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ABSTRACT 

Twenty-four-hour recall and observed-weighed food record surveys are generally regarded as the gold 
standard of food consumption surveys, but they are expensive, conducted infrequently, and not available 
in most countries. As a result, public health nutritionists and food security analysts and policymakers have 
increasingly turned to alternative data sources, including that already being collected in household 
consumption and expenditure surveys (HCES). HCESs are nationally representative, multipurpose 
surveys that are routinely conducted in more than 120 countries. While they are readily available, using 
them to estimate food consumption is plagued by several data limitations, perhaps foremost among which 
is how data on consumption of food prepared away from home (FAFH) and composite foods (CF) are 
collected.  Generally, no information is provided about the quantity FAFH or about the ingredients used 
to make many CF resulting in underestimation of food consumption and nutrient intakes, and 
overestimation of the prevalence of inadequate nutrient intake, including food insecurity, and the size of 
the nutrient intake gap. 

To address the FAFH/CF information gap, many analysts employ an imputation method first 
developed by Subramanian and Deaton (S–D). The method consists of imputing the food’s caloric content 
as the product of expenditures on the food and the reciprocal of the average national cost per calorie, 
where the latter is calculated using all other foods for which quantity and caloric content data are 
available. This paper assesses the S–D approach for imputing the caloric intake of households from FAFH 
and CF by juxtaposing it with the imputations of alternative approaches, and extends these approaches to 
four additional nutrients—vitamin A, iron, zinc, and calcium. 

The apparent relative nutritional insignificance of FAFH and CF in Bangladesh obfuscates our 
efforts to assess alternatives to the S–D approach to imputation, and we remain uncertain about the 
relative value of the alternative imputation approaches examined. FAFH and CF—although widely 
consumed in Bangladesh—constitute a relatively unimportant source of nutrients, regardless of how the 
nutrient content of FAFH and CF is imputed.  Additional research in other countries—in particular, in 
countries that demonstrate evidence that FAFH and CF are more important and nutritionally relatively 
significant—is called for. In a more positive light, the study contributes to greater understanding about 
how the composition of the food list may affect nutrient intake estimates, demonstrating how the food list 
might be improved to obviate such difficulties, and how it might be made more nutritionally sensitive.  

Keywords: household surveys, household consumption and expenditure surveys (HCES), nutrition, 
nutrition policy, dietary assessment, apparent consumption, nutrient intake, adult male equivalent 
(AME), Bangladesh 
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1.  INTRODUCTION 

Designing effective nutrition programs requires knowledge of diets, which in turn requires food 
consumption data. Only a handful of countries, however, have nationally representative food consumption 
data from what are regarded as the most accurate types of food consumption surveys, that is, 24-hour-
recall (24HR) or observed-weighed food record surveys. The vast majority of countries have found those 
types of surveys to be too expensive and too technically demanding to conduct. As a result, countries 
have been forced to search for other sources of food consumption data, and they are increasingly turning 
to household consumption and expenditure surveys (HCESs). 

HCESs are large-scale, multipurpose surveys that more than 120 countries routinely conduct 
every three to five years. Although HCESs vary by country, most share some shortcomings in their use to 
analyze the intake of nutrients: 

• they consist of household-level data, not individual-level data; 
• they often contain of mixture of consumption and purchase data; 
• they often include unstandardized units for reporting food volumes or weights; 
• they collect information about processed or composite foods (CF) but often lack recipes 

or other information about the composition of such foods; and 
• they generally inadequately capture food that is prepared and consumed away from home 

(FAFH) (Smith, Dupriez, and Troubat 2014). 
This paper discusses the last two of these shortcomings and focuses on two overlapping 

categories of food—composite foods and foods consumed away from home. Throughout the world, the 
consumption of foods in both of these categories is increasingly common and growing in magnitude, 
concomitantly resulting in the growing significance of measurement errors associated with the 
shortcomings of HCESs in measuring food consumption and nutrient intakes. The paper is organized as 
follows: the remainder of the introduction discusses the growing importance of CF and FAFH, the pitfalls 
those foods create in measuring food consumption, and the implications of those shortcomings. We 
review some efforts that have been made to date in attempting to better capture FAFH and CF in HCESs, 
as well as some of the efforts to mitigate their adverse impacts on the measurement of food consumption 
and nutrient intakes. The next section discusses our database and how HCESs may be used to go from 
household-level estimates of food consumption and purchases to individual-level estimates of apparent 
food consumption, and it describes the Subramanian and Deaton (S–D) (1996) approach and its 
application to additional nutrients (beyond energy). The following section presents our findings and 
examines the absolute and relative importance of FAFH and CF and conducts sensitivity analyses of 
alternative methods of applying the S–D approach. The paper concludes with a discussion of the 
implications of the findings, while noting a number of caveats. 

The Challenges of Accounting for Food Away from Home and Composite Foods 
More than 100 countries now routinely conduct HCESs. While many have done so for 40 years or more, 
it is only in the last decade that most HCESs have included questions about FAFH. Eating away from 
home has now become common worldwide and is rapidly growing in both absolute and relative terms. In 
China, for example, household per capita expenditure on FAFH rose at an average annual rate of 9.5 
percent from 2002 to 2011, while the share of FAFH in total food expenditures increased from 18.2 to 
21.5 percent (You 2014). China may be an extreme case, but it is no exception. While there is little 
argument about the importance of FAFH, or that its prevalence and significance are increasing, we have 
scant knowledge about even its major characteristics. More fundamentally, there is little discussion about 
how it should be defined. As its title suggests, FAFH is commonly defined by where food is consumed, 
regardless of where it is prepared. In other instances, it is defined by where food is prepared, regardless of 
where it is consumed; in which case, food that is prepared at home and taken outside of the home to be 
eaten—at work or at school, for instance—is considered FAFH. In many cases food prepared at home and 
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consumed at home, food prepared at home and consumed away, and food prepared away and consumed at 
home are all captured in home consumption and expenditure data, and as such, are not FAFH.  

As the practice of eating away from home has become increasingly common worldwide, 
countries have come to recognize that adequately capturing food expenditures requires collecting accurate 
data on FAFH, and increasingly they are attempting to address this oversight. A review of 100 countries’ 
HCESs (Smith, Dupriez, and Troubat 2014) found that 90 percent of countries now collect some 
information about FAFH. The ways in which they do so, however, vary substantially, reflecting the fact 
that most of the approaches are ad hoc and unsatisfactory. Many of the approaches that countries have 
adopted to capture FAFH lack face validity, particularly in terms of their being able to collect such data 
comprehensively. Whereas some HCESs collect only information about the level of expenditures on 
FAFH, others collect expenditure data together with either quantities of specific foods or the numbers or 
types of meals consumed away from home. Some have a single question asking about the amount of 
money spent on meals in hotels and restaurants (Ethiopia, Central Statistical Agency 2012) or ask about 
expenditures in restaurants—generally identifying only a few, very broad categories of food items, such 
as, in the case of Uganda (Uganda, Bureau of Statistics 2010), “food, soda and beer.” Others ask about 
expenditures on food consumed away from home that is purchased from different sources, such as 
vendors and restaurants, as in the case of Malawi (Malawi, National Statistical Office 2012). Some ask 
only about the total number of meals eaten away from home, while others ask about the number and types 
of meals eaten (for example, breakfast, lunch, dinner, snacks). In contrast, one of the more articulated 
HCES FAFH/CF sections is that of the Bangladesh Household Income and Expenditure Survey. It 
includes questions about both the number of meals and the frequency with which specific types of foods 
are eaten away from home. The diversity of the approaches and the readily apparent inadequacy of many 
countries’ approaches are self-evident. 

Beyond the ambiguities of definition and the limited number of questions asked about FAFH, 
other sources of HCES measurement error regarding FAFH exist. For instance, HCESs commonly rely on 
a single, key respondent to report all household members’ food consumption and expenditures. That 
FAFH has become more common has complicated the key respondent’s task of accurately reporting 
household consumption: the key respondent is increasingly unlikely to be aware of events that occur 
outside his or her purview. Larger households—and especially those with larger numbers of adults, 
persons living in urban areas, those with more complex lifestyles and greater physical mobility, and 
persons who commonly spend more than 24 hours away from home—are particularly likely to have their 
consumption underreported. Additional sources of measurement problems associated with FAFH include 
the need to capture multiple foods from multiple places with different menus and different prices, the 
challenge of estimating the quantity of the different types of foods contained in processed foods—what 
we will label “composite foods” (CF)—and quantifying how much of it was consumed. No doubt, this is 
challenging work, and while measurement error will never be eliminated there are various ways in which 
its magnitude might be reduced. 

Efforts to Better Understand Food Away from Home and Composite Foods 
Even with the challenges of measuring FAFH in HCESs, considerable evidence exists about a large 
variety of factors associated with eating away from home. Evidence suggests that household income, 
pocket money, and urbanization are positively associated with FAFH participation and the amount of 
food (or level of expenditures) involved. In several countries, region and household size and composition 
have been shown to be systematically related to the likelihood of consuming some FAFH (Lachat et al. 
2009; Meenakshi and Ray 1999; Mihalopoulos and Demoussis 2001) and to affect the consumption of 
specific types of foods (Yen and Jones 1997; Mutlu and Gracia 2006; Meng, Florkowski, and Kolavalii 
2012). Older households and older societies have been found to have lower probabilities and lower 
expenditures on FAFH and CF (Redman 1980; Meng, Florkowski, and Kolavalii 2012; Liu et al. 2015). 
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Additionally, there is a further push to make the most of existing limited data to understand the 
nature of the foods consumed and their nutrient intake information. Since a majority of surveys only 
provide the amounts spent on FAFH and CF consumption, various computational methodologies have 
been employed to estimate those foods’ nutrient composition. One such method is calorie imputation, 
which has long been used to analyze those HCESs that include only expenditures (values), or those that 
collect some quantity data but also include some food list items for which only values (not quantities) are 
reported, such as composite processed food items for which no nutrient content information is available 
(although they may have precise quantity measures). In such instances, the approach to quantifying the 
nutrient content of these foods has been to follow the two-step procedure pioneered by Subramanian and 
Deaton (1996). The first step consists of calculating the average cost per nutrient unit for all those foods 
for which there is existing nutrient content data (primarily unprocessed foods, but some processed, 
composite foods, as well). The second step consists of multiplying the expenditures on the food in 
question by the reciprocal of the average cost per nutrient unit to provide an estimate of the quantity of 
the nutrient contained in the food. This is the current state-of-the-art methodology that is used to estimate 
caloric availability (or “apparent caloric intakes”). There are a number of factors to consider when 
approximating nutrient intake in this manner that require an understanding of the potential differences in 
food prepared at home and food prepared elsewhere within the population of interest.  

For instance, there is growing evidence that in many countries the nutrient content of one of the 
two major categories of foods for which it is necessary to impute nutrient content—that is, FAFH—is 
different from that usually consumed at home. Most comparative analyses of the energy intakes find them 
to be higher on average among persons who eat away from home relative to those who do not (French, 
Harnack, and Jeffery 2000; Bowman and Vinyard 2004; Bezerra et al. 2012; Lachat et al. 2012), and they 
find that the energy density of foods eaten away from home is greater than that of food eaten at home 
(Lachat et al. 2012). A China study found that FAFH and CF resulted in a more than doubling of meat 
consumption and a reduction in fruit consumption by one-third compared with food eaten at home (Wang 
et al. 2011). These patterns may be due to different foods being eaten away from home or to the same 
dishes being made up of different components or of components combined in different proportions when 
prepared outside of the home, or to a combination of these things. 

An analysis of India’s Consumer Expenditure Survey—one of the few that collects individual 
household member–level information on meal consumption patterns—also provides evidence of 
considerable variability within households—that is, across individual household members. In the 2011–
2012 Round 68 sample, 8 percent of persons who spent at least 24 hours away from home accounted for 
36 percent of all meals consumed away from home (Fiedler and Yadav 2017).1 In a recent unpublished 
analysis of one of the few other datasets that reports individual-level patterns of meals and food away 
from home (that is, the 2011–2012 Bangladesh Integrated Household Survey), one finds even more 
striking evidence of both heterogeneity in the meals-away-from-home patterns of individuals within 
households and the skewed distribution of meals away from home caused by the high concentration of 
those meals in a few individuals. Our analysis found that the 718 people who reported missing all three 
meals in the previous 24 hours because they were “currently staying away” constituted just 2.7 percent of 
all individuals in the survey but accounted for 79 percent of all meals missed due to “currently staying 
away” and 39.3 percent of all missed meals.  

An additional relevant observation concerns food lists. When food lists are short, they usually 
include highly aggregative commodity-like categories. Several researchers (Deolaiker and Behrman 1988; 
Gibson and Kim 2012; Gibson 2013) have noted that when the food list is highly aggregated and prices 
change, expenditure-based imputations of the change in nutrient availability are likely to produce 
overestimates given that households tend to replace more expensive calories with cheaper ones when 

                                                      
1 In light of the findings that food eaten at home varies nutritionally from FAFH and CF, combined with evidence that there 

is considerable heterogeneity (both within and across households) in who eats FAFH, it is likely that in countries where FAFH 
and CF are relatively important, the use of the adult male consumption equivalent (AME)—further discussed below—will be a 
less accurate proxy for the intrahousehold distribution of food. This is a hypothesis that merits testing. 
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prices rise and real income falls: households substitute lower-quality varieties of the same foods, resulting 
in lower expenditures but no change in calories (and the converse is true when prices fall). This suggests 
that how well nutrient imputation methods may work and what the preferred methodological approach to 
nutrient imputation may be will be shaped by the contents of the food list and will require a sound 
understanding of food markets and consumers’ views of food—in particular, which foods consumers view 
as substitutes—which in turn requires data on food prices.  

One aspect of becoming familiar with food markets that will be useful in determining how best to 
impute nutrients (and also for designing the “best” food list) involves analyzing price variability. Greater 
variability in the price of a given food item is likely to compromise the accuracy with which caloric 
intakes are estimated from expenditure data using an estimated cost per calorie that is calculated from 
data captured on less processed foods, for which HCESs more commonly collect quantity data. One way 
researchers might try to reduce price variability of a food item is by further refining the category, and 
splitting it into two or three categories. The price data collected using food lists with broader food 
categories that do not reflect qualitative differences in a particular food list item are likely to contain 
substantial variability in the prices collected for a given food item, owing to the heterogeneity in the 
quality of foods included in the category. This suggests (other things being equal) that surveys with 
shorter food lists will have more aggregative items that are more likely to have greater intragroup 
variability for any given food item.  

One implication of this observation is that, other things being equal, a longer, more qualitatively 
differentiated food list is preferable. A second implication is that in applying the expenditure-based (or 
value-based) approach in imputing the nutrient content of foods for which no quantitative data are 
collected, it would be wise to examine alternative methodologies that attempt to control for 
interhousehold variability. For instance, rather than basing the imputation on only nationwide averages of 
processed foods’ nutrient content, additional variables capturing differences in price-affecting market 
characteristics (such as urban–rural residence, or different geographic areas, such as state or region) 
should be taken into account, and the incorporation of additional variables that allow for better capturing 
differences in dietary habits (for example, ethnicity or district or village) or variations in household 
determinants of demand (such as household size, composition, income, and wealth) should also be 
considered.  

Clearly it is not feasible to capture all price-related variations in food quality by simply adding 
more individual food items to the list. Doing so would likely soon become prohibitive in terms of costs 
and time. A strategic approach to dealing with this quality–price variability would consist of also being 
guided by taking into account relevant nutrition criteria in determining the “appropriate” extent of 
disaggregation of the food list. For instance, an additional criterion might be the variability in nutrient 
content across more disaggregated food items: where there is little variation in nutrients, there is little 
need for more refined food categories. It should be recognized that, depending on the specific nutrient 
content of interest, this may result in different approaches as to how best to impute nutrient content and 
how best to structure the food list.2  

The Indian study findings regarding the heterogeneity of FAFH and CF are unsettling. They raise 
a number of concerns. First, they underscore growing recognition of the importance of understanding 
which household members stayed away from home and the duration of their stay in order to better capture 
FAFH—which is one of the key areas for which we impute the nutrient content of food. The findings also 
raise questions about how well any adjustments to the individual level, such as the adult male equivalent, 
or AME, are likely to proxy the intrahousehold distribution of food in households where there is 
considerable consumption of FAFH—especially where much of the consumption of FAFH and CF is 
done by only one or a few household members.  
                                                      

2 The 100-country HCES review did not mention the significance of qualitative differences in food within a food item 
category. The review asserts (without evidence) that nutrient content imputation works well for estimating caloric content but 
cannot be used to develop micronutrient estimates (due to the relatively greater variability of micronutrient content). Fiedler and 
Mwangi (2016) review literature on the different lengths of time required to develop usual intake estimates of different vitamins 
and minerals. 
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These findings about the heterogeneity of FAFH and CF also suggest an alternative approach that 
might be useful—that is, to calculate the average expenditure per nutrient unit not on the basis of 
households with similar characteristics, or on the basis of a set of market characteristics or a market area, 
but on the basis of the individual household itself. Such an approach could be regarded as controlling for 
household “tastes,” as well as its other household-specific, demand-conditioning characteristics, which 
would otherwise confound the analysis. 

This paper contributes to the literature by extending the approach first developed by Subramanian 
and Deaton (1996) in two ways: first, we explore the heterogeneity in imputation-based estimates 
stemming from estimating the average cost per calorie across all foods nationwide—as is common 
practice—and juxtapose them with estimates developed using more disaggregated averages, including a 
food-group-based cost per calorie average at the household level. Second, where most prior work has 
used the S–D approach only to estimate calories, we also estimate iron, vitamin A, zinc, and calcium 
availability or “apparent intake.” We accomplish this by simply replicating the same approach and 
estimating the average cost per unit of each nutrient and multiplying the inverse by the total value. 
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2.  DATA AND METHODS 

Data 
The first of its kind, the Bangladesh Integrated Household Survey (BIHS) is a nationally representative 
survey of the rural population of Bangladesh implemented by the International Food Policy Research 
Institute (IFPRI) in 2011–2012 (Ahmed et al. 2013). It is unique for three main reasons: it collects 
anthropometric measurements for all household members; it gathers plot-level agricultural production 
data; and, most relevant for this study, it is the first survey in Bangladesh to gather individual-level 
dietary intake data. The survey was based on a two-stage stratified sample that first selected a sample of 
primary sampling units (PSUs) and then randomly selected 20 households within each PSU. A total of 
6,503 households in 325 PSUs were selected and interviewed. The survey includes two separate 
consumption modules: the first asked respondents to recall their consumption in the last seven days 
(7DR); the second asked about consumption in the previous 24 hours (24HR). As part of the 7DR 
module, respondents were asked to recall the quantity of food consumed by the household from 
purchases, home production, and other sources. The unit price and total value of food purchased were 
collected. The food list was extensive and included 296 foods in 13 broad groups. Of those, 38 items fall 
under the “other foods prepared outside home” category, ranging from curries (jhol curry, bhuna curry) to 
snacks, such as biscuits and chocolate.3 Unlike all other foods in the 7DR food list, only the total value 
was collected for these foods prepared outside the home. As these foods include both FAFH and other 
complex food dishes that may be consumed at home, we will refer to them as FAFH/CF throughout the 
paper. 

In the 24HR module, respondents were asked to list each food item consumed by each household 
member including any foods consumed outside of the home. For each food item reported, the ingredients 
used, the food’s raw weight in grams, and the cooked weight in grams of the entire dish were collected. 
Further, each food item was coded to match up with the food list in the 7DR wherever there was overlap, 
making it easier to link the two modules. For instance, if parboiled rice appeared in the 24HR, it was 
coded the same way as it appeared in the 7DR. Foods consumed by both household members and guests 
visiting the household were recorded. 

Methodology 

Adult Consumption Equivalents and Estimated Average Requirements 
The first step in developing estimates of the total nutrients consumed for foods without quantities is to 
calculate the apparent nutrient intake for foods for which quantity data are already available. These initial 
estimates provide the foundation for imputing the apparent nutrient intake from foods for which no 
quantity data are provided, including all FAFH/CF. In the case of the BIHS, using the Helen Keller 
International food composition table (FCT)—which primarily references the US Department of 
Agriculture’s National Nutrient Database for Standard Reference and local Bangladeshi recipes—energy 
and nutrient content were estimated for all foods for which quantities were reported at the household 
level. For every 100 grams of edible food, the FCT included information on the edible portion and the 
energy and nutrient content of each food item. Although the BIHS has individual-level 24HR food 
consumption data, in order to exploit this unique database in our exploration of the trade-offs involved in 
alternative imputation approaches to the use of HCESs to impute the nutrient content of foods that are 
inadequately identified and of unknown quantities, we use only the 7DR data, which is household-level 
reported food consumption. Just as is common in using household-level HCES data to proxy individual 
food consumption, we individualize household-level food consumption by assuming it is distributed to 

                                                      
3 Tobacco is part of “other foods prepared outside home” in the food list and will be excluded from analysis. 
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individual household members in direct proportion to their share of the household’s total adult male 
equivalent (AME).  

The basis of the AME is the energy requirement of adult males 18 to 30 years of age, which 
serves as a reference point for all other individuals in the sample. It is calculated as the ratio of the energy 
of each person relative to an adult male while taking into account age, sex, physiological status such as 
pregnancy or lactation, and, in some cases, physical activity level. For this analysis the energy 
requirements of individuals in this sample are based on a report of human energy requirements by the 
Joint FAO/WHO/UNU Expert Consultation (FAO 2001).  

Many assumptions underlie these estimates. A moderate physical activity of 1.75 is assumed for 
simplicity as is the average weight of males (70 kilograms) and females (60 kilograms).4 Similarly, in the 
case of pregnant women, an average gestational weight gain of 12 kilograms and an additional calorie 
intake of 285 kilocalories per day are assumed. Though these values typically vary by trimester, we use 
the average for the second trimester since the only available data are women’s pregnancy status, but no 
additional detail about the pregnancy’s trimester is collected. Breastfeeding mothers are also assumed to 
have additional energy requirements depending on whether they are exclusively (505 kilocalories) or 
partially (460 kilocalories) breastfeeding. Both breastfeeding-related figures take into account the 
additional gestational weight gained and the associated energy expended during pregnancy. 

The AME is calculated for each individual in a household and summed to obtain the household’s 
total AMEs. It is assumed that the household’s food is distributed to each household member in direct 
proportion to the individual member’s proportionate share of the household’s total AMEs. The key step in 
taking household estimates to an individual level is calculating the ratio of individual AME to total 
household AME and using this information to estimate the share of household-level nutrients distributed 
to each individual. By so doing, the AME provides a standardized measure that accounts for 
heterogeneous households that vary in size and composition (age, gender, and so forth). Note that 
exclusively breastfed children are excluded from the calculation. 

Using estimated average requirements (EARs), we can then use the product from the AME 
estimates to examine the probability that an individual’s usual intake is inadequate, calculate the degree or 
size of the intake gap, and estimate the prevalence of inadequate intakes within a population group. An 
EAR is the daily nutrient intake level estimated to meet the requirements of half of the healthy individuals 
in a given age and sex group. The EARs for iron, zinc (with the exception of women 19 years of age or 
older), calcium, and vitamin A are based on recommendations from the United States Institute of 
Medicine (Otten, Hellwig, and Meyers 2006). Taking into consideration the reduced bioavailability of 
iron from cereal-based Bangladeshi diets, EARs for iron were adjusted for 5 percent bioavailability. Zinc 
EARs for women 19 years of age or older follow recommendations provided by the International Zinc 
Nutrition Consultative Group (IZiNCG), which has estimated the nutrient’s bioavailability based on 
different diets with varying amounts of phytate content. For this analysis, the assumption of 
bioavailability is based on an unrefined, cereal-based diet as reported by IZiNCG. The EARs for iron, 
zinc, calcium, and vitamin A also take into account pregnant and lactating status of women.  

Sufficient scientific evidence is not available to establish EARs for iron, zinc, calcium, and 
vitamin A in infants. So as not to exclude this population group from analysis, EARs for children zero to 
six months have been substituted with EARs for children seven to 12 months for iron and zinc, and EARs 
for children zero to 12 months have been substituted with the EARs of children one to three years for 
calcium and vitamin A. 
  

                                                      
4 An individual’s daily estimated energy requirements is a function of the person’s age, sex, weight, height and the nature, 

frequency and intensity of their daily physical activity. Four physical activity level categories which are closely related to the 
amount of energy expended during physical activity in terms of metabolic equivalents: sendentary = 1, low active = 2, active = 3 
and very active = 4. Algorithms have been developed to estimate daily energy requirements taking into account these individual 
personal characteristics to calculate an estimated kcal per kg which is used to calculate the individual’s total energy expenditure. 
See, for example, Gerrior et al. (2006). 
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To estimate the percentage of people with inadequate intakes of zinc, vitamin A, and calcium, we 
use the EAR cut-point method. That method assumes that the proportion of individuals with intakes 
below their respective EAR corresponds to the proportion of individuals with inadequate intakes of that 
nutrient. A person whose vitamin A intake falls below his or her EAR, for example, is considered to have 
inadequate intake of vitamin A. The same approach is applied to energy intake. 

In the case of iron intake, however, the cut-point method cannot be applied because an important 
assumption of the methodology is that nutrient requirements are normally distributed (Otten, Hellwig, and 
Meyers 2006). In the case of young children and menstruating and adult women, however, we know this 
is not the case: the distribution of their iron requirements is skewed. We therefore cannot use the cut-point 
method—which is a shortcut methodology—and must instead use the full probability method for 
identifying the prevalence of iron inadequacy (Otten, Hellwig, and Meyers 2006). This requires 
identifying the probability of inadequacy of intake for different iron intake ranges that are age and sex 
specific. Using this approach, the population’s prevalence of inadequate intake is estimated as the mean 
probability of iron inadequacy.  

Nutrient gaps are calculated as percentages of energy requirements and EARs: the difference 
between an individual’s energy requirement or EAR and actual intake, divided by the energy requirement 
or EAR. Percentage gaps are calculated only for individuals with inadequate intakes. As the cut-point 
method is inappropriate for determining adequacy of iron intakes, we do not explore the magnitude of 
iron nutrient intake gaps.  

Once these baseline estimates are captured for all foods with quantity data, we move on to the 
next steps of estimating the nutrient content of FAFH/CF items. Again, the AME helps us estimate the 
nutrient content of foods whose quantities are known but does not account for nutrient intake from other 
foods for which we typically only have purchase values. In the case of the BIHS, those are either 
processed foods or composite foods, but this same analysis can be extended to any foods with missing 
quantity data. The following two sections describe our approach to dealing with each of these separately. 
We will see that the case for processed foods is relatively more straightforward and follows the S–D 
approach closely by using one overall cost per nutrient from all foods in the sample with both quantity 
and value data. Composite foods will use a two-stage weighting scheme, the first of which accounts for 
the different food groups—that is, components present in the dish—while the second accounts for varying 
recipe types of the same dish when the variations are significant enough to affect the nutritional content.  

Estimating Cost per Nutrient 
Following the pioneering work of Subramanian and Deaton (1996), the conventional approach used to 
develop caloric estimates when only the level of expenditures, or values, for a food are available is by 
imputation: setting them equal to a singular cost per calorie estimated across all foods consumed in a 
household. Staples such as rice are significantly cheaper than other foods, such as meat, so in countries 
similar to Bangladesh with a heavy reliance on staples, using the average price might lead to an average 
cost per calorie across all foods that would likely underestimate the total calories from staples and 
overestimate the total calories from more expensive foods. Subramanian and Deaton, for example, note 
that in the case of rural Maharashtra in 1983, every 1,000 calories of rice cost on average 0.95 rupees, 
whereas 1,000 meat calories cost 11.7 rupees. 

Subramanian and Deaton further note that there is often more cost per unit (CPU) variance across 
food groups than within the groups themselves, provided the groups are well defined. In the same sample 
of rural Maharashtra households in 1983, 1,000 calories of wheat cost 0.79 rupees, which is much closer 
to the cost per calorie for rice. But how much of a difference does this variance in CPU affect estimates of 
apparent caloric intake especially when diets rely so heavily on cereals? Further, is this difference—if any 
exists—likely to extend to the imputed nutrient intakes of other nutrients such as zinc, calcium, vitamin 
A, and calcium? To asses this, we will need to calculate a variety of CPUs at various levels of 
disaggregation. We calculate CPUs at five levels of disaggregation. Four consist of averages for all foods. 
They are at the national level, at the subnational (district) level, at the household level, and at the national 
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level by wealth groups. Our fifth CPU actually consists of a set of CPUs, one for each major food group 
with each food group being calculated at the household level (as they are defined in Table 2.2). 

To calculate the CPU for each nutrient, we need two pieces of information: value and quantity. 
Therefore, we begin by narrowing the sample to households with both the purchase values and purchase 
quantities of foods available because those CPU values will later be used for all households that require a 
nutrient imputation. Of our 6,503 households, only 10 do not report making any purchase of any food 
items in the last seven days. All consumption for those 10 is reported to be either produced in the home or 
sourced elsewhere. Other sources are loans, gifts, wage payments, part of government or 
nongovernmental organization program, collected, begged, or hunted/fished. Aside from FAFH/CF, most 
foods that were consumed within the home had at least one household reporting their purchase. The share 
of households that report sourcing at least part of their intake from purchases varies considerably by the 
type of food. For example, whereas almost all of the 3,030 households that ate cauliflower purchased it 
(97 percent), only 5 percent of the 202 households consuming guava bought the fruit. Since we are 
relying heavily on purchase value data, the more households that provide such data, the less biased we 
expect our CPU to be in terms of being disproportionately influenced by specific types of households.  

It is possible to have foods within a sample that are entirely produced at home or sourced outside 
of markets, which means no purchase value or purchase quantity data are available. In the case of the 
BIHS, our analysis found that there were nine cases (3 percent) of foods consumed that had no portion of 
consumption purchased, with all of the foods consumed by very few households in general. For example, 
maize was eaten by two households in our sample with neither purchasing the item. For such items we 
use the cost per nutrient unit from similar foods or the cost per nutrient unit for their food group. In the 
specific case of maize, we used the cost per nutrient unit for cereals. 

We investigate six different approaches to imputation. The basic approach consists of calculating 
the mean cost per nutrient unit of those foods for which both purchase quantity and purchase value are 
available, and multiplying the inverse of the cost per nutrient unit by the household’s actual purchase 
value to provide a proxy measure of the nutrient content of those FAFH/CF items whose composition is 
unknown. Following Subramanian and Deaton (1996), the initial approach calculates the national mean 
CPU over all foods. The other five alternative approaches are differentiated by the introduction of various 
disaggregations of the single national mean. More specifically, they calculate the mean CPUs at the 
district, village, and individual-household level. The fifth approach is a variation on the national-level 
approach that is based on national wealth deciles, rather than a single national mean. The sixth approach 
is distinct in that it is not based on the household or the household’s geographic location, but instead is 
based on food groups.  

Taking advantage of the unique nature of the BIHS, having both 24HR and 7DR data, we will 
compare the imputation-derived estimates of each of the aforementioned approaches to one another, as 
well as examine how those values compare with 24HR AME nutrient intake estimates. Unfortunately, the 
lack of “true” actual consumption data with which to compare the results of the six imputation-derived 
estimates precludes our being able to make definitive conclusions about which is more accurate and also 
muddles our ability to generalize beyond this Bangladesh study. 

Estimating the Nutrient Content of Processed Foods 
In this section we examine two approaches for imputing the nutrient content of processed foods—such as 
chocolate or biscuits—that are not prepared at home and thus have no readily available recipe. Although 
the BIHS asks households for recipes for most processed foods available in the 24HR responses section 
of the survey, households typically did not provide those recipes. As a result, we were forced to obtain 
recipes from other sources, as would be typical for most HCESs. Thus the processed foods reported on in 
the BIHS can be characterized as either (1) those with both price per unit and accompanying nutrient per 
unit information available or (2) those that are missing one or both pieces of information. The approach 
for the two groups varies. Both approaches are described below.  
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Approach 1: Price and Nutrient Data Are Both Known 
We begin by searching for the nutrient content for as many processed foods as possible in multiple FCTs, 
noting that estimates may be slightly different across FCTs depending on the specific food item. In the 
case of Bangladesh, the University of Dhaka published the first edition of its FCT in 2013, which can be 
complemented by the World Food Programme’s FCT or India’s FCT if needed. Using country- or region-
specific FCTs has the added benefit of including local foods that are otherwise not included in general 
FCTs. For instance, two of the most popular snacks reported in the BIHS are biscuits and chanachur, 
which are processed and thus missing recipes in the 24HR module.5 While biscuits may be found in FCTs 
for multiple countries, chanachur is harder to find and regionally specific. 

In addition to nutrition information for processed foods, we also need the average unit cost for 
each item in the year of the survey. Price data, for many countries, do not include the prices of specific 
snacks. Household surveys may include community-level questions for a few staples but very rarely go 
into the necessary detail to make it possible to gather prices for specific processed foods. The 2010 
Bangladesh Household Income and Expenditure Survey is an exception: it includes both value and weight 
of a few processed foods, including chocolate and ice cream, but excludes one of the major BIHS snacks, 
chanachur. Our second-best approach was to find current prices for the top three most popular brands on a 
food sales website in Bangladesh (meenabazaar.com) and use an average of those unit prices converted to 
2011 dollars.  

Once both nutrient per unit and price per unit data are found, they are combined to get an average 
nutrient per taka that is multiplied with the inverse of the total household value purchased provided in the 
survey following the S–D (1996) approach. Since the only piece of information we have in the survey is 
the value of the dish, it is important to have both price and nutrients per unit to use this approach. 
Alternatively, the second approach outlined below may be used. 

Approach 2: Missing Either Price per Unit or Nutrient per Unit Data or Both 
When we could not find the price or nutrient information for a food, we used the original S–D (1996) 
approach. We took the household average cost per nutrient for all foods, excluding those for FAFH/CF, 
and multiplied the total value for the foods by the inverse of each cost per nutrient to obtain the estimated 
total calories, zinc, calcium, and vitamin A in each of these foods. This does require some calibration and 
local knowledge by the researcher to make sure that, at the very least, foods without a particular nutrient 
are not improperly assigned nutrient content. Ideally, there will be very few foods that require this 
approach. In the case of the BIHS, there are just six foods that fall into this category (Table 2.1). The most 
widely consumed of those six foods was consumed by 159 households (2.4 percent).  

Table 2.1 Foods without recipes in the BIHS 
Food Number of households 
Gaja 159 
Murali 99 
Amloki 22 
Panifol 8 
Taler sas 3 
Pork 3 

Source:  Authors’ calculations.  
  

                                                      
5 Chanachur is a traditional crispy snack typically made with chickpeas. 
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Estimating the Nutrient Content of Composite Foods or Dishes with Known Recipes 
In the following section we begin to apply the imputation methodology, starting with estimating the 
nutrient content for composite foods for which recipes or major components are known. By components 
we mean general food groups such as meat, poultry, vitamin A–rich vegetables, and the like. For 
example, a chicken curry dish will be made up of a poultry component, a vitamin A–rich vegetable 
component, and a leafy vegetable component, with each component contributing a particular share of 
calories to the dish. In Bangladesh, some of the foods prepared outside the home are composite foods, 
such as curries (which include a rice component and some type of meat component).  

As previously mentioned, one approach to estimating the nutritional content of composite foods 
or foods for which only values (not quantity data) have been collected is to impute the nutrient content by 
dividing the value of each food item prepared outside the home by the calculated average cost per calorie 
of all the foods in the household for which quantity data are available. However, there is considerable 
variance in the cost per calorie across food groups. A kilocalorie of meat, for instance, is much more 
expensive than a kilocalorie of rice, and the cost per calorie average across all groups masks this 
heterogeneity, resulting in the dampening of variation in the estimated total calories across households. If 
we were interested only in population averages, this might be sufficient; however, since we are using 
these estimation methods to impute household- or individual-level “true” consumption we want to be able 
to take into account whatever is known about the variation in the content of specific composite foods so 
as to be better able to capture the derivative variation in specific households’ and specific individuals’ 
nutrient intakes. 

In previous work, Bermudez et al. (2012) and Farfan, Genoni, and Vakis (2015) adopted an 
alternative methodology to the S–D approach: they imputed the nutrient content of a composite food or 
dish by positing it to be in a “typical” food’s recipe, and identified a single recipe for estimating the 
nutrient content of that typical composite food. We adopt a variation of that approach that makes use of 
the sample population–specific recipes that have been collected in this survey as part of the 
implementation of the 24HR module. As already noted, that module records each food consumed in the 
last 24 hours by each person, including food consumed outside the home. Not only are the total raw and 
cooked quantities recorded, but the quantity of each component in the recipe is also recorded. Thus for 
each household we know not only what went into each dish but also how much of it was included. So, as 
differentiated from previous work that used a “typical” recipe from an external source, the BIHS has 
hundreds of household-level recipes for each dish. This allows us to take further advantage of the unique 
nature of the BIHS to enable constructing what we regard as a “closer approximation” of the recipe likely 
used by any given household, while allowing us to focus more on other factors that may be conflating our 
assessment of the alternative imputation methods. Our objective is to assess alternative methodological 
approaches as to how best to analyze an HCES survey, which will not have household-level recipes, and 
to come up with a preferred approach to estimating average nutrient profiles for the BIHS dishes, thereby 
enabling our identification of “better” or “best” nutrient intake imputation methods.  

The goal of our first step is to use the disaggregated food-group-specific CPU for each 
component and then apply our first weight, which is based on the share of calories each component 
contributes to the dish. This assumes a recipe is available or can be approximated either from data from 
the survey or from outside sources. In our case we take advantage of household-level recipes for each dish 
consumed (not just prepared) that are captured by the 24HR module, and we use those data to estimate 
general recipes for the entire sample. A particular dish may be prepared in different ways that affect the 
nutritional content significantly. We allow for some flexibility in our methodology to capture such 
differences by applying a second weight to incorporate how common each recipe type is within the 
sample of households providing a recipe. Surveys that include household-level recipes for a dish are not 
the norm, so it is more likely that a representative recipe with nutrition information must be secured from 
an outside source. 
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Step 1: Recipe Approximation and Weighting of Recipe Components 
For each dish in a household, we begin by splitting the recipe into its various food-group components 
(cereals, meat, fish, and so on). The goal is to estimate an average recipe used by the surveyed households 
and that weights the various components based on the share of calories each contributes to the dish. Since 
we are using food groups as a key part of the analysis, we must take into account how such groups are 
defined (regardless of whether the food list includes predefined categories or not). While the food list may 
be focused on broad and distinct categories of food items (for example, fruits versus vegetables), for our 
purposes our priorities are focused on foods’ nutrient characteristics and content. For example, we will 
need to clearly distinguish between vitamin A–rich fruits and other fruits. That being said, we should 
recognize that conflicting priorities may exist that result in different food-group definitions. For instance, 
if a country’s agenda is focused only on increasing caloric intake it may want to create groupings that 
distinguish high-calorie foods from other foods. But if a country decides iron is its top priority, then it 
may want to distinguish foods based on iron content. We chose to prioritize vitamin A content and 
accordingly developed food-group categories that distinguish between vitamin A–rich foods and other 
foods. 

The survey’s original food list categorizes foods into 13 groups with a single category for fruits 
and two categories for vegetables (vegetables and leafy vegetables). Table 2.2 shows how much vitamin 
A content varies after all the food items are recategorized into their new food groups as well as the means 
under the original predefined groupings. For example, vitamin A content is highest in leafy vegetables 
with 510 micrograms (μg) of retinol activity equivalent (RAE) per 100 grams of edible food portion, but 
it is not insignificant within the predefined vegetables category at 102 μg RAE per 100 grams. However, 
within the general vegetable category, we see significant variation between nonleafy vitamin A–rich 
vegetables (142 μg RAE) and other vegetables (8 μg RAE), which are much lower. In Table 2.3 we see 
some of the major drivers in this heterogeneity by examining some of the most frequently reported foods 
consumed. Whereas lal shak (red amaranth) contains as much as 146 μg RAE per 100 grams, onions, 
potatoes, and garlic (the three most common foods in the predefined vegetables category) have none. 
Similarly, vitamin A–rich fruits contain 34 μg RAE per 100 grams of edible portion compared to only 4 
μg RAE for other fruits. Creating these distinct disaggregated categories, and distinguishing the 
ingredients making up a dish accordingly when basing nutrient imputations on food-group CPUs, is a key 
step of the analysis regardless of whether the food list has adequately specified, precoded categories. In 
our vitamin A case, we added three categories and went from 13 groups to 16 groups. 

Table 2.2 Nutrient profiles of food groups per 100 grams of edible food portion 
     Nutrients per 100 grams of edible portion 
    Energy Calcium Vitamin A  Iron  Zinc 
  Food group kcal mg μg RAE mg mg 
1 Cereals 363 14 1 1.8 1.4 
2 Pulses 322 52 7 5.4 3.1 
3 Edible oil 885 1 120 0.0 0.0 
4 Leafy vegetables 40 123 510 2.0 0.5 
 All nonleafy vegetables 51 43 103 1 0 
5 Nonleafy vitamin A–rich vegetables 43 47 142 0.9 0.4 
6 Other vegetables 69 35 8 0.8 0.6 
 All fruits 82 19 19 0 0 
7 Vitamin A–rich fruits 74 21 34 0.3 0.2 
8 Other fruits 90 16 4 0.6 0.1 
9 Big fish 131 54 55 1.4 1.1 
10 Small fish 144 55 18 1.0 1.0 
11 Meat 184 15 466 2.1 2.9 
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Table 2.2 Continued 
     Nutrients per 100 grams of edible portion 
    Energy Calcium Vitamin A  Iron  Zinc 
  Food group kcal mg μg RAE mg mg 
12 Egg 124 50 116 3.9 1.6 
13 Milk  438 328 300 0.2 1.2 
14 Spices 303 580 140 32.0 3.9 
15 Other food 359 62 - 1.0 0.6 
16 Drinks and beverages 123 26 6 0.7 0.3 

Source:  Authors’ calculations.  
Note:  kcal = kilocalories; mg = milligrams; μg = micrograms; RAE = retinol activity equivalent. 

Table 2.3 Nutrient content of popular vegetables and fruits, by food group 
     Nutrients per 100 grams of edible portion 
     Energy Calcium Vitamin A  Iron  Zinc 
  Food item Food group kcal mg μg RAE mg mg 
  All nonleafy vegetables 51 43 103 1 0 
1 Onion Other vegetables 40 23 0 0 0 
2 Potato Other vegetables 69 9 0 1 0 
3 Garlic Other vegetables 149 181 0 2 1 

4 Green chili 
Vitamin A–rich 
vegetables 40 18 59 1 0 

5 Eggplant Other vegetables 24 9 1 0 0 

6 Sheem 
Vitamin A–rich 
vegetables 31 37 35 1 0 

7 Cauliflower Other vegetables 25 22 1 0 0 

8 Tomato 
Vitamin A–rich 
vegetables 18 10 42 0 0 

9 Water gourd 
Vitamin A–rich 
vegetables 34 28 68 1 0 

10 Lal shak (red amaranth) 
Vitamin A–rich 
vegetables 23 215 146 2 1 

11 Other nonleafy vegetable Other vegetables 52 40 122 1 0 
  All fruits 82 19 19 0 0 
12 Apple Other fruits 52 6 3 0 0 
13 Orange Vitamin A–rich fruits 53 37 34 0 0 
14 Jujube/dried jujube Other fruits 76 18 2 0 0 
15 Banana Other fruits 89 5 3 0 0 
16 Coconut Other fruits 354 14 0 2 1 
17 Olive Vitamin A–rich fruits 145 52 20 0 0 
18 Grapes Other fruits 69 10 3 0 0 
19 Papaya Vitamin A–rich fruits 39 24 55 0 0 
20 Karambola Vitamin A–rich fruits 31 3 3 0 0 
21 Chalta Vitamin A–rich fruits 72 11 39 0 0 
22 Other fruit Other fruits 74 19 21 0 0 

Source:  Authors’ calculations. 
Note:  kcal = kilocalories; mg = milligrams; μg = micrograms; RAE = retinol activity equivalent. 

Once our groups are established, we inspect the common components in each dish to identify a 
base for estimating a “typical” recipe. This requires analyzing recipes and disaggregating them into the 
various food groups or components that make up the dish: for each dish we examine whether it contains a 
meat or vegetable or fruit component, which will help us determine the dish’s recipe and nutrient content. 
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Once we have the weight for each component, we combine the total value in the 7DR with the cost per 
calorie for that food group to calculate the amount of nutrients that food group contributes to the total 
calories or nutrients of that food item. For example, we may find that in a typical curry 50 percent of 
calories come from meat, 40 percent from rice, and the rest from spices. Thus we would use the cost per 
calorie of meat, rice, and spices, respectively, weighting each appropriately.6  

Step 2: Weighting of Recipe Types 
Additionally, of course variance exists across households in how dishes are prepared. Broadly speaking, 
for example, curries can be meat based or vegetarian, which in turn significantly varies nutrient intake. To 
take into account such variations, we allow for a second tier of weighting in which we weight the various 
broad recipe types for each dish. We took the hundreds of recipes provided by households per dish from 
the 24HR module and averaged them to arrive at up to three “typical” recipe types based on how different 
we expected the various nutritional profiles of each recipe would be. In the case of jhol curry, for 
example, we have three recipe types: recipes with meat, recipes with fish, and vegetarian recipes. It is 
never the case that curry has both meat and fish (so these are mutually exclusive), but both meat and fish 
recipes include some vegetables. For each recipe type, we then took an average of the three recipe types 
while also taking into account how popular each type of curry recipe was—weighting them according to 
how frequently they appear in the sample. 

Box 2.1 Example of nutrient imputation methodology for composite food with recipe 

Purchase value for all three recipes: 100 taka 

Source:  Authors’ calculations. 
Note: kcal = kilocalories; HH = households. 
  

                                                      
6 Initially we explored using the share of raw weight of each food group in kilograms to assign a proportion of the entire 

composite food, but that implicitly assumed that the share of calories a food group contributes to a dish is equal to the share in 
kilograms relative to other foods. We dropped that approach in light of recognition that it is possible—and in fact highly likely—
that a food could have 50 percent of its calories from meat while meat accounted for only 30 percent of the weight (in kilograms) 
of raw ingredients in the dish. 

           Recipe 1 Recipe 2 Recipe 3 
Cost per  

       100 kcal (% of ingredients in each food group) 
Share of recipe (% of kcal from this food group)  
     Meat  146  20            0                                 0 
                                           Fish  101      0          50                         0 
                                                    Vegetables     32  70          40                        90 
                                                     Spices   123  10          10                        10 
                                       
                                                                                                            Kcal from each food group     
           Meat    14            0                          0      
            Fish         0          50                           0 
          Vegetables                        219                125                    281 
          Spices          8                     8                       8  
            Total kcal                         241                 183                    289 
Recipe weight (% of HH with this type of recipe)    60          20                       20 
 
Total kcal from weighted average for composite food (all recipes):   239 
 



 

15 

Box 2.1 shows an example of the methodology used for a household that consumed 100 takas’ 
worth of curry in the last seven days. Three general recipe types were identified: recipes including meat 
(recipe 1), recipes including fish (recipe 2), and recipes including just vegetables (recipe 3). For each type 
of recipe, we calculated the average share of each of the food groups in the recipe—that is, for recipe type 
1, 20 percent of the calories came from meat, 70 percent from vegetables, and 10 percent from spices. 
Next, we calculated the calories contributed by each food group to each recipe using the cost per calorie 
by multiplying the purchase value by the inverse of the cost per calorie for each food group and the 
weight of that food group. In Box 2.1, meat contributed 14 kilocalories to recipe 1 (100 taka × (146 taka 
per 100 kcal)-1 × 0.20) while vegetables contributed 219 calories (100 taka × (32 taka per 100 kcal)-

1 × 0.70). The sum across food groups within each recipe yields the total calories for that recipe type. That 
is, the average curry recipe made with meat has 241 calories, that with fish has 183 calories, and that with 
vegetables has 289 calories. The final step takes a weighted average of the three recipe types based on 
how common each type was in the sample. Since 60 percent of households make their curry with meat, 
the kilocalories from recipe type 1 is weighted more than the other recipe types that are less common, 
giving us an average of 239 calories for every 100 takas’ worth of curry ((241 kcal × 0.60) + (183 
kcal × 0.20) + (289 kcal × 0.20)). 
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3.  FINDINGS 

In this section we examine the estimated consumption patterns that result from each of the six imputation 
approaches previously described, beginning with the most general—the national-level CPU—and 
proceeding to increasingly disaggregated approaches, eventually arriving at the individual-household 
level. For simplicity, we begin by focusing on energy estimates and then extend the analysis to vitamin A, 
iron, calcium, and zinc. Proceeding from the broadest to the most narrow imputation levels, the 
subsections begin by looking at energy estimates using national-level cost per nutrient means followed by 
district, village, household, and wealth deciles, and finally by calculating household- and food-group-
specific means. 

Consumption Patterns and the Importance of FAFH/CF Using Expenditure 
Tables 3.1 and 3.2 isolate FAFH to provide an understanding of its importance within the Bangladeshi 
diet, to establish a baseline for sensitivity analysis of the alternative imputation estimates, and to provide a 
point of ready comparison with other countries. Table 3.1 presents the food expenditure patterns of 
households in our sample, including those at the extreme ends of the wealth distribution, revealing some 
markedly different consumption expenditure patterns. Overall, on average, cereals account for the largest 
share of food costs (27.3 percent) followed by fish and vegetables. Parboiled rice is the single-largest food 
item purchased (18.9 percent) but varies greatly by wealth between the richest (6.6 percent) and poorest 
households (37 percent). Nutrient-dense meat, eggs, and milk are consumed by the wealthier households 
(17 percent) but are not significant parts of the diets of the poorest households (1.7 percent). Vegetables, 
on the other hand, are an important part of diets across wealth groups and account for 16.8 percent of total 
expenditure of the poorest and 14.4 percent of the richest households. Although FAFH/CF accounts for 
8.7 percent of total expenditures by the richest households, we find that even the poorest households 
allocate 6.4 percent of their food budget toward this category, although among the poorest, only 77.0 
percent of households report consuming some FAFH, compared with 91.9 percent of the richest. In sum, 
while FAFH is common, at present in Bangladesh on average it does not account for a very large 
proportion of households’ total food expenditures. 

Table 3.2 also explores the consumption patterns of Bangladeshi households but uses an analysis 
of apparent nutrient intakes instead of expenditures. Without accounting for FAFH/CF, we find that a 
typical household consumes 2,411 kilocalories per person and on average has 4.2 people. Similar to 
expenditure shares, the nutrient intake data reveal that cereals make up a significant portion of diets, 
mostly accounted for by rice consumption, but due to the calorie density of the relatively inexpensive 
staple, it provides an even higher share of total energy intake. Whereas households spend about a fifth of 
their budgets on coarse parboiled rice, it alone accounts for half of all calories, with another 16.6 percent 
from other rice and rice products. We find 8 percent of total calories comes from edible oil, reflecting the 
fact that much of the food preparation involves the use of oil. Another 8 percent of calories comes from 
vegetables. 

We take a closer look at the differences in consumption patterns across wealth groups by 
comparing households in the top and bottom 10 percent of the wealth distribution. Among the poorest 
households, cereals are a cheap source of calories and make up 82 percent of caloric intake, compared 
with 63 percent of calories for the richest households. We also find that the types of cereal consumed vary 
with wealth. Coarse parboiled rice makes up two-thirds of calories for poor households, but only a third in 
rich households. The rich households consume, instead, mostly fine rice—almost three times as much fine 
rice as their poorer counterparts. Vegetable consumption does not vary much with wealth, but rich 
households do consume almost twice as much edible oil. Although other food groups in general account 
for small shares relative to cereals, wealthier households eat more fish (3 percent), consume more meat, 
eggs, and milk (4 percent), and have more calories accounted for by other foods (6 percent). 
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Table 3.1 Consumption expenditure shares, by wealth group 
  All households 

Indicator Mean Bottom 10% Top 10% 
Percentage point 
difference 

N 6,503 651 650  
# of HH with FAFH/CF 5,628 501 597  
% of HH with FAFH/CF 86.5 77.0 91.9  
HH size 4.2 4.8 3.5  
Consumption expenditure per person 265 129 541  
 Food-group expenditure (%) 
Cereals 27.3 45.6 15.0 -30.7 
Pulses 2.0 1.5 2.1 0.7 
Edible oil 8.7 9.0 7.7 -1.4 
Vegetables 17.3 16.8 14.4 -2.4 
Meat, eggs, and milk 8.2 1.7 16.5 14.8 
Fruits 2.8 0.6 6.7 6.1 
Fish 13.0 7.6 16.5 9.0 
Other food 12.3 10.4 12.5 2.1 
FAFH/CF 8.4 6.4 8.7 2.2 
Total 100 100 100  
 Cereal expenditure shares (%) 
Parboiled rice (coarse) 18.9 37.4 6.6 -30.9 
Non-parboiled rice (coarse) 3.3 3.9 2.2 -1.7 
Fine rice 1.9 2.2 2.5 0.4 
Rice flour 0.2 0.1 0.3 0.2 
Atta 1.5 1.2 1.4 0.2 
Other cereals 1.6 0.9 2.0 1.1 
Total 27.3 45.6 15.0  

Source:  Authors’ calculations. 
Note:  HH = households; FAFH/CF = food away from home/composite foods. 

Table 3.2 Calorie consumption shares, by wealth group 
Indicator Mean Bottom 10% Top 10% Difference 
N 6,503 651 650   
HH size 4.2 4.8 3.5   
Calories per person (no FAFH/CF) 2,411 1,725 3,282   
 Food-group calorie shares (%) 
Cereals 73.91 81.68 63.18 -18.5 
Pulses 1.51 1.02 2.17 1.2 
Edible oil 8.03 5.91 11.12 5.2 
Vegetables 8.28 7.84 8.62 0.8 
Meat, eggs, and milk 1.62 0.29 3.77 3.5 
Fruits 0.90 0.34 1.89 1.6 
Fish 2.39 1.27 3.56 2.3 
Other food 3.35 1.64 5.68 4.0 
FAFH/CF 0.00 0.00 0.00 0.0 
 Cereal calorie shares (%) 
Parboiled rice (coarse) 52.05 66.97 33.11 -33.9 
Non-parboiled rice (coarse) 8.36 6.76 9.11 2.4 
Fine rice 6.81 4.27 11.16 6.9 
Rice flour 1.38 0.33 2.36 2.0 
Atta 3.08 2.22 4.21 2.0 
Other cereals 2.24 1.14 3.33 2.2 

Source:  Authors’ calculations. 
Note:  HH = households; FAFH/CF = food away from home/composite foods. 
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Consumption Patterns Imputed with the National-Level Cost per Nutrient 
As previously noted, unlike many HCESs, the BIHS provides a relatively long list of different food items 
prepared outside the home. Table 3.3 shows the most frequently reported items. Snacks are the most 
popular types of FAFH/CF in Bangladesh, processed snacks in particular such as biscuits (72 percent) and 
chanter (37 percent) but also unprocessed snacks—such as singara—which is consumed by a fifth of all 
households. In contrast, dishes or meals prepared outside the home such as jhol curry or rice/jao were less 
popular and reported by less than 10 percent of households. It is notable that the importance of the 
specific types of FAFH is concentrated in a relatively small number of foods: only about 6 percent of all 
foods are FAFH, and among those, half of the foods prepared and consumed away from home account for 
about 90 percent of the total sample FAFH/CF value. 

Table 3.3 Top foods consumed away from home 

  Food N 
Share of all  

HH (%) 
Share of total 

FAFH/CF value (%) 
1 Biscuit 4,659 71.6 28.6 
2 Chanachur 2,383 36.6 7.3 
3 Cake 1,592 24.5 5.2 
4 Chocolate 1,283 19.7 2.1 
5 Singara 1,277 19.6 4.2 
6 Chips 861 13.2 3.0 
7 Bonroti/paoroti 858 13.2 3.9 
8 Puri 686 10.5 2.2 
9 Piaju 673 10.3 2.0 
10 Ruti/parota 646 9.9 4.2 
11 Rice/jao 575 8.8 6.0 
12 Bhaji 550 8.5 3.2 
13 Jhol curry 502 7.7 7.7 
14 Sweets 472 7.3 5.2 
15 Chuinggum 446 6.9 0.6 
16 Any fried food 327 5.0 0.9 
17 Pickle/chatni 313 4.8 0.6 
18 Bhuna curry 305 4.7 4.5 
19 Daal 279 4.3 1.0 
  Total     92.1 

Source:  Authors’ calculations. 
Note:  HH = households; FAFH/CF = food away from home/composite foods. These are 19 of the 37 FAFH/CF that we are 
analyzing (excluding tobacco). 

The first imputation method we apply to estimate the nutrient content of FAFH/CF is the original 
S–D (1996) approach, which does not distinguish between different food groups or require recipes but 
instead estimates a national cost per calorie of all foods using only the purchase value of FAFH/CF and a 
single estimated cost per nutrient. Using all foods in the food list for which both a purchase quantity and a 
purchase value are reported, we estimate the average cost per nutrient for the entire sample. We then 
multiply the value of FAFH/CF at the household level by the reciprocal of the sample cost per nutrient. 

For each of the food groups, Table 3.4 summarizes the consumption profile of the BIHS sample 
accounting for FAFH/CF using this methodology. The overall average per capita number of calories 
increases from 2,411 to 2,468 across our sample when FAFH/CF is included; FAFH/CF accounts for 2.3 
percent of total calorie intake by household. This important comparison not only shows the average 
missed calories in analyses that do not account for FAFH/CF but also highlights the households in which 
calories would be underreported. A disproportionate amount of these calories are in the wealthiest 
households. Whereas FAFH/CF increased calories by less than 20 calories per person on average (1.1 
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percent) in the poorest households, the top decile of households increased their intake by 121 calories (3.7 
percent). Note that although FAFH/CF accounted for 8.7 percent and 6.4 percent of expenditures for the 
wealthiest and poorest deciles of households, respectively, those shares are dwarfed by cereals when we 
take apparent caloric intake into account as they dominate diets for all households. That is, while 
expenditure shares are about 8 percent of household expenditures, relative to cheap calorie-dense cereals, 
FAFH/CF accounts for a smaller share of apparent caloric intake, demonstrating that the significance of 
FAFH/CF within a sample may vary substantially depending on the particular criterion analyzed. 

Table 3.4 Calorie intake patterns with FAFH/CF using national-level CPU imputation, by wealth 
group 
  National 
Indicator Mean Bottom 10% Top 10% Difference 
N 6,503 651 650   
HH size 4.2 4.8 3.5  
Calories per person (no FAFH/CF) 2,411 1,725 3,282  
Calories per person (includes FAFH/CF) 2,468 1,744 3,403  
Difference in calories 57 19 121   
% calorie increase 2.34 1.09 3.70  
 Food-group calorie shares (%) 
Cereals 72.30 80.75 61.07 -19.68 
Pulses 1.48 1.01 2.09 1.08 
Edible oil 7.82 5.84 10.73 4.89 
Vegetables 8.10 7.75 8.31 0.56 
Meat, eggs, and milk 1.58 0.29 3.62 3.33 
Fruits 0.88 0.34 1.82 1.48 
Fish 2.34 1.26 3.43 2.17 
Other food 3.25 1.61 5.32 3.71 
FAFH/CF 2.29 1.15 3.61 2.46 

Source:  Authors’ calculations. 
Note:  CPU = cost per unit; HH = households; FAFH/CF = food away from home/composite food. 

Consumption Patterns Imputed with District-, Village-, and Household-Level Costs per 
Nutrient 
In addition to heterogeneity across foods, the cost per nutrient is also likely to vary across regions in a 
country, particularly if food prices vary widely within a country. A variety of factors might be to blame, 
such as variations in the marketing of foods (where they are grown versus where they are eaten) that may 
influence transportation costs or have other market implications that may increase the food price 
differentials, such as between rural and urban areas or between regions. Some portion of the resulting 
variations in price may be captured by estimating costs per nutrient at the district, village, or household 
level, instead of using a single national value for the entire country. How much of a difference this makes 
in our nutrient estimates is uncertain: it is an empirical question that will vary by the population of 
interest. Although a national cost per calorie may be adequate in small, homogeneous populations with 
homogeneous diets, in larger populations with more diverse diets it may be advisable to allow for greater 
variation in prices by developing CPUs at a subnational level in order to more accurately capture the 
impact of those price variations on imputed quantities and concurrently on estimated apparent nutrient 
intakes.  
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In this case study of Bangladesh, we find remarkably little difference in the estimates derived 
disaggregating CPUs by the district level or village level; the estimates at either level are nearly identical 
(see Tables 3.5 and 3.6). Both imputations result in a very small change (an increase of 1.2 percent) in the 
estimated energy for the poorest households (for whom, recall, FAFH/CF is not an important part of 
diets). There is a slight increase from Table 3.4’s national-level estimates using either a district- or 
village-level cost per nutrient estimate. The total average calorie intake by the wealthiest households 
decreases from 3,403 using national estimates (in Table 3.4) to about 3,397, or a per capita decrease of 6 
calories, for the wealthy households from FAFH, whereas the poorest households’ total average caloric 
intake increases by 1.  

Table 3.5 Calorie intake patterns with FAFH/CF using district-level CPU imputation, by wealth 
group 

Indicator Mean Bottom 10% Top 10% 
Difference 

(top-bottom) 
N 6,503 651 650  
HH size 4.2 4.8 3.5  
Calories per person (no FAFH/CF) 2,411 1,725 3,282  
Calories per person (includes FAFH/CF) 2,468 1,745 3,397   
Difference in calories 57 20 115  
% calorie increase 2.36 1.18 3.51   
Cereals 72.28 80.69 61.15 -19.54 
Pulses 1.48 1.01 2.09 1.08 
Edible oil 7.82 5.84 10.75 4.91 
Vegetables 8.09 7.75 8.32 0.57 
Meat, eggs, and milk 1.58 0.29 3.64 3.35 
Fruits 0.88 0.34 1.82 1.48 
Fish 2.34 1.25 3.44 2.19 
Other food 3.25 1.60 5.32 3.72 
FAFH/CF 2.29 1.14 3.67 2.53 

Source:  Authors’ calculations. 
Note: CPU = cost per unit; HH = households; FAFH/CF = food away from home/composite food. 

Table 3.6 Calorie intake patterns with FAFH/CF using village-level CPU imputation, by wealth 
group 
Indicator Mean Bottom 10% Top 10% Difference 
N 6,503 651 650   
HH size 4.2 4.8 3.5  
Calories per person (no FAFH/CF) 2,411 1,725 3,282  
Calories per person (incl. FAFH/CF) 2,469 1,746 3,396  
Difference in calories 58 21 114   
% calorie increase 2.39 1.22 3.48  
Cereals 72.26 80.65 61.18 -19.47 
Pulses 1.48 1.01 2.09 1.08 
Edible oil 7.82 5.84 10.75 4.91 
Vegetables 8.09 7.74 8.32 0.58 
Meat, eggs, and milk 1.58 0.29 3.64 3.35 
Fruits 0.88 0.34 1.82 1.48 
Fish 2.34 1.25 3.44 2.19 
Other food 3.25 1.60 5.33 3.73 
FAFH/CF 2.29 1.14 3.70 2.56 

Source: Authors’ calculations. 
Note:  CPU = cost per unit; HH = households; FAFH/CF = food away from home/composite food. 
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Taking the imputation of nutrient content using a CPU mean calculated from all foods one step 
further, we estimate average CPUs computed using a household-specific average, rather than a national 
average. The per capita average number of calories increases from 2,411 to 2,470 across our sample, with 
FAFH/CF accounting for 2.5 percent of total calorie intake by households. Notice that this mean for all 
households is very similar to the previous subnational estimates. However, looking at the wealthiest and 
poorest households, we see increasing variation by wealth. Relative to national estimates, household-level 
all-food-based CPUs increase the estimated number of calories per capita among the poorest households 
by 10 calories from 1,744 to 1,754, while they decrease the estimated number of calories per capita for 
the wealthiest households by nearly twice as much—by 19—from 3,403 at the national level to 3,384 at 
the household level. Relative to not accounting for FAFH, these estimates show a 3.1 percent increase in 
calorie intake for wealthy households and a 1.7 percent increase for poorer households (Table 3.7). The 
reason we find opposite directions of change from the national-level CPU estimates as we disaggregate by 
wealth is likely due to variations in the types of foods purchased by wealthy households relative to poorer 
households. Wealthy households pay higher amounts per calorie consumed, whereas poorer households 
rely more on relatively cheaper calories such as cereals. When estimating at the national level we have 
one CPU that averages across all wealth levels, but when the CPU is allowed to vary by household the 
variations by household become apparent and affect the nutrient imputations. This possibility prompted 
us to take a closer look at variation in CPU by households’ level of wealth. As may be seen in Table 3.7, 
disaggregating by wealth reveals large variations in the quantity and importance of calories imputed from 
FAFH/CF for households in the bottom wealth decile vis-à-vis those from top wealth deciles. 

Table 3.7 Calorie intake patterns with FAFH/CF using household-level CPU imputation, by wealth 
group 

Indicator Mean Bottom 10% Top 10% 
Difference  

(top − bottom) 
N 6,503 651 650 -1 
HH size 4.2 4.8 3.5 -1.3 
Calories per person (no FAFH/CF) 2,411 1,725 3,282 1,557 
Calories per person (incl. FAFH/CF) 2,470 1,754 3,384 1,630 
Difference in calories 59 29 102 73 
% calorie increase 2.45 1.66 3.12 1.46 
Cereals 72.20 80.32 61.38 -18.94 
Pulses 1.48 1.01 2.10 1.09 
Edible oil 7.82 5.81 10.80 4.99 
Vegetables 8.08 7.71 8.35 0.64 
Meat, eggs, and milk 1.58 0.29 3.66 3.37 
Fruits 0.88 0.34 1.83 1.49 
Fish 2.34 1.25 3.46 2.21 
Other food 3.24 1.60 5.36 3.76 
FAFH/CF 2.28 1.12 3.73 2.61 

Source:  Authors’ calculations. 
Note:  CPU = cost per unit; HH = households; FAFH/CF = food away from home/composite food. 

Consumption Patterns Imputed with National-Level Wealth Deciles’ Cost per Nutrient 
We also examine consumption profiles using estimates from the mean CPU by wealth group. 
Households’ estimated nutrient intakes are presented in Table 3.8. The general patterns and relatively 
small impact of imputing the caloric content of FAFH/CF on total caloric intakes observed in the national 
and various subnational estimates persist. 
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Table 3.8 Calorie intake patterns with FAFH/CF using wealth-decile-level CPU imputation, by 
wealth group 

Indicator Mean Bottom 10% Top 10% 
Difference  

(top−bottom) 
N 6,503 651 650 -1 
HH size 4.2 4.8 3.5 -1.3 
Calories per person (no FAFH/CF) 2,411 1,725 3,282 1,557 
Calories per person (incl. FAFH/CF) 2,466 1,750 3,380 1,630 
Difference in calories 54 25 98 73 
% calorie increase 2.26 1.43 2.98 1.55 
Cereals 72.30 80.48 61.46 -19.02 
Pulses 1.48 1.01 2.10 1.09 
Edible oil 7.83 5.82 10.80 4.98 
Vegetables 8.10 7.72 8.36 0.64 
Meat, eggs, and milk 1.58 0.29 3.66 3.37 
Fruits 0.88 0.34 1.83 1.49 
Fish 2.34 1.25 3.46 2.21 
Other food 3.26 1.60 5.37 3.77 
FAFH/CF 2.30 1.13 3.70 2.57 

Source:  Authors’ calculations. 
Note:  CPU = cost per unit; HH = households; FAFH/CF = food away from home/composite food. 

Cost per Calorie Estimates by Food Group  
The unique nature of the Bangladesh dataset—with both 24HR and HCES-like 7DR components, 
together with 24HR-obtained recipes that can be used to proxy FAFH without recipes—enables us to 
identify the food items and food groups of a larger proportion of FAFH/CF than is possible with most 
HCESs. Taking advantage of the survey’s unique characteristics, we explore an alternative approach to 
calculating the CPU. Prompted by evidence of the large variation in the nutrient content of food groups 
(refer back to Tables 2.2 and 2.3), and recognizing that both the costs and nutrient contents of foods are 
likely to vary more across food groups than within food groups, we explored the CPU by food group, 
rather than calculating only the CPU across all foods as has been the approach to this point.  

Figure 3.1 shows the ratios of the estimated CPUs at the household level for all foods (AF) and at 
the household food-group (FG) level compared to (that is, is divided by) the actual CPU, where the actual 
CPU is the initial value we calculated based on the reported purchase value and purchase quantity for 
each food item within a household. When any of these calculated CPU ratios is equal to 1 it means that 
the calculated CPU (AF or FG) is equal to the actual CPU that we observed in the data. Similarly, any 
CPU that is above 1 means the calculated CPU is larger than it should be, such that the particular 
imputation method overestimates nutrients’ costs, resulting in their underestimating nutrient intakes. 
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Figure 3.1 Ratios of group costs and all-food costs to actual costs per unit, by food group  
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Figure 3.1 Continued 
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Figure 3.1 Continued 

 
Source:  Authors’ calculations. 
Note: CPU = cost per unit. 

In general, we find that the FG-level estimates are closer to the actual observed CPU value for 
most food groups relative to the AF-level CPU estimates. That is, the FG-level estimates are more likely 
to be closer to a ratio equal to 1 than are the AF-level estimates. The extent to which the FG CPU is 
apparently more precise than the AF estimate varies by nutrient. Turning first to the energy estimates, in 
the case of cereals, which account for the lion’s share of calories in Bangladesh, the AF estimate is more 
than five times higher than the actual value. The values of pulses and edible oil appear to be vastly 
overestimated as well. In the case of meat, eggs, and fish, the more expensive food groups, AF estimates 
are significantly lower than their actual values, while the FG estimates are closer to a ratio of 1 or equal to 
the value of the actual observed CPU. This means AF calorie estimates would substantially overestimate 
the calories from meat, eggs, and fish. Fruits are the one clear exception, where AF caloric estimates are 
on a whole significantly closer to 1 than the FG CPU estimates.  

In the case of zinc, FG CPUs are more accurate for cereals, pulses, oil, most vegetables, and eggs. 
AF estimates are marginally better for vitamin A–rich vegetables and are roughly equal for meat, milk, 
and fish. Vitamin A estimates are the least precise with the highest differences from the actual price. AF 
CPUs for vitamin A–rich vegetables, leafy vegetables, and spices are more than 10 times greater than the 
actual CPUs. While FG CPUs are close to actual values in most categories, they perform poorly for the 
same three categories. It is important to note, however, that FG CPUs are much closer to actual values 
than AF values even when both perform poorly. 

Overall, the FG CPU estimates are precise for two of the three top food groups (cereals and edible 
oil), but results are more mixed for the third, vegetables. Both FG and AF estimates of total calories from 
leafy vegetables and vitamin A–rich vegetables are fairly accurate. Both, however, falter for other 
vegetables, and both would underestimate the apparent caloric intake other vegetables provide. Zinc and 
calcium FG CPU estimates are very close to the actual CPUs and generally outperform AF CPU 
estimates. The calcium and vitamin A CPU estimates for leafy vegetables in particular are generally poor, 
and relatively poorer for AF. 
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The food lists of many HCESs include general, aggregated food categories to capture FAFH, 
suggesting that how AF and FG estimates compare with actual CPUs for “other foods” and “drinks and 
beverages” is a point of interest. Calories will be underestimated by both approaches but are significantly 
more precise for FG (4:1) relative to AF (65:1). AF and FG CPU estimates diverge for zinc, calcium, and 
iron with AF CPUs underestimating nutrients and FG estimates overestimating nutrients. In fact, for 
almost all cases FG CPUs will lead to consistently underestimating calories and nutrients, but, at the same 
time, they are closer to actual CPUs than are AF CPUs. In all, the AF CPUs are less than the actual CPUs 
for an average of seven or eight of the 16 FGs for each of the nutrients. From a public health standpoint, 
depending on the nutrient, FG CPUs would be more useful as they tend to be more likely to count people 
as having inadequate intakes and identifying nutrient intakes as being problematic rather than erring 
toward finding no nutrition problem when it fact there is one—that is, they are more likely to result in a 
false positive than a false negative. This is the preferred approach for public health officials who are 
thereby prompted to treat a nonexistent nutrition problem rather than to ignore or be unaware of an actual 
nutrition problem. We turn to the household-level FG-based imputation results. 

Table 3.9 summarizes the actual mean cost for 100 calories of food from each food group for all 
households in the sample and explores the differences in costs for the richest and poorest households. As 
expected, cereals offer a relatively cheap source of calories and cost about 8 taka for every 100 calories. 
The difference in cereal price between the richest and poorest households supports earlier evidence of a 
shift in the quality of cereals consumed as households gain wealth and move from coarse parboiled rice 
consumption to fine rice. Vegetables contribute the same share of calories to diets across wealth groups, 
but those calories cost more in the top 10 percent of households, particularly for leafy vegetables which 
average 44 taka in poor households versus 63 taka in wealthy households. Meat, eggs, and milk make up 
a small share of calories overall, and (referring back to Table 3.8) it may be seen that the caloric share of 
these foods in rich households is more than 10 times the share of poor households. The high cost of meat 
and eggs likely dampens demand, and the large difference in prices between rich and poor households 
may suggest a difference in the quality consumed.  

Table 3.9 Actual mean cost per calorie (taka/100 calories), by expenditure group 

Indicator 
All 

(n = 6,503) 
Bottom 10% 

(n = 651) 
Top 10% 
(n = 650) 

Cereals                 8               7                10  
Pulses               17             15                18  
Edible oil               11             11                11  
All vegetables               41             34                48  

Vitamin A–rich vegetables               50             43                56  
Leafy vegetables               53             44                63  
Other vegetables               32             28                37  

Meat             148           135              158  
Eggs             357           259              501  
Milk               51             43                56  
Vitamin A–rich fruits             600           202              952  
Other fruits             167           111              199  
Big fish             105             85              134  
Small fish               90             74              115  
Spices             105             72              150  
Other food           1,610         1,202            2,097  
Drinks and beverages           1,036           752            1,261  

Source:  Authors’ calculations. 
  



 

27 

The differences in nutrient costs within fruits and vegetables shown in Table 3.10 underscore the 
important effect of the food list and, more specifically, of the way in which food groups are disaggregated 
and foods are classified. Vitamin A–rich fruits are cheaper sources of vitamin A (6 times cheaper) and 
calcium (2.5 times cheaper) relative to other fruits. Likewise, leafy vegetables and vitamin A–rich 
vegetables are much more cost-effective sources of vitamin A than other vegetables, which are more than 
25 times more expensive. Of the three vegetable categories, leafy vegetables are a cheaper source of iron 
and, along with regular vegetables, are relatively cheaper sources of calcium and zinc. 

The way in which fruits and vegetables are disaggregated into distinct groups is important for 
imputing caloric intake from FAFH, but owing to the even greater variation in their micronutrient content, 
how these particular food groups are disaggregated is absolutely critical for extending the S–D 
methodology to micronutrient imputation. More generally, the significance of how food groups are 
disaggregated and individual food items defined will depend on the particular country and the types and 
mix of foods consumed. In the specific case of caloric intake from fruits in Bangladesh, because fruits 
make up such a small share of calories consumed and are not a major component of FAFH, the distinction 
is helpful but not crucial. Vegetables, however, are both a major food group and a key component in some 
FAFH recipes. While leafy vegetables make up a small share of calories, vitamin A–rich vegetables and 
other vegetables each contribute a not insignificant share of calories to diets.  

Recognizing that these substantial differences between FG-based and AF-based CPUs and their 
marked variation by nutrient will give rise to substantial differences in the estimated nutrient intakes, 
together with the FG-based CPUs being so much closer to actual CPUs than the AF-based CPUs, 
prompted us to explore the FG-based approach to calculating nutrient intakes from FAFH/CF. 
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Table 3.10 Actual mean cost per nutrient unit (taka/unit), by wealth group 

  Iron (taka/unit) Calcium (taka/unit) Vitamin A (taka/unit) Zinc (taka/unit) 

Indicator 
All 
(n = 

6,503) 

Bottom 
10% (n = 

651) 
Top 10% 
(n = 650) 

All 
(n = 

6,503) 

Bottom 
10% (n = 

651) 

Top 
10% (n 
= 650) 

All 
(n = 

6,503) 

Bottom 
10% (n = 

651) 

Top 
10% (n 
= 650) 

All 
(n = 

6,503) 

Botto
m 10% 

(n = 
651) 

Top 
10% (n 
= 650) 

Cereals 24.6 22.6 28.0 6.2 6.3 6.1 36.3  31.7 28.8 24.6 33.9 
Pulses 10.0 8.5 11.3 1.8 1.5 2.0 26.6 22.9 28.7 16.9 14.5 18.8 
Edible oil 1,778.3 1,755.7 1,807.2 89.6  96.6 0.4  0.5 8,939.7 8,778.3 9,340.9 
All vegetables 39.0 36.1 43.1 1.2 1.0 1.4 4.3 3.7 5.0 80.7 70.9 90.7 
Vitamin A–rich 
vegetables 37.3 31.4 43.0 2.1 1.8 2.2 0.7 0.7 0.8 114.4 103.8 121.8 

Leafy vegetables 14.9 11.7 18.2 0.3 0.3 0.4 0.5 0.3 0.7 60.3 51.4 72.7 
Other vegetables 46.3 44.0 50.9 0.9 0.8 1.0 18.6 14.2 24.1 65.2 60.8 72.1 

Meat 126.8 131.0 129.1 18.8 15.4 20.9 3.2 2.9 3.2 80.9 85.3 80.0 
Eggs 334.2 244.5 466.7 11.6 8.4 16.3 4.4 3.2 6.2 551.9 403.1 771.3 
Milk 1,000.7 903.6 1,048.9 0.3 0.3 0.4 1.2 1.0 1.3 89.7 71.7 118.7 
Vitamin A–rich fruits 1,702.7 595.0 2,730.2 9.0 4.8 12.4 9.5 3.9 13.8 3,707.3 1,436.9 5,954.6 
Other fruits 636.5 419.7 764.4 22.8 16.3 26.9 61.6 48.4 69.1 1,854.6 1,424.2 2,257.2 
Big fish 122.3 102.6 157.5 5.4 4.6 6.5 9.1 7.4 11.5 149.3 124.3 191.7 
Small fish 121.8 106.3 143.6 5.3 4.6 6.4 5.7 4.6 7.4 102.7 86.8 124.2 
Spices 24.1 18.7 31.9 1.5 1.3 1.7 4.7 2.3 7.7 108.7 89.0 132.3 
Other food 3,538.6 3,750.2 3,492.3 35.9 36.2 36.0     1,493.2 1,328.8 1,607.8 

Drinks and beverages 57,562.3 41,025.5 72,655.6 25.9 18.4 32.5 112.9 79.5 146.9 8,940.3 6,031.5 12,285.9 

Source:  Authors’ calculations. 

 



 

29 

Consumption Patterns Imputed with Household-Level Food-Group Cost per Nutrient 
Table 3.11 shows how consumption patterns vary when the caloric content of FAFH/CF is imputed using 
each individual household’s FG-level costs per nutrient. Here we see a large difference in estimates of 
both total calories and the share of calories from FAFH/CF in the total population, as well as across 
wealth groups. Whereas the application of the first five imputation methods resulted in between 2 and 3 
percent additional calories accounted for by FAFH/CF, here the impact is more than fivefold or greater. 
This approach to estimating caloric intake from FAFH/CF adds an additional 341 calories to the average 
caloric estimate overall when the caloric content of FAFH/CF is not included, and there are significant 
differences across wealth groups. For the poorest households, FAFH/CF contributes 6.5 percent of all 
calories and adds 123 calories to the average calories consumed per person. In contrast, among the richest 
households FAFH/CF is much more important, accounting for 23 percent of all calories and adding more 
than 700 calories to the average calories consumed per person. This big jump is primarily driven by high-
calorie snacks—such as biscuits.  

Table 3.11 Calorie consumption shares with FAFH/CF using household-level food-group cost per 
nutrient, by wealth group 
Indicator Mean Bottom 10% Top 10% Difference 
N 6,503 651 650  
HH size 4.2 4.8 3.5  
Calories per person (no FAFH/CF) 2,411 1,725 3,282  
Calories per person (incl. FAFH/CF) 2,753 1,848 4,024  
Difference in calories 341 123 742 341 
% calorie increase 14.15 7.14 22.61 14.15 
Cereals 65.94 76.43 52.90 -23.5 
Pulses 1.33 0.96 1.78 0.8 
Edible oil 7.04 5.51 9.20 3.7 
Vegetables 7.32 7.32 7.13 -0.2 
Meat, eggs, and milk 1.40 0.27 3.09 2.8 
Fruits 0.78 0.32 1.55 1.2 
Fish 2.10 1.17 2.94 1.8 
Other food 2.90 1.52 4.53 3.0 
FAFH/CF 11.17 6.50 16.88 10.4 

Source:  Authors’ calculations. 
Note:  HH = households; FAFH/CF = food away from home/composite food. 

Table 3.12 presents a summary of all six approaches to estimating nutrient intakes from 
FAFH/CF, together with two sets of benchmarks: intakes estimated exclusive of FAFH/CF and intakes 
estimated from another dataset—that collected using the individual-based, 24HR portion of the same 
survey. First, we compare what we will refer to as the geographic, or market-based, approaches: the S–D 
national-level approach together with the district-, village-, and household-based approaches. We see very 
little difference in any of the nutrient intake estimates for any of the five nutrients: the four mean caloric 
intake estimates vary by just 2 calories; the mean iron estimates vary by 0.1 milligram; the mean vitamin 
A estimates vary by 5 micrograms; and the zinc and calcium estimates are identical. It would seem that 
among the four geographic, or market-based, approaches there is little reason to abandon the much less 
data processing–intensive, basic S–D approach.  
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Table 3.12 Total nutrient intake imputations: All nutrients for all imputation approaches compared 
to estimates without accounting for any nutrients from FAFH/CF  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Source: Authors’ calculations. 
Note:  FAFH/CF = food away from home/composite food; kcal = kilocalories; mg = milligrams; μg RAE = micrograms retinol 
activity equivalent. 
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The wealth-group-based imputation approach produces mean-level intake estimates that are very 
similar to the geography-based approaches, and which for four of the five nutrients are the lowest 
estimated mean values. The household-FG-level imputation method generates distinctly different 
estimates: for each of the five nutrients it provides far and away the highest mean nutrient intake 
estimates. Is the household-FG-based method the “best” approach? As we have seen, for most foods or 
food groups it generates CPUs that are closer to actual CPUs than the AF-based approach (but that is 
largely to be expected given the disaggregated level of analysis). Getting to progressively more levels of 
disaggregation, however, involves frequently finding there are fewer and fewer data (and for some 
disaggregations, no data) with which to work—that is, the number of households with no consumption of 
a particular food group or food item increases as the food group or food item gets increasingly granular. 
How legitimate is it to impute food quantities and nutrient intake estimates from the subset of households 
that have some reported purchases of the relevant food group? Unfortunately, this is where our analytical 
foray into this topic ends (due to time constraints). This issue is at the intersection of two sets of complex, 
interrelated HCES topics—the composition of the food list and food away from home—and clearly merits 
more attention and further analysis. It should be a priority of the Interagency Working Group on the 
Measurement of Food Consumption Using Household Consumption and Expenditure Surveys’ agenda to 
develop global guidelines for improving and standardizing HCESs. 

To gauge the public health significance of the differences in the results produced by the 
imputation methods, we analyzed differences in their estimated prevalence of inadequate nutrient intakes 
and in the size of their nutrient intake gaps (that is, the amount by which individuals with inadequate 
intakes fall short of the estimated average requirement, or EAR). Without accounting for any FAFH/CF 
we find more than half of households consume less than the EAR for energy (Figure 3.2). Among those 
with inadequate caloric intake, the average shortfall from the EAR is 17 percent (Figure 3.3). A majority 
of households have inadequate intakes of iron, calcium, and vitamin A, and those gaps range from 50 to 
73 percent of the EAR. The inadequate intake of zinc is slightly more prevalent; 48 percent lack the 
nutrient, although the intake gap is smaller, 20 percent of the EAR.  

Figures 3.2 and 3.3 reveal that for the four geographic-/market-based imputation methods, there 
are only relatively minor differences in the share of individuals with inadequate intakes of any of these 
five nutrients or in the magnitude of intake gaps. Moreover, none of the four approaches results in 
markedly different estimates when compared with the estimates that do not take into account any nutrient 
content derived from FAFH/CF; both the prevalence and magnitude of intake gaps of all five nutrients 
decrease only slightly from their levels calculated without taking into account the nutrient content of 
FAFH/CF.  

The household-based food-group approach accounts for the largest different intake estimates, and 
even it is different only in the cases of energy and zinc, where it varies from the prevalence of inadequate 
intake estimates exclusive of any FAFH/CF nutrient intakes by 20 and 14 percentage points, respectively. 
The inadequate intake gaps of even the household-based FG estimates are very similar to the gaps 
estimated without FAFH/CF considerations: the largest difference in the two sets of estimates is iron’s 5 
percentage points. 

We conclude that while FAFH and CF are commonly consumed in Bangladesh, the relative 
significance of their added nutrient intakes as imputed here, and as measured by their impact on these two 
public health indicators, is not great. This is consistent with the earlier noted finding about FAFH/CF 
constituting a relatively minor proportion of the share of households’ total food expenditures. Other 
things being equal, it is likely that in countries where FAFH is more important the choice of imputation 
method will be more important. 
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Figure 3.2 Prevalence of inadequate nutrient intakes estimated with alternative imputation 
methods, with and without FAFH  

 
Source:  Authors’ calculations. 
Note:  EAR = estimated average requirement; HH = household; FG = food group; FAFH = food away from home; 
 kcal = kilocalories. 

Figure 3.3 Size of the nutrient gap among those with inadequate nutrient intakes estimated with 
alternative imputation methods, with and without FAFH  

 
Source:  Authors’ calculations. 
Note:  EAR = estimated average requirement; HH = household; FG = food group; FAFH = food away from home; kcal = 
kilocalories. 
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4.  DISCUSSION 

How do we sort through the results to identify the “best” imputation method? Is it the household-and-
food-group-based approach, by virtue of its generating CPUs that are closer to actual CPUs than the all-
foods-based estimates (independent of the specific geographic dimension by which they are derived)? Are 
there other relevant criteria? Our lack of knowledge of “true consumption” precludes our being able to 
definitively answer this question. There is another measure to which this approach can be compared. As 
noted earlier, this unique survey also collected data using what nutritionists’ generally regard as the gold 
standard for estimating true consumption, that is, 24HR data. Assuming 24HR provides the best 
estimates, it may be inferred (a priori) that the imputation method that produces 7DR-based estimates that 
are closest to those of 24HR is the best estimate.  

Table 4.1 shows the absolute and relative differences in the estimates derived from each of the six 
imputation methods and the 24HR estimates for each of the five nutrients. In all instances, the 24HR-
based estimates are substantially smaller than the 7DR-based estimates, and in all instances the estimates 
derived from the household-FG-level imputation method are the most different from the 24HR. Where 
does that leave us? 

Table 4.1 Comparing total nutrient intake estimates with alternative approaches to imputing the 
nutrient intakes of FAFH/CF to 24HR-based estimates 
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Table 4.1 Continued 

 

 
Source:  Authors’ calculations. 
Note: FAFH/CF = food away from home/composite food; kcal = kilocalories; mg = milligrams; μg RAE = micrograms retinol 
activity equivalent. 

The 7DR food consumption estimates are likely to be inconsistent with 24HR estimates for a 
number of reasons. The 7DR module captured food consumption in the last seven days, and as Figure 4.1 
shows, required a single household respondent—the female member with primary responsibility for 
preparing and serving food—to recall a substantial amount of information, any component of which may 
have been subject to measurement error. Some of the food purchases reported might not have been 
consumed but instead added to food stocks.  

Another consideration is that 7DR’s much longer recall period is also subject to considerably 
more memory lapse. While the 24HR data are person-specific data, the 7DR data are household-level 
data. The estimated quantity of an individual’s food consumption in the past 24 hours may vary markedly 
from the portion of the household’s total consumption over a seven-day period that is estimated to have 
been consumed by each individual household member, due, for example, to differences in individual 
household members’ tastes or their missing meals due to illness.7 In addition, some of the food reportedly 
consumed by the household in the past week may have actually been wasted, fed to non–household 
members, or fed to animals. While those latter possibilities would all result in 7DR estimates being 
greater than 24HR estimates, most of the other identified possible sources of discrepancies between 24HR 
and 7DR could result in either over- or underestimations of food consumption as captured by 7DR 
compared to 24HR. It is not clear what accounts for the much larger 7DR intake estimations shown in 
Table 4.1. Furthermore, this is particularly puzzling when the 24HR intake estimates can be seen to be 
substantially lower than those 7DR estimates that are exclusive of any consideration of the intakes 
derived from FAFH/CF (Table 4.1). 

                                                      
7 As explained earlier, an individual household member is assigned a portion of all meals consumed within the household 

that is equal to the individual’s share of the household’s total adult male consumption equivalent. 
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Figure 4.1 Seven-day recall questionnaire 

 
Source:  BIHS questionnaire (Ahmed 2013).
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5.  SUMMARY AND CONCLUSION  

A principal source of measurement error when using HCESs to make inferences about food consumption 
and nutrient intakes is the way in which estimates regarding FAFH/CF are collected: generally, no 
information is provided about the quantity of many of the foods consumed away from the home or about 
the ingredients used to make many composite foods. Ignoring FAFH/CF and not attempting to quantify 
those foods’ contribution to food consumption and nutrient intakes results in underestimation of food 
consumption and nutrient intakes, and overestimation of the prevalence of inadequate nutrient intakes, 
including food insecurity, and the size of the nutrient intake gap. The magnitude of these measurement 
errors depends on (among other things) the quantity and composition of FAFH/CF and will vary 
temporally (by HCES round) and spatially (across countries and within a particular country of study).  

Rapid growth in the incidence and magnitude of consumption of FAFH/CF throughout the world 
has spawned an already urgent and still growing need to better understand and better capture information 
about these phenomena. Most HCESs have only begun to attempt to capture FAFH/CF in the last decade, 
and they vary widely in how they do so. Although Smith, Dupriez, and Troubat (2014) conducted a 
systematic review of how different HCESs collect FAFH/CF data, no one has assessed how well the 
alternative approaches work. Whereas researchers in the field generally agree that substantial 
measurement error is associated with the collection of FAFH/CF data, and that it must be addressed 
expeditiously, no understanding exists of the relative strengths and weaknesses of the distinct approaches 
that have been developed to better capture those data, or of the trade-offs they may entail, and there is no 
road map, guidelines, or even a clear vision as to how the measurement of FAFH/CF might be improved. 
This paper has been a modest attempt to begin the process of more systematically addressing this void 
through an empirical exploratory analysis of one country. The exploration has helped elucidate some 
additional considerations, trade-offs, and criteria that are essential to take into account in mapping a way 
forward in addressing this complex and hydra-headed issue. It may well be that the field needs—at least 
at this early juncture in this work—not specific measures or a particularly well-defined, definitive step-
by-step approach, but rather a more general set of guidelines and criteria that can be used—together with 
additional contextual consideration–prompted modifications—to craft a more country-, culture-, and 
nutrition problem–specific approach.  

Twenty years ago, Subramanian and Deaton (1996) developed an imputation method to quantify 
the amount of food prepared and consumed away from home and the ingredients of composite foods for 
which no recipes were available. This paper has identified and conducted sensitivity analysis of 
alternative imputation approaches and shown that estimates of nutrient intake levels from FAFH/CF 
depend on the particular imputation method used. More specifically, it found that approaches that 
introduced the possibility of greater price variability by using alternative subnational geographic areas (or 
markets) resulted in only relatively small differences in the imputed food quantities and nutrient intake 
estimates from those obtained using the traditional, S–D single, nationwide approach. Another alternative 
approach that imputed quantities based on national wealth deciles performed similarly and, in fact, 
resulted in even smaller imputed quantities. These analyses suggest that in Bangladesh, where 87 percent 
of households eat some FAFH/CF (mostly in the form of snacks such as biscuits and chanachur), not 
taking into account FAFH/CF does not greatly distort nutrient intake estimates. Although ignoring 
FAFH/CF does provide an incomplete picture of consumption in most Bangladeshi households and 
thereby overestimates the prevalence of inadequate food consumption, food insecurity, and inadequate 
nutrient intakes, for most Bangladeshi households—and the Bangladeshi population, as a whole—those 
foods are not a very important source of nutrients. We conclude that for these five imputation approaches, 
the magnitude of the overestimation of the prevalence of food insecurity and inadequate nutrient intakes 
that would result from simply not taking into account FAFH/CF is relatively small. The corollary is that 
the choice among the five alternative approaches is largely inconsequential and not important—at least in 
this particular case study. 
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The application of a sixth alternative approach, however, suggests otherwise. It consisted of 
substituting a food-group-based approach for the all-foods-based approach—which was employed in all 
five of the other alternative approaches—and calculating a household-specific average CPU for each food 
group. This approach yielded distinct results with, by far, the largest imputed nutrient intakes from 
FAFH/CF. Although the approach resulted in small differences in the imputed prevalence of inadequate 
intakes of iron, vitamin A, and calcium—varying from the other five approaches’ estimates by an average 
of just 2 percentage points—the differences in zinc and energy were large, 14 and 16 percentage points, 
respectively. These are substantial and public health–relevant differences that give pause for thought and 
merit further consideration. 

The absence of true consumption data has proven to be an insuperable obstacle to reaching 
definitive conclusions or prescriptive recommendations in this study. The much closer concordance of 
food-group CPUs and individual foods’ actual CPUs compared with that of all-food CPUs and actual 
CPUs suggests FG CPUs are the preferred method of imputation. However, the fact that the 24HR 
module—the gold standard methodology—yielded intake estimates that are more different from the FG 
level than any of the other imputation approaches would seem to provide prima facie evidence of its not 
being the “best” among our alternative approaches. This is puzzling: it would be premature to endorse any 
one of the six imputation approaches analyzed here as the preferred approach. There is clearly need for 
further research about the potential effects of other factors using this survey or possibly other data 
sources. Furthermore, the external validity of our results—ambiguous as they are—is unknown; the 
analyses conducted here should be applied in other countries.  

Researchers in this field need a better understanding of the nutritional significance of dietary 
differences and a better understanding of the causes of differences in market prices and household food 
demand.8 Estimating nutrient intake adequacy and inadequacy gaps is an eminently individualized 
phenomenon, requiring the distribution of food and nutritional requirements—and not simply 
populationwide averages.9 The imputation approach, therefore, must be tailored to the specific context 
and population of interest. We need to learn more about how contextual considerations, such as the degree 
of heterogeneity of the diet, affect food prices and the nutritional content of foods in order to determine 
how best to capture significant differences in the nutrient content of food items and food groups so that 
such factors can be better reflected in the composition of HCES food lists and in our methods for 
imputing the nutrient content of FAFH/CF. These are all important parts of the challenge to improve the 
measurement of food consumption using HCESs and suggest that efforts to move this work ahead will 
require, among other things, more local food expertise. 

                                                      
8 A caveat is in order: the implicit assumption born from using foods consumed at home as the underlying foundation of 

estimates of FAFH/CF is that the mix of foods consumed at home is identical to that constituting FAFH/CF, and that those foods’ 
absolute and relative prices, as well as their nutrient contents, are the same. As noted earlier, there is growing evidence from a 
growing number of (mostly highly developed) countries that suggests this may not be a reasonable assumption. Indeed, 
Subramanian and Deaton (1996) noted this in their original work, and others (for example, Tandon and Landes 2011) have 
undertaken sensitivity analyses assuming alternative differentials in the prices of FAFH/CF and other (nonprocessed) foods. 

9 “Individualized” here may refer to either individual households or individual persons. 
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