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Abstract 

 

Does the same question asked of the same population yield the same answer in face-to-face 

interviews when other parts of the questionnaire are altered? If not, what would be the 

implications for proxy-based poverty measurement? Relying on a randomized household survey 

experiment implemented in Malawi, this study finds that observationally equivalent as well as 

same households answer the same questions differently when interviewed with a short 

questionnaire versus the longer counterpart that, in a prior survey round, would have informed 

the prediction model for a proxy-based poverty measurement exercise. The analysis yields 

statistically significant differences in reporting between the short and long questionnaires across 

all topics and types of questions. The reporting differences result in significantly different 

predicted poverty rates and Gini coefficients. While the difference in predictions ranges from 

approximately 3 to 7 percentage points depending on the model specification, restricting the 

proxies to those collected prior the variation in questionnaire design, namely demographic 

variables from the household roster and location fixed effects, leads to same predictions in both 

samples. The findings emphasize the need for further methodological research, and suggest that 

short questionnaires designed for proxy-based poverty measurement should be piloted, prior to 

implementation, in parallel with the longer questionnaire from which they have evolved. The fact 

that at the median it took 25 minutes to complete the food and non-food consumption sections in 

the long questionnaire also implies that the implementation of these sections might not be as 

overly costly as usually assumed. 
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1. INTRODUCTION 

 

Does the same question that is asked of the same population yield the same answer in face-to-

face interviews when other parts of the questionnaire are altered? If not, what might be correlated 

with the discrepancies and what would be the resulting implications for proxy-based poverty 

measurement? These are the central questions of our study. While the empirical investigation is 

conducted in the context of predicting household consumption expenditures, our findings are 

equally relevant for the estimation of trends based on questionnaires that exhibit variations in 

design over time and for impact evaluations that might rely on questionnaires of different length 

and complexity for treatment and control samples.  

 

Estimating consumption and poverty via proxies is compelling as consumption measurement is 

often argued to be complex and costly. The literature on proxy-based poverty measurement 

highlights the promise of the method in improving the frequency and comparability of inter-

annual poverty estimates at a lower cost, and sometimes by using already existing data 

(Christiaensen et al., 2012). Related applications on providing intra-year poverty predictions 

(Douidich et al., 2013), and developing proxy means tests for enhancing the targeting 

performance of development programs (Houssou & Zeller, 2011) have captured attention. With 

increasing pressure placed on national statistical systems by governments and the international 

community for increasing the frequency, quality, and comparability of poverty statistics, the 

interest in the method’s application for filling the gaps in a cost effective fashion is generating 

continued interest.  

 

Both parametric and non-parametric approaches to estimation have been featured in the 

literature.
2
 Regardless of the approach, all practical applications would rely on data originating 

from two non-identical questionnaires: one set of data to establish the underlying model and 

another set of data with proxies to pair with the model parameters and to obtain predictions. In 

the case of consumption and poverty, the model is typically established based on data from a 

multi-purpose household questionnaire that yields a comprehensive welfare aggregate (hereafter 

referred to as a standard household questionnaire), while data on proxies would be solicited 

through a shorter household questionnaire, often with a shorter field implementation period.
3
 

Even if questions underlying proxy definitions are worded identically across short versus 

standard household questionnaires, identical questions could yield different answers in 

questionnaires that exhibit substantial variation in inter- and intra-module scope of data 

collection.  
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 Vu and Baulch (2011) evaluate a range of these methods in the context of Vietnam. 

3
 Although the shorter fieldwork for a short household survey would result in cost savings, the differences in the 

period of implementation between a short household survey and its standard comparator could affect the values 

obtained for the seasonality-prone poverty proxies. Our set-up ensures that the observed differences between the 

data obtained from a short vs. standard questionnaire are not due to differences in the period of survey 

implementation. 
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The interactions between questionnaire design and cognitive processes underlying reporting are 

complex. Tourangeau et al. (2000) posit that question answering process involves the stages of 

comprehension, retrieval, judgment, and response production. Theoretically, questionnaire 

design decisions place different demands on respondents at different stages (Hess et al., 2001). 

The literature on substantial questionnaire variation with identical questions given to comparable 

samples is thin. Beegle et al. (2012), in their comparative assessment of methods of household 

consumption in Tanzania, find that the recall-based reporting on frequent non-food consumption 

expenditures is negatively affected by increasing the scope of the food consumption module 

(whether recall- or diary-based) which is administered prior to the non-food consumption 

module. Given the questionnaire wording and structure for the non-food consumption module 

was identical across the food consumption module variants, the authors suggest respondent 

burden to be the potential culprit behind their finding.
4
 The evidence on the presence of 

respondent burden and its effects on data quality are quite heterogeneous. The documented 

effects are ultimately context- and subject-specific, but there are several (some experimental) 

studies that document (i) question/module placement effects, whether earlier or later in a 

questionnaire (Johnson et al., 1974; Kraut et al., 1975; Herzog & Bachman, 1981; Andrews, 

1984), and (ii) motivational under-reporting during personal interviews in responses to gateway 

questions as to avoid follow-up questions (Kreuter et al., 2011; Eckman et al., forthcoming).
5
  

 

If independent samples that are drawn from the same population and that are interviewed at the 

same time, indeed provide different values for the same poverty proxies depending on whether 

they were subject to a short questionnaire versus its standard counterpart that would be used for 

establishing the poverty prediction model in a prior period, it is reasonable to expect that the 

subsequent poverty predictions could be different.
6
 Our study is the first that provides 

experimental evidence on this possibility, which is implicitly assumed away in proxy-based 

poverty measurement exercises as long as questions underlying proxy definitions are worded 

identically across short and standard survey instruments.
7
  

                                                             
4
 Though not reported in their paper, Beegle et al. (2012) experimented also with the placement of the labor module 

of the questionnaire, which was put randomly either before or after in 4 of their 8 consumption designs. They looked 

at whether food as well as total consumption were impacted in each of these four scenarios (i.e. 8 regressions) and 

found mixed results, with a modest suggestion that both food and total consumption were lower when the labor 

module came before (i.e. statistically significant effect at 10 percent level in 2 of the 8 regressions). These insights 

were obtained in private communication with the authors. The experimentation around survey design in their study 

is not as comprehensive as a shift from a standard to a light household survey would typically be, and the observed 

impacts could therefore be different. 
5
 The data collection themes across the cited studies do not overlap with those featured in our analysis. 

6
 Newhouse et al. (2014) document a Sri Lankan application in which proxy-based poverty predictions fail to track 

official poverty estimates. In the urban areas, they identify the cause of the problem as the incomparability of the 

employment question between their light and standard household questionnaires. Even though our study highlights 

the potential incomparability of the data by light vs. standard questionnaire treatment, Newhouse et al. (2014) 

highlight another type of sensitivity of proxy-based poverty estimation to changes in questionnaire design. 
7
 Survey mode does not differ between the light and standard household questionnaires used in our experiment, and 

we rely on paper questionnaires administered by interviewers in face-to-face interviews. There is a rich literature on 

the comparative effects of survey mode (computer-assisted personal interviewing in face-to-face interviews, 
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More specifically, the work is based on a randomized household survey experiment that was 

implemented in Malawi in 2013. The inspiration for the experiment was the discrepancy in the 

poverty trends based on competing Malawi National Statistical Office (NSO) products during the 

period of 2004/05-2010/11. Although the direct measurement of household consumption 

expenditures from the Second Integrated Household Survey (IHS2) and the Third Integrated 

Household Survey (IHS3) had produced a stagnant headcount poverty trend of 52 percent in 

2004/05 and 51 percent in 2010/11, the Welfare Monitoring Survey (WMS)-based poverty 

predictions that were disseminated between the IHS2 and the IHS3 had implied a steep decline 

from 50 percent in 2005 to 39 percent in 2009. At conceptualization, the WMS had been 

designed to provide, among other indicators, poverty predictions on an annual basis in the 

interim years of the IHS, which is conducted approximately every 5 years. This objective was 

fulfilled between the IHS2 and the IHS3 by combining the parameters from a model of 

household consumption expenditures estimated using the IHS2 with the associated proxies 

obtained from the 20-page WMS questionnaire that was markedly lighter in inter- and intra-

module scope of data collection than the IHS counterpart.
8
  

 

There are three key findings that emerge from the analysis. First, we find that observationally 

equivalent households as well as same households answer the same questions differently when 

interviewed with a short questionnaire versus its standard counterpart. Second, the analysis 

yields statistically significant differences in reporting across all topics and types of questions. 

The effect is quite pronounced for binary poverty proxies related to consumption of non-food 

and food consumption items, and experience of household shocks. The categorical variables, 

particularly those related to subjective welfare and housing, are also impacted by changes in 

questionnaire design. Third, relying on prediction models based on the national household survey 

data collected with the standard questionnaire in 2010, we find that the differences in reporting 

are sufficient to give poverty predictions that are significantly different from each other. While 

the resulting difference in predicted poverty estimates ranges from approximately 3 to 7 

percentage points depending on the model specification, restricting the poverty proxies to the 

ones that do not differ by survey treatment, namely demographic variables from the household 

roster and location fixed effects, predicts same poverty rates in both samples. The findings 

emphasize the need for further methodological research on module/question placement effects 

and associated cognitive and behavioral processes, and support the view that light household 

survey operations designed for proxy-based poverty measurement should judiciously pilot their 

instruments prior to roll-out, in parallel with the questionnaire instruments from which they have 

evolved. 

 

                                                                                                                                                                                                    
telephone interviews, self-administered questionnaires mailed-in or completed online, etc) that we do not delve into. 

If survey mode differs between the light and standard household questionnaires used in a proxy-based poverty 

measurement exercise, the variation may affect the proxy measurement and the subsequent poverty predictions. 
8
 The information on the WMS is available on http://www.nsomalawi.mw/publications/welfare-monitoring-surveys-

wms.html.  

http://www.nsomalawi.mw/publications/welfare-monitoring-surveys-wms.html
http://www.nsomalawi.mw/publications/welfare-monitoring-surveys-wms.html


 

5 

 

The paper is organized as follows. Section 2 presents the randomized household survey 

experiment set up and describes the data. Section 3 assesses the differences in reporting by 

survey treatment status and reports the findings. Section 4 evaluates the impact on proxy-based 

poverty measurement. Section 5 concludes.  

 

 

2. DATA 

 

The methodological experiment on proxy-based poverty measurement (hereafter referred to as 

“the experiment”) was integrated into the Malawi Integrated Household Panel Survey (IHPS) 

2013, which was implemented using paper questionnaires and face-to-face interviews. The IHPS 

attempted to track and resurvey 3,246 households across 204 enumeration areas (EAs) that had 

been surveyed for the Third Integrated Household Survey (IHS3) 2010/11.
9
 The survey was 

implemented by the National Statistical Office (NSO), and had been designed at baseline to be 

representative at the national-, urban/rural, regional levels, and for the six strata defined by the 

combinations of region and urban/rural domains. The IHPS targeted all individuals that were part 

of the IHS3, including those that moved away from the IHS3 dwelling locations between 2010 

and 2013. Once a split-off individual was located, the new household that he/she formed or 

joined since the IHS3 interview was brought into the IHPS sample. As a result, the overall IHPS 

database includes 4,000 households, which could be traced back to 3,104 IHS3 households.
10,11

  

 

The main IHPS fieldwork was carried out during the period of April-October 2013, with residual 

tracking operations conducted during the period of November-December 2013. The survey 

attempted to visit each household twice, identical to the IHS3 practice, within two weeks of the 

baseline interview timeframe, and with approximately three months in between visits. At 

baseline, the IHPS EAs had been randomly divided into two halves, known as Sample A and 

Sample B EAs, and the questionnaire load for households in these EAs had been split differently 

across visits. During the IHPS, Sample A households were administered the standard household 

questionnaire during Visit 1, and had simply received an update to the household roster module 

in Visit 2. In contrast, Sample B households had received only the household roster module of 

                                                             
9
 The IHPS 2013 and the IHS3 were supported by the Living Standards Measurement Study – Integrated Surveys on 

Agriculture (LSMS-ISA) initiative, whose primary objective is to provide financial and technical support to 

governments in sub-Saharan Africa in the design and implementation of nationally-representative multi-topic panel 

household surveys with a strong focus on agriculture. The IHPS 2013 and IHS3 data and documentation are 

publically available on www.worldbank.org/lsms.  
10

 Attrition was limited to only 3.78 and 7.42 percent, at household and individual levels, respectively. 
11

 The interviewer training for the experiment was part of the IHPS field staff training; as such it was hands-on and 

extensive. During the fieldwork, the field staff was under continuous quality control. The threat of (and actual) 

supervisor re-interviews of households and systematic interviewer evaluations by the IHPS management attempted 

to prevent interviewer-specific tendencies from culminating. This was reinforced by ensuring in each half of the 

fieldwork that the experiment workload was spread evenly across the interviewers, alongside their main IHPS 

assignments. The experiment data processing and quality control protocols were identical to the IHPS protocols.   

http://www.worldbank.org/lsms-isa
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the standard household questionnaire in Visit 1 and had been administered the rest of the 

questionnaire in Visit 2.  

 

The standard household questionnaire spanned 66 pages and 23 modules. Our experiment was 

administering an additional 2-page instrument (included in the Appendix), immediately after the 

household roster module (i.e. the first module following the cover page), to a subsample of IHPS 

households during the visit in which the interview would have only necessitated the 

administration of the household roster module. Toward this end, 4 households in each IHPS EA, 

out of the households that remained in the original EA between 2010 and 2013, were randomly 

selected for the experiment, and received the additional 2-page instrument. Since only 

households that had remained in the original EA were considered for the experiment, we limit 

the analysis sample to all households that remained in the original EA between 2010 and 2013, 

and that were subject to the two-visit approach in 2013.
12

 This yields an analysis sample of 2,822 

households, out of which 765 households were part of the experiment.
13

  

 

Table 1 provides an overview of the sample. Out of 1,428 Sample A households, who received 

the full standard questionnaire in Visit 1 and were revisited in Visit 2 for a household roster 

update, 393 households also received the additional 2-page instrument following the household 

roster module in Visit 2. Similarly, out of 1,394 Sample B households, who received only the 

household roster module in Visit 1 and the full standard questionnaire in Visit 2, 372 households 

were administered the additional 2-page instrument in Visit 1. Hence, 765 experiment records 

form a sub-sample of whom the same questions were asked in different questionnaires and at 

different points in time.  

 

In selecting the questions to be included in the 2-page instrument for the experiment, we solicited 

inputs from the Statistics Norway staff that had supported the NSO in producing WMS-based 

poverty predictions, and aimed to (i) be able to compute the indicators from the Poverty 

Predictors module of the WMS questionnaire
14

, (ii) capture the poverty proxies used by past 

survey-to-survey imputation applications to the Malawi Second Integrated Household Survey 

(IHS2) 2004/05 data (Houssou & Zeller, 2011), and (iii) include other poverty proxies on food 

consumption, non-food consumption and subjective welfare that have been suggested in the 

literature but that are not currently used extensively (Christiaensen et al., 2012).  

 

                                                             
12

 Given the demanding tracking objectives of the survey, the teams managed to implement the two-visit approach 

for 91.7 percent of the IHPS sample (i.e. 3,667 households). On average, there were 96 days between the two visits. 
13

 Table A1 in the Appendix presents the sample means for 36 household level attributes computed from the non-

experiment modules and the results from the tests of mean differences by whether a household was part of the 

experiment. No mean difference is statistically significant at least at the 10 percent level, supporting the view that on 

average, there are no systematic differences between the non-experiment and the experiment samples beyond the 

difference in the survey treatment that they were subject to randomly. 
14

 The Poverty Predictors module of the WMS questionnaire was unchanged during the period of 2005-2009, and 

also consisted of 2 pages. 
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The modules that were part of the 2-page instrument were abbreviated versions of the following 

modules in the standard household questionnaire: (i) housing, (ii) food consumption over past 

one week, (iii) non-food expenditures over past one week and one month, (iv) non-food 

expenditures over past three months, (v) durable goods, (vi) shocks and coping strategies, and 

(vii) subjective assessment of well-being. Since the durable goods module was inadvertently 

different across survey treatments, we elect not to use the data on the ownership of durable goods 

in our analysis.
15

 The modules were administered in the same order in which they appeared in 

the standard household questionnaire
16

 and yield a mix of binary (70), ordered categorical (12), 

and continuous (1) poverty proxies. 

 

Table 2 presents the median time allocated to the administration of a given module, and the 

median time the interview had been on-going prior to the administration of the module in 

question. The statistics are presented separately for the experiment and standard interviews. The 

complexity and scope of the standard household questionnaire lead to substantially longer 

interviews. By the time the first poverty proxy question is asked in the standard interview (at the 

34
th

 minute mark at the median), the experiment interview is already conducted in full (at the 

23
rd

 minute park at the median). Another striking finding is that the standard questionnaire 

modules on food and non-food consumption that we seek to proxy in fact take less than 25 

minutes to administer as a package at the median. This brings into question, at least in the case of 

Malawi, why consumption data, in and of itself, is considered complex and too costly to collect 

at a higher frequency. 

 

 

3. REPORTING DIFFERENCES IN EXPERIMENT VS. STANDARD INTERVIEWS 

 

To explore reporting differences by household survey treatment status, we estimate multivariate 

regressions of the following form: 

  

𝑦𝑖 = 𝛼 + 𝛽𝑒𝑖 + 𝛾𝑍𝑖 + 𝜇𝑖  (1) 

 

where 𝑖 stands for household; y is a binary, categorical or continuous poverty proxy of interest; e 

is the binary variable identifying whether or not a household was part of the experiment; Z is a 

                                                             
15

 In the IHPS household questionnaire, the ownership of each asset is first established by a yes/no question, with the 

values of 1 and 2 recorded for yes and no answers, respectively. The question on the number of items owned is then 

asked for assets that are owned. Due to a mistake in the design of the experiment instrument, the yes/no question 

was dropped, and the question on the number of items owned was included with an instruction for the interviewer to 

record a value of zero for assets that are not owned. This resulted in an unusual number of experiment households 

owning two assets in the Visit 1 data, which led to the discovery of the fact that interviewers were recording a value 

of 2 in the experiment module for assets that are not owned, similar to the practice followed for the yes/no question 

in the complex household questionnaire. Although the interviewers were retrained on the correct administration of 

the experiment module prior to the Visit 2 period, we still do not have 100 percent confidence in these data.  
16

 The only exceptions were (vi) and (vii) whose order was reversed in the 2-page instrument for presentation 

reasons. 
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vector of observable household attributes computed from non-experiment modules; α and μ 

identify constant and error terms, respectively.
17

 For binary, categorical and continuous poverty 

proxies, we use Logit, Ordered Logit, and OLS regressions, respectively.  

 

In what follows, we follow two approaches in estimating the survey treatment effect, 𝛽. The first 

relies on the comparison of poverty proxy values reported by 2,057 non-experiment households 

during their standard interviews vis-à-vis the values reported for the same outcomes by 765 

experiment households during their short interviews. The results from this line of analysis are 

reported under the “Experiment versus Standard” heading in the tables that follow. The second 

line of analysis attempts to gauge the sensitivity of these findings by comparing the answers 

provided by the 765 experiment households during their standard vs. experiment interviews. The 

tables report the results from this line of analysis are reported under the “Same Households: 

Experiment versus Standard” heading. 

 

There are significant discrepancies in how households answer the same questions in different 

questionnaires.
18

 Table 3 reports module-specific counts of poverty proxies that are associated 

with statistically significant survey treatment effects at least at 10 percent level. Comparing the 

experiment versus standard samples, there are significant differences in 33 of the 83 variables 

(column 2), equivalent to significant differences in approximately 40 percent of the variables. 

Even when you ask the same households the same questions, the answers often differ. In 32 of 

the 83 questions, equivalent to 39 percent of the questions, we get significantly different answers 

for the same questions among households that were asked these questions in different 

questionnaires at two different times (column 3). The fact that same households also answer the 

same questions differently depending on the questionnaire instrument is strong evidence that the 

variation in the questionnaire design is driving these results.  

 

The only continuous poverty proxy, namely household cell phone expenditures, has an average 

that differs between the experiment and standard samples but not when the experiment versus 

                                                             
17

 Given the evidence for successful randomization, bivariate statistical tests should theoretically provide sufficient 

evidence for whether reporting differences exist by household survey treatment status. The vector of controls 

included in Equation (1), however, allows us to account for any remaining unobservable heterogeneity correlated 

with the observed attributes and to explore heterogeneity of impact later in the analysis. The results are indeed not 

sensitive to whether or not the vector of controls is included in Equation (1). The vector of  control variables include 

(i) household size and sum of household members aged 0-14 and over the age of 65; (ii) age (in years) of head of 

household, (iii) binary variable identifying female head of households; (iv) binary variables identifying the highest 

educational attainment among household members, capturing primary, junior secondary, and secondary (and above) 

educational attainment; (v) binary variables identifying Christian and Muslim head of households, (vi) binary 

variables identifying Chewa and Tumbuka head of households; (vii) binary variables capturing polygamous, 

separated, divorced, widowed/widower, never married head of households, (viii) number of months in the last 12 

months that head of household has been away; (ix) number of days in the last 7 days that head of household has 

been away; (x) binary variable identifying rural/urban residence, (xi) binary variables capturing north and south 

regional location, and (xii) month of interview fixed effects. 
18

 There are no differences in item non-response among different samples of interest. On the whole, the item non-

response is present only in 0.02 percent across all comparable questions in each sample. 
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standard interview values are compared for the same experiment households. The shares of 

categorical versus binary poverty proxies exhibiting significant survey treatment effects are 

comparable regardless of the sample specification. Among housing variables, we observe a 

consistent significant difference only in reporting for the toilet type across the sample 

comparisons.
19

  

 

The four questions on subjective well-being include three questions asking households to place 

themselves, their friends, and their neighbors on a six-point scale going from poor to rich, and a 

question asking households if they find their consumption less than, equal to, or more than 

adequate. We find a significant difference between the experiment and standard samples in how 

they rate the welfare level of their friends (column 2) and a significant difference in how the 

experiment households rate their own welfare, depending on whether they are subject to an 

experiment versus standard interview (column 3). Regarding the four ordinal categorical 

questions on durable assets (i.e., number of bednets in the household, number of phones in the 

household, sets of clothing for the head of household and the quality of bed sheets for the head of 

household), we observe a significant difference for the quality of bed sheets for the head of 

household (columns 2 and 3). 

 

For proxy-based consumption and poverty measurement, it matters greatly, if the differences in 

reporting are systematic. Although not shown in Table 3 explicitly, out of the 27 binary 

outcomes that exhibit statistically significant differences in column 2, 24 of them have a higher 

mean in the experiment sample. To investigate this pattern further, we pool all binary poverty 

proxies, and, separately, all ordered categorical poverty proxies (but in batches, in accordance 

with the number of categories), and use the resulting pooled data in estimating Equation 1. Table 

4 presents from these estimations the marginal effect and standard error associated with the 

binary variable that identifies whether a household was subject to the experiment. We rely on 

Logit and Ordered Logit regressions for the analysis of binary and ordered categorical outcomes, 

respectively. For Ordered Logit estimations, we report the marginal effect on the probability of 

being in the lowest category.
20

 We present results without controls in column 1 and 4 and with 

controls, as specified in Equation 1, in columns 2, 3, 5 and 6. The results are robust varying the 

scope of the control variables (both those included and other alternatives) and the sample 

comparisons.  

 

The core results reported in columns 2 and 5 indicate that the experiment questionnaire 

treatment, on average, translates into 2.3 percentage point increase in the probability of a positive 

answer for binary poverty proxies. At the mean of 25.7 percentage points for the standard 

sample, this effect is equivalent to 8.9 percent higher reporting. Regarding the ordered 

                                                             
19

 Other housing attributes include the roof and floor type and the number of rooms in dwelling. The roof and floor 

type are typically assessed by enumerators, without asking the household. 
20

 The full spectrum of marginal effects estimated in each category of each pooled ordered categorical variable set 

are reported in the Appendix Tables A2 through A5. 
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categorical variables, much of the traction is in the analysis of outcomes with 3 and 6 categories. 

The marginal effect of experiment questionnaire treatment on the probability of being in the 

lowest category for the pooled categorical poverty proxies with 3 categories, on average, ranges 

from 1.8 to 2.0 percent. Similarly, the marginal effect of short questionnaire treatment on the 

probability of being in the lowest category for the pooled categorical outcomes with 6 categories 

(all originating from the subjective well-being module), on average, ranges from 2.3 to 3.2 

percent.  

 

 

3.1. HETEROGENEITY IN REPORTING DIFFERENCES 

 

The systematic higher reporting associated with binary poverty proxies in the experiment sample 

is likely to result in systematic different estimation of consumption and poverty. However, is the 

impact equal for all modules and comparison groups? The results in Table 5 shed light on this 

aspect of heterogeneity of the experiment questionnaire treatment impact on binary poverty 

proxies. The results are not sensitive to (i) using the data from either the first or the second half 

of the fieldwork or (ii) focusing on the sample of households that received the same questions in 

different questionnaires at two different points in time (columns 2, 4, 6 and 8). We note a larger 

effect for the binary poverty proxies capturing the consumption of non-food items and a smaller 

effect for those capturing the experience of shocks in the last 12 months. Evaluating the 

coefficients reported in columns 3, 5 and 7 in the context of the mean from the corresponding 

module in the standard sample, we observe that experiment questionnaire treatment corresponds 

to higher reporting in the amount of 7.1 percent for food consumption, 12.4 percent for non-food 

consumption, and 7.9 percent for experience of shocks.  

 

Of interest is also whether the experiment questionnaire treatment effect varies with household 

attributes. If it does, the predictions based on poverty proxies that are not immune to the 

experiment questionnaire treatment are likely to result in a different shape of the consumption 

distribution, as opposed to a mere level effect. To shed light on this possibility, we estimate 

Logit regressions using the pooled binary poverty proxies and interact the experiment 

questionnaire treatment identifier with selected household attributes, while controlling for the 

vector of control variables. Table 6 reports the findings from this analysis, which is based on the 

comparison of the experiment and standard samples.
21

  

 

Households characterized by being larger and residing in urban areas, are, on average, more 

likely to answer yes to questions on both food and non-food consumption when interviewed with 

the experiment questionnaire (columns 2 and 3). As the number of dependents decline and the 

                                                             
21

 The results based on the comparisons of the experiment versus standard interview values of poverty proxies for 

the experiment households are near-identical to the patterns in table 6, and are not reported in the interest of brevity. 

They are, however, available upon request. 



 

11 

 

household is subject to the experiment questionnaire treatment, the likelihood of reporting 

positive non-food consumption also increases. The household attributes that are underlining the 

statistically significant interaction effects are commonly associated with richer households, 

whose higher likelihood of reporting different answers to same questions in different 

questionnaires is likely partly "mechanical". Since these households also consume more, they 

also have more scope for answering differently. On the other hand, the experiment questionnaire 

treatment effect on the reporting of shocks does not seem to vary by the selected household 

attributes (column 4).  

 

 

4. QUESTIONNAIRE DESIGN’S IMPACT ON POVERTY MEASURED BY PROXIES 

 

Numerous methods to proxy poverty via proxies already exist. We focus on methods that rely on 

a consumption regression to deduct proxy weights (i.e., beta coefficients), as exemplified by  

 

𝑦𝑖 = 𝛽𝑗𝑥𝑖𝑗 + 𝜀𝑖 (2) 

 

where 𝑦𝑖 is log household consumption expenditures per capita (hereafter referred to as 

consumption), 𝑥𝑖𝑗 the vector of proxy variables, and 𝛽𝑗 the coefficients (weights) of interest. 

Examples of such methods include Elbers et al. (2003), Tarozzi (2007), and Mathiassen (2013).  

 

To predict consumption, and in extension thereof poverty and inequality, we utilize the 

prediction methods developed in Elbers et al. (2003). This prediction method has the advantage 

of also producing standard errors of poverty and inequality estimates, and implementation is 

tractable with the PovMap software.
22

 To ensure that the results are not model driven and to 

gauge the sensitivity of poverty and inequality predictions to differences in questionnaire design, 

we predict consumption with four different models of varying poverty proxy scope. In all cases, 

we estimate the model in the IHS3 data, using the IHS3 sub-sample interviewed during the 

months of April-October (i.e., the implementation period for the IHPS), and predict consumption 

using the IHPS data. To compute predicted poverty rates, we use the official IHS3 poverty line 

of 37,002 Malawi Kwacha per person per year.  

 

One model that we experiment with is the original WMS prediction model, with updated 

coefficients from the IHS3 data. In the other three models, variables were selected by stepwise in 

PovMap, which is a statistical method we relied on to avoid selection by researchers. Although 

the accuracy of the models is not our main interest in comparing predictions based on 

observationally equivalent samples that are subject to different survey treatment, the complete 

set of results from the prediction models is provided in the Appendix Tables A6 through A9. The 

list of possible poverty proxies included in each of the 4 prediction models are as follows:  

                                                             
22

 PovMap software and documentation are freely available on http://iresearch.worldbank.org/PovMap.  

http://iresearch.worldbank.org/PovMap
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1. Experiment only: Only variables derived from the experiment modules that are 

administered following the household roster; 

2. Experiment and non-experiment: Variables derived from the experiment modules as 

well as demographic, education and locational variables computed from the modules 

administered prior to the experiment modules; 

3. WMS-linked poverty proxies as specified in NSO (2005)
23

; and 

4. Non-experiment only: Demographic, education and locational variables computed from 

the modules administered prior to the experiment modules. 

     

Table 7 presents the differences in the predicted headcount poverty rates and Gini coefficients 

across different models and sample comparisons.
24

 On the whole, variation in questionnaire 

design is sufficient to generate significant different estimates of both poverty and inequality. 

Using models 1 through 3, the predicted poverty rate based on the experiment sample is 3 and 7 

percentage points lower than the predicted poverty rate based on the standard sample (column 1). 

In all three cases, the predicted poverty rate based on the experiment sample is outside the 

estimated 95 percent confidence interval for the predicted poverty rate based on standard sample. 

Similar movements are observed in the predicted Gini coefficients, which are 3 to 4 percentage 

points higher in the short experiment sample (column 1).  

 

The differences in predicted Gini coefficients originating from models 1 through 3 is somewhat 

expected given the heterogeneity of short questionnaire impact highlighted during the discussion 

of Table 6. Models 1 through 3 based differences in predicted poverty rates and Gini coefficients 

also persist for same households as reported in column 2. Working with model 4 (i.e. only with 

the poverty proxies that are solicited prior to the variation in questionnaire design), there is only 

1 percentage point difference in the predicted poverty rate and Gini coefficient between the 

experiment and standard samples, and the difference is no longer statistically significant. 

Moreover, looking at column 3, none of the differences between the predictions from the 

standard interviews of the non-experiment households and the predictions from the standard 

interviews of the experiment households are statistically significant. Hence, there is strong 

evidence that the variation in the predicted poverty and inequality statistics is related to the 

variation in questionnaire design underlying the poverty proxy definitions. 

 

 

 

                                                             
23

 Three variables based on actual expenditures for cooking oil, sugar and soap are not included due to the need to 

rely on consumer price index series to adjust them over time. In private communication with Astrid Mathiassen, we 

were able to confirm that the exclusion of these variables from the WMS model does not affect the poverty 

predictions based on the annual WMS data from 2005 to 2008. We also exclude three binary variables on ownership 

of bed, iron and refrigerator due to the aforementioned issues in the data collection on durable asset ownership as 

part of the experiment.  
24

 The predicted poverty rates across scenarios are available upon request. 
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5. CONCLUSION 

 

Our key finding is that observationally equivalent as well as same households answer the same 

questions differently when interviewed with a short questionnaire vs. the longer counterpart that, 

in a prior survey round, would have informed the prediction model for a proxy-based poverty 

measurement exercise. We pick up statistically significant differences in reporting across all 

topics and types of questions, particularly those related to consumption of non-food and food 

consumption items, experience of household shocks, subjective welfare and housing. Relying on 

prediction models based on the national household survey data collected with the standard 

questionnaire in 2010, we find that the differences in reporting are sufficient to give predicted 

poverty rates and Gini coefficients that are significantly different from each other. While the 

difference in predicted poverty estimates ranges from approximately 3 to 7 percentage points 

depending on the model specification, restricting the proxies to those that are determined prior to 

the variation in questionnaire design predicts the same poverty rates in both samples.  

 

Although the poverty proxy comparisons are made across different samples without the luxury of 

the truth, this point matters less in our case precisely because of the focus on proxy-based 

poverty measurement. The analyst, who would employ the method in the interim years of a 

complex household survey, also does not know the truth, and would work under the assumption 

that the available short household survey data would be consistent with the data that would have 

been collected through the same complex household survey that had generated the poverty 

prediction model. The short household survey instrument tested in our experiment is one variant 

out of many that would have been deemed, prior to implementation, sensible and feasible by the 

research community focused on proxy-based poverty measurement. Abstracting away from 

possible interview mode effects, our findings should also be of interest to those thinking of using 

new technologies, such as mobile phones, for collecting consumption or poverty proxy data 

through succinct interviews.  

 

It is clear that the explanation of the differences is undoubtedly more complex than what is 

implied by Table 7, and we cannot convincingly map out the mechanisms. The magnitudes of 

survey treatment effects on questions appearing in the later modules of the standard household 

questionnaire, such as shocks and subjective well-being, are not larger than those observed 

earlier as food and non-food consumption related questions. This implies that interview length 

alone cannot explain the discrepancies. Further, the binary variables are subject to the largest 

survey treatment effects, and the experiment versions of their respective modules were also the 

ones where the change in the immediate context of the question was the largest. For instance, in 

the standard questionnaire, the food consumption module is set up such that a yes/no question is 

asked for all items to determine consumption in the last 7 days. Once all yes/no questions have 

been answered they receive follow up questions on quantity consumed, quantity purchased, value 

of purchases, quantity received as gifts and quantity originating from own-production for items 
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that are reported to be consumed. The experiment version of the same module only includes the 

yes/no question, asked of only a sub-set of food items. Similar adjustments were made to the 

modules on non-food consumption and shocks in the context of the experiment. Hence, if 

standard questionnaire respondents realized the higher likelihood for follow up questions 

conditional on answering yes to the screening question and intentionally underreported with 

respect to their counterparts subject to the experiment, this could potentially explain our findings. 

We do not, however, believe that this possibility applies to our case. As noted above, the 

experiment was piggybacked onto the second round of a panel survey that used essentially the 

same standard questionnaire 3 years prior. In addition, the survey treatment effects in Table 5 are 

not necessarily greater by restricting our analysis to the second half of the fieldwork that 

included experiment households that had received the standard questionnaire 3 months prior. 

 

Another mechanism at work could be that enumerators may have exerted different levels of 

effort while administering different questionnaires. One could speculate that with a shorter list of 

items that are not coupled with follow/up questions, enumerators may have been more dedicated. 

Since survey treatment effects in Table 4 did not change after including interviewer fixed effects 

in our regressions, such variation in effort would have to be similar for all interviewers. This 

variation in effort would also be a source of bias in a typical proxy-based poverty measurement 

exercise that relies on a different set of interviewers at two different points in time for different 

questionnaire instruments.  

 

Finally, two broader points relate to direct consumption measurement in household surveys. 

First, in the case of Malawi, we have shown that the standard questionnaire modules on food and 

non-food consumption that we seek to proxy take less than 25 minutes to administer as package 

at the median. Thus, with respect to a household survey for proxy-based poverty measurement, 

collecting consumption data, in and of itself, may not be as complex and costly as commonly 

perceived. Here, “perceived” is the operative word as the cost savings in implementing 

household surveys with a poverty focus net of consumption data is not rigorously documented 

due to lack of or weaknesses in comparative budgetary and survey process data.  

 

Second, although we do not directly measure consumption in the experiment as well as standard 

samples, the differences in the propensity to consume food and non-food consumption items 

suggest that consumption in the standard sample might have been different from consumption in 

the experiment sample. While we do not have evidence on the relative accuracy of reporting 

from the experiment and standard samples, under-reporting of consumption is usually assumed 

to be the main problem in the literature (see, for instance, Beegle et al., 2012). In our case, 

consumption in the standard sample would appear to be under-reported. Counter examples of 

systematic over-reporting might exist, though we are unaware of any from general populations in 

developing countries.  
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Nevertheless, if there is misreporting in 𝑦𝑖 in equation (2) so that 𝑦𝑆𝑡𝑎𝑛𝑑𝑎𝑟𝑑and 𝑦𝐸𝑥𝑝𝑒𝑟𝑖𝑚𝑒𝑛𝑡 are 

systematically different from each other, and the same is observed for at least some proxies 

(𝑥),  then 𝛽 will be biased as well. Following our results in Table 5 and Table 6, it would seem 

reasonable to assume that the misreporting in 𝑥 and y are correlated, and have means different 

from zero. With measurement errors on both sides of the regression, there are no boundaries on 

direction or size of bias in 𝛽 (Bound, 2001). Although direct measurement of consumption in 

household surveys is often considered as the best approximation for true consumption, we can 

only note that the propensity for reporting consumption is sensitive to questionnaire design, and 

that consumption regressions from such surveys could be biased due to misreporting.   

 

In future methodological experiments, comparable questionnaire modules could be assigned 

different orders for different random subsets of the samples that receive experiment versus 

standard questionnaires, holding the content of the modules, the order of questions in each 

module, and the interview mode constant. This would, in turn, provide an opportunity to assess 

whether the reporting differences hold uniformly irrespective of module placement. Similar 

exercises could be carried out to assess the effect of the order of key questions, holding the 

content of the modules, the order of modules, and the interview mode constant in alternative 

questionnaire instruments. These efforts could be complemented by the applications of pretesting 

techniques, such as cognitive interviews and behavior coding, that could help illuminate 

cognitive and behavioral processes that play out in answering the same questions as part of 

different questionnaires (Presser et al., 2004). Moving forward, household survey operations 

designed for proxy-based poverty measurement should, prior to full roll-out, consider piloting 

their instruments in parallel with the questionnaire instruments from which they have evolved. 

This methodological exercise could be designed as a randomized household survey experiment 

to test whether the data for poverty predictors differ depending on whether they were solicited in 

an experiment versus a standard questionnaire.  
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Table 1: Sample Split by Visit and Interview Type 

  Visit 1  Visit 2  Total   

Standard Interviews (S) 
1,428 1,394 

2,822 
Sample A Sample B 

Short Interviews (L) 
1,394 1,428 

2,822 
Sample B Sample A 

Experiment Sub-Sample  

                 Out of Short Interviews (E) 
372 393 765 

Implied Records in Analysis (S+E) 1,800 1,787 3,587 

 

 

 

Table 2: Module & Interview Durations 

  Standard Interview Experiment Interview 

Module 
Module  

Duration 

Time Elapsed  

Prior to Module 

Module  

Duration 

Time Elapsed  

Prior to Module 

Household Roster 9 -- 9 -- 

Education, Health & Labor 24 9 -- -- 

Housing  6 34 2 9 

Food Consumption 16 40 2 11 

Food Security 2 58 -- -- 

Non-Food Consumption (All 3 Modules) 9 61 2 13 

Durable Goods 3 71 2 16 

Farm Implements, Machinery, and 

Structures 3 75 
-- -- 

Household Enterprises 2 79 -- -- 

Children Living Elsewhere 1 83 -- -- 

Other Income 2 86 -- -- 

Gifts Given Out 1 88 -- -- 

Social Safety Nets 2 90 -- -- 

Credit 2 93 -- -- 

Subjective Assessment of Well-Being 5 96 2 21 

Shocks and Coping Strategies 5 101 3 18 

Child Anthropometry 1 106 -- -- 

Filter for Agriculture & Fishery 

Questionnaires 1 108 -- -- 

Total Interview Duration 109 23 

Note: Median durations are reported in minutes. Education, Health & Labor were separate modules but were not time-

stamped separately - there were time stamps only at the beginning of the Education module and at the end of the Labor 

module. 
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Table 3: Module-Specific Breakdown of Poverty Proxies Subject to  

Statistically Significant Survey Treatment Effects 

  
Total # of  

Poverty 

Proxies 

# of Poverty Proxies Subject to Statistically  

Significant Survey Treatment Effects  

  Experiment vs.  

Standard 

Same Households: 

Experiment vs.  

Standard 

  (1) (2) (3) 

Binary       

Food 22 7 8 

Non-Food 25 14 13 

Shocks 23 6 6 

Ordered Categorical       

Housing 4 1 1 

Subjective Welfare 4 2 2 

Durable Assets 4 2 2 

Continuous        

Cell Phone 

Expenditures 

1 1 0 

TOTAL 83 33 32 

Note: Binary, ordered categorical, and continuous variable related differences in reporting in 

columns 2 and 3 are based on multivariate Logit, Ordered Logit, and Ordinary Least Squares 

regressions, respectively, specified in accordance with Equation (1). The regressions are 

weighted and take into account clustering and stratification; The statistical significance level 

used is 10 percent. 
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Table 4: Selected Regressions Results Based on Pooled Data 

  Pooled Binary Poverty Proxies 

  

Experiment vs.  

Standard 

Same Households: 

Experiment vs.  

Standard 

  (1) (2) (3) (4) (5) (6) 

Model 1 2 3 1 2 3 

Controls NO YES YES NO YES YES 

Interviewer Fixed Effects NO NO YES NO NO YES 

Experiment  0.027*** 0.023*** 0.022*** 0.027*** 0.023*** 0.022*** 

  (0.005) (0.005) (0.005) (0.004) (0.004) (0.004) 

Observations 197,513 197,443 197,443 107,080 107,010 107,010 

  Pooled Ordered Categorical Poverty Proxies (3 Categories) 

Experiment  0.015* 0.020** 0.021*** 0.014** 0.018** 0.016** 

  (0.009) (0.008) (0.008) (0.007) (0.007) (0.007) 

Observations 8,465 8,462 8,462 4,590 4,587 4,587 

  Pooled Ordered Categorical Poverty Proxies (4 Categories) 

Experiment  -0.009*** -0.006* -0.006* -0.003 -0.003 -0.003 

  (0.003) (0.003) (0.003) (0.002) (0.002) (0.002) 

Observations 8,465 8,462 8,462 4,589 4,586 4,586 

  Pooled Ordered Categorical Poverty Proxies (6 Categories) 

Experiment  0.031*** 0.032*** 0.031*** 0.025** 0.023** 0.023** 

  (0.011) (0.011) (0.012) (0.010) (0.011) (0.011) 

Observations 8,466 8,463 8,463 4,590 4,587 4,587 

  Pooled Ordered Categorical Poverty Proxies (11 Categories) 

Experiment  0.002 0.002 0.002 -0.004 -0.004 -0.004 

  (0.003) (0.003) (0.003) (0.002) (0.002) (0.002) 

Observations 2,798 2,797 2,797 1,514 1,513 1,513 

Note: Experiment is equal to 1 if the household was subject to the experiment questionnaire treatment, and 0 

otherwise. The estimations use the pooled (binary or ordered categorical) data at the household level; The results for 

the pooled binary and pooled ordered categorical poverty proxies originate from multivariate Logit and Ordered 

Logit regressions, respectively. While multivariate Logit regression results are marginal effects, the multivariate 

Ordered Logit regression results represent marginal effects on the probability of being in the lowest category. The 

control variables, as specified in Equation 1, are included when noted. The regressions are weighted and take into 

account clustering and stratification; The results are robust to varying the set of control variables. ***/**/* indicate 

statistical significance at the 1/5/10 percent level. 
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Table 5: Heterogeneity of Experiment Questionnaire Treatment Impact on Pooled Binary Poverty Proxies Across Sample Comparisons & Questionnaire Modules 

  All Food Non-Food Shocks 

Sample Comparison 

Experiment vs.  

Standard 

Same 

Households: 

Experiment vs.  

Standard 

Experiment vs.  

Standard 

Same 

Households: 

Experiment vs.  

Standard 

Experiment vs.  

Standard 

Same 

Households: 

Experiment vs.  

Standard 

Experiment vs.  

Standard 

Same Households: 

Experiment vs. 

 Standard 

  (1) (2) (3) (4) (5) (6) (7) (8) 

Overall 
0.023*** 0.023*** 0.026*** 0.031*** 0.029*** 0.032*** 0.014** 0.006 

(0.005) (0.004) (0.008) (0.007) (0.006) (0.006) (0.006) (0.004) 

Observations 197,513 107,080 62,082 33,658 70,529 38,235 64,902 35,187 

1st Half of  

Fieldwork 

0.023***   0.022*   0.035***   0.010   

(0.008)   (0.013)   (0.010)   (0.010)   

Observations 98,466   30,952   35,156   32,358   

2nd Half of  

Fieldwork 

0.022***   0.025**   0.023**   0.019**   
(0.007)   (0.012)   (0.009)   (0.008)   

Observations 99,047   31,130   35,373   32,544   

Note: The reported coefficients and standard errors are those associated with the binary variable identifying whether a household was subject to the experiment questionnaire 

treatment. The estimations are based on Logit regressions, using the pooled data at the household level for all 70 binary poverty proxies from food, non-food and shocks 

modules. The control variables, as specified in Equation 1, are included but not reported. The regressions are weighted and take into account clustering and stratification. The 

results are robust to varying the set of control variables and/or including interviewer fixed effects. ***/**/* indicate statistical significance at the 1/5/10 percent level. 
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Table 6: Heterogeneity of Experiment Questionnaire Treatment Impact on Pooled Binary Poverty Proxies by Selected Household Attributes 

  Sample Comparison: Experiment vs. Standard 

  All Food Non-Food Shocks 

  (1) (2) (3) (4) 

Experiment*Female Head † 
-0.011 -0.009 -0.017 -0.007 

(0.011) (0.020) (0.014) (0.011) 

Experiment*Head Age (Years) 
0.001** 0.001*** 0.000 -0.000 

(0.000) (0.000) (0.000) (0.000) 

Experiment*Highest HH Education:  

No Education † 

0.020** 0.011 0.022 0.022** 

(0.010) (0.019) (0.015) (0.011) 

Experiment*Highest HH Education:  

Primary † 

-0.000 -0.031 -0.012 0.039*** 

(0.012) (0.023) (0.020) (0.014) 

Experiment*Household Size 
0.010*** 0.012** 0.020*** 0.001 

(0.003) (0.005) (0.005) (0.004) 

Experiment*# of Dependents 
-0.009* -0.009 -0.019*** -0.000 

(0.005) (0.008) (0.007) (0.005) 

Experiment*Rural † 
-0.022** -0.052*** -0.032** 0.004 

(0.010) (0.017) (0.016) (0.016) 

Observations 197,443 62,060 70,504 64,879 

Note: † indicates a binary variable. The reported coefficients and standard errors are marginal effects associated with the interactions between the selected 

household attributes and the binary variable identifying whether a household was subject to the experiment questionnaire treatment. The estimations are based on 

Logit regressions, using the pooled data at the household level for all 70 binary poverty proxies from food, non-food and shocks modules. The control variables, 

as specified in Equation 1, are included but not reported. The regressions are weighted and take into account clustering and stratification. The results are robust 

to varying the set of control variables and/or including interviewer fixed effects. ***/**/* indicate statistical significance at the 1/5/10 percent level. 
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Table 7: Differences in Predictions for Headcount Poverty Rate and Gini Coefficient  

across Prediction Models & Sample Comparisons 

  Differences in Headcount Poverty Rate Predictions 

  
Prediction from Standard Interviews - 

Prediction from Experiment Interviews 

Same Households: 

Prediction from Standard Interviews - 

Prediction from Experiment Interviews 

Prediction from Standard Interviews  

of Non-Experiment Households -  

Prediction from Standard Interviews  

of Experiment Households 

Model (1) (2) (3) 

1. Experiment Only 0.05 0.03 0.01 

2. Experiment & Non-Experiment 0.07 0.06 0.00 

3. WMS Model 0.03 0.04 0.00 

4. Non-Experiment Only 0.01 0.00 0.00 

  Differences in Gini Coefficient Predictions 

  
Prediction from Standard Interviews - 

Prediction from Experiment Interviews 

Same Households: 

Prediction from Standard Interviews - 

Prediction from Experiment Interviews 

Prediction from Standard Interviews  

of Non-Experiment Households -  

Prediction from Standard Interviews  

of Experiment Households 

Model (1) (2) (3) 

1. Experiment Only -0.03 -0.02 -0.01 

2. Experiment & Non-Experiment -0.04 -0.03 -0.01 

3. WMS Model -0.03 -0.02 -0.01 

4. Non-Experiment Only -0.01 0.00 -0.01 

Note: Bold indicates scenarios in which the experiment sample based prediction is outside of the 95 percent confidence interval for the prediction based on the 

comparator sample (standard interviews for columns 1 and 2, standard interviews of non-experiment households in column 3). 
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APPENDIX 
 

Table A1: Sample Means by Household Experiment Status 

  Non-Experiment Experiment 

Household Size 5.02 5.03 

# of HH Members: Age 0-5 0.91 0.89 

# of HH Members: Age 6-14 1.45 1.46 

# of HH Members: Female, Age 15-39 0.93 0.94 

# of HH Members: Male, Age 15-39 0.90 0.86 

# of HH Members: Female, Age 40-59 0.28 0.30 

# of HH Members: Male, Age 40-59 0.26 0.28 

# of HH Members: Age 60+ 0.28 0.30 

Number of Baseline Individuals 4.15 4.26 

Head of Household Attributes     

Age (Years) 44.63 45.58 

Female 0.26 0.28 

Ethnicity     

Chewa † 0.61 0.61 

Tumbuka † 0.05 0.06 

Other † 0.33 0.33 

Highest Education     

None † 0.78 0.77 

Primary † 0.09 0.10 

Junior High † 0.07 0.06 

Secondary & Above † 0.06 0.07 

Religion     

Christianity † 0.77 0.77 

Islam † 0.17 0.16 

Other† 0.06 0.07 

Marital Status     

Union, Monogamous † 0.68 0.67 

Union, Polygamous  † 0.07 0.06 

Separated † 0.05 0.06 

Divorced † 0.06 0.05 

Widowed/Widower  † 0.14 0.14 

Never Married  † 0.01 0.02 

Household Highest Education     

None † 0.64 0.63 

Primary † 0.14 0.14 

Junior High † 0.12 0.12 

Secondary & Above † 0.10 0.11 

Household Location     

Rural 0.87 0.85 

Northern Region 0.09 0.09 

Central Region 0.44 0.45 

Southern Region 0.47 0.45 

Distance to Baseline Location (KMs) 1.31 1.29 

Observations 2,057 765 

Note: † indicates a binary variable. No mean comparison is statistically significant at least at the 10 

percent level.  
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Table A2: Marginal Effects of Experiment Questionnaire Treatment Across Models, Sample 

Specifications & Categories of Pooled Ordered Categorical Poverty Proxies (3 Categories) 

  Model 1 - Experiment vs. Standard 

  (1) (2) (3) 

Experiment  0.015* 0.000 -0.016* 

  (0.009) (0.001) (0.009) 

  Model 2 - Experiment vs. Standard 

  (1) (2) (3) 

Experiment  0.020** 0.001 -0.020** 

  (0.008) (0.001) (0.009) 

  Model 3 - Experiment vs. Standard 

  (1) (2) (3) 

Experiment  0.021*** 0.000 -0.022*** 

  (0.008) (0.001) (0.008) 

  Model 1 - Same Households: Experiment vs. Standard 

  (1) (2) (3) 

Experiment  0.014** -0.000 -0.014** 

  (0.007) (0.001) (0.007) 

  Model 2 - Same Households: Experiment vs. Standard 

  (1) (2) (3) 

Experiment  0.018** -0.000 -0.017** 

  (0.007) (0.001) (0.007) 

  Model 3 - Same Households: Experiment vs. Standard 

  (1) (2) (3) 

Experiment  0.016** -0.000 -0.015** 

  (0.007) (0.001) (0.006) 

Note: Experiment is equal to 1 if the household was subject to the experiment questionnaire 

treatment, and 0 otherwise. Models are as defined in Table 4. The estimations use the ordered 

categorical data with 3 categories, pooled at the household level. The results originate from Ordered 

Logit regressions. The results are the marginal effects on the probability of being in each category. 

The regressions are weighted and take into account clustering and stratification. ***/**/* indicate 

statistical significance at the 1/5/10 percent level. 
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Table A3: Marginal Effects of Experiment Questionnaire Treatment Across Models, Sample  

Specifications & Categories of Pooled Ordered Categorical Poverty Proxies (4 Categories) 

  Model 1 - Experiment vs. Standard 

  (1) (2) (3) (4) 

Experiment  -0.009*** 0.001* 0.019*** 0.005*** 

  (0.003) (0.001) (0.007) (0.002) 

  Model 2 - Experiment vs. Standard 

  (1) (2) (3) (4) 

Experiment  -0.006* 0.001 0.012* 0.003* 

  (0.003) (0.000) (0.006) (0.001) 

  Model 3 - Experiment vs. Standard 

  (1) (2) (3) (4) 

Experiment  -0.006* 0.001 0.011* 0.003* 

  (0.003) (0.000) (0.006) (0.001) 

  Model 1 - Same Households: Experiment vs. Standard 

  (1) (2) (3) (4) 

Experiment  -0.003 0.000 0.006 0.002 

  (0.002) (0.000) (0.004) (0.001) 

  Model 2 - Same Households: Experiment vs. Standard 

  (1) (2) (3) (4) 

Experiment  -0.003 0.000 0.006 0.001 

  (0.002) (0.000) (0.005) (0.001) 

  Model 3 - Same Households: Experiment vs. Standard 

  (1) (2) (3) (4) 

Experiment  -0.003 0.000 0.005 0.001 

  (0.002) (0.000) (0.005) (0.001) 

Note: Experiment is equal to 1 if the household was subject to the experiment questionnaire treatment, 

and 0 otherwise. Models are as defined in Table 4. The estimations use the ordered categorical data with 

4 categories, pooled at the household level. The results originate from Ordered Logit regressions. The 

results are the marginal effects on the probability of being in each category. The regressions are 

weighted and take into account clustering and stratification. ***/**/* indicate statistical significance at 

the 1/5/10 percent level. 
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Table A4: Marginal Effects of Experiment Questionnaire Treatment Across Models, Sample  

Specifications & Categories of Pooled Ordered Categorical Poverty Proxies (6 Categories) 

  Model 1 - Experiment vs. Standard 

  (1) (2) (3) (4) (5) (6) 

Experiment  0.031*** 0.010** -0.023*** -0.012*** -0.004*** -0.002** 

  (0.011) (0.004) (0.008) (0.004) (0.002) (0.001) 

  Model 2 - Experiment vs. Standard 

  (1) (2) (3) (4) (5) (6) 

Experiment  0.032*** 0.012*** -0.026*** -0.012*** -0.004*** -0.001** 

  (0.011) (0.004) (0.009) (0.004) (0.002) (0.001) 

  Model 3 - Experiment vs. Standard 

  (1) (2) (3) (4) (5) (6) 

Experiment  0.031*** 0.013** -0.028*** -0.011*** -0.004** -0.001** 

  (0.012) (0.005) (0.010) (0.004) (0.001) (0.001) 

  Model 1 - Same Households: Experiment vs. Standard 

  (1) (2) (3) (4) (5) (6) 

Experiment  0.025** 0.007** -0.019** -0.009** -0.003** -0.002** 

  (0.010) (0.003) (0.007) (0.004) (0.001) (0.001) 

  Model 2 - Same Households: Experiment vs. Standard 

  (1) (2) (3) (4) (5) (6) 

Experiment  0.023** 0.007** -0.019** -0.008** -0.002** -0.001* 

  (0.011) (0.003) (0.009) (0.004) (0.001) (0.001) 

  Model 3 - Same Households: Experiment vs. Standard 

  (1) (2) (3) (4) (5) (6) 

Experiment  0.023** 0.008** -0.021** -0.007** -0.002** -0.001* 

  (0.011) (0.004) (0.010) (0.003) (0.001) (0.001) 

Note: Experiment is equal to 1 if the household was subject to the experiment questionnaire treatment, and 0 

otherwise. Models are as defined in Table 4. The estimations use the ordered categorical data with 6 categories, 

pooled at the household level. The results originate from Ordered Logit regressions. The results are the marginal 

effects on the probability of being in each category. The regressions are weighted and take into account 

clustering and stratification. ***/**/* indicate statistical significance at the 1/5/10 percent level. 
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Table A5: Marginal Effects of Experiment Questionnaire Treatment Across Models, Sample  

Specifications & Categories of Pooled Ordered Categorical Poverty Proxies (11 Categories) 

  Model 1 - Experiment vs. Standard 

  Categories 

  (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) 

Experiment  0.002 0.004 0.005 0.002 -0.001 -0.002 -0.002 -0.002 -0.001 -0.002 -0.004 

  (0.003) (0.008) (0.008) (0.003) (0.001) (0.003) (0.003) (0.003) (0.002) (0.004) (0.006) 

  Model 2 - Experiment vs. Standard 

  Categories 

  (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) 

Experiment  0.002 0.004 0.005 0.002 -0.001 -0.002 -0.002 -0.002 -0.001 -0.002 -0.004 

  (0.003) (0.008) (0.008) (0.003) (0.001) (0.003) (0.003) (0.003) (0.002) (0.004) (0.006) 

  Model 3 - Experiment vs. Standard 

  Categories 

  (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) 

Experiment  0.002 0.004 0.005 0.002 -0.001 -0.002 -0.002 -0.002 -0.001 -0.002 -0.004 

  (0.003) (0.008) (0.008) (0.003) (0.001) (0.003) (0.003) (0.003) (0.002) (0.004) (0.006) 

  Model 1 - Same Households: Experiment vs. Standard 

  Categories 

  (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) 

Experiment  -0.004 -0.010 -0.009 -0.002 0.002 0.004 0.003 0.003 0.002 0.003 0.008 

  (0.002) (0.006) (0.006) (0.002) (0.001) (0.002) (0.002) (0.002) (0.001) (0.002) (0.005) 

  Model 2 - Same Households: Experiment vs. Standard 

  Categories 

  (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) 

Experiment  -0.004 -0.010 -0.009 -0.002 0.002 0.004 0.003 0.003 0.002 0.003 0.008 

  (0.002) (0.006) (0.006) (0.002) (0.001) (0.002) (0.002) (0.002) (0.001) (0.002) (0.005) 

  Model 3 - Same Households: Experiment vs. Standard 

  Categories 

  (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) 

Experiment  -0.004 -0.010 -0.009 -0.002 0.002 0.004 0.003 0.003 0.002 0.003 0.008 

  (0.002) (0.006) (0.006) (0.002) (0.001) (0.002) (0.002) (0.002) (0.001) (0.002) (0.005) 

Note: Experiment is equal to 1 if the household was subject to the experiment questionnaire treatment, and 0 otherwise. 

Models are as defined in Table 4. The estimations use the ordered categorical data with 11 categories, pooled at the 

household level. The results originate from Ordered Logit regressions. The results are the marginal effects on the 

probability of being in each category. The regressions are weighted and take into account clustering and stratification. 

***/**/* indicate statistical significance at the 1/5/10 percent level. 
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Table A6: Prediction Model 1- Experiment Only  

  Coefficient Standard Error P-value 

Intercept 10.02 0.04 0.00 

Food Consumption       

Bread † 0.13 0.02 0.00 

Groundnuts † 0.15 0.01 0.00 

Brown Beans † 0.04 0.01 0.00 

Eggs † 0.17 0.02 0.00 

Cassava † 0.05 0.01 0.00 

Maize - Fine Flour † 0.13 0.01 0.00 

Meat † 0.21 0.01 0.00 

Milk † 0.14 0.02 0.00 

Rice † 0.18 0.02 0.00 

Nkhwani † 0.07 0.01 0.00 

Tomato † 0.08 0.02 0.00 

Oil † 0.08 0.02 0.00 

Sugar  † 0.12 0.02 0.00 

Chips † 0.08 0.02 0.00 

Non-Food Consumption       

Public Transport - Bus/Minibus † 0.15 0.02 0.00 

Men's Jackets † 0.18 0.05 0.00 

Men's Clothing (Any Type) † 0.08 0.02 0.00 

Men's Shirts † 0.09 0.03 0.00 

Candles † 0.08 0.02 0.00 

Cigarettes/Tobacco † 0.14 0.03 0.00 

Other Personal Cosmetic Products † 0.09 0.02 0.00 

Toothpaste/Toothbrush † 0.09 0.02 0.00 

Boy's Shoes † -0.14 0.03 0.00 

Shoes (Any Type) † 0.09 0.02 0.00 

Bar Soap † 0.08 0.03 0.00 

Girl's Shoes † -0.12 0.02 0.00 

Clothes Soap (Powder) † 0.06 0.02 0.00 

Newspapers/Magazines † 0.40 0.04 0.00 

Shocks       

Unusually High Level of Livestock Disease † 0.08 0.03 0.00 

Birth in the Household † -0.23 0.04 0.00 

Drought † -0.04 0.01 0.01 

Earthquake † -0.10 0.03 0.00 

Unusually High Prices for Food † -0.07 0.02 0.00 

Theft  † 0.15 0.03 0.00 

Housing Characteristics       

Dwelling Owned  † -0.08 0.02 0.00 

Floor: Sand/Mud  † -0.18 0.02 0.00 

Durable Assets       

Household Head Sleeps Under Blanket & Sheets † 0.09 0.02 0.00 

Household Head Number of Changes of Clothes 8+ † 0.09 0.02 0.00 

Observations 6502 

R2 0.56 

Adjusted R2 0.56 

Note: † indicates a binary variable.       
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Table A7: Prediction Model 2 - Experiment & Non-Experiment 

 

Coefficient Standard Error P-value 

Intercept 10.60 0.04 0.00 

Demographics & Education 

   Household Size -0.15 0.01 0.00 

Age of Household Head (Years) 0.00 0.00 0.00 

Dependency Ratio -0.54 0.04 0.00 

Highest Educational Qualification in Household  † 0.06 0.01 0.00 

Number of Household Members 60+ 0.08 0.02 0.00 

Number of Household Members 0-14 0.07 0.01 0.00 

Food Consumption 

   Bread  † 0.11 0.02 0.00 

Chips † 0.07 0.02 0.00 

Sugar  † 0.12 0.01 0.00 

Sweet Potatoes † 0.05 0.01 0.00 

Eggs † 0.14 0.01 0.00 

Groundnuts † 0.11 0.01 0.00 

Meat  † 0.20 0.01 0.00 

Brown Beans † 0.08 0.01 0.00 

Milk † 0.15 0.02 0.00 

Nkhwani  † 0.06 0.01 0.00 

Tomatoes † 0.06 0.01 0.00 

Oil  † 0.09 0.01 0.00 

Maize - Fine Flour  † 0.10 0.01 0.00 

Rice † 0.12 0.01 0.00 

Non-Food Consumption 

   Public Transportation: Bus/Minibus † 0.15 0.01 0.00 

Bar Soap † 0.12 0.02 0.00 

Clothes Soap (Powder) † 0.10 0.01 0.00 

Candles  † 0.06 0.02 0.00 

Charcoal  † 0.10 0.02 0.00 

Men's Jackets  † 0.14 0.03 0.00 

Men's Trousers † 0.04 0.02 0.01 

Toothpaste/Toothbrush † 0.07 0.01 0.00 

Public Transportation: Other † 0.19 0.05 0.00 

Men's Shoes † 0.07 0.02 0.00 

Men's Shirts  † 0.06 0.02 0.00 

Cigarettes/Tobacco † 0.14 0.02 0.00 

Newspapers/Magazines † 0.34 0.03 0.00 

Other Personal Cosmetic Products † 0.10 0.01 0.00 

Shocks 

   Unusually High Level of Livestock Disease † 0.08 0.02 0.00 

Unusually High Prices for Food † -0.05 0.01 0.00 

Unusually High Prices for Agricultural Output † 0.05 0.02 0.00 

Death of a Non-Income Earning Household Member † -0.09 0.03 0.00 

Theft † 0.09 0.02 0.00 

Housing Characteristics 

   Roof: Grass † -0.07 0.01 0.00 

Floor: Sand/Mud  † -0.11 0.02 0.00 

Dwelling Owned † 0.04 0.01 0.00 
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Table A7 (Cont’d) 

 

Coefficient Standard Error P-value 

People Per Room -0.07 0.00 0.00 

Durable Assets 0.00 0.00 0.00 

Cell Phone † 0.06 0.01 0.00 

Household Head Number of Changes of Clothes 0-2 † -0.04 0.01 0.01 

Radio † 0.04 0.01 0.00 

Household Head Sleeps Under Blanket & Sheets † 0.06 0.01 0.00 

Location Fixed Effects 

   District 101 † -0.29 0.04 0.00 

District 102 † -0.19 0.03 0.00 

District 105 † -0.15 0.02 0.00 

District 201 † 0.17 0.03 0.00 

District 202 † 0.19 0.03 0.00 

District 203 † 0.31 0.04 0.00 

District 204 † 0.14 0.02 0.00 

District 205 † 0.09 0.03 0.00 

District 208 † -0.07 0.02 0.01 

District 310 † -0.29 0.03 0.00 

District 311 † -0.33 0.03 0.00 

District 312 † -0.11 0.03 0.00 

Rural † -0.11 0.02 0.00 

Observations 6502 

R2 0.77 

Adjusted R2 0.76 

Note: † indicates a binary variable. 
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Table A8: Prediction Model 3 - WMS Model 

  Coefficient Standard Error P-value 

Intercept 10.81 0.03 0.00 

Demographics & Education       

Age of Household Head (Years) 0.01 0.00 0.00 

Household Size -0.14 0.01 0.00 

Highest Educational Qualification in Household  † 0.07 0.01 0.00 

Dependency Ratio -0.47 0.04 0.00 

Number of Household Members 0-14 0.05 0.01 0.00 

Food Consumption       

Bread † 0.16 0.02 0.00 

Eggs † 0.20 0.01 0.00 

Meat  † 0.22 0.01 0.00 

Milk † 0.18 0.02 0.00 

Oil  † 0.13 0.01 0.00 

Rice  † 0.14 0.01 0.00 

Sugar  † 0.16 0.01 0.00 

Non-Food Consumption       

Men's Other Clothing † 0.10 0.04 0.01 

Shoes (Any Type) † 0.14 0.01 0.00 

Toothpaste/Toothbrush † 0.14 0.01 0.00 

Public Transportation: Other † 0.25 0.06 0.00 

Housing Characteristics       

Roof: Grass † -0.04 0.02 0.02 

Floor: Sand/Mud  † -0.14 0.02 0.00 

People Per Room -0.06 0.01 0.00 

Durable Assets       

Household Head Number of Changes of Clothes 0.00 0.00 0.00 

Radio † 0.05 0.01 0.00 

Cell Phone † 0.08 0.02 0.00 

Household Head Sleeps Under Blanket & Sheets † 0.07 0.01 0.00 

Observations 6502 

R2 0.68 

Adjusted R2 0.68 

Note: † indicates a binary variable.       
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Table A9: Prediction Model 4 - Non-Experiment Only 

  Coefficient Standard Error P-value 

Intercept 10.98 0.04 0.00 

Demographics & Education       

Age of Household Head (Years) 0.00 0.00 0.00 

Dependency Ratio -0.70 0.06 0.00 

Household Size -0.15 0.01 0.00 

Highest Educational Qualification in Household  † 0.24 0.01 0.00 

Number of Household Members 60+ 0.11 0.02 0.00 

Number of Household Members 0-14 0.06 0.01 0.00 

Location Fixed Effects       

District 101  † -0.26 0.06 0.00 

District 103  † 0.35 0.07 0.00 

District 104  † 0.26 0.06 0.00 

District 201  † 0.34 0.04 0.00 

District 202  † 0.40 0.04 0.00 

District 203  † 0.42 0.06 0.00 

District 204  † 0.26 0.04 0.00 

District 205  † 0.24 0.04 0.00 

District 206  † 0.13 0.03 0.00 

District 207  † 0.10 0.04 0.01 

District 209  † 0.13 0.04 0.00 

District 210  † 0.12 0.04 0.00 

District 302  † -0.07 0.04 0.05 

District 303  † 0.22 0.04 0.00 

District 304  † 0.30 0.05 0.00 

District 305  † 0.33 0.04 0.00 

District 307  † 0.25 0.03 0.00 

District 310  † -0.50 0.04 0.00 

District 311  † -0.51 0.05 0.00 

District 315  † 0.22 0.04 0.00 

Rural  † 0.28 0.03 0.00 

Obs 6502 

R2 0.48 

Adjusted R2 0.48 

Note: † indicates a binary variable.       
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EXPERIMENT QUESTIONNAIRE MODULES 
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