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Motivation

• Households make health and non-health related choices based on
their knowledge of how health is produced (Gronau 1972,
Rosenzweig and Schultz 1983)

• Incorrect knowledge of the health production function leads to
ine�cient choices and consequently sub-optimal levels of health

• Establishing empirically the consequences of de�ciences of
knowledge is di�cult, because of the endogeneity of knowledge:

• (Unobserved) parental preferences or health endowments may drive
both accumulation of knowledge and health input choices



This Paper

• Overcome this challenge by exploiting a cluster randomised control
trial in rural Malawi which provided mothers with information on
child nutrition

• Trained local women visited mothers living in randomly chosen
clusters and provided information and advice on infant feeding

• Uses a simple theoretical model to show how households' choices on
both health and non-health dimensions should adjust to improved
knowledge

• Special attention is paid to inference since the trial includes 24
clusters only

• Use 2 leading methods for inference in such designs:

• Wild cluster bootstrap-t (Cameron et al. 2008)
• Randomisation inference (Fisher 1935, Rosenbaum 2002)

• Investigate how both of these methods perform in our data



Related Literature

• E�ects of information on health

• Improved health: Madajewicz et al (2007), Jalan and Somanathan
(2008), Dupas (2011)

• No E�ect: Kremer and Miguel (2007), Luo et al (2012)

• E�ects of nutrition information on child health practices and child
health

• RCTs: Morrow et al (1999) for Mexico, Haider et al (2000) for
Bangladesh

• Non-experimental studies: Alderman (2007), Galasso and Umapathi
(2009), Linnemayr and Alderman (2011)

• Consider both health and non-health margins of household
behaviours



Setting: Mchinji (Malawi)

• Child health is very poor in Malawi

• Infant mortality rate of 133 per 1000 births
• 48% of kids aged < 5 years are stunted

• Misperceptions on child nutrition are widespread

• Common to give porridge with unsterilized water to infants as young
as 1 week

• Widespread belief that eggs are harmful to 9-month old infants
• Common belief that children should be given the broth in which
vegetables/meat are cooked, instead of the vegetables/meat
themselves



The Intervention

• Set up in 2005 by Mai Mwana, a research and development project
that aims to improve maternal and child health

• Trained local women (�peer counsellors�) provide information and
advice on infant feeding to mothers of babies aged < 6 months

• 5 visits: once before birth, 4 times after birth
• Peer counsellors cover a population of around 1000 individuals
• Visit content focused on exclusive breastfeeding and
post-breastfeeding nutrition

• All pregnant women in a cluster are eligible for the intervention, but
in practice around 60% are visited by the peer counsellors

• Intervention began in July 2005 and is still on-going



Experimental Design

• Mchinji District divided into 48 clusters, each with a population of
around 8000 individuals

• Within each cluster, the villages closest to the geographical centre of
the cluster were chosen to be part of the study area (approx. 3000
individuals)

• Creates a natural bu�er area, limiting contamination between
neighbouring clusters

• 12 clusters randomly chosen to receive the intervention, 12 clusters
serve as controls

• Remaining 24 clusters received another intervention - women's
groups



Experimental Design



Data

• Baseline census of all women aged 10-49 years in the study areas
conducted by Mai Mwana, pre-intervention

• Limited number of socio-economic variables
• Sampling frame for follow-up data

• Follow-up data collected in 2008-09 and 2009-10

• Random sample of 104 women drawn from each cluster from the
baseline census, regardless of their fertility

• Target sample of 2496 women



Data

• Succeeded in interviewing 2/3 of the 2496 women

• Final sample of 1660 women and their households
• Robustness checks show that all results are robust to the
encountered attrition

• Attrition rates of around 9% between the two follow-ups



Sample Balance



Model

Simple model where 1-parent 1-child households choose child
consumption, adult consumption and adult leisure to maximise household
utility

Providing the parent with information on child nutrition will:

1. Increase child consumption

2. Increase adult labour supply (assuming that leisure and adult
consumption are complements, or have a limited degree of
substitutability)

3. Reduce adult consumption

4. Increase total household consumption



Empirical Model

Yict = α+ β1Tc + Xictβ2 + Zc0β3 + µt + uict

• Tc = 1 if main respondent in the follow-up survey resided in a
treated cluster in 2004

• Identify an Intention-to-Treat (ITT) parameter

• Xict are individual level covariates; Zc0 cluster-level baseline
covariates

• Pool data from both follow-up surveys in our estimation



Inference

• Must consider that observations are not independent within clusters

• Huber-White clustered standard error estimates downward-biased in
samples with small numbers of clusters

• Use two leading inference methods for such designs

• Wild cluster bootstrap-t procedure recommended by Cameron,
Gelbach and Miller (2008)

• Randomisation Inference (Fisher 1935; Rosenbaum 2002)



Inference

• Wild cluster bootstrap-t procedure covered in previous presentations

• Randomisation inference is non-parametric and exploits the
randomisation to conduct inference

• Tests a sharp null hypothesis of no e�ect for any unit in the data,
rather than a zero average intention-to-treat e�ect

• Permutes the randomisation allocation Method

• Report p-values computed using both methods

• Conduct a Monte Carlo experiment to compare how methods
perform in our data



Multiple Outcomes

• Interested in testing the e�ects of the intervention on 6 domains:
health knowledge, child consumption, household consumption, labor
supply, child growth and child morbidity

• For each of these domains, we have multiple measures → almost 30
outcomes in total

• Concerns about multiple inference

• The probability of rejecting a test is increasing in the number of tests
carried out

• Deal with this problem by reducing the number of tests we carry out

• Aggregate multiple outcome measures in a domain into a summary
index following Anderson (2008)

• Testing a summary index provides a test for whether the intervention
has a �general e�ect� on each domain

• But, magnitude of e�ect cannot be assessed
• So, show outcomes for domains with statistically signi�cant e�ects

Index



Results

Knowledge



Child Consumption



Child Consumption II



Household Consumption



Male Labor Supply



Child Physical Growth



Comparing Inference Methods

• Compare the performance of the various inference methods in our
data using Monte Carlo simulations

• Do so for 9 di�erent data generating processes (DGPs),
corresponding to our outcomes of interest

• Each DGP uses the same sample and covariates as our main results

• Each DGP includes a cluster level random e�ect and an i.i.d.
individual error (i.e. homoskedastic std errors)

• The cluster level random e�ect is constructed such that the
intra-cluster correlation in the simulated data matches that in the
actual data



Monte Carlo Evidence



Robustness

• Rule out a number of alternative explanations

• Adult health improvements
• Fertility
• Other aspects of the intervention
• Attrition



Conclusion

• Use variation induced by a randomised control trial to show that
improved knowledge of the child health production function
in�uences a broad range of household behaviours

• Health and Non-health behaviours including male labour supply

• Pay careful attention to the important issue of inference

• Use two leading methods for inference with small number of clusters
• Monte Carlo experiments to assess their performance in our data
• Both methods provide similar inference, though randomisation
inference has a slight tendency to over-reject the null hypothesis.



Randomisation Inference

• Step 1: Take covariates into account (Small et al (2008)):

Yict = α+ Xictβ2 + Zc0β3 + µt + εict

Predict the residuals, ε̂ict

• Step 2: Specify the test statistic∑
c:T=1

ε̂ict
N1

−
∑

c:T=0

ε̂ict
N0

• Step 3: Calculate the distribution for the test statistic by permuting
the randomisation across clusters

• Step 4: Calculate exact p-value by computing the proportion of test
statistic values in the distribution that are greater than the test
statistic calculated under the true randomisation

• In practice, given large set of possible permutations (>2.7m in our
case), use 100,000 randomly selected permutations to generate the
test statistic distribution.

Back



Aggregating across outcomes

• First, standardise outcomes to have a 0 mean and std deviation of 1

• Re-de�ne outcomes so that a higher value implies a better outcome

• Summary index is calculated as a weighted mean of the standardised
outcome values within each domain

• Weights are calculated to maximise the amount of information
captured by the index

• Less weight is given to highly correlated outcomes
• Boosts e�ciency

Back



Nutritional Knowledge
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