a
sufficient firewood production grow on average 1B3%s more, than households with an in-
sufficient firewood production. This is equal tdn97% higher tree number for the firewood
sufficient households. That result is straight fardvbecause households who possess a larger
number of trees can generate more firewood fronr thees, unless all trees grown by a

household are very young.

Another result that confirms the positive relatiogtween tree planting and firewood suffi-
ciency is that the tree density for firewood suéfid households is by 45% higher, than for
households with an insufficient firewood productidrhe tree density amounts in the first

case to 35.55 trees per acre compared to 24.82 peeacre in the latter case. This result is
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according to the Wilcoxon rank-sum test statistis@nificant to the 5%-level. Although
households with a sufficient firewood productioargl significantly more trees, the tree den-
sity is with 35.55 trees per acre even for thesesbbholds moderate. This suggests that small-

holders still grow mainly food and cash crops agirtplots instead of trees.

Finally, the land size of households producingisigit firewood is on average by 2.6 acres
bigger than the land size of households with anffitsent firewood production. This may
result from the fact that for growing more treesoamore land is needed, if the production of
cash and food crops should still be self-suffici@iifte connection of the tree number and the
land size becomes obvious, when plotting the véeiibe numbeiagainst théand size Fur-
thermore, a connection ¢fee numberandland sizeis also documented by the correlation
coefficient for these variables of r=0.27. The Spem correlation coefficient for the not
normally distributed variablesee numberandland sizereveals this result being statistical
significant on the 1% level. Consequently, thelttztad size seems to have a positive impact
on tree planting, which is also found in a studyeofitage and Suh (2004) conducted in the
Philippines.

5.2.3 Effects of the Sex of the Household Head dmetUse of Agroforestry

If female headed households are compared to maldeldehouseholds several significant dif-
ferences can be identified. An overview of thedéedinces is provided in the following ta-
ble. A (t) following the name of the examined vataindicates that the outcome results from
the application of the t-test respectively a (wWjiaates the application of the Wilcoxon rank-
sum test. The unit of the examined variable istemitn squared brackets behind the respec-

tive variable.
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Variable Mean Std. Dev. Min. Max. Obs.

education HH heagschool years] (w)

male household head 4.85%* 3.08 0.00 12.00 231
female household head 3.76** 3.53 0.00 12.00 42
tree numbefno.] (w)

male household head 272.93*** 612.28 1.00 4600.00 247
female household head 98.19*** 239.10 1.00 1518.00 54
land sizdacres] (t)

male household head 7.52%** 8.25 0.25 90.00 253
female household head 4.06*** 2.74 0.50 12.00 51
tree densitytrees/acre] (w)

male household head 35.33** 53.69 56 406.5 247
female household head 22.68* 44.93406 0.33 303.6 49
wealth[-] (w)

male household head 14.67*** 44.39 0.00 481.12 254
female household head 38.60*** 184.36 0.00 1149.11 57

*Significant at 10%. **Significant at 5%. ***Signitant at 1%.

Table 4: Statistical significant differences for haseholds with male and female household heatls
Source: Own table

! The number of observations does not add up t@éesh variable the sample size of n=314 due to mgssi
values.

On average the total tree number for male headaddnwlds amounts to 272.93 in compari-
son to averagely 98.19 trees, which are grown mmafe headed households. In addition, the
tree density is in male headed households by appet&ly 13 trees per acre or 56% higher
than in female headed households. This matches tiwéhfindings by Scherr (1995) and

Adesina (1996), mentioned in section 3.1.1, of mwees being planted in male headed

households compared to female headed households.

The previous results can be added by the factfémaale household heads have an average
duration of education of 3.76 years compared tecerhausehold heads who attend school on
average 4.85 years. Hence, the result for the whereple that men are averagely educated
one year longer than women remains valid for thesample of the household heads, too. Due
to this, the difference in the total number of sr@md in the tree density could be caused by
the difference in education of male and female bBbakl heads. The latter case would sup-
port the hypothesis of Ervin and Ervin (1982), wdtated that more education goes along
with a more intense application of soil conservingasures like tree planting. However, it

remains for the regression analysis to examine lvenghe factor gender or the factor educa-

tion has a bigger impact on planting trees.
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Although female household heads are on averaggeardess educated than men, the female
headed households show a more than three timesrhigalth score. This result is counterin-
tuitive but explainable by the fact that the latg®g manifestations olvealth are observed
for female headed households. These exceptioraiiye Imanifestations can be identified as
outliers. Outliers are observations that featureamifestation which is at least by three stan-
dard deviations larger or smaller than the meangi@ti, 2004). Since the standard deviation
for the variablewealthis larger than the mean, outliers can only beateteby adding three
times the standard deviation to the mean. All irfialr outliers can be detected for the wealth
score — two for female headed households and twméde headed households. When these
outliers are temporarily excluded male headed Humlde show on average a wealth score of
9.87 compared to an average wealth score for fehegded households of 4.34. This result is
still statistical significant to the 1%-level acdorg to the Wilcoxon rank-sum test and points
to better opportunities for male headed householdequire wealth. This might be due to the
longer education of men as well as to a male artkoulture, which is for instance indicated

by 82% of the household heads being men.

5.2.4 Effects of the Access to Credit on the Use Afroforestry

Also the access to credit seems to play an importde in the decision to plant trees. At least
the difference in the average toée numbeis statistical significant on the 1% level. House-
holds with access to credit plant on average 2é8stimore than households without credit
access. Moreover, the wealth score differs on O Significance-level. Households with
access to credit have a wealth score of 38.02 cardpda a wealth score of 7.43 for house-
holds without credit access. This suggests thatdedlings, which are sold for TZS 200 (= €
0.11), may be rather expensive for households witbcedit access and thus a lower level of
wealth. Another reason for the strikingly highezetmumber for households with credit ac-
cess, compared to households without credit acceag, result from the land size. House-
holds with credit access have averagely a by 3@sdarger land size than households with-
out credit access. This difference is also statikgignificant to the 1%-level. Consequently,
many households without credit access may tendaw gather food and cash crops on their

limited arable area to meet their own consumptieeds than growing trees.

Another reason why households with credit access grearly three times more trees, than
households without credit access, might be thatfitse ones are visited on average three
times more often by extension officers, than thietaones. This distinction in extension visits
is statistical significant on the 5%-level. The keholds with credit access may be more sen-
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sitive to tree planting and the benefits from tpdenting due to the better extension access.
The difference in extension visits might be duehe larger land size of households with

credit access. As a consequence of the largerdemeg households with credit access could
perceive a greater need for support of how to @ik their arable area and, thus ask more

often for extension visits. The described signiiitcdifferences are summed up in table 5.

Variable Mean Std. Dev. Min. Max. Obs.
tree numbdno.](w)

no access to credit 139.73*** 271.11 1.00 2170.00 186
access to credit 402.29*** 831.11 2.00 4600.00 116
land sizdacres] (w)

no access to credit 5.75%+* 4.89 0.25 29.00 187
access to credit 8.95%** 10.60 0.50 90.00 118
extension visitfno. of visits] (w)

no access to credit 0.85** 461 0.00 52.00 138
access to credit 2.63* 11.95 0.00 104.00 81
wealth[-] (w)

no access to credit 7.43* 20.05 0.00 225.44 194
access to credit 38.02* 139.89 0.00 1149.11 118

*Significant at 10%. **Significant at 5%. ***Signitant at 1%.

Table 5: Statistical significant differences for haseholds with and without access to credit
Source: Own table

! The number of observations does not add up fon gadable to the sample size of n=314 due to missi
values.

5.2.5 Correlations regarding the Number of Trees aththe Tree Density

One of the main reasons for planting trees is asdutm be soil conservation. The need for
soil conservation is captured with the aid of thexy variablearea yield lossThis variable
represents the total land size on which househfalcks yield losses. By putting the variable
area yield losgn relation to the total land size, the percentafjand is obtained on which
smallholders face yield losses. The correlatiorffament for the variablesatio of land with
yield lossesand thetree numbermmounts to r = -0.07 and is statistical significan the 5%-
level according to the Spearman correlation coeffic This negative correlation coefficient
supports the reasoning that tree planting is ugetthéo smallholders to lessen the problem of

yield losses.
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Besides the purpose of counteracting yield lodseditewood production was already identi-
fied to be an important reason for tree plantingm@mber that the variable firewood suffi-
ciency is defined as the difference of the consionpdnd the production of firewood. Values
below 0 stand for a lack of firewood from the owmdgluction, whereas positive values in-
cluding O represent that a household’s firewoodipation is sufficient. The positive correla-
tion coefficient of r = 0.04 for the variablé®e numberndfirewood sufficiencyeflects the

expected result, of more trees going along withfitleevood production of a household being
more sufficient. The correlation coefficient of thariablestree numberandfirewood suffi-

ciencyis according to the Spearman correlation coefiiicgatistical significant on the 1%-

level.

Apart from these two correlation coefficients sevesther statistical significant correlation
coefficients can be identified with respect to #agiabletree numberAn overview of these
correlation coefficients is presented in table iBic&tree numbelis not normally distributed
the Spearman correlation coefficient is employetlémtify, whether a correlation coefficient

is statistical significant or not.

Variable wealth extension visits  present value family size land size

tree number 0.05*** 0.06** 0.10** 0.24*** 0.27***

*Significant at 10%. **Significant at 5%. ***Signitant at 1%.

Table 6: Statistical significant correlation coeffcients for the variabletree number
Source: Own table

From table 6 becomes apparent that the varidbhegy sizeandland sizehave high positive
correlation coefficients with respect to the valgaibee numberin addition, these correlation
coefficients are statistical significant on the 1@el. That points to an increase in the number
of trees when either the family size or the larmd sises. The positive correlation coefficient
of thetree numbemnd thdand sizeis plausible, because on a larggrd sizemore trees can
be grown and also have to be grown to counterakésgmsion. The positive correlation coef-
ficient with respect to theamily sizels unexpected, because in the conceptual framewask
assumed that more family members require more &atj thus smallholders refuse to plant
trees on the area where they could grow food dregiead. There are two possible reasons for
the positive correlation coefficient of ti@amily sizeandtree number On one side a larger
family needs more firewood and to generate the edddewood more trees have to be

grown. On the other side smallholders could haeegeized the soil conserving features of
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tree planting so they even utilize tree plantingfieviate soil erosion and yield losses in or-

der to ensure the larger amount of food required larger family.

The positive correlation coefficient between thealsleswealthandtree numbers statistical
significant on the 1%-level. Thus wealthy housebajdow more trees, which may be caused
by the fact that wealthy smallholders can affordrenibee seedlings. That refers again to the

argumentation of tree seedlings being rather expeniar the inhabitants of Tandai.

The positive correlation coefficients of the vatediree numbemndextension visitsespec-
tively present valueare statistical significant to the 5%-level. Cansently, more visits by
extension staff go along with more grown trees.sTieisult is straight forward because the
extension officers disseminate tree planting asethad to conserve soils. More interesting is
the positive correlation coefficient of the variebpresent valuendtree numberThe vari-
ablepresent valueomprises the value at which a surveyed persaordifferent between ob-
taining that value today and TZS 100,000 in ona.y€hae higher the present value of a per-
son, the lower is the emphasis that person pufsesent consumption compared to consump-
tion in the future. This becomes obvious when aeréng that a person with a high present
value is not willing to abandon much money for reicg the present value today instead of
the TZS 100,000 in one year. Hence, a high pressdot is equal to low rate of time prefer-
ence by which future results are discounted. Theumstance of a higher present value being
accompanied by a higher tree number suggests figthelders are aware of the soil con-
serving features of planting trees. Moreover, hig tonnection is pointed out that small-
holders may perceive tree planting as a long-temm finvestment to ensure obtaining yields
from their plots in the future.

Examining the correlation coefficients of the vateatree densitysimilar outcomes are ob-
tained like for the variableeee numberAn overview of the statistical significant coagbn
coefficients with respect tivee densitys delivered in table 7. Again all results on #tatisti-
cal significance are obtained by using the Spearcoarelation coefficient sinceee density
is, astree numbernot normally distributed.
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Variable wealth extension visits present value firewoodaaffcy

tree density 0.05** 0.06* 0.10** 0.05***

*Significant at 10%. **Significant at 5%. ***Signitant at 1%.

Table 7: Statistical significant correlation coeffcients for the variabletree density
Source: Own table

Contrary to the results obtained for the varigbd® numbemo statistical significant correla-
tion coefficient can be identified for the variabteee densityandfamily size This may result
from the fact that when examinirigee densitywhich is defined as trees per acres, a connec-
tion like growing more trees requires more land armate land requires more manpower to
cultivate that land is ruled out. This indicateattthe observed statistical significant correla-
tion coefficient fortree numberndfamily sizeis due to a larger land size, which goes along
with more trees. The on the 1%-level statisticghsicant correlation coefficient r = 0.32 for
the variabledand sizeandfamily sizealso supports this reasoning. That statisticahiig

cance is identified by the Spearman correlatiorifiment.

5.3 Results from the Econometric Model on Agroforesy

The dependent variable of the model, which is eggalato estimate the influencing factors
on the smallholders’ decision to apply agroforesisythe natural logarithm (In) dfee den-
sity. A log-transformation of the variabteee densitys indicated since heteroskedasticity can
be detected for the model with a not log-transfardependent variable. As a result of the
log-transformation the dependent variable folloypraximately the normal distribution, in-
stead of being highly right skew as the not logrfarmediree densityis. Moreover, the null
hypothesis of the Breusch-Pagan tesg='KConstant variance” cannot be rejected for the re-
gression model with the log-transformieede densityas dependent variable. However, the log
transformation of the dependent variable leads ghith in the interpretation of the estimated
regression parameters. The changes in the depewalgmble, resulting from a change in an
independent variable by the amount x must not tmteepreted as changes in absolute values

but as changes in percentage.

Since the null hypothesis tH No skewness or kurtosis” is rejected to the 1@§niscance-
level when employing the Skewness-Kurtosis-test the residuals, the assumption
U ~ N(up?) = N(O, ?) is likely to be violated. To counteract this issaleservations which
presumably influence the regression as a whol@ardified by applying the measure Cook’s

D. Predicting the values for Cook’s D and idennfyiobservations, which feature values lar-
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ger than 4/n and are therefore regarded as prolrahlgntial observations, results in 51 out
of 314 observations. Prior to the econometric agalywas carefully considered whether input
errors exist in the data. As a result of this, phesumably influential observations are not
caused by input errors. Since the number of infiaénbservations could not get reduced by
transformations of the independent variables, tifeiential observations are deleted. Al-
though 51 observations are deleted the number sdrghtions included in the regression de-
creases solely from 279 to 263. As a quid pro ¢p@dR? increases from 0.18 to 0.26. The fact
that only 279 observations are included in thdaahitegression model is caused by missing
values for the not included 35 observations. Winenniodel is re-estimated after the influen-
tial observations are deleted, the parameter etgsmaearly double for some variables. Just as
the results of the Skewness-Kurtosis-test this tpdiowards biased parameter estimates re-
sulting from a violation of the assumption~uN(uo?) = N(0, 6?), too. After dropping the
influential observations, the Skewness-Kurtosist Tegs no longer indicate skewness or kur-
tosis for the distribution of the residuals. In Aoyplix A the normal distribution of the residu-
als, resulting from the model depicted in table 8lustrated by two normal probability plots.
In order to detect deviations close to the meanhefresiduals a p-norm plot is utilized,
whereas a quantile plot against the normal disivbus employed to detect deviations at the

margins.

The assumption of linearity is examined by plottihg independent variables against the de-
pendent variable. For the main area of observaftirexplaining variables show a linear rela-
tion with respect to the dependent variable. Thigpsrts the assumption of OLS being an
appropriate model to estimate the influencing fectan the smallholders’ decision to plant
trees. In addition, the regression specificationretest is performed with the result thaty*H
model has no omitted variables” cannot be rejecibée. regression specification error test is
not only useful to test for omitted variables blgoato test for nonlinearity of the character-
ized relation. Thus the fact that the null hypoibesinnot be rejected indicates that the model

is correctly specified because neither variablesoanitted nor a nonlinear relation is present.

For multicollinearity is checked with the Variant#lation Factor. As mentioned before the

VIF takes on the value one if no multicollineargypresent and values above 10 indicate mul-
ticollinearity among the independent variables. &bwariables included in the regression on
In(tree densitythe VIF ranges between 1.04 and 1.49. The avevéigdor all variables in-

cluded in the model amounts to 1.24. Thus muliicedrity can be excluded for that model.
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The results for the econometric model, which deteesithe influencing factors on the loga-
rithm of tree densityare presented in table 8. As a result of the imgmeent in the Skew-

ness-Kurtosis-Test and in the R2 by deleting theeokations which feature a Cook’s D larger
than 4/N only the observations with a Cook’s D lowean 4/N are included in the OLS re-
gression. The R2 of that model amounts to 0.26.BBEA coefficients listed in the last col-

umn of the table are standardized coefficientseasmbed in section 5.1.2. By comparing the
BETA coefficients the impact of non-dichotomousiahles which have different units can be

compared because the BETA coefficients are noredlia the range between -1 and 1.

Independent Variables Parameter Estim&andard Error. t-Value BETA coefficient

family size 0.07 0.02  3.09%** 0.18
gender HH head 0.36 0.17  2.13*

area yield loss -0.07 0.01 -5.40%* -0.32
firewood sufficiency 0.05 0.01  3.68*** 0.21
credit access 0.36 0.13  2.72%**

present value 0.000006 0.00  3.38*** 0.19
Doga 0.09 0.21 042

Kisambwa 0.32 0.19 1.65*

Lukenge 0.30 0.22 1.38

Lusegwa 0.38 0.20 1.91*

Nyange -0.58 0.24 -2.45*

Tonya -0.46 0.23 -2.02**

Intercept 1.81 0.24  7.43***

*Significant at 10%. **Significant at 5%. ***Signi€ant at 1%.

Table 8: Variables influencing the application of groforestry by smallholders of Tandai, dependent va-
able: In(tree density), n(=263)
Source: Own table

The coefficient forfamily sizeis positive and statistical significant on the 1&¢el. The ex-
tent of that regression coefficient amounting t070implies that the predicted meantde
densityincreases by 7% if the family size increases by member while all other variables
remain unaltered. The positive sign for the indeleen variable family size is contradictory
to the hypothesis formulated in section 3.1.1. Timeshypothesis that the smallholders refuse
to grow trees instead of food or cash crops, bectwesy might fear a shortage of consump-
tion when they have a large family, does not hold@andai. This might be due to a still rela-
tively low tree density of averagely 33.15 trees gere indicating that the competition for

cultivable land amongst trees and food crops idhmettstrong (see section 5.2.2). By contrast,
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the positive relation could also result from positexperiences of trees mitigating soil erosion
and thereby reducing yield losses. Accordingly, shmallholders would even employ trees to
ensure the required food consumption of a largerilya because they expect lower yield

losses going along with a higher tree density. igknto account that the PRESA project
created incentives to plant trees the latter exgtlan for the positive parameter estimate with

respect to the family size appears even more likely

The independent variabtgender HH hea@xhibits a positive parameter estimate that igssta
tical significant on the 5%-level. If the househblelad is male the variabignder of house-
hold headtakes on the value 1 and 0 otherwise. Hence,dhenpeter estimate of 0.36 implies
that the predicted mean tke densityincreases by 36%, if the household head is male in
stead of female. This result confirms on one h&edhypothesis constructed in section 3.1 of
men headed households having a higher tree de@xityhe other hand the parameter esti-
mate of 0.36 for the variabgender HH headnatches with the finding of men headed house-
holds featuring a tree density which is 56% higbempared to female headed households
(see section 5.2.3). In section 5.2.3 remainedjtiestion, whether the higher tree density for
households headed by men simply results from difepreferences for men and women or
from a better education of men. Since educatiors dae show a statistical significant pa-
rameter estimate, whereas the variaigeader HH headeatures according to the parameter
estimate quite a bit explanatory power, the imgddhe difference in education of men and

women on the tree density appears limited.

From the BETA coefficients depicted in table 8 bees obvious, that the variablasea yield
lossandfirewood sufficiencyexhibit the largest BETA coefficients in absolutdues. That is
why these two variables have the largest impadhensmallholders’ decision to plant trees
among the non-dichotomous variables. This suppbésnitial hypothesis that the two main
reasons to apply agroforestry are soil conservatiand therewith counteracting yield losses
— as well as the generation of firewood.

The parameter estimate farea yield losss statistically significant to the 1%-level. Thari-
ablearea yield losss employed as a proxy variable for the area oithvemallholders face
problems with soil degradation. This is particufastitable because yield losses result, due to
the partly quite steep plots, very likely from seibsion. Since tree planting was already pro-
moted by the PRESA project carried out prior to phgject Better-iS, the positive effects of
planting trees to alleviate yield losses can beaaly detected in the data. The parameter esti-

mate of -0.07 for the variabkerea yield lossmplies that the predicted meantode density
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increases by 7% if the area on which a smallholdees yield losses declines by one acre.
This relation supports the argumentation that titention to conserve the soil and thereby to
counteract yield losses is a vital determinantliersmallholder’s decision to plant trees.

The positive parameter estimation for the varidiodavood sufficiencys statistical significant

to the 1%-level, too. Positive values includingo® the variable firewood sufficiency indicate
that the household can generate sufficient firewdada result of this the parameter estimate
for firewood sufficiencyf 0.05 implies a rise in the predicted mearreé densityoy 5% if

the firewood sufficiency increases by one headiotontrast to the regression coefficients,
the BETA coefficients are interpreted in terms t@inslard deviations. The BETA coefficient
of 0.21 forfirewood sufficiencyneans that the natural logarithmtode densityncreases by
0.21 standard deviations if the firewood sufficigmecreases by one standard deviation. Re-
gardless of whether the BETA coefficients or theapgeter estimates are examined, the posi-
tive sign for both coefficients indicates that theention to generate firewood is vital to the

smallholders for applying tree planting.

Just as for the variabgender HH headhe variablecredit acces$as parameter estimate of
0.36. That regression coefficient is statisticgngicant on the 1%-level and implies if a
household gains access to credit the predicted wiga@e densityncreases by 36%. In addi-
tion, the large positive regression coefficient ¢oedit accessndicates that a liquidity con-

straint is often present which hinders the smatlard’ of Tandai from tree planting.

For the variablepresent valuethe regression coefficient is very small amountingjust
0.000006. Nevertheless, this coefficient is staassignificant on the 1%-level and according
to the BETA coefficient the impact on a changérée densitys approximately as high as the
impact of the firewood sufficiency or the familyzsi The parameter estimate for the present
value implies that the predicted meantde densityincreases by 0.0006% if the present
value increases by TZS 1. Hence, when the presdué \increases by TZS 1889 (= €1) the
tree densityncreases by 1.13%. Remember that a higher prgakrd implies a lower rate of
time preference by which future benefits arisirapfragroforestry are discounted. Due to this,
the positive sign of the parameter estimate forv@eable present value indicates that the

acceptance of agroforestry is higher if the ratdistount is lower.

The dummy variableBoga, Kisambwa, Lukenge, Lusegarad Tonyaresult from a categori-
cal variable by which the belonging of a household sub-village is captured. As previously

mentioned, if the information of a qualitative \abie with m different manifestations is cap-
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tured by m dummy variables, including all dummyiahles in a regression would lead to
perfect multicollinearity (Gujarati, 2004). Theredo the dummy variable which has the most
observations is not included in the regressionthin present regression this is true for the
dummy variabléTandai The left out variable constitutes the referenaegory with respect

to which a change in the sub-village dummy varisiitem O to 1 has to be interpreted.

Out of six included dummy variables for the subagks the estimated regression coefficients
are statistical significant for four dummy variahldhe regression coefficients for the vari-
ablesLusegwaand Kisambwaare statistical significant on the 10%-level. Tpasitive pa-
rameter estimate of 0.32 fausegwaand 0.38 foKisambwaimplies that the predicted mean
of thetree densityncreases by 32% respectively 38% if a houselslddated in Lusegwa or
in Kisambwa instead of in Tandai. This is particiylaplausible since the sub-villages
Lusegwa and Kisambwa are most far away from thenconity forest as well as the protected
forest. The households, which are situated in tisefevillages, have fewer opportunities to
collect firewood in the forest and are thereforerendependent on tree planting to generate

firewood.

The parameter estimates for the dummy varidlwayaamounts to -0.46 and is statistical
significant on the 5%-level. Hence, the predictegbm oftree densityis by 46% lower if a
household is located in Tonya instead of in Tan@lae large negative impact doree density
arising from the location of a household in Tonyey be explained by the perception of the
interviewers that the households from Tonya andeDgegnerate a relatively low income com-
pared to households from other sub-villages. Thathy these households may merely be
able to afford few quantities of tree seedlingsis® tree density is rather low compared to
Tandai. Since the income is not yet available tadage this perception, the wealth score for
households from Tonya is compared to the wealthesimy the households located in Tandai.
However, a comparison of the meannafalthsubdivided for the seven sub-villages does not
validate the perception of the interviewers. Altgbuhe households from Tandai show on
average a six times higher value feealth than the households from Tonya, the mean of
wealthfor the households from Doga, Lukenge and Nyaags/én lower than for the house-
holds from Tonya. The fact that the households fidoga feature a slightly lower mean for
the variablevealthis not remarkable, because Doga was also percbivéuke interviewers as
rather poor. In contrast, Lukenge and Nyange featairly fertile plots due to the location
close to the forest and due to this the houseHotus these sub-villages are expected to be

wealthy. For that reason, the households from Lgkeand Nyange are also supposed to
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show a higher mean fevealththan households from Tonya. But the averagelydrigiealth

score for the sub-village Tonya could be explaibgdhree households from Tonya, who own
particular valuable assets like motorcycles andtiefit stoves. Nevertheless, the question
whether Tonya and Doga are indeed the sub-villagisthe lowest average income remains

for a future analysis.

The dummy variabl&lyangeshows even a regression coefficient of -0.58. dloee, theree
densitydecreases by 58% if a household is located in dyamstead of being located in Tan-
dai. This coefficient is statistical significant ¢ine 5%-level. Nyange and Lukenge are the
sub-villages which are nearest to the protectegstaaind the community forest. This suggests
in conjunction with the large negative parametdieste forNyange that households from
Nyange cover at least part of their consumptiordader tree products by extracting these
products from the forest.

6 Econometric Analysis on the Rate of Time Preferare

6.1 Methodology

6.1.1 Analyzing Methods and their Principles

The available data allows an estimation of theuigrficing factors on the smallholders’ rate of
time preference solely for a time span of one yeat not for several different time spans.
Consequently, an estimation of the rate of timdgpemce based on a hyperbolical discount-
ing model is impossible. Along the lines of Holdetral. (1998) the approach of Samuelson’s
discounted utility model is chosen to circumvens tissue. With the aid of that model the

factors of influence on the pure rate of time prefiee of the smallholders of Tandai are esti-
mated. According to Holden et al. (1998) the follogvfunctional form is assumed for the

individual’s discount function:

FV

Where the present value (PV) stands for the valperson needs to receive today, to be indif-
ferent of obtaining that monetary value today gneen amount of money at a certain point in

the future. The amount of money which can be obtiin the future is represented by FV.

Solving equation (8) for the rate of time prefer@icyields the following expression for an

individual's pure rate of time preference:
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Employing the survey data and the expression catoyu (9), the pure rate of time preference
of each respondent can be determined. However, mesppndents replied to accept a present
value of TZS 50,000 or less instead of obtainingsTI00,000 in one year. If a respondent
states a present value which is lower than TZSGDdhuation (9) yields an individual dis-
count rate of more than 100%. If a present valu€Z8 5,000 is put into equation (9) and the
future value of TZS 100,000 is maintained, equaf@nyields even an individual discount
rate of 1,900%. Since these figures are hard tspgreferring to the rate of time preference,
the variablepresent valuas selected as a proxy variable fate of time preferencé&he pre-
sent value and the rate of time preference feanr@verse relation. Due to this the signs for
the possibly influencing factors on the rate ofdipreference assumed in section 3.2 are op-
posite to the signs these factors are supposdtbte with respect to the present value.

The factors of influence on the present value amyaed in four steps. First of all, descrip-
tive statistics are provided for the variables thate identified in section 3.2 of possibly in-
fluencing the smallholders’ rate of time preferer8econdly, the degree of association of the
variablepresent valuavith respect to possibly influential continuousdigtributed variables is
measured by correlation coefficients (Gujarati,20&incepresent valueloes not follow the
Gauss distribution the Spearman correlation caefiicis preferred instead of the Pearson
correlation coefficient. Thirdly, equivalence tefts unrelated samples are performed again
on subsamples of the whole sample (Wellek, 20X0préler to do so subsamples are made
out through dummy variables, which are identifiedsection 3.2 to possibly influence the
smallholders’ rate of time preference. These supszsrare examined with respect to statisti-
cal significant differences in the mean of the ahl¢ present value. This analysis is per-
formed employing the Wilcoxon rank-sum test sipoesent valués not normally distributed.
Finally, a regression is conducted to determinef#éotors that influence the extent of the

smallholders’ present value.

An OLS regression is not applicable wjghesent valueas dependent variable, becapse-
sent valuadoes not show linear relations with the variabldsch possibly have an impact on
present valueln addition neither a log-transformation nor sgug present valudeads to
linear relations opresent valuand the independent variables. Due to this a foneddal as-

sumption of the OLS regression is violated. A doluts the application of a generalized lin-
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ear model (GLM). This category of models allows kiog with data, for which the predicted
mean of the dependent variable is a nonlinear fomcbf the regression parameters
(Dunteman and Ho, 2006).

GLMs consist out of two components. The first comgrt is a probability distribution of the
dependent variable belonging to the exponentialilja(@unteman and Ho, 2006). To the
exponential family belong continuous distributicess well as discrete distributions. For in-
stance, the normal distribution and the gammaildigton represent continuous distributions
belonging to the exponential family. In contrasie Poisson, the binomial and the negative
binomial distribution are examples for discretetriisitions out of the exponential family.
The choice of a specific probability distributioor fthe dependent variable grounds on the
assumption that this probability distribution with particularities characterizes the data well
(Dunteman and Ho, 2006).

The second component of a GLM is a link functiomjck transforms the mean of the pre-
dicted variable such that this is usually a linéanction of the regression parameters
(Dunteman and Ho, 2006). For each distributionhef dependent variable belonging to the
exponential family a particular canonical link ftioo 6(l) is defined. By selecting the ca-
nonical link function for a GLM the mentioned linealation of the regression parameters
and the dependent variables is established. Thenazal link function for the normal distri-
bution is e.gb()= U, whereas the canonical link function for ¢fa@nma distribution i8(u)=
(L)~ Nevertheless, deviations from the canonical Ilfokction are possible, if a non-
canonical link function fits the data better (Duntan and Ho, 2006). Of course, a deviation
from the canonical link implies that the relatiohtloe predicted mean of the dependent vari-

able and the parameter estimates is non-linear.

To determine the regression parameters of a GLMnéhod of maximum likelihood estima-
tion is applied. Through maximum likelihood estimatthe parameter values, which are most
likely to generate the sample observations, areraeted conditional on the sample data
(Dunteman and Ho, 2006). The probability distribatiassumed for the dependent variable
determines the likelihood function based on whibh thaximum likelihood estimation is
conducted (Dunteman and Ho, 2006). In principle ltkelihood function is identical to a
probability density function for a given distriboi (Dunteman and Ho, 2006). The only dif-
ference is that the density function regards tharmpaters of a distribution as fixed and the
data as varying, whereas the likelihood functiagards the data as fixed and the distribution

parameters as varying (Dunteman and Ho, 2006). THheuparameters values generating most
55



likely the sample observations can be obtainedarying the parameters until the likelihood
function is maximised. The parameter estimatesltré&sum numerical optimization since the
solutions to the likelihood function are often raotalytically tractable (Dunteman and Ho,
2006). The model estimation is terminated whenvtdae of the likelihood function changes
only very little between successive iterations (stenet al., 2010). Small changes in the value
of the likelihood function indicate that the currespecification of the parameters is close to
the parameter specification that generates maalyltke sample observations.

Probability distributions belonging to the exponaintamily have in common that their vari-
ance is a function of their mean (Crawley, 2010)e Dnly exception is the normal distribu-
tion featuring a constant varianceadf Due to this the relation of the mean and théanae
for the dependent variable has to be nearly idehtacthe relation of the mean and the vari-
ance for the assumed probability distribution. A®sult of this the choice of the probability
distribution for the dependent variable dependswhrether the dependent variable is dis-
cretely or continuously distributed, the shapetsfdistribution as well as on how the mean
and the variance of the dependent variable aredinkor instance the connection of the vari-
ance and the mean of the gamma distribution ispNjag(? (Hardin and Hilbe, 2007). In con-
trast, for the Poisson distribution Var(u)=u istr€hoosing the probability distribution of the
dependent variable affects also the probabilityrithistion of the error term since Var(u) =
Var(y) (Woolridge, 2005).

Whether the correct link function has been chosehthe model is thus properly specified or
not can be examined by performing a link-test. Wiinencommand link-test is conducted two
new variables are generated; the variable of tleeligtions (ha) and the variable of the
squared predictions flatsq. Subsequently, the model is estimated again thightwo newly
generated variables as explaining variables whetebydependent variable remains un-
changed (Hardin and Hilbe, 2007). The regressi@ffictent of the variable hat should be
statistically significant since these are the presdl values resulting from the initial model
(Hardin and Hilbe, 2007). By contrast, the estirdgtarameter of the variabldnatsgshould
not be statistically significant, if the model iercectly specified (Hardin and Hilbe, 2007).
When performing the link-test it is vital to spgcthe same probability distribution and the
same link function as was specified for the modeimich the link-test is performed. Other-

wise the results from the link-test are meaningless

In section 3.2 variables were identified, which niye an impact on the smallholders’ rate

of time preference and therefore also on the ptesduoe stated by the respondents. Each of
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these variables is included in a GLM present valuavithout any other explanatory variable.

These regressions are performed to receive inditatbn which variables may contain ex-
planatory power for the smallholders’ present valnd which not. Furthermore, a regression
model is run in which all variables showing explamg power forpresent valuare included.

In a stepwise procedure variables are sequentallted from the GLM on the present value.
During this procedure the Akaike information crider (AIC) and the Schwarz’ Bayesian in-

formation criterion (BIC) are considered for compgtmodels. Both measures, AIC and BIC,
are employed for model selection and aim at selgdhie model with the maximum informa-

tion (Bhatti et al., 2006). Moreover, the AIC antCBare useful fit statistics to compare the fit
of competing models (Hardin and Hilbe, 2007).TheCAlespectively BIC are defined as

(Bhatti et al., 2006 , Kaplan, 2004):

AIC = -2In(L(8)) + 2k. (10)
BIC = -2In(L(8))+ kIn(N). (11)

WhereL () is the maximum of the likelihood function of thegression modek is the num-
ber of parameters included in the model &hid the sample size (Bhatti et al., 2006). Since
the likelihood function is part of the AIC and tB& both measures are only applicable if the

method of maximum likelihood estimation is applied.

Considering the AIC or BIC solely for one model da®t comprise much information. The
information arises by comparing the AIC and BICueasl among different competing models.
No matter whether AIC or BIC is employed, a modsdtéiring a smaller value for these in-
formation criteria is preferable to a model thabwk a higher AIC or BIC value (Kaplan,
2004). Both measures impose a penalty for modelptmxity because a term, which com-
prises the number of included parameters, is addlih both measures (Bhatti et al., 2006).
Nevertheless, the BIC puts a higher emphasis airpany due to multiplying the number of
included parameters by the natural logarithm ofgstaeple size (Bhatti et al., 2006). Starting
with the figuree = 2.718... the natural logarithm of a figure takegatue larger than one.
Thus the penalty for adding additional parametgtarger for the BIC compared to the AIC if
the sample sizex3. With an increasing sample size the penalty dolireg additional parame-
ters becomes even larger if the BIC is utilized.

Raftery (1995) suggests rules for the model seleceémploying the difference in the BIC

between two competing models (B#BIC,). Weak evidence for preferring model two is pro-
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vided if the BIC for model two is by 0-2 lower thdor model 1 or the BIC difference
amounts to 0-2 (Raftery, 1995). A BIC difference206 provides positive evidence for fa-
vouring model two, whereas BIC differences of 6rkidicate strong evidence for the prefer-
ence of model two to model one (Raftery, 1995)alynBIC differences larger than 10 indi-

cate a very strong evidence for favouring model {Raftery, 1995).

On one hand the tendency to over-fit the dataesemt when the AIC is employed for model
selection (Bhatti et al., 2006). This is causedHgylower penalty for adding parameters to the
model if the AIC is employed instead of the BIC. @ other hand the BIC makes strong
assumptions about the prior distribution of theapaeters, which may be problematic in some
situations (Bhatti et al., 2006). As a result athoth measures are used to select the final
regression model. The model, which shows lowereslor the AIC and the BIC than other-
models, good results for the link-test and manyisiieal significant parameter estimates is

selected as the final model.

6.1.2 Regression Diagnostic for Generalized Linedviodels

The selected GLM has to be examined on whetheashemptions for GLMs are fulfilled or
not. The issues examined by a regression diagntmtia GLM are similar to the issues
checked for when conducting a regression diagnéstian OLS regression. Again the distur-
bances are of particular interest, because thardetces should not contain much explana-
tory power if the model is well specified (Dobs@®02). More precisely the presence of the

following assumptions are examined (Dobson, 2002):

I.  The expected value of the disturbance equals Q)&bju
ii.  The disturbances have the same variance 349).
iii.  The disturbances follow the normal distribution~<WN(pL 5?)).
iv.  The independent variables and the disturbances adodepend upon each other
(E(xiu)=0).
v. The disturbances associated with different obsematare independent from each
other (E(wy;)=0).

The assumption about the disturbances not beiragawrelated is again in the first place vital
when dealing with time series data. Since the allgl data is cross-sectional the regression

diagnostic of the GLM is focused on assumptiorsivt
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As mentioned above the assumed distribution ofdq@endent variable and its implications
for the connection of the mean and the variancevalid for the disturbances, too. Since the
disturbances are unobservable, the residuals -n astamator for the unobservable distur-
bances — have to be employed to examine whethemas®ns i-iv are fulfilled (Dobson,
2002). However, using standardised residuals i®ssary because with error distributions
like the binomial, Poisson or gamma distributiohe tvariance changes with the mean
(Crawley, 2010). The standardised residuals arepated as follows (Crawley, 2010):

=it H (12)

TV

Wherey, are the observed values of the dependent vargadul@; are the fitted values result-
ing from the GLM (Crawley, 2010). As a result ofsththe difference of; and;is equal to
the non-standardized residual4.4;) is the function that describes the relation amtirey
variance and the mean for the residuals, whichlteefiom the assumed probability distribu-
tion (Crawley, 2010).

With respect to the regression diagnostic of a geized linear model not as many tests are
available as for the regression diagnostic of arb@é&gression. Hence, graphical methods
have to be employed in the first place to validakether the distributional assumptions are
fulfilled or not.

Examining the variance and the mean of the stamttdesiduals gives first evidence con-
cerning the fulfilment of the assumptions about ghebability distribution and the link func-
tion. Since the specific connection of the variaaod the mean resulting from a supposed
distribution is considered by using the standadlizesiduals, they are comparable to the
normal distribution to assess the adequacy of isteilslitional assumptions (Dobson, 2002).
That is why the mean of the standardized residgatsipposed to be equal to 0 and the stan-
dard deviation should amount to 1. In additionslésan 5% of the standardized residuals
should be outside the range of +1.96 and not moae 1% of the standardized residuals
should be outside the range of £2.58 (Dobson, 200¥&se values coincide with the proper-
ties of the Gauss distribution, which features 3&%s density within the range of £1.96 and
99% of its density within the range of +2.58. Foe tassumption of the residuals being nor-
mally distributed can be checked through normabgbility plots. In a normal probability
plot the true standardized residuals are plottedugetheir expected values if they were nor-

mally distributed (Dobson, 2002). The expected @ahii the standardized residuals is de-
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picted in a normal probability plot through a gsgt#iline featuring an angle of 45° (Dobson,
2002). Systematic deviations from that angle baeot outlying observations indicate that
the standardized residuals are not normally disteith. Again deviations close to the mean of
the residuals are detected by a p-norm plot, wiseseguantile plot against the normal distri-

bution is employed to detect deviations close &orttargins.

Since the standardised residuals are supposedtibitethe characteristics of the normal dis-
tribution no large variations in the variance slloekist. Changes in the variance can be de-
tected by plotting the residuals versus the fittathes (Dobson, 2002). An increase in the
spread of the residuals somewhere in the residerausg fitted plot indicates a departure from

the assumption of homoskedasticity (Dobson, 2002).

Moreover, the standardized residuals are plotteainagy each of the explanatory variables
included in the model (Dobson, 2002). If the modieés not describe the examined relation
well there will be a systematic pattern in the plehich would suggest that additional or al-
ternative variables exist which are not yet inctidethe model (Dobson, 2002).

In addition, to the already introduced analysinghuds for GLMs the absence of multicol-
linearity is examined through the VIF — an OLS pestimation test. Thus subsequently to
estimating the GLM the same model is re-estimatagleying an OLS regression and the
VIF is determined for the independent variablesclieck for multicollinearity in this way is
viable since the VIF examines only linear depengienamong the independent. Finally, the
measure of Cook’s D is applied to detect infludrtiaservations, which may have an impact
on the regression parameters. If the parametemat&s change largely after dropping the
observations featuring a high Cook’s D the pararsetere probably biased prior to the dele-
tion of outliers. Again either the independent ables can be transformed if the identified
influential observations result from extreme valf@msany independent variable or the influ-
ential observations may be dropped (Kohler and terel2008). Remember from section
5.1.2 that the results obtained by re-estimatirgntiodel after the influential observations are
deleted, are similar to using a robust method (Lerd Rousseeuw, 2003). This is due to the

fact that many robust methods give no influenceuthiers (Leroy and Rousseeuw, 2003).

6.2 Household Survey Results with respect to Timegference

6.2.1 Vital Household Characteristics for the Rat®f Time Preference
For the analysis on the present value three osithes dropped. These outliers had a remark-

able combination of the lowest present value tbatdbe stated by the respondents, although
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they have at the same time an exceptional hightlweabre. This is noticeable since being
wealthy is expected to go along with a higher presalue and accordingly a lower rate of
time preference. Moreover, the deleted observategre already identified as outliers with
respect to the variablgealth because their manifestations of the wealth scardaager than
the mean plus three times the standard deviatierfabto, these outliers have a highly distort-
ing impact because the correlation coefficient Hoe variablespresent valueand wealth
would show a negative sign if these outliers wese deleted. By contrast, that correlation
coefficient shows a positive sign and is statistgignificant on the 5%-level after dropping
the outliers. Therefore the descriptive statistarsvariables which may have an impact on
present valualo not include the deleted observations. An oesvwof these variables is de-
picted in table 9. The unit of the examined vaealk written in squared brackets behind the

name of each variable.

Variable Mean Std. Dev. Min Max Obs
gender HH head%; O=female, 1=male] 0.82 0.38 0.00 1.00 308
age HH headyears] 46.02 16.04 18.00  92.00 309
education HH headlyears] 4.17 3.38 0.00 14.00 306
credit acces$%; 0=no, 1=yes] 0.37 0.48 0.00 1.00 309
wealth[-] 11.66 36.32 0.00 481.12 311
child parent ratio[children-no./adult-no.] 1.00 0.70 0.09 5.00 276
time since shockyears] 1.02 0.69 0.00 5.00 150

Table 9: Relevant household characteristics for thextent of the rate of tme preference of the smaltilders
of Tandai*
Source: Own table

! The number of observations does not amount fdn gadable to the sample size of n=311 due to migsal-
ues.

The variablechild parent ratioputs the number of children and the number oftadiving in
one household in relation. The fact that the mdaheovariablechild parent ratioamounts to
one implies that the number of children and the Imemof adults living averagely in a house-
hold are equal. The minimum and maximum for theaide child parent ratioreveal that
there is a wide range from 0.09 children livingpime household per adult to 5 children, which

live per adult in a household.

Moreover, table 9 comprises information on whenoasehold exhibited an idiosyncratic

shock for the last time. The varialilene since shockomprises solely 150 observations, be-
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cause it features only manifestations for househelttich ever exhibited a shock. Thus
nearly half of all sample households exhibited ackhand the average time span since the
occurrence of the last shock amounts approximabetyne year.

Finally, information on the age, gender and thecatlan of the household head as well as on
the households’ wealth and credit access is depintéable 9. Nevertheless, due to dropping
three outliers the descriptive statistics diffegisily from the ones provided in section 5.2.1.
The deviations are fairly small for the variabgsnder HH head, age HH head, education
HH headandcredit accessSince the dropped observations are outliers vasipect to the
variablewealththe mean fomwealth decreases from 18.88 to 11.66, which is equal de-a
crease by 38%. However, the change in the meaveafthis justifiable with respect to the

distortional influence on the correlation coeffitidor the variablepresent valu@andwealth

6.2.2 Correlations regarding the Present Value

An overview of the statistical significant corretat coefficients for the variablgresent value
with respect to other continuous variables is givethe following table. Sincpresent value
does not follow the normal distribution the anadysn statistical significant correlation coef-

ficients is conducted by applying the Spearmanetation coefficient.

Variable tree density tree number wealth child parent ratio
present value 0.10** 0.10** 0.13** 0.08**

*Significant at 10%. **Significant at 5%. ***Signitant at 1%.

Table 10: Statistical significant correlation coeficients for the variable present value
Source:  Own table

As already brought up in section 5.2.5 the cori@atoefficient of the variablpresent value
with respect to both variabléee numbeandtree densityamounts to 0.10 and is statistically
significant on the 5%-level. Due to this, a higpeesent value and therefore a lower rate of
time preference are accompanied by more treedahde well as by more trees per acre. This
supports the significance of the rate of time peaiee for the smallholders’ decision to make
long-term investments, which was already revealethb regression on lnée density.

Among all statistical significant correlation caefénts the one with respect to the variable
wealth shows the largest magnitude. The positive signcatds that the argumentation of
wealthy people stating higher present values and Having lower rates of time preference

holds in Tandai, too. This result is statisticgisiicant on the 5%-level.
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Finally, the correlation coefficient fggresent valueandchild parent ratiois also statistical

significant on the 5%-level. The varialtaild parent ratiobecomes larger when more chil-
dren live in a household while the number of adtdt®mains constantly. Hence, the positive
relation of the variablepresent valueand child parent ratioindicates that the rate of time
preference is lower when smallholders’ have monédidn. This maintains the reasoning

from section 3.2.1 that having children makes #spondents more sensitive for the future.

As mentioned before the Wilcoxon rank-sum tesmpleyed to detect significant differences
in the mean opresent valuamong two groups, becaugeesent valuas not normally dis-
tributed. Employing the Wilcoxon rank-sum test détea statistical significant difference in
the mean opresent valuesolely for households which have access to extansbmpared to
those which state not to have extension accessagely households which have access to
extension (n=163) prefer to receive a value of BORX76 today instead of TZS 100,000 in
one year. In contrast, households with no externasomess (n=56) prefer on average obtaining
an amount of TZS 28,214 today instead of TZS 10D,00one year. The remaining 88
households did not respond to the question whetlegr have access to extension. The mean
for present valudor these households amounts to TZS 28,806. ®ssltr is statistical sig-
nificant on the 1%-level. It underpins that respamd who state a higher present value may
be more interested in receiving information frora #xtension service on how to improve the
cultivation of their arable area. This is reasoaatihce a higher present value implies a lower

rate of time preference and therefore reflects morareness about the future.

6.3 Results of the Econometric Model on the PreseNalue

For the present value is asked by means of a stepwipothetical question. Beginning with a
present value of TZS 90.000 the respondent is edfén obtain the next lower present value
until the respondent denies accepting the nextigsesent value. The lowest accepted pre-
sent value is noted as the present value, whigsgondent would be willing to accept today
instead of TZS 100,000 in one year. This kind aésjioning leads to manifestations for the
variablepresent valuenly for certain monetary values. Precisely, thtegories for the pre-
sent value are TZS 5,000, TZS 10,000, TZS 20,0&% 80,000, ... , TZS 100,000. The
presence opresent valuen positive integer values may at first lead te tssumption that
present valuecould be a count variable. Though, when considetive definition of count
data as the number of events during a certain gp@iidime, the assumption pfesent value

being a count variable turns out to be wrong (Cameand Trivedi, 1998).
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The fact that the observed manifestationpresent valuare discrete does not imply that the
values for the variablpresent valu@stimated by the GLM may only assume discretegoate
ries. By contrast, due fresent valudeing expressed in monetary terms, the true ldigtan

of present valués continuous instead of discrete. The discretegmaies fopresent valuare
rather owed to ensure data quality. Asking fordbheepted present value until the respondent
rejects the next lower present value is assuméalititate the respondents thought processes
and to encourage them to consider their resporassesutly (Bolt et al., 2005). Consequently,
all discrete probability distributions belongingttee exponential family are inappropriate for

the model on the dependent varigptesent value

As already mentioned assuming the probability iistron for dependent variable requires
considering how the variance and the mean of tpert#ent variable are related. For the vari-
able present value the relation Var(u)= p2 is weddlfiled with pu=35,082.24 and
0=35,119.92. Since the mean and the variance ofjdlh@ma distribution feature the relation
Var(n)= p2 the gamma distribution is assumed fa@ dependent variable and the distur-
bances. The canonical link for the gamma distrdyuis the inverse. Remember that the ca-
nonical link transforms the mean of the predictadable such that a linear relation with re-
spect to the regression parameters exists. Howeestations from the canonical link are

according to Duntemann and Ho (2006) possibledtlzer link function fits the data better.

The quality of model specification of a respecttveM is examined through the link-test. If
the gamma distribution is assumed as probabilgyribution and the inverse as link function,
none of the variables generated by the link-testvsha statistical significant parameter esti-
mates when the link-test is carried out. As memtbpreviously the variabledhatand_hatsq
are generated when the link-test is performed. VEtm@ble hat contains the predicted values
from the previously estimated GLM, whereas thealdd hatsqcomprises the square of the
predicted values. By performing the link-test thesgiables are employed as independent
variable in a GLM on the dependent variaptesent valugHardin and Hilbe, 2007). If the
variable _hat reveals no statistical significant parameter estisnthe previously estimated
GLM does not comprise much explanatory power ferdbpendent variable. By selecting the
link function identity instead of the canonicalKiand maintaining the gamma distribution,
the link-test reveals a statistical significantgraeter estimate for the variableat In con-
trast, the parameter estimate for the varialllatsqremains statistical insignificant. Since
choosing the canonical link results in a worse rhegecification than the link function iden-

tity, the latter is selected for the GLM on fe@sent value
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The results of the GLM opresent valuere presented in table 11. The variables included
that GLM lead to lower values for the AIC and Bl@mpared to competing models. In addi-
tion, a good model specification measured by thie-test. As mentioned in section 6.1.1 the
model is selected by dropping sequentially varisiniethe order that the biggest improvement
in the AIC and the BIC is achieved but the linkttssll indicates a proper model specifica-
tion. For instance, the BIC value could be improbgdiropping the sub-village dummy vari-
ables, but this causes according to the link-testaang decrease in the quality of model speci-
fication. Furthermore, there would be no improvetriarthe AIC. For dropping any other of
the variables from the model on the present vdlearade-off would be the same. Therefore

the model including the variables depicted in tdldles maintained.

By applying the measure of Cook’s D after estinganGLM including the same variables as
presented in table 11, 59 presumably influentiaepbations are detected within the sample.
Nevertheless, dropping these observations redbeesumber of observations included in the
regression only from n=265 to n=252. This is du¢hwfact that observations, which feature
missing values for in the regression included \deis, do not enter the regression model. As
a quid pro quo the properties of the parametemaséis and of the residuals following the
normal distribution as well as the model specifaaimprove. On one side for two variables
a 1.5 times increase respectively a 2.5 times asarén the parameter estimates appears after
dropping the observations with a Cook’s D largemntd/N. On the other side without deleting
the influential observations 20% of the residuaéslarger than 1.96 and 19% of the residuals
are larger than 2.58. Both facts indicate thatags®umption of the normal distribution for the
standardized residuals is violated if the obseovatifeaturing a high Cook’s D are included in
the regression. After dropping these observati®so8 the standardized residuals are larger
than 1.96 and 1% of the standardized residualleger than 2.58. That is why the regression
model comprising solely n=252 observations is settas the final model. This model is de-
picted in table 11.
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Independent Variables Parameter Estimate. Standard Error. z-Value
age HH head -265.74 102.79 -2.59%*
gender HH head 6430.41 2850.66 2.26**
wealth 173.21 132.29 131
child parent ratio 8743.60 3132.46 2.79%**
Doga -12468.99 6009.76 -2.07**
Kisambwa -21582.55 4674.49 -4.62%**
Lukenge -6704.37 6958.84 -0.96
Lusegwa -1237.75 7071.80 -0.18
Nyange 5580.61 9607.89 0.58
Tonya -16605.47 5466.18 -3.04%**
Intercept 35639.18 7446.51 4. 79*+*

*Significant at 10%. **Significant at 5%. ***Signitant at 1%.

Table 11: Variables influencing the rate of time peference of the smallholders of Tandai, dependentui-
able: present value, (n=252)
Source:  Own table

The VIF for the model presented in table 11 is #&neand amounts averagely to 1.19. As
can be seen in a normal probability plot, whicdepicted in Appendix B, some deviations of
the standardized residuals from the normal distidbustill exist. In addition, a residual ver-
sus fitted plot indicates that the variances of stendardized residuals are not completely
homoskedastic. Nevertheless, the outcome of tlketdist indicates an excellent model speci-
fication for the GLM presented in table 11. The gmaeter estimate for the variabléat
amounts to 0.00 respectively the parameter estifoatide variable hatsgamounts to 0.94.
Due to this, the results can still be regardedaa$yfgood. This is all the more true given that
many respondents reflected for the first time wipcbsent value they would require to be as

well-off as with obtaining TZS 100,000 in one year.

The negative parameter estimate for the variagke HH heads statistical significant on the
1%-level. The regression coefficient of -265.74 liew that the predicted mean pfesent
valuedecreases by TZS 265.74, if the household headsgooe year older. This result coin-
cides with the hypothesis constructed in secti@l3that a lower present value and accord-
ingly a higher rate of time preference goes aloity isecoming older. Ervin and Ervin (1982)
explained this circumstance by a shortening ofgla@ning horizon when a person grows
older.
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With respect to the impact of gender differencesherate of time preference no assumptions
were made in the conceptual framework. However inbkision of the variablgender HH
headresulted in a BIC being by 14 lower than the ismua of the variableducation HH
head Since a BIC difference larger than 10 providesrsg evidence for preferring one model
to a competing model, the varialgender HHheadis included in the GLM opresent value

In addition, the parameter estimate for the dummyablegender HH headbeing statistical
significant to the 5%-level, supports the inclusadrthis variable. The dummy variable takes
the value 1 if the household head is male and 8raie. Hence, the parameter estimate for
the variablegender HH headndicates that the predicted meanpoésent valuencreases by
TZS 6,430.41 if the household head is a man. Tlaig be caused by the averagely better so-
cial situation of male household heads. Men attitol on average one year longer than
women and male headed households have on averagentiore acres on hand to cultivate.
Finally, if the outlying observations for the vadsiawealthare excluded, as temporarily done
in section 5.2.3, male headed households are algragalthier. Since each of these features
bears already the potential to increase a pergoesent value, it is not remarkable tpat-

sent valuencreases by such a large amount if the housétesd is a man.

Although the parameter estimate for the variatalthis statistical insignificant the variable
wealth is maintained in the model @resent valueThis decision rests upon the statistical
significant correlation coefficient for the variallpresent valuendwealth which indicates
that the variablevealth contains explanatory power for the variaptesent valueThe posi-
tive parameter estimate for the variablealth coincides with the positive correlation coeffi-
cient forpresent valu@ndwealthas well as with the expectations formulated indbecep-
tual framework. Overall, the results underpin tesuaned relation of the variablegalthand
present valuelf the well-being in the present is ensured, sheallholders’ present value is
probably higher and accordingly their rate of tipreference is lower. This implies they are
less willing to abdicate consumption merely to aone now instead of in the future. Conse-
guently, smallholders who are wealthy and thusestatigher present value, put a higher em-
phasis on benefits accruing in the future thanvesalthy smallholders who state a lower pre-
sent value. However, because rather a sufficiaanme than assets ensure essential consump-
tion today the smallholders’ income may deliver enerplanatory power with respectpre-
sent valuethan wealth Since the information on the income is not avdda examining
whether the income features a statistical sigmfigearameter estimate in a modelpresent

valueremains for a future analysis.
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The variablechild parent ratiois an indicator for the importance of generatiorithw a
household. If the variablehild parent ratiotakes on the value 1 as many children as adults
live in a household. By contrast, a manifestatemgér than 1 means that more children com-
pared to adults live in a household. The paranmetgmate of 8743.60 farhild parent ratio
implies that the predicted meanmsent valuéncreases by TZS 8,743.60 if tbleild parent
ratio increases by one. This result is statistical sigaift on the 1%-level. For instance, the
child parent ratio increases by one if the numib@hddren rises by one, whereas the number
of adults remains constantly. This implies that lémoéders having a family with relatively
many children take benefits accruing in the futomere into account than smallholders with

relatively fewer children.

This relation can be caused by two completely weffié reasons. On one side the adults of a
household which comprises many children could eparatively young and a lower present
value would be due to the lower age. On the otlier smallholders who have more children
might give more thoughts about the future, becalisg want their children to have a basis of
life, too. The first circumstance might be the ¢dscause children are defined as household
members with an age of 14 or younger. If the childare younger than 14 the parents are
probably not older than 50 and thus comparativelyng. If this relation would be valid the
variablechild parent ratiowould depend on the manifestations of the variagkee HH head

To test whether thehild parent ratiois independent of thage of the HH heathe model
presented in table 11 is also run including anrauigon term for these variables (Gujarati,
2004). The interaction term showed neither prenots dropping the observations with a
high Cook’s D nor subsequently to the deletionaisical significant parameter estimate.
This result supports the second argumentation. Assalt of this, smallholders who have
more children may state a higher present valueusecthey want to preserve a basis of life
for their children.

Out of the six included sub-village dummy variaklesga, TonyaandKisambwashow a sta-
tistical significant parameter estimate. The regjes coefficients foilTonya and Kisambwa
are statistical significant on the 1%-level, wheréd@ one foDogais significant on the 5%-
level. All three coefficients have in common tormgative. The parameter estimate Kas-
ambwaimplies that if a household is located in Kisambnstead of in Tandai the predicted
mean ofpresent valu@lecreases by TZS 21,582.55. This effect with retsjpethe sub-village
dummy variableKisambwacan be explained by the fact that a relatively [@aot size is ob-

served for households from Kisambwa. De facto,ab&lable arable area is for households
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from Kisambwa and Lusegwa with averagely 4.8 atheslowest among all sub-villages.
This raises the question why only the variaisambwaand not also the variablaisegwa
has such a strong negative impact on the predioiah ofpresent valu@ A reason can be
that for households belonging to Kisambwa the affif employment is rather low in addition
to the small plot size. Solely 68% of the housetadfl Kisambwa show off-farm employ-
ment, whereas in the reference sub-village Tand® @f the households show off-farm em-
ployment. Furthermore, even 82% of the househalols fLusegwa state to have off-farm
employment. Due to this, the respondents of theséloolds from Kisambwa might fear a
shortfall of income and consumption, because thather have much off-farm employment
nor large cultivable areas to carry out agricultut@ensequently, the respondents of house-
holds from Kisambwa may state a low present vallueeshey fear a consumption shortfall.

The negative parameter estimate with respe€idga andTonyamay again be explained by
perception of the interviewers that the househ@iols) these sub-villages are the ones with
the lowest income. This seems plausible, becauseptbsent value is assumed to be the
lower, the lower the income and therewith the camsiion opportunities are. However, as
mentioned examining the variableealth subdivided for the sub-villages does not underpin
the perception of Doga and Tonya being the poarenilages. In fact, the households from
Lukenge and Nyange feature a lower meanwealththan the households from Tonya and
Doga. This is remarkable because Lukenge and Nyé&ware fairly fertile plots and the
households from these sub-villages are thus presumde rather wealthy. As mentioned
before the income was not yet available. That ig Wwhemains for a future analysis to exam-
ine, whether the negative impact of the sub-villdgenmy variable®oga and Tonyamay

result from a comparatively low income for houselsdbelonging to these sub-villages.

7 Conclusion

The influencing factors on the decision of the dhaddlers of Tandai whether to apply agro-
forestry were determined out of a large numberasfsibly influencing factors. These factors
were derived either by theoretical consideratianyodrawing on the results of previous em-
pirical studies. Since every site has its own paldrities not all possibly influencing factors
showed an impact on the application of agroforestthe end. An empirical analysis resulted
in the intention to alleviate yield losses and ititention to generate firewood being the most
vital factors for using agroforestry in Tandai.dddition, the availability of credit enhances
the application of agroforestry remarkably, whioldicates that a lack of liquidity to buy tree
seedlings may often restrain the smallholders fepplying agroforesty. Moreover a rising
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family size is likely to induce to grow more tregg)ich points in the direction that the small-
holders of Tandai utilize tree planting purposetuimitigate yield losses and thus ensure the
needed food consumption by subsistence agriculBesides, men utilize agroforestry more
intensively than women as well as differing ecoroand environmental conditions among
the sub-villages influence the intensity of the asagroforestry, too. Finally the utilization of
agroforestry is more intense if the present vataged by the respondents is higher and, thus
their rate of time preference is lower. This imglinat smallholders, who put compared to
other smallholders a lower emphasis on consumptiday instead of in the future plant more
trees. As a result, the hypothesis that the sniding rate of time preference is vital for

long-term investments like tree planting is confn

Beyond, the GLM on the present value yielded tHeong results: 1) if a person grows
older the present value is likely to become lovi@rwealthy smallholders may state a higher
present value; 3) the present value is higherafitbusehold head is male and 4) respondents
probably state a higher present value if the hanisshcomprises more children. Furthermore,
particular conditions of the sub-villages, like desff-farm employment compared to other
sub-villages, have an impact on the present vabwe With respect to the rate of time prefer-
ence the opposite relation is true, because theepteralue and the rate of time preference are

related inversely.

The socio-demographic factors of influence on tee af agroforestry and the rate of time
preferences cannot be affected. That is why thesfdor inducing tree planting has to be put
on economic factors like the wealth of a houselamld the household’s credit access. Making
credit more available to the smallholders couldalstrategy to encourage tree planting. As a
result of this the smallholders could afford to buge seedlings in spite of liquidity con-
straints. Furthermore the availability of creditweb help smallholders to smooth their con-
sumption over time so they exhibit less likely pes of consumption shortfall. This would in
turn increase the present value and accordingleidiae rate of time preference. The latter is

again vital for long-term investments like treerlag.

Nevertheless, future analysis is needed sinceatathe smallholders’ income was not avail-
able for the econometric analysis. But in particike income may have an impact on tree
planting, because the smallholders can purchaseseedlings only if they have sufficient
income. Apart from that a sufficient income enswessumption in the present which in turn
leads to a higher present value and accordingbmen rate of time preference. Thus the in-

come would be also vital for the analysis of the k& time preference.
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Appendix

Appendix A: Distribution of the Residuals resulting from the OLS Regression on

In(tree density)

Normal Probability Plot OLS (pnorm, outliers excluded)

Normal F[(res2-m)/s]
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Figure A.1: Normal Probability Plot (p-norm) forethesiduals resulting from the OLS regres-

sion on Infree density (except observations with a large Cook’s D)

Normal Probability Plot OLS (gnorm, outliers excluded)

Residuals
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T T T

Inverse Normal

Figure A.2: Quantile plot against the normal dizition for the residuals resulting from the

OLS regression on Itree density (except observations with a large Cook’s D)
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Appendix B: Distribution of the Residuals resultingfrom the GLM on pre-

sent value
Residual versus Fitted Plot (outliers excluded)
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Figure B.1: Residual versus Fitted Plot for the GbNipresent valugexcept observations

with a large Cook’s D)

Normal Probability Plot (pnorm, outliers excluded)

Normal F[(sres2-m)/s]
0.50 0.75 1.00
| | |

0.25

0.00

I I I I I
0.00 0.25 0.50 0.75 1.00
Empirical P[i] = i/(N+1)

Figure B.2: Normal Probability Plot (p-norm) forethiesiduals resulting from the GLM on

present valuéexcept observations with a large Cook’s D)
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Normal Probability Plot (gnorm, outliers excluded)
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Figure B.3: Quantile plot against the normal disition for the residuals resulting from the

GLM on present valudexcept observations with a large Cook’s D)
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