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Abstract
 

The relationship among risk, returns, and welfare 

has important implications for the reproduction of 

inequality and persistent poverty and therefore is 

critical to understand   for effective anti-poverty 

policy making. We use unsupervised learning 

methods to identify the productive asset portfolios 

available in the Tanzanian economy 2008-2013 and 

then use Antle’s (1983) moments approach to 

estimate the first three moments of the consumption-

based distribution of returns to those asset portfolios. 

Finally, we nonparametrically estimate the 

relationship among initial wealth, expected returns, 

and the risk premium of each of the identified asset 

portfolios. Our analysis identifies three distinct asset 

portfolios within the data–one based on business and 

human capital assets and    two based on agricultural 

assets. We find evidence of a relationship between 

initial asset holdings, expected returns, and risk 

across, but not within, portfolios. 
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1. Introduction 

A positive correlation between the riskiness and returns of households’ asset portfolios and their 

initial asset endowments is often taken for granted in development economics, especially in 

settings where financial market failures are likely (Barrett et al.  2016).  The relationship among 

risk, returns, and welfare has important implications for the reproduction of inequality and 

persistent poverty and therefore is critical to understand for effective anti-poverty policy making. 

If a household with a low initial asset endowment is constrained to low return economic activities 

(or, similarily, if higher return activities come with greater risk and household risk preferences 

induce the household to chose the low risk, low return activities), then not only will that household 

remain poor, but the gap between those with a low endowment and those with a high endowment 

will only grow overtime, meaning growing inequality. 

The relationship among risk,  returns,  and welfare is particularly salient in the case   

of the Sub-Saharan African household for which multiple household specific market 

failures,  including insufficient access to credit and insurance markets,  can compound 

and  for which proximity to asset-based poverty thresholds (e.g. sufficient land holdings 

to make investments in inputs and mechanization economically viable, sufficient herd 

size  to sustain transhumance) might produce risk seeking or risk avoiding behaviors as 

house- holds either seek to move above or remain above an asset threshold (Barrett et al. 

2016, Barrett et al. 2006). Moreover, the relationship has important implications for 

popular interventions such as index insurance, microfinance, and social safety nets – 

interventions designed to correct the sort of market failures that can induce households to 

choose low-risk low-return activities despite the existence of more lucrative options. 

While there is a lot of theoretical support for the existence of a positive correlation 

among risk, returns, and welfare (Eswaran & Kotwal 1990, Deaton 1991, Zimmerman & 

Carter 2003), empirical evidence is thin. Most available empirical evidence considers 

agricultural (Di Falco & Chavas 2006, 2009) or livestock portfolios only, or a 

combination of the two (e.g. Rosensweig & Binswanger 1993, Dercon 1996) and cannot 

account for efforts to mitigate agricultural risk via off-farm diversification. In addition, 

most theoretical and empirical treatments of the relationship among initial welfare, risk, 

and returns stop at the mean-variance approach to portfolio choice (Meyer 1987, 
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Markowitz 1952, Just & Pope 1979) and therefore either fail to account for, or assume 

away, the possible influence of downside risk (skewness), implicitly placing strong 

assumptions on risk preferences (Chavas 2004). 

Do initial2 asset holdings determine the riskiness (both upside and downside risk) 

and expected returns of a household’s asset portfolio? We investigate this question in the 

increasingly economically diversified setting of Tanzania using unsupervised learning 

methods to identify the set of productive asset portfolios available in the Tanzanian 

economy and Antle’s (1983) moments approach to estimate the first three conditional 

moments (mean, variance, and skewness) of the returns to those asset portfolios. We then 

non-parametrically estimate the relationship among the conditional moments as well as 

the relationship between the value of initial asset holdings and the estimated moments for 

each portfolio. 

In addition, assuming constant relative risk aversion (CRRA), we estimate the risk 

premium associated with each portfolio. The risk premium is defined as the amount of 

money one would be willing to pay to insure against risk or, similarly, the amount one 

would be willing to pay to hold the source of random variation at its mean (DiFalco & 

Chavas 2009). 

In subsequent sections we situate our research question in the theoretical and 

empirical literature on the relationship among risk, returns, and welfare, develop a 

theoretical model and derive the risk premium, and explain the methods, data, and results. 

2. Background 

Current thinking about the relationship among risk, returns, and welfare in settings of 

multiple financial market failures – in particular the idea that, absent  credit  and  insur- 

ance markets, initial endowments may determine households’ access to high risk, high  

return assets–draws on a long theoretical and empirical literature.  Eswaran & Kotwal 

(1990) provide a theoretical model demonstrating that, even where risk preferences are 

identical, differences in risk behavior can emerge from differences in access to credit.  

                                                           
2 Here we mean “initial” in the sense of initial conditions in a first order Markov process 



4 
 

Deaton (1991) shows that in the face of income risk and borrowing constraints, assets 

serve as a buffer stock and are used to smooth consumption. 

 Building on Deaton’s (1991) theoretical work, Dercon (1996) shows empirically 

that rural Tanzanian households that have built up a large buffer stock of liquid assets, 

such as livestock, are more likely to undertake high risk activities. Rosenzweig & 

Binswanger (1993) find that farming households in regions of India with greater rainfall 

variation choose asset portfolios that are less sensitive to rainfall risk and therefore offer 

lower returns. Dercon (1998) shows through simulation and empirical estimates that rural 

Tanzanian households that have greater initial endowments are more likely to enter into 

the high-risk, high-return activity of cattle raising as compared with relatively lower risk, 

lower return activities such as growing crops or wage labor. Carter (1997) finds a high 

correlation between low initial land endowments and effective risk exposure in Burkina 

Faso, suggesting both that households with lower endowments will be less inclined to 

adopt new technologies and that asset inequality will grow. Zimmerman & Carter (2003) 

build on Dercon (1996, 1998) by allowing for divisible assets (i.e. non- livestock assets 

such as grain and land) and endogenizing asset price risk in the portfolio selection choice. 

Using parameters from rural households in Burkina Faso, Zimmerman & Carter (2003) 

show, via simulation, that the correlation between initial wealth and return on investments 

is a consequence of asset-based risk coping in an environment where insurance and 

savings mechanisms are not available. They also demonstrate that this relationship 

produces self-perpetuating inequality and poverty. 

 Both theoretical and empirical analyses of welfare dynamics suggest that the 

relationship between risk and welfare may not be strictly monotonic. Barrett et al. (2006), 

Carter & Barrett (2006), Lybbert & Barrett (2011), Carter & Lybbert (2012), and Lybbert 

etal (2013) show that just below a dynamic asset-based welfare threshold (also known as 

the ”Micawber threshold,” the dynamic threshold at which high and low welfare 

equilibria bifurcate) agents should be more risk-seeking on the chance that a positive 

random draw will push them above the threshold, while those just above the threshold 

should be more risk averse (and more inclined to asset smooth than to consumption 

smooth) on the chance that a negative random draw will push them below the threshold. 
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While the theoretical literature has established a relationship among risk, returns, 

and initial asset-based welfare (Eswaran & Kotwal 1990, Deaton 1991, Zimmerman & 

Carter 2003),  the empirical literature has been constrained to analyses of agricultural   

and livestock portfolios (Di Falco & Chavas 2006, 2009, Rosensweig & Binswanger 1993, 

Dercon 1996) and therefore cannot account for the role of off-farm diversification in risk 

management.  In addition, extension of the analysis beyond the mean-variance approach 

to portfolio choice (Meyer 1987, Markowitz 1952, Just & Pope 1979) to consideration of 

downside risk (skewness) is important, as variance alone does not allow one to distinguish 

between upside and downside risk (Chavas 2004, Di Falco & Chavas  2006,  2009).  As 

an example, in an analysis of crop biodiversity, Di Falco & Chavas (2009) find that 

biodiversity and soil fertility increase risk but decrease downside risk. Had their analysis 

only considered the second moment of the yield distribution, it would have found that 

biodiversity and soil fertility were welfare decreasing for a risk-averse farmer when in 

fact these inputs reduce the farmer’s exposure to downside risk. 

 The contribution of this paper is to move beyond the agricultural inputs/livestock 

assets models as well as beyond the mean-variance approach to asset portfolio selection 

to empirically examine the extent to which the mean, variance, and skewness of returns 

to a diverse array of asset holdings is correlated with initial asset endowments, and 

therefore the extent to which the heterogeneity of initial endowments may perpetuate 

poverty and inequality. 

3. Theory 

Without an ability to control for all market constraints, such as a lack of access to    credit 

or insurance, it is not possible to disentangle risk preferences from observed risk behavior. 

Indeed, this is the finding in Eswaran & Kotwal (1990); even where preferences are 

identical, household-specific capital and credit market failures may heterogeneously 

impact risk premia and therefore the risk behavior of households. Likewise, Lybbert etal 

(2013) find that observed risk behavior may be a response to wealth dynamics that are 

observable to the household but not to the econometrician, resulting in the econometric 

misattribution of observed risk behavior to risk preferences.   Therefore, the focus of   this 
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paper will be on observed risk behavior in terms of the riskiness of households’ selected 

asset portfolios. Initially, we will make no assumptions about household risk preferences. 

To parameterize the risk premium, we will assume constant relative risk aversion 

(CRRA), which has the nice feature that it allows for decreasing absolute risk aversion 

(DARA). 

 Following Rosenzweig & Binswanger (1993), Chavas (2004), and Di Falco & 

Chavas (2006, 2009), let a household have asset stock vector 𝒙𝒕 at time 𝑡,  𝒙𝒕  ≥  0 (let 

bolding indicate vectors throughout). The household enjoys the returns, 𝑔(𝒙𝒕, 𝒛𝒕, 𝒗𝒕), as 

a function of the household’s assets, other productive inputs, 𝒛𝒕, 𝒛𝒕  ≥  0, and a vector of 

random variables, vt, that includes such sources of random variation as rainfall, sales 

prices unknown to the household at the time of the productive allocation of its assets,   and 

other sources of variation in returns. One should think of 𝑔(∙) as the set of livelihoods or 

technologies available in the economy with which households can derive a flow of profits 

from their stock of productive assets. The household also realizes expenses associated 

with purchased inputs at price, 𝒑𝒛𝒕. The net profit function vector is,  

 ∏𝑡 = 𝑔(𝒙𝒕, 𝒛𝒕, 𝒗𝒕) − 𝑝𝑧𝑡
′ 𝒛𝒕 (1) 

Note that we are assuming away exogenous unearned income, as our focus here is on 

returns to asset holdings and investments. We are also assuming away implicit rental 

payments on owned assets. 

 The household’s ability to access credit each period is a function, 𝜂𝑡(𝑥𝑡) of its 

asset holdings in each period. In the context of this model, where it is assumed that 

savings are in terms of productive assets only, one can think of 𝜂𝑡(𝑥𝑡) as a liquidity 

function, as it might involve collateralizing assets so as to access credit, reselling 

assets, and dissaving. The household can also invest in additional assets, 𝐼𝑡  

(denominated in the same units    as the assets vector, 𝑥𝑡. Therefore the household’s 

budget constraint is, 

 𝐶𝑡 ≤ ∏𝑡 + 𝜂𝑡(𝑥𝑡) + 𝐼𝑡 (2) 
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where 𝐶𝑡 represents the household’s consumption in period t, 𝐶𝑡 ≥ 0. 

The household realizes costs (or gains) each period due to the depreciation (or 

appreciation)3 of its asset holdings, δ ∈ (−1, 1), where negative values capture asset 

appreciation and positive values capture asset depreciation.  Therefore, the household’s 

asset stock evolves following a deterministic law of motion, 

 𝑥𝑡+1 ≤ (1+ 𝛿)𝑥𝑡 + 𝐼𝑡 (3) 

Let the household’s consumption risk preferences be represented by a von 

Neumann- Morgenstern utility function, U (Ct). Let the utility function be additively 

separable over time with ρ ∈ [0, 1] representing the household’s discount factor.  We use 

a consumption- based (as opposed to an income-based or terminal wealth-based) model 

of economic behavior under risk in acknowledgement that consumption and production 

decisions are generally non-separable in the setting under study. The household’s 

objective is to maximize the expected utility of consumption subject to the given budget, 

asset accumulation, and non-negativity constraints, 

 
𝑀𝑎𝑥𝐼𝑡,𝐶𝑡,𝑥𝑡+1,𝑧𝑡∑ 𝜌𝑡

𝑇

𝑡=0
{𝐸𝑈(𝐶𝑡)} 

(4) 

s.t 𝐶𝑡 ≤ 𝑔(𝒙𝒕, 𝒛𝒕, 𝒗𝒕) − 𝑝𝑧𝑡
′ 𝒛𝒕 + 𝜂𝑡(𝑥𝑡) − 𝐼𝑡 (5) 

 𝑥𝑡+1 = (1+ 𝛿)𝑥𝑡 + 𝐼𝑡 (6) 

 𝑥𝑡+1, 𝑧𝑡,𝐶𝑡 ≥ 0 (7) 

 𝑥𝑡 ≥ 0,𝑔𝑖𝑣𝑒𝑛 (8) 

 

                                                           
3 For example, assets such as a tractor may depreciate in value while assets such as livestock may beget more livestock 

and therefore increase in value. 
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For simplicity, let 𝐶𝑡 be a scalar capturing the monetary value of all consumed 

goods, whether produced or purchased and let lim
𝑐⟶0

𝑈′ (𝐶𝑡)meaning 𝐶𝑡 = 0 will never be 

optimal (and we therefore do not need to address the non-negativity constraint on 

consumption; it will not bind). Substituting the budget constraint into the asset law of 

motion, the remaining choice variables are 𝐶𝑡, 𝒙𝒕+𝟏, and , 𝒛𝒕. The Lagrangean expression 

of the problem is, 

 
𝐿 =∑ 𝜌𝑡

𝑇

𝑡=0
{𝐸𝑈(𝐶𝑡)

+ 𝜆𝑡[(1 − 𝛿)
′𝑥𝑡 + 𝑔(𝒙𝒕, 𝒛𝒕, 𝒗𝒕) − 𝑝𝑧𝑡

′ 𝒛𝒕 + 𝜂𝑡(𝑥𝑡)

− 𝐶𝑡 − 𝑥𝑡+1] + 𝛾𝑡𝑥𝑡+1 + 𝜁𝑡𝑧𝑡} 

(9) 

The first order conditions (letting subscripts indicate derivatives) are, 

 𝜕𝐿

𝜕𝐶𝑡
: 𝐸𝑈𝐶𝑡 − 𝜆𝑡 = 0 

(10) 

 𝜕𝐿

𝜕𝑥𝑡+1
:−𝜌𝑡𝜆𝑡

+𝜌𝑡+1𝜆𝑡+1[(1 + 𝛿) + 𝑔𝑥𝑡+1(𝒙𝒕+𝟏, 𝒛𝒕+𝟏, 𝒗𝒕+𝟏)

+ 𝜂𝑡+1,𝑥𝑡+1(𝑥𝑡+1)] + 𝜌
𝑡𝛾𝑡+1 = 0 

(11) 

 𝜕𝐿

𝜕𝑧𝑡
:+𝜌𝑡𝜆𝑡[𝑔𝑧𝑡(𝒙𝒕, 𝒛𝒕, 𝒗𝒕) + 𝑝𝑧𝑡] + 𝜌

𝑡𝜁𝑡 = 0 
(12) 

 With K-T conditions 

𝛾𝑡+1𝑥𝑡+1 = 0 

𝛾𝑡+1 ≥ 0 

𝑥𝑡+1 ≥ 0 

(13) 
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𝜆𝑡 ≥ 0 

𝜁𝑡𝑧𝑡 = 0 

𝑧𝑡 ≥ 0 

𝜁𝑡 ≥ 

Simplifying and combining Equations 10 and 11 offers the Euler equation, relating 

consumption in time 𝑡 to that in time 𝑡 +  1, 

 𝐸𝑈𝐶𝑡 = 𝜌𝐸𝑈𝐶𝑡+1 [[(1 − 𝛿) + 𝑔𝑥𝑡+1(𝒙𝒕+𝟏, 𝒛𝒕+𝟏, 𝒗𝒕+𝟏)

+ 𝜂𝑡+1,𝑥𝑡+1(𝑥𝑡+1)] + 𝛾𝑡+1]  

(14) 

Equation 14 tells us that, where the Lagrange multiplier for the liquidity constraint γt+1 is 

non-binding (𝛾𝑡+1 = 0), the marginal utility of current consumption over the first three 

moments of the consumption distribution must equal the discounted marginal utility of 

the first three moments of the next period’s consumption distribution, moderated by the 

marginal return of next period’s assets. However, if 𝛾
𝑡+1

> 0, the marginal utility will be 

greater at time t than at t+1 (Deaton 1991, Dercon 1996, 1998), meaning that the 

household will consume rather than invest, dissaving all its assets. Because 𝑔(𝒙𝒕, 𝒛𝒕, 𝒗𝒕) is 

a function of household asset holdings, inputs, and exogenous variation, if the liquidity 

constraint binds and there are any  barriers to entry to a particular livelihood   or 

technology, e.g. a minimum asset threshold for participation in a given livelihood, then 

we would expect to find not only different optimal asset accumulation paths based on 

initial asset holdings but also different conditional consumption distributions among 

households. 

Following Antle (1987), Chavas (2004), and Di Falco & Chavas (2006, 2009), a 

local approximation of the household’s risk premium can be derived from the household’s 

utility function over the first three moments of the distribution of the utility of 

consumption. Inclusion of the third moment, skewness, represents a departure from the 
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mean-variance portfolio choice literature, which assumes either that the household has no 

preferences over the third moment or that the third moment is zero (Meyer 1987, Chavas 

2004). Inclusion of the third moment relaxes this assumption, allowing downside risk to 

play a role in determining the household’s utility of consumption.  Let the utility function, 

𝑈(𝐶)be thrice continuously differentiable. And let 𝐸(𝐶), 𝑉(𝐶), and 𝑆(𝐶) indicate the 

mean, variance, and skewness of the utility of consumption distribution, respectively. 

To derive the risk premium, set the utility function equal to the certainty 

equivalent, 

 𝑈(𝐶) = 𝑈(𝐸(𝐶) − 𝑅) (15) 

and take a third order Taylor Series expansion of U (C) with respect to C, letting Ud 

indicate the dth derivative of the utility function,  

 
𝑈(𝐶) = 𝑈(𝐸(𝐶)) + 𝑈1𝐸(𝐶 − 𝐸(𝐶)) +

1

2
𝑈2𝐸(𝐶 − 𝐸(𝐶))

2

+
1

6
𝑈3𝐸(𝐶 − 𝐸(𝐶))

3
 

(16) 

Take the expectation, 

 
𝐸𝑈(𝐶) = 𝐸𝑈(𝐸(𝐶)) + 𝑈1(𝐶 − 𝐸(𝐶)) +

1

2
𝑈2(𝐶 − 𝐸(𝐶))

2

+
1

6
𝑈3(𝐶 − 𝐸(𝐶))

3
 

(17) 

Because 𝐸(𝐶 − 𝐸(𝐶)) = 0, 𝐸(𝐶 − 𝐸(𝐶))
2
= 𝑉(𝐶), and 𝐸(𝐶 − 𝐸(𝐶))

3
= 𝑆(𝐶), we can 

simplify to, 

 
𝐸𝑈(𝐶) = 𝐸𝑈(𝐸(𝐶)) +

1

2
𝑈2𝑉(𝐶) +

1

6
𝑈3𝑆(𝐶) 

(18) 

Take a first order Taylor series expansion of U (E(C) − R) with respect to R 
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 𝑈(𝐸(𝐶) − 𝑅) = 𝑈(𝐸(𝐶) − 𝑈1𝑅) (19) 

Setting the two results equal (i.e., substituting them back into the risk premium definition 

in Equation 15) and simplifying, we have an expression for the household’s risk premium, 

 
𝑅 = −

1

2

𝑈2

𝑈1
𝑉(𝐶) −

1

6

𝑈3

𝑈1
𝑆(𝐶) 

(20) 

In Equation 20, −
𝑈2

𝑈1
 is the Arrow-Pratt (AP) coefficient of risk aversion; it captures the 

proportionality between the risk premium and the variance of risk in the neighbor- hood 

of the riskless case, i.e., where R=0 (Chavas 2004). Likewise, −
𝑈3

𝑈1
 is the coefficient of 

downside (DS) risk aversion; it captures the proportionality between the risk premium 

and the skewness of risk in the neighborhood of the riskless case (Menezes etal 1980). 

With a few assumptions, the variance and skewness of the consumption 

distribution, 𝑉(𝐶) and 𝑆(𝐶), can be estimated from the data (Antle 1983); this procedure 

will be detailed in the methods section. Identifying and/or estimating appropriate values 

for AP and DS is more challenging. A structural approach is offered in Antle (1978). To 

avoid making structural assumptions that would allow for estimation of these parameters 

but assume away many of the constraints motivating this analysis (e.g. non-separability), 

we instead follow Di Falco & Chavas (2006) and assume a constant relative risk aversion 

(CRRA) utility function of the form 𝑈(𝐶)=−𝐶1−𝑟, where 𝑟 is the relative risk aversion 

parameter, to parameterize AP and DS in Equation 20. Details are provided in the methods 

section. 

4. Data 

The analysis draws on three waves of Living Standards Measurement Study-Integrated 

Surveys on Agriculture (LSMS-ISA) data from Tanzania: 2008-09, 2010-11, and 2012-

13. The survey follows an original 3,280 households from 2008 to 2013; the overall 

household attrition rate for the panel is 4.84 percent (NBS 2014). 
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The Tanzanian setting is particularly compelling for an empirical analysis of the 

relationship among risk, returns, and initial asset holdings. As documented by 

Christiaensen etal (2013), De Weerdt (2010), Beegle etal (2011), and McBride (2018), 

the Tanzanian economy has been undergoing structural transformation, entailing both 

migration and   the diversification of livelihoods, since the late 1990s. 

Summary statistics of the data are presented in Table 1. All asset variables are presented 

in terms of their Tanzanian Shilling (TSh) equivalence, i.e., the value one would get from 

selling the asset. All monetary values are spatially deflated within-wave using a Fisher 

Index generated for this purpose by the Tanzania National Statistics Office. The 2008-09 

and 2010-11 data are then inflated to 2012-13 values so that all data are in real 2012-13 

terms. Total household expenditures and all asset values have been transformed via 

inverse hyperbolic sine transformation (abbreviated as asinh throughout) so as to 

approximate a natural log transformation without modifying or sacrificing zero-valued 

assets. 

As seen in Table 1, the sample4 is majority rural, with the share of rural rising 

significantly by 2012-13 as a consequence of households breaking off, due to marriage or 

migration, from the original. Generally, household heads have completed some primary 

school education. Household expenditures and plot size fall over the course of the panel 

while the value of livestock holdings generally fall between 2008-09 and 2010-11, likely 

due to severe droughts that swept the region in 2009 and 2011, but then recover by 2012-

13. The value of business assets (captial, stock, goods) rises over the course of the panel 

while the value of household, fishing, and farming assets follows no discernable trend. 

  

                                                           
4 The summary statistics are reported without survey weights. 
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Table 1: Tanzania LSMS-ISA summary statistics by year 
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All monetary values have been transformed via the inverse hyperbolic sine function (asinh) and are 

reported in real, spatially deflated, 2012-13 Tanzanian Shilling (TSh). Summary statistics are 

reported without survey weights. 

 

5. Methods 

We estimate the relationship among initial asset holdings, expected returns, risk, and downside 

risk among Tanzanian households as follows. First, we use cluster analysis to identify the set of 

asset portfolios available in the data. We then estimate the portfolio-specific moments of the 

conditional consumption distribution via regression of consumption on a quadratic function of the 

assets, with household, time, and portfolio fixed effects as well as controls for time varying 

characteristics. These regressions additionally allow us to estimate the contribution of each asset 

to the mean, variance, and skewness of the conditional consumption distribution within each 

portfolio.  

 Next we estimate the relationship among a household’s initial asset holdings and the 

riskiness and returns of its asset portfolio using fractional polynomials and a general- ized additive 

model. In addition, making the assumption that the household utility of consumption is CRRA, we 

calculate the household level risk premium associated with each portfolio and estimate the 

relationship among initial asset holdings, returns, and the risk premium for each portfolio using a 

generalized additive model. 

 In the following subsections, we detail the methods for each of part of this analysis. 
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5.1 Cluster Analysis 

Unsupervised learning methods such as cluster analysis allow for the classification or grouping of 

data based on similarity or some other objective function. Here we use k - medoids cluster analysis, 

implemented via the partitioning around medoids (PAM) algorithm developed by Kaufman & 

Rousseeuw (1990), to identify the set of asset portfolios available in the data. PAM has several 

advantages over other approaches to clustering, such as k -means; in particular, because within-

cluster dissimilarity is calculated using Manhattan distance (or L1 distance), PAM is more robust 

to outliers than is k -means, which minimizes the sum of squared distance. 

 The PAM algorithm operates by stepwise selection of an initial set of k∗ medoids, ik, from 

the set of observations, i, i = 1, ...N , so as to minimize 𝑑𝑖𝑖𝑘 , the distance between cluster medoid 

and the other members of cluster 𝐶(𝑖). The algorithim then iteratively replaces the initial medoids 

so as to minimize the sum of within cluster dissimilarities, as shown in the objective function in 

Equation 21 (Hastie et al. 2009), 

 
𝑚𝑖𝑛𝐶,{𝑖𝑘}1𝑘∗

∑ ∑ 𝑑𝑖𝑖𝑘
𝐶(𝑖)=𝑘

𝑘∗

1
 

(21) 

To select the appropriate 𝑘∗, we rely on the silhouette method (Rousseeuw 1987, Kaufman & 

Rousseeuw 1990). The silhouette method entails calculating the silhouette width, 𝑠(𝑖), for each 

observation, i, over a set of possible k s, where 𝑘 =  1, . . . 𝐾. The 𝑘 with the largest average 

silhouette width, 
1

𝑁
∑ 𝑠(𝑖)𝑁
𝑖=1  offers the best number of clusters, give the clustering method, for 

compact and well separated groupings (Rousseuw 1987) and is therefore selected as 𝑘𝑠. 

 The silhouette width is the ratio of the difference between the average within-cluster 

dissimilarity and the minimum average between-cluster dissimilarity to whichever dis- similarity 

(within or between) measure is greater. The silhouette width for a single observation is calculated 

as 

 
𝑠(𝑖) =

𝑏(𝑖) − 𝑎(𝑖)

𝑚𝑎𝑥[𝑎(𝑖), 𝑏(𝑖)]
 

(22) 
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Where 𝑎(𝑖) is the average dissimilarity between observation i and all the other members of the 

cluster to which 𝑖 has been assigned, and 𝑏(𝑖)  =  𝑚𝑖𝑛(𝑑(𝑖, 𝐶)), where 𝑑(𝑖, 𝐶) is the average 

dissimilarity between i and the members of another cluster, 𝐶, to which i has not been assigned 

(Rousseeuw 1987). 

 The intuition behind the silhouette method for identification of the appropriate num- ber of 

clusters is that it offers a summary of how well each observation has been clustered by finding the 

distance between the fit of the observation’s own cluster and that of the observation’s second best 

choice cluster (i.e., the smallest average observation-to-other- cluster distance, min(d(i, C)), is the 

second best choice cluster for observation i) and then considering the distance between these fits 

as a share of whichever offers the poorer fit – the cluster’s own fit or the fit of the next best cluster. 

 The silhouette width, s(i), grows smaller as the own cluster fit grows worse and larger as it 

grows better. Likewise, the average silhouette width, 
1

𝑁
∑ 𝑠(𝑖)𝑁
𝑖=1  will range between −1 and 1, 

with values close to 1 indicating well defined and separated clusters and those close to −1 

indicating misclustered observations. 

So as to identify the set of asset portfolios in the data, the cluster analysis is conducted 

using only household productive assets data. Note that we are focused on physical assets only, 

treating human capital assets, such as education, as fixed factors of production in this analysis. 

This exclusion of human capital assets from the analysis is due the length of the panel data with 

which our empirical analysis is conducted: the (at most) five year time horizon is too short for 

payoffs from human capital investments to be realized. Assuming adequate data, inclusion of 

human capital assets would be a valuable extension of the present work. 

A total of 41 assets are included in the estimation. These assets include land, live- stock, 

physical infrastructure such as homes and other buildings, financial assets such as savings and 

investments, and transportation, communication, and entrepreneurial assets such as vehicles, cell 

phones, and sewing machines. The summary statistics for these assets are shown in Table 1. 
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5.2 Conditional Moments 

To identify the conditional moments of the consumption distribution, we follow Antle (1983, 

1987). The uncertainty of the (consumption-based) returns to the household’s productive assets 

can be characterized via econometric estimation of the moments of the relationship between 

consumption and asset holdings. Let the relationship  𝐶𝑖 ≤ 𝑔(𝒙𝑖, 𝒛𝑖, 𝒗𝑖) − 𝑝𝑧
′𝒛𝑖 + 𝜂𝑖(𝑥𝑖) − 𝐼𝑖 be  

estimated  by  the  reduced  form  expression,  𝐶𝑖  =  𝑓1(𝒙𝒊, 𝛽𝟏)  + 𝑢1𝑖, where 𝑓1(𝒙𝒊, 𝛽𝟏) =

�̂�[𝐶𝑖|𝑓(𝑥𝑖)] and 𝐸(𝑢1𝑖) = 0 

 The advantage of this reduced form approximation of the budget constraint is that it is 

explicitly non-separable and it implicitly captures the fact that access to credit, as a function of 

asset holdings, can smooth consumption. The disadvantage is that it does not control for time 

varying inputs, , 𝒛𝑖, which are endogenous to the relationship between consumption and asset 

holdings but are only partially observed in our data. 

 Let 𝜇𝑚𝑖 represent the 𝑚𝑡ℎmoment of household 𝑖’𝑠 conditional consumption distribution; 

e.g., 𝜇1𝑖 = �̂�[𝐶𝑖|𝑓(𝑥𝑖)].  Then 𝜇𝑖2 and 𝜇𝑖3can be estimated as 

 𝜇2𝑖 = (�̂�1𝑖)
2 = 𝑓2(𝒙𝒊, 𝛽𝟐) + 𝑢𝑖2,𝐸(𝑢𝑖2,) = 0 (23) 

 𝜇3𝑖 = (�̂�1𝑖)
3 = 𝑓3(𝒙𝒊, 𝛽𝟑) + 𝑢𝑖3,𝐸(𝑢𝑖3,) = 0 (24) 

We exploit the panel nature of the dataset to control for household and time fixed effects when 

estimating the conditional moments. To do so, we estimate a quadratic function of the productive 

assets with interaction terms for the cluster-identified portfolios, as specified in Equation 25, which 

presents the regression equation for the estimation of the first conditional moment, 𝜇1𝑖. For 

estimation of subsequent moments, the regressand in Equation 25 is replaced with �̂�1𝑖
𝑚

, where 

𝑚=2,3. Due to the way in which the LSMS-ISA data were collected (consumption data are 

collected via recall while data on asset holdings are collected via an account of present asset 

holdings), so as to ensure that we are conditioning consumption on the stock of household asset 

holdings, we use next period’s consumption as the dependent variable (equivalently we could use 

last period’s assets). 
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𝐶𝑖𝑡+1 =∑ 𝛽𝒂

𝐴

𝑎
𝑋𝑖𝑡𝑎 +

1

2
∑ 𝛽𝒂𝒂

𝐴

𝑎
𝑋𝑖𝑡𝑎
2

+𝛽ℎℎ𝑖𝑡∑ ∑ 𝛽𝒂𝑃𝑘

𝐴

𝑎

𝐾−1

𝑘
𝑋𝑖𝑡𝑎𝑃𝑘

+
1

2
∑ ∑ 𝛽𝒂𝒂𝑃𝑘

𝐴

𝑎

𝐾−1

𝑘
𝑋𝑖𝑡𝑎𝑃𝑘 +∑ 𝛽𝒉𝑃𝑘

𝐾−1

𝑘
ℎ𝑖𝑡𝑃𝑘

+𝛼𝑖 +𝜓𝑡 + 𝜖𝑖𝑡 

(25) 

In Equation 25, i indexes household, t indexes time, a indexes assets with a = 1, ...A, k indexes 

portfolios with 𝑘 =  1, . . . 𝐾, and ℎ𝑖𝑡 is a vector of time varying household characteristics. As 

above, the assets included in the analysis are the 41 land, livestock, infrastructure, financial, 

transportation, communication, and entrepreneurial assets observed in the data. Equation 25 is 

estimated with heteroskedasticity and cluster robust standard errors. 

 The estimated conditional moments allow us to generate cumulative distribution functions 

of the conditional consumption distribution for each portfolio so as to assess   the relative stochastic 

dominance of each portfolio. We fit the estimated moments to log normal and gamma distributions, 

where the shape and scale parameters are 𝜈 and 𝜎, and 𝜅 and 𝜃, respectively (Equation 26). We 

use a simple optimization approach to identify the distribution-specific shape and scale parameters 

that best describe the estimated moments, minimizing the objective function in 26 subject to the 

distribution-specific moments constraints.   We use calculated shape and scale parameters 

(calculated from   the first two estimated moments) as starting points to initiate the optimization. 

 𝑀𝑖𝑛𝑄
{
𝐿𝑜𝑔𝑛𝑜𝑟𝑚𝑎𝑙:    𝜐,     𝜎
𝐺𝑎𝑚𝑚𝑎𝑙:         𝜅,     𝜃

}
= (�̂�1 − 𝜇1)

2 + (�̂�2 − 𝜇2)
2 + (�̂�3 − 𝜇3)

2 (26) 

s.t the following distribution-specific moment constraints, 

 

 

{
 
 

 
 
𝜇𝑚                    𝐿𝑜𝑔𝑛𝑜𝑟𝑚𝑎𝑙                                               𝐺𝑎𝑚𝑚𝑎

𝜇1                                      𝑒𝑥𝑝(𝜐 + 𝜎
2/2)                                   𝜅𝜃

𝜇2                              𝑒𝑥𝑝( 𝜎
2 − 1)𝑒𝑥𝑝(2𝜐 + 𝜎2)                   𝜅𝜃2

𝜇3        (𝑒𝑥𝑝( 𝜎
2) + 2)√( 𝑒𝑥𝑝( 𝜎2) − 1)                               2√ 𝜅
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Drawing from the distribution produced by the shape and scale parameters identified by the 

optimization routine, we then produce CDFs for each portfolio within each distribution. Finally, 

the relationships among the estimated conditional moments are estimated via fractional 

polynomials. 

5.3 Risk Premium 

The estimated conditional second and third moments are used to calculate the portfolio specific 

risk premia, as derived in Equation 20, as 𝜇
2𝑖
= 𝑉(𝐶𝑖) and  𝜇

3𝑖
= 𝑆(𝐶𝑖). So as to parameterize AP 

and DS in Equation 20, we follow Di Falco & Chavas (2006) in assuming a CRRA utility function 

of the form 𝑈 (𝐶)  =  −𝐶1−𝑟 with the relative risk aversion parameter r = 2, making 𝐴𝑃 =  2/𝐶 

and 𝐷𝑆 = −6/𝐶2 

 Finally, the relationships between the risk premium and initial wealth is estimated via 

fractional polynomials. Initial wealth in this analysis is the total value of the household’s physical 

asset holdings in the first period under analysis (2008-09, depending on the date on which the 

household was first interviewed). As above, all values are in 2012- 13 real terms and have been 

spatially deflated as well as transformed via the asinh transformation. 

6. Results 

Three asset portfolios were identified in the data. Average silhouette width per k and a visualization 

of the final cluster grouping are shown in Figure 1. The optimal average silhouette width at k = 3 

of 0.119 suggests that the identified clusters are not strongly separated. The cluster plot in Figure 

1 shows the projection of the data on to its first two principle components, which account for 16.3 

and 8.3 percent of the total variation in the data, respectively. The ellipses provide confidence 

intervals on the clusters, containing 95 percent of each cluster’s observations, assuming a 

multivariate normal distribution. The cluster plot shows three distinct but overlapping groups, 

which is what we would expect to find in the setting under analysis, as asset holdings will not be 

mutually exclusive among portfolios. Rather, portfolio cluster assignment is a matter of extent of 

asset holdings, a fact that becomes clearer in Table 3. 
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Figure 1:  Cluster assignment 

 

(a) Silhouette method                                                           (b) Clusters 

A comparison of household characteristics and asset holdings by assigned portfolio cluster for 

those households remaining in the same cluster across all waves is shown in Table 3. Figure 2 

shows the distribution of the value of initial (2008-09) asset holdings as well as consumption for 

each of the identified asset portfolios. Despite the overlap in portfolio cluster assignment, portfolio 

means are generally statistically significantly different from one another and suggest distinct asset-

based income generating activities in Tanzania. In particular, households holding asset portfolio 2 

(46 % of the observations in the sample) are more urban and more likely to have migrated, have 

smaller household sizes, younger heads of household, and better educated heads; overall, they own 

less land, fewer livestock, and less farming equipment. Asset portfolio 2 is largely composed of 

business, communication, transportation, and entrepreneurial assets. 

 While households with portfolios 1 (52 % of the observations in the sample) and 3 (2% of 

the observations in the sample) are both rural and farm based, those with portfolio 3 have 

significantly larger families, older heads of household, and a greater value of all land, livestock, 

and farming assets than those households with asset portfolio 1. Although both rural, those 

households holding asset portfolio 1 hold more fishing assets than do those holding portfolio 3. 
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Table 3: Comparison of asset portfolios 
 

Asset Portfolio 1 Asset Portfolio 2 Asset Portfolio 3

 Wald test N=3,972 obs 

 N=3,553 obs  N=178 obs 

(or 1,324 hhs) (or 1,185 hhs) (or 59 hhs) 

rural 0.95 0.30 0.98 *** 

household size 5.08 4.67 8.98 *** 

head of household female 0.26 0.27 0.12 *** 

head age 49.30 42.16 49.18 *** 

head married 0.74 0.65 0.88 *** 

head migrated to this area 0.29 0.76 0.57 *** 

head primaryed 0.42 0.49 0.47 *** 

head secondaryed 0.02 0.23 0.00 *** 

head university 0.00 0.02 0.00 NA 

plotval 13.82 1.15 14.97 *** 

bullval 0.67 0.06 12.82 *** 

cowval 1.52 0.19 14.77 *** 

steerval 0.32 0.00 11.54 *** 

hefval 0.40 0.07 9.20 *** 

mcalfval 0.42 0.07 10.75 *** 

fcalfval 0.59 0.06 10.17 *** 

goatval 2.85 0.16 12.64 *** 

sheepval 0.44 0.02 8.40 *** 

pigval 0.89 0.04 1.32 *** 

chickenval 6.52 0.72 11.36 *** 

otlstkval 1.00 0.19 5.21 *** 

handhoeval 9.80 1.40 10.29 *** 

handsprayval 0.46 0.11 2.86 *** 

oxploughval 0.37 0.00 11.96 *** 

oxseedval 0.27 0.01 7.68 *** 

oxcartval 0.04 0.00 1.29 *** 

tractorval 0.02 0.01 2.74 *** 

tractploughval 0.01 0.02 0.00 

tractharrowval 0.00 0.02 0.00 * 

thresherval 0.03 0.00 0.00 ** 

watercanval 0.09 0.02 0.30 *** 

farmbldgsval 0.51 0.07 3.25 *** 

gericanval 0.44 0.10 1.48 *** 

fishnetval 0.15 0.11 0.00 *** 

fishlineval 0.08 0.08 0.00 *** 

fishboatval 0.15 0.15 0.00 

fishmotorval 0.02 0.03 0.00 

bus capitalval 2.70 5.36 2.41 *** 

bus stockval 0.53 0.83 0.47 *** 

bus goodsval 1.36 3.38 1.66 *** 

phone landval 0.05 0.34 0.14 *** 
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phone mobileval 3.54 11.03 9.29 *** 

fridge freezeval 0.12 4.55 0.24 *** 

sewmachval 0.43 2.42 0.50 *** 

computerval 0.09 1.23 0.09 *** 

stove geval 0.13 2.04 0.26 *** 

stove otherval 1.52 8.12 1.97 *** 

carval 0.09 1.33 0.00 *** 

motorcycleval 0.28 0.92 1.08 *** 

bicycleval 4.86 3.29 10.02 *** 
 

All monetary values have been transformed via the inverse hyperbolic sine function (asinh) and are reported in real, 

spatially deflated, 2012-13 Tanzanian Shilling (TSh). Standard deviations have been suppressed to curtail table 

length but are available on request. Number of households per cluster is average across the three time periods. 

A comparison (Figure 2) of the value of initial (2008-09) asset holdings and consumption (all 

periods pooled) by portfolio reveals that households with asset portfolio 3 enjoy higher 

consumption throughout the panel and begin with greater asset holdings at the start of the panel. 

Households with portfolio 2 begin with smaller asset holdings in the first period but enjoy a level 

of consumption similar to those with portfolio 3. The high level of consumption despite the low 

value of productive assets exhibited by the house- holds with portfolio 2 is due to the fact that 

some of the more valuable asset holdings of portfolio 2 households are their human capital assets 

(such as education, entrepreneurial skill, etc.), which are not accounted for in the total asset 

valuation in this study.  

Figure 2:  Initial asset holdings and consumption densities by portfolio, values in asinh 2012-13 TSh 

 

 

(a) Initial (2008-09) asset holdings                                              (b) Consumption 
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The diagonal of the transition matrix in Table 5 shows that most households stay in their 

original portfolio cluster from year to year. However, the off-diagonals tell us about the 

direction of mobility throughout the panel. Those households leaving the low-asset, rural, 

farm-based portfolio cluster are more likely to go to the urban off-farm cluster (19.33 %) 

than to the high-asset, rural, farm-based cluster (3.58 %). Likewise, those leaving the 

urban off-farm cluster are more likely to go to the low-asset, rural, farm-based portfolio 

cluster (13.06 %) than to the high-asset, rural, farm-based cluster (.80 % ). Finally, the 

smallest portfolio cluster has the greatest mobility (and, as we have seen, the greatest 

initial welfare): % of those in the high-asset, rural, farm-based portfolio cluster will 

transition to the low-asset, rural, farm-based portfolio cluster while 12.47% will transition 

to the urban off-farm cluster. The high rate of transition from the high-asset farm portfolio 

to the low-asset farm portfolio suggests that it may not be easy to maintain the high-asset 

farm portfolio. 

 Due to the non-trivial mobility among portfolios, the analyses that follow are done 

using only those households – 60% of the total sample – that remain in the same portfolio 

cluster over the duration of the panel. Restricting the analysis to these households 

introduces selection bias in to the findings, as estimated returns, risk, and downside risk 

will apply only to those households that decided to stay within their original cluster over 

the five-year time span either because they were successful in that portfolio cluster or 

because they didn’t have the resources to transition out of that cluster.  At this point it is 

not possible to identify the direction in which this selection issue will bias our results. 

Because the descriptive task of this paper is to estimate the within-portfolio risks and 

returns (rather than the risks and returns associated with portfolio changes, an objective 

of future work), we forge ahead with this restriction. 

Table 5: Portfolio transition matrix 

  Time t+1  

Portfolio 

1 

Portfolio 

2 

Portfolio 

3 

Time t Portfolio 

1 

77.09 19.33 3.58 

Portfolio 2 13.06 86.14 0.8 

Portfolio 3 29.1 12.47 58.44 
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The estimated conditional moments, calculated risk premia, and value of initial (2008-09) asset 

holdings are summarized in Table 6 for each portfolio, where pairwise statistical difference of 

means is assessed via a Tukey-Kramer test (common letters indicate results are statistically 

different at the 95% confidence level). On average, households holding portfolio 3 have greater 

expected consumption and face greater risk than those households holding portfolios 1 or 2. 

However, portfolio 3 also has the greatest positive skew, suggesting that this collection of assets 

reduces exposure to downside risk. Recall that the households holding portfolio 3 make up a very 

small share of the sample (2%) and that the portfolio is composed of large land, livestock, and 

other farming assets. We would expect the consumption of such households to be vulnerable to 

the long tail events, such as drought, witnessed in this dataset. However, several factors, each of 

which merit further investigation, may be contributing to the high positive skew of this portfolio: 

the diversity of the portfolio itself, the ability of portfolio 3 holders to access credit and/or 

insurance due to the value of their asset holdings, consumption smoothing. Holders of portfolio 2 

have conditional consumption that is slightly higher but statistically indistinguishable from the 

holders of portfolio 1. In light of the high observed consumption of portfolio 2 households (see 

Figure 2) and the comparatively high education of portfolio 2 households (see Table 3), it is clear 

that the low conditional consumption estimates for portfolio 2 are due to the fact that these 

estimates do not properly account for expected returns to human capital assets. Likewise, the 

aggregate value of the portfolio 2 initial asset holdings is the lowest among all portfolios because 

portfolio 2 assets are largely held in terms of human, and not physical, capital. Holders of portfolio 

2 face greater variance and greater downside risk than do holders of portfolio 1. Finally, portfolio 

1, composing 52 % of the sample, appears to be the low risk, low return portfolio. 

Across the three portfolios, we see the risk premium rising in expected consumption, which is what 

we would expect.5 

 

 

                                                           
5 Di Falco & Chavas (2006) find that the estimation of risk premia via local approximation, as we have done, provides 

an underestimate of the true risk premia in the setting of their analysis (Sicilian wheat growers). Further analysis is 

needed to ascertain whether the risk premia we report are underestimates. 



25 
 

Table 6: Conditional moments, calculated risk premia, and value of initial (2008-09 asset holdings by portfolio. 

 

Figure 3:  Conditional mean, variance, and skewness, fractional polynomial estimate 

 

 

(a) Conditional mean and conditional variance        (b) Conditional mean and conditional skewness 

Switching from an across portfolio to a within portfolio analysis, we turn to non- parametric 

estimation of the relationship between the conditional mean and the conditional variance, 

skewness, and risk premium within each portfolio displayed in Figure 3. The first panel, Figure 

3(a), displays the relationship between the conditional mean and conditional variance estimates 

within each portfolio. We see conditional variance (risk) rising slightly in conditional mean 

(expected returns) in the case of portfolios 1 and 3. In the case of portfolio 2, we see a slight 

decline which is likely due to poor accounting for human capital assets in the estimation. Figure 

3(b) shows the relationship between the conditional mean and conditional skewness by 

portfolio. Positive skewness appears to increase slightly with expected returns in the case of 
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portfolio 1; there is no clear relationship in the case of portfolio 3. Finally, there appears to be 

no clear within portfolio relationship between the risk premium and expected returns (Figure 

4(a)) or between the risk premium and the value of initial asset holdings (Figure 4(b)). 

Finally, the log normal and gamma distributions for each portfolio, fit via the optimization 

specified Equation 26, are shown in Figure 5. No one portfolio first order stochastically 

dominates the others. However, a comparison of the areas under the CDFs for both the gamma 

and log normal distributions shows that portfolio 3 (gamma area of 8.87; log normal area of 

11.22) second order stochastically dominates portfolio 2 (3.40; 3.74) which second order 

stochastically dominates portfolio 1 (2.58; 2.47). 

7. Conclusion 

Do initial asset holdings determine the riskiness (both upside and downside risk) and expected 

returns of a household’s asset portfolio? We have not satisfactorily answered this question here 

because human capital investments, which play an important role in the off-farm asset portfolio, 

are not properly accounted for in the aggregated initial asset holdings values or in the estimates 

of risk and returns. Moreover, we are able to consider only a snapshot in time – a, at most, five 

year time span – and do not account for long run welfare dynamics. These limitations aside, 

across agricultural portfolios (those holding portfolios 1 and 3), we do find evidence consistent 

with a pattern in which households with greater initial asset holdings also hold a riskier 

portfolios and enjoy greater returns to their assets. However, we do not find clear within-

portfolio relationships between initial asset holdings and risk. 
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Figure 4:  Conditional mean, risk premium, and initial holdings by portfolio, fractional polynomial 

estimate 

 

 

(a) Conditional mean and risk premium                       (b) Risk premium and initial holdings 

Figure 5:  CDFs of distributions fit on estimated moments of the conditional consumption 

distribution 

 

 

  



28 
 

References 

Antle, J. M. (1983). Testing the stochastic structure of production: a flexible moment-based 
approach. Journal of Business Economic Statistics, 1(3), 192-201. 

Antle, J. M. (1987). Econometric estimation of producers’ risk attitudes. American Journal of 
Agricultural Economics, 69(3), 509-522. 

Barrett, C. B., Garg, T., McBride, L.  (2016).  Well-being dynamics and poverty traps. Annual Review 
of Resource Economics, 8, 303-327. 

Barrett, C. B., Marenya, P. P., McPeak, J., Minten, B., Murithi, F., Oluoch-Kosura, W., ... 
Wangila, J. (2006). Welfare dynamics in rural Kenya and Madagascar. The Journal of 
Development Studies, 42(2), 248-277. 

Beegle, K., De Weerdt, J., & Dercon, S. (2011). Migration and economic mobility    in Tanzania: 
Evidence from a tracking survey. Review of Economics and Statistics, 93(3), 1010-1033. 

Carter, M. R.  (1997).  Environment, technology, and the social articulation of risk in West African 
agriculture. Economic Development and Cultural Change, 45(3), 557-590. 

Carter, M. R., Barrett, C. B. (2006). The economics of poverty traps and persistent poverty: An 
asset-based approach. The Journal of Development Studies, 42(2), 178- 199. 

Carter, M. R., Lybbert, T. J. (2012). Consumption versus asset smoothing:  testing the 
implications of poverty trap theory in Burkina Faso. Journal of Development Economics, 
99(2), 255-264. 

Chavas, JP. (2004). Risk Analysis in Theory and Practice. Academic Press. 

Christiaensen, L., Weerdt, J., & Todo, Y. (2013). Urbanization and poverty reduction: the role of 
rural diversification and secondary towns. Agricultural Economics, 44(4-5), 435-447. 

Deaton Angus, S. (1991). Saving and Liquidity Constraints. Ecomometrica, 59(5), 221-248. 

Dercon, S. (1996). Risk, crop choice, and savings:  Evidence from Tanzania.  Economic 
Development and Cultural Change, 44(3), 485-513. 

Dercon, S. (1998). Wealth, risk and activity choice: cattle in Western Tanzania. Journal of 

Development Economics, 55(1), 1-42. 

Dercon, S., Krishnan, P. (1996). Income portfolios in rural Ethiopia and Tanzania: choices and 
constraints. The Journal of Development Studies, 32(6), 850-875. 

De Weerdt, J. (2010). Moving out of poverty in Tanzania: Evidence from Kagera. The 

Journal of Development Studies, 46(2), 331-349. 

Di Falco, S., Chavas, J. P.  (2006). Crop genetic diversity, farm productivity and the management 
of environmental risk in rainfed agriculture. European Review of Agricultural Economics, 
33(3), 289-314. 

Di Falco, S., Chavas, J. P. (2009). On crop biodiversity, risk exposure, and food security in the 
highlands of Ethiopia. American Journal of Agricultural Economics, 91(3), 599-611. 

Eswaran, M., Kotwal, A. (1990). Implications of credit constraints for risk behaviour in less 
developed economies. Oxford Economic Papers, 42(2), 473-482. 

Hastie, T., R. Tibshirani & J. Friedman. (2009). The Elements of Statistical Learning (2nd Edition). 
New York: Springer-Verlag. 763 pages. 



29 
 

Just, R. E., Pope, R. D. (1978). Stochastic specification of production functions and economic 
implications. Journal of econometrics, 7(1), 67-86. 

Kaufman, L. & Rousseeuw, P. J. (1990). Partitioning Around Medoids (Program PAM), in Finding 
Groups in Data: An Introduction to Cluster Analysis, John Wiley & Sons, Inc., 

Lybbert, T. J., Barrett, C. B. (2011). Risk-taking behavior in the presence of nonconvex 
asset dynamics. Economic Inquiry, 49(4), 982-988. 

Lybbert TJ, Just DR, Barrett CB. (2013). Estimating risk preferences in the presence of 
bifurcated wealth dynamics: Can we identify static risk aversion amidst dynamic risk 
responses? Eur. Rev. Agric. Econ. 40(2): 361–77 

Markowitz, H. (1952). Portfolio selection. The Journal of Finance, 7(1), 77-91. 

McBride, L. (2018). Heterogeneous welfare dynamics and structural transformation in 
Tanzania. Working paper. 

Menezes, C., Geiss, C., Tressler, J. (1980). Increasing downside risk. The American Economic Review, 
70(5), 921-932. 

Meyer, J. (1987). Two-moment decision models and expected utlitly maximization. Amer. 

Economic Rev., 421-430. 

National Bureau of Statistics, United Republic of Tanzania. (2014). Basic information document: 
National Panel Survey 2012-2013. World Bank Open Data. Accessed March 2018 at 
microdata.worldbank.org/index.php/catalog/2252/download/34053 

Pratt, J. W. (1964). Risk Aversion in the Small and in the Large. Econometrica, 32(1/2), 122-
136. 

Rosenzweig, M. R., Binswanger, H. P. (1993). Wealth, Weather Risk and the Composition and 
Profitability of Agricultural Investments. The Economic Journal, 103(416), 56-78. 

Rousseeuw, P. J. (1987). Silhouettes: a graphical aid to  the  interpretation  and  validation of cluster 
analysis. Journal of Computational and Applied Mathematics, 20, 53-65. 

 
Zimmerman, F. J., Carter, M. R. (2003). Asset smoothing, consumption smoothing and the 

reproduction of inequality under risk and subsistence constraints. Journal of Development 
Economics, 71(2), 233-260 

  



30 
 

Appendix 

Figure A.6: Income density by portfolio, values in asinh 2012-13 TSh 
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Table A1: Contribution of assets to portfolio moments 
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