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1. Introduction 

 
Across a wide range of contexts, small business owners in developing countries often leave 

profitable investments unexploited.1 While credit constraints clearly exist in some contexts, they 

seem unlikely to fully explain the persistence of unexplained high return investments since even 

in the complete absence of credit markets, a standard Euler equation counterfactually implies that 

in the absence of other distortions firm owners with high returns to capital should have very high 

growth rates of consumption (i.e. Banerjee and Moll 2010). Some researchers have argued that 

behavioral factors explain the unrealized high returns, with most of the literature focusing on 

time preferences (i.e. Banerjee and Mullainathan 2010, Duflo, Kremer and Robinson 2011), or 

limited attention (i.e. Mani, Mullainathan and Shafir 2014).  

In this paper, we study the inventory decisions of Kenyan retail firms to provide evidence 

on what factors are associated with large unrealized profit opportunities. To do this, we utilize a 

rich set of data from multiple sources, including surveys with shopkeepers (including modules to 

measure cognitive ability on several dimensions, including mathematical ability), administrative 

data on purchases, and high-frequency data on stockouts. We use two methods to estimate lower 

bounds on unrealized marginal returns to capital. Our first approach uses administrative data on 

whether shops took advantage of bulk purchase discounts from a distributor. To construct tighter 

bounds, we restrict our analysis to a selected sample of 1,358 larger firms (making up about 30% 

of the sample) who purchase enough in a month to qualify for discounts (since returns are likely 

lower for these bigger shops, our results likely represent a lower bound for the universe of 

shops). Our second approach utilizes daily data from 141 shops on lost sales due to insufficient 

inventory. Both methods suggest many firms have high unrealized returns to particular inventory 

1See, for example, de Mel et al. (2008), Duflo, Kremer and Robinson (2011), McKenzie and Woodruff (2008), 
Fafchamps et al. (2014), Udry and Anagol (2006), and Banerjee and Duflo (2014).  
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investments.  

 We then examine possible explanations for why returns are high. First, we examine how 

inventories vary cross-sectionally with shopkeeper characteristics. We document that self-

reported profits are higher in firms with greater inventories, controlling for a rich set of 

shopkeeper characteristics. What characteristics correlate with inventories and profits? We find 

some evidence that credit constraints may matter - shopkeepers with higher asset levels and with 

bank accounts have larger inventories, while shopkeepers who participate in ROSCAs (possibly 

an inferior substitute for formal banks) have smaller inventories.. We also find some evidence 

that firm owners with higher scores on a basic mathematical test hold higher inventories and 

have higher profits (conditional and unconditional on inventories).2 Also, firm owners who 

allocated more of a small gift to a risky but high expected return investment and less to a safe 

asset also held higher inventories. The math score finding could suggest that optimization 

failures help contribute to missed profitable investment opportunities. While the second finding 

could indicate that risk aversion inhibits investment, this seems unlikely since turning down 

small gambles with strongly positive expected returns implies implausible levels of risk aversion 

(Rabin 2000), so long as respondents treat experimental winnings as additive with baseline 

wealth and experimental winning (Kahneman and Tversky 1979). This finding could thus also be 

interpreted as an example of optimization failure.  

Our most direct piece of evidence that optimization failures may be important comes 

from an experimental “information intervention” in which a randomly selected subset of 

shopkeepers was provided information on the marginal rates of return measured within the 

industry and walked through an “information intervention” helping them estimate the tradeoffs 

2 We are not suggesting that math scores should be seen as exogenous and innate, it could well be that economic 
conditions affect cognitive processes (i.e. Mani, Mullainathan and Shafir 2014). 
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involved in holding more inventory. Though this intervention provided no technical assistance or 

working capital, we find that this intervention increased inventory levels by approximately 20%.3 

The importance of behavioral factors may help explain why access to microfinance seems 

to have a limited effect on business expansion (other than several studies which show effects for 

a small tail of firms at the top end of the distribution - Banerjee, Karlan and Zinman 2015). A 

loss aversion and prospect theory model could also explain. the finding in de Mel et al. (2008) 

that small businesses who are given an infusion of new capital neither reinvest the capital to 

grow their inventory, nor draw it down to liquidate it. They are also related to the finding in 

Fafchamps et al. (2014) that (for non-subsistence female-operated businesses) grants of capital 

are retained in the business but cash grants are not invested. In addition, our work also suggests 

that at least some of the heterogeneity in returns to capital identified by, for instance, Hsieh and 

Klenow (2009) may be due to differences in management quality across firms, as opposed to tax 

and regulatory factors. 

Our paper is also related to a number of recent studies showing a relationship between 

mathematical ability and financial decisionmaking. (Agarwal and Mazumder, 2013; Gerardi et 

al., 2013; Christelis et al.,2010; and Grinblatt et al.,2011). Benjamin, Brown, and Shapiro (2013) 

show that math skills reduce small-stakes risk aversion, consistent with broader evidence that 

mathematical skills can help debias decision making (Burks et al. 2007).  

Our results are similar to a real-world demonstration of the “newsvendor problem” in 

experimental economics. In the experiment, subjects are asked to order inventory to satisfy 

stochastic demand (exactly the problem we study in the stockout example), and incur stocking 

costs if they hold surplus inventory. Experimental subjects systematically deviate from profit-

3 In a similar context in Kenya, Beaman et al. (2014) find that regular surveying of very small firm owners about lost 
sales from inadequate supplies of small change causes them to run out of change less often, as does providing 
information on the costs of these lost sales. 
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maximizing quantities, setting inventories too close to mean demand (Schweitzer and Cachon 

2000). These optimization failures are correlated with scores on a cognitive reflection test 

(Moritz et al. 2012).   

This paper is organized as follows. Section 2 provides background on small-scale retail 

shops in Kenya. Section 3 describes our data and  methodology for bounding the rates of return. 

Section 4 presents the estimation of the marginal rates of return using the two methods and 

discusses the relationship between inventories and profits. Section 5 then explores the role of 

optimization failures and Section 6 concludes. 

 

2. Background  

We study rural Kenyan retail shops selling a relatively homogeneous set of fast moving 

consumer goods and consumer packaged goods. These shops are ubiquitous in market centers 

and small towns in the region, and are often located in clusters, so most shops are adjacent to or 

in close proximity to several competing shops. Shops are small scale and almost always owner-

operated. Products are kept behind a counter (and often behind a set of metal bars) and all 

transactions and transfers of goods are mediated through the store operator.  

Because these rural areas are poor, consumers buy a relatively small set of goods. 

Although shops sometimes sell some perishable foodstuffs, they mostly stock non-perishables. In 

the first part of our analysis, we focus on approximately 50 non-perishables supplied by one 

distributor and which consist of items such as soap, detergents, cooking fat, and soup mixes. 

These good constitute roughly 30-40% of a shop’s inventory.5 These goods are produced by one 

of several large manufacturers who dominate the sector and who specify retail prices. In a given 

5 Goods such as eggs, bread, and milk are distributed separately, as are some competing brands of non-perishables 
and a few items with their own distribution systems (e.g., sodas and phone cards).  
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region, these manufacturers supply products to a single distributor, which is based in larger town, 

and which wields substantial market power. In turn, the distributor supplies the items directly to 

shops.  

Distributors make deliveries over a large geographic region by truck at least once a week, 

on a pre-specified schedule; and do not typically visit market centers except on these pre-

specified days. Distributors sell items both directly to retail shops and to “wholesalers,” which 

are larger firms that buy in bulk to then sell to retailers at a smaller discount. Shops sometimes 

buy from wholesalers because they are more geographically dispersed and therefore readily 

accessible in case of demand shocks. In making purchase decisions, shops therefore know that if 

they stock out they will either have to wait for the next delivery from the distributor’s truck or 

purchase from a wholesaler. In our sample, most shops buy exclusively from the distributor: only 

a third of shops reported having ever purchased from wholesalers. 

The distributor offers the retailers bulk discounts based on total purchase amount at the 

time of delivery. For the majority of the time period in our data, the discounts started at 0.5% on 

purchases greater than 5,000 Kenyan shillings (about $67), rose to 1% at 7,000 Ksh ($93), and 

reached a maximum of 1.5% at 10,000 Ksh ($134).6 After January 2010, the thresholds increased 

to 7,500, 10,000, and 20,000 Ksh. These discounts are substantial relative to the typical retail 

markup of about 10%.7 

In the second part of our analysis, we focus on stockouts of prepaid phone cards. Kenya 

has very high mobile phone penetration, and overwhelmingly uses a pay as you go top up system 

6 The exchange rate was approximately Ksh 75 to $1 US during this time period. 
7 One complicating factor in the analysis is that some purchases just below the threshold apparently received bulk 
discounts, even though they should not have. In discussions about this data, the distributor mentioned that some 
truck drivers exercised some discretion in providing discounts even slightly below the threshold, especially before 
the distributor established an effective monitoring system. Thus, truck drivers could sometimes “round up” the 
purchase and give the lower price. To address this, we exclude purchases just below the threshold in the empirical 
analysis (which should bias estimated returns downwards).  
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with phone cards. The wholesale and retail prices are fixed and the markup is approximately 4-

5%. There are two brands of top-up cards which are specific to the major cellphone carriers 

which were operating during our data collection period.8 The brands are not substitutable for 

each other, and most customers come in looking for the lowest denomination within a brand and 

will purchase from another shop if the shop has no inventory in this denomination.9  

 

3. Data 

3.1 Administrative data from the distributor 

We have data from a major distributor within the geographic area on all purchases made 

from January 2004 to July 2011. For each purchase, the dataset contains the name of the shop, 

the date of the purchase, the quantity purchased of each product and the unit prices. The shop 

identifiers also include some geographic information.  

After working with the distributor to clean shop identifiers, we identified 4,673 unique 

shop identifiers which purchased from the distributor at least 5 times. However, since some 

shops purchase infrequently from the distributor, close, or change name, and since the same shop 

may be called different names in the database despite data cleaning, we restrict analysis to shops 

with at least 20 purchases from the distributor.  

Our methodology will identify a lower bound that is obtainable by moving purchases 

forward in time to qualify for bulk discounts. However, some shops purchase very small 

quantities and/or purchase infrequently in our distributor database (these firms could also be 

purchasing more regularly from wholesalers – while this is uncommon in our restricted sample 

8 Celtel cards came in 40, 100, 200, 300, 600, and 1200 Kenyan shilling (Ksh) denominations, while Safaricom 
cards came in Ksh 50, 100, 250, 500, and 1000 denominations. A small number of shops also had a technology that 
allowed them to sell cards in arbitrary denominations. 
9 Substitution to phone cards of different value reported in 5.4 percent cases. 
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of shops, it may be more common for the average shop). While these firms may face high returns 

to capital, their scale of operation do not make them readily suitable to our analysis. For this 

reason, we restrict our sample to shops that purchase enough such that they could qualify for the 

bulk discount in an average month (i.e., in the pre-2010 period, we include only shops that 

purchase an average of at least 5,000 Ksh per month). This limits the sample a sample of 1,358 

bigger and more-established shops (approximately 30% of the shops in the dataset). We expect 

that these shops will tend to have fewer unexploited high return inventory investments, such that 

returns in our sample will be lower than that in the entire population of firms. Indeed, shops that 

are included in our sample are much more likely to take advantage of bulk discounts (they take 

them up 44% of the time, compared to 20% of the entire sample of shops). 

Table 1 Panel A shows the characteristics of this sample of 1,358 shops. The median 

shop in the sample makes 70 purchases over 1,026 days, and purchases about 3,000 Ksh per 

distributor visit in which it makes purchases (the mean purchase is 9,000 Ksh, although this is 

driven by some very large shops). The median shop makes purchases approximately every two 

weeks.  

  

3.2 Phone card stockout data 

Our second empirical method uses stockouts of prepaid phone cards and draws on data 

from a separate sample of shops. This data was collected from June 2005 to December 2007. 

During this time period, shops purchased phone cards in discrete order sizes. For example, cards 

must often be purchased in packs of ten. Shops buy a minimum of 5 to 20 cards at time, 

depending on the denomination of the product. For this reason, we calculate the expected profit 

from holding an additional order of ten cards rather than the return to one marginal card.  
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Shops were eligible to participate in the survey if they sold telephone cards. A small 

number of businesses, which operate primarily as wholesalers, were excluded from the sample. 

In addition, we excluded the few larger retail outlets (“supermarkets”) because they allow 

customers direct access to goods, so that the shopkeeper would have a difficult time observing 

and reporting the number of customers lost to stockouts. Shops were enrolled in waves over 

time, starting with a pilot sample in 2005. In total, stockout surveys were completed with 141 

shops in 16 market centers that chose to participate in the study, representing 74% of shops in 

those areas.  

Participating shopkeepers were surveyed twice weekly for a period ranging from three 

months to one year to collect regular data on the shop owners’ inventory management. The 

survey collected information about the number of items sold that day, the last time the shop had 

restocked each item, and the number of customers who had been lost to stockouts (defined as lost 

sales when a customer asks for a product that is out of stock and does not accept a replacement) 

for each product.10 For each outcome, daily data was constructed retrospectively over the past 

several days by asking shopkeepers to report outcomes day by day. 

 Table 1, Panel B shows the summary statistics. We observe the average shop for a total of 

152 days, though data for some firms is available for much longer. The mean number of 

stockouts is 9 per month, though this varies tremendously across shops: many shops never stock 

out (in fact, the number of stockout per month for the median firm is just 2), while other stockout 

regularly. Firms restock at most distributor visits (the mean probability of restocking is 0.79). 

 

3.3 Inventory and profit survey data 

A set of shops that appeared in our distributor dataset was selected for further data 

10 Substitution to phone cards of different value was reported in only 5.4 percent of cases. 
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collection. Background surveys were conducted with 731 of these firms in 2009-2010. We then 

randomly selected some of these firms to be part of a follow-up survey sample between February 

and May 2011. Of the 486 shops originally sampled, we successfully followed up with 380 

(78.1%). We asked respondents to estimate the total value of their inventory, with the 

enumerator’s assistance. In addition, the enumerator, together with the respondent, calculated the 

value of the thirteen most common items stocked by shops, physically verifying the quantities of 

these items. These thirteen items were selected since they represent a large fraction of the shop’s 

inventory (38% for the median shop) and were found to be most predictive of the total inventory 

during a pilot in which we conducted complete inventory assessments, documenting the value of 

the entire inventory present in the shop at the time of the survey. We perform our analysis with 

both measures of inventories.  

We also collected profit data for a subset of these firms (188 shops in total).11 We follow 

de Mel, McKenzie, and Woodruff (2008) by asking respondents to report their income less 

expenses and wages to other employees over the previous 30 days. Note that this measure of 

profits therefore does not net out wages paid to own or family labor.12  

As Table 1 Panel C shows, median inventory was $2,000 and median profits in the past 

month were $160. There are some very large shops in this sample: the largest 10% of shops have 

inventories of $9,300 and profits of $800 per month. These are quite sizeable figures in an area 

in which average agricultural wages are around $1 per day. 

 

11 Appendix Table A1 compares characteristics of the firms who were asked to provide profit data and firms who 
were not. Of the 20 characteristics in the Table, three are statistically significant at the 10 percent level: firm owners 
who completed the profit module are more likely to be female, younger, and took more time to complete the maze 
task. Overall, however, differences between the two subsamples seems minimal. 
12 See de Mel et al. (2009) for evidence that this measure of profits is more accurate than detailed questions on 
expenses and revenues. 
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3.4 Shop owner characteristics 

 Surveys were collected from a subset of the shops in the study. In total, we have surveys 

from 582 shops. This group includes 113 of the 141 shops in the stockout sample,13 the 380 

shops for whom we collected inventory and profits data, and 89 shops for which we have bulk 

discount data only (247 of the 380 shops in the inventory sample also have bulk discount data, so 

we have 336 surveys for shops with bulk discount data). The surveys included standard 

demographics, as well as questions on the shop owner’s access to savings and credit; ownership 

of land, durable goods, and other assets; transfers given and received, other sources of income, 

and self-reported credit constraints. 

 Shopkeepers are on average 33 years old, and are substantially more educated than the 

typical rural resident. They average almost 11 years of education and 97% can read and write in 

Kiswahili. Half are male. The mean shop has been open for about 7 years. Relatively few 

shopkeepers (or their spouses) have formal sector jobs. 80% of shopkeepers in our sample have 

bank accounts, 77% own land, and 42% participate in a merry-go-round cooperative (ROSCA). 

Forty-five percent report that they would like to borrow money but are unable to do so. 

Importantly for our analysis, 15% of shops reported being robbed in the past year – we 

incorporate this risk into our analysis (see below). 

The surveys also included vocabulary and reading tests in English and Swahili, a math 

problem solving test, a digit recall memory test, Raven progressive matrices, and a maze 

completion speed test (the survey itself which includes these cognitive modules is included as 

Web Appendix A on the authors’ websites).14 The average respondent answered 49% of the 

math questions correctly, correctly completed 67% of the Raven’s matrices, and correctly 

13 We did not administer background surveys to the initial “pilot” sample.  
14 The math test was adapted from standard psychometric and personnel IQ tests, including the Wonderlic Test and 
Cognitive Reflection Test. All modules were refined for the local context, and were extensively pre-tested. 
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answered 64% of the vocabulary questions. The average respondent was able to remember up to 

6.6 digits in the digits forward memory game.15 

Finally, the surveys also included questions on willingness to invest in risky assets, which 

were incentivized by randomly choosing one question for which choices were implemented. 

Respondents were asked to divide a portfolio between a safe asset and a risky asset that paid off 

2.5 times the amount invested with 50% probability, and zero with 50% probability. The asset 

was worth approximately $1.33, a small amount of money for these shopkeepers who are 

significantly wealthier than the average Kenyan. To benchmark this, note that the median 

shopkeeper has $2,000 in inventory (Table 1, Panel C), $1,000 in durable goods and animals 

(Table 2), and 77% of shopkeepers own land (conditional on owning land, the median value is 

$2,200) The experimental asset is therefore worth a very small amount of total asset holding (less 

than 0.05%). Given the small stakes, for any reasonable level of risk aversion, people should not 

turn down very small gambles with positive expected value – see Rabin 2000 – so long as people 

consider experimental winnings as additive with baseline wealth.17  

 Despite this, we observe that very few respondents invest all of the money: only 5% of 

respondents invest the full amount. The average respondent invests only 57% of the money in the 

risky asset. Appendix Figure A1 shows the distribution of the exact amount invested, showing 

that that a large proportion (38%) of shopkeepers invest exactly half of the money into the risky 

asset, similar to the finding that people naively distribute 1/n of their income into different 

investment retirement options (Benartzi and Thaler 2001, 2007). This finding seems difficult to 

15 The math score will be a robust predictor of firm performance. In Appendix Table A2, Column 1, we examine 
characteristics that correlate with the math score. The table presents bivariate regressions for a number of 
characteristics. The math score is robustly correlated with education and literacy, as well as with all the other 
cognitive measures. We also find that men perform better than women on the math test. 
17 See Kahneman and Tversky (1979) and Cox and Sadiraj (2006) for discussions. See evidence on the failure of 
asset integration from Schechter (2007), Andersen et al. (2012), and Fafchamps et al. (2013) for evidence on 
experimental subjects only partially integrating baseline wealth with experimental earnings.  

12



explain in an expected utility framework.18 

 

3.5 Bounding returns 

We use the administrative and stockout data to estimate bounds on returns to 

incrementally increasing inventory. For each bounding exercise, we wish to isolate the implied 

capital costs of holding additional inventory, apart from other costs of holding inventory (which 

include depreciation, storage costs and inflation). We therefore focus on products which are non-

perishable and do not appreciably depreciate (other than through inflation, which we account for 

in our calculations but which is essentially a non-factor given the short frequency of stocking 

decisions). In addition, storage costs are small: phone cards take up negligible space, and even 

for the household items in our bulk analysis, most shops report having sufficient storage space to 

handle moving purchases forward in time.  

Another issue to consider is theft. This is common: from Table 2, 15% of firms report 

being robbed in the past year. Note that since most kiosks are closed shops where the customer 

does not have access to goods, this is not shoplifting; instead, it is the risk of wholesale robbery, 

often at night. We account for theft in both of our calculations by allowing for the possibility that 

the extra inventory is stolen before it is sold and therefore the shopkeeper loses the additional 

inventory. We include more detail in the discussion below.19   

For each bounding exercise, we focus only on the benefit accruing from that particular 

analysis (i.e. for the administrative data, the only benefit is the bulk discount; for the phone card 

18 Appendix Table A2, Column 2 examines correlates of investment in the asset. We find few robust predictors. 
Years of education and the dath score are positively correlated, though not significant. The only covariates 
significant at even 10% are digit recall and the combined language score. Surprisingly, the signs of these coefficients 
are actually negatively (though small – a one standard deviation increase in either decreases the amount invested by 
about 1.5 percentage points).  
19 We do not allow for the possibility that  purchasing additional inventory affects the probability of theft. This is 
because the incremental quantities in our counter-factuals are a small proportion of total inventory. 
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data, the only benefit is reducing stockouts). However, holding inventory has other benefits as 

well. For example, Table 2 shows that 90% of firms had stocked out of products in the past 

month and, conditional on stocking out, lost an average of $19 (equivalent to roughly 5% of 

monthly profits). Thirty-five percent of firms purchased from wholesalers; conditional on doing 

this, the average firm lost about $3, or 1% of profits. These significant other costs make our 

estimates a lower bound. 

 

3.5.1 Failing to qualify for bulk discounts 

For the 1,358 shops in the administrative dataset, we infer bounds on the rates of return to 

investments in inventory that could be achieved if shops shifted the timing of their purchases to 

take advantage of quantity discounts offered by the distributor. We assume the shop never stocks 

out, so moving purchases forward in time does not avert any stockouts. Thus, if a shop moves 

purchases up, they gain the bulk discount d but lose the value of the incremental investment Y 

with the probability of theft t (15% annually). The opportunity cost of doing this is the return to 

capital r multiplied by Y, divided by inflation 𝑟𝑟 ≥ (𝑑𝑑
𝑌𝑌
− 𝑡𝑡) (. Thus for a firm that does not take the 

nearest bulk discount, we can bound the nominal return  𝑟𝑟𝑖𝑖 as:  

𝑟𝑟𝑖𝑖 ≥ (𝑑𝑑
𝑌𝑌
− 𝑡𝑡)     (1) 

The real return is therefore 1+𝑟𝑟𝑖𝑖
1+𝜋𝜋

− 1, where 𝜋𝜋 is inflation, which averaged approximately 

12% over the 2004-11 period (World Bank 2015). Note that we do not include other costs in this 

calculation, notably including the increased chance of stockouts (which would involve lost 

profits as well as lost consumer goodwill) and losing profits from purchasing from wholesalers at 

a higher price. 
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For example, suppose that a shop makes a 4,500 Ksh purchase from the distributor each 

month and there is a 5,000 Ksh threshold for a half percent purchase discount. The benefit of 

having moved 500 Ksh of purchases ahead by a month would be a discount of 0.005*5,000 or 25 

Ksh, which is equivalent to a 5% return over a month, which corresponds to an annual rate of 80 

percent per year. Once accounting for the 15% change of theft and 12% inflation, this works out 

to 53% per year. Since a rational firm would only have turned down this return if it had another 

investment opportunity which exceeded this return, this return is a lower bound on the return to 

capital facing the firm.   

 

Since each inferred return is only a lower bound, the tightest lower bound would be given 

by the highest lower bound we observe in the data for each firm. However, to reduce sensitivity 

to outliers, we take the 95th percentile of returns as our estimate in most specifications.  

 

3.5.2 Stockouts of phone cards 

In our second strategy, we use the phone card stockout survey data. By measuring daily 

stockouts over a period of several months, we are able to measure the probability that an 

additional unit of inventory would have been sold in a given time period, had the shop owner 

bought it at the beginning of the period. We can thus estimate the expected marginal benefit from 

holding an additional unit of inventory (the markup multiplied by the probability that the 

marginal unit would sell during the relevant time period), and then the implied rate of return on 

inventory investment from avoiding the directly lost sales.  

In our calculation, we account for the risk of theft by making a worst case assumption 

that if a shop is robbed all inventory is taken. From Table 2, 15% of shops had been robbed in 
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the past year, implying a hazard of approximately 0.1% over the relevant interval (the twice-

weekly distributor visit). Our estimates should be considered lower bounds because stocking out 

of phone cards may lead to future, as well as current, lost sales, and may lead to lost sales on 

other products if customers decide to do their shopping at a place where they can feel confident 

all the items they need will be in stock.  

Given this, the net rate of return to holding an additional unit of phone card inventory 

over the time between distributor visits can be expressed as 

    𝑟𝑟𝑖𝑖𝐼𝐼 = (1−𝑡𝑡)(𝑝𝑝𝑅𝑅−𝑝𝑝𝑊𝑊)Pr (𝜔𝜔>𝑥𝑥𝑖𝑖)
𝑝𝑝𝑊𝑊𝜋𝜋

     (2)  

where 𝑟𝑟𝑖𝑖𝐼𝐼 is the marginal rate of return on the inventory investment for shop 𝑖𝑖 over the interval of 

𝐼𝐼 days between distributor visits; 𝑝𝑝𝑊𝑊 and 𝑝𝑝𝑅𝑅 are the wholesale and retail prices, respectively; ω 

is the number of customers who want to buy the product; 𝑥𝑥 is the level of inventory; t is the risk 

of theft over the interval (which we set to match the 15% annual rate); and 𝜋𝜋 is inflation (which 

averaged approximately 12% from 2005-2007 according to the World Bank 2015). Note that the 

product we consider has no depreciation or storage costs, so these are not included in the 

calculation. Thus, the return to holding an additional unit is the markup multiplied by the 

probability the marginal good sells divided by the wholesale price. As before, we do not include 

the costs of lost consumer goodwill, making our estimate a lower bound. 

We adjust this formula to allow for the fact that the minimum order size is not a single 

unit but rather a pack (usually consisting of 5 or 10 cards).20 We estimate daily marginal rates of 

return for each shop using OLS regressions, clustering standard errors at the shop level.  

20 Specifically, the marginal rate of return to holding an additional pack of cards over the period of the investment 
(the interval between distributor visits) is: 

𝑟𝑟𝑖𝑖𝐼𝐼 = (1 − 𝑡𝑡) 𝐸𝐸[min (max(𝜔𝜔−𝑥𝑥,0),𝑁𝑁𝑚𝑚𝑖𝑖𝑚𝑚](𝑝𝑝𝑅𝑅−𝑝𝑝𝑊𝑊)
𝑝𝑝𝑊𝑊𝜋𝜋𝑁𝑁𝑚𝑚𝑖𝑖𝑚𝑚 ,          

where 𝑁𝑁𝑚𝑚𝑖𝑖𝑚𝑚 is the minimum order size, and the interval between distributor visits is 𝐼𝐼 days. The implied daily 
interest rate (𝑟𝑟𝑖𝑖𝑑𝑑) is 𝑟𝑟𝑖𝑖𝐼𝐼 = (1 + 𝑟𝑟𝑖𝑖𝑑𝑑)𝐼𝐼 − 1. We approximate this with a Taylor expansion around 0 to obtain an 
estimating equation of 𝑟𝑟𝑖𝑖𝐼𝐼 = 𝑟𝑟𝑖𝑖𝑑𝑑 ∗ 𝐼𝐼. 
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4. Bounds on returns 

This section presents bounds on rates of return. Sub-section 4.1 presents bounds on marginal 

rates of return based on whether firms take advantage of bulk discounts in purchasing inputs 

while. Sub-section 4.2 presents bounds based on stock outs of phone cards. In the following sub-

sections, 4.3 and 4.4, we address the impact of inventory on profits, and then discuss the self-

reported estimates of losses from sub-optimal inventory decisions. 

 

4.1. Bulk purchase data 

A histogram of purchase size (Figure 1) shows that shops do respond to the availability of 

bulk discounts by trying to make purchases that just exceed the discount thresholds -- there are 

bumps in the distribution at the cutoffs. However, a substantial fraction of purchases also fall in 

the intervals just below the discount thresholds, and shops frequently forgo the discounts they 

could achieve by buying a larger quantity of goods up front.21   

We calculate the rate of return that each shop could have realized had it bought enough 

goods to obtain the bulk discount and correspondingly lower purchases in its next order. The 

filled line in Figure 2 shows the 95th percentile of the observed (log) return distribution. Under 

our baseline perfect information assumption, a significant percentage of shops have extremely 

large returns. The majority of shops have maximum returns of over 100% per year, and rates of 

return for many shops can be bounded at an even higher level.  

While our baseline perfect information assumption seems appropriate for profit-

maximizing firms in a highly competitive sector such as retail, we can also assess whether 

21 As discussed above, truck drivers could sometimes “round up” the purchase and give the lower price. To address 
this, we exclude purchases just below the threshold. Removing such purchases will bias estimated bounds 
downwards.  
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underestimating periods of high demand might generate these returns. First, in Appendix Table 

A3, we present some statistics on the size of the purchase and time to re-order for the purchase 

used to calculate our bounds, and compare this to the overall distribution of purchase sizes and 

time to re-order. For the purchase used to calculate our bound, the median amount below the 

threshold was 1,589 Ksh and took 14 days to sell – at the median, the implied sales per day was 

170 Ksh per day. We compare this to monthly average throughout our period, and find that 170 

Ksh per day is actually lower than the median sales per day (of 184 Ksh per day). However, this 

is much larger than lower points in the distribution: the bottom part of the table shows the ratio 

of the sales per day at the bound and at points in the sales distribution. If the shop expected 

demand to be only at the 10th percentile, they would have expected to restock 3 times as long as 

they actually did; if demand were at the 25th percentile, restocking would take twice as long. We 

can therefore perform an ad hoc calculation of returns assuming it took 2 or 3 times longer to sell 

items, which we present as Appendix Figure A1. While returns are lower, they are still quite 

large for many firms. 

A less ad hoc approach is to utilize a purchasing rule that a shop could use. We consider 

an algorithm in which the shop divides the amount below the threshold across its 3 most popular 

products. We then calculate the return based on the counterfactual amount of time it would have 

taken to buy those 3 products. The shopkeeper could of course do better than this simple rule. 

The CDF of these returns is included in Figure 2, as the dotted line. While the returns are lower, 

they are still quite large, in large part because these items make up a large proportion of 

purchases (nearly 50%).22 

22 Our analysis calculates returns assuming that the next order could be cut by the amount the current order was 
increased to qualify for the bulk discount. This seems a reasonable approximation, since in the median case used to 
establish our bound, the current order would have had to be increased by about $21, and the subsequent order was 
$50. 
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4.2. Phone card stockout data 

Figure 3 presents bounds on real rates of return to purchasing additional phone cards and 

thus avoiding stock outs. The lower bound for the median shop is not high, but a substantial 

fraction of shops have high lower bounds.23 In particular, while the lower bound for the average 

shop in our sample is just 16 percent per year (much lower than estimated returns found in other 

work), 16 percent of shops still have lower bounds returns greater than 50%.24 

 

4.3. Relationship Between Inventories and Profits 

Consistent with the idea that some firms underinvest in inventories we find that greater 

inventories are associated with greater profits (Appendix Table A3). Columns 1-2 present simple 

OLS regressions with controls for shopkeeper age, gender, literacy, and years the shop has been 

open. In both specifications, coefficients are extremely large and highly significant: these 

regressions suggest that a one percent increase in inventory is associated with a 0.6-0.66 percent 

increase in profits. While these estimates should be taken with some caution since inventories are 

not random and reverse causality cannot be ruled out, they do constitute a first piece of evidence 

that more successful shops generally have larger inventories. 

 

5. Optimization failures 

23 Note that some of the bounds on rates of return are negative, since a nominal rate of return of zero would imply a 
negative real rate of return (since our estimating equation takes into account the approximately 9% rate of inflation 
during this time period). Thus for a firm that never had stockouts a lower bound on ROI would be negative 9%. Zero 
stockouts might well be optimal, given the costs of lost future sales from stockouts. 
24 A previous version of this analysis had estimated this value at 18%, but refinements to analysis suggest the correct 
value is closer to 16% (Kremer et al, 2013) 
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The results to this point suggest that a subset of firms have unexploited high returns to 

inventories and that there is a strong correlation between inventories and overall profits. In this 

section, we show evidence that optimization failures are one reason why inventories are low.  

We first show that math scores predict inventories and profits. We then present experimental 

results which suggest that shopkeepers respond to information on the returns to inventories by 

increasing investment.  

 

5.1. Cross-sectional correlation between inventories and shopkeeper characteristics  

First, we consider the multivariate correlates of inventory size and profits in Table 3. Though we 

have two measures of inventory, we focus on (log) inventory that was verified by an enumerator 

on the 13 most common items (Columns 1-3)26. We show correlations with (log) self-reported 

profits in the past 30 days in Columns 4-7. As was discussed above, this measure follows de Mel 

et al. (2008) and directly asks respondents to report their income less expenses and wages to 

other employees over the previous 30 days. We show regressions first for those covariates that 

are most plausibly exogenous to business performance (basic demographic characteristics of firm 

owners and our cognitive measures). We then add in other measures that are less clearly 

exogenous (the share of a portfolio allocated to a risky asset and various measures of financial 

access, asset ownership, and formal sector income).27  

We find strong evidence that shop owners with greater math scores have higher 

inventories and profits. A one standard deviation increase in the math score is associated with 

14-18% higher inventories and 33-34% higher profits. Much, but not all of the increase in profits 

seems to work through inventories, since conditional on inventories the estimated effect of math 

26 These items make up 38% of the shop’s total inventory, are strongly correlated with total inventories, and are 
likely measured with less error. Regressions with self-reported total inventory are included as Appendix Table A4. 
27 See Kremer et al. (2013) and Kremer, Robinson and Rostapshova (2013) for similar specifications. 
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scores on profits falls by about half (Columns 6-7). However, even conditional on inventories, 

quantitative skills appears to be an important predictor of profits. Math scores are also highly 

correlated with educational attainment (see Appendix Table A2), possibly suggesting a role for 

education in improving inventory management. 

 The bottom of the table examines various characteristics that are likely correlated with 

credit constraints. There are several such characteristics which predict inventory size. 

Shopkeepers with greater asset levels have larger inventories, while shopkeepers who participate 

in ROSCAs (Rotating Savings and Credit Associations – savings clubs which are common in the 

area) have smaller inventories.   

 In Table 4, we repeat this analysis for purchases observed in the administrative data. The 

pattern is very similar, though statistical significant is somewhat weaker. Again we find that 

math scores and small-stakes risk aversion are positively correlated with inventories, and that 

having a bank account is positively correlated while relying on ROSCAs is negatively correlated. 

Another prima facie piece of evidence for optimization failure is that over 80% percent of 

respondents in the bulk discount and inventory samples have accounts in a bank (account 

ownership is lower in the stockout sample, but that data was collected earlier before the 

expansion of several banks in Kenya). As the returns to these accounts are usually just a few 

percentage points a year, it appears that at least in some periods, respondents seem to be 

foregoing significant profits in the business to keep money in their savings account. 

 

5.2. Information intervention 

 At the end of our data collection exercise, we conducted a randomized evaluation to test 

whether information alone could affect behavior. We worked with the distributor to match 
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survey information we had collected to their database, and established a sample of 324 firms for 

this intervention. 

Treatment firms were visited by an enumerator, who administered a questionnaire / script 

about the costs and benefits of holding additional inventory (the script is on the authors’ 

webpages as Appendix B). The interaction usually took between 1 and 2 hours. The script 

focused not only on bulk discounts, but also included modules on costs associated with stockouts 

and with purchasing from wholesalers. The script was intended to start from the premise that 

shops were optimally setting stocks – so in addition to discussing the benefits of avoiding 

stockouts and purchasing at higher prices, the questionnaire also included a discussion of the 

costs of holding additional inventory, focusing principally on the capital costs but also including 

other costs such as theft, storage, signaling wealth to others, etc).  

For each return calculation (stockouts, bulk discounts, and wholesalers), shops were 

asked about the costs they have incurred in the past. With this information, shops were walked 

through a short calculation of returns. For the bulk discount analysis, we also shared with firms 

the average returns calculated in our analysis, as well as the returns for that specific shop. We 

left it to the respondents to determine whether the cost exceeded this benefit. Since this treatment 

was randomized, we are able to tell whether information affected inventory investment by 

comparing post-treatment behavior of treatment and control firms.  

In total, 324 firms participated in this intervention (158 treatment and 166 control). 

Appendix Table A5 checks for orthogonality of the information intervention on a number of 

background characteristics and, most importantly, the baseline measure of the main outcome 

variable (average purchase amount). Reassuringly, nearly all of the treatment-control differences 

are small and insignificant (only 2 variables are significant at 10%).  
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We first show results graphically as CDFs in Figure 4. Each graph presents results for 

treatment and control firms separately, and each also includes lines at the bulk discount 

thresholds of $100 and $133. Panel A is at the shop-purchase level. The left-hand panel shows 

the post-treatment distributions. As can be seen, the distribution for treatment firms dominates 

that for control firms. Note that the separation in the CDFs occurs at quantities well below the 

bulk thresholds, suggesting that the impact of the script was not solely in causing firms to 

purchase enough for bulk discounts (and instead also made salient costs such as stockouts or 

restocking from wholesalers). The right-hand of the panel shows the pre-treatment distribution: 

reassuringly, they lie on top of each other. Panel B shows results averaged at the shop-level. 

Results look very similar. 

Table 5 shows the effect of the intervention in regressions. Each regressions is an 

ANCOVA regression, control for the pre-treatment mean of the dependent variable to improve 

power (McKenzie 2012). For each dependent variable, regressions control for the pre-treatment 

average of the variable (with the exception of two variables, which control for the pre-treatment 

monthly average). Columns 1-2 are at the shop-purchase level, and show the total amount 

purchased (with no winsorizing in Column 1, and 1% winsorizing in Column 2). Consistent with 

the figures, the results show large effects of information: treatment firms increase purchase 

quantities by 31-76%, significant at 1%.   

The remaining columns are averages at the shop level. Columns 3-4 show average 

purchase amounts, and show a similar pattern. Column 5 shows the average discount shops 

receive (in percentage points). Treatment firms receive 0.04 higher percentage point discounts, 

significant at 10%. Since treatment firms receive higher percentage discounts and purchase 

larger amounts, they receive larger absolute discounts. Columns 6-7 show that treatment firms 
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earn 100%-300% higher discounts. Column 8 shows purchasing frequency, and shows that 

treatment firms do not adjust frequency. Given that they purchase larger amounts but purchase 

no more frequently, total inventory purchases must be higher: Columns 9-10 confirm that they 

are. 

 

6. Conclusion 

Several methods suggest that the lower bound on the return to capital is high for many 

Kenyan retail firms. The evidence also suggests that inventory size is strongly linked to profits, 

controlling for other covariates. There is some evidence that credit constraints affect inventories 

but this does not seem to be the whole story. Optimization failures also seem important. In 

particular, we find that shop owners with higher math scores tend to have larger inventory and 

earn higher profits, even conditional on inventories, and that an information intervention to walk 

shopkeepers through returns affects inventory decisions. 

Note that many individual households in the U.S. fail to optimize in similar ways. For 

example, many households often divide retirement portfolios equally across plan options offered 

by their employer (Benartzi and Thaler 2007) and experimental subjects display substantial risk 

aversion over small gambles (i.e., Tversky and Kahneman 1991; Kahneman et al 1990; Thaler et 

al. 1997). It seems only natural to expect people in developing countries to share these biases. 

What this article attempts to show, however, is that in Kenya these biases affect firm 

behavior. In the United States a grocery store that regularly stocked out of common products or 

that bought at 1% higher prices than its competitors would presumably quickly go out of 

business and be replaced by a chain with a more efficient algorithm for ordering new supplies. In 

the Kenyan context, whether due to regulatory barriers or other factors, it is difficult to operate 

24



chains, so a significant share of the population manages retail shops. There is no reason to 

presume that shops within a market center serving a village will perfectly optimize, or even that 

optimization errors will be symmetrically distributed around the optimal level of inventories. 

If retailers systematically underinvest in inventories, manufacturers may seek to 

encourage retailers to hold inventories of their brands. This may explain why manufacturers set 

retail prices at high enough levels that in equilibrium most small market centers are served by 

multiple shops, each of which has no business during much of the day. 

Our results suggest that there may be scope for business training to improve firm 

profitability. The existing evidence suggests that while standard business training has had 

somewhat limited effects,29 interventions which focus on simple heuristics or on basic 

management seem to be more effective. For example, Bloom et al. (2012) find that providing 

basic management training to Indian textile firms increases total factor productivity by 18%, 

even though many of the new practices were easily implementable. Bruhn, Karlan, and Schoar 

(2013) also find large effects of management consulting among Mexican firms. Drexler et al. 

(2014) find limited effects from standard business training in the Dominican Republic, but find 

larger effects from “rule of thumb” training, which emphasized basic cash management 

strategies (such as keeping separate accounts for the business and for personal consumption). 

Beaman et al. (2014) find that reminding firms regularly about sales lost to insufficient change 

affect cash management behavior among small firms in Kenya.  

Our results are also related to the literature examining firm-level dispersion in 

productivity (i.e. Restuccia and Rogerson 2008; Hsieh and Klenow 2009). Our paper suggests 

that the management ability of firm owners may be another reason for observed heterogeneity in 

productivity across firms. 

29 See McKenzie and Woodruff (2012) for a recent review of this literature. 

25



 

  

26



References 

Agarwal, Sumit, and Bhashkar Mazumder (2013). “Cognitive Abilities and Household Financial 
Decision Making.” American Economic Journal: Applied Economics 5 (1): 193-207. 

Andersen, Steffen, James C. Cox, Glenn W. Harrison, Morten Lau, E. Elisabet Rutström and 
Vjollca Sadiraj (2012). “Asset Integration and Attitudes to Risk: Theory and Evidence.” 
Working paper. 

Banerjee, Abhijit, and Esther Duflo (2014). “Do Firms Want to Borrow More? Testing Credit 
Constraints Using a Directed Lending Program.” Review of Economic Studies 81 (2): 
572-607. 

Banerjee, Abhijit and Benjamin Moll (2010). “Why Does Misallocation Persist?” American 
Economic Journal: Macroeconomics 2 (1): 189-206. 

Banerjee, Abhijit and Sendhil Mullainathan (2010). “The Shape of Temptation: Implications for 
the Economic Lives of the Poor.” Working paper. 

Banerjee, Abhijit, Dean Karlan, and Jonathan Zinman. (2015). “Six randomized evaluations of 
microcredit: Introduction and further steps.” American Economic Journal: Applied 
Economics, 7 (1): 1-21. 

Beaman, Lori, Jeremy Magruder, and Jonathan Robinson (2014). “Small change and forgotten 
sales: Evidence from an experiment with small businesses in Kenya.” Journal of 
Development Economics 108: 69-86.. 

Benartzi, Shlomo, and Richard H. Thaler (2001). “Naive Diversification Strategies in Defined 
Contribution Saving Plans.” American Economic Review 91 (1): 79–98. 

Benartzi, Shlomo, and Richard H. Thaler (2007). “Heuristics and Biases in Retirement Savings 
Behavior.” Journal of Economic Perspectives 21(3): 81–104 

Benjamin, Daniel, Sebastian Brown and Jesse Shapiro (2013). “Who is 'Behavioral?' Cognitive 
Ability and Anomalous Preferences.” Journal of the European Economic Association 11 
(6): 1231-1255. 

Bloom, Nicholas, Benn Eifert, Aprajit Mahajan, David McKenzie. and John. Roberts (2013). 
“Does management matter: evidence from India,” Quarterly Journal of Economics 
128(1): 1-51. 

Bruhn, Miriam, Dean Karlan, and Antoinette Schoar (2013). “The impact of consulting services 
on small and medium enterprises: Evidence from a randomized trial in Mexico.” Mimeo, 
Yale University. 

Burks, Stephen V., Jeffrey Carpenter, Lorenz Götte, Kristen Monaco, Kay Porter, and Aldo 
Rustichini (2007). “Using Behavioral Economic Field Experiments at a Firm: the Context 
and Design of the Truckers and Turnover Project.” In The Analysis of Firms and 
Employees: Quantitative and Qualitative Approaches, edited by Stefan Bender, Julia 
Lane, Kathryn Shaw, Fredrik Andersson, and Till von Wachter, 45–106. Chicago: 
University of Chicago Press. 

Christelis, Dimitris, Tullio Jappelli, and Mario Padula, (2010). Cognitive abilities and portfolio 
choice. European Economic Review , 54 (1): 18-38 

27



Cox, James C. and Vjollca Sadiraj (2006). “Small- and Large-Stakes Risk Aversion: 
Implications of Concavity Calibration for Decision Theory.” Games and Economic 
Behavior 56 (1): 45-60. 

de Mel, Suresh, David McKenzie and Christopher Woodruff (2008). ”Returns to Capital in 
Microenterprises: Evidence from a Field Experiment,” Quarterly Journal of Economics 
123(4): 1329-1372. 

de Mel, Suresh, David McKenzie and Christopher Woodruff (2009). “Measuring 
Microenterprise Profits: Must We Ask How the Sausage Is Made?” Journal of 
Development Economics 88 (1): 19-31. 

Drexler, Alejandra, Gregory Fischer, and Antoinette Schoar (2014). “Keeping It Simple: 
Financial Literacy and Rules of Thumb.” American Economic Journal: Applied 
Economics 6 (2): 1-31. 

Duflo, Esther, Michael Kremer, and Jonathan Robinson (2011). “Nudging Farmers to Use 
Fertilizer: Theory and Experimental Evidence from Kenya,” American Economic Review 
101(6): 2350-2390. 

Fafchamps, Marcel, David McKenzie, Simon Quinn, and Christopher Woodruff (2014). 
“Microenterprise Growth and the Flypaper Effect: Evidence from a Randomized 
Experiment in Ghana.” Journal of Development Economics 106: 211-226 

Fafchamps, Marcel, Bereket Kebede, and Daniel John Zizzo (2013). "Keep Up With the 
Winners: Experimental Evidence on Risk Taking, Asset Integration, and Peer Effects." 
Working paper. 

Gerardi, Kristopher, Lorenz Goette, and Stephan Meier (2013). “Numerical ability predicts 
mortgage default.” Proceedings of the National Academy of Sciences 110 (28): 11267-
11271. 

Grinblatt, Mark, Matti Keloharju, and Juhani Linnainmaa. (2011). IQ and stock market 
participation. Journal of Finance 66: 2121-2164. 

Hsieh, Chang-Tai, and Peter Klenow (2009). “Misallocation and Manufacturing TFP in China 
and India,” Quarterly Journal of Economics 124(4): 1403-1448.  

Kahneman, Daniel and Amos Tversky (1979). “Prospect Theory: An Analysis of Decision under 
Risk.” Econometrica 47 (2): 263-291.  

Kahneman, Daniel, Jack Knetsch, and Richard H. Thaler (1990). “Experimental Tests of the 
Endowment Effect and the Coase Theorem.” Journal of Political Economy 98 (6): 1325-
48. 

Karlan, Dean, Robert Osei, Isaac Osei-Akoto, and Christopher Udry (2014). “Agricultural 
Decisions after Relaxing Credit and Risk Constraints” Quarterly Journal of Economics 
129 (2): 597-652. 

Kremer, Michael, Jean N. Lee, Jonathan Robinson and Olga Rostapshova (2013). “Behavioral 
Biases and Firm Behavior: Evidence from Kenyan Retail Shops.” American Economic 
Review (Papers and Proceedings Issue) 103(3): 362-368. 

28



Kremer, Michael, Jonathan Robinson and Olga Rostapshova (2013). “Success in 
Entrepreneurship: Doing the Math.” Forthcoming, NBER Africa Volume. 

Mani, Anandi, Sendhil Mullainathan, Eldar Shafir, and Jiaying Zhao (2013). “Poverty Impedes 
Cognitive Function.” Science 341 (6149): 976-980.  

McKenzie, David. (2012). Beyond baseline and follow-up: The case for more T in experiments. 
Journal of Development Economics 99 (2): 210-221. 

McKenzie, David, and Christopher Woodruff (2008). “Experimental Evidence on Returns to 
Capital and Access to Finance in Mexico,” World Bank Economic Review 22(3): 457-
482. 

McKenzie, David, and Christopher Woodruff (2014). “What are we learning from business 
training and entrepreneurship evaluations around the developing world?” World Bank 
Research Observer: 29 (1): 48-82.  

Moritz, Brent B., Arthur V. Hill, and Karen L. Donohue (2013). “Individual differences in the 
newsvendor problem: Behavior and cognitive reflection.” Journal of Operations 
Management 31 (1): 72-85. 

Rabin, Matthew (2000): “Risk Aversion and Expected-Utility Theory: A Calibration Theorem,” 
Econometrica 68 (5): 1281-1292. 

Schechter, Laura (2007). “Risk aversion and expected-utility theory: A calibration exercise.” 
Journal of Risk and Uncertainty, 35 (1): 67-76. 

Schweitzer, Maurice E., and Gérard P. Cachon (200). “Decision bias in the newsvendor problem 
with known demand distribution: Experimental evidence.” Management Science 46 (3): 
404-420. 

Thaler, Richard H., Amos Tversky, Daniel Kahneman, and Alan Schwartz (1997). “The effect of 
myopia and loss aversion on risk taking: An experimental test.” Quarterly Journal of 
Economics 112(2): 647-661. 

Tversky, Amos, and Daniel Kahneman (1991). “Loss aversion in riskless choice: A reference 
dependent model.” Quarterly Journal of Economics 106(4): 1039-1061. 

Udry, Christopher, and Santosh Anagol (2006). "The Return to Capital in Ghana," American 
Economic Review, Papers and Proceedings. 96(2): 388-93. 

World Bank (2015). World Development Indicators, online at http://data.worldbank.org/data-
catalog/world-development-indicators. Accessed March 21, 2015. 

 

29

http://data.worldbank.org/data-catalog/world-development-indicators
http://data.worldbank.org/data-catalog/world-development-indicators


Figure 1. Purchase Quantities (Distributor Data)

Notes: From distributor database. Sample restricted to shops that purchase at least 5,000 Ksh in an average month. 
The figure shows the discount schedule before 2010 (when the discount schedule was 0.5, 1, and 1.5% off at 5,000, 

7,0000, and 10,000 Ksh). After 2010, the thresholds changed to 7,500, 10,000, and 20,000 Ksh. Figure shows 
purchases below 15,000 Ksh (approximately the 93rd percentile of order sizes). Figure removes purchases within 150 

Ksh of the quantity threshold. See text for more details.
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Figure 2. Bound on Returns to Advancing Purchases to Obtain Bulk Discount

Notes: Bounds are calculated from administrative data on whether shops purchased enough to qualify for bulk 
discounts. Graph shows the 95th percentile of observed returns. The solid line shows bounds which does not 

consider the composition of products. The dotted line shows returns if firms adopted a rule of buying up to the 
nearest threshold by splitting the order across the 3 most popular products. See text for more details. Calculations 

take into account inflation (about 12% per year) and the risk of theft (about 15% per year). 
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Figure 3. Estimated Bounds on Daily Returns from Phone Card Stockout Sample

Notes: Bounds are calculated from phone card stockout data, for 141 shops. See text for more details. Calculations 
take into account inflation (about 12% per year) and the risk of theft (about 15% per year). 
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Panel A. Purchase-level (2,549 purchases over 324 shops)

Figure 4. Information Treatment and Purchase Amounts

Panel B. Shop-level average weekly purchase (324 shops)

Notes: Figures plot CDFs of purchase amounts for treatment (filled lines) and control (dotted lines) firms. Panel A is at the purchase level. Panel B is an average at the 
shop level. See text for more details.
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Table 1. Summary Statistics from Various Samples
(1) (2) (4)

Panel A. Bulk Discount Sample (N = 1,358)
Number of Purchases Observed 82 54 -

Average Purchase Value (USD) 124 593 42

Purchase Frequency (days) 16 9 13

Total Days in sample 1138 683 -

Panel B. Phone Card Stockout Sample (N = 141)
Number of Days in Data 152 115 -

Stockouts per month 9 15 2

Probability of Restocking During Phone Card Distributor Visit 0.79 0.21 -

Panel C. Inventory and Profit Sample (N = 380)
Total inventory (USD) 3536 3956 2000

Inventory in top 13 items (USD) 1256 1513 688

Profits in past month (USD) 330 382 160

Mean Standard 
Deviation

Notes: Monetary values in US Dollars. Exchange rate was roughly 75 Kenyan shillings / 1 USD during sample period.

Median
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Table 2. Background statistics on shop owners
(1) (2) (3)

Mean Median Std. Dev.
Panel A. Baseline Survey
Background characteristics
Years Shop Open 7.09 5.61 5.86

Male 0.53 - -

Age 33.69 32.00 9.30

Can Read and Write (Swahili) 0.96 - -

Respondent or spouse has formal sector job 0.13 - -

Percentage invested in risky asset1 0.56 0.50 0.19

Shop has been robbed in past year 0.15 - -

Cognitive Measures
Math score (percent correct) 0.49 0.50 0.17

Digit recall 6.64 7.00 1.80

Seconds to finish mazes 126.81 111.00 80.11

Raven's matrix (percent correct) 0.67 0.68 0.18

Combined language score (percent correct) 0.64 0.65 0.13

Asset ownership and financial access
Owns Land 0.77 - 0.42

If yes, value of land owned (USD) 2957.69 2240.00 3087.46

Value of durable goods and animals owned (USD) 1941 1017 3374

Has bank account 0.80 - -

Participates in ROSCA 0.42 - -

Responds yes to question: "Would you like to borrow 0.45 - -
   more money but are unable to get it? 
Number of shops 560

Panel B. Debriefing Survey
Do you ever stock out? 0.90

If yes, lost profits in past month 19.04 5.33 37.21

Do you ever purchase from whosaler? 0.35

If yes, lost profits in past month 3.41 1.92 3.89

Number of shops 211
Notes: Monetary values in USD (exchange rate was roughly 75 Ksh to 1 USD during this time period). There 
are 240 shops in both the bulk discount and inventory sample, 87 in the bulk discount sample only, 131 in the 
inventory sample only, and 114 in the stockout sample only.
1Respondents were asked to decided how much of 100 Ksh ($1.33) to invest in an asset which paid off 2.5 
times the amount invested with probability 0.5, and 0 with probability 0.5. The remaining amount was retained 
by the respondent with probability 1. 

35



Table 3. Correlates of Inventories and Profits
(1) (2) (3) (4) (5) (6) (7)

Background Characteristics
Years of Education (tens of years) 0.02 0.01 0.00 0.05 0.03 0.02 0.03

(0.02) (0.02) (0.02) (0.02)* (0.03) (0.03) (0.02)
Years Shop Open (tens of years) 0.03 0.02 0.02 0.02 0.01 0.01 0.00

(0.01)** (0.01)** (0.01) (0.01) (0.01) (0.01) (0.01)
Age -0.02 -0.01 -0.02 -0.02 -0.02 -0.02 -0.01

(0.01)** (0.01)** (0.01)*** (0.01)* (0.01)* (0.01)** (0.01)
Cognitive Measures
Math score (standardized) 0.17 0.17 0.30 0.32 0.20

(0.07)** (0.06)*** (0.09)*** (0.09)*** (0.08)***
Digit recall (standardized) -0.04 0.02 0.10 0.10 -0.06

(0.07) (0.07) (0.09) (0.10) (0.08)
Seconds to finish mazes (standardized) 0.00 -0.01 0.15 0.15 0.07

(0.08) (0.07) (0.10) (0.10) (0.08)
Raven's matrix (standardized) 0.10 0.08 -0.12 -0.13 -0.11

(0.08) (0.07) (0.10) (0.10) (0.08)
Combined language score (standardized) 0.00 -0.01 0.06 0.11 0.10

(0.07) (0.07) (0.09) (0.10) (0.08)
Small-stakes Risk Aversion
Percentage Invested in Risky Asset 0.64 0.68 0.27
  (out of $1.33)1 (0.28)** (0.37)* (0.31)
Financial Access, Asset Ownership, and Formal Sector Income
Respondent or Spouse has a Formal Sector Job -0.20 0.11 0.23

(0.18) (0.25) (0.20)
Log acres of land owned -0.05 -0.07 -0.03

(0.07) (0.09) (0.08)
Log value of durable goods and animals owned 0.21 0.11 0.02

(0.07)*** (0.10) (0.08)
Has bank account 0.25 0.19 -0.15

(0.16) (0.21) (0.17)
Participates in ROSCA -0.49 -0.26 -0.03

(0.12)*** (0.17) (0.14)
Responds yes to question: "Would you like to -0.01 -0.12 -0.08
   borrow but been unable to get it?" (0.12) (0.16) (0.13)
Log Inventory
Log Inventory on top 13 items 2.80

(1.25)**
Mean of dependent variable 10.89 10.89 10.89 9.62 9.62 9.62 9.61
Std. deviation of dependent variable 1.09 1.09 1.09 1.00 1.00 1.00 0.97
Observations 380 380 380 188 188 188 184
R-squared 0.05 0.10 0.20 0.06 0.17 0.24 0.49

Log inventory (top 13 items) Log profits in past 30 days

Notes: Inventory on these 13 items was physically verified by an enumerator. See Appendix Table A3 for regressions including 
total self-reported inventory. Though not shown, regressions also control for gender, literacy, and marital status. To avoid 
dropping observations, we create dummy variables for having missing information for a given variable and code the underlying 
variable as a 0 when it is missing. Standard errors in parentheses. *, **, and *** indicate significance at 10%, 5%, and 1%, 
respectively.
1The risky asset paid off 2.5 times the amount invested with probability 0.5 and 0 with probability 0.5.
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Table 4. Correlates of purchases in distributor data
(1) (2) (3) (4) (5) (6)

Background Characteristics
Years of Education (tens of years) 0.03 0.01 0.00 0.02 0.00 -0.01

(0.01)* (0.02) (0.02) (0.01) (0.02) (0.02)
Years Shop Open (tens of years) 0.00 0.00 0.00 0.00 0.00 0.00

(0.01) (0.01) (0.01) (0.01) (0.01) (0.01)
Age 0.00 0.00 0.00 0.00 0.00 0.00

(0.01) (0.01) (0.01) (0.01) (0.01) (0.01)
Cognitive Measures
Math score (standardized) 0.10 0.10 0.08 0.09

(0.06)* (0.06)* (0.05) (0.05)*
Digit recall (standardized) -0.02 -0.01 -0.04 -0.02

(0.06) (0.06) (0.06) (0.06)
Seconds to finish mazes (standardized) 0.08 0.09 0.07 0.07

(0.06) (0.06) (0.06) (0.06)
Raven's matrix (standardized) 0.12 0.10 0.12 0.10

(0.06)* (0.07) (0.06)** (0.06)
Combined language score (standardized) 0.04 0.04 0.07 0.06

(0.06) (0.07) (0.06) (0.06)
Small-stakes Risk Aversion
Percentage Invested in Risky Asset 0.37 0.46
  (out of $1.33)1 (0.26) (0.24)*
Financial Access, Asset Ownership, and Formal Sector Income
Respondent or Spouse has a Formal Sector Job 0.04 0.04

(0.16) (0.15)
Log acres of land owned 0.05 0.06

(0.06) (0.06)
Log value of durable goods and animals owned 0.06 0.05

(0.06) (0.06)
Has bank account 0.30 0.27

(0.16)* (0.15)*
Participates in ROSCA -0.21 -0.19

(0.11)* (0.10)*
Responds yes to question: "Would you like to 0.04 0.05
   borrow but been unable to get it?" (0.10) (0.10)
Mean of dependent variable 9.42 9.42 9.42 8.32 8.32 8.32
Std. deviation of dependent variable 0.84 0.84 0.84 0.80 0.80 0.80
Observations 336 336 336 336 336 336
R-squared 0.02 0.06 0.10 0.02 0.07 0.12

Log purchases in average 
month Log average order

Notes: Dependent variables are taken from distributor database. Though not shown, regressions also control for 
gender, literacy, and marital status. To avoid dropping observations, we create dummy variables for having 
missing information for a given variable and code the underlying variable as a 0 when it is missing. Standard 
errors in parentheses. *, **, and *** indicate significance at 10%, 5%, and 1%, respectively.
1The risky asset paid off 2.5 times the amount invested with probability 0.5 and 0 with probability 0.5.
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Table 5. Effect of Information on Purchasing Behavior
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

Average discount received 
(percentage points)1

Number of 
purchases

Winsorizing Level None 1% None 1% None None 1% None None 1%
Information Intervention 55.05 22.22 57.03 20.24 0.04 11.72 5.74 -0.01 818.38 207.47

(21.99)** (8.34)*** (22.13)** (7.88)** (0.02)* (5.86)** (2.15)*** (0.02) (471.29)* (92.76)**
Average of Pre-Treatment Dependent Variable 2.26 0.62 1.65 0.57 1.01 21.99 8.38 0.26 5.04 1.25

(0.51)*** (0.09)*** (0.61)*** (0.09)*** (0.04)*** (11.35)* (2.51)*** (0.06)*** (3.20) (0.37)***
Observations 2549 2549 324 324 324 324 324 324 324 324
Number of shops 324 324 324 324 324 324 324 324 324 324
Mean of Dependent Variable (control) 72.10 71.21 72.08 72.08 0.21 4.72 4.72 0.63 575.08 575.08
Std. Dev. of Dependent Variable (control) 112.64 102.84 90.26 90.26 0.36 10.82 10.82 0.22 814.24 814.24

Value of purchase

Purchase-level regressions

Average purchase amount Total discount received Total quantity purchased

Notes: All regressions control for pre-treatment mean of dependent variable, except for Columns 6-7 and 9-10 (which are totals over the post-treatment period) and instead control for the pre-treatment monthly average 
of the dependent variable. All monetary values in USD. In Columns 1-2, standard errors are clustered at the shop level, and regressions include month and day of week fixed effects. 
Standard errors in parentheses. *, **, and *** indicate significance at 10%, 5%, and 1%, respectively.
1During this time period, bulk discount schedule was 0.5% off at $100, 1% off at $133, and 1.5% off at $267.

Shop-level regressions
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Appendix Figure A1. Distribution of Amounts Invested in Risky Asset

Notes: Shopkeepers were given $1.33 and asked to invest what proportion they wanted to invest in an asset that paid 
off 2.5 times the amount invested with probablity 0.5, and 0 with probability 0.5. Whatever was not invested was 

kept with probability 1.
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Appendix Figure A2. Bound on Returns to Advancing Purchases to Obtain Bulk Discount

Notes: Figure shows bounds on returns, for (1) the observed pattern of purchases; (2) a counter-factual scenario in 
which demand was such that it would take twice or three times as long to sell the items as it actually did.
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Appendix Table A1. Selection into profit module
(1) (2)

Coefficient on dummy 
for having profit data

Mean of dependent 
variable

Dependent Variables
Years of Education (tens of years) 0.37 10.31

(0.41) (3.98)
Years Shop Open (tens of years) 0.38 7.04

(0.58) (5.69)
Gender (1=male) -0.09 0.54

(0.05)* (0.50)
Married 0.01 0.75

(0.04) (0.43)
Age -1.28 31.86

(1.17) (11.51)
Can read and write Kiswahili 0.07 0.93

(0.03)*** (0.25)
Math score (standardized) -0.06 0.05

(0.10) (0.95)
Raven's matrix (standardized) 0.16 0.08

(0.09)* (0.92)
Digit recall (standardized) -0.13 -0.04

(0.10) (0.95)
Seconds to finish mazes (standardized) 0.01 0.05

(0.10) (0.96)
Combined language score (standardized) -0.05 0.03

(0.10) (0.95)
Percentage Invested in Risky Asset -0.01 0.53
  (out of 100 Ksh) (0.02) (0.23)
Respondent or Spouse has a Formal Sector Job -0.01 0.12

(0.03) (0.33)
Log acres of land owned 0.10 0.40

(0.09) (0.84)
Log value of durable goods and animals owned -0.01 -0.26

(0.09) (0.88)
Has bank account -0.01 0.73

(0.05) (0.44)
Participates in ROSCA 0.08 0.40

(0.05)* (0.49)
Responds yes to question: "Would you like to borrow  0.08 0.36
  been unable to get it?" (0.05)* (0.48)
Log Total Inventory Size -0.05 11.97

(0.11) (1.06)
Log Inventory on top 13 items -0.06 10.89

(0.11) (1.09)
Notes: Each entry is a separate univariate regression of the dependent variable on a dummy for having 
profit data. Regressions restricted to those with inventory data. There are 375 firms in these regressions 
(though the specific number in each regression vary from regression to regression). In Column 1, standard 
errors in parentheses. *, **, and *** indicate significance at 10%, 5%, and 1%, respectively. In Column 2, 
standard deviations in parentheses.
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Appendix Table A2. Correlates of Math Score and Small-Stakes Risk Aversion
(1) (2)

Math score 
(standardized)

Amount invested 
(percentage points)

Years of education 0.12 0.41
(0.01)*** (0.25)

Years shop open 0.01 -0.15
(0.01) (0.15)

Age -0.01 -0.05
(0.05) (0.91)

Male 0.12 2.73
(0.10) (1.67)

Married 0.15 2.81
(0.12) (2.04)

Can read and write in Kiswahili 1.66 5.94
(0.25)*** (4.28)

Digit recall (standardized) 0.27 -1.69
(0.05)*** (0.96)*

Seconds to finish mazes (standardized) -0.25 0.61
(0.05)*** (1.020)

Raven's matrix (standardized) 0.36 0.87
(0.04)*** (0.980)

Combined language score (standardized) 0.29 -1.51
(0.04)*** (0.86)*

Math score (standardized) - 0.46
- (0.97)

Observations 458 539

Bivariate regressions

Notes: Each entry is from a separate bivariate regression. See text for discussion of 
variables. The number of observations vary from variable to variable. To avoid dropping 
observations, we create dummy variables for having missing information for a given 
variable and code the underlying variable as a 0 when it is missing. Standard errors in 
parentheses. *, **, and *** indicate significance at 10%, 5%, and 1%, respectively.
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Appendix Table A3. Relationship between profits and inventory
(1) (2)

Log total inventory 0.66
(0.05)***

Log inventory in top 13 products 0.59
(0.06)***

Constant 1.77 2.92
(1.04)* (1.09)***

Observations 184 184
R-squared 0.48 0.4
Mean of dependent variable 9.61 9.61
S.D. of dependent variable 0.97 0.97

OLS

Notes: Regressions include for proprietor age, gender, literacy, and shop age. 
Standard errors in parentheses. *, **, and *** indicated significant at 10%, 5%, 
and 1% respectively.

Log profits (past 30 days)
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Appendix Table A4. Correlates of Inventory and Profits (Total Inventory Measure)
(1) (2) (3) (4) (5) (6) (7)

Background Characteristics
Years of Education (tens of years) 0.02 0.00 -0.01 0.05 0.03 0.02 0.03

(0.02) (0.02) (0.02) (0.02)* (0.03) (0.03) (0.02)
Years Shop Open (tens of years) 0.02 0.02 0.01 0.02 0.01 0.01 0.00

(0.01)** (0.01)* (0.01) (0.01) (0.01) (0.01) (0.01)
Age -0.01 -0.01 -0.01 -0.02 -0.02 -0.02 -0.01

(0.01)** (0.01)* (0.01)** (0.01)* (0.01)* (0.01)** (0.01)
Cognitive Measures
Math score (standardized) 0.19 0.20 0.30 0.32 0.14

(0.07)*** (0.06)*** (0.09)*** (0.09)*** (0.07)*
Digit recall (standardized) -0.03 0.02 0.10 0.10 -0.04

(0.07) (0.07) (0.09) (0.10) (0.08)
Seconds to finish mazes (standardized) 0.02 0.01 0.15 0.15 0.10

(0.07) (0.07) (0.10) (0.10) (0.08)
Raven's matrix (standardized) 0.06 0.03 -0.12 -0.13 -0.04

(0.07) (0.07) (0.10) (0.10) (0.08)
Combined language score (standardized) 0.00 0.01 0.06 0.11 0.08

(0.07) (0.07) (0.09) (0.10) (0.08)
Small-stakes Risk Aversion
Percentage Invested in Risky Asset 1.00 0.68 0.12
  (out of $1.33)1 (0.28)*** (0.37)* (0.29)
Financial Access, Asset Ownership, and Formal Sector Income
Respondent or Spouse has a Formal Sector Job -0.07 0.11 0.16

(0.18) (0.25) (0.19)
Log acres of land owned -0.02 -0.07 0.00

(0.07) (0.09) (0.07)
Log value of durable goods and animals owned 0.20 0.11 0.01

(0.07)*** (0.10) (0.07)
Has bank account 0.18 0.19 -0.11

(0.16) (0.21) (0.16)
Participates in ROSCA -0.48 -0.26 0.05

(0.12)*** (0.17) (0.14)
Responds yes to question: "Would you like to 0.00 -0.12 -0.10
   borrow but been unable to get it?" (0.11) (0.16) (0.12)
Log Inventory
Log Total Inventory Size 0.61

(0.06)***
Mean of dependent variable 11.97 11.97 11.97 9.62 9.62 9.62 9.61
Std. deviation of dependent variable 1.06 1.06 1.06 1.00 1.00 1.00 0.97
Observations 380 380 380 188 188 188 184
R-squared 0.04 0.08 0.18 0.06 0.17 0.24 0.54

Log total inventory Log profits in past 30 days

Notes: Total inventory is the shopkeeper's best estimate of total inventory in the shop, on all items. Though not shown, 
regressions also control for gender, literacy, and marital status. To avoid dropping observations, we create dummy variables 
for having missing information for a given variable and code the underlying variable as a 0 when it is missing. Standard 
errors in parentheses. *, **, and *** indicate significance at 10%, 5%, and 1%, respectively.
1The risky asset paid off 2.5 times the amount invested with probability 0.5 and 0 with probability 0.5.
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Appendix Table A5. Randomization Check for Information Intervention
(1) (2)

Overall 
Mean

Difference Between Treatment and 
Control Groups

Average Purchase Amount in Pre-Treatment Period 6243 300
(12296) (1371)

Years of Education 10.74 -0.04
(3.26) (0.38)

Years Shop Open 7.75 -0.74
(6.04) (0.70)

Male 0.50 -0.03
(0.50) (0.06)

Age 33.68 1.05
(8.99) (1.04)

Can Read and Write (Swahili) 0.97 -0.01
(0.17) (0.02)

Respondent or spouse has formal sector job 0.14 -0.07
(0.34) (0.04)*

Owns Land 0.75 0.07
(0.43) (0.05)

If yes, acres of Land Owned 2.07 0.13
(2.88) (0.34)

Value of durable goods and animals owned (in 100,000 Ksh) 1.28 -0.08
(1.73) (0.21)

Has bank account 0.86 -0.02
(0.35) (0.04)

Participates in ROSCA 0.43 -0.04
(0.50) (0.06)

Responds yes to question: "Would you like to borrow 0.40 -0.02
   more money but are unable to get it? (0.49) (0.06)
Percentage invested in risky asset 57.61 3.86

(19.62) (2.32)*
On a scale of 1-10, how much control do you 6.98 -0.24
   think you have over your life? (1.49) (0.17)
Notes: Column 1 reports the overall sample average with standard deviations in parentheses. Column 2 reports the difference 
between the treatment and control group, with the standard error in parentheses. ***, **, and * indicate significance at 1, 5, 
and 10% respectively. See text and Table 2 for more detail on variable definitions. The number of observations differs 
slightly between variables due to recording and input errors. 
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