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A B S T R A C T   

Maintaining staple grains throughout the year and managing liquidity are two major challenges that smallholder 
farmers face at harvest. We implemented a randomized controlled trial in Tanzania that was designed to address 
these post-harvest constraints. First, we offered treated farmers two hermetic (airtight) storage bags, which 
helped preserve grain quantity and quality. Second, we offered other treated farmers a loan at harvest, which 
reduced the liquidity constraints they faced. Repayment was due with interest six months from harvest when 
maize prices were traditionally higher. We did not find a significant impact of the storage intervention. However, 
those offered the loan stored 29 percent more and sold 50 percent more maize on average in the lean season 
compared to farmers in the control group. Nevertheless, an unexpected maize export ban in Tanzania likely 
attenuated the outcomes of both interventions. This highlighted the challenges surrounding agricultural financial 
products in the developing world.   

1. Introduction 

While improving staple crop production remains a major challenge 
in Sub-Saharan Africa (SSA), smallholder farm households growing 
maize and other grains face numerous challenges in the post-harvest 
season. First, maintaining the quantity and quality of stocks 
throughout the year is difficult because pests consume grain in storage, 
reducing the quantity available to households (Chegere et al., 2021; 
Omotilewa et al., 2018). Likewise, fungi that produce mold and aflatoxin 
infect poorly stored grain, reducing the quality of safe food available to 
households (Bauchet et al., 2021; Magnan et al., 2021). This undermines 
both food safety and food security of limited resource households 
throughout the year. 

The second challenge deals with price seasonality and lack of credit 
because grain prices are usually lower at harvest than later in the season. 
Unfortunately, pressing liquidity demands mean that households are 
often unable to exploit the significant price seasonality in many grain 

markets in SSA (Abdoulaye and Sanders, 2006; Aggarwal et al., 2018; 
Dillon, 2021). As a result, they may end up in a situation called the 
“sell-low, buy-high” phenomenon where they sell their maize for low 
prices at harvest to pay off debts and meet expenses, only to buy back 
grains for consumption when prices are normally at their highest later in 
the year (Stephens and Barrett, 2011; Bergquist et al., 2019). In com-
bination, pest damage and economic constraints create a situation that 
undermines food security and reduces income for smallholder farmers in 
SSA. 

With these considerations in mind, the objective of the present article 
is to test the extent to which both the post-harvest quantity/quality 
constraint and the post-harvest liquidity constraint impact smallholder 
farmers’ decision-making behavior related to maize inventories and 
maize sales. We conducted a randomized controlled trial (RCT) in the 
Mbeya region in the southern highlands of Tanzania during the 2017/18 
harvest season to test the relative importance of each constraint for 
smallholder farmers. 
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The first treatment dealt with the quantity and quality challenges 
faced by smallholder farmers. We provided randomly selected partici-
pants with a new storage technology, namely two hermetic (airtight) 
storage bags that each held up to 100 kg of shelled maize. The hermetic 
bags protected stored grain by killing insects and neutralizing mold 
growth. The bags can reduce PHL to nearly zero when used properly 
(Baributsa et al., 2014). As a result, hermetic bags are a potentially 
important technological innovation for smallholder farmers because in 
their absence farmers take other adaptation measures to mitigate PHL. 
These include applying chemical insecticides to kill insects that eat 
stored grain. Insecticides help to preserve quantity but reduce food 
quality by making grain less safe to eat. Use of storage insecticides on 
maize was widespread by smallholders in our study area, and Kaminski 
and Christiaensen (2014) found that 49% of smallholders in Tanzania 
applied storage protectants to their maize during the 2010/11 season. 

Furthermore, while survey data often indicates that farmers report 
relatively low levels of post-harvest losses, there is little doubt that large 
losses can occur. For example, Kaminiski and Christiaensen found that 
average PHL in Tanzania was between only between 2.9 and 4.4% in the 
2008/19 and 2010/11 seasons. However, those who experienced PHL 
actually lost between 19.7 and 23.1% of their maize harvest. Thus, the 
hermetic bag technology intervention had the potential to help small-
holders in our study maintain grain quantity during storage by pro-
tecting them from average and extreme losses, while also preserving 
quality by eliminating the need for storage chemical insecticides. 

The second intervention addressed farmers’ liquidity constraints at 
harvest by offering them access to a loan product that was new to them. 
Randomly selected farmers were offered a loan of $36.00 in cash at 
harvest, which was equivalent in value to two 100 kg bags of shelled 
maize on the market during that time. Recipients collateralized the loan 
with 200 kg of maize stored in two hermetic bags, and loan repayment 
was due six months later at 12% interest (24% annual rate), when maize 
prices were expected to be much higher.1 

The credit product we offered allowed households to borrow against 
their maize stock and take advantage of intra-seasonal price variation. 
Past studies have investigated the extent to which intra-seasonal price 
risk is a reason why households do not store to take advantage of intra- 
seasonal arbitrage opportunities (Saha and Stroud, 1994). Though both 
the recent and longer-run historic seasonal maize price data for the 
Mbeya region suggested a consistent price rise of greater than 40% in the 
six months following harvest (see Figs. 1–3), large intra-seasonal price 
increases do not necessarily happen every year (Chapoto and Jayne 
2009; Cardell and Michelson, 2020). Regardless, the fact that the loan 
value was collateralized by maize stored in hermetic bags reduced the 
downside price risk that farmers faced, and reduced risk for the NGO 
who offered the loan. Furthermore, respondents were able to repay their 
loan in installments, and they could also repay their loan earlier than six 
months or hold their grain longer and repay the loan later than the six 
month timeframe. 

This article builds upon the limited previous experimental research 
that has tried to understand and test interventions that could alleviate 
smallholder farmers’ post-harvest constraints and help them benefit 
from intra-seasonal grain price arbitrage opportunities. One set of 
studies investigated how access to credit at harvest relieves liquidity 
constraints. For example, Bergquist et al. (2019) implemented an RCT in 
Kenya where recipients were offered a loan at harvest similar to the one 
in the present study. The authors found that providing credit immedi-
ately after harvest increased farmers’ profits from maize sales on 

average. Delavallade and Godlonton (2020) evaluated a harvest credit 
and community warehouse storage program in Burkina Faso. They 
found that participants in the program stored longer and obtained a 
higher sales price for their crops and thus received higher revenue on 
average. However, both the Bergquist, Burke and Miguel, and the 
Delavallade and Godlonton interventions collateralized stored grain 
using traditional technologies that offered no protection from insects 
and mold. As such, they did not address the quantity/quality constraint. 

Previous research that investigated the impact of improved storage 
technology on relieving the quantity/quality constraint has found that it 
plays a critical role in affecting smallholders’ decisions at harvest. For 
example, Aggarwal et al. (2018) implemented an RCT in Kenya that 
provided farmers the option of storing their maize collectively with 
members of their village savings group in hermetic bags. The authors 
found that households who accepted this treatment stored maize longer, 
sold 23% more maize on average, and were able to obtain higher prices 
than the control group by waiting until later in the year to sell. Nindi, 
Ricker-Gilbert, and Bauchet (2021) also combined hermetic bags and 
group storage as part of an RCT in Malawi and found positive benefits to 
the length of time and quantity of legumes stored after harvest. Another 
recent RCT in Uganda found that farmers who were randomly offered 
hermetic bags stored significantly more maize for a longer period of time 
(Omotilewa et al., 2018), while an RCT in Tanzania found that house-
holds who were randomly offered hermetic bags had a 38% lower 
prevalence of food insecurity in the lean season (Brander et al., 2021). 
Another study found that those offered hermetic bags stored maize 
longer, lost less, stored better quality maize, and obtained a higher price 
for maize that they sold (Chegere et al., 2021). Though these studies 
addressed storage quantity, and quality constraints using hermetic bags, 
none of them tested the effect of credit on reducing liquidity constraints 
faced by smallholders in the post-harvest season. 

By evaluating both a storage intervention and a credit intervention, 
our study builds on the previous literature cited above, which focused on 
reducing either the quantity/quality or the liquidity constraint at har-
vest individually but not in combination. We also compliment previous 
literature that sought to understand factors that affect seasonal variation 
in household consumption, welfare and investment. For example, of-
fering credit to households in the lean season has been found to induce 
smallholders to work more on their own farm and increase agricultural 
investment and output (Fink et al., 2020). In addition, offering house-
holds access to formal savings accounts has been found to promote 
productive investments and income (Brune et al., 2016; Flory 2018). In 
this regard, our study is perhaps the closest in terms of design to Basu 
and Wong (2015), where the authors introduced a new storage tech-
nology and a food credit program during the lean season in Indonesia. 
They found that the food credit intervention increased income and 
minimized seasonal gaps in consumption. Our study compliments Basu 
and Wong because they offered participants an in-kind loan for food in 
the lean season that was repaid at harvest, while we offered participants 
credit at harvest to be paid back with grain sales in the lean season. The 
credit loan offered by Basu and Wong during the lean season was meant 
to help reduce seasonal declines in consumption, while the loan at 
harvest in our intervention was designed to help smallholder farmers 
take advantage of expected seasonal price increases to increase income. 
In addition, we tested whether access to improved storage technology to 
reduce quantity and quality loss or access to credit at harvest to reduce 
liquidity constraints is more important for household income. In doing 
so, we offer important insights into smallholder behavior and evidence 
about whether it is more effective to target post-harvest interventions 
towards technological or financial innovations. 

Our results indicated that there was a great deal of interest in the 
loan product as well as the storage intervention. Eighty percent of the 
farmers to whom we offered the loan product accepted it. This was 
higher than the 60–65% uptake that Bergquist et al. (2019) found for a 
comparable loan product in Kenya. Theirs was already much higher than 
uptake of micro-credit products in general, which Karlan et al. (2010) 

1 Our intervention does not have a full factorial design because we could not 
incorporate a separate credit intervention without using maize stored in her-
metic bags as collateral. The NGO that offered the loan did not see that option 
as a viable financial product, because they were concerned about farmers not 
maintaining the quantity and quality of the collateralized maize without storing 
it in hermetic bags. 
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found to range between 2 and 55%. 
While we did not find statistically significant impacts of the storage 

intervention on its own, our credit intervention allowed farmers to store 
29% more maize until later in the year and resulted in a 50% increase in 
the overall quantity of net maize sales throughout the year. Evidence 
suggested that this increase was driven by sales in the later part of the 
year when prices were traditionally higher. We also found that the sub- 
sample of participants who were already net sellers of maize before our 
intervention benefited more from our treatment as compared to those 
who were net buyers or autarkic during the baseline year. 

It is worth noting that the maize price pattern during our interven-
tion year affected our results. Maize prices did not rise in the lean season, 
in contrast to the previous years’ price patterns, because the government 
of Tanzania imposed an export ban on the crop. The government 
intervention introduced additional maize supply on the domestic mar-
ket, which depressed maize prices. This likely attenuated the outcomes 
in our intervention related to maize sales and storage. The ban high-
lights the challenges surrounding agricultural financial products in the 
developing world. However, we conducted a simple simulation exercise 
using maize price data from Mbeya, Tanzania, between 1993 and 2017. 
The simulation suggested that in an average year, there was a 72% 
probability that treated farmers would have obtained a positive return 
on investment from the loan product we offered to them. 

2. Setting and project design 

2.1. Maize price seasonality in Tanzania 

Maize is the main cereal consumed by most Tanzanians, providing an 
estimated 60% of their calorie requirements. Most of the maize pro-
duced is used for home consumption, and the remainder is primarily 
sold in local markets. While yields have been growing and currently 
stand at an average of 1.4 metric tons/hectare, production growth has 
primarily been driven by increases in land shares allocated to maize or 
by bringing fallow land into production (Wilson and Lewis, 2015). 
Mbeya region, where our research is conducted, is a surplus producing 
region responsible for 11% of maize production in Tanzania (Wilson and 
Lewis, 2015). 

Using maize price data from the Mbeya region in Tanzania, we found 
that for the last 17 years, average maize prices in the planting season 
(December–January) were nearly 35% higher than they were at harvest 
time (June). This seasonality was particularly sharp for the two years 
prior to our intervention (2015/16 and 2016/17) when the prices were 
nearly 80% higher in the lean season (Fig. 1). Additionally, we found 
that seasonality in maize prices was higher over time than for other 
crops like beans and rice and that seasonality in the Mbeya region was 
higher than it was in other regions of Tanzania (Figs. 2 and 3). 

Various factors have been found to affect maize price seasonality in 
Tanzania. Baffes et al. (2019) found that regional prices (for example, 
the retail price of maize in Nairobi, Kenya) drove nearly a third of the 
price variation in Tanzania. The remaining price variation was attrib-
uted to domestic factors such as production shocks, maize harvest cy-
cles, and government policies such as export bans. Gilbert, 
Christiaensen, and Kaminski (2017) used pricing data for various food 
commodities across seven countries in Africa and found significant price 
seasonality, especially for maize (around 33% on average), which was 
almost three times larger than an international reference price. In a 
related study, Kaminski et al. (2016) showed that price seasonality has 
been very much present in recent years in Tanzania, and additionally 
that seasonality has had a significant impact on household consumption. 

2.2. Maize trade between Tanzania and its neighbors 

Tanzania is primarily self-sufficient in maize production as evaluated 
by the level of domestic production against domestic consumption 
(FEWS NET, 2019). Imports and exports constitute a relatively small 

proportion of overall maize consumption in the country, with imports 
and exports forming 1% and 3% of total domestic consumption 
respectively (FAOSTAT, Food and Agriculture Organization of the 
United Nations, 2021). In most seasons, Tanzania is a surplus maize 
producer, exporting maize to other countries in Eastern and Southern 
Africa. Maize exports from Tanzania are an important source of food for 
neighboring maize deficit markets in Eastern and Southern Africa, 
particularly during years of drought. (Tridge, 2021).2 

Tanzania is a member of the East Africa Community (EAC’s) com-
mon market, along with Kenya, Uganda, Burundi, and Rwanda. Which 
sets a 50% common external tariff (CET) designed to protect domestic 
producers from imports outside the bloc. Countries in the EAC also 
charge a 50% tariff to an importing country outside the bloc.3 When 
countries outside the EAC import maize from Tanzania, they generally 
charge a similar 50% or higher Tariff on Tanzanian maize (Tridge, 
2021). 

The first policy instrument used by the Tanzanian government to 
regulate the maize market is the National Food Reserve Agency (NFRA). 
It purchases maize during the primary harvest season, stores it in gov-
ernment warehouses, and sells it during the lean season. The NFRA’s 
purchase price for maize is generally higher than prevailing market 
prices, providing a boon for farmers who produce enough maize to sell 
to NRFA (see Mason et al. 2015 for an example of this in Zambia). Maize 
sales by the NFRA begin around August or September each marketing 
year, but the most significant sales occur during the lean season between 
October and February. 

Export bans are the second policy instrument that Tanzania has often 
used to reduce maize trade. While the export ban may help keep some 
maize in the country, benefiting urban consumers, maize farmers in 
surplus regions are adversely affected because the ban reduces their 
access to higher prices on international markets (Makombe and Kropp, 
2016). Baffes et al. (2019) found that an export ban in Tanzania reduced 
maize prices by 3.1%, and Diao and Kennedy (2016) used a computable 
general equilibrium model to show that producer prices for maize fell 
significantly following a ban, hurting rural maize sellers while 
benefiting urban maize consumers. Export bans also have been found to 
encourage bribery and illegal trade through bush ‘panya’ routes across 
Tanzania’s highly-permeable borders (Wilson and Lewis, 2015). 

2.3. Storage technology intervention 

The technology intervention used in this study was to provide treated 
farmers with two hermetic (airtight) storage bags that each held 100 kg 
of shelled maize. The brand of hermetic bag offered in the intervention 
was the Purdue Improved Crop Storage (PICS) hermetic bag developed 
at Purdue University. The PICS bag is a three-layer hermetic bag that 
consists of an outside layer of woven polypropylene and two inner layers 
of polyethylene. The bag is effective for virtually any dried grain, and 
when grain is placed in a PICS bags and it is closed and tied properly, the 
airtight environment that is created kills insect pests through suffoca-
tion. This greatly reduces losses during storage (Baributsa et al., 2014). 
There is also evidence suggesting that the airtight seal helps contain the 
spread of aflatoxin in stored grain, unlike with standard single-layer 
woven bags used by most farmers in SSA (Bauchet et al. 2021). Thus, 
the PICS bag protects the quantity and quality of stored grain across the 
post-harvest season. 

A disadvantage of the PICS bag is its high cost relative to the single- 
layer woven bag. One PICS bag, which holds 100 kg of shelled maize, 

2 When Tanzania has a poor production year it imports maize from South 
Africa, Zambia, Zimbabwe, Bulgaria, United Arab Emirates, Argentina, and 
United States (Tridge, 2021).  

3 While EAC countries have to normally charge the 50% CET on imports from 
outside the bloc, they can also import maize from outside the bloc duty-free if 
there is a pressing need. 
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cost roughly $2.30,4 while one single layer woven bag with the same 
capacity costs only $0.70 in Tanzania during 2017/18. However, unlike 
single-layer woven bags, the PICS bag can be reused for multiple years.5 

Additionally, the PICS bag does not require the application of storage 
chemicals to kill insects. This reduces operating costs and mitigates the 
potential adverse health effects associated with those chemicals. 

2.4. Loan intervention 

We worked with an NGO partner called Phiretajo to design and 
implement an intervention that potentially reduces smallholders’ 
liquidity constraints at harvest. Phiretajo is a local NGO based in the 
Mbeya region that registers and trains village credit clubs called Village 
Savings Cooperative Banks (VICOBA). The term VICOBA (kikundi in 
Swahili) refers to a group of individuals (typically between 15 and 30 
people) who come together to save and invest money. The group meets 
every week or every other week, and each member buys “shares” in the 
VICOBA, which is a form of saving for the group members. Since 
members have almost no access to loans through formal banks, the 

Fig. 1. Maize price change from harvest in Mbeya, 
Tanzania. Notes: (1) Graph made by authors based on 
city level maize price data provided by the Ministry of 
Industry (Tanzania). The graph was calculated by 
averaging prices for each month across the different 
years. The y axis represented how much higher the 
average price in that month was compared to the 
average price in at harvest in June. (2) The Mbeya 
region has been primarily a unimodal maize produc-
tion area. June has generally been when the harvest 
began, and when maize prices have been the lowest. 
(3) The grey line represented the price rise from June 
on average for the years 1993–2017 while the black 
line showed the price rise for 2015– 2017, which were 
the two years prior to the intervention.   

Fig. 2. Price behavior of maize, compared to bean and rice in Mbeya, Tanzania (1993–2017). Notes: (1) Graph made by authors based on city level price data 
provided by the Ministry of Industry (Tanzania). The graph was calculated by averaging prices for each month across the different years. The y axis represented how 
much higher the average price in that month was compared to the average price in at harvest in June. 

4 USD 1 = TSh 2200 around the time of this intervention.  
5 In Niger for example, a survey of 121 farmers using PICS bags for cowpea 

storage, found that up to 79% of farmers found that the bag was effective for 
storage even after 3 years of use (Baributsa et al., 2014). 
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VICOBA lends to members who make a case for needing the money for 
business reasons. The number of “shares” purchased by the member 
affects how much he or she can borrow from the VICOBA. Essentially the 
more shares a member has purchased from the VICOBA, the more money 
he or she can borrow from it. 

The members of each VICOBA elect a chairperson, secretary, and 
accountant. To be officially registered, a VICOBA must pay a sum of 
Tanzanian Shillings (TSh) 300,000 (US $137.00) in total to Phiretajo 
and the district government. Phiretajo assists the VICOBAs in their re-
gion with registration, trains them so that the VICOBAs function more 
effectively, and helps them open bank accounts. VICOBA membership is 
almost always exclusive, so a member can only belong to one group.6 

The loan product offered to VICOBA members as part of the inter-
vention was approximately worth the value at harvest of the grain in two 
PICS bags of maize. Each PICS bag holds 100 kg of shelled maize, so 200 
kg were valued at about TSh 80,000 (US $36.00) at the time of harvest in 
June 2017. The money for the loan belonged to Phiretajo and was given 
to farmers in cash at harvest. Recipients had the choice of either pur-
chasing additional maize or using maize from their own harvest to store 
as collateral for the loan that was held in the PICS bags.7 

The maize was stored in a central location in each village, either a 
government office or the home of one of the group leaders. The expec-
tation was that the farmers would sell their maize in six months to pay 
back the loan to Phiretajo with 12% interest. The 12% interest rate was 
higher than the 10% internal lending rate of the credit group but much 
lower than the 20–25% interest rate, which would be the cheapest 
outside option for farmers (e.g.: a group loan from a formal Bank). 
However, only 2% of our sample indicated that they had access to any 
formal sources of credit besides the VICOBA, and for 78% of the sample, 

the VICOBA was their main credit source. 
A key distinguishing factor of our loan intervention was that it uti-

lized PICS bags to store the maize, and therefore incorporated the 
storage intervention into the loan. The main reason for this was that 
Phiretajo officials (whose money was at risk with the loan) believed that 
the storage losses would be too high if farmers used traditional tech-
nology, and therefore repayment would be lower. However, we do not 
consider combining the PICS bags with the loan as a cumulative inter-
vention because the hermetic bags used for collateral were tied to the 
credit intervention and could not have been used for any other purpose. 

2.5. Intervention implementation 

The activities associated with our intervention were conducted in 
collaboration with Purdue University, the International Institute of 
Tropical Agriculture (IITA), and the NGO Phiretajo. The paragraphs 
below describe the randomization, which is also summarized in Fig. 4, 
while the timeline of the activities is summarized in Fig. 5. From April 
24-May 31, 2017 a team of 10 enumerators and two supervisors along 
with three trainers visited the randomly selected VICOBAS in seven 
districts from the Mbeya region.8 We visited 132 VICOBAs during this 
time as shown in Fig. 4.9 Each VICOBA group was randomly selected 
into one of three groups: 

1. Control Group: This group did not receive any training, bags, or 
loans. Ten randomly selected individuals from this group were 
selected and surveyed. These groups received training on hermetic 
storage at the endline survey (Group 1). 
2. Storage Group: The entire group received training on the use of 
PICS bags. Subsequently, ten individuals within the group were 

Fig. 3. Price behavior of maize in Mbeya, Tanzania compared to other regions (1993–2017). Notes: (1) Graph made by authors based on city level price data 
provided by the Ministry of Industry (Tanzania). The graph was calculated by averaging prices for each month across the different years. The y axis represented how 
much higher the average price in that month was compared to the average price in at harvest in June. 

6 In our intervention there were only three people who were members of 
multiple VICOBAS. To deal with this, we randomly selected them into either 
one of the two groups.  

7 The loan agreement was signed with between each individual farmer and 
Phiretajo. However, the repayment was guaranteed by other members of the 
group. We provided an example of a sample loan agreement that was signed by 
participants in the credit treatment in Appendix B1. 

8 A map of the region was provided in Appendix B2.  
9 It should be noted that occasionally, the VICOBA groups become aware of 

the treatment status of neighboring VICOBAs. However, this was not a serious 
concern because our treatment interventions were explicitly defined as the offer 
of two free bags or the offer of the two free bags plus the loan product to 
randomly selected individuals in the treatment VICOBAs. 
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randomly selected in an open lottery to receive two free bags that 
held 100 kg of shelled maize each. (Group 2). 
3. Credit Group: The entire group received training on the use of PICS 
bags and an introduction to the loan product. Subsequently, ten in-
dividuals within the group were randomly selected in an open lottery 
and were offered a loan at the time of harvest worth approximately 
TSh 80,000 (US $36.00). The loan was collateralized with grain 
stored in two PICS bags, and the value of the loan was equivalent to 
roughly 200 kg of shelled maize at harvest. If the respondents 
accepted the loan offer, then the PICS bags were given for free 
(Group 3). 

The participants who received only the two PICS bags in the storage 
group, or the PICS bags and the loan in the credit group, constituted the 
treated individuals in the intervention. The training for the storage and 
credit groups involved a demonstration on how the bag should be used, 
followed by a video that explained the economic and health benefits of 

using the PICS bags. 
The control group (Group 1) was told that ten individuals would be 

randomly selected for a simple survey on maize production, consump-
tion, and sales along with other household demographic questions. They 
did not receive any information about the bags or the loan at the time of 
the baseline survey or during the intervention, but they were trained on 
the PICS bags during the endline survey in May–June 2018. 

For the storage group (Group 2), the ten individuals who received the 
PICS bags were encouraged to store maize in them, but no restrictions 
were placed on the use of the bags. For the credit group (Group 3), 
members were told that individuals would receive two bags and be 
offered a loan of TSh 80,000 (US $36.00) at the time of harvest, to be 
paid back in 6 months at an interest rate of 12%. In addition, they were 
told that the collateral for the loan would be two 100-kg bags of maize 
stored in the PICS bags. The two bags of maize had to be stored at a 
central location, which would be either a village office or the home of 
one of the group leaders, or a senior member as agreed upon by the 

Fig. 4. Design of Randomized Controlled Trial. Notes: We were able to interview 1, 238 respondent out of the 1, 250 at endline. The eventual distribution of re-
spondents by treatment group was as follows: Control = 417 individuals; Storage = 420 individuals; Credit = 401 individuals. 

Fig. 5. Timeline of Activities.Notes: This figure provided the timeline of the main activities of the intervention analyzed in this study.  
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group. People in Group 3 had to accept both the loan and the PICS bags 
and could not choose one or the other. 

The storage training took between 30 and 45 min to complete. The 
training on the PICS technology was led by experienced extension pro-
fessionals who had been trained earlier on a larger Gates Foundation 
project on hermetic storage. One employee from the credit NGO Phir-
etajo attended the meetings with the groups in the credit treatment to 
introduce the loan product. The credit training took an extra 20–30 min 
to administer. The enumerators only administered surveys and did not 
train participants. 

For transparency, the randomization within the VICOBA groups 
occurred by open lottery following the training. Slips of paper were 
distributed in a bowl with numbers from one to the total number of 
members present. Those who got slips with the numbers from 1 to 10 
would receive the bags or the bags and the loan. All groups that 
participated in the intervention (including the control) received a col-
lective gift of stationery worth TSh 20,000 (US $11.00) per group.10 

Additionally, all the participants who took part in the survey received a 
journal (for recording maize sales and purchases) which they were asked 
to fill before or after their weekly meetings for the next year.11 

In total, we ended up with a sample of 1250 participants from 132 
VICOBA groups. Even though we targeted 10 participants per group for 
the intervention, we had fewer than 10 individuals from some of the 132 
VICOBA groups. This was because the size of the VICOBA groups that we 
worked with varied quite substantially, and not all individuals who were 
part of the VICOBAs decided to participate in the meeting when the 
intervention was introduced. The number of people who attended the 
intervention meeting ranged from 6 to 40. As a result, we ended up with 
419 individuals in the control group, 424 in the storage group, and 407 
in the credit group in the baseline survey.12 In order to ensure there was 
no bias from being selected from groups of different sizes, we weighted 
our descriptive and regression analyses by the inverse probability of 
being selected to participate in the intervention. This put relatively more 
weight on observations that had a lower probability of being randomly 
selected for treatment. Ultimately, adding the inverse probability 
weights had little impact on our results. 

The endline survey was held after a full calendar year, in May 2018. 
We were able to re-interview 1238 out of the 1250 people originally 
interviewed during the baseline survey for an attrition rate of less than 
1%. Of the 1238 people who were resampled, 417 were in the control 
group, 420 were in the storage group and 401 were in the credit group. 
Attrition was very low because we conducted phone interviews if re-
spondents were not available for interviews in their homes or meeting 
space after two visits by the team. Of the total interviews conducted for 
the end-line, 21% were conducted over the phone.13 

3. Initial baseline statistics 

Table 1 provided the means and standard deviations for 12 key 
variables by control and treatment groups. In our case, since we had 

multiple treatment groups, this greatly increased the number of t-tests 
that we would need to do to check for balance, increasing the probability 
of a positive significance by chance (Type 1 error). Instead, we utilized a 
statistic recommended by Imbens and Rubin (2015) as a method for 
checking balance which reflects the size of the difference. This is 
referred to as the normalized difference of the mean of the treatment 
group μ1 compared to the control group μo using the following equation: 

t=
(

μ1 − μ0

)/( ̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

(σ2
1 + σ2

0)

√ /

2
)

(1)  

where σ1 is the treatment group standard deviation, and σ0 is the control 
group standard deviation. We found that the t-statistic was smaller than 
0.25 for all our variables, implying that the differences between groups 
was small. As an additional check we also provided F-statistics for joint 
orthogonality for each variable across all the four groups of respondents 
(control and three treatment groups). These regressions included district 
fixed effects with standard errors clustered at the VICOBA level. Using 
this F-test we found that all variables were balanced. 

The baseline data provided in Table 1 first presents summaries of all 
variables related to maize production, consumption, and trading. We 
then looked at input use, including storage chemical use, fertilizer use, 
land cultivated, and maize seed expenditure. The last two variables 
showed the Progress out of Poverty Index (PPI), which we describe later, 
and the money borrowed by the household from the VICOBA. All these 
variables were based on information for the year April 2016–March 
2017, the year prior to the intervention. 

Table 1 showed that farmers in our sample harvested 1559 kg of 
maize on average at baseline. Average maize inventory was 639 kg in 
January of 2017, around the time the next planting season began, and 
when maize prices have traditionally risen in the region. Self-reported 
maize losses during storage in the table were almost negligible in our 
sample (averaging 12 kg per household). This average was driven by a 
few observations with higher losses, and 90% of the sample reported 
zero losses. As a percentage of maize harvested, these losses were much 
lower than the loss estimates ranging from 1.4 to 5.9% provided by 
Kaminski and Christiaensen (2014), which they calculated using 
household survey data from Malawi, Uganda and Tanzania. Generally, 
farmers in our sample took precautionary measures to reduce losses, 
including applying storage chemicals and selling early because of the 
risk of storage losses. This was demonstrated by the fact that 56% of our 
sample used storage chemicals in the baseline year, and average storage 
chemical expenditure among users was TSh 7259 (US $3.00).14 

The simple poverty scorecard index was developed from a series of 
10 questions using Tanzania’s Household Budget Survey data. The score 
in our table showed that for our sample, the average household’s like-
lihood of being below the poverty line was 31%, when using the US 
$1.90/day poverty line.15 

4. Empirical model 

This section explains how we estimated the impact of our interven-
tion on the two main outcomes in our study. The outcomes are:  

i) Maize inventory held by the household six months after harvest 
in kilograms (kgs). This corresponded to the beginning of January 
2018, and was relevant as an outcome variable since prices had 
historically peaked in January in Mbeya, Tanzania. The variable 
included the quantity of maize that treated had stored in the PICS 

10 The decision to give gifts as a group and not to individuals was made by our 
partner Phiretajo.  
11 This was intended to provide supplemental high frequency data on maize 

sales, purchases and consumption, but a very small proportion of the re-
spondents actually filled out the journal.  
12 Our sample size was powered to pick up an MDE of 0.3 which implied a 

treatment effect of 170 kg of maize inventory. This was smaller than the ex-
pected 200 kg impact of our treatment effect, so it offered some added statis-
tical power in the event of lower take-up of the intervention. See appendix B3 
for further explanation of the power calculations used in this study.  
13 We regressed being interviewed on the phone in the end line survey on the 

treatment indicators using a linear probability model. Treatment assignment 
was not correlated with being interviewed on the phone at the endline, sug-
gesting that phone interviews were balanced across groups (Results are pre-
sented in Table A1). 

14 Data collected from nearby markets suggests that one application of storage 
chemicals cost farmers TSh 374/100 kg bag (17 cents/bag) on average.  
15 Further details related to the scorecard can be found at http://www.simplep 

overtyscorecard.com/TZA_2011_ENG.pdf. 
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bags that were given to those in the treated groups, in addition to 
other maize that was stored.  

ii) Net maize sales, in terms of monetary value. This was the net 
maize revenue in TSh for the year, calculated as total maize sales 
minus total maize purchases. We adjusted the balance for the 
credit group by subtracting the amount of interest (9600 TSh ≈
US $4.00) on the loan from the value of households in the credit 
group’s net maize sales.  

iii) Net maize sales in quantity (kg) throughout the intervention year. 
We calculated this in terms of quantity (kg) by subtracting maize 
purchases from maize sales by the household across the year.  

iv)  
A Maize purchases during the harvest period, from June–Sep-

tember 2017, measured in both kg and value.  
B Maize sales during the lean period, from January–March 2018, 

measured in both kg and value. 

We estimated the following model to measure how our intervention 
affected the dependent variables of interest, y, for individual i in 
VICOBA group j as follows: 

yi,j =α + β1storagej + β2creditj + γDd + ei,j (2)  

where storage and credit are both indicator variables equal to one if the 
individual received the storage or credit treatment. The coefficient es-
timates on β̂1 and β̂2 measured the Intention-to-Treat (IIT) estimates of 
the interventions. They were identified by the difference between the 
control and treatment groups during the intervention year. A vector of 

district level dummies was denoted by Dd with γ as a parameter vector to 
estimate. Standard errors were clustered at the VICOBA level. This 
specification was noted as POST in the results tables. 

Additionally, we used an Analysis of Covariance (ANCOVA) speci-
fication that utilized the baseline data that we collected. This specifi-
cation was the same as the one shown in equation (2), except that it had 
the previous period’s outcome variable as a control.16 ANCOVA is often 
more precise than a difference-in-difference specification in a setting 
like ours where we had a single baseline and follow-up survey 
(McKenzie, 2012). 

Equation (2) did not allow the treatment dummy to vary across 
quarters of the year. However, for net maize sales, we might expect the 
treatment effect to have varied considerably across the quarters. For 
example, for the treated group, sales could have fallen in the quarter 
following harvest but increased later in the year, when prices should 
have risen. The specification to examine quarterly effects of our in-
terventions was estimated as follows: 

Table 1 
Descriptive statistics and balance test.  

Variables (1) (2) (3) (4) (5) (6) (7) (8) 

Control Storage Credit Total (1)–(2) (1)–(3) (2)–(3) F- 
test 

Maize harvested in June 2016 (kg) 1536 1379 1600 1504 0.1 − 0.038 − 0.134 1.23 
[134] [129] [158] [80] 

Total maize consumed by household between April 2016–March 2017 (kg) 419 392 393 401 0.118 0.112 − 0.005 1.29 
[17] [16] [15] [9.24] 

Net maize sales by household between April 2016–March 2017 (TSh) 304,000 289,000 410,000 333,000 0.022 − 0.137 − 0.153 1.56 
[50,839] [53,679] [67,095] [33,104] 

Proportion of households who were net sellers based on net maize sales between April 
2016–March 2017 

0.51 0.47 0.54 0.51 − 0.016 0.04 0.056 1.83 
[0.50] [0.04] [0.04] (0.02) 

Proportion of autarkic households based on net maize sales between April 
2016–March 2017 

0.30 0.31 0.28 0.30 − 0.09 0.039 0.129 0.40 
[0.46] [0.46] [0.45] [0.46] 

Amount spent on storage chemicals between April 2016–March 2017 (TSh) 7580 6742 6521 6953 0.084 0.105 0.023 1.09 
[605] [709] [738] [394] 

Fertilizer expense of household between April 2016–March 2017 (TSh) 147,000 123,000 130,000 133,000 0.127 0.082 − 0.036 0.37 
[19,490] [15,487] [19,932] [10,611] 

Total cost of maize seed purchased between April 2016–March 2017 (TSh) 3030 1792 2771 2526 0.119 0.022 − 0.098 1.63 
[665] [460] [630] [341] 

Maize inventory beginning of January 2017(kg) 628 625 625 626 0.005 0.004 − 0.001 0.02 
[54] [54] [63] [33] 

Num. of hermetic bags owned before intervention (No) 0.34 0.17 0.13 0.22 0.135 0.179 0.045 1.51 
[0.11] [0.09] [0.05] [0.04] 

Maize losses reported by farmers due to insect damage (kg) 10.02 13.54 12.59 12.02 − 0.13 − 0.09 − 0.03 1.26 
[1.41] [1.82] [2.01] [1.02] 

Progress out of Poverty Index score of the household based on data collected during 
baseline survey 

48 48 49 48 − 0.043 − 0.098 − 0.052 1.01 
[1] [1] [1] [12.96] 

Money borrowed from the VICOBA between April 2016–March 2017 (TSh) 234,000 224,000 237,000 232,000 0.018 − 0.004 − 0.021 0.13 
[48,752] [54,446] [68,238] [32,913] 

Notes: (1) The table above shows the summary statistics by treatment categories from column 1–3. Mean and standard errors shown. 
(2) Imbens and Rubin suggested an alternate normalized difference statistic comparing each treatment category with the others. Shown here from column 4–6. 

(Δ̂ct =
(̂Xt − X̂C )
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

(S2
c + S2

t

√

)/2
). 

(3)Results from an F-test for joint orthogonality for each of the variables. Standard errors clustered at the VICOBA level and fixed effects for district dummies were 
included in all estimation regressions for F tests. Exchange rate at the time of the baseline survey was 1 USD = 2200 TSh. (4) ***, **, and * indicate significance at the 1, 
5, and 10 percent critical level respectively. (5)This data was winsorized at the 1st and 99th percentile.  

16 Calculations shown by McKenzie (2012) indicated that if the correlation is 
between 0.25 and 0.5 then there can be increased power by using ANCOVA 
instead of difference-in-differences or just a “POST” method. The POST method 
was equivalent to the OLS method in our paper. The correlation between the 
baseline outcome and the intervention year outcome was 0.45 and 0.40 for net 
sales through the year (TSh), and maize inventory in the beginning of January 
2018 respectively. This justified our use of ANCOVA. 

H. Channa et al.                                                                                                                                                                                                                                



Journal of Development Economics 157 (2022) 102851

9

yi,q,j = α +
∑q=4

q=1
β1,qQq*storagej +

∑q=4

q=1
β2,qQq*creditj + δy bi,q,j + ∂Qq + γDd

+ εi,t

(3)  

where the outcome variables were calculated as described above, except 
that the calculation was done per quarter, instead of for the entire year. 
Therefore, the treatment values varied by each quarter in the model 
estimated in equation (3). For example, the credit intervention had a 
treatment vector βq,2, which consisted of four different values, one for 
each quarter (e.g. interactions between the treatment and quarter 
dummies). We also used the ANCOVA specification here, so y bi,q,j de-
notes the baseline value of the outcome variable. The quarter level 
dummies was denoted by Qq, while the error term was denoted by ε. 
Standard errors were again clustered at the VICOBA level. 

We also conducted exploratory heterogeneity analysis by interacting 
the treatment variables with dummy variables reflecting household 
characteristics during the baseline year. We specified this model as 
follows: 

yi,j =α + β1Xi,j +
∑X=1

X=0
β2,xXi,j*storagej +

∑X=1

X=0
β3,xXi,j*creditj + δy bi,j + γDd

+ μi,t

(4) 

We identified three household characteristics, denoted by X, that 
might have affected how our intervention changed the outcomes of in-
terest. First, we tested if being “storage constrained” at baseline would 
have had an impact on the treatment effect. Intuitively we might expect 
that those who were not constrained would have already optimized their 
storage decisions and thus were less likely to benefit from our storage 
intervention. To proxy this, we used baseline storage chemical expen-
diture by the household as an indicator of storage constraints. While 
hermetic bags ensure better quality maize that is safer to eat, they are a 
substitute for storage chemicals that also kill insects in storage. There-
fore, we treated those who were spending more money than the 75th 
percentile on storage chemicals in our sample at baseline as being less 
storage constrained then those who were using less than the 75th 
percentile. Thus, we treated the latter group as being “storage con-
strained” in our analysis. 

Second, we analyzed the heterogeneity in credit constraints across 
our sample. Since we were working with credit groups, everyone in our 
sample had access to credit through the group, and this was the main 
source of credit for 78% of our sample. However, as mentioned earlier 
the amount that an individual could borrow from the credit group was 
linked to her contributions to the group in the form of “shares” pur-
chased. Therefore, we treated those who had contributed more to the 
group than the 75th percentile in that group at baseline as being less 
credit constrained then those who were contributing less than the 75th 
percentile. As such, the latter group was considered “credit constrained” 
in our analysis. 

Third, 51% of the people in our sample were net sellers of maize 
during the baseline year, meaning that they sold more maize across the 
year than they purchased. Generally, being a net seller of maize is a 
rough proxy for wealth and food security. For that reason, we tested if 
the net sellers at baseline in our treatment groups responded differently 
to the interventions than those who were net buyers or autarkic during 
the baseline year. 

If we take the example of the net seller dummy in the specification 
shown in equation (4), β1 would estimate the treatment effect for those 
who received the storage intervention but were not net sellers of maize 
(e.g. net maize buyers or autarkic), while β2 reflected the treatment 
effect for those who received the storage intervention and were net 
sellers of maize. The coefficients in the heterogeneity analysis were 
compared with people in the control group who faced similar constraints 

(e.g. people in the storage group who were net sellers are compared to 
people in the control group who were net sellers).17 The error term in 
equation (4) was denoted by ε. All other variables were the same as in 
previous equations. 

5. Results 

5.1. Intervention take-up 

All of the respondents except for one in the storage treatment 
verbally accepted the free hermetic storage bags that were offered as 
part of the storage intervention. Unfortunately, two groups who were 
selected did not receive the bags because of miscommunication with our 
implementing partners. In total, 95% (403) of the respondents who were 
selected received the bags and thus complied with the storage inter-
vention. Of the total respondents offered the loan, 81% (330/407) 
accepted and received it. This high take-up could likely have been 
explained by the fact that most farmers recognized the intertemporal 
arbitrage opportunity that the loan offered, as well as the fact that the 
VICOBA credit groups had an existing relationship with the lending 
partner Phiretajo. 

Farmers’ recognition of the potential opportunity offered by the loan 
could be seen in Fig. 6. The figure presented what people in the credit 
group said when asked about what they did with the money from the 
loan at harvest. The most common use of the loan was to buy more maize 
to store (35%). This again suggested that respondents saw a business 
opportunity through arbitrage with the loan. Agricultural inputs were 
purchased with the loan by 24% of the respondents, while 15% used it to 
pay for household expenses. The latter use is what we might have ex-
pected from people who were credit-constrained. Overall, since these 
people were members of a credit group, they likely were less credit- 
constrained ex ante than the general population of smallholders in 
Tanzania. This may help explain why only 15% of recipients used the 
loan to pay for household expenses. Finally, 27% of respondents in the 
credit group used the loan money for other reasons, such as business 
investments and home repairs. 

5.2. Primary effects of the intervention 

Table 2 presented the results for the models estimated in equation 
(2). The results showed the impact of our intervention on maize in-
ventory in January 2018 (the lean season) that occurred 6 months after 
harvest, and net maize sales between April 2017 and March 2018 in 
terms of quantity (kg) and value (TSh). We presented two specifications 
for each of these outcomes. The first specification presented the POST 
estimates. Following equation (2), this was an OLS estimation of the 
outcome variable for the intervention year regressed on the treatment 
dummies. We then presented results from the ANCOVA specification, 
with baseline values of the dependent variables. In our discussion, we 
focused primarily on the results of the ANCOVA specification. 

We started by examining the impact of our intervention on maize 
inventory held by the household in the beginning of January 2018, using 
the ANCOVA specification in Column 1 of Table 2. We found that the 
credit treatment increased the amount of maize stored by 223 kg on 
average (p = 0.021), which was 29% more than the control group’s 
average inventory. The coefficient associated with the storage treatment 
suggested that those who received two PICS bags had 137 kg more maize 
in storage in January 2018 on average than the control group did, but 

17 We ran three separate regressions for each of the characteristics against 
which we were examining heterogeneity, i) storage chemical use, ii) shares 
brought from the VICOBA and iii) net seller of maize. The results presented in 
Table 4 of the results were combined for simplicity. The full regression output 
for each of the three characteristics were shown in Appendix A-6, A-7 and A-8 
respectively. 
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the estimate was not significant at the 10% level (p = 0.189). 
Column 2 in Table 2 indicated that net maize sales (kg) increased by 

233 kg (p = 0.05) on average for people in the credit group, which was a 
50% increase in net maize sold compared to the control group in the 

intervention year. This finding may be somewhat mechanical because 
the loan conditions meant that recipients were supposed to store 200 kg 
of maize as collateral. However, it suggested that the credit intervention 
was needed to alleviate constraints and it caused farmers to store 

Fig. 6. Loan Utilization. Notes: This figure was generated based on responses in the survey when we asked those who took up the loan what they did with the money. 
In the case that the loan was utilized for multiple purposes, the major use has been presented here. Other reason included investments in non-agricultural business 
and home repairs. 

Table 2 
Main outcomes post-intervention.  

Variables (1) 
Maize inventory in January 
2018 (kg) 

(2) 
Quantity of net maize sales during April 
2017–March 2018 (kg) 

(3) 
Value of net maize sales during April 
2017–March 2018 (TSh) 

POST ANCOVA POST ANCOVA POST ANCOVA 

Group 2: Storage 142 (105) 137 (104) 123 (123) 129 (97) 12,398 (36,005) 15,302 (28,235) 
Group 3: Credit 247* (127) 223** (95) 327** (162) 233* (118) 59,913 (44,362) 36,510 (35,164) 
Maize inventory beginning of Jan–March 2017  0.54*** (0.00)     
Net maize sales during April 2016–March 2017 (kg)    0.439*** (0.0723)   
Net maize sales during April 2016–March 2017 (Tsh)      0.243*** (0.0249) 

Control mean and standard deviation 753 
(1018) 

478 
(1231) 

168,422 
(364,090) 

Observations 1238 1238 1238 1238 1238 1238 
R-squared 0.090 0.222 0.122 0.274 0.143 0.322 
Storage = Credit 0.403 0.401 0.175 0.332 0.227 0.487 

Notes: (1) The table above provided results from regression specification shown in Equation (2). It presented Intention to Treat Estimates from a cross-sectional post- 
intervention (POST) analysis and an ANCOVA regression on the treatment dummies. 
(2) POST was a regression of the post-intervention variable on the treatment dummies. ANCOVA estimation included the baseline year’s value of the outcome var-
iables. 
(3) The outcome variables respectively were: (1) maize Inventory in Jan 2018 (kg). (2) quantity of net maize sales in kg through the year. (3) value of net maize sales in 
TSh through the year (maize sales-maize purchases-interest rate paid by credit group). 
(4) Standard errors were clustered at VICOBA Level. 
(5) District Fixed Effects and constant included in all specifications. 
(6) Observations have also been probability weighted by the likelihood of them being selected for any treatment, or for being surveyed. 
(7) ***, **, and * indicate significance at the 1, 5, and 10 percent critical level respectively. 
(8) We also calculated sharpened q values to control for multiple hypothesis testing and our outcomes remain significant at the 10% level. Results presented in 
Appendix Table A3. 
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quantitatively more maize into the lean season, as it was intended to do. 
If people were not credit constrained, they could have refused the 
intervention or sold the collateralized maize earlier in the season to pay 
back the loan. It is also worth noting that in comparison, the storage 
treatment did not incentivize this behavior by itself without the addition 
of the harvest loan that was offered to people in the credit treatment. 

We next looked at net maize sales in terms of value in column 3.18 We 
found no statistically significant impact on net maize sales in terms of 
value for any of the interventions in any specifications in Table 2. The 
coefficient for the storage treatment was positive but not significant (at 
the 10% level) for net maize sales, either in terms of quantity in column 
2 or value in column 3.19 

We also estimated the impact of the treatments on total maize pur-
chased at harvest, from June–September 2017, and total sales during the 
lean season, from January–March 2018. This enabled us to understand 
more about the extent to which the credit and/or storage treatment 
encouraged people to buy “low” at harvest and/or sell “high” in the lean 
season. These results were shown in Appendix table A5. The results of 
these separate analyses were consistent with those in Table 2. They 
showed that the credit treatment did not have a statistically significant 
effect on maize purchases at harvest, but had a statistically significant 
effect on maize sales during the lean season. On average, people in the 
credit treatment sold 87 kg more maize than the control group at that 
time of year. This suggested that there was a movement of sales into the 
lean season caused by the credit intervention. 

For all the outcomes discussed above, we could not reject the null 
that the coefficients estimates for the impact of the storage and the credit 
treatments were not different from each other. It should be noted that 
our experiment was powered to pick up differences between the control 
group and the treatment groups, and not to pick up differences between 
the treatment groups themselves. As such, this might have suggested 
that there was an impact of the storage intervention in comparison to the 
control group because we could not reject the null that they were 
equivalent to the credit intervention. However, the impact estimates of 
the storage intervention were smaller and noisier compared to those of 
the credit group. 

We extended the analysis of net maize sales in Table 3 by allowing 
the treatment effect to vary across the quarters. We did this by dis-
aggregating the sales data quarter wise, following equation (3) that we 
presented earlier. While the results were noisy, the coefficients sug-
gested that the credit treatment resulted in a transfer of sales into later in 
the marketing year. Column 1 indicated that net maize sales in terms of 
quantity for the credit group were higher by 128 kg (p value = 0.066) on 
average one quarter after harvest between October and December 2017 
compared to the control group. This represented a 65% increase in sales. 
The credit group also sold 91 kg (p value = 0.055) more maize on 

Table 3 
Quarter level analysis.  

Variables (1) 
Quantity of net maize 
sales during April 
2017–March 2018 
(kg) 

(2) 
Value of net maize 
sales during April 
2017–March 2018 
(TSh) 

ANCOVA ANCOVA 

Group 2: Storage group in 
quarter 1, before and during 
harvest (April–June 2017) 

− 52 (34) − 19,938 (13,002) 

Group 2: Storage group in 
quarter 2, during and right 
after harvest (July–Sept 2017) 

20 (49) 8722 (19,303) 

Group 2: Storage group in 
quarter 3, one quarter after 
harvest (October–December 
2017) 

77 (63) 27,636 (21,590) 

Group 2: Storage group in 
quarter 4, two quarters after 
harvest (January–March 
2018) 

28 (39) 13,290 (13,478) 

Group 3: Credit group in quarter 
1, before and during harvest 
(April–June 2017) 

− 51 (31) − 16,356 (12,223) 

Group 3: Credit group in quarter 
2, during and right after 
harvest (July–Sept 2017) 

5 (48) 8190 (18,353) 

Group 3: Credit group in quarter 
3, one quarter after harvest 
(October–December 2017) 

128* (69) 38,195* (21,378) 

Group 3: Credit group in quarter 
4, two quarters after harvest 
(January–March 2018) 

91* (47) 30,759* (17,007) 

Net Maize Sales in quarter of 
baseline year (kg) 

0.222*** (0.00)   

Net maize sales in quarter of 
baseline year (TSh)  

0.000859  
(0.00) 

R-squared 0.092 0.052 

Group 2:Storage = Group 3: 
Credit in April–June 2017 

0.985 0.707 

Group 2:Storage = Group 3: 
Credit in July–September 
2017 

0.755 0.978 

Group 2:Storage = Group 3: 
Credit in October–December 
2017 

0.442 0.639 

Group 2:Storage = Group 3: 
Credit in January–March 2018 

0.181 0.279 

Control group mean sales in 
quarter 1, before and during 
harvest (April–June 2017) 

74 (393) 26,690 (156,958) 

Control group mean sales in 
quarter 2, during and right 
after harvest (July–Sept 2017) 

158 (606) 58,029 (218,129) 

Control group mean sales in 
quarter 3, one quarter after 
harvest (October–December 
2017) 

198 (680) 60,958 (210,804) 

Control group mean sales in 
quarter 4, two quarters after 
harvest (January–March 
2018) 

83 (390) 25,139 (1280,77) 

Notes: (1) The table above provided results from regression specification shown 
in Equation (3). It presented Intention to Treat Estimates from a an ANCOVA 
regression on the treatment dummies interacted with the quarter level dummies. 
Constant included in all models. 
(2) ANCOVA estimation included the baseline year’s value of the outcome 
variables. 
(3) The outcome variables were: (1) quantity of net maize sales in kg through the 
year (maize sales - maize purchases - interest rate paid by credit group); (2) value 
of net maize sales in TSh through the year. 
(4) Standard errors were clustered at VICOBA Level and district Fixed Effects and 
constant included. 
(5) Observations have also been probability weighted by the likelihood of them 

being selected for any treatment or for being surveyed. 
(6) ***, **, and * indicate significance at the 1, 5, and 10 percent critical level 
respectively. 
(7) All treatment effects estimated in reference to control group (Group 1). 
(8) Number of observations = 4952 in all columns. 
(9) Harvest in the Mbeya region ranged from late May to early July. Maize prices 
were at their highest between December and February. 

18 To calculate the value of net maize sales (TSh), we used VICOBA level price 
values instead of individual prices. As a robustness check we also provided the 
results using individual level prices. The results, provided in Table A2, were 
qualitatively the same as in column 3 of Table 2.  
19 We also calculated sharpened q values for our results in Table 2. These were 

presented in Appendix table A3. Results for the credit intervention remained 
significant at the 10% level. As an additional robustness check we also 
regressed each treatment separately. The results using an ANCOVA specifica-
tion, provided in Table A4, did not change significantly from when we regressed 
the treatments together. 
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average between January and March 2018, two quarters after harvest, 
compared to the control group. This represented a 110% increase in 
sales. Column 2 indicated that the credit group also sold TSh 38,195 (p 
value = 0.076) more maize on average between October and December 
2017, than the control group, which represented a 63% increase in value 
of sales. In addition, the credit group sold TSh 30,759 (p value = 0.073) 
more maize on average between January and March 2018, compared to 
the control group. This represented a 122% increase in the value of sales 
over the control group. 

3.3. Exploring treatment heterogeneity 

We also estimated possible sources of heterogeneity in our treatment 
effects to test if there were sub-populations for whom the treatments 
were below or above the average for the entire sample. This analysis was 
also exploratory and served to provide descriptive insights into the na-
ture of the treatment effects. 

We considered storage and credit constraints and household status as 
a net seller of maize as sources of heterogeneity in the analysis. The 
results discussed in this section are presented in Table 4. The coefficients 
compared sub-samples of the treatment groups to the sub-sample of the 

control group who faced the same constraints. These results followed 
equation (4), We also calculated sharpened q values to control for 
multiple hypothesis testing, and our outcomes remained significant at 
the 10% level. The full regression tables are presented in Appendix ta-
bles A6-A8. 

From the coefficients presented in Table 4, we found that those who 
were storage constrained, as defined by storage chemical expenditure 
below the 75th percentile of the sample, were more responsive to the 
storage and credit treatments. They had 168 kg more maize (p value =
0.087) in storage in January 2018 on average, and sold 216 kg (p-value 
= 0.023) more maize on average than those in the control group who 
were also storage constrained. We also found that those who were 
storage constrained and received the credit treatment had 245 kg (p- 
value = 0.012) more maize on average in storage in the lean season and 
sold 244 kg (p-value = 0.026) more maize on average than the sub- 
sample in the control group who were storage constrained. It is inter-
esting to note that the credit intervention benefited those who were 
storage constrained at baseline. This might have been because the credit 
intervention included two bags of maize stored as collateral in the PICS 
bags. This meant that the treated households increased maize inventory 
into the lean season without increasing storage chemical expenditure, 
because the PICS bags were a direct substitute for the chemicals. 

Second, we found that people who were credit constrained, defined 
as those who held below the 75th percentile in shares of their VICOBA 
group and received the credit treatment, had 201 kg more maize (p- 
value = 0.034) on average in storage in January 2018 compared to the 
control group who was credit constrained. This suggested that the credit 
intervention caused those who were facing larger credit constraints to 
increase their maize stocks in the lean season compared to those 
households in the control group who faced smaller credit constraints. 
We did not find an impact on the value of net maize sales for credit 
constrained households compared to the credit constrained control 
group. We also did not find an impact from the storage intervention on 
credit constrained households. 

In order to further understand the impact of the credit treatment on 
harvest season purchases and lean season sales of maize, we interacted 
the treatment variables with the credit constrained variable to see how 
the outcomes of interest were affected. Results in Appendix table A9 
indicated that those who were credit constrained and received the credit 
intervention did not buy significantly more maize at harvest than did 
credit constrained households in the control group. However, they sold 
75 kg more maize in the lean season on average than did those in the 
control group who were credit constrained. This suggested that the 
intervention may have helped some of the less well-off participants in 
terms of credit access, indicating that the harvest loan was progressive in 
that dimension. 

Third, we found that those who were net sellers of maize in the 
baseline year appeared to have benefited from our storage and our credit 
intervention. Net sellers who received our storage intervention had 360 
kg more maize in inventory in the lean season (p value = 0.049) on 
average as compared to net sellers in the control group, and they sold 
301 kg more maize (p value = 0.087) on average. Similarly, net sellers in 
our credit intervention had 427 kg (p value = 0.009) more maize on 
average in the lean season compared to net sellers in the control group. 
Net sellers in the credit intervention also sold 442 kg more maize (p 
value = 0.015) on average than net sellers in the control group. 

In appendix table A10 we interacted the treatment intervention in-
dicators with the net seller dummy to see the impact on net purchases of 
maize at harvest and net sales of maize in the lean season. Results from 
the table showed that on average net sellers who received the credit 
intervention sold 170 kg more maize during the lean season on average 
than did the control group participants who were net sellers. This sug-
gested that those who were more inclined to sell maize ex ante benefited 
from the credit intervention that enabled them to sell maize later in the 
year. 

The heterogeneity analysis of credit constrained and net sellers in the 

Table 4 
Heterogeneity effects.  

Treatment Household 
Characteristics 

(1) 
Maize 
inventory 
in January 
2018 (kg) 

(2) 
Quantity of net 
maize sales 
during April 
2017–March 
2018 (kg) 

(3) 
Value of net 
maize sales 
during April 
2017–March 
2018 (TSh) 

Storage Not storage 
constrained 

12.41 
(259.0) 

− 232.8 (324.8) − 142,475 
(107,736) 

Storage 
constrained 

167.5* 
(97.03) 

216.1** 
(94.09) 

48,412 
(41,429) 

Not credit 
constrained 

265.4 
(174.1) 

21.98 (196.7) 19,283 
(89,449) 

Credit 
constrained 

106.0 
(123.0) 

155.8 (103.8) 10,001 
(46,166) 

Net buyers of 
maize or 
autarkic 

− 78.58 
(66.69) 

− 50.29 (99.13) − 23,650 
(38,228) 

Net sellers of 
maize 

359.6** 
(181.1) 

301.1* (174.5) 45,302 
(74,305) 

Credit Not storage 
constrained 

126.8 
(229.5) 

182.1 (318.1) − 72,627 
(108,873) 

Storage 
constrained 

245.2** 
(96.42) 

243.8** 
(108.6) 

69,813 
(49,163) 

Not credit 
constrained 

320.0 
(224.1) 

457.9 (277.7) 93,929 
(109,918) 

Credit 
constrained 

201.4** 
(94.19) 

181.1 (112.9) 30,450 
(50,563) 

Net buyers of 
maize or 
autarkic 

− 36.48 
(72.90) 

− 13.14 (103.8) − 9891 
(36,411) 

Net sellers of 
maize 

427.1*** 
(160.7) 

442.4** 
(179.6) 

86,885 
(80,826) 

Notes: (1) The table above provided results from regression specification shown 
in Equation (4). We ran separate regressions for each characteristic, but the 
results presented here were combined for simplicity. The full regression output 
for each of the three characteristics have been shown in Appendix A-6, A-7 and 
A-8 respectively. 
(2) The outcome variables respective were: (1) maize inventory in Jan 2018 
(kg). (2) quantity of net maize sales in kg through the year (maize sales-maize 
purchases-interest rate paid by credit group). (3) value of net maize sales in 
TSh through the year. 
(3) ***, **, and * indicate significance at the 1, 5, and 10 percent critical level 
respectively. 
(4) All treatment effects estimated in reference to control group that faced the 
same constraint (Group 1). 
(5) Number of observations = 1238 in all columns. 
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sample suggested that there were some mixed results in terms of how 
progressive the credit intervention that provided a loan at harvest was 
for households in our sample. The credit constrained households 
benefited from the loan more than the non-credit constrained did. 
However, those who were net sellers benefited more from the credit 
intervention than did net-buyers and autarkic households. Though the 
heterogeneity analysis was exploratory in nature, a possible area of 
future research would be to use the results from this work and other 
storage interventions (e.g. Aggarwal et al., 2018; Bergquist et al., 2019; 
Omotilewa et al., 2018) to further explore such sources of 
heterogeneity.20 

5.4. Impact of maize price pattern on outcomes 

As discussed earlier, the estimated magnitude of our intervention’s 
impact was likely attenuated because maize prices did not rise in 
Tanzania during December 2017–February 2018, as had been observed 
in previous years (Fig. 7). Maize prices across the prior 17 years had 
risen by an average of 40% in the months of December–February 
following the harvest in June. However, in our intervention year maize 
prices did not rise much and were close to where they had been in the 
previous June. 

Anecdotal evidence suggested that a maize export ban put in place by 
the Tanzanian government around harvest time in June 2017 combined 
with a bumper harvest in neighboring Zambia could have contributed to 
the limited price increase during the year of our intervention. 

Furthermore, our communications with Tanzanian government of-
ficials and a review of news reports suggested that the stated reason 
behind the placement of the export ban was to prevent a maize shortage 

in the country (Kamndaya, 2017). The Tanzanian government’s 
reasoning for this was the 80% price differential between harvest in June 
2016 and the following lean season that started in January 2017. The 
perception among government officials was that uncontrolled exports to 
Kenya were responsible for this price rise. 

The lack of maize price increase across the 2017/18 season affected 
the loan repayment rates associated with the credit intervention. Loan 
repayment was 85% overall, which was lower than expected. However, 
the proportion of respondents who repaid at least part of their loan was 
higher at 90%.21 

As the unexpected events during the year of our intervention likely 
attenuated the impacts of the credit intervention, we conducted a simple 
simulation in Appendix table A12 using the wholesale maize prices in 
Mbeya, Tanzania from 1993-2017.22 The results presented in Appendix 
A12 showed the simulated range of returns on the loan. We found that 
72% of the simulated results estimated that profits from the loan would 
be greater than zero. Furthermore, the simulated results suggested that 
overall the probability of a greater than 20% return on the loan was 
36%, while the probability of a greater than 20% loss from the loan was 
just 4%. 

6. Conclusions 

This article provided insights from an RCT, which offered a storage 
or a credit intervention to smallholder farmers who were members of a 
savings/credit group in Southern Tanzania at harvest. The storage 

Fig. 7. Price behavior for last 24 years, compared to 
intervention year. Notes: (1) We have two series of 
data reflecting the price pattern in the intervention 
year, from June 2017–June 2018. The dotted line 
reflected the same data source used for the other price 
graphs in the paper provided to us by the Minister of 
Industries, Tanzania. However, this data is incomplete 
and was only available to us only through November 
2018. (2) The other series showing price data from the 
intervention year was taken from the USDA GAINS 
Report on Tanzania, from June 2017–June 2018. 
These data were representative for all of Tanzania and 
not the Mbeya region.   

20 In addition to this analysis we also used a machine learning (ML) method 
developed by Chernozhukov et al. (2018) to test for heterogeneity. ML methods 
allow for the analysis of heterogenous treatment effects along many dimensions 
while avoiding the issues of overfitting and multiple hypothesis testing. How-
ever, our tests for overall heterogeneity using the Best Linear Predictor (BLP) 
and Group Average Treatment Effects (GATES) showed no evidence that the key 
covariates described heterogeneity for any of the two treatment on the key 
outcomes (maize inventory in Jan 2018, and net maize sales in quantity and 
value). Results from the ML methods were reported in Appendix Table A11. 

21 Because of the unusual situation with regards to the prices at the time of 
loan repayment, many groups requested extension when repayment was sup-
posed to begin. Our partner Pheretajo was familiar with these groups and 
agreed upon extensions in repayment dates without an increase in interest 
payments. In order to avoid repeat visits (because groups also requested being 
able to return the loan piecemeal), Pheretajo also began to utilize mobile money 
for repayments. Transaction costs were borne by the group members who used 
mobile money to repay the loan.  
22 We calculated the mean and standard deviation of the wholesale maize 

prices in Mbeya between 1993 and 2017. We then generated 200 random 
values from a normal distribution parametrized with this mean and standard 
deviation. We then calculated the profit that a farmer would have made at the 
price point if they invested in the loan product utilized in our intervention. 
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intervention provided randomly selected farmers with a new storage 
technology, two hermetic (airtight) storage bags that each held up to 
100 kg of shelled maize. The credit intervention offered randomly 
selected farmers a loan at harvest equivalent to 200 kg of maize ≈ US 
$36.00 that was to be paid back six months later at 12% interest. The 
loan was collateralized with maize stored in hermetic bags to preserve 
their quantity and quality. The unique contribution of our article was 
that it was the first to offer causal estimates on the impact of an inter-
vention that potentially reduced both the storage and credit constraints 
that many smallholder farmers face at harvest. By experimentally testing 
whether access to improved storage technology to reduce quantity and 
quality losses or access to credit at harvest to reduce liquidity constraints 
is more important for household income, we offer important insights 
into smallholder behavior. Our results also offer information about 
whether it is more effective to target post-harvest interventions towards 
technological or financial innovations. 

The loan product offered in our intervention was well-received by 
participants. The take-up rate for the loan was about 81%, which was 
significantly higher than other micro-credit products offered in previous 
studies (Bergquist et al., 2019; Karlan et al. 2010). In addition, the most 
popular use of the money from the loan at harvest was to purchase more 
maize for storage and sale later in the year (more than 1/3 of partici-
pants gave this response). This suggests that at harvest many partici-
pants believed ex ante that there was a meaningful arbitrage opportunity 
from storing maize until later in the year. 

Our results indicated that the storage intervention on its own did not 
have a significant average effect on maize inventory in the lean season or 
net maize sales across the year. Conversely, the credit intervention 
allowed farmers to store 29% more maize in the lean season and 
increased the quantity of maize they sold (adjusted for maize purchases) 
by 50% compared to the control group. When we allowed treatment 
effects to vary across quarters of the year, we found evidence that the 
credit intervention allowed recipients to transfer sales later into the 
year. These farmers were able to increase net maize sales over the year 
by increasing total maize sales during the lean season. These results 
were consistent with those found in Bergquist et al. (2019) who offered a 
similar loan product in Kenya, but without the storage technology 
intervention. Our findings also complimented other studies that offered 
loans to smallholders in the lean season that they could be repay at 
harvest. Those studies found that the credit led to more on-farm labor 
and higher agricultural output (Fink et al., 2020), along with increased 
incomes and reductions in seasonal consumption gaps (Basu and Wong 
2015). Future research might consider randomizing the offer of credit to 
smallholders at different times of the year to see when it has the largest 
effect on income and consumption. 

We also found evidence of heterogeneity in our treatment effect es-
timates. Those who were storage constrained at baseline benefited from 
the intervention in terms of storing and selling more maize later in the 
year when they received the storage or the credit intervention. Also, 
those who were credit constrained sold more maize across the season in 
response to the credit intervention. However, people who were already 
net sellers of maize at baseline (e.g.: they sold more maize than they 
purchased) benefited more from our treatment compared to those in the 
control group who were net sellers of maize, and those in the treatment 
groups who were not net sellers of maize. This finding is interesting and 
highlights another one of the challenges associated with micro-credit. 
Namely, that people who can make the greatest use of the loan tend to 
be those people who are better-off, to begin with. 

It is likely that our findings were attenuated because maize prices did 
not increase significantly in the marketing season following our 

intervention. This seems to have been due in large part to i) a maize 
export ban put in place by the Tanzanian government shortly after 
harvest in June 2017 and ii) a bumper harvest in neighboring Zambia. 
This experience highlighted the high uncertainty associated with agri-
cultural credit products, the returns on which are affected by many 
uncontrollable factors. However, our simulations suggested that in the 
average year in Mbeya, Tanzania between 1993 and 2017 the intra- 
seasonal price variation between harvest and lean periods would have 
enabled the average person who received the loan at harvest to earn a 
positive return 72% of the time. 

The main take-away for our NGO partner, who offered farmers 
credit, was that storing the collateralized maize for the loan in hermetic 
bags lowered their risk. This was because maize stored in hermetic bags 
was much less likely to suffer damage from insects and mold compared 
to maize stored in traditional woven bags. Therefore, in the event of a 
loan default, the lender knew it would have good quality maize to 
repossess. Despite the uncertainty caused by lower maize prices during 
our intervention marketing year, which led to a repayment rate of about 
85%, the NGO independently scaled up the credit product to 200 credit 
groups in the next season. They offered credit collateralized with 200 kg 
of common beans stored in hermetic bags. The NGO chose to switch the 
loan collateral from maize to beans because of beans higher value and 
because the Tanzanian government traditionally has been less likely to 
intervene in the bean market than in the maize market. 

The export ban during the intervention year highlighted some of the 
key challenges to expanding the offering of agricultural financial prod-
ucts and its broader implications on the persistence of price seasonality 
in this region and other neighboring areas. That being said, the high 
take-up of the storage technology and the loan by participants, the 
scaling-up of the intervention by our NGO partner the following year, 
and our finding that those who received the loan increased maize in-
ventory in the lean season and increased maize sales throughout the year 
suggested that these constraints are a significant obstacle for small-
holder farmers. Overall, our interventions seem to have enabled them to 
better manage the significant post-harvest challenges that they face. 
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Appendix  

Table A1 
Probabity of being interviewed by phone at the 
endline survey  

VARIABLES Phone Interview 

Storage 0.0313 (0.0420) 
Credit − 0.00809 (0.0437) 
Constant 0.151*** (0.0400) 

Observations 1238 
R-squared 0.018 

Notes: (1) We regressed the dummy of being inter-
viewed by phone on treatment assignment. Con-
stant included in models but coefficients not shown. 
(2) Robust standard errors in parentheses. 
(3) Standard errors clustered at VICOBA Level and 
district Fixed Effects and constant included. 
(4) Observations have also been probability 
weighted by the likelihood of them being selected 
for any treatment, or for being surveyed. 
(5) ***, **, and * indicate significance at the 1, 5, 
and 10 percent critical level respectively. 
(6) All treatment effects estimated in reference to 
control group (Group 1). 
(7) Number of observations = 1238 in all columns.  

Table A2 
Net Maize sales with individual prices  

VARIABLES Value of net maize sales during April 2017–March 2018 (TSh) 

POST ANCOVA 

Group 2: Storage 17,811 (52,999) 11,782 (44,270) 
Group 3: Credit 84,796 (66,297) 42,339 (51,918) 
Maize inventory beginning of Jan–March 2017 
Net maize sales during April 2016–March 2017 (TSh)  0.289*** (0.0457) 
Net maize sales during April 2016–March 2017 (kg) 

Control mean and standard deviation 198,739 
(501,732) 

Observations 1238 1238 
R-squared 0.131 0.298 
Storage = Credit 0.239 0.470 

Notes: The table above provided results from regression specification shown in Equation (2) and used the same specification used for the results 
presented in Table 2. However, the value of net maize sales was calculated using individual reported prices instead of the standardized prices at 
the VICOBA level used in earlier tables. The results did not change significantly.  
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Table A3 
Unadjusted P values from Table 2, compared to sharpened q values  

Variables Storage Credit 

Unadjusted p values Sharpened q values Unadjusted p values Sharpened q values 

Maize inventory in January 2018 (kg) 0.189 0.396 0.021 0.068 
Net maize sales during April 2017–March 2018 (TSh) 0.791 0.396 0.416 0.161 
Net maize sales during April 2017–March 2018 (kg) 0.186 0.396 0.051 0.068 

Notes: (1) This table presented the False Discovery Rate adjusted p values shown by Anderson (2008). 
(2) We treated each intervention (storage and credit) as a family.  

Table A4 
ANCOVA Analysis of key outcomes, separately for each treatment variable  

VARIABLES (1) 
Maize inventory in January 2018 (kg) 

(2) 
Quantity of net maize sales during 
April 2017–March 2018 (kg) 

(3) 
Value of net maize sales during April 
2017–March 2018 (TSh) 

Storage Credit Storage Credit Storage Credit 

Group 2: Storage 129.6 (98.42)  145.5 (103.8)  15,819 (28,084)     

Group 3: Credit  217.3* (114.8)  206.5** (91.07)  36,131 (35,168)    

Net maize sales during April 2016–March 2017 
(TSh) 

0.221*** 
(0.0331) 

0.252*** 
(0.0346)         

Maize inventory beginning of Jan–March 2017   0.383*** 
(0.0595) 

0.618*** 
(0.132)       

Net maize sales during April 2016–March 2017 
(kg)     

0.354*** 
(0.0662) 

0.494*** 
(0.0918)     

Control mean and standard deviation 478 
(1231) 

753 
(1018) 

168,422 
(364,090) 

Observations 837 818 837 818 837 818 
R-squared 0.277 0.316 0.148 0.249 0.200 0.298 

Notes: The table above provided results from regression specification shown in Equation (2) and used the same specification as the results presented in Table 2. 
However, the difference in this specification is that each treatment was regressed against the outcome separately. The results did not change.  

Table A5 
Maize purchases at harvest and maize sales in lean season   

(1) 
Maize purchases in June 
2017–Sept 2017 (kg) 

(2) 
Maize purchases in June 
2017–Sept 2017 (Value) 

(3) 
Maize sales in Jan 
2018–Mar 2018(kg) 

(4) 
Maize sales in Jan 2018–Mar 
2018(Value) 

Group 2: Storage 1.631 (2.392) 663 (1088) 22.68 (39.43) 8193 (12,151) 
Group 3: Credit 0.962 (2.489) 503 (1158) 86.79* (45.99) 27,226* (14,169) 
Maize purchases in June 2016–Sept 

2016 (kg) 
0.0392 (0.0262)       

Maize sales in Jan 2017–Mar 2017 (kg)   0.291*** (0.0942)     

Logged maize purchases in June 
2016–Sept 2016 (Value)  

0.0400 (0.0249)      

Logged maize sales in Jan 2017–Mar 
2017 (Value)    

0.0946*** (0.0322)    

Constant  5032** (1938)  − 1072 (12,078)   

Observations  1238  1238 
R-squared  0.073  0.092 

Notes (1) The table presents ANCOVA estimates. 
(2) The dependent variables were total maize purchases and sales as opposed to the net sales presented in earlier tables. 
(3) The outcome variables were: (1) Maize purchases in June 2017–Sept 2017 in quantity (kg) and value (Tsh). (2) Maize sales from January 2018–March in quantity 
(kg) and value (Tsh). 
(4) Standard errors clustered at VICOBA Level and district Fixed Effects and constant included. 
(5) Observations have also been probability weighted by the likelihood of them being selected for any treatment or for being surveyed. 
(6) ***, **, and * indicate significance at the 1, 5, and 10 percent critical level respectively. 
(7) Number of observations = 1238 in all columns.  
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Table A6 
Hetrogeneity in treatment effect (Storage chemical expenditure).   

(1) 
Maize inventory in 
January 2018 (kg) 

(2) 
Quantity of net maize sales during April 
2017–March 2018 (kg) 

(3) 
Value of net maize sales during April 
2017–March 2018 (TSh) 

Group 2: Storage * If household was not a low user of storage 
chemicals (below 75th percentile) = 0 

12.41 (259.0) − 232.8 (324.8) − 142,475 (107,736) 

Group 2: Storage * If household was low user of storage 
chemicals (below 75th percentile) = 1 

167.5* (97.03) 216.1** (94.09) 48,412 (41,429) 

Group 3: Credit * If household was not a low user of storage 
chemicals (below 75th percentile) = 0 

126.8 (229.5) 182.1 (318.1) − 72,627 (108,873) 

Group 3: Credit * If household was low user of storage 
chemicals (below 75th percentile) = 1 

245.2** (96.42) 243.8** (108.6) 69,813 (49,163) 

If household was low user of storage chemicals (below 75th 
percentile) = 1 

− 236.6 (182.9) − 626.5*** (221.4) − 232,649*** (76,262) 

Maize inventory beginning of Jan–March 2017 0.528*** (0.0962)   
Quantity of net maize sales during April 2016–March 2017 

(kg)  
0.424*** (0.0747)  

Value of net maize sales during April 2016–March 2017 (TSh)   0.281*** (0.0459) 
Constant 391.7** (196.0) 447.0** (223.2) 197,224** (83,579) 

Observations 1238 1238 1238 
R-squared 0.225 0.293 0.308 

Notes: (1) The table presented ANCOVA estimates. 
(2) The treatment variables were interacted with a dummy variable signifying storage constraint respectively. The dummy = 1 if storage chemical expenditure was 
below the 75th percentile. 
(3) The outcome variables respective were: (1) maize inventory in Jan 2018 (kg). (2) quantity of net maize sales in kg through the year (maize sales-maize purchases- 
interest rate paid by credit group). (3) value of net maize sales in TSh through the year. 
(4) Standard errors clustered at VICOBA Level and district Fixed Effects and constant included. 
(5) Observations have also been probability weighted by the likelihood of them being selected for any treatment, or for being surveyed. 
(6) ***, **, and * indicate significance at the 1, 5, and 10 percent critical level respectively. 
(7) All treatment effects estimated in reference to control group that faced the same constraint (Group 1). 
(8) Number of observations = 1238 in all columns.  

Table A7 
Hetrogeneity in treatment effect (credit constrained based on shares purchased from the VICOBA)   

(1) 
Maize inventory in 
January 2018 (kg) 

(2) 
Quantity of net maize sales during April 
2017–March 2018 (kg) 

(3) 
Value of net maize sales during April 
2017–March 2018 (TSh) 

Group 2: Storage * If household was not a low contributor to 
VICOBA in form of shares (below 75th percentile) = 0 

265.4 (174.1) 21.98 (196.7) 19,283 (89,449) 

Group 2: Storage * If household was a low contributor to VICOBA 
in form of shares (below 75th percentile) = 1 

106.0 (123.0) 155.8 (103.8) 10,001 (46,166) 

Group 3: Credit * If household was not a low contributor to 
VICOBA in form of shares (below 75th percentile) = 0 

320.0 (224.1) 457.9 (277.7) 93,929 (109,918) 

Group 3: Credit * If household was a low contributor to VICOBA in 
form of shares (below 75th percentile) = 1 

201.4** (94.19) 181.1 (112.9) 30,450 (50,563) 

If household was a low contributor to VICOBA in form of shares 
(below 75th percentile) = 1 

− 65.02 (128.5) − 71.19 (170.2) − 6657 (76,405) 

Maize inventory beginning of Jan–March 2017 0.532*** (0.0913)     

Quantity of net maize sales during April 2016–March 2017 (kg)  0.435*** (0.0699)    

Value of net maize sales during April 2016–March 2017 (TSh)   0.287*** (0.0454)   

Constant 248.0* 
(148.3) 

− 8.429 
(174.3) 

12,857 
(78,931) 

Observations 1238 1238 1238 
R-squared 0.225 0.293 0.308 

Notes: (1) The table presents ANCOVA estimates. (2) The treatment variables were interacted with a dummy variable signifying credit constraint respectively. The 
dummy = 1 if shares bought from VICOBA were below the 75th percentile in that VICOBA. 
(3) The outcome variables respective were: (1) maize inventory in Jan 2018 (kg). (2) quantity of net maize sales in kg through the year (maize sales-maize purchases- 
interest rate paid by credit group). (3) value of net maize sales in TSh through the year. 
(4) Standard errors clustered at VICOBA Level and district Fixed Effects and constant included. 
(5) Observations have also been probability weighted by the likelihood of them being selected for any treatment, or for being surveyed. 
(6) ***, **, and * indicate significance at the 1, 5, and 10 percent critical level respectively. 
(7) All treatment effects estimated in reference to control group that faced the same constraint (Group 1). 
(8) Number of observations = 1238 in all columns.  
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Table A8 
Hetrogeneity in treatment effect (Net sellers of maize)   

(1) 
Maize inventory in 
January 2018 (kg) 

(2) 
Quantity of net maize sales during April 
2017–March 2018 (kg) 

(3) 
Value of net maize sales during April 
2017–March 2018 (TSh) 

Group 2: Storage * If household was not a net seller of 
maize for the year 2016–2017 = 0 

− 78.58 (66.69) − 50.29 (99.13) − 23,650 (38,228) 

Group 2: Storage * If household was a net seller of maize 
for the year 2016–2017 = 1 

359.6** (181.1) 301.1* (174.5) 45,302 (74,305) 

Group 3: Credit * If household was not a net seller of maize 
for the year 2016–2017 = 0 

− 36.48 (72.90) − 13.14 (103.8) − 9891 (36,411) 

Group 3: Credit * If household was a net seller of maize for 
the year 2016–2017 = 1 

427.1*** (160.7) 442.4** (179.6) 86,885 (80,826) 

If household was a net seller of maize for the year 
2016–2017 = 1 

− 15.62 (112.2) − 234.1 (160.8) − 55,892 (57,570) 

Maize inventory beginning of Jan–March 2017 (kg) 0.487*** (0.0991)     

Quantity of net maize sales during April 2016–March 2017 
(kg)  

0.432*** (0.0833)    

Value of net maize sales during April 2016–March 2017 
(TSh)   

0.288*** (0.0539)   

Constant 303.8*** (75.47) 79.92 (95.55) 39,748 (35,237) 

Observations 1238 1238 1238 
R-squared 0.240 0.279 0.299 

Notes: (1) The table presents ANCOVA estimates. 
(2) The treatment variables were interacted with a dummy variable signifying that the household was a net seller of maize in the baseline year (Net seller of maize = 1). 
(3) The outcome variables respective were: (1) maize inventory in Jan 2018 (kg). (2) quantity of net maize sales in kg through the year (maize sales-maize purchases- 
interest rate paid by credit group). (3) value of net maize sales in TSh through the year. 
(4) Standard errors clustered at VICOBA Level and district Fixed Effects and constant included. 
(5) Observations have also been probability weighted by the likelihood of them being selected for any treatment, or for being surveyed. 
(6) ***, **, and * indicate significance at the 1, 5, and 10 percent critical level respectively. 
(7) All treatment effects estimated in reference to control group that faced the same constraint (Group 1). 
(8) Number of observations = 1238 in all columns.  

Table A9 
Maize purchases at harvest and maize sales in lean season interacted with credit constrained dummy  

VARIABLES (1) 
Maize purchases in June 
2017–Sept 2017 (kg) 

(2) 
Maize purchases in June 
2017–Sept 2017 (Value) 

(3) 
Maize sales in Jan 
2018–Mar 2018 (kg) 

(4) 
Maize sales in Jan 2018–Mar 
2018(Value) 

Storage # Not credit Constrained − 2.036 (5.082) − 1120 (2545) 5.827 (91.86) 8091 (30,107) 
Storage # Credit constrained 2.547 (2.699) 1110 (1184) 27.14 (41.62) 8317 (12,588) 
Credit # Not credit Constrained 0.762 (5.191) 246.0 (2655) 137.2 (120.9) 44,306 (35,950) 
Credit # Credit constrained 1.033 (2.715) 579.5 (1189) 75.30* (39.36) 23,304* (12,332) 
Credit constrained = 1 − 2.455 (4.370) − 1512 (2102) − 45.81 (56.53) − 12,468 (15,904) 
Amount of maize bought between 

June–September 2016(kg) 
0.0388 (0.0265)       

Amount of maize sold between April–June 
2017(kg)   

0.288*** (0.0945)     

Logged maize purchases in June 2016–Sept 
2016 (Value)  

0.0396    
(0.0252)   

Logged maize sales in Jan 2017–Mar 2017 
(Value)    

0.0933*** (0.0323)    

Constant 15.57*** 
(5.108) 

6254*** 
(2343) 

44.83 
(67.49) 

9022 
(19,349) 

Observations 1238 1238 1238 1238 
R-squared 0.067 0.074 0.107 0.096 

Notes (1) The table presents ANCOVA estimates. 
(2) The treatment variables were interacted with a dummy variable signifying credit constraint respectively. The dummy = 1 if shares bought from VICOBA were below 
the 75th percentile in that VICOBA. 
(2) The dependent variables were total maize purchases and sales as opposed to the net sales presented in earlier tables. 
(3) The outcome variables were: (1) Maize purchases in June 2017–Sept 2017 in quantity (kg) and value (Tsh). (2) Maize sales from January 2018–March in quantity 
(kg) and value (Tsh). 
(4) Standard errors clustered at VICOBA Level and district Fixed Effects and constant included. 
(5) Observations have also been probability weighted by the likelihood of them being selected for any treatment or for being surveyed. 
(6) ***, **, and * indicate significance at the 1, 5, and 10 percent critical level respectively. 
(7) Number of observations = 1238 in all columns.  
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Table A10 
Maize purchases at harvest and maize sales in lean season interacted with net seller dummy variable  

VARIABLES (1) 
Maize purchases in June 
2017–Sept 2017 (kg) 

(2) 
Maize purchases in June 
2017–Sept 2017 (Value) 

(3) 
Maize sales in Jan 
2018–Mar 2018 (kg) 

(4) 
Maize sales in Jan 2018–Mar 
2018 (Value) 

Storage # Net Buyer or Autarkic 4.567 (4.326) 2114 (1990) − 42.83 (28.75) − 12,190 (8518) 
Storage # Net seller − 1.500 (1.919) − 868.6 (956.0) 89.78 (69.11) 29,244 (21,293) 
Credit t# Net Buyer or Autarkic 4.406 (5.113) 2207 (2431) − 18.15 (31.78) − 4021 (9421) 
Credit # Net seller − 1.618 (1.560) − 783.8 (771.0) 170.0** (72.28) 51,851** (22,189) 
Net seller of maize = 1 − 1.362 (3.348) − 476.9 (1654) − 30.98 (43.21) − 7325 (12,428) 
Amount of maize bought between 

June–September 2016 (kg) 
0.0322 (0.0268)       

Amount of maize sold between April–June 
2017 (kg)   

0.267*** (0.0978)     

Maize Purchases in June 2016–Sept 2016 
(Value)  

0.0338 (0.0255)      

Maize Sales in Jan 2017–Mar 2017 (Value)    0.0853** (0.0336)    

Constant 13.13** 
(6.086) 

4759* 
(2496) 

47.69 
(32.00) 

10,581 
(9414) 

Observations 1238 1238 1238 1238 
R-squared 0.074 0.081 0.116 0.105 

Notes (1) The table presents ANCOVA estimates. 
(2) The treatment variables were interacted with a dummy variable signifying that the household was a net seller of maize in the baseline year (Net seller of maize = 1). 
(3) The dependent variables were total maize purchases and sales as opposed to the net sales presented in earlier tables. 
(4) The outcome variables were: (1) Maize purchases in June 2017–Sept 2017 in quantity (kg) and value (Tsh). (2) Maize sales from January 2018–March in quantity 
(kg) and value (Tsh). 
(5) Standard errors clustered at VICOBA Level and district Fixed Effects and constant included. 
(6) Observations have also been probability weighted by the likelihood of them being selected for any treatment or for being surveyed. 
(7) ***, **, and * indicate significance at the 1, 5, and 10 percent critical level respectively. 
(8) Number of observations = 1238 in all columns.  

Table A11 
Best linear prediction and group average treatment effects (GATES) heterogeneity detection  

Treatment Variable Best Linear Predictor GATES 

ATE HET Most Affected Least Affected Difference 

Outcome Variable: Value of net maize sales during April 2017–March 2018 (TSh) 
Credit 49939.08 0.24 54242.84 43728.76 1700.08 

(-42805.32,143597.13) (-0.36,0.85) (-78232.88,184625.53) (157660.53,0.89) (-156922.1,172775.37) 
0.59 0.83 0.82 0.89 1 

Storage 17881.33 0.41 70968.87 − 34951.5 106185.2 
(-67904.07,104946.53) (-0.14,1) (-41523.97,186761.42) (77181.16,1) (-49006.23,260269.13) 
1 0.29 0.42 1 0.35 

Outcome Variable: Maize inventory in January 2018 (kg) 
Credit 136.08 0.14 159.87 101.31 54.26 

(-62.33,333.45) (-0.42,0.72) (-164.48,485.25) (312.36,0.73) (-338,459.58) 
0.34 1 0.62 0.73 1 

Storage 100.95 0 143.85 50.36 75.34 
(-82.27,283.8) (-0.63,0.63) (-144.74,431.6) (271.29,1) (-285.95,434.48) 
0.56 1 0.65 1 1 

Outcome Variable: Maize sales during April 2017–March 2018 (kg) 
Credit 74.89 0.15 317.41 − 177.05 681 

(-255.16,647.46) (-0.08,0.35) (-238,901.94) (581.97,0.92) (-503.15,1405.37) 
1 0.37 0.52 0.92 0.53 

Storage 45.03 0.43 182.98 − 80.76 281.95 
(-192.25,294.43) (-0.19,0.93) (-144.26,511.77) (280.17,1) (-229.74,769.78) 
1 0.3 0.52 1 0.53 

Notes: 1) ATE referred to average treatment effect and HET to heterogeneity loading parameter. Most and least affected referred to ATE among most and least affected 
respectively. Difference referred to ATE of most affected minus ATE of least affected. 90% confidence intervals in parentheses, p-values in brackets. 
2) We used three groups for the GATES analysis. 
3) Results were presented using the Elastic Net method. Results from the Random Forest method and Neural Network were similar. 
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Appendix A12. Maize price simulations

Return on investment (%)=
Revenue from selling − (Loan Amount + Interest Rate)

Loan Amount + Interest Rate
*100  

Appendix B1. Loan Agreement sample in English 
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Appendix B2. Mbeya region where the experiment was conducted

Appendix B3. Power Calculations 

We used data from the Living Standards Measurement Survey (LSMS) collected by the World Bank during the 2014/15 season in Tanzania to create 
power calculations for this study. Using this dataset, we found that the average amount of maize stored by households was 339 kg with a standard error 
of 549, and the average amount of maize harvested by households was 836 kg with a standard error of 986. Unfortunately, we did not have maize 
inventory specifically for the lean season since the LSMS survey was conducted throughout the year. 

As mentioned, our storage intervention consisted of two hermetic bags that held 100 kg of shelled maize each; we, therefore, used 200 kg as the size 
of the treatment effect. The credit intervention also consisted of a loan worth two bags of maize, so we expected a similarly sized effect. 

We used these effects and the Tanzania LSMS data to calculate sample sizes that were powered at the 80% level. For lack of a better value we used 
an intracluster correlation of 0.02 that was found within villages using the LSMS data as a proxy for group-level intra-cluster correlation. 

These calculations assumed that a treatment effect of 200 kg would result in an MDE of 0.36. With a sample size of 400 individuals in 40 groups, we 
were powered to pick up an MDE of 0.30. This is considered a small to medium range for MDE when designing experiments (Duflo et al., 2007). Also, 
since the outcomes of interest: maize inventory, quantity of maize sales and value of maize sales were likely to be correlated across time, the use of a 
baseline survey and endline survey that measured the dependent variable at different points in time increased statistical power. 
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