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the demand for food
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Abstract

Cash transfers have become a key policy tool to protect vulnerable populations from

malnutrition. Ample evidence shows these programs to have positive impacts on nominal

food consumption expenditure. However, with rising food prices, nominal impacts might

systematically di�er from real impacts. We analyze the e�ects of Kenya's Hunger Safety

Net Program on food demand during a drastic price shock. We �nd that the impact on

nominal food expenditures overstates the impact measured at constant prices. Two factors

explain this result: Firstly, households spend most of the transfer on food irrespective of

prices, thus increasing losses due to the price shock in absolute terms. Secondly, shifting

expenditure towards food categories more strongly a�ected by the price shock leads to

disproportional real losses among treated households. Structural changes in demand asso-

ciated with transfer modalities account for up to half of the loss in real food expenditures

compared to control households.
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1 Introduction

Despite the ambitious goals set by the international community, globally hunger has been on

the rise again in the recent past.1 In many countries, peaking food prices have contributed to

increased food insecurity and the frequency in which price shocks threaten households' welfare

remains remarkably high. In Kenya, the focus of this study, large rises in food prices were

by far the most commonly experienced shock reported in nationally representative surveys in

2005 and 2015, a�ecting 30.1% of the population in the latter survey (KNBS, 2018, 2007).

Cash transfer programs have become the main social assistance tool to protect vulnerable

households against malnutrition. A considerable evidence base on cash transfers from around

the world shows these programs to have positive program impacts on food consumption expen-

ditures (for an overview see for example Bastagli et al., 2016). By default, these studies focus

on consumption expenditures measured at nominal prices. However, with rising food prices,

nominal impacts might systematically di�er from real impacts in the presence of non-uniform

price increases. For the design of cash transfers, a particularly important but little-addressed

question is how transfer payments and modalities a�ect households' adaptation to food price

shocks. Two e�ect channels need to be considered: First, the income e�ect of transfer pay-

ments, which moves households along the food Engel curve changing demanded foods, and

second, the transfer delivery modality, which may structurally change households' decision-

making on food expenses, for example by empowering certain household members (Angelucci

and Attanasio, 2013; Attanasio and Lechene, 2014).

In this paper, we analyze the e�ect of Kenya's Hunger Safety Net Program on the demand

for food during a sudden increase in food prices. First, we estimate treatment e�ects and

disaggregate them based on the intensity of the price shock households were exposed to. We

�nd that the impact on nominal food expenditures overstates the impact measured at constant

prices. To cast light on the underlying mechanisms, we decompose households' demand for

foods. Two factors explain the result: First, treated household spent more on food regardless

of prices leading to larger losses in absolute terms and secondly, program related changes in

the demand for food led to disproportionally larger losses. Whether bene�ts were targeted

at the household level primarily to women or to individuals over 55 had implications for the

1SDG progress report 2018 and 2019. https://unstats.un.org/sdgs/report/2018/overview/ access January
2019)
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vulnerability to the price shock. Under the household targeting modality, structural changes

in the demand account for half of the loss in real food expenditures compared to control

households.

Empirical investigations of cash transfers' e�ects on coping with food price shocks are

rare as they require data with su�cient variation in food prices to compare program e�ects at

di�erent price levels. In most cases, evaluation data are collected within a relatively short time

period of few months at maximum precisely to ensure that conditions of all households were

comparable. Secondary data sources, in contrast, complicate the identi�cation of program

impacts. For Zambia's Child Grant program, Lawlor et al. (2019) report signi�cant positive

program impacts on food expenditures after price and agricultural shocks concluding that the

program increased households' resilience to shocks. However, while the value of expenditures

increases, the composition of the food basket might also have changed which could have

implications for the real value of foods consumed. For example, in Mexico Hou (2010) analyzes

changes in households' food consumption after a drought and tests the role of the Progresa

cash transfer program on households' responses. The author �nds that drought decreased

the value of food expenditures but not of calories as households shifted their diets towards

cheaper staple goods. While the Progresa program had a positive impact on the value of

food expenditures after the drought, the e�ect on calories was not statistically signi�cant.

Similarly, using data of an unconditional cash transfer experiment in Kenya, Almas et al. (2019)

�nd that bene�ciary households consume more expensive calories as shown by consistently

lower nutrition elasticities than expenditure elasticities with respect to income. Dietrich and

Schmerzeck (2019) use the HSNP data to analyze the role of local market isolation on the

program impacts on the satisfaction of micro-nutrient requirements after a drought. While the

program had a positive impact on food expenditures on average, in more isolated communities

food prices increased stronger after the drought which attenuated the purchasing power of

transfers and nulli�ed program impacts on the satisfaction of micro-nutrient requirements.

Another branch of papers uses ex ante predictions to compare the welfare e�ect of food

prices. Attanasio et al. (2013) estimate a demand system based on the Progresa/Oportunidades

evaluation data in Mexico, which they use to predict the welfare impacts of food price changes.

Based on their model, the authors predict that a cash transfer intervention would be a better

tool compared to subsidies in mitigating the large adverse welfare e�ects of price increases.
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In Lesotho, Prifti et al. (2017) estimate the income necessary to compensate for the welfare

loss due to increasing food prices with the o�cial impact evaluation data of the Lesotho Child

Grant. However, none of these studies accounts for transformative program e�ects on the

demand for food. Yet, several studies suggest that cash transfers do not only shift households

along food Engel curves, but may also change demands structurally. For example, Angelucci

and Attanasio (2013) compare predictions of a demand system with actual program impacts of

Progresa/Oportunidades indicating a mismatch generated through the program targeting to

women within households. Similarly in Kenya, Team (2012) predict the impacts of increased

disposable incomes through cash transfers based on a unitary household model, which does

not accurately explain actual program impacts.

This study uses the o�cial HSNP impact evaluation data including three survey waves

administered between 2009 and 2012. In the analysis we explore the experimental evaluation

of the program during a period characterized by substantial �uctuations of food prices and

the randomization of di�erent targeting mechanisms on the individual and household level.

In the �rst step, we estimate the program impacts on food consumption outcomes measured

in nominal and real values with di�erence-in-di�erence models. To understand the underlying

mechanisms that explain the impact evaluation results, we model households' responses to

food price changes with a demand system and decompose the program impact into an income

e�ect and a transformative e�ect that cannot be explained by increased incomes.

To quantify structural changes in households' demand for food, we follow a collective

model approach where household choices are assumed to be the result of a Pareto e�cient

compromise between household members.2 In the analysis, we are not interested in quantifying

the intra-household sharing rules, but use the collective model as a means to decompose the

income and transformative program e�ects on the demand for foods. To identify marginal

changes in households' sharing rules, we explore the randomization of cash transfers and the

randomization of di�erent program targeting mechanisms primarily targeted to women or

elderly household members.

2Collective models are generally used to model intra-household decision making processes with household
level data. Individual level welfare assessments in a developing country context include for example the esti-
mation of intra-household inequality and the prevalence of child poverty rates (Dunbar et al., 2013; Bargain
et al., 2017). In the context of CTs, Attanasio and Lechene (2014) model food demand responses to Pro-
gresa/Oportunidades with a collective and a unitary model rejecting the collective rationality assumption
inherent to the unitary household model and �nding support for the e�ciency of household responses to cash
transfers.
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Therefore, our analysis also touches on the literature on the e�ects of targeting transfers

to speci�c household members. We regard this as an empirical question where the e�ect

direction is unclear ex ante. On the one hand, cash transfers targeted to speci�c household

members can increase their control over household resources (Almas et al., 2018) and in the

case of bene�ts targeted to women, increases in empowerment have been found to positively

a�ect households' calorie availability and food diversity in several contexts (e.g. Malapit and

Quisumbing (2015); Sraboni et al. (2014)). On the other hand, while targeting cash transfers

to women in the household aims to increase their resource control, in practice other household

members may take over control over these resources or reallocate other resources. Based on

BRAC evaluation data in Bangladesh, Roy et al. (2015) �nd that targeting livestock transfers

to women increased their control over these assets. However, the authors �nd that the program

even reduced women's overall intra-household bargaining position relative to men's.

Our paper makes several contributions to the literature. First, because of the staggered

data collection we have the rare opportunity to analyze program impacts at di�erent food price

levels and to compare impacts measured in nominal and constant pre-shock prices. Second,

during the pilot stage the program and design options targeting di�erent household members

were randomized, which allows us to clearly identify and to decompose program impacts on

the demand for food. Third, we provide a detailed analysis of the underlying mechanisms

explaining the impact evaluation results and show how program related structural changes in

the demand for food a�ected key goals of the intervention, which -to our knowledge- has not

been tested before. Fourth, while our explanations are based on model predictions, we can

draw from a second follow-up survey wave to cross-validate the accuracy of our predictions.

Fifth, based on the model parameters we can simulate the e�ect of di�erent price shocks and

assess the extent to which cash transfers increase the resilience to food price shocks, a major

impediment to food security in many developing countries.

The remainder of the paper is organized as follows: in the next section we describe the

HSNP program, the impact evaluation data and the price shock followed by a discussion of the

methodological approach to estimate the program impacts and a discussion of the results in

section 3. In section 4, we explore the e�ect mechanisms using a structural demand system. In

section 5 we present some limitations to our research and robustness checks carried through,

and section 6 concludes.
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2 Context

The Kenya Hunger Safety Net Programme (HSNP) is an unconditional cash transfer explicitly

intended to reduce malnutrition, as well as poverty and food insecurity and to promote asset

retention and accumulation. It started in 2010 and is still in operation today, serving 243,734

households as of May 2019.3 It covers the counties of Mandera, Marsabit, Turkana and Wajir

in the north of Kenya, which are particularly arid and vulnerable to drought. In 2005/06, 85%

of the counties' population was estimated to live below the national poverty line (National

Drought Management Authority, 2017). We focus on the pilot phase of the HSNP, which

took place between 2010 and 2012. Initially, a bi-monthly transfer of KES 2150 (equaling 12%

of the average bene�ciary household's consumption expenditure) was granted to bene�ciary

households, which increased to KES 3500 in 2012.4

The pilot phase was evaluated by Oxford Policy Management (see Merttens et al. (2013)

for the �nal evaluation report). In each of the four districts 12 sub-locations were randomly

selected to form part of the study. Within each district, sub-locations were sorted according to

population densities and matched in pairs. After the baseline survey and after the targeting

was carried out, one sub-location of each pair was assigned the treatment while the other

entered the program after the evaluation was completed. There are several distinctive features

of the evaluation design for our study. The roll-out of the pilot phase was staggered over the

year and each month four new sub-locations entered the program. Two follow-up surveys were

conducted every 12 months after the baseline providing information on control and treatment

households in the research region over a period of 36 months.5 Additionally, three di�erent tar-

geting mechanisms were randomly assigned and tested including community and dependency

ratio based targeting on the household level as well as a social pension based approach on

the individual level. The three targeting mechanisms selected households with largely similar

characteristics. Where community based targeting was used, communities were called upon

to identify the poorest households to receive the transfer, with a cap of 50% of all households.

Where dependency ratios were used, households were selected if the proportion of members

3See www.hsnp.or.ke for up-to-date statistics on the program.
4According to the o�cial evaluation report transfers were increased to KES 3000 in September/October

2011 and to KES 3500 in March/April 2012. In July/August 2011 transfers were doubled once-o� during the
drought (Merttens et al., 2013).

5In several cases the follow-ups were not conducted exactly 12 months after baseline. See Merttens et al.
(2013) for more information.
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under 18 or over 55 exceeded a certain number. In the social pension targeting mechanism,

all individuals over 55 were eligible for the cash transfer. In the former two targeting mecha-

nisms, 81.9% and 73.7% of registered bene�ciaries were women, even though targeting women

was not an explicit program priority. Social pensions were granted individually to about as

many women as men. Thus, while the household level targeting measures may have increased

the bargaining power of women in the households, one of the program outcomes reported by

Merttens et al. (2013), the social pension targeting may have a�ected the bargaining power

of elderly household members. As the social pension modality was targeted at the individual

level, more than one household members could qualify for the transfer, leading to some house-

holds receiving multiple payments. About a quarter of households under the social pension

targeting modality had two members above 55 in the baseline survey.

Data

The baseline survey was administered between August 2009 and November 2010 and the

�rst follow up (FU1) survey was completed by the end of 2011 including 4634 households

interviewed in both baseline and FU1, of which 2865 were eligible for HSNP payments.6

Our �nal estimation sample includes 2819 households, for which all control variables used in

the main regression models were available for both baseline and the �rst follow up period. For

the follow up 2 (FU2) survey in 2012, the program administration decided to (non-randomly)

reduce the number of sub-locations by four pairs to 40 impairing the identi�cation of program

impacts. Because of that and the price shock mainly occurring in the �rst two years, we only

use the FU2 data to validate our structural model. However, we report the impact evaluation

results for FU2 in the Annex. Among eligible households, sample attrition amounted to 8% in

FU1 and to 6% in FU2 and we �nd no systematic di�erence in attrition rates between control

and treatment households. A more detailed attrition analysis is presented in Annex D.

Summary Statistics

In table 1 we present summary statistics of our sample before the program implementation.

Eligible households in the program area tended to be numerous and young, with almost half

of their members below 15. Less than 10% of household heads were literate and 22% had

6The data collection also included non-eligible households in control and treatment regions. In the main
analysis we focus on eligible households.
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a member in gainful employment. Two thirds of households reported having spent entire

days without eating throughout the 12 months before the interview, indicating a widespread

food deprivation problem. As is to be expected in the north of Kenya, about three quarters

of households kept livestock and only 13% engaged in farming. The tropical livestock units

(TLUs) give an idea of the importance of livestock-holding in the context by aggregating

the animals owned by a household into one measure on the basis of their body weight. We

calculate TLUs based on the SSA-speci�c factors provided by Chilonda and Otte (2006),

according to which cattle are assigned a weight of 0.5, sheep and goats 0.1 and chicken 0.01.

Thus assessed, the average household herded the equivalent of about 9 cows or 46 goats. About

9% of households were fully nomadic. To account for changing vegetation conditions, we follow

Kenya's Drought Management Authority in using the Vegetation Condition Index (V CI) as

an indicator approximating the exposure to agricultural droughts (see Klisch and Atzberger,

2016, for details). We use the VCI score of the 30 days preceding the day of the interview

on the cluster level, which is the lowest geographic level for which we can match the data.

As surveys were conducted throughout the year, we observe broad variation in VCI scores.

In the baseline, VCI scores range from values below 10 to almost the maximum score of 100,

where values below 10 indicate the presence of an extreme drought. On average, households

experienced normal vegetation conditions (VCI above 35) at baseline, but in FU1 more than

half of the households su�ered a severe drought in the month before the interview and about

a quarter of them an extreme drought.

The randomization process ensured broad balance between households in treatment and

control regions. Households eligible for HSNP under the social pension targeting mechanism

are similar to the others except for their age structure. This is to be expected given that

only those with members aged 55 or older were eligible under social pension targeting. On

average, there were 2.17 children in households eligible for social pensions, as compared to

2.94 in others.
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Table 1: Summary statistics of eligible households at baseline
Mean p-value

T-C

p-value

ind. - hh targeting

Household size 5.69

(0.11) 0.06 0.38

Household head is literate 0.09

(0.01) 0.39 0.29

Number of children (up to 14) 2.62

(0.11) 0.25 0.00

Number of people over 55 0.71

(0.05) 0.86 0.00

Household herds livestock 0.76

(0.04) 0.31 0.25

Tropical livestock units 4.59

(0.54) 0.62 0.07

Household farms land 0.13

(0.03) 0.61 0.99

VCI score last 30 days 35.76

(3.1) 0.98 0.21

Household has an employed member 0.22

(0.03) 0.67 0.4

Household is fully nomadic 0.08

(0.02) 0.97 0.37

Household starving last year 0.67

(0.04) 0.51 0.57

VCI score last 30 days 35.95

(3.11) 0.99 0.21

Standard errors in parentheses, clustered at the level of randomization. N = 2819.

T=treated, C=control, ind=social pension targeting and hh=household level targeting

(dependency ratio or community based)

Food Groups & Prices

We aggregate the food items reported in the questionnaire into seven food groups. Apart from

data availability, priorities in their construction included nutritional similarity and correlation

in prices. In table 2 we present summary statistics of food consumption at baseline. The

reported total worth of food consumed in eligible households averaged 405 KES per adult

equivalent per week. About 60% of this was purchased, about a quarter was obtained from

food aid and gifts, and 12% was produced by the household itself.

Among food expenditures, which our research focuses on, 44% was allocated to tea and

snacks, which are hard to obtain from other sources. 23% were allocated to cereals. The least

important purchase category was meat, which is self-produced by many households in the

research region. The remaining 33% of expenditures were relatively equally divided between
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fruits, vegetables & other plants, milk and oil & spices.

Our research focuses on food expenditures because they are households' most important

instrument in the short-term response to food price shocks. Households are unlikely to antic-

ipate price shocks when taking production decisions. As concerns overall food consumption

(not reported), more than a quarter consists of the main staple, maize, and about a third

comes from cereals overall. In terms of calories, cereals provide more than half of total house-

hold availability. The second-most important food category in monetary terms is that of tea,

sugar (near-universally consumed) and other snacks. As might be expected, the category's

importance is much less pronounced in caloric terms.

Food prices in Kenya reached record levels in mid 2011, more than doubling in less than

half a year on many markets. The main reason for this food price shock is seen in three

consecutive seasons of extremely bad rainfalls in Eastern Africa. It was compounded by a

climate of rising prices on international food markets. Pastoral areas, like the counties HSNP

is operating in, were hit particularly severely by the price shock because of poor market

integration and food-feed competition, which increases cereal demand (KFSSG, 2011). To

measure the extent to which a household was a�ected by price changes, we calculate the

percentage change in the value of a household's baseline food basket at baseline and follow-

up prices ( H =
blconsfupr−blconsblpr

blconsblpr
, where blconsblpr is the baseline consumption bundle in

nominal prices and blconsfupr is the baseline consumption bundle in the prices of the follow

up period). On average, prices for the baseline food basket increased by 44% in follow-up 1,

but there was considerable variation depending on the timing of the interview. Price changes

were balanced between treatment and control regions (see table 2).

In the analysis we report food group prices as stone prices, de�ned for each community

as the median price per kilogram of the group's food items, weighted by local consumption

preferences (Moschini, 1995). If less than 3 households reported consumption of a food item in

a community, cluster-level or, failing which, survey-wide median prices were used. To control

for outliers, we ignore kilo prices over 10000 KES and replace quantities and prices by median

values for items two standard deviations from the median. The development of stone prices

in our sample over time, along with the nominal value of baseline food expenditure, is plotted

in �gure 1. The vertical red lines demarcate the end of the baseline and FU1 wave. The

stone price developments clearly show the steep increase in prices within a few months. These
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Table 2: Summary statistics of eligible households at baseline
Mean p-value

T-C

p-value

ind. - hh targeting

Total food consumption (KES) 405.92

(12.96) 0.92 0.61

Food expenditure (KES) 239.52

(20.14) 0.72 0.86

Own production (KES) 49.2

(5.35) 0.68 0.29

Food aid (KES) 84.32

(9.05) 0.33 0.8

Gifts (KES) 25.21

(5.03) 0.97 0.92

Barter (KES) 7.68

(1.96) 0.32 0.7

% Maize 0.15

(0.02) 0.91 0.99

% Meat 0.04

(0.01) 0.57 0.87

% Milk 0.10

(0.01) 0.19 0.47

% Oil and spices 0.09

(0.01) 0.51 0.11

% Other cereals 0.08

(0.01) 0.88 0.97

% Fruits, vegetables, etc. 0.09

(0.01) 0.73 0.44

% Tea and snacks 0.44

(0.02) 0.96 0.33

Price change FU1 (1=100%) 0.44

(0.05) 0.83 0.72

Price change FU2 (1=100%) 0.66

(0.05) 0.31 0.59

Standard errors in parentheses, clustered at the level of randomization. Percentages of food

expenditure reported. N = 2819. T=treated, C=control, ind=social pension targeting and

hh=household level targeting (dependency ratio or community based)

s
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developments are consistent with changes in wholesale prices in Nairobi during the research

period that we calculated with monthly WFP price data (see Annex A). An exception to this

rule is constituted by milk prices in follow up 1, which fell in Nairobi while reaching record

highs in our research area. We assume this to be explained by the pastoralist research area

being traditionally self-reliant on milk and thus lacking an established market integration for

milk. This renders it particularly vulnerable to the e�ects of synchronous livestock losses in

droughts. The coe�cient of correlation between the purchase price of milk and the value of

own-production is by far the most elevated one of all food groups with a value of -0.24. The

depiction of the value of baseline food purchases over time shows a marked increase in the

nominal value. In addition, it suggests a seasonal pattern, with food expenditure compressing

at the beginning of the year and rising continuously until the year's end.

Figure 1: Stone price development since program evaluation start

Note: Full sample of eligible and non-eligible households used. Local mean smoothing used to

�t price developments. Vertical red lines indicate the survey periods. 95% con�dence intervals

shown.
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3 HSNP Impact on Food Consumption

To measure program impacts, we explore the randomization of the program and the panel

structure of the data using a di�erence-in-di�erence approach. The main identi�cation as-

sumption is that the area of residence is independent of changes in our outcomes of interest

conditional on observed di�erences between eligible households in control and treatment clus-

ters. This implies that changes in outcomes would have been the same for eligible households

in control and treatment areas in the absence of the program. Given that we observe outcomes

before and after the program implementation, we can allow for unobserved di�erences as long

as these are assumed to be time invariant. We estimate the Average Intention to Treat (AIT)

e�ects on eligible households using a di�erence-in-di�erence model including the treatment

status T of the household and the survey wave t.7 As the probability distributions seems

unlikely to be normal for food consumption expenditures, we decided to use a generalized

linear models with a log link function similar to Dietrich and Schmerzeck (2019) to estimate

the impacts on consumption expenditure outcomes:

E(y) = g−1(βX) (1)

X =


1 T1 t1 T1 ∗ t1
...

...
...

...

1 Tn tn Tn ∗ tn

 (2)

To analyze changes in household responses to rising food prices we test for heterogeneous

program impacts by the level of food price changes and by the type of targeting modality.

Therefore, we estimate triple interaction models to analyze if program impacts changed de-

pending on these two aspects H. Thus, we expand the matrix X of key variables as follows:

X =


1 T1 t1 T1 ∗ t1 H1 H1 ∗ t1 T1 ∗ t1 ∗H1

...
...

...
...

...
...

...

1 Tn tn Tn ∗ tn Hn Hn ∗ tn Tn ∗ tn ∗Hn

 (3)

In all models, we additionally include a vector of control variables comprising the demo-

graphic composition of the household, county and month �xed e�ects. As outcome variables,

7Program take-up among the eligible households was almost universal.
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we consider the variables of tables 1 and 2. We present the impacts on outcomes valued at

nominal prices and valued at baseline prices. This allows us to assess the di�erence between

impacts in nominal and real terms. We cluster standard errors at the level of randomization

and follow the o�cial evaluation report in using inverse probability weights to account for

attrition.

Results

The AIT estimates are presented in table 3. To facilitate the interpretation, we only present

the predicted marginal e�ect of the HSNP program following formula 1 and 3. In model

(1), we present the AIT e�ects. Treated households reported higher food consumption levels

than control households, but the estimated di�erence is not statistically signi�cant regardless

of whether we measure consumption in nominal or at constant prices. However, we �nd a

statistically signi�cant increase in food expenditure with the program. On average, treated

households spent about 90 KES per adult equivalent and week more on food than control

households. This is close to the transfer value per adult equivalent and week, which suggests

most of the transfer was spent on food. As expected, the estimated e�ect is lower if we value

food purchases at baseline prices, but the e�ect remains statistically signi�cant. We observe

no signi�cant program impacts on own production of food, gifts, or food consumed from other

sources. The second statistically signi�cant e�ect we �nd is on the share of maize on food

consumption that we use as a proxy measure for food diversity. The estimates suggest that

treated households spent a 7 percentage point (pp) smaller share on maize compared to control

households, which is quite substantial, given that maize accounted for a quarter of total food

consumption at baseline.

In model (2), we present the program impacts at di�erent levels of food price increases.

We predict the marginal impact of the program for an increase of 20%, 50% and 80% of the

baseline food basket valued at FU1 prices.8 The incidence of price shocks on the treatment

e�ect is not uniform. For example, while the positive treatment e�ect on food expenditure

measured in nominal prices remains stable regardless of the price shock level, when valued at

constant baseline prices, the e�ect plunges in magnitude the higher the price shock leading

8The values are selected to approximately represent terciles whereby 80% re�ects the median of the highest
tercile. We use linear interaction e�ects as more �exible model did not suggest signi�cant non-linearities in
the coe�cients.
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to a gap of 30KES between the nominal and real impact for a price increase of 80%. This

di�erence between nominal and real food expenditures with the treatment is signi�cant at

the 10% level.9 An insight into the workings of this e�ect might be provided by the impact

estimates on the share of maize in consumption: While the e�ect of HSNP is estimated to

reduce the dependency on maize by 5pp at a price shock of 20%, it more than doubles to an

estimate of 11pp at a price increase of 80%. The change in the impact on the maize share is

statistically signi�cant at the 5% level.

With model (3), we show the impact estimates depending on whether the targeting was

at the household level (community or dependency ratio based) or the individual level (social

pension). We observe signi�cantly larger food consumption levels for the individual target-

ing but not for the household targeting.10 However, once food consumption is measured at

baseline prices, the e�ect disappears. The increase in consumption is driven by food pur-

chases, and for both targeting modalities we �nd a positive program impact in the vicinity of

90KES. The slightly larger e�ect for the individual targeting modality could be explained by

bene�ciary households' smaller size and by about a quarter of households being eligible for a

double transfers due to having two elderly members. However, the e�ect in real terms drops

signi�cantly (5% signi�cance level) for the social pension targeting, but remains similar in size

for the household targeting. In addition, the negative impact on the maize share was larger

if transfers were targeted at the household level. This suggests that under social pension tar-

geting households purchased foods that were more strongly a�ected by price increases which

attenuated real impacts, while under the household targeting, the drop in real impacts was

less pronounced. Why did the increase in purchased food under the household targeting not

translate into increased food consumption? The impact estimates on food sourced from gifts,

aid, and barter are not or only modestly signi�cant, but the signs are negative, which could

indicate a crowding out e�ect of transfers targeted at the household level on food from other

sources. Low statistical power could explain why we don't �nd statistically signi�cant e�ects.

In Annex M we provide a table showing the minimum detectable e�ect sizes, suggesting that

the coe�cients on gifts, aid and barter are indeed to small to be detected with statistical

signi�cance in the analysis.11

9The di�erence between nominal and real food expenditures as share of food expenditures is 6 percentage
points higher for treated compared to control households (not presented).

10If we further separate between community and dependency ratio targeting, we �nd no di�erences
11The impact is not statistically signi�cant if we aggregate gifts, aid and barter.
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Table 3: AIT e�ects on food consumption
Average E�ect (1)E�ect by price increase (2)E�ect by targeting (3)

20% 50% 80% hh ind

Total food consumption (nominal) 37.84 37.58 36.24 34.89 19.74 104.81*

(35) (33.24) (32.83) (36.64) (42.65) (48.62)

Total food consumption (real) 38.82 30.57 33.5 36.14 46.7 12.32

(26.05) (26.15) (24.57) (26) (31.98) (33.12)

Food expenditure (nominal) 93.96* 89.3* 85.8* 82.42* 88.44* 97.45+

(39.85) (44.27) (37.38) (39.04) (44.14) (58.72)

Food expenditure (real) 73.82* 70.97* 62.15* 54.29+ 78.18+ 36.17

(33.43) (35.93) (31.58) (32.92) (40.23) (46.42)

Non-purchased foods (nominal) -38.66 -23.69 -39.52 -58.62 -36.84 -12.49

(32.62) (28.21) (31.67) (41.48) (41.35) (54.1)

Non-purchased foods (real) -24.73 -19.24 -25.94 -33.15 -12.72 -36.94

(24.75) (23.83) (25.01) (29.51) (28.94) (42.08)

Own production (nominal) -7.86 -7.93 -7.84 -7.75 -5.45 -3.66

(10.68) (10.48) (11.1) (12.47) (10.6) (22.41)

Own production (real) -4.7 -5.02 -4.38 -3.78 -1.17 -7.27

(8.32) (8.36) (8.61) (9.38) (8.36) (17.29)

Food aid (nominal) -19.38 -14.23 -19.94 -27.38 -8.64 -23.33

(22.25) (18.8) (22.07) (30.53) (26.49) (36.41)

Food aid (real) -13.82 -12.34 -14.3 -16.55 0 -33.16

(16.65) (15.72) (16.97) (21.11) (18.73) (27.25)

Gifts (nominal) -6.75 -2.98 -7.73 -12.6 -17.74 30.97

(10.88) (12.15) (9.91) (9.13) (12.96) (19.78)

Gifts (real) -4.91 -3.34 -5.46 -7.46 -12.92 19.24

(8.77) (10.15) (8.12) (7.15) (10.57) (15.83)

Barter (nominal) -2.72 -4.1 -2.43+ -1.34 -4.57+ 0.72

(1.82) (3.42) (1.46) (1.09) (2.75) (2.02)

Barter (real) -1.12 -1.63 -1.02 -0.6 -1.69 0.05

(0.89) (1.29) (0.74) (0.65) (1.25) (1.39)

Maize share -0.07* -0.05+ -0.08* -0.11* -0.08+ -0.03

(0.03) (0.03) (0.03) (0.04) (0.04) (0.05)

Notes: +, *, ** denote signi�cance at 10%, 5% and 1% level. Standard errors in parentheses. Standard errors

clustered at the level of randomization. All regressions include variables controlling for VCI scores, nomadic

households, household size, month and county �xed e�ects. N = 5626. Real refers to variables valued at constant

baseline prices.

Next we disaggregate purchased foods and estimate the program impacts on each of the

seven food categories. Except expenditures on maize, all sub-categories are positively associ-

ated with the program. Treatment e�ects were statistically signi�cant for 4 out of 7 categories

when evaluated in nominal terms. Decomposing the treatment e�ect by the level of price

increase, we observe program impacts to increase with price changes for most food categories

with maize being an exception. We observe the largest positive increase in the program impact

with rising prices on other cereals, which suggests substitution e�ects of cereals. Disaggregat-
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ing by type of targeting modality suggests that the reduction in maize expenditures is more

pronounced under household targeting, which was accompanied by increases in all categories

except tea & snacks. For the social pension targeting, we �nd a modest positive e�ect on ex-

penditure for tea & snacks and oil & spices. This implies that under the household targeting

the program increased expenditures on food categories that seem to be more relevant for a

nutritious diet compared with the social pension targeting.

The impact evaluation results imply that the program led to higher food diversity as

prices increased, but that this came at the cost of a decreasing impact on the quantity of

real foods purchased. One interpretation of this result could be that food price shocks force

control households to increase the staple share to maintain a su�cient caloric availability,

while HSNP bene�ciaries use their transfer to maintain a diversi�ed diet. However, the type

of targeting seems to have unfolded di�erent dynamics, which remain hidden in the average

treatment e�ects. The impact evaluation results do not allow us to analyze whether this

is driven by program related changes in the demand for food or whether it is explained by

inherent di�erences in households selected through the targeting modalities. To understand

the underlying mechanisms, we analyze households' responses to price changes to explain

program e�ects on the demand for food in the next section.
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Table 4: AIT e�ects on food expenditures
Average E�ect (1)E�ect by price increase (2)E�ect by targeting (3)

20% 50% 80% hh ind

Maize (nominal) -25.83+ -13.23 -29.14* -46.76* -35.52+ 12.49

(14.67) (10.32) (13.74) (19.66) (19.88) (23.03)

Maize (real) -13.38 -10.03 -17.47+ -24.31* -10.59 -12.5

(9.21) (8.31) (9.4) (11.43) (10.34) (16.62)

Meat (nominal) 16.05 14.31 17.89 20.7 24.14 -5.15

(15.24) (17.46) (15.21) (14.47) (14.97) (29.12)

Meat (real) 16.28 14.88 17.86 20.2 23.13+ -7.17

(12.43) (13.93) (12.61) (12.42) (13.17) (20.25)

Milk (nominal) 20.15 17.46 18.25 18.71 22.51 9.10

(14.96) (16.4) (13.86) (12.77) (17.97) (15.69)

Milk (real) 18.79 14.27 16.92 18.66 22.88 -0.03

(16.33) (17.76) (15.05) (14.05) (20.39) (13.61)

Oil & spices (nominal) 8.3* 7.65* 8.31* 8.98* 4.06 18.42**

(3.58) (3.86) (3.52) (3.93) (4.01) (5.41)

Oil & spices (real) 3.67 3.23 3.31 3.39 2.50 5.74

(2.97) (3.33) (2.89) (2.81) (3.68) (4.37)

Other cereals (nominal) 21.94* 17.44 24.49* 31.47** 23.1+ 17.56

(10.57) (11.14) (9.85) (9.73) (12.08) (11.72)

Other cereals (real) 14.72+ 12.95 15.7* 18.24* 15.79+ 11.05

(7.76) (8.21) (7.42) (7.43) (8.89) (9.17)

Fruits, vegetables, roots & tubers (nominal) 21.66* 19.18* 21.93* 24.59* 20.82* 24.79

(9.34) (9.41) (9.03) (10.46) (9.26) (15.67)

Fruits, vegetables, roots & tubers (real) 16.28+ 11.68 16.96+ 21.76* 15.93+ 17.41

(9.09) (9.2) (8.95) (10.17) (8.66) (16.36)

Tea & snacks (nominal) 8.51 13.22 7.50 1.41 -1.90 40.54+

(15.14) (13.73) (14.47) (16.13) (18.17) (23.63)

Tea & snacks (real) 7.90 12.53 4.77 -2.72 2.15 19.33

(11.38) (11.74) (10.95) (11.24) (14.85) (16.58)

Notes: +, *, ** denote signi�cance at 10%, 5% and 1% level. Standard errors in parentheses. Standard errors

clustered at the level of randomization. All regressions include variables controlling for VCI scores, nomadic

households, household size, month and county �xed e�ects. N = 5626. Real refers to variables valued at constant

baseline prices.

4 E�ect mechanisms: changing demand for foods?

To understand responses of control and treatment households to increasing prices, we model

their demand for food. With the model we aim to explain why and how program impacts

on real food expenditures changed with rising prices and we decompose changes in the pro-

gram impacts into an income e�ect and structural changes in demands. We focus on food

expenditures and disregard non-food goods, because the former make up the lion share of con-

sumption expenditure in our sample and because expenditures on most non-food goods are
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very unsmooth and less reliable. In addition, we focus on purchased foods and do not model

home production or food aid. Households' responses to food price shocks are mainly deter-

mined by expenditures as households are unlikely to anticipate price shocks when production

decisions are taken.12 A collective model provides the basis of our analysis of households' food

demand and we refer to Annex E for a more detailed description of the underlying frame-

work. The distinctive advantage over a unitary household model is the �exibility that allows

us to separate income e�ects from marginal changes in the intra-household bargaining pro-

cesses generated by di�erent program targeting modalities, which we refer to as non-income

or transformative e�ects of the program. If correctly speci�ed, transformative e�ects on the

demand are explained by the distribution factors that capture changes in the demand that

cannot be explained by increases in the disposable household income.

Model speci�cation

We model the demand for foods with a two-stage budgeting procedure. In the �rst stage, it is

assumed that households allocate resources to food and non-food goods. In the second stage,

food expenditures are allocated to food categories. To be consistent with a complete demand

system, household preferences need to be (weakly) separable. This is a strong, but frequently

made assumption in a developing country context (Attanasio et al., 2013; Nzuma and Sarker,

2010; Ecker and Qaim, 2011). However as explained earlier, food expenditures constitute by

far the main share of total expenses in the research region. On average, 80% is spent on foods

and only 1% of households in the sample spend 50% or more on non-food goods. In addition,

we �nd no program impacts on the share spent on food on total expenditures (not reported).

An important feature of the data set is that it allows us to cross-validate predictions with

the second follow up wave conducted 24 months after the baseline. Even though this is not

su�cient to conclude that the separability assumption holds true, it lends credibility to our

model.

We parameterize the demand system with a quadratic almost ideal demand system as

suggested by Banks et al. (1997). While we develop a theory consistent structured model to

predict demands at di�erent price levels, countless modeling decisions remained. For example

12This is also re�ected in the ability of our model to predict food consumption. While we �nd a large
predictive power for food expenditures, the model does not explain own production and food aid nearly as
well.
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the number and composition of food groups, which demographic variables to include (and how),

whether to interact the treatment variables with prices, etc.. We approached these questions

using a cross-validation approach picking the model speci�cation that gave us the best model

�t. We used two methods for the cross-validation. First, we compared the predicted demand

with actual food expenditures using the FU2 data that we did not use in the estimations.

That is, based on a households' total food expenditures, we make predictions on the demand

for each of the seven food categories. Secondly, we estimated the models with a sub-set of

k-1 folds for which we divide our sample in k-folds with each k comprising approximately 300

quasi-random observations. Thereafter, we again compared the actual and predicted demand

for the left-out fold.

We started with a baseline model as summarized in Annex F and thereafter tested di�erent

versions. We provide a table summarizing the performance of (selected) models in the Annex

G. Our preferred speci�cation is a collective model in which we use linear reference factors

(including the impact evaluation variables X as outlined in equation 2 and the type of targeting)

interacted with prices. Other control variables include the household size and composition,

vegetation condition prior to the survey, and household's tropical livestock units and the

year and month of the interview. For the estimation, we pool the whole sample of households

interviewed at baseline and the follow-up approximately a year later. For ease of interpretation,

we focus the discussion on model predictions and present the estimated parameters of the

demand system in Annex H.

4.1 Predictions

In �gure 2 we show the predicted and actual food budget shares by month for the seven food

categories of our preferred model. The red lines separate the survey periods and the values to

the right of the second red line are thus out-of-sample predictions for FU2 observations. The

plots show that our model describes the changes in the demand for foods of our estimation

sample accurately. The R2 of the �nal model suggests that we are able to explain 89% of the

variation in real food expenditure for baseline and follow up 1, and 85.5% for follow up 2.

Not surprisingly, the prediction accuracy per budget share is lower at around 35%.13 There

13Some deviation of predicted and actual budget shares is observed in the categories oil & spices and tea &
snacks in follow up 2. This appears to be due to the fact that the budget shares for these categories diverge
widely from the range observed in the time period our model is �tted on. Other food groups are not a�ected.
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is no marked di�erence in the prediction accuracy between control and treatment households.

Generally, the validation exercise shows that given a total food expenditure and prices, we are

able to explain real food expenditures accurately with our model.

Figure 2: Actual and predicted food expenditures shares

Note: Demand system �tted on baseline and follow up 1 data. Bootstrap with 500

repetitions used. Vertical lines mark survey periods (out of sample predictions for follow

up 2). 95% con�dence intervals shown.

Price Shock Predictions

Based on the model estimates, we predict changes in the demand for foods with increasing

prices and assess the reduction in the value of food expenditures measured at constant baseline

prices. To do so, we use FU1 observations, replace food prices of all households with baseline

values, and predict the budget shares spent on each category. Thereafter, we successively rise

the categories' food prices and compute changes in the predicted budget shares compared to

the scenario with baseline prices. We increase prices of all food categories in proportion to

the actual price development between baseline and follow up 1. That is, we only vary the

magnitude of the shock and keep relations between categories constant. Thus, a shock of

100% represents the average price shock as experienced in the data. The price shock pro�le

observed between the two periods is reported in Table 5.14 A detailed description of the

14Note that these shocks are not representative for the time period, as the interviews were not spread out
evenly over time. For example, disproportionately more interviews were conducted in January and February,
thus emphasizing a period with relatively low price increases for most food groups. The shock pro�les of
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simulation methodology is available in Annex I.

Table 5: Average price shock pro�le between baseline and follow up 1 in the sample
Food group Maize Meat Milk Oil &

spices

Other

cereals

Fruits,

vegetables, etc.

Tea &

snacks

Shock 29.28% 28.70% 111.80% 34.38% 20.54% 6.50% 14.60%

The predicted e�ects of price changes on total food expenditures valued at baseline prices

are presented in �gure 3. We present changes in food expenditures for control households and

split the treatment group into individual and household level targeting modalities. Unsurpris-

ingly, real food expenditures decrease as prices rise. At a shock magnitude of 100%, we observe

a reduction of about 70KES in the real value of food expenditures per adult equivalent and

week of control households compared to the baseline scenario, which re�ects a reduction of

almost one third. While treated households are predicted to spend more on food than control

households at all price levels, at a shock magnitude of 100% the loss in real food expendi-

tures of treated households is about 20KES (household targeting) and 50KES(social pension

targeting) higher than for control households.

The right panel of �gure 3 illustrates how the HSNP transfer value decreases with rising

prices. We use the original value of 2150KES bi-monthly and de�ate using food group level

price changes weighted by the average household level consumption preferences in each of the

two targeting modality regions. On the weekly adult equivalent level, the original value of

92.5 KES plunges by about 20KES (i.e. 22% of the original value) at a price shock magnitude

of 100% under the household level targeting and by 30KES for the individual level targeting

(almost a third of the original value). Di�erences in the household composition explain why

the transfer value per adult equivalent is slightly higher under the social pension targeting in

the absence of a price shock. The predictions show signi�cant reductions in the purchasing

power of transfers with increasing prices which suggests why impacts on real food expenditures

decreased with rising prices. The e�ect is more salient for social pension targeted households,

because theses households demanded goods that were more strongly a�ected by the price shock

(in the Annex K we show the changes in budget shares with increasing shock magnitude).

households targeted through the two modalities are very similar, apart from the fact that milk prices increased
stronger in the social pension targeting area (165%) compared to the household level targeting areas (97%).
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Figure 3: Predicted change in real food expenditures and transfer value by price shock mag-
nitude

Note: Predictions are based on the demand system presented in table 11. The simula-

tions are calibrated with FU1 data and all food prices are set to median price at baseline.

Shocks are in percent of actually experienced price increases between baseline and follow

up 1 (100%=actual increase from median price BL to FU1). 95% con�dence intervals

referring to the standard error of the mean for predicted values shown.

Did targeting modalities change demands structurally and how did this a�ect the vulner-

ability to the price shock? To shed light on these transformative e�ects, we predict budget

shares for each of the food groups and real food expenditures for the whole sample, vary-

ing only the coe�cients on treatment and targeting modality in the model. That is, holding

nominal food expenditures and all else constant, we predict how a household would react to

food price shocks without treatment, under social pensions targeting and under household

level targeting. Figure 4 shows the predicted budget shares as prices rise. For overall real

food expenditures, the di�erence between predicted real food expenditures for each transfer

modality and predicted real food expenditures without any transfer modality is plotted (see

Annex I for more details on the prediction procedures).

The predictions suggest a substitution e�ect of maize with other cereal with increasing

prices as we already observed in the impact evaluation results. In addition, with household

targeting where women were the primary bene�ciaries the budget share spent on milk increased

and the share spent on tea & snacks declined. In the last step, we calculate how the transfor-

mative e�ects change real food expenditures compared to the scenario without the program.

While the social pension targeting has no e�ect on the quantity of food expenditures, we �nd
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a reduction of 10KES for the household targeting with increasing prices. This loss re�ects

slightly more than 10% of the (real) value of the HSNP transfer. We explain this e�ect by

the substantial expenditure share devoted to milk under this targeting modality, the prices of

which more than doubled at 100% of the shocks. As milk prices rise, households obtain less

and less milk for their expenditures, thus considerably reducing the real value of foodstu�s

bought.

In summary, we observe changes in the demand for food associated with the program but

the transformative e�ect of the social pension targeting does not explain the reduction in the

real value of food expenditures while household level targeting explains almost half of the loss

the in real food expenditures compared to control households. The large overall decline in

the real food expenditures with the social pension targeting is explained by income e�ects

related to inherent di�erences of households with elderly members and a stronger increase in

the demand for goods more a�ected by price increases.
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Figure 4: Structural changes in food demands by targeting modality (non-income e�ects only)

Note: Predictions are based on the demand system presented in table 11. The simulations are

calibrated with FU1 data and all food prices are set to median price at baseline. Shocks are

in percent of actually experienced price increases between baseline and follow up 1 (100%=actual

increase from median price BL to FU1). The last plot shows the predicted real food expenditure with

the demand shifts related to the targeting modality minus the the predicted real food expenditure

without the transformative e�ects. 95% con�dence intervals referring to the standard error of the

mean for predicted values shown.

5 Limitations and robustness checks

A number of limitations should be borne in mind. First, the impact evaluation results are

based on a cluster randomized design that consists of 48 clusters, which results in low power

to detect impacts with statistical signi�cance. As already mentioned, the minimum detectable

e�ect sizes suggest that especially the e�ects on non-purchased foods might be too small

to be detected with statistical signi�cance in the data. While there could be crowding-out

e�ects associated with the household targeting, we are not able to detect such e�ects in the

data. Lacking power might also explain why some of the distribution factors in the demand

system are only modestly signi�cant despite large coe�cients. But while we may overestimate
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standard errors, the model allows us to illustrate household responses to increasing prices, one

of the key objectives of this paper.

A limitation of the predictions is that we model households' responses to increasing prices

conditional on �xed income levels. That means, in the predictions we shut down the possibility

that households generate additional income in response to increasing prices. Households might

for example decide to sell livestock, deplete savings, or employment to maintain real food

expenditures. To assess the in�uence of such responses on our �ndings, we estimated program

impacts on a range of income generating activities and found no program e�ect on average

nor at peaking food prices (see Annex M). This is in contrast to Jensen et al. (2017) who

�nd on average increased livestock sales associated with HSNP participation using a di�erent

data set (but the authors do not focus on prices or di�erential e�ects depending on prices in

their paper). However, given that we �nd stable program impacts on food expenditures at all

price levels in nominal terms and as our model predictions are closely in line with observed

outcomes, we don't expect such coping mechanisms to change our key �ndings substantially.

A related point is that price increases can also bene�t households that sell own produce.

Only a relatively small share of households reported cultivating land, but livestock sales and

animal products could have increased household incomes, something we cannot regard in the

predictions.

In the main analysis, we model one speci�c price shock and keep the relation in prices

between di�erent food categories constant. This raises the question whether a di�erently

composed price shock would lead to di�erent �ndings. As the amount of shock combinations

is in�nitely large, we simulated the impact of a price shock in one category holding all other

prices constant on the total food expenditures valued at baseline prices as robustness check

(see Annex L). The results indicate that control households are less sensitive to price shocks in

absolute terms in all food categories, which is mainly driven by the program's income e�ect.

Besides these limitations, the common problems in the estimation of demand systems

apply: we cannot control for changes in the quality of foods, we need to assume separability

in the budgeting procedure, and assume stationary demands.
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6 Conclusion

We analyze the e�ect of Kenya's Hunger Safety Net Program on the demand for food during

a sudden increase in food prices. The impact evaluation results suggest that households spent

most of the transfers on food regardless of food price levels. While this led to a diversi�cation

of the food basket, it did not increase the real food consumption value. This is because treated

households spend more on markets and were thus more sensitive to price changes. Under the

social pension targeting modality losses to the price shock were more pronounced than un-

der the household level targeting modalities, which is explained by inherent di�erences in the

targeted households such as the demographic composition. However, we also �nd support for

transformative program e�ects that changed the demand for certain food categories struc-

turally. Especially for the targeting modalities in which women were the primary bene�ciary,

we observe a reduction in the demand for maize and tea&snacks, and an increase in the de-

mand for milk and other cereals. The structural change towards these foods meant, however,

that households purchased goods that were more strongly a�ected by the price shock, which

accounts for half of the the loss in real food expenditures compared to control households.

In addition, we cannot rule out that a crowding out e�ect of the program on food sourced

from gifts, barter and aid under the household targeting modality might have attenuated the

program e�ect on food consumption.

Our �ndings highlight the importance of standardizing consumption expenditures if there

is price in�ation over the evaluation period. Balance in price trends between treatment and

control households is not su�cient to rule out di�erences between impacts measured in nominal

and real terms. Our �ndings also highlight the importance of functional local market that

bu�er the consequences of disruptions in local supply for the e�ectiveness of cash transfers.

After climatic shocks, dysfunctional local markets and rising prices can pose another burden for

households in managing losses. For example in the research region, the price for milk peaked

after an extreme drought in which many households su�ered substantial livestock losses. Cash

transfers help households to mitigate the consequences, but while the need for support is

increasing, the purchasing power of the transfer is decreasing. Indexing transfer values to key

commodity prices would be a way to protect real program impacts from price changes.
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Annex

A Wholesale price developments Nairobi

Figure 5: Wholesale price developments of selected foods in Nairobi

Note: WFP price data available at: http://foodprices.vam.wfp.org/Analysis-Monthly-

Price-DataADV.aspx (access 2.3.2019)

32



B Correlates of attrition

Table 6: Correlates of attrited Households
(1)

OLS model

(2)

Probit model

attrition attrition

Treatment 0.01 (0.01) 0.14 (0.12)

Household size -0.00 (0.01) -0.03 (0.05)

Adult equivalents -0.00 (0.01) -0.01 (0.06)

Number of children -0.01 (0.00) -0.05 (0.04)

Number of persons over 55 -0.00 (0.01) 0.04 (0.06)

Household head male -0.01 (0.01) -0.02 (0.09)

Household head literate 0.01 (0.01) 0.16 (0.12)

Household fully nomadic 0.10** (0.04) 0.37* (0.16)

Household has employed member 0.01 (0.01) -0.04 (0.12)

Household herds livestock -0.00 (0.01) 0.03 (0.12)

Household farms land 0.01 (0.01) -0.00 (0.15)

VCI score last 30 days 0.00 (0.00) 0.00 (0.00)

Household starving last year 0.00 (0.01) 0.02 (0.11)

Total consumption (KES) 0.00 (0.00) -0.00 (0.00)

Expenditure (KES) -0.00 (0.00) 0.00 (0.00)

Own production (KES) 0.00 (0.00) 0.00 (0.00)

Food aid (KES) -0.00 (0.00) 0.00 (0.00)

Gifts (KES) -0.00 (0.00) 0.00 (0.00)

Barter (KES) 0.00 (.) 0.00 (.)

Marsabit 0.03 (0.02) 0.51* (0.20)

Mandera 0.06** (0.02) 0.92*** (0.19)

Wajir 0.10*** (0.02) 1.02*** (0.17)

Month Fixed e�ects yes yes

N 3005 3005

Note: standard errors in parentheses. * p<0.05 ** p<0.01 *** p<0.001.

OLS model with household weights, Probit model without. Standard errors

clustered at the cluster level. Month coe�cients are signi�cant for March,

June, July, September and October.
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C Composition of food groups

Table 7: Composition of food groups

Item Food Group

Maize - grain Maize

Maize - �our (pre-packed) Maize

Maize - �our (Posho) Maize

Wheat�our Other cereals

Rice - pre-packed Other cereals

Rice - loose Other cereals

Other grains (sorghum, millet, other types) Other cereals

Pasta - pre-packed Other cereals

Pasta - loose Other cereals

Bread Other cereals

Potatoes (irish) Fruits, vegetables, etc.

Other roots and tubers (sweet potato, cassava, arrow roots, yams) Fruits, vegetables, etc.

Dried beans (society/haja) Fruits, vegetables, etc.

Other pulses Fruits, vegetables, etc.

Nuts/seeds Fruits, vegetables, etc.

Eggs Meat

Fresh milk Milk

Powdered milk Milk

Soured milk (Mala) Milk

Goat meat/sheep meat Meat

Camel meat Meat

Beef Meat

Other meat (bush meat, pork, donkey, etc) Meat

Blood Meat

Fresh �sh Meat

Dried �sh Meat

Cooking oil (liquids) Oil & spices

Cooking fat (solids) Oil & spices

Sugar Tea & snacks

Salt Oil & spices

Spices (chili, njira etc) Oil & spices

Continues on next page!
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Item Food Group

Kale (Sukuma wiki) Fruits, vegetables, etc.

White cabbage Fruits, vegetables, etc.

Tomatoes Fruits, vegetables, etc.

Tomatoe paste Fruits, vegetables, etc.

Onions Fruits, vegetables, etc.

Other vegetables (pepper, lettuce, etc) Fruits, vegetables, etc.

Bananas (ripe) Fruits, vegetables, etc.

Cooking bananas Fruits, vegetables, etc.

Other fruits (lemon, mango, melon, etc) Fruits, vegetables, etc.

Tea leaves Tea & snacks

Co�ee Tea & snacks

Other non-alcoholic drinks Tea & snacks

Alcoholic beverages (beer, wines, spirits, home-brew) Tea & snacks

Meals eaten out Tea & snacks

Ceremonial meals/feasts Tea & snacks

Other ready made foods (biscuits etc) Tea & snacks

Chat/qat/miraa Tea & snacks

Nuts/seeds Fruits, vegetables, etc.

Roots/�our Fruits, vegetables, etc.

Fruit/berry Fruits, vegetables, etc.

Leaf/�ower Fruits, vegetables, etc.
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D Impact estimates for follow up 2

Table 8: AIT e�ects on food consumption (FU2)
Average E�ect (1) E�ect by price increase (2)

20% 50% 80%

Total food consumption (nominal) 57.8* 36.29 48.71* 60.26**

(23.78) (23.51) (21.97) (22.42)

Total food consumption (real) 63.01* 59+ 52.47+ 46.4

(30.52) (32.15) (29.98) (29.61)

Food expenditure (nominal) 106.13* 98.54* 88.42* 79.09+

(42.65) (48.72) (42.89) (40.55)

Food expenditure (real) 91.07* 90.64+ 74.53+ 60.03

(40.86) (46.63) (41.26) (38.73)

Own production (nominal) -22.03 -21.66 -21.17 -20.42

(14.14) (14.55) (14.37) (15.47)

Own production (real) -14.8 -14.47 -14.51 -14.53

(10.7) (12.03) (11.08) (10.82)

Food aid (nominal) -16.48 -34.48+ -15.1 2.61

(17.67) (17.62) (16.3) (18.6)

Food aid (real) -13.01 -24.37* -12.06 -1.38

(11.64) (11.85) (10.9) (12.14)

Gifts (nominal) -8.48 -6.95 -8.54 -10.04

(7.63) (8.22) (8.17) (8.75)

Gifts (real) -4.04 -1.54 -4.72 -7.5

(5.41) (5.77) (5.71) (6.31)

Barter (nominal) -2.38 -6.57 -5.72 -4.76

(1.49) (8.37) (7.29) (6.28)

Barter (real) -1.77 -5.61 -5.15 -4.55

(1.22) (8.34) (7.68) (6.99)

Maize share -0.05* -0.05+ -0.05* -0.05*

(0.03) (0.03) (0.02) (0.03)

Notes: +, *, ** denote signi�cance at 10%, 5% and 1% level. Standard errors in parentheses. Standard

errors clustered at the level of randomization. All regressions include variables controlling for VCI scores,

nomadic households, household size and county �xed e�ects. N = 5096.
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Table 9: AIT e�ects on food expenditures (FU2)
Average E�ect (1) E�ect by price increase (2)

20% 50% 80%

Maize (nominal) -19.34 -21.12 -19.99+ -18.75

(11.96) (13.02) (11.83) (11.48)

Maize (real) -13.05+ -12.1 -13.61* -15.16*

(6.89) (7.56) (6.81) (6.62)

Meat (nominal) 37.27* 38.82* 37.82+ 36.69+

(18.62) (19.45) (19.55) (20.19)

Meat (real) 24.04* 25.64* 23.65* 21.81+

(11.74) (12.09) (11.92) (12.13)

Milk (nominal) 1.06 -1.71 0.77 3.17

(11.53) (12.35) (11.35) (11.37)

Milk (real) 6.43 6.52 5.11 3.85

(17.25) (18.36) (16.62) (15.78)

Oil & spices (nominal) 8.2 3.29 7 10.34*

(5.17) (5.32) (4.65) (4.57)

Oil & spices (real) 3.34 0.36 2.22 3.87

(3.96) (4.16) (3.87) (3.95)

Other cereals (nominal) 35.88** 33.59* 32.23* 30.8*

(13.77) (15.01) (13.1) (12.4)

Other cereals (real) 28.26** 28.2* 25.02* 22.2*

(10.17) (11.3) (9.77) (9.32)

Fruits, vegetables, roots & tubers (nominal) 26.5** 23.82* 24.48* 25.08*

(9.53) (9.27) (10.08) (11.42)

Fruits, vegetables, roots & tubers (real) 23.34** 22.85** 21.84** 20.86*

(8.08) (7.93) (8.35) (9.27)

Tea & snacks (nominal) -3.83 -9.66 -6.54 -3.6

(6.57) (6.41) (6.65) (7.49)

Tea & snacks (real) -8.4 -9.46 -12.31 -14.88

(11.71) (13.82) (12.33) (11.62)

Notes: +, *, ** denote signi�cance at 10%, 5% and 1% level. Standard errors in parentheses. Standard

errors clustered at the level of randomization. All regressions include variables controlling for VCI scores,

nomadic households, household size and county �xed e�ects. N = 5096.
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E Collective model

A simple collective model following Browning and Chiappori (1998); Browning et al. (2006)

provides the basis for our model of household responses to changing food prices. We consider

a household comprising two individuals A and B who consume n food goods q. We only

regard food goods that are consumed in a rival way by both household members and disregard

public non-food goods. Each good i is partly consumed by A and B where the corresponding

quantities are given by qAi and qBi where qA + qB = q. The price of the good is given by pi

where p denotes the vector of all prices. Besides that, personal preferences and tastes shape

the demand for food goods. These preferences are a function of individual speci�c factors

as well as common preferences factors captured in the vector d. For simplicity, we assume

that agents are purely self-interested and the (well behaved) utility functions of A and B are

thus given by vA(qA;d) and vB(qB;d) respectively.15 In addition, resource allocations are

conditioned on a household budget constraint x = qAp+qBp. In contrast to unitary models,

the collective model allows for di�erent preferences within households where consumption

choices are regarded as the result of a bargaining process of the household members. Instead

of speci�cally modeling this process, it is assumed that the outcome is a pareto e�cient

compromise between household members. That is, the model hinges on the assumption that

there is no consumption bundle that increases the utility of one household member without

decreasing the utility of the other household member. In this setting, the utility function of

household h is generally de�ned as follows (Browning and Chiappori, 1998):

uH(q, µ) = max

qA,qB

µ(z, x,p) · vA(qA;d) + (1− µ(z, θ)) · vB(qB;d) (4)

where µ denotes the pareto weight that person A has on household food consumption

decisions. These weights represent the bargaining power of the household members in the

intra-household allocation process. The pareto weight ranges between 0 and 1 and depends

on prices and the total food expenditure and a vector z of distribution factors. The vector z

includes variables that a�ect the bargaining power function of household members, but that

15The model can be easily extended to accommodate for public goods and interdependent utility functions of
caring spouses. In fact, the collective model is based on the idea that households are formed as they generate
mutual gains for its members e.g. through the consumption of public goods.
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do not have a direct in�uence on individual preferences and the household budget constraint.

The household utility function depends on prices and the distribution factors, which makes

the collective model di�erent from traditional consumer theory. For example the model ac-

commodates deviations from the `income pooling hypothesis' that states that who earns the

income in the household does not a�ect the demand for food.

We explore two program related distribution factors. First, cash transfers targeted at the

household level with women being the primary recipients. As the program was randomized,

participation is arguably independent of preferences and does not a�ect the budget constraint

conditional on total income. Secondly, transfers targeted at the individual level to elderly

people. These distribution factors are expected to a�ect household sharing rules µ which may

a�ect the demand for certain foods. Besides that, the amount transferred per capita is similar

across targeting mechanism so that there is not direct e�ect on budget constraints.
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F Quadratic almost ideal demand system

We parameterize the demand system with a quadratic almost ideal demand system (QUAIDS)

as suggested by Banks et al. (1997). In addition to a term with log food expenditures, it

includes a quadratic log food expenditures term. The budget shares w for each of the 7

food sub-categories are modeled as a function of the log Stone prices p and household food

consumption expenditures x. If correctly speci�ed, program related changes in the disposable

household income should be captured by x while transformative program e�ects are captured

by the distribution factors z as outlined in the description of the collective model. There

are di�erent ways to accommodate for demographics and distribution factors d and z in a

demand system. Following Attanasio and Lechene (2014), we allow the reference factors to

enter the demand system as linear combinations. These variables appear not only linearly

in the intercepts but also non-linearly in all expenditure terms through the price aggregator

(Lecocq and Robin, 2015). As shown by Browning and Chiappori (1998), this leads to a

demand system of the following form:

w = α(z) + Θ′z+Φ′ d+Γp+β(z)(ln(x)− a(p, z)) + λ
(ln(x)− a(p, z))2

b(p, z)
(5)

The price indices a(b) and b(p) are price aggregators of the following form:

a(p,z) = α0 +α(z)′p+
1

2
p′Γp (6)

b(p,z) = exp(β(z)′p) (7)

The behavioral assumption restrictions in the model ensure that budgets sum up to one over

all equations through the adding-up condition of constants to one (α′e = 1) and homogeneity

re�ected in log price parameters summing up to zero (Γ′e = 0), where e is a vector of ones.

In the collective model, the assumption of symmetry is not imposed in contrast to unitary

household models. That is, the e�ect of a change in the log price of good i on the the budget

share of good j is not necessarily the same as a change in the log price of good j on the budget

share of good i.

The vectors α, β and λ are 7-vectors of parameters in our application, Γ a 7x7 matrix of
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parameters and d comprises the parameters of the distribution factors. The reference factors

include the impact evaluation variables X as outlined in equation 2. Additionally we control

whether the targeting was individual (social pension) or at the household level (community

and dependency ratio based) where women tended to be the recipient of transfers. Other

control variables include the household size and composition, vegetation condition prior to the

survey, and household's tropical livestock units. For the estimation, we pool the whole sample

of households interviewed at baseline and the follow-up approximately a year later.

Other empirical issues include endogeneity concerns with consumption expenditures and

a non-negligible amount of zero reports for several food categories. We use community level

wages of female and male casual labor to instrument food expenditures.16 In addition, we

follow Tauchmann (2010) in using a multivariate generalizations to the classical Heckman

two-step methodology in which we �rst estimate a multivariate probit model regressing binary

variables for positive budget shares on the controls of the demand system. Based on that, we

compute correction terms for each budget share.17

16Assuming that wages are independent of taste shocks that may cause endogeneity problems and that leisure
and consumption are separable, an assumption we already made in the budget allocation process (Attanasio
and Lechene, 2014). We replace missing community information with the cluster mean in about 10% of the
observations.

17Several approaches have been used in the empirical analysis of demand systems to account for censoring
and alternative approaches include Heien and Wesseils (1990); Yen et al. (2003); Dong et al. (2004); Tauchmann
(2010).
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GR-squared of selected alternative demand system speci�cations

Table 10: R-squares of alternative demand systems
Description of the model average R-squared for period 1 average R-squared for period 2

Preferred speci�cation 0.885 0.854

Uninstrumented expenditures 0.830 0.844

Linear AIDS 0.820 0.854

Unitary model 0.811 0.836

No price/treatment

interactions

0.784 0.864
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H Demand system estimates

Table 11: QUAIDS demand system

Maize Meat Milk Oil and

spices

Other

cereals

Fruits,

vegetables,

etc.

Tea and

snacks

Log-price 1 0.07** 0.01 -0.04+ -0.03+ 0.00 -0.01 0.00

(0.02) (0.01) (0.02) (0.02) (0.01) (0.01) (0.04)

Log-price 2 0.00 0.02** 0.00 0.02* 0.01** 0.01* -0.06**

(0.01) (0.01) (0.01) (0.01) (0) (0.01) (0.01)

Log-price 3 -0.02+ 0.00 0.03** 0.00 0.01 0.00 -0.01

(0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.02)

Log-price 4 0.02 -0.04** -0.01 0.09** -0.02 0.00 -0.04

(0.02) (0.01) (0.02) (0.02) (0.02) (0.02) (0.04)

Log-price 5 -0.05** 0.00 0.01 0.00 0.03** 0.00 0.00

(0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.02)

Log-price 6 0.00 0.01** -0.01 0.00 0.00 0.02** -0.02

(0.01) (0) (0.01) (0.01) (0.01) (0.01) (0.02)

Log-price 7 -0.02 -0.02 0.02 -0.07** -0.03+ -0.02 0.13*

(0.02) (0.01) (0.02) (0.02) (0.02) (0.02) (0.05)

ln expenditures -0.01 0.07** -0.03 0.14** 0.03 0.03 -0.23**

(0.05) (0.02) (0.04) (0.04) (0.03) (0.03) (0.06)

ln expenditures squared -0.01** 0.01** 0.00* 0.02** 0.01** 0.00 -0.03**

(0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00)

Treated -0.02 -0.07+ 0.17+ -0.02 -0.01 0.00 -0.05

(0.10) (0.04) (0.09) (0.04) (0.07) (0.06) (0.16)

Individual targeting 0.12 0.06 -0.26 0.09 -0.06 -0.06 0.12

(0.80) (0.17) (0.26) (0.2) (0.17) (0.26) (0.65)

Follow up survey 0.06* -0.02* -0.01 0.01 0.02 0.00 -0.06

(0.03) (0.01) (0.02) (0.01) (0.02) (0.02) (0.05)

Treatment location 0.02 0.00 -0.03 0.00 -0.01 0.00 0.01

(0.03) (0.01) (0.02) (0.01) (0.02) (0.02) (0.04)

Individual targeting location -0.02 0.00 0.00 -0.02+ 0.01 0.00 0.02

(0.03) (0.01) (0.02) (0.01) (0.02) (0.02) (0.05)

Treated * Log-price 1 -0.08 0.06 -0.13 0.08+ -0.06 0.09 0.04

(0.07) (0.05) (0.10) (0.05) (0.08) (0.08) (0.15)

Treated * Log-price 2 -0.01 -0.01 0.03* -0.01 0.01 -0.02* 0.00

(0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.02)

Treated * Log-price 3 -0.01 0.01 -0.01 0.00 0.00 0.00 0.01

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

Treated * Log-price 4 -0.02 0.02 0.00 -0.02+ 0.01 0.02 -0.01

(0.02) (0.01) (0.03) (0.01) (0.02) (0.02) (0.05)

Treated * Log-price 5 0.13+ -0.02 -0.01 0.00 0.05 0.05 -0.20

(0.07) (0.03) (0.06) (0.04) (0.04) (0.04) (0.13)

Treated * Log-price 6 -0.01 0.02 0.00 0.02 0.03 -0.07 0.02

(0.06) (0.03) (0.06) (0.04) (0.05) (0.04) (0.11)

Treated * Log-price 7 -0.03 0.01 -0.05 0.00 -0.02 0.00 0.09

(0.06) (0.03) (0.05) (0.03) (0.04) (0.03) (0.1)

Continues on next page!
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Maize Meat Milk Oil and

spices

Other

cereals

Fruits,

vegetables,

etc.

Tea and

snacks

Individual targeting * Log-price 1 0.36 -0.07 0.17 0.02 -0.15 -0.04 -0.28

(1.56) (0.3) (0.59) (0.38) (0.41) (0.52) (1.18)

Individual targeting * Log-price 2 0.00 0.02 -0.04 -0.01 -0.01 0.03 0.01

(0.04) (0.01) (0.03) (0.04) (0.03) (0.02) (0.05)

Individual targeting * Log-price 3 0.01 -0.01 0.01 0.00 -0.01 -0.01 0.01

(0.02) (0.01) (0.01) (0.01) (0.01) (0.01) (0.02)

Individual targeting * Log-price 4 -0.05 -0.01 0.01 0.00 0.03 0.01 0.02

(0.12) (0.04) (0.08) (0.07) (0.05) (0.06) (0.13)

Individual targeting * Log-price 5 -0.03 0.01 -0.04 0.00 -0.04 -0.10 0.20

(0.21) (0.07) (0.12) (0.08) (0.12) (0.16) (0.24)

Individual targeting * Log-price 6 -0.05 -0.07 0.07 0.00 0.06 0.08 -0.10

(0.24) (0.09) (0.15) (0.22) (0.15) (0.12) (0.26)

Individual targeting * Log-price 7 -0.09 0.00 0.11 -0.05 0.08 0.05 -0.09

(0.16) (0.06) (0.09) (0.10) (0.09) (0.07) (0.14)

Food expenditure instrument -0.01 0.01 0.08* -0.02 0.08** 0.02 -0.16**

(0.04) (0.02) (0.03) (0.02) (0.03) (0.02) (0.06)

HH controls (table 1) yes yes yes yes yes yes yes

County �xed e�ects yes yes yes yes yes yes yes

Month �xed e�ects yes yes yes yes yes yes yes

Correction term for censoring no no no no no no no

Notes: +, * and ** denote signi�cance at the 10%, 5% and 1% level using a two-tailed distribution. Standard

errors in parentheses. Standard errors clustered at the level of randomization. All regression include variables

controlling for VCI scores, nomadic households, tropical livestock units, household composition indicators and

county �xed e�ects. Coe�cients on interactions are multiplied by the factor 100 to facilitate interpretation. N =

5339. Bootstrap with 500 repetitions.

44



I Procedure for demand system and simulation

Table 14: Procedure for demand system and simulations
Step Description

Demand system calculation

Censoring *) estimate a multivariate probit model regressing dummies for positive budget

shares on the controls of the demand system.*) compute correction terms for each

budget share, to be used as control variables in the demand system

Demand

system

tests

*) calculate demand systems for a variety of speci�cations,*) predict real total

expenditure using pred_real_total = SUM_foodgr1-7(actual_real_exp_foodgr *

pred_share_foodgr / actual_share_foodgr).

Crossvalidation*) compare the predictive abilities of di�erent models by calculating an R²

comparing actual and predicted expenditure (= 1 - (sum of squared residuals /

total sum of squares).

Demand

system

estimation

reestimate the best model without using folds.

Prediction of budget shares and real food expenditure under price shocks

Preparation *) replace all prices with baseline values*) keep only observations from follow up

1*) shock prices with X times the average price-shock experienced on the cluster

level between baseline and follow up 1, where X ranges from 0 to 1.5 (such that

X=1 represents actual follow up 1 prices)*) predict budgetshares with non-shocked

and shocked prices for each shock level*) calculate total real expenditure =

SUM_1-7(total expenditure * budget share_1-7 * multiplier_1-7), where

multiplier_1-7 = baseline price_1-7 / shocked price_1-7 (i.e. 1 for non-shocked

prices)

Total

e�ects

*) calculate, for treatment and control and for each shock level, the di�erence

between non-shocked and shocked budgetshares*) calculate, for treatment and

control and for each shock level, the di�erence between non-shocked and shocked

total real expenditure

Transformative

e�ects

*) calculate the di�erence between predicted total real expenditure with (all)

coe�cients on treated set to 1 and the coe�cients set to 0, ceteris paribus, for the

entire estimation sample*) calculate the di�erence between predicted total real

expenditure with the coe�cients on individual set to 1 and the coe�cients set to 0,

ceteris paribus, for all households eligible for social pensions payments (one third of

the sample), and add it to the �rst di�erence*) the �rst di�erence represents the

estimated transformative e�ect excluding that of individual targeting, the second

di�erence the estimated transformative e�ect including the e�ect of individual

targeting
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K Predicted change in real food expenditure (income+non-income

e�ect)

Figure 6 shows the absolute di�erence in estimated budget shares between a situation with

and without price shocks for bene�ciary households in the individual and household targeting

modality as well as for control households.The change in budget shares is de�ned, for each

food group i and each shock level s as ∆bsi,s = (bsi,s − bsi,s=0).

Figure 6: Simulated changes in budget shares (income+transformative)

Note: Predictions are based on the demand system presented in table 11. The simula-

tions are calibrated with FU1 data and all food prices are set to baseline values. Shocks

are in percent of actually experienced price increases between baseline and follow up 1

(100%=actual increase from median price BL to FU1). 95% con�dence intervals referring

to the standard error of the mean for predicted values shown.
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L Predicted change in real food expenditure for individual food

price shocks

In �gure 6, the e�ect of shocking individual food category prices on total expenditures is

explored, holding other prices on pre-shock levels. It shows, for each food group, the absolute

di�erence in estimated real total food expenditures between a situation with and without

price shocks on the group. As above, this is done separately for bene�ciary households in the

individual and household targeting modality and for control households.The change in total

expenditure is de�ned, for each combination of food groups and shock level is as ∆totexpis =

(totexpis − totexps=0).

Figure 7: Simulated change in real total food expenditures by singular price increase

Note: Predictions are based on the demand system presented in table 11. The simula-

tions are calibrated with FU1 data and all food prices are set to baseline values. Shocks

are in percent of actually experienced price increases between baseline and follow up 1

(100%=actual increase from median price BL to FU1). 95% con�dence intervals referring

to the standard error of the mean for predicted values shown.
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M Impact estimates on productivity variables

Table 15: AIT e�ects on productivity indicators
Average E�ect (1) E�ect by price increase (2) E�ect by targeting

20% 50% 80% ind hh

Tropical livestock units -0.08 -0.17 -0.04 0.09 -0.47 1.86

(1.1) (1.29) (1.06) (0.97) (1.4) (1.46)

Total asset value (KES) 444.59 -405.02 284.63 974.27 470.18 1916.59

(1530.83) (1453.53) (1464.45) (1665.21) (2047.74) (2133.36)

Total debt value (KES) -109.18 -301.29 -114.96 71.37 -163.2 604.46

(213.13) (263.01) (202.31) (204.95) (288.3) (381.97)

Household has savings 0.02 0.01 0.02 0.03 0.02 0.00

(0.02) (0.02) (0.02) (0.02) (0.03) (0.04)

Household has an employed member 0.02 0.01 0.02 0.03 0.00 0.01

(0.06) (0.05) (0.06) (0.06) (0.08) (0.05)

Notes: +, *, ** denote signi�cance at 10%, 5% and 1% level. Standard errors in parentheses. Standard

errors clustered at the level of randomization. All regressions include variables controlling for VCI scores,

nomadic households, household size and county �xed e�ects. Probit estimation used for savings and

employment dummies. N = 5626.
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N Minimum detectable e�ect sizes

Table 16: Minimum detectable e�ects
Minimum detectable e�ect

Total food consumption (nominal) 7.77

Total food consumption (real) 10.29

Food expenditure (nominal) 40.66

Food expenditure (real) 29.74

Own production (nominal) 18.86

Own production (real) 17.31

Food aid (nominal) 24.92

Food aid (real) 19.8

Gifts (nominal) 7.9

Gifts (real) 6.11

Barter (nominal) 3.24

Barter (real) 3.19

Maize share 0.04

Maize (nominal) 22.06

Maize (real) 18.79

Meat (nominal) 6.72

Meat (real) 5.09

Milk (nominal) 6.46

Milk (real) 5.4

Oil & spices (nominal) 0.38

Oil & spices (real) 1.99

Other cereals (nominal) 13.25

Other cereals (real) 10.63

Fruits, vegetables, roots & tubers (nominal) 12.8

Fruits, vegetables, roots & tubers (real) 13.07

Tea & snacks (nominal) 1.8

Tea & snacks (real) 2.71

Note: Calculated with 500 iterations, adjusted for clustering with Stata 16's power command.
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