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Paddy Post-Harvest: The Role of Preferences and Structural Factors in 

Storage and Processing Decisions of Smallholder Rice Farmers 

 

Abstract 

We conduct risk, ambiguity, and time preference experiments among Tanzanian rice farmers 

in order to better understand post-harvest decisions. In particular, we investigate storage and 

processing decisions, which can dramatically increase expected returns but also introduce risk 

and time delays. Our results show that experimentally-elicited risk and time preferences explain 

these post-harvest decisions. Impatient farmers are less likely to store paddy, and risk-averse 

farmers are less likely both to process and to store paddy for future sales. We further show that 

structural factors like milling costs, transportation costs and storage losses also influence the 

post-harvest choices. These results imply that there is scope for substantially improving rice 

farmers’ welfare by addressing the uncertainties and problems associated with rice processing 

and storage. 
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1. Introduction 

There is a lack of agricultural productivity growth in Sub Saharan Africa (SSA). By 2030, 80% 

of the world’s extreme poor are predicted to be living in Africa (Barrett et al., 2017). One 

problem for small scale SSA farmers is seasonality in prices. Gilbert et al. (2017) found that 

peak prices in SSA are on average 28% higher than during the trough. Cash from crop sales 

and off-farm income are the primary source for farmers financing modern input purchases 

(Adjognon et al., 2017). Hence, lack of cheap storing facilities, impatience and uncertainty 

(Suri, 2011) may prevent farmers from raising their cash income. An increase that could speed 

up the adoption rate of modern but simple technologies like fertilizers and hybrid seeds, which 

is an often stated reason for missing agricultural productivity growth in SSA (Bold et al., 2017). 

Recent work in economics show that experimentally measured uncertainty and time 

preferences can explain various aspects of human behavior, such as savings, smoking, alcohol 

consumption, and occupational choice (Sutter et al., 2013; Maier and Sprenger, 2010; Tanaka 

et al., 2010). In a developing context the importance of risk and/or time preferences when it 

comes to technology and product adoption is documented (Duflo et al., 2009; Giné and Yang, 

2009; Liu, 2013; Liu and Huang, 2013). Just like risk and time preferences may influence non-

farmers’ choices concerning savings, profitable investments, and a healthy lifestyle (Sutter et 

al., 2013; Berge et al., 2015) and farmers’ adoption of improved technologies (Liu, 2012; Liu 

and Huang, 2013; Duflo et al., 2009), they may also limit farmers’ choices when it comes to 

post-harvest decisions.  

A few studies have attempted to explore other determinants of post-harvest decisions. 

Fafchamps and Hill (2005) compared selling at the farm gates and transporting it to an expected 

higher price and found liquidity constraints to be an important factor, but gave little attention 

to risk and time preferences. Fu et al. (1988) found that U.S. peanut farmers content with status 

quo price levels were less likely to adopt higher expected outcome alternatives. McLeay and 

Zwart (1998) analyze farmers’ choice of cash sales versus forward contracts in New Zealand 

and find that some farmers may opt for forward contracts to avoid market price volatility, 

implying that risk preferences and transaction costs are likely to influence the marketing 

decisions.  
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In this paper, we experimentally elicit time, risk, and ambiguity preferences in a group of 

Tanzanian rice farmers.1 We use these parameters to analyze the choices made by the farmers 

in terms of whether to process or not process their paddy before selling, and whether to store 

paddy for future sale. To our knowledge, no previous study has explored the joint influence of 

these parameters on farmers’ actual post-harvest decisions in developing countries. Instead, 

previous studies have either investigated the behavior of non-farming economic agents (and 

mostly in developed countries) or have only studied the role of a single attitude (i.e., either 

uncertainty or time preference but not both) on farmers’ behavior, raising concerns about 

estimation bias (Sutter et al., 2013). In addition, the studies that have explored the role of one 

of these attitudes on farmers’ decisions have generally focused on pre-harvest decisions, such 

as technology adoption (e.g., Feder, 1980; Liu, 2012; Liu and Huang, 2013). For many farmers, 

post-harvest decisions matter as much as these pre-harvest decisions – and what seems to be 

anomalous or irrational behavior is as evident in the former as the latter. Despite the potential 

price gain from processing or storing – which we show may increase income by more than 50 

percent – usually only a small fraction of farmers decide to process or store the harvest for 

future sales. 

We use a robust experimental design that is simple and suitable for a developing country 

context, where most subjects have low levels of education (Sutter et al., 2013). We estimate 

attitudes to risk and ambiguity based on certainty equivalents and measure attitudes to delay 

(impatience) based on the future equivalents of the fixed payoff at the earlier point in time. As 

a payment vehicle, we utilize a mobile money system that is widespread in Tanzania to 

minimize the risk and transaction costs associated with the delivery of delayed rewards to the 

respondents. The system is also convenient to use and is well-trusted by respondents. 

Our experimental results suggest that, on average, Tanzanian rice farmers are risk averse, 

slightly ambiguity averse, and impatient. Our results are in line with both Sutter et al. (2013), 

who elicit these parameters for children and adolescents in Austria, and related studies 

reviewed in Fredrick et al. (2002). When we link the experimental parameters to field behavior, 

we find that farmers who store harvest for future sales are generally less risk averse and less 

impatient, and their households are more likely to be male headed than other households. The 

                                                           
1 Risk aversion refers to aversion to risky outcomes with known probabilities, while ambiguity aversion relates 

to the outcomes with unknown distribution. Ambiguity could be relevant because in several aspects uncertainty 

may involve an outcome with a vague or unknown probability distribution (Vieider et al., 2015; Akay et 

al.,2012; ) 



4 
 

choice to process the paddy is more likely among less risk averse, younger, and more educated 

farmers, as well as among farmers with a shorter distance to the mill and a larger total harvest. 

  

2. Context and Conceptual Model 

Tanzania is the largest rice producer in East Africa. In the country, rice is the second most 

important food and commercial crop after maize with a cultivated area of about 681,000 ha, 

corresponding to 18% of the total cultivated land (SRI-RICE, 2016). Considering Kilombero 

district in Morogoro region, one of the largest rice producing area and the focus of this study, 

95% of households grow and obtain their largest share of income from rice (Kato, 2007; 

Kangalawe and Liwenga, 2005). Thus, the price farmers receive for their output has major 

implications for poverty alleviation and their wellbeing at large (Fafchamps and Hill, 2005). 

Like many other rice producing areas, how much farmers earn among several factors depends 

on whether they chose to sell their crop as processed (white rice) or unprocessed (i.e. paddy). 

While farmers would fetch (on expectation) a relatively higher unit price from processed rice 

(as a result of value addition), it is very common in our setting that a majority would sell 

everything as paddy. Another choice farmers have to make is whether to sell immediately after 

the harvest or store paddy and likely get a higher price for either paddy or processed rice a 

couple of months later (Burke, 2014; Bellemare et al., 2013; Saha and Stroud, 1998). While 

such seasonal price arbitrage is likely to be more profitable to farmers, a majority of farmers 

opt to sell immediately after the harvest.  

While these may look as suboptimal choices by these farmers, a number of prevailing factors, 

both structural and preference-based, may explain them. Processing paddy implies various 

costs, but most importantly it implies a risk as the resulting rice may vary in quality. Quality 

and hence price of rice are determined importantly by the fraction of grains broken in the 

milling process. Such breakage occurs when the paddy is not sufficiently dry or the milling 

equipment is not properly calibrated or a combination of the two. If milling the paddy results 

in low quality rice, farmers may in fact incur a loss compared with selling it as paddy. Because 

of the large premium for high quality (unbroken) rice, however, the potential returns to 

processing paddy are substantial. Similarly, despite the expected price increase a few months 

after harvest, farmers face uncertainty as prices may also be influenced by unpredictable factors 

unrelated to local supply and demand (Saha and Stroud, 1998). Inferior storage conditions can 
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lead to quantity and quality losses due to pests, mold, and theft and thereby magnify these 

storage risks (FAO, 2011; Affognon et al., 2015; Sheahan and Barrett, 2017).  

With this context in mind, we formulate a conceptual model to capture rice farmers’ post-

harvest decisions. The goal of this simple model is to distinguish explicitly between structural 

and preference-based factors that may prevent Tanzanian farmers from processing and 

storing paddy in order to increase their expected returns from marketing the rice they 

produce. The model abstracts away from the production decisions that affect yield and total 

paddy production, takes the amount of paddy harvested and dried (𝑞0) as given, and focuses 

entirely on the milling and storage decisions that occur once the paddy is harvested and dried. 

The model further assumes for simplicity that farmers only produce rice, have no other 

sources of income, and value own consumption of rice at market prices (or, analogously, that 

farmers sell their entire rice harvest).2  

Choice variables in the model include the share of paddy stored at time 0 (𝑠0), the share of 

paddy milled at time 0 (𝑚0), and the share of stored paddy milled at time 1 (𝑚1). Denoting 

stochastic elements in the model with ~, we write the model as:  

max
𝑠0∈[0,1]

𝑚0∈[0,1]

𝑚1∈[0,1]

𝐸[𝑢(�̃�0|𝛼𝑖) + 𝛽𝑖𝑢(�̃�1|𝛼𝑖)]  

 �̃�0 = 𝑝0(1 − 𝑚0)(1 − 𝑠0)𝑞0 + (�̃�0
𝑚 − 𝑐𝑗)𝑚0(1 − 𝑠0)𝑞0 − 𝐹𝑗1(𝑚0 > 0) 

�̃�1 = 𝑝1(1 − 𝑚1)�̃�1 + (𝑝1
𝑚 − 𝑐𝑗)𝑚1�̃�1 − 𝐹𝑗1(𝑚1 > 0) 

�̃�1 = 𝑠0𝑞0(1 − 𝛿𝑖𝑗휀) 

where  𝛼𝑖 is the coefficient of risk aversion and 𝛽𝑖 is the discount factor for farmer i, 

𝑝𝑡indicates the price of paddy at time t where 𝐸[𝑝1] > 𝑝0, and  𝑝0
𝑚  is the price of milled 

paddy (rice) at time 0. Processing risk is one reason 𝑝0
𝑚 is unknown ex ante. The source of 

price risk in the case of storage is different: 𝑝1 is stochastic at time 0 because the paddy price 

in several months is unknown. Combing both this intertemporal price risk and processing 

                                                           
2 Some of these assumptions are plausible in this context. Non-rice crops play a very minor role and off-farm 

income is rare for the households in our sample (Alem et al, 2015). The assumption about own consumption is 

more of a stretch as many farmers consume a large proportion of the rice they produce and are likely to value 

this rice differently than market prices. Even with this abstraction, which enables us to ignore the decision of 

how much rice to consume, the model captures the essence of the processing and storage decisions.  
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risk, 𝑝1
𝑚 is stochastic because both the future price and the quality of milled paddy is 

unknown.  

Milling paddy incurs a variable cost (𝑐𝑗) and a fixed cost (𝐹𝑗) such as transportation to the mill, 

which is required once the farmer decides to mill even a small portion of his harvest (i.e., when 

the indicator function 1(𝑚0 > 0) = 1). Both of these cost components vary by village j. The 

variable cost of milling paddy may include both direct milling costs and indirect costs in the 

form of losses due to low quality milling equipment. We assume that storing paddy incurs no 

out-of-pocket costs, but is instead subject to deterioration such that the quantity of paddy that 

survives storage is given by �̃�1 = 𝑠0𝑞0(1 − 𝛿𝑖𝑗휀), where 𝛿𝑖𝑗 is the expected percent loss in 

storage, which may be farmer- and village-specific,3 and 휀~𝑁(1, 𝜎2) is a stochastic shock to 

this loss rate.  

In this model, there are two pathways by which individual farmer preferences shape optimal 

storage and milling decisions. First, because both decisions entail exposure to risk, they are 

influenced by risk preferences 𝛼𝑖. Second, because the storage decision entails exposure to 

time, it is influenced by time preferences 𝛽𝑖. Distinct from these two preference pathways are 

three structural factors that directly shape farmers’ storage and milling decisions, namely 𝑐𝑗, 𝐹𝑗 

and 𝛿𝑖𝑗. As new mills are constructed, milling equipment is upgraded, or milling capacity is 

expanded, milling costs may fall for nearby farmers. As storage techniques improve the loss 

rate from storage may similarly fall. Similarly, as farmers are better able to objectively test the 

moisture content in paddy before processing using a moisture meter, the price risk due to 

processing (i.e., grain breakage) falls.  

Table 1 below summarizes some of the observable parameters related to the model in our study 

area. When it comes to factors behind the choices made, the data reveals a number of possible 

structural and preference based reasons. A small share of rice farmers either process before 

selling (24 percent) or store for future sales (35 percent) or do both (10 percent). The average 

household is approximately 1.6 km to the nearest milling station. This distance forces a farmer 

to incur a given fixed cost (hiring a car) to move the crop from homestead to the milling place. 

On average, in addition to the fixed transport cost, Fj, a farmer has to pay, cj. TZS 44.44 per 

                                                           
3 In practice, farmers can invest in storing and protecting their stored paddy, which contradicts this assumption. 

It is possible to expand the model to include an out-of-pocket cost of storage that reduces 𝛿𝑖𝑗, but this seems 

unnecessary in this simple conceptual model. 
4 1 USD ≈TZS 1,600 in September, 2013 when the survey and the experiments were carried out. 
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kilogram of paddy processed. Table 1 confirms the importance of time and risk in these 

decisions. Nearly half indicate that uncertainty is the key reason for not processing, while 12 

percent indicate immediate need for cash as the main reason for not processing paddy. 

Panel D reveals that the actual processing outcome data match the self-stated reasons regarding 

the non-processing. Processed high quality rice earns TZS 706 per kg while the corresponding 

figure for low quality is TZS 452. When processing, farmers on average get 0.714 kg rice per 

kg paddy and pay TZS 44 per kg for milling, meaning that the average earning from high and 

low quality is TZS 460 and TZS 279 per kg, respectively. The average reported paddy price is 

TZS 313.5 per Kg. Hence, if a farmer manages to get high quality rice from all processed paddy 

it implies an income increase by about 47 percent. On the other hand, if the processing results 

in a lower high quality share than 20%, the average prices indicate a loss from processing. In 

addition, farmers’ experienced variations in price paid as can be seen in figure 3A in the 

appendix. Regarding seasonal price increases from harvest period and the following months, 

we report monthly Dar es Salaam prices during 2007-2012 (FAO, 2017). There is a clear 

seasonal effect with an average price increase of 26% from August to December, but volatility 

is substantial with a maximum increase of 50% and a minimum of 8% for these six years. 
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Table 1: Descriptive statistics on paddy processing and storage decisions 

Variable Mean SD 

Choices made     

Household stores some rice for future sale (1=yes) 0.35 0.48 

Household processes some rice before selling (1=yes) 0.24 0.43 

Household both stores and processes  (1=yes) 0.10 0.30 

Household preserves (e.g., spraying, rat traps) on stored paddy (1=yes) 0.33 0.47 

Structural factors      

Distance to milling machine (km) 1.59 2.72 

Cost of milling (TZS per kg) 44.4 16.7 

Processing cost is the reason for not processing (1=yes)* 0.17 0.38 

Preference-based factors     

Rice quality uncertainty is the reason for not processing (1=yes)* 0.47 0.50 

Immediate need for money is the reason for not processing (1=yes)* 0.12 0.32 

Choice outcome     

Price_high quality rice (TZS per kg)* 706.2 186.0 

Price_low quality rice (TZS per kg)* 452.4 125.6 

price_paddy (TZS Per kg) 313.5 104.6 

Price difference (high versus low quality rice) 253.9 163.7 

Price increase (%) August-December 2007-2012** 26.0 14.8 

Observations 270   
*The conversion rate from paddy to rice is 0.714**Monthly averages whole sale prices, Dar es Salaam (FAO, 

2017) 

 

3. Description of experiments 

We collected detailed rice production and processing survey data with 337 farm households 

randomly selected from eight villages in the Morogoro region of Tanzania for the farming 

season ending in June 2013. The rice farmers were also asked to participate in lab-in-field- risk, 

ambiguity and time preference experiments. Both the survey and the experiments were 

conducted with the heads of the sampled households. We controlled for two potential order 

effects. First, half of the subjects started with the experiments and then answered survey 

questions, while the other half did the opposite. Second, half of the sample began with the time 

preference game while the other half began with the uncertainty game. All subjects received a 

show-up fee of TZS 3,000 and were informed that some of their earnings would be paid in the 

near future (in 2 weeks, 4 weeks, 24 weeks, or 26 weeks). All the future money would be 

delivered to the respondents through their mobile phone banking accounts on the given date. 
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In order to ensure trust regarding the future payments in the time preference experiments, all 

respondents were guaranteed in front of their local leaders that the future money would be sent 

directly to their mobile phone accounts.5 The average total earnings from the experiments and 

the show-up fee equaled TZS 10,900 (approximately 7 USD), which is equivalent to, on 

average, three days of agricultural work at minimum wage in Tanzania. 

We follow Sutter et al. (2013) to jointly elicit risk, ambiguity, and time preferences from the 

same subject pool. Their design is a simplified version of the multiple price list (MPL) method 

of Holt and Laury (2002)6 modified to consider the comprehension ability of children and 

adolescents who are still in primary or middle school. In contrast to the MPL method, where 

subjects compare gambles with changing probability distributions, in this design subjects only 

compare one (fixed) gamble with monotonically increasing sure amounts, making them 

relatively easier to follow and understand. Subjects are repeatedly asked to choose between a 

fixed gamble (or a constant immediate payoff in the time preference game) and an increasingly 

attractive sure (or future) payoff. The point at which a subject switches from preferring the 

former option to the latter carries information about his or her risk (or intertemporal) 

preferences.7 This design also worked well with farmers in Ethiopia who were largely 

comparable to our subjects (Akay et al., 2012).8  

Risk and ambiguity experiments 

In each experiment, subjects completed a series of 20 ordered choices between playing a lottery 

with a 50% chance of winning (risk) and taking a sure amount. If they chose the lottery, they 

could either win a constant amount of money (TZS 5,000) by betting on the color of a ball to 

be blindly drawn from a bag (i.e., bag A for the risky prospect and bag B for the ambiguity 

prospect) or end up empty-handed. The subject could opt for the sure amount of money at any 

                                                           
5 Actually, early surveyed farmers who opted for a two-week delay received their money (through the mobile 

banking) even before we left the field grounds. 
6 The MPL method is a common method of eliciting time preferences. However it is criticized for 

overestimating discount rates in time preference experiments (Frederick et al., 2002; Andersen et al., 2008; 

Andreoni and Sprenger, 2012). 
7 Another potential problem with MPL is multiple switching. We enforced monotonic switching by asking the 

subjects to choose the point in each series at which they wanted to switch from option A to option B (Harrison et 

al., 2005; Tanaka et al., 2010). 
8 An alternative solution to the problem would be to use a hybrid approach to estimate both time preference and 

risk preference using the convex time budget approach by Andreoni and Sprenger (2012). However, this design 

(originally applied among university students at UC San Diego) seems relatively complex, potentially making it 

hard to understand and to correctly make choices for subjects with low levels of education (Yang and Carlson, 

2012). 
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point in the series of choices. The gamble amount TZS 5,000 was kept constant, while the sure 

amount increased monotonically from TZS 250 to TZS 5,000.  Each respondent made 40 

numbered choices, 20 in the risk and 20 in the ambiguity game, and at the end one of the 

choices was randomly selected to be played with real money. 9  

When a lottery was played for real money, the subject was presented with a container holding 

40 balls, of which 20 were blue and 20 were orange. In the risk experiment, subjects picked 10 

blue balls and 10 orange balls from the container and put them in bag A. The subject saw and 

counted the chosen balls and therefore knew the color distribution of the balls in bag A. In the 

ambiguity game, the subject filled bag B with 20 balls from the same container without seeing 

the chosen colors. Hence, in the ambiguity experiments subjects knew only the total number 

of balls but not the distribution.10  

Using a model-free approach, we calculate the certainty equivalents from raw switching points 

to measure the risk and ambiguity attitudes (Sutter et al., 2013). Certainty equivalents for the 

prospects are calculated as midpoints between the two sure payoffs where the subject switches 

from choosing the lottery to the sure payoff. Thus, we cannot define the certainty equivalents 

of subjects who always chose the lottery. At the other end of the spectrum, for subjects who 

always chose the sure amount, the certainty equivalents were calculated as the midpoint 

between zero and the sure amount in the first row, i.e., TZS 250.  

Denoting the certainty equivalent for risky prospects 𝐶𝐸𝑟 and the lottery prize L (TZS 5,000 in 

our case), we measure the risk attitude as 𝜃 = 1 −
𝐶𝐸𝑟

𝐿
, where 0 ≤ 𝜃 ≤ 1. In this construction, 

θ < 0.5 indicates risk-loving, θ > 0.5 indicates risk-averse, and θ = 0.5 indicates risk neutral 

attitudes. Denoting the certainty equivalent for an ambiguous prospect 𝐶𝐸𝑎, we calculate the 

ambiguity aversion parameter as Ω =
𝐶𝐸𝑟−𝐶𝐸𝑎

𝐶𝐸𝑟+𝐶𝐸𝑎
, where −1 ≤ Ω ≤ 1. The larger the absolute 

difference between the two certainty equivalents, the stronger the ambiguity attitude: Ω =-1, 

Ω = 0 and Ω = 1 indicate extreme ambiguity loving, ambiguity neutral and extreme ambiguity 

averse attitudes, respectively.  

                                                           
9 See table B1 in the appendix for the choice sets.  
10 The chance of winning is still 50%, but this is not obvious to the subjects, hence the label ambiguity. 
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Time preference experiment  

We elicit time preference by letting subjects choose between sure payoffs at two different 

points in time. We use choice lists where the early payoff remains fixed and the later payoff is 

increased monotonically. To test for the presence of a time frame effect, i.e., discount rates 

decrease as a function of time delay like for hyperbolic discounting, and delay/speed-up 

asymmetry and magnitude effects, i.e., larger sums of money suffer from less proportional 

discounting than smaller ones, subjects were presented with five experiment sets designed to 

reflect different delay periods (two weeks and six months)11, different periods of prompt 

payment (today and two weeks from today), and different magnitudes of sooner rewards (TZS 

4,000 and TZS 6,000), respectively (Frederick et al., 2002). To control for the order effect, 

subjects completed these five choice lists in random order. In total, the subjects made 50 

choices in the five randomly presented choice sets. At the end of the experiment, we randomly 

selected one of the sheets and then randomly chose one choice set from the selected sheet to be 

played for a real payment. 

We calculate the future equivalents of the fixed payoff at the earlier point in time as the 

midpoint between the two later payoffs where the respondent chooses to switch from the earlier 

to the later payment. Considering for example sheet 1 in Table B2 of the Appendix, if a subject 

chooses to switch from the sooner amount (i.e., option A) to the later amount (i.e., option B) in 

row 6, then her future equivalent will be calculated as the midpoint between TZS 4,800 and 

TZS 5,000 (i.e., TZS 4,900). The larger the future equivalent, the more impatient the individual 

is. The main limitation of this approach lies in the difficulty of calculating the future equivalents 

for non-switching respondents. 

 

4. Empirical strategy 

When modeling the studied post-harvest decisions, one important challenge to consider that 

the majority of rice farmers sell their rice as unprocessed paddy rather than processed rice (or 

                                                           
11 In order to minimize the confounding effects of inflation, we used relatively short delay periods e.g., 2 weeks, 4 weeks, 

and 24 weeks. 
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sell immediately instead of storing for future sale). This raises econometric issues when 

estimating the models with post-harvest decisions as the dependent variable.12  

Traditional approaches to estimate such models include censored or sample selection models 

such as Tobit and Heckman models (Greene, 2012). These models are based on the latent 

variable or potential outcome framework, where the observed zeros are the outcome of 

assigning zero value to any potential outcome that is below or equal to zero. The model 

therefore implicitly assumes a single underlying distribution of the data. However, these 

models may not be appropriate in cases like ours where the zeros are actual and observable 

(i.e., genuine zeros) rather than the outcome of censoring (Madden, 2008; Neelon, 2013).  

With this limitation in mind, we employ a two-part model to estimate the impact of uncertainty 

and time preferences on rice farmers’ post-harvest decisions. The two-part model allows us to 

jointly model the participation and intensity decisions. The motive behind the two-part model 

is that the participation decision differs from the quantity or intensity decision in a fundamental 

way (Humphreys, 2013). Under this framework, the data is viewed as arising from two distinct 

stochastic processes, the first governing the occurrence of zeros and the second determining 

the observed values given a non-zero response. The model is estimated by using a logit or 

probit model for the probability of observing a non-zero value of the dependent variable, i.e., 

the binary part of the data, along with ordinary least squares (OLS) or generalized linear models 

(GLM) for the sub-sample with positive observations, i.e., the continuous part of the data 

(Buntin, 2003; Madden, 2008). In contrast to the Tobit and Heckman models, the two-part 

model is not motivated by the latent variable framework but rather by the conditional mean 

assumption that: 

𝐸(𝑌𝑖|𝑌𝑖 > 0, 𝑋𝑖) = 𝑋𝑖𝛽.      (3) 

The dependent variable, 𝑌𝑖, is usually log-transformed before the OLS to address the skewness 

problem. This results in the Bernoulli log-normal two-part model, given by: 

𝑓(𝑌𝑖) = (1 − 𝜏𝑖)1(𝑌𝑖=0) + 𝜏𝑖𝐿𝑁(𝑌𝑖; 𝜇𝑖, 𝜎2)1(𝑌𝑖>0),    (4) 

                                                           
12 For example, the presence of many zeros violates the normal distribution assumption of the classical regression 

models (and there is no transformation of the variable that will spread out the zeros and achieve normality), posing 

econometric challenges to hypothesis testing and prediction as the standard t- and F-tests are no longer valid 

(Gujarati, 2004).  
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where 𝜏𝑖 = Pr (𝑌 > 0) and 𝐿𝑁(𝑌𝑖; 𝜇𝑖, 𝜎2) denote the log-normal density evaluated at 𝑌, and 𝜇 

and 𝜎2 denote the mean and variance of ln (𝑌|𝑌 > 0), implying that : 

𝑔(𝜏𝑖) = 𝑔[Pr(𝑌𝑖 > 0)] = 𝑋𝑖
′𝛽1 and 

𝜇𝑖 = 𝐸[ln(𝑌𝑖) |𝑌𝑖 > 0] = 𝑋𝑖
′𝛽2, 𝑖 = 1, … , 𝑛.     (5) 

If the link function (𝜏𝑖) meets the assumption for a probit model, the coefficient 𝛽1 measures 

the change in the log odds of a positive response per one unit change in a given independent 

variable 𝑋𝑖, controlling for other covariates. Likewise, with the log-normal transformation, 𝛽2 

measures the effect of the control variables on the mean ln (𝑌𝑖)|𝑌𝑖 > 0. To calculate the 

marginal effects, one needs to convert back from the log scale.  

We estimate the two-part model, where the dependent variable is either the fraction of the 

harvest that is sold as processed or the fraction of the harvest that is stored for future sales. In 

this way, we take care of the differences in absolute amounts that are probably attributed to 

differences in yields rather than to commitment to the processing/storage decisions. For farmers 

who sell everything as processed, the value of this fraction will be equal to one, while for those 

who process only part of the harvest, it will be less than one. The same applies to the storage 

variable. We then transform the variable into a logarithm, after adding 1 (i.e., log of Y+1), 

recognizing the presence of zeros in our variables. 

We control for both uncertainty and time preference variables, jointly estimated from the lab-

in-field experiments. By doing this, we remove the confounding effect of the risk preference 

behavior on the estimated time preferences. We also control for other important variables, 

including social networks, transaction costs, access to storage facilities, general trust in others, 

total harvests, whether the household has adopted a new yield-enhancing rice-farming 

technology introduced in the area (known as system of rice intensification, or SRI), access to 

the milling/processing machines, and social and economic characteristics. 

 

5. Data and descriptive statistics 

We conducted both the survey and experiments with 337 randomly selected heads of rice-

farming households. The subjects were from eight villages in four different wards of the 

Morogoro region. However, at the time of the survey and the experiments, 69 farmers were at 

the end of the harvesting process and had not yet made their selling decisions. Since we cannot 
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say anything a priori about their marketing choices by the time they harvest, we decided to 

drop this sub-sample from our analysis.13  

Table 2 provides the descriptive statistics of all key variables for the remaining part of the 

sample. We find that rice farmers in the area are on average risk averse with a risk aversion 

measure of 0.56, which means that they on average preferred the fifty-fifty lottery of TZS 

5,000/0 for the first eight lines but preferred the safe TZS 2,250 on line 9 (see table B1 in the 

Appendix). They are ambiguity neutral (0.0), and impatient with the average future 

equivalent of TZS 4,740 compared to the sooner reward of TZS 4,000. As for the social and 

economic variables, the data shows that on average 91 percent of the sampled households are 

male headed. The household head is on average 42 years old and has completed primary 

schooling, which is 7 years in Tanzania. The average household consists of five individuals 

and spends TZS 4,405 per day on basic needs (e.g., food, fuel, water, and transportation). 

Among our respondents, 61 percent had recently adopted a new rice-farming technology 

called System of Rice Intensification (SRI) and 14 percent were Muslim (the rest 

predominantly Christian). The average total harvest in the survey agricultural year was 4.5 

tons per household.  

                                                           
13 One potential problem resulting from this decision is sample selection bias, if the dropped households differ 

systematically from the retained sub-sample. However, we do not find any systematic differences in either, the 

experimental variables, or in the control variables between the two groups (see Table A1 in the Appendix). 
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Table 2: Descriptive statistics of key variables by rice marketing category 

Variable Mean SD 

   

Risk aversion [0,1], 0.5=risk neutral 0.56 0.271 

Ambiguity aversion [-1,1], 0=ambiguity neutral 0.00 0.296 

Impatience-future equivalent ('000 TZS) 4.74 0.425 

   

Age 42.15 11.691 

Male dummy (1=yes) 0.91 0.285 

Household size 4.57 1.883 

Years of schooling 7.13 2.024 

Household daily expenditure on basic needs ('000 TZS) 4.39 2.025 

Asset wealth ('000 TZS) 634.8 1511 

Whether household uses SRI technology 0.61 0.490 

Muslim religion dummy (1=yes) 0.14 0.352 

One generally trusts other people (1=yes) 0.07 0.262 

Total harvest (tonnes) 4.51 4.500 

Social network (number of social groups connected to) 1.87 1.231 

   
Observations 270   

*Share of only those who did not process before selling (206 observations) 

 

 

6. Results 

6.1. Determinants of Experimental Behavior 

Risk and ambiguity behaviors  

On average, we find that rice farmers are risk averse with risk aversion parameters of 0.562 but 

approximately ambiguity neutral with a parameter of 0.009. See Table 3 for the correlates of 

the risk and ambiguity preference behaviors.  

  



16 
 

Table 3: OLS regression analysis for risk and ambiguity attitudes 

  (1) (2) 

VARIABLES risk aversion ambiguity 

      

Male  -0.138** -0.024 

 (0.063) (0.055) 

Years of schooling 0.004 0.010 

 (0.008) (0.007) 

Muslim 0.016 0.006 

 (0.049) (0.033) 

Number of children at home -0.001 0.005 

 (0.005) (0.005) 

Age 0.001 0.001 

 (0.001) (0.001) 

Household size -0.004 0.014 

 (0.010) (0.011) 

Mean daily household expenditure on food (in Log) 0.005 -0.023 

 (0.037) (0.040) 

Wealth (measured as log of total asset value) 0.009 -0.032* 

 (0.014) (0.018) 

Order effect: experiments preceded survey 0.032 -0.080* 

 (0.040) (0.041) 

Order effect: uncertainty games preceded time preference games 0.007 0.011 

 (0.046) (0.048) 

Constant 0.487 0.435 

 (0.329) (0.371) 

   
Village fixed effects YES YES 

Observations 270 270 

R-squared 0.069 0.070 

Robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1   
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The regression results show that males are relatively less risk averse than females, yet the 

difference is not different from zero when it comes to ambiguity behavior. The gender 

difference in risk preferences is consistent with previous findings (Sutter et al., 2013; Yesuf 

and Bluffstone, 2009). We also find that, while household wealth is uncorrelated with risk 

aversion, it is negatively correlated with the ambiguity measure at a 10 percent level of 

significance. The wealthier farmers are relatively less ambiguity averse, other factors held 

constant. 

Given that a large share of households who never process reported fear/risk of ending up with 

a bad outcome (i.e., broken rice) as the major reason for their choice, an opportunity exists to 

investigate whether such stated risk aversion is consistent with the revealed behavior from the 

experiment. Table 4 below suggests a strong positive correlation between stated responses on 

fear of bad outcome and experimental risk aversion. Households that are more risk averse are 

the most likely to report the uncertainty factor as their main reason for selling everything as 

paddy. The correlation gets stronger if we only consider a sub-sample of households who never 

process before selling (column 1 versus column 2). The results are robust even after controlling 

for other covariates of risk preferences (column 3). These results strengthen the internal validity 

of our experimental design and are consistent with Vieider et al. (2015). However, we do not 

find any correlation between experimental risk aversion and stated need for immediate money 

(delay aversion). 

  



18 
 

Table 4: Correlation between experimental risk aversion and stated reason for non-processing 

  (1) (2) (3) 

VARIABLES 

Experimental 

risk (whole 

sample) 

Experimental risk 

(non-processing hhlds 

only) 

Experimental risk (non-

processing hhld only with other 

controls) 

        

Reported 

uncertainty 

aversion 0.288*** 0.390*** 0.401*** 

 (0.029) (0.030) (0.030) 

Reported 

delay aversion -0.036 0.039 0.048 

 (0.044) (0.046) (0.046) 

Male   -0.042 

   (0.046) 

education   0.014** 

   (0.007) 

muslims   0.102*** 

   (0.034) 

siblings   -0.003 

   (0.004) 

age   0.002 

   (0.001) 

hhsize   0.013 

   (0.009) 

Constant 0.457*** 0.382*** 0.188** 

 (0.021) (0.024) (0.094) 

    
Observations 270 206 206 

R-squared 0.277 0.487 0.521 

Robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1 

 

Impatience behavior 

Future equivalents and the implied mean annual discount rates capturing impatience behavior 

of farmers in rural Tanzania are presented in Table 5 below. The results show that future 

equivalents are statistically higher than the early payment for a majority of our sample, 

suggesting that these farmers are on average impatient. A Wilcoxon signed-rank test rejects the 

null hypothesis that the distribution for future equivalents and earlier payment is the same at 

the 1 percent level. This is consistent regardless of delay period, with or without the presence 

of delay, and stake size. We also calculate the implicit discount rate using the future equivalents 

and obtain significantly high mean and median discount rates; see Panel B of Table 5. 
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Consistent with previous literature (e.g., Sutter et al., 2013), we find that discount rates are 

considerably higher with shorter delays (two weeks; columns 1 and 2 in the table) compared 

with longer delays (24 weeks; columns 3 and 4 in the table). We also find weak evidence of 

present bias with short delay periods (columns 1 and 2 in the table), which totally disappears 

with longer delays (columns 3 and 4 in the table).  

 

Table 5 Future equivalents and mean annual discount rates (%)14 

   Delay    

  

2 

weeks 

2 weeks with upfront 

delay 

24 

weeks 

24 weeks with upfront 

delay 

24 weeks, TZS 

6,000 

A: Future equivalent 

(TZS) 4740 4783 4790 4824 6871 

      
B: Annual discount 

rates (%) 431 454 38 40 29 

 

One challenge we encountered in the time preference experiments is that of non-switching 

respondents, which makes it difficult to estimate their future equivalent. In a well-functioning 

capital market, the non-switching could suggest that laboratory interest rates are relatively 

lower than outside market rates, such that it is profitable for rational individuals to take the 

money sooner and lend it to the outside market (Cubit and Read, 2007; Coller and Williams, 

1999). However, this seems unlikely as capital markets hardly exist in the setting of the study. 

Another possible explanation could be that due to generally low levels of education in our 

setting, some of the non-switchers probably did not understand the game instructions. We show 

in Table A2 in the Appendix that only the education variable correlates with the probability of 

non-switching. Subjects with more education are more likely to have switched than those with 

less education. This is robust regardless of the length of the delay period, the stake effect, and 

whether there is an upfront delay.  

In such non-switching behavior, some researchers attempt to recover consistent preferences by 

using some imputation methods, while others drop such subjects as most of such 

inconsistencies are due to either mistakes or misunderstanding of the instructions (Sutter et al., 

                                                           
14 Using continuous discounting, the discount rates are calculated based on the following formula: 

 𝑟 = ln (𝑓𝑢𝑡𝑢𝑟𝑒
𝑒𝑞𝑢𝑖𝑣𝑎𝑙𝑒𝑛𝑡

𝑒𝑎𝑟𝑙𝑦 𝑝𝑎𝑦𝑜𝑓𝑓
) ∗ (

52

𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑤𝑒𝑒𝑘 𝑓𝑜𝑟 𝑡ℎ𝑒 𝑑𝑒𝑙𝑎𝑦
). 
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2013). We follow the latter group, agreeing that no reliably consistent preferences can be 

recovered from such choice lists. We therefore opt to drop the 44 subjects who did not switch 

at all in the subsequent sections of the analysis.  

We then estimate the correlates of the impatient behaviors and present the results in Table 6. 

We find that risk aversion is negatively (and statistically significantly) correlated with the 

future equivalents values. This relationship is robust to all forms of the design (i.e., fe1-fe5), 

controlling for length of delay period, with and without the presence of upfront delay, and stake 

size. This affirms the argument in the literature that time preference parameters are likely to be 

confounded by risk preference behavior, supporting the need to control for both variables in 

the model. We also find that the future equivalent values are indeed affected by whether 

uncertainty or time preference experiments are administered first (i.e., order effect). More 

exactly, subjects who played the uncertainty games first were more likely to demonstrate a 

higher level of impatience (i.e., higher future equivalents) in the time preference games, and 

vice versa. However, just as in the uncertainty experiments, the survey vs. experiment order 

does not matter statistically. 
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Table 6: OLS regression analysis for time preference attitudes (future equivalents)  

  (1) (2) (3) (4) (5) 

VARIABLES fe1 fe2 fe3 fe4 fe5 

            

risk_5000 -479.0*** -495.8*** -532.3*** -512.1*** -548.9*** 

 (141.1) (141.3) (143.8) (148.1) (163.9) 

Ambiguity -15.44 -70.53 25.42 45.93 65.24 

 (101.7) (112.2) (106.7) (115.4) (135.7) 

Expenditure 0.012 0.008 0.006 0.020 -0.004 

 (0.014) (0.014) (0.014) (0.015) (0.017) 

Hhsize -26.093 -22.892 -8.135 -20.369 -22.831 

 (16.401) (17.074) (17.643) (18.373) (19.631) 

Age -1.468 -3.222 -1.802 0.046 -2.817 

 (2.601) (2.937) (2.875) (2.925) (2.790) 

Male 197.6** 123.5 74.28 134.6 175.7 

 (93.44) (84.13) (111.2) (104.7) (109.6) 

Education -0.750 -13.847 17.217 -10.016 2.112 

 (13.10) (15.21) (18.89) (17.47) (15.69) 

Muslims -6.062 95.26 55.38 91.18 111.2 

 (73.37) (81.54) (85.86) (93.67) (101.5) 

Siblings 3.610 2.799 -2.291 -12.310 -1.512 

 (9.567) (8.362) (8.703) (10.488) (9.420) 

Trust 2.263 -15.11 -26.21 -38.43 -25.06 

 (29.91) (34.09) (34.51) (34.20) (36.62) 

Lwealth 10.243 12.690 -10.199 0.670 19.212 

 (21.51) (28.80) (25.62) (27.01) (32.54) 

Order effect: experiments preceded 

the survey -14.18 29.55 -59.39 -160.6** -49.87 

 (60.49) (65.55) (68.67) (65.44) (73.33) 

Order effect: uncertainty preceded 

the time preference experiments 103.3* 140.0** 82.48 128.4* 154.3** 

 (54.41) (60.16) (59.63) (65.40) (66.03) 

Constant 4,759*** 5,008*** 5,155*** 5,189*** 6,981*** 

 (338.0) (387.4) (355.3) (350.7) (454.9) 

      
Observations 226 219 196 195 226 

R-squared 0.148 0.145 0.140 0.176 0.153 

Robust standard errors in 

parentheses      
*** p<0.01, ** p<0.05, * p<0.1 

      
 

6.2. The role of preferences in rice farmers’ decisions 

Table 7 below presents the estimation results from the two-part model. Panel A shows the 

estimation results for the processing decision and Panel B the result for the storage decision. 

The first column of each panel presents the binary probit results for the participation decision 

(i.e., the choice to process/store some fraction of the crop) and the second column shows the 

effect of the variables on the log of the actual fraction sold as processed (fraction stored), given 
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a decision to process (to store) (i.e., the OLS results). In order to explain our results in line with 

the conceptual framework for farmers’ post-harvest decisions presented in section 2, we 

categorize the explanatory variables into “preference-based factors”, “structural factors” and 

“other factors”.   

The regression results in Panel A, column 1 show that among the preference-based factors, risk 

preference behavior (𝛼𝑖) indeed has a significant influence on farmers’ decision about which 

rice product to sell. The coefficient of the risk aversion measure is negative and statistically 

significant at the 5 percent level. Consistent with our hypothesis, more risk-averse farmers are 

less likely than their counterparts to sell processed rice. However, we find that neither 

ambiguity nor impatience (𝛽𝑖) affects the decision regarding which rice product to sell. We 

note that the main explanation for the time preference results could be the very short time 

farmers take to dry their paddy before processing and the low level of waiting in line at the 

mill, something that we learned later in the project. On average, farmers use only 0.6 days to 

sun-dry the paddy before it is ready for processing and 97 percent of the respondents have 

reasonably close access to the milling machines, saving them time by not having to wait in line. 

We did not foresee such results a priori, but it should be kept in mind that they may differ in a 

setting with different solar intensity during the harvest and less access to milling machines. 

Moving on to structural factors, we find that distance to the milling machine (𝐹𝑗) has a 

significant effect on farmers’ decision about which rice product to sell. The coefficient of the 

variable “distance to the milling machine” is negative and statistically significant at the 5 

percent level. As outlined in our conceptual framework, farmers living far away from a milling 

machine are less likely to process paddy. We don’t find the milling cost per kg (𝑐𝑗) to have a 

statistically significant effect on the decision to process paddy. 

Probit regression results for the participation equation also suggest that all other social and 

economic characteristics have the expected signs of influence on the decision to process paddy. 

Younger farmers and relatively more educated ones are more likely to sell processed rice than 

their counterparts. This is plausible as education enables people to assess uncertainties and 

make more informed decisions. Households’ economic status (measured in wealth) and total 

amount of rice harvested have a positive effect on the decision to process paddy before selling, 

although the former is not statistically significant.  
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The second column in Panel A presents the results for the second part of the model, the 

determinants of the actual fraction of the harvest sold as processed (converted to natural 

logarithms), given a decision to process. Although we did not anticipate these results a priori, 

we find that none of our main preference and structural variables influence the processing 

intensity. For example, the risk measures do not influence intensity, which plausibly implies 

that when a farmer has decided to process the harvest, the magnitude of his or her risk aversion 

does not affect the amount to be processed. These findings suggest that the gains from selling 

processed rice are fundamentally threatened by the risk of getting a bad outcome from 

processing, but once the farmer is optimistic about the outcome (i.e., a risk lover in this setting), 

he or she processes everything set aside for selling, which makes risk preferences not influence 

the second stage of the decision. There could be several reasons for such intensity choices. For 

example, once the farmer has decided to process, it could be of interest to process everything 

and sell at once to minimize the transaction costs associated with crop marketing (e.g., 

convenience, transport costs, and processing). This is even more relevant in rural settings where 

bulk buyers (i.e., the middle men) show up at the village market only a few times a month and 

also considering that these farmers usually do not have so much to sell. Figure 1A in the 

Appendix shows that nearly 70 percent of those who chose to sell part of their crop as processed 

actually processed 100 percent of their sales. Consequently, we find that none of the other 

explanatory variables (except trust) are statistically significant in explaining the intensity 

decision.  

Moving to Panel B of Table 7, we document that preference-based factors are important in 

explaining farmers’ decision to store crops for future sales as shown by the coefficients of risk 

aversion (𝛼𝑖) and impatience (𝛽𝑖). Both coefficients are statistically significant at the 1 percent. 

More risk-averse and impatient farmers are more likely to sell their harvest right away instead 

of storing it for expected future higher income. The risk results support the existing body of 

literature that has documented the erratic nature of intertemporal price trends in developing 

countries (Burke, 2014; Bellemare et al., 2013; Saha and Stroud, 1998). The revenue gain from 

the intertemporal arbitrage is uncertain and influenced by several factors, including the price 

of substitutes, availability of imports, and expectations regarding future harvests. Farmers’ 

responses to such uncertainties tend to differ, and we provide evidence that risk-averse farmers 

are likely to be more cautious. When it comes to the storage decision, patient farmers accept 

the cash delay associated with storing at harvest to a larger extent in exchange for higher 

expected income, which is reflected by the time preference results.  
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The storage decision regressions in panel B also control for structural factors. We take the 

binary variable “satisfied with in-house storage” as a proxy for the expected percent loss in 

storage (𝛿𝑖𝑗), which we modeled to explain farmers’ storage decision in the conceptual 

framework. We do not find significant effects of these factors on the decision to store paddy or 

not, except (𝑐𝑗) the variable cost of milling (significant at the 10 percent). Plausibly, the higher 

the cost of milling per kg of paddy processed, the lower the quantity of paddy the farmer stores 

for future sales.  

Finally, we observe that while male-headed and SRI-adopting households are more likely than 

their counterparts to store for arbitrage reasons, the opposite is true for larger families and 

households that incur preservation costs. Not all farmers usually incur extra preservation costs 

given a storage decision. We find that those who reported to have incurred such costs at least 

in the previous farming season were less likely to store during the current season, ceteris 

paribus.  

Our findings have important implications for policies that aim at improving income to reduce 

rural poverty. Addressing the causes of outcome uncertainty due to processing (i.e. determinant 

of good or bad quality rice) could make farmers to choose a more profitable option, i.e., to sell 

processed rice rather than paddy. Potential source of such uncertainty is documented to be 

mainly the wrong level of moisture content in the paddy at the time of processing. Not knowing 

about and/or not having access to a moisture meter (a modern device for testing moisture levels 

in cereals) makes the decision to process paddy more of a gamble. The effect of such 

uncertainty will very likely be pronounced if farmers have to travel long distance to access a 

milling machine. Increasing farmers’ access to and training on the meters could change their 

behavior and hence their welfare, all else being equal. The welfare gains from processing paddy 

could be substantial to farmers if the key structural constraints such as access to reliable milling 

machines are addressed in the long run. 
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Table 7. Determinants of paddy processing and storage (two-part regression results) 

  Panel A: Processing Panel B: Storage for sale 

VARIABLES 1 - Probit 2- OLS 3- Probit 4- OLS 

Preference-based factors 

Risk aversion  -0.0832** 0.0429 -0.180*** 0.00561 

 (0.0424) (0.0272) (0.0588) (0.00628) 

Ambiguity aversion -0.197 0.201 -0.265 -0.0161 

 (0.346) (0.152) (0.466) (0.0477) 

Impatience (future equivalents) -0.000550 -0.00565 -0.119*** 0.000427 

  (0.0197) (0.00931) (0.0296) (0.00396) 

Structural factors 

Milling cost (TZS per kg of paddy) 0.00929 0.00323 0.0131 -0.00149* 

 (0.00680) (0.00384) (0.0122) (0.000891) 

Distance to the milling machine (log of km) -0.413** 0.217 -0.134 0.00716 

 (0.203) (0.145) (0.226) (0.0221) 

Satisfied with in-house storage (dummy)  -0.211 0.0338 

   (0.300) (0.0334) 

Log distance to village warehouse (km) 0.0652 -0.0416 0.127 0.0149 

 (0.0894) (0.0353) (0.143) (0.0120) 

Other factors 

Total harvest (log) 0.400** -0.0604 -0.187 -0.0133 

 (0.175) (0.0508) (0.223) (0.0267) 

Male dummy -0.151 0.131 1.025** -0.0656 

 (0.439) (0.227) (0.467) (0.0547) 

Age (years) -0.0342*** -0.00253 0.0215 0.00118 

 (0.0106) (0.00397) (0.0161) (0.00126) 

Education (years of schooling) 0.213*** -0.0235 -0.0582 0.00376 

 (0.0605) (0.0312) (0.0605) (0.00735) 

Household size 0.0847 -0.0311 -0.172** 0.00400 

 (0.0601) (0.0388) (0.0852) (0.00911) 

Asset wealth (log) 0.116 0.0393 0.0931 0.0222* 

 (0.0871) (0.0367) (0.122) (0.0116) 

SRI adopters (dummy) -0.557** -0.0130 0.540* -0.0485 

 (0.231) (0.0783) (0.298) (0.0331) 

Social network (number of social groups) 0.598 -0.00576 -0.434 0.0372 

 (0.430) (0.137) (0.544) (0.0599) 

General trust in others (dummy) 0.281 -0.335** -0.530 0.00126 

 (0.372) (0.155) (0.599) (0.0681) 

Mean daily expenditure (log) 0.127 0.0900 0.105 0.0188 

 (0.214) (0.0897) (0.295) (0.0320) 

Whether preservation during storage (dummy)  -0.714** -0.00783 

   (0.353) (0.0339) 

Village_dummies and Order effects YES YES YES YES 

Constant -6.754** 0.0951 10.17*** -0.0203 

 (2.855) (1.101) (3.566) (0.378) 

Pseudo R-2 0.2087  0.3105  
Observations 226 226 226 226 

Robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1. 
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7. Conclusion 

In this paper we carry out lab-in-field experiments with rice farmers in the Morogoro region in 

Tanzania to elicit ambiguity aversion, risk aversion, and time preferences. We use the design 

of Sutter et al. (2013) and our results are in line with previous experiments, indicating that the 

design is useful also in an environment with subjects having limited education. Our 

experimental measures suggest that rice farmers are on average slightly impatient and risk and 

ambiguity averse. We linked the estimated parameters to the real world decisions of the rice 

farmers to process/not process some of their paddy and to store/not store some of their harvest 

in order to obtain an expected higher price in the future. The contributions of the paper are 

therefore in jointly controlling for risk aversion, ambiguity aversion, and time preference 

parameters to model actual post-harvest decisions of farmers concerning paddy processing and 

storing of yield. These important decisions of smallholder farmers have not received sufficient 

attention in previous studies.    

Morogoro rice farmers seem to be involved in suboptimal marketing behavior to a large extent, 

as is common among poor farmers in developing countries. A large fraction of our sample sell 

their harvest as unprocessed paddy, despite the fact that their income from processing and 

selling it as rice could be expected to be substantially higher. Similarly, many farmers refrain 

from storing paddy for later sale at an expected higher price.  

When we link the experimental parameters to field behavior, we find that storing harvest for 

future sales is more likely among those who are more risk neutral and more patient, as well as 

among male-headed households. As for the processing decision, we show that farmers who are 

more risk neutral, younger, and more educated are more likely to process their paddy. Shorter 

distance to the milling machines and larger total harvest also imply an increased likelihood of 

processing harvest, and larger households are less likely to store rice for future sales. Most 

notable for our sample is the high predictive power of our experimentally elicited risk 

preferences for field behavior, with regard to both processing and storing. Previous studies 

have often found low predictive power of risk preferences (e.g., Dohmen et al., 2011; Sutter et 

al., 2013). Although we experienced some problems when assessing time preferences, our 

impatience parameter is significant at the 1 percent level of significance in explaining farmers’ 

choice to store paddy for future sale. 
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Overall, our results support the claim by Tanaka et al. (2010) that risk aversion and impatience 

partly explain why some people remain poor. The rice farmers in Kilombero, Morogoro, would 

certainly benefit from better credit facilities and insurance possibilities. Similarly, improved 

infrastructure in terms of better roads and increased access to motorized vehicles would extend 

their potential market range. 
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APPENDIX 

 

Table A1: Probit estimation results: Determinants of the rice selling status at the time of 

the survey 

VARIABLES sold 

    

Risk (experimental measure of risk aversion) -0.533 

 (0.482) 

Ambiguity (experimental measure of ambiguity aversion) -0.00420 

 (0.299) 

Future equivalent -6.11e-05 

 

(0.000223

) 

cost_milling (Rice milling cost per kg in TZS) 0.00122 

 (0.00645) 

Totalharvest (Total rice harvested by the household from all its plots) 4.29e-05 

 (3.76e-05) 

Usesri (Dummy variable for whether household has adopted SRI technology)  0.206 

 (0.208) 

Age (Age of the head of household in years) -0.0122 

 (0.00876) 

Education (Years of schooling of household head) 0.105** 

 (0.0458) 

Wealth (measured as log of asset values) -0.0888 

 (0.0980) 

price_paddy -0.000461 

 

(0.000795

) 

Male dummy 0.284 

 (0.324) 
Social network dummy (total number of social and farming groups the household is connected 

to) 0.102 

 (0.0897) 

Village fixed effects YES 

  

Constant 1.333 

 (1.608) 

Pseudo R2 0.1377 

Observations 271 

Robust standard errors in parentheses  
*** p<0.01, ** p<0.05, * p<0.1  
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Table A2: Probit estimation results: Determinants of the non-switching behavior in the time 

preference experiments 

  (fe1) (fe2) (fe3) (fe4) (fe5) 

VARIABLES switch1 switch2 switch3 switch4 switch5 

            

Years of education 0.150*** 0.189*** 0.139*** 0.0905** 0.151*** 

 (0.0489) (0.0546) (0.0482) (0.0459) (0.0505) 

Age of the respondent -0.00845 -0.00244 -0.00684 -0.000711 -0.0113 

 (0.00881) (0.00814) (0.00746) (0.00742) (0.00817) 

Risk aversion -0.176 -0.866** -0.180 0.121 -0.270 

 (0.412) (0.401) (0.353) (0.351) (0.405) 

Ambiguity aversion 0.0351 0.383 -0.142 0.117 0.276 

 (0.356) (0.357) (0.329) (0.327) (0.345) 

Male dummy -0.181 -0.674 -0.750* -0.383 -0.578 

 (0.379) (0.446) (0.385) (0.323) (0.437) 

Daily expenditure -4.63e-05 -3.79e-05 2.91e-06 3.52e-05 4.42e-05 

 (4.73e-05) (4.73e-05) (4.48e-05) (4.59e-05) (4.75e-05) 

Asset wealth 0.102 0.193** 0.0299 -0.00927 0.0201 

 (0.0798) (0.0852) (0.0698) (0.0753) (0.0768) 

Degree of trust in others -0.0316 -0.122 -0.0690 -0.0721 -0.125 

 (0.113) (0.110) (0.0952) (0.0982) (0.111) 

Household size  0.158*** 0.106* 0.120** 0.139*** 0.117** 

 (0.0609) (0.0566) (0.0490) (0.0483) (0.0547) 

Muslim dummy 0.00658 -0.268 0.0693 0.169 0.0399 

 (0.261) (0.246) (0.244) (0.249) (0.270) 

Constant -1.116 -1.558 -0.0680 -0.240 0.432 

 (1.118) (1.135) (0.952) (1.007) (1.084) 

      
Observations 270 270 270 270 270 

Robust standard errors in parentheses      
*** p<0.01, ** p<0.05, * p<0.1      
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Table B1: Risk/ambiguity aversion decision sheet  

A: Risk prospects 

In each of the choice sets numbered 1-20 below, please indicate whether you would like to take 

a sure but smaller amount or gamble and draw a ball from a container (i.e., a lottery). The 

container holds 20 balls, of which ten are white and ten are red. If you get a white ball you win 

TZS 5,000. Please complete each row numbered 1-20 by marking one of the two boxes. 

B: Ambiguity prospects 

In each of the choice sets numbered 1-20 below, please indicate whether you would like to take 

a sure but smaller amount or gamble and draw a ball from a container (i.e., a lottery). The 

container holds 20 balls, of which some are white and some are red. You pick a color, and if 

you get that color you win TZS 5,000. Please complete each row numbered 1-20 by marking 

one of the two alternatives. 

 Gamble  Sure reward in TZS Risk* 𝜃 = 1 −
𝐶𝐸𝑟

𝐿
 

1. Draw from container A     ___ Or Get 250     ___ 0.975 

2. Draw from container A     ___ Or Get 500     ___ 0.925 

3 Draw from container A     ___ Or Get 750     ___ 0.875 

4 Draw from container A     ___ Or Get 1,000  ___ 0.825 

5 Draw from container A     ___ Or Get 1,250  ___ 0.775 

6 Draw from container A     ___ Or Get 1,500  ___ 0.725 

7 Draw from container A     ___ Or Get 1,750  ___ 0.675 

8 Draw from container A     ___ Or Get 2,000  ___ 0.625 

9 Draw from container A     ___ Or Get 2,250  ___ 0.575 

10 Draw from container A     ___ Or Get 2,500  ___ 0.525 

11

. 

Draw from container A     ___ Or Get 2,750  ___ 0.475 

12

. 

Draw from container A     ___ Or Get 3,000  ___ 0.425 

13 Draw from container A     ___ Or Get 3,250  ___ 0.375 

14 Draw from container A     ___ Or Get 3,500  ___ 0.325 

15 Draw from container A     ___ Or Get 3,750  ___ 0.275 

16 Draw from container A     ___ Or Get 4,000  ___ 0.225 

17 Draw from container A     ___ Or Get 4,250  ___ 0.175 

18 Draw from container A     ___ Or Get 4,500  ___ 0.125 

19 Draw from container A     ___ Or Get 4,750  ___ 0.075 

20 Draw from container A     ___ Or Get 5,000  ___ 0.025 

*This measure was not included to subjects, but indicate that if a subject for example prefers 

gamble line 1-9 but prefers getting a safe TZS 2.500 on line 10 his/her risk aversion is 0.525. 

Respondents with 𝜃 > 0.5 are labelled riskaverse 
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Table B2: Time preference decision sheets 

In each of the choice sets numbered 1-10 below, please indicate whether you would like the 

smaller sure payment today (or two weeks from today) or the larger payment for sure in two 

weeks (or 4 weeks/six months) from today. Please complete each row numbered 1-10 by 

marking the preferred option. 

S/N Reference 

period 

Future 

period 

Current 

amount 

(A) 

Future 

amount(B) 

Mark a preferred 

option A or B 

Sheet 1 

1 Today 2 weeks  4,000 4,000 A or B 

2 Today 2 weeks  4,000 4,200 A or B 

3 Today 2 weeks  4,000 4,400 A or B 

4 Today 2 weeks  4,000 4,600 A or B 

5 Today 2 weeks  4,000 4,800 A or B 

6 Today 2 weeks  4,000 5,000 A or B 

7 Today 2 weeks  4,000 5,200 A or B 

8 Today 2 weeks  4,000 5,400 A or B 

9 Today 2 weeks  4,000 5,600 A or B 

10 Today 2 weeks  4,000 6,000 A or B 

Sheet 2 

1 2 weeks  4 weeks  4,000 4,000 A or B 

2 2 weeks  4 weeks  4,000 4,200 A or B 

3 2 weeks  4 weeks  4,000 4,400 A or B 

4 2 weeks  4 weeks  4,000 4,600 A or B 

5 2 weeks  4 weeks  4,000 4,800 A or B 

6 2 weeks  4 weeks  4,000 5,000 A or B 

7 2 weeks  4 weeks  4,000 5,200 A or B 

8 2 weeks  4 weeks  4,000 5,400 A or B 

9 2 weeks  4 weeks  4,000 5,600 A or B 

10 2 weeks  4 weeks  4,000 6,000 A or B 

Sheet 3 

1 Today 24 weeks  4,000 4,000 A or B 

2 Today 24 weeks  4,000 4,200 A or B 

3 Today 24 weeks  4,000 4,400 A or B 

4 Today 24 weeks  4,000 4,600 A or B 

5 Today 24 weeks  4,000 4,800 A or B 

6 Today 24 weeks  4,000 5,000 A or B 

7 Today 24 weeks  4,000 5,200 A or B 

8 Today 24 weeks  4,000 5,400 A or B 

9 Today 24 weeks  4,000 5,600 A or B 

10 Today 24 weeks  4,000 6,000 A or B 
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 Sheet 4     

1 2 weeks  26 weeks  4,000 4,000 A or B 

2 2 weeks  26 weeks  4,000 4,200 A or B 

3 2 weeks  26 weeks  4,000 4,400 A or B 

4 2 weeks  26 weeks  4,000 4,600 A or B 

5 2 weeks  26 weeks  4,000 4,800 A or B 

6 2 weeks  26 weeks  4,000 5,000 A or B 

7 2 weeks  26 weeks  4,000 5,200 A or B 

8 2 weeks  26 weeks  4,000 5,400 A or B 

9 2 weeks  26 weeks  4,000 5,600 A or B 

10 2 weeks  26 weeks  4,000 6,000 A or B 

      

Sheet 5 

1 Today 2 weeks  6,000 6,000 A or B 

2 Today 2 weeks  6,000 6,250 A or B 

3 Today 2 weeks  6,000 6,500 A or B 

4 Today 2 weeks  6,000 6,750 A or B 

5 Today 2 weeks  6,000 7,000 A or B 

6 Today 2 weeks  6,000 7,250 A or B 

7 Today 2 weeks  6,000 7,500 A or B 

8 Today 2 weeks  6,000 7,750 A or B 

9 Today 2 weeks  6,000 8,000 A or B 

10 Today 2 weeks  6,000 8,250 A or B 

 

 

 

Source: Authors’ own calculations 
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Figure 3A: Kernel distribution of prices by product type  

Panel A: Gross prices (i.e. not accounting for milling costs) 

 
 

 
Panel B: Net prices (i.e. after netting out the milling cost) 
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Picture 1: Demonstrating a risk lottery during the pilot experimental session

 

Picture2: An example of an experimental session 

 


