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Abstract:

Poverty in low-income countries is usually measured with large and infrequent household surveys. A
challenge is to find methods to measure poverty more frequently. The objective of this study is to test
a method for predicting poverty, based upon a statistical model utilizing consumption surveys and
light annual surveys. A decade of poverty predictions and regular poverty estimates in Malawi
provides us with a unique real-life experience to better understand the suitability of such approaches
to monitor trends in poverty.

The analysis from Malawi suggests that a modelling approach works per se, given that information
on the household’s demographic composition is included in the model. The main challenge when
predicting onto other surveys seems to be related to comparability between the surveys. Differences
in implementation, questionnaire design and survey sample size are aspects that may contribute to
incomparability of data collected between the surveys.
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Sammendrag

Utrydding av fattigdom er et hovedfokus i barekraftsmalene. Andelen under fattigdomsgrensa er
hovedindikatoren for & male fremskritt mot dette malet. Standardmetoden for & ansla dette tallet er
basert pa informasjon om husholdningers detaljerte forbruk. En forbruksundersgkelse er bade kostbar
og tidkrevende og blir i utviklingsland ofte gjennomfart kun hvert fjerde eller femte ar. Offisielle
fattigdomstall er derfor bare tilgjengelige med slike mellomrom og det er behov for billigere og
raskere metoder for & gi en arlig oppdatering pa fattigdom.

En tilneerming for mindre ressurskrevende fattigdomsrapportering gar ut pa a lage en modell basert pa
en forbruksundersgkelse som forklarer sammenhengen mellom husholdningers totalforbruk og
karakteristikker (fattigdomsindikatorer). Tilnaeermingen har blitt brukt til & gi arlig fattigdomsanslag i
Malawi. Kort oppsummert kan metoden beskrives som fglger. Forbruksundersgkelsen i Malawi i
2004-2005 (IHS2) ble brukt til a identifisere en modell for a estimere forbruket.
Fattigdomsindikatorene som inngar i modellen ble samlet inn i en mindre omfattende undersgkelse,
Welfare and Monitoring Survey (WMS), og ble brukt til a predikere andelen fattige. WMSer ble
gjennomfart arlig til den neste forbruksundersgkelsen i 2010 (IHS3). Andelen fattige basert pa WMS
undersgkelsene viste en gradvis nedgang fra 2005 til 2009. Fattigdommen basert pa den nye
forbruksundersgkelsen viste derimot ingen endring sammenliknet med nivaet i 2004. Dette ledet til
diskusjon bade i og utenfor Malawi rundt modellberegningene og rundt de offisielle
fattigdomsberegningene. Pa grunn av usikkerheten rundt anslagene sluttet statistikkbyraet i Malawi a
bruke metoden, selv om de fortsatte & samle inn ngdvendig informasjon i pafelgende WMS’er.
Erfaringene og datagrunnlaget fra Malawi er unikt og brukes i denne analysen for & evaluere og justere

metoden.

Analysen av Malawi i denne studien gir stgtte til at en slik metode virker, per se, gitt at demografiske
forklaringsvariabele er inkludert i modellen. Uten demografiske variable, som antall medlemmer i
husholdet, predikere modellen systematisk for lav fattigdom. Den starste utfordringen i & bruke
tilneermingen til & lage trender i fattigdomsutvikling, har derimot & gjere med sammenlignbarhet
mellom undersgkelsene. Forskjeller i implementering, spgrreskjemautforming og utvalgsstarrelse er

aspekter som kan bidra til problemer med sammenlikning av fattigdom over tid.



1. Introduction

Eradicating poverty was the first Millennium Development Goal (MDG) during the period
2000 — 2015 (UN, 2000) and named as the Primus inter paris among the MDGs (Kanbur,
2005).This focus has been retained by making the goal to end extreme poverty by 2030 as the
first Sustainable Development Goal (SDG) by the UN General assembly in 2015 and the first
of only two goals by the World Bank (2018a).

It is a global consensus (UN, 2015) that in order to follow the policy goals and target
of eradication and ending poverty requires the measurement of poverty headcounts. The
standard approach to estimate this number is based on comprehensive survey data on
households’ detailed consumption. Such surveys are costly and time consuming and are, in
developing countries, often undertaken only every 4th or 5th year. Cheaper and quicker
methods to report on poverty on an annual basis are needed by both the national and
international communities.

Survey-to-survey imputation approaches have been developed to fill this gap. The
National Statistical Office (NSQO) in Malawi has applied such an approach to predict annual
poverty rates in Malawi, NSO (2010). In short, the Integrated Household Survey 20042 (IHS2)
in Malawi was used to identify a model with variables (predictors) suited to predict poverty.
The predictors were collected in the smaller, annual Welfare and Monitoring survey (WMS)
and annual model-based poverty rates were predicted based on the IHS2 model and the
predictors from 2005 till 2009.

The results suggested a gradual reduction of poverty: In 2004 the official national
poverty headcount (calculated directly from the IHS2-survey) was 52 percent, whereas
according to the model-based poverty estimates, poverty gradually decreased to 39 percent in
2009. This trend is consistent with an increase in real GDP per capita and an increase in
production of maize, the main staple food. On the other side, official poverty numbers for
2010%based on a new Integrated Household Survey (IHS3), showed that poverty levels have

hardly improved since 2005. This puzzle has raised the question: does the decreasing poverty

! The second goal of the World Bank is to promote shared prosperity by fostering the income growth of the bottom 40% for
every country. Both goals require information on the total consumption across the population, an indicator requiring the same
information as addressed in this document.

2 Although the survey was undertaken over 12 months in 2004-05, we will for simplicity refer to it as 2004.
3 Although the survey was undertaken over 12 months in 2010-11, we will for simplicity refer to it as 2010.



trend predicted by the model reflect real changes in Malawi, or was the model wrong? The
present work reflects upon this question.

The prediction approach applied in Malawi builds on a poverty mapping method
developed by Elbers et al. (2003), that has been moderated for survey-to-survey imputation,
see for example Mathiassen (2009). This approach has been tested by predicting from one
consumption survey onto other identical surveys. A series of seven households budget
surveys from Uganda was used to validate the methods which showed promising results
(Mathiassen, 2013). Other studies have had a similar objective; Vu and Baulch (2011)
evaluate four “short cut” methods for predicting poverty* by using data from Vietnam; where
a budget survey is used to predict onto two other budget surveys. They find that the probit
method provides the most accurate prediction. The probability method tested by Vu and
Baulch (2011) is similar to the approach tested in this study. Newhouse et al. (2014) found
that a similar approach to the one used for Malawi fails when imputing poverty from
household budget surveys into labour force surveys using data from Sri Lanka. They argue
that for such a set up to produce reliable poverty estimates, a welfare tracking survey should
be established. That would imply, for the Sri Lanka case, that the labour force survey included
additional questions on housing and assets and that sampling design and questions used for
predictors are consistent between the surveys. A welfare tracking system as recommended by
Newhouse et al. (2014) is in practice what was established in Malawi.

Another related method is the Scorocs (TM) Simple Poverty Scorecard® poverty-
assessment tool. It collects 10 verifiable indicators to estimate poverty likelihood using a
model based on a budget survey (Schreiner, 2014). It has been developed and is used for
programming purposes in several countries.>®

Other studies have tried to understand the puzzle in Malawi where there is a stagnant
(official) poverty level between the IHS2 and IHS3 surveys despite other economic indicators
suggesting improvements in this period. A number of methodological issues in setting the

poverty threshold and estimating poverty in Malawi are considered in a recent work by Pauw

4 Poverty probability method, ordinary least squares, principal component and quantile regression.
5 See www.simplepovertyscorecard.com for the list of countries.
6 Schreiner (2014) measures the accuracy for the scorecard between two surveys with compatible definitions of consumption

and poverty lines for 19 countries. In general, he finds “... accuracy to be less than I hoped and often less than would appear

useful (for example, signs are wrong, or errors exceed 5 percentage points)” (personal communication, September 5, 2018).


http://www.simplepovertyscorecard.com/

et al. (2016). Contrary to the official estimates showing almost no changes in poverty between
2004 and 2010, Pauw et al. (2016) estimate that poverty declined by 8.4 percentage points.
This study also documents improvements in a number of other non-monetary welfare
indicators consistent with a decline in poverty level. The survey experiment documented in
Kilic and Sohnesen (2019) is another attempt to understand the poverty puzzle in Malawi. The
experiment was undertaken with the collection of IHS3 data, aiming at understanding how
context affects answers to the same question. Their experiment shows that questionnaire
design has consequences for the underlying predictors and could move the poverty level
predicted by a similar model used for the poverty trend in Malawi, with 3 to 7 percent. Thus,
suggesting that the downward trend predicted by the WMS surveys were, at least partly, due
to differences in the survey instruments.

Because of the uncertainty around the model-based predictions based on WMS2005-
WMS2009 the Malawi NSO stopped calculating such numbers from the following WMSes,
although they continued collecting the information necessary for doing so. After WMS2009
three additional surveys are available, and it is possible to calculate poverty trends including
official poverty numbers and model-based predictions for the period from 2004 to 2014. This
survey material, including a total of six WMSes and three IHSes will be used to validate the
model-based predictions.

There are two main ways the present study approaches the validation. The first is to
test results within the same context, i.e. predicting within or onto another IHS survey. The
second is to test results when predicting in another context, i.e. predicting onto WMS surveys.

Three approaches are applied for the tests within the same context: Firstly, predicting
within IHS sample and comparing to the known (actual) poverty level in the other half sample
is a direct test of how well the models work, everything else being equal. Secondly, predicting
from one IHS-survey to the other is a test of the models’ stability over time. Even if the
models work well at the same point of time, the relationship between the variables in the
models may change. The test onto another IHS-survey will provide us with indications, but
not solid proofs, as there are comparability issues even between the same type of survey.
Thirdly, the analysis discusses different types of predictors best suited to predict poverty,
again this is done by comparing predictions within the sample. The question is: Do some
predictors bias the predicted poverty level — compared to the actual poverty level?



Even if a model is suited to predict within the sample or onto another identical survey,
there may be other challenges when predicting onto another type of survey, i.e. another
context. This is discussed by comparing WMS trends predicted by the IHS2 and IHS3
models. Will models developed from different surveys provide different prediction trends?
Such analysis will help us to understand whether the models are stable over time, or whether
the relationship between predictors and household welfare changes over time. The WMS
surveys do not cover a full year and the season for the survey period was not properly
accounted for previously. Rather, the model-based approach only predicted for the season
covered in the WMS. This paper develops a way to include seasonality in the model. Further,
it discusses the effect of differences in questionnaire design. The implication of the findings in
Kilic and Sohnesen (2019) is that the same information collected in IHS and WMS may differ
— not due to real changes, but due to the context the questions were framed in. Although the
questions to capture the poverty predictors are the same, the WMS questionnaire is much
shorter than the IHS, and the questions are not followed up with additional probing. For
example, regarding food consumption, the households in both WMS and IHS were asked a
yes/no question to whether they consumed the specific food, while in IHS there were
additional questions regarding how much they consumed. Thus, both responders fatigue, as
well as the elaboration on questions can affect the answers, see Lavrakas (2008) for a review
around this theme. The analysis in the present study discusses this element by comparing
model-based poverty trends with and without predictors that are expected to be most affected
by the context in the questionnaire.

Although hard to quantify, we also discuss whether the trends may have been affected
by differences in implementation of the surveys. If, for example, training of enumerators and
the organisation of data collection differ this will have a bearing on the results. Such
differences may not be easy to measure but the following factors may affect the results: size
of surveys; type of survey, and donor support.

The understanding of Malawi’s experience is important for policy makers and
statisticians in Malawi. It is also important as the poverty scorecard method has been
developed and is used for programming purposes in Malawi, Schreiner (2015). A better
understanding of the Malawian case is also valuable for the international community, as
poverty models are increasingly applied and are potentially useful for annual reporting on
SDGs.



The next section gives some background about Malawi. Section 3 describes the data
and Section 4 explains the methodology used. The results are presented in Section 5 and

discussed in Section 6. Section 7 provides some concluding remarks.

2. Background/context

Malawi is a developing country in Sub-Saharan Africa, with the majority of its 18 million
people living in rural areas (NSO, 2016). About 80 percent of the population is engaged in
agriculture which is Malawi’s main economic sector generating about 30 percent of the gross
domestic product, GDP (NSO, 2016). The main agricultural strategy in Malawi has, for many
years, been to produce tobacco for export and to produce maize to ensure food security for the
rural and urban population. Maize is cultivated across the country and the value of the produc-
tion is twice that of tobacco and accounts for about 25 percent of the agricultural economy
(NSO, 2016). High dependency on agriculture, and on one crop in particular, makes Malawi
vulnerable to climatic variability and there are droughts or floods or both almost every year
(Government of Malawi, 2015). In 2004, the Government of Malawi introduced a small-
holder-targeted fertilizer subsidy program (FISP) with the purpose of improving food security
and welfare. Malawian smallholders were to be provided with sufficient fertilizer and seeds to
satisfy the maize consumption needs of an average-sized family (Pauwet al., 2016). In prac-
tice about half of all farmers, irrespective of landholding size, benefitted from this program in
2009 (Kilic et al., 2013).

A number of studies have argued that the program has had a positive impact on yield
and food security (Chirwa and Dorward, 2013; Carr, 2014; Pauw et al., 2014 and Haug and
Wold, 2017). Arndt et al. (2014) estimate that the direct effect of each dollar spent on FISP
generates 1.65 US dollars in direct welfare benefits, and that the indirect effects would in-
crease the benefits with another 70 percent. Haug and Wold (2017) argue that the FISP has
proven to be the cheapest approach to ensure food security over the years, as the FISP pro-
gram yielded a surplus for all farmers in years with good climate conditions and even created
a buffer for seasons with drought.

Since 2005/06 (when the FISP was introduced), relatively favorable weather condi-

tions, combined with the input subsidies seem to have led to rapidly increasing maize yields.



As shown in Figure 1, in the same period, the GDP per capita steadily increased. From 2004
to 2010 maize production increased by 11 percent and GDP per capita by 23 percent.

Figure 1. Maize production and GDP per capita
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Source: Respectively World Bank (2018b) and MOAIWD (1997-2015).

Figure 2 shows that the official poverty level calculated from IHS2 and IHS3, however, did
not reflect the agricultural and economic improvements. Only in urban areas was there a sig-
nificant reduction in poverty level between 2004 and 2010 — where poverty dropped by about

8 percentage points.

Figure 2. Official (actual) poverty in Malawi
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3. Data

About the dataset

The data sets used in the analysis consist of two Integrated Household Surveys (IHS), one In-
tegrated Household Panel Survey (IHPS) and six Welfare and Monitoring Surveys (WMS),
See Table 1 for an overview of these surveys. The IHS2 (2004) and IHS3 (2010) are large sur-
veys covering respectively, 11,280 and 12,271 households. The IHPS was the smallest survey
covering 4,000 households. The gquestionnaires for the IHS2, IHS3 and IHPS are almost iden-
tical, with only minor changes. They contain detailed information about consumption and ex-
enditures, and can be used to calculate total consumption for the households, and therefore
poverty. The WMS surveys were conducted annually from 2005 to 2009, and again in 2011
and 2014. These are lighter surveys that do not provide information on consumption expendi-
ture, but aim to track welfare in a number of areas, such as education, health, employment and
asset ownership. The questionnaires for the WMSs remained largely unchanged from 2005 till
2009. There were some changes in 2011 and 2014 compared to the previous WMS question-
naires, in particular with respect to the placement of modules. In addition, a large module on
peace and governance was added to the WMS2014. In 2014, data collection was for the first
time done electronically by using CAPI’ technique. The survey sample varied a great deal,
from 5,234 (2005) to 29,389 (2007) households. There was some obvious quality flaws with
WMS2011, and it had to be dropped from the further analysis: About 20 percent of the house-

holds did not report any information regarding food consumption.

Table 1. About the surveys

IHS2 WMS WMS WMS WMS WMS IHS3 IHPS WMS
Name and year 2004/5 2005 2006 2007 2008 2009 2010/11 2013 2014
Number of households 11280 5234 5287 29389 17857 20673 12271 4000 14198

WMS+ IHS-panel

Type of survey IHS WMS WMS NACAL WMS WMS IHS survey WMS
Institutions involved NSO/WB NSO/SSB NSO/SSB NSO/SSB NSO/SSB NSO/SSB NSO/WB NSO/WB NSO/SSB
Seasons All Q3 Q3 Q3 Q3,04 Q3,04 All Q3,04 Q1, Q4
Direct measure of
poverty yes yes yes

Note: Q denotes quarter of the year, i.e. Q1=1% quarter (January-March).

" Computer Assisted Personal Interviewing

10



Table 1 also shows the type of survey. WMS2007 was attached to an agricultural census
(NACAL). An extra sample had to be drawn for the WMS to include landless households. In
the end this double sampling approach made it necessary to recalculate the household weights
for 2007. The IHPS was a panel survey where 3,246 households from the IHS3-survey were
revisited in the 2013. Individuals, rather than households were followed and if one individual
moved into another household also that household would be sampled in IHPS.

Not all surveys covered the whole year, and the fourth row in Table 1 shows the quar-
ters (also referred to as seasons) covered in each survey.® The WMS was initially designed
only to cover the months from July-September, season 3. However, for 2008 and 2009 the
fieldwork also spanned into season 4, and in 2014 the survey in fact covered parts of 2013
(season 4) and parts of 2014 (season 1). Note also that the IHPS in 2013 only covered two
seasons.

In addition to the NSO, the World Bank (WB) and Statistics Norway (SSB) were
involved in implementing the surveys as presented in the 4™ row in Table 1. WB was support-
ing the IHS surveys with respect to questionnaire design, sampling, fieldwork and preparation
of data. SSB was giving support to all WMS’s but to various degrees. The Norwegians in-
volvement in the WMS-surveys was strong in 2005, 2006 and 2007 and included support in
questionnaire design, sampling, fieldwork and preparation of data. The work was supported
by a long-term advisor from Statistics Norway. For the following WMSs the technical support
from Statistics Norway was limited to an advisory role. However, in 2014 Statistics Norway
supported the redesign of the questionnaire into an electronic format and the pilots in using
tablets.

Only for the integrated household surveys covering a full consumption expenditure
module, is it possible to directly measure poverty, see the 6" row in Table 1.

There were some changes in the way the consumption aggregate was calculated IHS-
surveys, which may cause issues in the comparability of consumption and poverty between
the IHSes. The IHS3 developed new and improved conversion factors for transformation of
all non-standard units into kilograms, at the same time they kept the conversion factors used

in THS2 (“old” conversion factors). In the end the “old” set of conversion factors were kept

8 Season1 (Q1) covers January to March, Season 2 (Q2) April-June, Season 3 (Q3) July-September and Season 4 (Q4) covers October-
December.

11



for the IHS3 analysis with one exception: The factors for “pails” of normal and refined maize
flour were replaced by new factors estimated from a supplementary survey conducted in mar-
kets in all districts in the country during February and March 2011. According to IHS3-survey
report (NSO, 2012) page 228: “The reasons for this revision were that the previous factors
were not considered to be accurate enough and that a significantly larger proportion of house-
holds in the IHS3 (compared to the IHS2), reported the consumption of maize flour in pails”.
In IHPS (2013), the new conversion factors were used for all foods. In addition, a set
of new price indices to adjust nominal consumption for cost of living differences was esti-
mated. These two changes imply that the consumption and poverty status of the panel house-
holds are not comparable to the poverty estimated in IHS2 and IHS3. Thus, we do not com-
pare the predicted poverty numbers for IHPS to the actual poverty calculated from this survey.
Even with no changes in methodology, the poverty line used with the different surveys
may affect comparability. The standard approach to set the poverty line (the Cost of Basic
Needs) has some elements of relativity in it, being anchored in the consumption pattern of the
poor as observed from the survey (Ravallion, 1998). Consequently, if the consumption pattern
changes, so will the poverty line. In Malawi the poverty line was estimated based on the
IHS2 survey and updated in IHS3 and IHPS to account for changes in prices.® As time passes
it can be argued that this poverty line is no longer relevant as it may no longer reflect the con-
sumption pattern of the poorer part of the population. This was indeed one of the points raised
by Pauw et al. (2016). Another point they considered in their recalculation of poverty in Ma-
lawi, was a revised set of conversion factors to convert food consumption into kilograms. The
revised set of conversion factors was developed by Verduzco-Gallo et al. (2014) and was ap-
plied to both IHS2 and IHS3. Pauw et al. (2016) do not separate out the effects on poverty of
the various aspects of change in methodology and all in all they estimated a decrease in pov-
erty level from IHS2 till the IHS3 at more than eight percentage points at national level.
While the methodology used for calculating total consumption in the household is im-
portant for the analysis on whether the survey-to-survey imputation works, the level of the

poverty line will not affect the estimation.

9 See World Bank (2018c) for details on how the poverty line in Malawi was calculated.
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Seasonality

Figure 3 shows the seasonal calendar for Malawi. The majority of households in Malawi are
rural smallholders with a consumption pattern following the seasonal variation. The main
planting season starts with the rainfall in the fourth quarter. Wild plants and green maize be-
come available in the first quarter, while the main harvest starts in the second quarter. Crop
produce are in abundance and hence cheap in the end of the second and in the third quarter.
Hence one may expect an increased volume consumption. Stores are running out in the fourth
quarter giving high prices. This is also the start of the hunger months period which lasts into
the first quarter. One would expect the producers to have money from the seasonal sale in
third quarter and therefore able to buy food in the fourth quarter. But during the first quarter
both food stocks and money may be short, hence this is called the main hunger period. Even
the population in urban areas would usually grow some maize. But here the volume may be
smaller and rather consumed in the third quarter. For the non-farming urban households, food

will be cheaper during the main harvest period (season 2).

Figure 3. Seasonal Calendar — typical year
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Source: Fewsnet http://www.fews.net/southern-africa/malawi/seasonal-calendar/december-2013.

Figure 4 shows the poverty headcount across seasons and regions calculated using IHS2 and
IHS3. The variation follows the expected seasonal pattern in rural areas, with high poverty
levels in the lean season (1%t and 4™ quarter) as expected. Seasonality in poverty in rural areas
was less pronounced in IHS3 than in IHS2. Poverty is also high in urban areas during the 1%

13



quarter due to the lean season when prices are high. In urban areas poverty is also relatively
high in the third quarter while turning lower again in the fourth quarter. This may reflect high
prices and lower consumption in the third quarter. It is however more difficult to interpret

why the urban poverty level is lower in the fourth quarter.

Figure 4. Actual poverty in Malawi, IHS2 and IHS3 by season
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4, Methodology

The approach to predict poverty builds on the method outlined in detail in Mathiassen (2009).
In short, a full household budget survey is used to estimate models for consumption per capita
with a set of explanatory variables/predictors. The explanatory variables in Malawi included
in the models can be divided into the following groups: core demographic variables; charac-
teristics of head of household; education; housing characteristics; assets ownership; food con-
sumption (yes/no of specific food items); non-food consumption (yes/no of specific non-food
items) and two indicators regarding possessions of head which we refer to as subjective wel-
fare predictors.® In addition, controls for districts and seasons are included. The variables
were selected among a large set of relevant candidates in IHS2 by using a stepwise approach.
Information on the selected predictors was collected in a WMS survey — replicating exactly
the same phrasing of the questions as in the IHS survey. Together with the estimated

10 As they are taken from the section named «subjective assessment of well-being» in the IHS-questionnaires.
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parameters these predictors are used to predict consumption per capita. A probit function is
used to calculate the probability that a household is “poor” given the predicted consumption
and the poverty line.

The approach is extended to account for seasonality in the following way. The ap-
proach is to first estimate the model:

(1) Yig = a + BX; + 8Z;s + X321 ¥sDis + ;s
where Y;; denotes total consumption per capita in household i in season s, X is a vector of pre-
dictors that does not vary across seasons, Z is a vector of predictors that varies across individ-
uals and seasons, and D denotes a dummy to capture unexplained seasonal variation across
the year. For example, D1 is 1 if season=1 and O else. a, 8, §, y are parameters in the model
and e is a i.i.d. error term, with known cumulative distribution function ¢, zero mean and o
variance. Assume further that ej are uncorrelated with X;, and Z;.

To solve the problem that the WMS does not cover all seasons, we predict the average
consumption per capita over the year, Y , while assuming that the relative seasonal variation

in the Z variables are the same in the IHS and WMS years. Let Z, denote the value of the Z
variable in season S in the WMS survey. We only observe Z for S = 1 (example). For the
sake of predicting Z; for the other seasons we assume that
~ - Z ~
() Zis = Zin ;- + TisZn
1

where Z = %iZiZg Zis, Zy = %zizil and 7 is an i.i.d. error term with zero mean and con-
stant variance, uncorrelated with Z;.

Using the parameters estimated from equation (1) we can predict the average con-

sumption for household i as:

The probability of being poor can then be written as:

ﬁ—povline)
/N4

Formulas for calculation of the standard deviation can be found in Mathiassen (2009).

@P=o
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5. Results

Results in this chapter is based on models estimated from IHS2 and IHS3. Separate models
were applied for urban areas and for each of the three rural regions (North, Central and
South). The R-squared for the models including predictors from all the groups listed in the
section above, range from 57 to 84 percent, in the following also referred to as “full” models.
See Table A6 — Table A13 in the Appendix for results of full model estimate based on the en-

tire sample.

Test of the method, predicting for IHS-samples

To discuss how the method described in the previous section works we compare actual poverty
to predicted poverty figures. To ensure that the contexts we are comparing are the same, each
IHS sample was randomly divided into two equal subsamples. Model parameters were esti-
mated from one subsample and were used to predict poverty for the other subsample of the
same survey, and vice versa. In this way we can compare poverty predicted to actual poverty for
the same households. The results shown in Table 2 are based on the average of these two predic-
tions. It shows the actual poverty, poverty predicted using a full model without seasonal adjust-
ments and poverty predicted using a full model with seasonal adjustments. The latter is included
as a test for how the suggested seasonal adjustment works, although not needed in this case as
the IHSes cover the whole year. Table 2 shows that poverty is closely predicted, with and with-

out seasonal adjustments, and none of the figures differ significant from the other.

Table 2. Actual poverty and poverty predictions within IHS2 and IHS3 sample. Standard deviations
[errors in parenthesis

Q) ) ?3) t-values
Mean predicted Difference Difference Difference
Mean Mean seasonal between: between: between:
actual predicted adjusted
poverty poverty poverty (1) and (2) (1) and (3) (2) and (3)
IHS2 Urban 27 (2.9) 27 (3.6) 25 (3.4) 0.2 0.1 0.3
Rural North 57 (3.1) 55 (4.7) 59 (4.1) 0.2 0.4 0.5
Rural Central 47 (1.8) 47 (3.0) 48 (2.3) 0.2 0.4 -0.1
Rural South 64 (1.7) 64 (2.8) 67 (2.4) 0.1 0.9 -0.8
IHS3 Urban 17 (3.0) 20 (3.0) 19 (3.3) 0.7 0.4 0.3
Rural North 60 (2.8) 60 (3.7) 62 (3.2) 0.1 0.5 -0.4
Rural Central 49 (1.9) 50 (2.8) 53 (2.4) 0.5 1.3 -0.6
Rural South 63 (1.5) 64 (2.5) 67 (2.0) 0.2 1.3 -0.8

Source: based on authors’ own calculations.
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To get a better understanding whether some types of variables are more important to include
in the model than others, Column (1) — (8) in Table 3 show the differences between the actual
poverty and the predicted poverty when excluding one or more groups of explanatory varia-
bles. Excluding only demographic variables (column (6)) has a large impact on predicted pov-
erty in rural areas, systematically predicting lower poverty compared to the actual level. The
bias is even larger when excluding them from a model without consumption variables (col-
umn (7)) and without assets and housing (column (8)). Excluding other variables does not
have a systematic impact on the results and causes only smaller changes in overall poverty
(see column (2)- (5)).

Table 3. Percentage points differences betwee actual and predicted poverty when dropping some
explanatory variables

@ 2 3 4 ®) (6) ] (8
woO WO cons, WO demo,
All assets, WO wo welf, assets, WO WO cons, assets,
var housing educ cons housing demo welf, demo  housing
IHS2
Urban 1 -1 1 -1 1 3 3 6
Rural North 1 1 1 2 1 10 10 13
Rural Central 1 0 0 1 0 7 8 10
Rural South 0 0 0 1 1 7 9 13
IHS3
Urban 3 3 3 -2 1 1 1 2
Rural North 0 0 0 0 0 9 9 11
Rural Central 2 1 1 0 1 4 5 6
Rural South -1 -1 0 0 0 5 7

Source: based on authors’ own calculations.
Note: We employ the following abbrivations: WO=without, educ=education, cons=consumption, welf=subjective welfare,
demo=demographic, var=variables.

Predicting poverty trends

Figure 6 (a, b, c, and d) shows the predicted trends for the four areas, using models based
upon IHS2 and IHS3. In the figures the predictions for IHS2, using the IHS2 model, are in
fact not the numbers predicted by a model, but the actual poverty level calculated directly
from the survey. And the same is the case for IHS3, using the IHS3 model. As all seasons
were covered in IHS2 and IHS3 it is not necessary to adjust the predictions onto these surveys
for seasonality. The predictions for WMS2005-WMS2009 using the IHS2 models differ from
the published estimates because of the new adjustment for seasonality and because of some

variables originally included have been taken out of the model: Two expenditure variables
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(expenditure for sugar and cooking oil) were taken out as the CPI used was questioned, cell
phone was taken out as it is not considered a stable poverty predictor and whether household
paid for public transport was removed as the instruction on how to ask the question had
changed in the subsequent surveys. However, the trend still shows decreasing poverty level
from 2005 to 2009, although not as much as the published poverty trend in NSO Malawi
(2010) (shown in Appendix, Table Al). The tables with the predictions and standard errors
for the predictions are found in Table A2 and Table A3 in the Appendix.

Figure 5 Prediction trends using full models adjusted for seasonality
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Source: based on authors’ own calculations
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In Rural North, poverty predicted using the WMS surveys, shows a gradual declining poverty
trend with the lowest level of poverty obtained for 2009 and 2014. The poverty levels pre-
dicted for 2010 (IHS3) and 2013 (IHPS) do not fit within this trend with relative high poverty
levels. Also for Rural Central, the predicted poverty using WMS-surveys shows a decline in
poverty over the period, although less pronounced. Neither here do poverty levels for 2010
(IHS3) and 2013 (IHPS) fit within the trend. In Rural South there has been a general decrease
in poverty according to the WMS predictions, again the IHS3 and IHPS estimates are out of
line with the others. Finally, for urban areas the WMS predictions suggest a sharp decline in
poverty from 2006 to 2007 whereas afterwards the WMS predicted poverty levels have re-
mained stable. Again, poverty levels predicted using IHS3 and IHPS are higher than for the
WMS.

For all regions the two IHS models predict the same changes/trend in poverty — and
only small differences in the predicted level. This is illustrated by the t-values of the differ-
ence in the prediction between the two models, see Table A4 in the Appendix. While compar-
ing the predicted poverty level to the actual in the 8 cases when predicting onto IHS2 or IHS3
we find that the differences are not significant at the 5 percent level, except for the rural North
when using IHS3-model to predict for IHS2. When comparing the two predictions, respec-
tively, based on the IHS2 and IHS3 model for the WMSes only two out of 56 cases differ sig-

nificantly.

Trends in poverty predictors

This section discusses the variables in the model- the drivers behind the poverty predictions.
We refer to them as poverty predictors as they can be self-standing signals of changes in pov-
erty. The aim is to see whether they signal consistent trends in poverty changes and to identify
whether there are patterns suggesting that the effect of some poverty predictors is dependent
on survey design.

Figure 7 shows the average household size, as well as the average number of members
in three age groups; below 15 (young), between 15 and 60 (adult) and above 60 (old) years
old. These are variables that we would expect to not fluctuate. The relatively high household
sizes in 2007 (WMS) and 2013 (IHPS) significantly differ from the other years. On the other
hand, household size in 2009 (WMS) is significant lower than the other years, see Table A5 in

the Appendix. A closer inspection of Table A5 shows that all adjacent surveys provide
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significantly different figures for household size, and there is no trend in any directions over
time. This is not systematically assigned to type of survey; however the IHS2 and IHS3 num-

bers are not significantly different from each other.

Figure 6. Average number of household member, adults, old and young persons in households
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Source: based on authors’ own calculations.

Figure 8 shows the percentage of the population with ownership of various assets. There
seems to be a downward slope in the ownership of radios — but not a smooth trend. 2007 has a
high peak value and 2014 the lowest value. This decrease may be associated with a high and
steady increase in mobile phone and tv ownership over the period (other means of information
and music). The rate of ownership of mobile phones increased from less than 5 in 2004 to al-
most 55 percent in 2014. Ownership of refrigerators and tv are slightly increasing. Ownership
of bicycles varies much; between 38 and 59 percent in the period. The overall trend in owner-
ship of bed is stable while iron ownership has been decreasing since 2007.

Only assets which are likely to be owned by wealthier households (tv and refrigerator)
are steadily increasing. Ownership of less expensive assets, in general, is lower, or about the

same, comparing the beginning and the end of the period.
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Figure 7. Percentage of households that own various assets
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Source: based on authors’ own calculations.

As shown in Figure 9 below there is a slight increase in the percentage of population using
electricity for lightening over the period. Quality of floor and roof seems to steadily improve,
as the percentage with poor quality of these housing conditions decreases over the period.
There is only a small decrease in the percentage whose main source of cooking fuel is fire-
wood. 2009 seems to be at odds with the other surveys with respect to quality of floor, roof
and electricity: it is not plausible with such high annual fluctuation in these variables as the
WMS2009 shows. Persons per room in households vary much and not systematically with
time or survey type in the period. There were some differences in how this question was asked
which may affect the outcome.
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Figure 8 Housing condition variables
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Source: based on authors’ own calculations

Educational qualifications in 7 categories! among all household members above 5 years, are
reported in the survey. The average maximum household qualification is shown in Figure 10,
zero denotes that no education certificate was achieved among the household members and 6
denotes that at least one person in the household holds a post graduate degree. There is an in-

creasing trend towards higher education in households.

Figure 9. Average maximum education level among household members
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Source: based on authors’ own calculations.

1 (0) None; (1) Primary School Leaving Certificate; (2) Junior Certificate Examination; (3) Malawi School Certificate Examination; (4) Non-University Di-
ploma; (5) University Diploma Degree; (6) Post graduate Degree.
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As shown in Figure 11, there are large differences in the percentage of households purchasing
toothpaste in the period. It seems to be a systematic difference between the two survey types,

with a much higher percentage reporting purchase of toothpaste in the WMS surveys. Part of

this can be explained by seasonality — but far from all. The purchase of toothpaste in the IHS-
surveys varies with 10 percentage points across the four seasons. It is no obvious reason for

purchase of toothpaste to vary so much.

Figure 10. Percentage of households buying toothpaste
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Source: based on authors’ own calculations.

Figure 12 shows the percentage of households who consumed various food items in the last 7
days before the interview. These numbers will be affected by seasonality and only season 3,
covered in all but one survey, is shown. WMS2014 did not include this season and thud does
not occur in the figure. Generally, over the period there seems to be a tendency to increased
food consumption. However, there are ups and downs with particularly WMS2007 and

WMS2009 reporting seemingly high consumption.
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Figure 11. Percentage of households consuming food items in season 3
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Source: based on authors’ own calculations.

Figure 13 shows that there is a large variation in purchase of men’s clothing and shoes (to

both gender) in the last three months. These variables are the sum over respectively five dif-

ferent types of mens clothing and four types of shoes. WMS2009 level is much higher than

the others, and WMS2007 is also high. There is no overall trend throughout the period, and

the two poverty predictors closely track each other.

Figure 12. Consumption of men’s clothes and shoes Season 3
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Source: based on authors’ own calculations.
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Figure 14 shows that there is no clear trend to whether household head sleeps with blanket
and sheet in the cold season over time. This prevalence is however, much higher in 2007
compared to the other years. Similarly, there is no systematic pattern with respect to type of
survey, in the number of clothes the household head owns. This variable varies much, and the
values are particularly high in 2007 and 2014. A hypothesis is that, since these questions are
not standard, as are the other predictors included in the models, the enumerators may not have

been trained to ensure a consistent field approach.

Figure 13. Welfare predictors concerning head of household
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Source: based on authors’ own calculations.

Some of the variables that are included in the models are also available from the Census
which took place in 2008. Including these variables can give us an additional validation on
whether the WMS or IHS provide systematically different estimates. Table 4 shows the devel-
opment in these variables including the neighbor surveys. Cooking with open fire is constant
over the three years period the table includes. Electricity for light is unexpectedly high in
WMS2009. The share that owns a bicycle is a little higher in the WMSs and radio ownership
is much lower in IHS3 than in the other sources. Thus, with respect to these indicators, there

IS no systematic pattern to be observed.
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Table 4. Housing and asset variables compared to Census. Percent

2008 (WMS) 2009 (Census) 2009 (WMS) 2010 (IHS3)
Cooking with fire 89 88 88 89
Light from electricity 7 7 14 8
No toilet 7 12 9 8
Bicycle 48 45 48 44
Radio 62 64 60 49

Source: based on authors’ own calculations.

Poverty trends with reduced set of poverty predictors

The previous analysis on trends in the poverty predictors, showed that some are more “trou-
blesome”, i.e. they show an unlikely variation across the surveys. In particular, number of
rooms in household; non-food consumption variables; and the two variables concerning sub-
jective welfare. Also the binary food consumption variables tend to be systematic lower in the
IHS-surveys compared to WMS. This is in accordance with the findings in Kilic and Soh-
nesen (2019), suggesting that particularly food and non-food consumption as well as the wel-
fare variables were affected by the questionnaire context. We are left with demographic varia-
bles; assets; housing; education and geographic controls. We will refer to the models with the
fewer explanatory variables as the “reduced models”.

Figure 15 to Figure 18 present the poverty trends using the using the reduced model in
the same graph as the full model to easily visualize the effect of excluding the mentioned vari-
ables from the model. With the reduced variable model, poverty declines in Rural North up to
2009 — but not as much as when all variables are included in the model, as seen in Figure 15.
The reduced variable models predict higher poverty for the WMS’es after 2006 than the full
model. Poverty predicted for IHS2, IHS3 and IHPS is nearly unchanged.
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Figure 14. Poverty trends, full models and reduced models. Rural North
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Source: based on authors’ own calculations.

There is less change in poverty in Rural Central over the survey period with the reduced vari-
able model. Poverty predicted with IHS2 as well as with IHS3 reduced models are higher for
WMS2007-WMS2014 compared to the respective full models, as well as higher for IHPS us-
ing the IHS3 model, as seen in Figure 16.

Figure 15. Poverty trends, full models and reduced models. Rural Central
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Source: based on authors’ own calculations.

Also for Rural South the reduced variable model reveals less changes in poverty in the period.

Compared to the full models, poverty predicted by the reduced variable model is higher for
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most of the WMS surveys, and also for IHPS using IHS2 model (Figure 17). For 2005 there is

no impact of reducing the number of predictors in the model, whereas for 2006 the impact is

relatively small.

Figure 16. Poverty trends, full models and reduced models. Rural South
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As seen from Figure 18, for the urban area, comparing the predictions from the two types of
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models shows a more mixed picture. The reduced variable model predicts lower poverty for

IHPS. For the other surveys poverty predicted is consistent with the findings in the other ar-

eas; taking out the consumption variables and poverty predictors from the model produces a

higher estimate for most of the WMS-surveys. The predictions onto IHS2 and IHS3 are the

same using the reduced and the full models.
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Figure 17. Poverty trends, full models and reduced models. Urban
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Source: based on authors’ own calculations from the surveys.

Overall, from the graphs above, we can see that excluding these variables from the model
smoothens out the trend as the poverty predicted for the WMS increases, but hardly affect the
poverty levels predicted from the IHSes.

6. Discussion

There is no clear answer to what was the “true” trend in the poverty headcount in Malawi. To
ensure a consistent annual poverty trend we need strictly comparable surveys every year.
There should be no change in methodology considering all aspects from the survey instru-
ments, how to undertake the interview and analyzing the data. Unfortunately, this is not the
case in Malawi.

However, as self-standing signals of poverty, the analysis in the present study shows
small but steady improvements over the period in the share of the population with good roofs
and floors, access to electricity and a small reduction in the share cooking with firewood.
Ownership to assets that typically only the wealthier have, i.e., refrigerator and TV, is also in-
creasing. There is no clear conclusion on other assets, such as bicycle, beds and iron. In terms
of food consumption, the overall patterns also suggest better conditions. Education level is in-
creasing as well. However, these improvements may well have taken place only among the

non-poor, in which case, it would not affect the welfare among the poor.
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The present study has had as a main objective to assess whether a survey to survey im-
putation technique can be used to predict poverty changes over time with different survey
tools. The validation of the model has been done to the extent that is possible, i.e. predicting
within the same survey. By randomly dividing the sample and predicting onto the other half
we can be sure that the methodology is strictly comparable, i.e that the way data was collected
and analyzed is the same. The analysis within sample shows that the method provides a good
fit. The new addition to the methodological approach to correct for the fact that the WMS sur-
veys only cover a short period and not a whole year as in the IHS surveys, also works well
when tested within sample. Predicting onto an “identical” survey, from IHS2 to IHS3 and vice
versa, mostly works well, except one out of eight cases where the difference in the predicted
versus actual poverty level is significant at 5 percent level. This is a test of whether the model
is stable over time; as time passes one may expect the relation between the predictors and the
consumption aggregate to change. For example, households may shift from using radio as
mobile phones rapidly entering the market provides them with a means to listen to music and
news. Such changes may distort the predictions. However, as new conversion factors were
partly used (for maize, the main staple) in IHS3, the two poverty levels calculated directly
from the surveys are not strictly comparable. Thus, we cannot make a firm conclusion based
on predicting onto the other IHS-survey. The official (actual) poverty estimates for IHPS, as
published in World Bank (2018c) are not comparable to the official poverty estimates from
the previous IHS surveys as it uses an entirely new set of conversion factors for all food
items. Therefore, the model-based poverty predicted for IHPS will neither be comparable to
the actual poverty level in IHPS, and we cannot say whether the models “works” in this case.
Another test of stability of the model over time is provided by comparing the two trends pre-
dicted by the two IHS-models for the WMS and the IHPS- surveys. The trends provided by
the two models are the same within each area in the 10 years period we look at. This is the
same that was found for a study in Uganda (Mathiassen, 2012).

When correcting for the element of seasonality the resulting decline in poverty is less
than the official poverty numbers that were published using the WMSs up to 2009. This is as
expected as the seasons covered in the WMS2005-WMS2009 are expected to be relatively
good times during the year. However, there is still a clear downward trend in poverty pre-
dicted for the WMS surveys, including the WMS2014 which was analyzed for the first time in
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the present study. There is a clear break in the trend with higher predicted poverty for IHS3
and IHPS compared to the predictions for the WMS surveys.

Part of the reason for this break in trend may be assigned to differences in the way
the IHS versus the WMS questionnaire were designed. Some explanatory variables seem to be
particularly influenced by the survey tool, i.e. consumption and subjective welfare predictors.
There is a relatively large impact on the model-based predictions for the WMS surveys from
2007 and onwards, when excluding these variables from the model. At the same time there is
hardly any impact on the model-based predictions for the IHS surveys of excluding the same
variables. This supports the hypothesis that the respondents report “overly” positive on such
variables in the light survey tool compared to the IHS everything else equal, confirming the
finding in Kilic and Sohnesen (2019). For example; in the three IHSes, households were
asked about the household’s consumption of more than hundred food items. First, they were
asked whether they consumed the specific item. If yes, the question is followed up with ques-
tions on amount, price and source of consumption. On the other side, in the WMS-surveys,
the households are only asked whether they consumed eleven specified food items. The ques-
tion on whether they consumed the food item or not is phrased in the same way as in the IHS-
surveys, there are however, no follow-up questions.

Excluding the variables that are most likely to be systematically affected by survey de-
sign results in a much flatter development in poverty, and in rural Central and South confirm-
ing the unchanged poverty level as given by the IHS-surveys. However, it may be argued that
a model without such variables will be less able to pick up fluctuations in poverty as the re-
maining variables are more associated with long run development.

An analysis of the trends in the predictors sometimes reveals variations that are
not plausible. Some of this variation can be assigned to the questionnaire design as discussed
above. This pattern is visible in the higher consumption of toothpaste in all WMS surveys and
clothes and shoes from the WMS2007 and onwards. Also, two other variables, from the so-
called “subjective welfare predictor” section in the IHS questionnaire, showed a large and un-
systematic variation. With respect to food consumption, two surveys WMS2007 and
WMS2009, deviate from the trend with relatively high prevalence of the population reporting
consumption of the food items. Still there is an overall trend showing a more diverse food

consumption pattern in the period.
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Other variations cannot be attributed to questionnaire design. In WMS2009 there
Is an unexpected high proportion of households that report using electricity as the main source
of light. The figure is out of the trend and significantly different from the other surveys. This
is not a variable that fluctuates from year to year as it requires large investments. The same
year two other poverty predictors, which are not expected to change fast, i.e. good quality of
roof and floor, indicate improvements in this year that are out of trend with the adjacent years.
The systematic improvements in these poverty predictors, which are not expected to fluctuate,
suggest that there are implementation differences here.

Household composition, such as number of household members in different age
groups and households size are key indicators to include in the model. Calculation of these in-
dicators requires a detailed roster section and clear definition of who is to be counted as a
household member. In principle, household member was defined in the same way in the IHS
and WMS-surveys, but the year to year significant change in the number of people in the
household, suggests that the implementation differs. The roster module requires solid training
and testing of the enumerators to ensure consistency.

Household composition stood out in the analysis as a critical explanatory variable
in the rural models, which makes it even more important to get this variable right. Omitting
this group of variables provides a systematic lower prediction of poverty in rural areas. No
other variable group has such a systematic impact on the poverty numbers. Why is it so im-
portant to include household size for predicting correctly? One explanation is that there is not
much heterogeneity among households, in particular in rural areas. In that case the quality of
house, consumption pattern, assets and education are not sufficient to distinguish between
households. Rather it is the point of the life cycle, the number of household members to which
to divide the asset and consumption between, that is most important for the poverty level. An-
other explanation can be that household composition creates a bias in the prediction because it
is more difficult to collect consumption information correctly for larger households. For ex-
ample, it is likely that it is difficult to capture all food consumed in households with many
adults that frequently eat outside the household.

The effect of differences in questionnaire design in WMS versus IHS has been dis-
cussed but there are also other features with the surveys influencing the non-sampling errors
and therefore the results. Additional factors that we have some information on and that vary

between the surveys are: institutions supporting the implementation of the surveys, size of the
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field operation and data collection tools. The IHS-surveys were followed by the same team in
the WB, and the questionnaire remained the same — however, the last round in 2013 included
a much smaller sample and a follow up of a panel from IHS3. There seem, however, to be
more inconsistencies with respect to how the WMS-surveys were implemented. A main ap-
parent difference between the WMS-surveys is the sample size. Whereas, the two first
WNMSes were relatively small, around 5,000 households, the other WMS surveys were much
larger, varying between 14,200 and almost 30,000 households. It is interesting to note that the
smaller surveys, WMS2005 and WMS2006 are hardly affected by omitting the consumption
variables from the model in contrast to the larger WMS surveys. This suggests that there may
be additional differences which are associated with the size of the field operation. A large
field operation requires a larger number of team leaders and enumerators and therefore a
larger requirement for training. The training would, in such cases, be done in two steps, first
training the trainers at central level, followed by the newly trained trainers teaching the enu-
merators at a lower level. The result may be larger heterogeneity across the interviewers, with
respect to how the questions are asked and how errors are identified. According to UNSD
(2008) non-sampling errors may increase by sample size.

WMS2007, the largest survey, was attached to an agricultural Census (the NACAL).
For this survey, most of the enumerators were agriculture supervisors receiving some addi-
tional training to serve as enumerators for the WMS module. This change of training and enu-
merators may lead to a difference compared to the other WMS surveys. The NACAL included
several visits and ten modules, where the WMS was the sixth. This affects the interview bur-
den and may therefore have led to respondent fatigue and affected the answers. From 2008 to
2014, the sample sizes remained large, and Statistics Norway had only an advisory role. The
questionnaire changed in 2011 and in 2014. Further, the WMS2014 data were collected by
electronic means. This allows for identifying errors during the time of the interview, which
can be corrected at the spot. Although we are not able to quantify the effect of the various fac-
tors we can conclude that there have been changes that are likely to have had an effect on the

final output from the surveys.
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7. Concluding remarks

This paper has shown that several factors point towards too low poverty levels predicted by
the model in Malawi. It has illustrated that there are substantial challenges in providing com-
parable time series in core welfare variables even between similar surveys, and thus the need
to design a good and stable system of collecting and analyzing data. It is fundamental to focus
on quality in all phases of a survey, and to stick to the same methodology, instructions and
practical implementation. It can, however be difficult to maintain the same questionnaire
when the NSO is dependent on financial support from stakeholders that want to have their say
on the questionnaire. If a survey program is to provide annual poverty trends the ideal would
be to collect annual consumption data in a systematic way. However, if less costly means
based on survey to survey imputation is used it is important to ensure that the poverty predic-
tor module is included in the same way and placed in the same order both in an IHS and in a
WMS. If this is not possible, a second-best option would be to provide time series in the light
surveys that signal the poverty trend, as well as poverty distribution across space — recogniz-

ing that poverty between the different types of surveys are difficult to compare.
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Appendix

Table Al.Published poverty numbers. Percent

IHS2 WMS WMS WMS WMS WMS

2004 2005 2006 2007 2008 2009
Malawi 52 50 45 40 40 39
Urban 25 24 25 11 13 14
Rural . 53 a7 44 44 43
Rural Northern 56 51 46 46 35 31
Rural Central 47 46 40 36 40 41
Rural Southern 64 60 55 51 51 51

Source: NSO (2010).

Table A2. Poverty predictions
2004 2005 2006 2007 2008 2009 2010 2013 2014

(IHS) (WMS)  (WMS)  (WMS) (WMS) (WMS) (IHS) (IHPS)  (WMS)

Full model (all variables included)

IHS2 model

Urban 25 25 26 13 16 15 24 27 13
Rural North 56 58 53 52 44 35 53 59 36
Rural Central 47 51 44 39 41 37 46 46 35
Rural South 64 68 59 53 57 47 64 62 53
IHS3 model

Urban 22 17 20 10 11 10 17 20 11
Rural North 64 62 59 51 49 37 60 65 40
Rural Central 51 49 48 40 44 39 49 48 39
Rural South 65 66 59 49 57 47 63 61 57

Reduced model (excluded consumption and "subjective" poverty variables)

IHS2 model

Urban 25 29 27 17 16 17 23 20 15
Rural North 56 58 55 58 49 45 54 61 47
Rural Central 47 51 42 46 46 45 47 47 43
Rural South 64 69 65 65 67 64 65 69 65
IHS3 model

Urban 21 19 21 13 13 13 17 16 12
Rural North 60 62 60 59 56 51 60 67 53
Rural Central 51 52 48 50 51 51 49 53 50
Rural South 62 67 64 66 65 62 63 64 64

Source: based on authors’ own calculations.
Note: The results for IHS2 using IHS2-model and for IHS3 using IHS3-model, are the actual poverty and not model based
predicted as the other figures.
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Table A3. Standard errors

2004 2005 2006 2007 2008 2009 2010 2013 2014

(IHS) (WMS)  (WMS)  (WMS) (WMS)  (WMS)  (IHS)  (IHPS)  (WMS)
Full model (all variables included)
IHS2 model
Urban 2.8 2.9 4.6 2.1 25 2.2 2.8 3.2 1.8
Rural North 2.7 3.4 3.2 3.7 3.1 2.6 3.4 3.3 3.2
Rural Central 1.6 2.3 2.4 2.1 1.9 1.9 2.4 2.8 1.9
Rural South 15 2.3 2.4 2.2 2.0 1.9 2.0 29 1.9
IHS3 model
Urban 3.0 25 4.2 1.8 2.3 2.0 25 2.8 15
Rural North 2.7 29 2.8 3.3 2.6 2.7 2.3 29 2.6
Rural Central 2.2 2.2 2.4 2.1 2.0 2.0 1.6 2.7 1.9
Rural South 1.8 2.2 2.2 2.2 1.9 1.8 1.3 3.6 1.8
Reduced model (excluded consumption and "subjective" poverty variables)
IHS2 model
Urban 2.8 2.6 2.2 25 2.3 2.4 2.4 3.0 2.0
Rural North 2.7 3.6 3.6 4.1 3.6 3.6 3.9 3.8 3.7
Rural Central 1.6 25 2.5 2.5 2.1 2.4 2.6 2.7 2.2
Rural South 15 2.4 2.6 2.3 2.2 2.3 2.4 2.4 2.1
IHS3 model
Urban 3.1 2.6 4.3 2.2 2.3 2.1 2.5 3.2 1.7
Rural North 34 2.8 2.8 3.3 34 2.5 2.3 3.7 3.2
Rural Central 2.4 2.2 3.7 2.6 2.3 2.4 1.6 3.0 1.2
Rural South 1.7 2.3 2.5 2.2 2.2 2.1 1.3 3.0 1.9

Source: based on authors’ own calculations.

Note: The standard errors for the IHS2 and IHS2 estimates using respectively IHS2- and IHS3- model are the actual standard

errors.

Table A4. t-values. Differences in predictions between IHS2 and IHS3 models. Full models

2004 2005 2006 2007 2008 2009 2010 2013 2014

(IHS) (WMS) (WMS) (WMS) (WMS) (WMS) (IHS) (IHPS) (WMS)
Urban 0.01 0.02 0.01 0.01 0.01 0.02 0.02 0.02 0.01
Rural North -0.02 -0.01 -0.02 0.00 -0.01 0.00 -0.02 -0.01 -0.01
Rural Central | -0.02 -0.01 -0.02 -0.02 -0.01 -0.01 -0.01 -0.01 -0.01
Rural South 0.00 0.00 0.00 0.01 0.00 0.00 0.00 0.00 -0.02

Source: based on authors’ own calculations.
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Table A5. Lower and upper limits for 95% confidence interval for household size

2004 2005 2006 2008 2010 2014
(IHS) (WMS)  (WMS) (WMS) (IHS) (WMS)
Lower limit for
Confidence In- 4.48 4.62 4.43 4.55 451 4.31
terval
Upper limit for
Confidence In- 4.56 4.74 4.55 4.61 4.59 4.38
terval
Source: based on authors’ own calculations.
Note: in the following tables controls for season and district are not shown.
Table A6. IHS2-full model. Rural North
Parameter Standard
estimate error
Intercept 10.19 0.059 171.4
dependency ratio -0.18 0.054 -3.3
if grass or plastic roof -0.12 0.031 -4.0
no of clothes for head 0.02 0.003 6.5
if hh bought shoes last 3 months 0.08 0.025 3.2
if hh owns a bed 0.12 0.026 4.7
number of radios hh own 0.25 0.050 4.9
if hh consumed rice last 7 days 0.13 0.030 4.4
if hh consumed fresh milk last 7 days 0.11 0.031 3.6
if hh consumed meat last 7 days 0.21 0.025 8.5
if hh consumed cookingoil last 7 days 0.12 0.025 4.5
max education among members, squared 0.01 0.003 3.8
age of head, squared 0.00 0.000 1.3
log of hhsize -0.59 0.023 -25.7
Adjusted R-squared 0.56
Number of observations 1433

Source: based on authors’ own calculations.

40




Table A7. IHS2-full model. Rural Central

Pare_ameter Standard  t-value
estimate error

Intercept 10.43 0.032 321.0
dependency ratio -0.12 0.026 -4.9
members per room' -0.02 0.004 -3.8
if sand or smoothed mud floor -0.16 0.021 -7.8
max education among members 0.05 0.007 6.2
if hh bought shoes last 3 months 0.10 0.013 7.3
if hh bought mens clothes last 3 months 0.09 0.013 7.2
if hh owns an iron 0.08 0.018 45
if hh owns a radio 0.07 0.013 55
if head sleeps under blankets and sheets in cold season 0.06 0.019 3.2
if hh owns a bed 0.12 0.018 6.4
if hh consumed eggs last 7 days 0.09 0.015 5.8
if hh consumed meat last 7 days 0.20 0.013 15.3
if hh consumed rice last 7 days 0.13 0.017 7.9
if hh consumed fresh milk last 7 days 0.09 0.026 35
if hh consumed bread last 7 days 0.12 0.022 55
if hh consumed cookingoil last 7 days 0.13 0.013 9.9
if hh bought toothpaste last month 0.11 0.016 6.5
log of hhsize -0.58 0.013 -44.5
Adjusted R-squared 0.64

Number of observations 3822

Source: based on authors’ own calculations.
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Table A8. IHS2-full model. Rural South

Pare_lmeter Standard  t-value
estimate error

Intercept 9.83 0.130 75.5
dependency ratio -0.17 0.024 -7.2
hhsize 0.03 0.007 4.5
members per room -0.08 0.013 -6.5
if grass or plastic roof -0.13 0.014 -9.0
if hh owns a radio 0.05 0.011 4.4
if hh bought mens clothes last 3 months 0.12 0.013 9.6
if hh owns an iron 0.12 0.016 7.5
no. of clothes for head 0.01 0.001 7.7
if hh bought shoes last 3 months 0.09 0.014 6.4
if hh owns a bed 0.08 0.015 5.6
if hh consumed eggs last 7 days 0.10 0.014 7.2
if hh consumed meat last 7 days 0.22 0.013 16.8
if hh consumed rice last 7 days 0.14 0.014 10.4
if hh consumed bread last 7 days 0.22 0.023 9.5
if hh consumed cookingoil last 7 days 0.15 0.012 11.8
if hh consumed sugar last 7 days 0.11 0.012 9.4
if hh bought toothpaste last month 0.12 0.016 7.2
members per room, squared 0.01 0.002 4.5
age of head, squared 0.00 0.000 -2.3
log of hhsize -0.70 0.027 -26.2
log of age of head 0.14 0.040 3.6
Adjusted R-squared 0.70

Number of observations 4546

Source: based on authors’ own calculations.
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Table A9. IHS2-full model. Urban

Pare_ameter Standard  t-value
estimate error

intercept 10.63 0.049 218.5
dependency ratio -0.20 0.044 -4.6
members per room -0.17 0.027 -6.3
if grass or plastic roof -0.13 0.023 -5.7
max education among members -0.07 0.021 -3.2
if hh owns an iron 0.09 0.022 4.2
if hh bought mens clothes last 3 months 0.07 0.019 3.8
no of clothes for head 0.02 0.002 7.1
if hh bought shoes last 3 months 0.06 0.020 3.1
if head sleeps under blankets and sheets in cold season 0.13 0.021 5.9
if hh consumed eggs last 7 days 0.11 0.020 5.6
if hh consumed meat last 7 days 0.26 0.021 12.6
if hh consumed rice last 7 days 0.08 0.020 4.2
if hh consumed bread last 7 days 0.13 0.021 6.3
if hh consumed fresh milk last 7 days 0.18 0.023 7.9
if hh bought toothpaste last month 0.13 0.021 6.3
if hh owns a refrigerator 0.55 0.036 15.2
members per room, squared 0.02 0.004 4.2
max education among members, squared 0.02 0.003 6.9
log of hhsize -0.56 0.024 -23.7
Adjusted R-squared 0.84

Number of observations 1431

Source: based on authors’ own calculations.

Table A10. IHS3-full model. Rural North

Parameter Standard  t-value
estimate error

Intercept 8.25 0.051 160.3
dependency ratio -0.19 0.045 -4.1
if grass or plastic roof -0.16 0.023 -7.0
number of radios hh own 0.33 0.046 7.2
if hh owns a bed 0.05 0.022 23
no. of clothes for head 0.02 0.003 5.6
if hh bought shoes last 3 months 0.15 0.023 6.5
if hh consumed rice last 7 days 0.20 0.022 9.3
if hh consumed fresh milk last 7 days 0.20 0.028 7.3
if hh consumed rice last 7 days 0.33 0.021 16.0
if hh consumed cookingoil last 7 days 0.18 0.022 8.1
max education among members, squared 0.01 0.002 5.8
age of head, squared 0.00 0.000 1.7
log of hhsize -0.53 0.019 -28.4
Adjusted R-squared 0.61

Number of observations 1755

Source: based on authors’ own calculations.
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Table A11l. IHS3-full model. Rural Central

Parameter Standard  t-value
estimate error
Intercept 8.64 0.038 229.9
dependency ratio -0.18 0.029 -6.1
members per room -0.04 0.006 -7.4
if sand or smoothed mud floor -0.14 0.023 -5.9
if hh owns a radio 0.11 0.014 7.6
if hh bought mens clothes last 3 months 0.14 0.018 7.8
if hh bought shoes last 3 months 0.12 0.016 7.3
if hh owns an iron 0.18 0.025 6.9
max education among members 0.04 0.007 6.0
if head sleeps under blankets and sheets in cold season -0.03 0.019 -1.6
if hh owns a bed 0.10 0.019 5.3
if hh consumed eggs last 7 days 0.17 0.016 10.6
if hh consumed meat last 7 days 0.32 0.015 22.1
if hh consumed rice last 7 days 0.20 0.018 11.3
if hh consumed bread last 7 days 0.16 0.024 6.7
if hh consumed fresh milk last 7 days 0.15 0.026 5.7
if hh consumed cookingoil last 7 days 0.15 0.015 10.0
if hh bought toothpaste last month 0.13 0.019 7.0
log of hhsize -0.52 0.015 -34.5
Adjusted R-squared 0.68
Number of observations 3484
Source: based on authors’ own calculations.
Table A12. IHS3-full model. Rural South
Parameter Standard  t-value
estimate error
Intercept 777 0.133 58.4
dependency ratio -0.15 0.025 -5.9
hhsize 0.00 0.007 -0.5
members per room -0.09 0.014 -6.2
if grass or plastic roof -0.13 0.014 -9.7
if hh owns a radio 0.10 0.012 8.2
if hh bought mens clothes last 3 months 0.11 0.015 6.9
if hh owns an iron 0.17 0.021 8.3
max education among members 0.04 0.006 6.0
no. of clothes for head 0.01 0.002 7.9
if hh bought shoes last 3 months 0.15 0.015 10.0
if hh owns a bed 0.10 0.015 6.7
if hh consumed eggs last 7 days 0.15 0.014 10.5
if hh consumed meat last 7 days 0.23 0.013 17.9
if hh consumed rice last 7 days 0.15 0.014 10.9
if hh consumed bread last 7 days 0.17 0.021 7.8
if hh consumed fresh milk last 7 days 0.10 0.027 3.7
if hh consumed cookingoil last 7 days 0.14 0.013 10.9
if hh consumed sugar last 7 days 0.17 0.013 13.2
if hh bought toothpaste last month 0.08 0.016 5.2
members per room, squared 0.01 0.002 4.6
age of head, squared 0 0.000 -2.9
log of hhsize -0.60 0.029 -20.8
log of age of head 0.20 0.041 49
Adjusted R-squared 0.73
Number of observations 4790

Source: based on authors’ own calculations.
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Table A13. IHS3-full model. Urban

Parameter Standard  t-value
estimate error

Intercept 9.10 0.048 188.8
dependency ratio -0.22 0.043 -5.2
members per room -0.19 0.024 -7.7
if sand or smoothed mud floor -0.21 0.022 -9.4
max education among members -0.12 0.021 -5.8
if hh bought mens clothes last 3 months 0.08 0.020 4.3
no. of clothes for head 0.00 0.001 2.8
if hh bought shoes last 3 months 0.08 0.019 4.1
if head sleeps under blankets and sheets in cold season 0.11 0.020 5.7
if hh owns an iron 0.15 0.022 6.9
if hh consumed eggs last 7 days 0.15 0.020 7.3
if hh consumed meat last 7 days 0.21 0.021 9.9
if hh consumed rice last 7 days 0.13 0.021 6.1
if hh consumed bread last 7 days 0.16 0.022 7.2
if hh consumed fresh milk last 7 days 0.14 0.021 6.5
if hh bought toothpaste last month 0.11 0.020 5.6
if hh owns a refrigerator 0.43 0.029 14.8
members per room, squared 0.02 0.003 5.1
max education among members, squared 0.03 0.003 10.1
log of hhsize -0.49 0.023 -21.5
Adjusted R-squared 0.78

Number of observations 2232

Source: based on authors’ own calculations.
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