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Abstract

Phone surveys emerged as a critical data collection tool in
low- and middle-income countries during the COVID-19
pandemic and have since become a permanent feature of
the data landscape in many settings. This paper draws on
the experience of the Living Standards Measurement Study
High-Frequency Phone Surveys—one of the longest-run-
ning and largest longitudinal phone survey initiatives in
low- and middle-income countries. The paper examines
three methodological challenges central to the sustainable
implementation of the surveys: individual-level data collec-
tion and respondent selection, attrition, and integration of
phone and in-person surveys in mixed-mode data systems.
The Living Standards Measurement Study High-Fre-
quency Phone Surveys initiative has provided continuous
monitoring since April 2020 across six African countries,
supporting more than 120 phone survey rounds and more
than 200,000 interviews alongside a parallel system of

in-person surveys. The paper shows that survey design

choices can mitigate biases in individual-level data collec-
tion, although at the cost of interview length and logistical

complexity. Attrition has been non-negligible but has not
translated into significant sample bias. The paper discusses

analytical and survey design strategies for addressing cover-
age bias and potential mode effects. It identifies priorities for
future research, including ex-post adjustment methods for
mode effects, high-frequency welfare measurement through

proxy-based imputation, and the cost-quality-feasibility
trade-offs of mixed-mode survey design. The Living Stan-
dards Measurement Study High-Frequency Phone Surveys

experience demonstrates that the infrastructure, methods,
and evidence base now exist to build genuinely integrated

survey systems delivering reliable, timely, high-frequency
data at substantially lower unit cost than in-person surveys

alone.
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1. Introduction

Mobile phone surveys have been a mainstay of survey systems across the United States and Europe for
decades (EUROSTAT, 2024; Olson et al., 2021). However, in low- and middle-income countries (LMICs), in-
person surveys were the backbone of statistical systems and phone surveys remained relatively rare, held
back by limited penetration of mobile phones and uneven network coverage. As a result, National
Statistical Offices (NSOs) had little experience in conducting phone surveys. The COVID-19 pandemic
disrupted this status quo: Lockdowns, mobility restrictions, and social distancing measures meant that in-
person data collection could not be commissioned to understand micro-level responses to and impacts of
the pandemic, while regular and scheduled operations were also halted (Fu and Sanchez-Paramo, 2020;
Wollburg et al., 2022).

The result was a rush among NSOs, research programs, and international organizations toward using
phone surveys at scale, as well as relying increasingly on alternative data sources (United Nations and
World Bank, 2020). Many phone survey initiatives sprang up in LMICs, including supported by the World
Bank, Innovations for Poverty Action (IPA), Young Lives, and the International Food Policy Research
Institute (IFRPI). Even though the NSOs and their partners needed to build capacity in these new survey
methods in the span of months, phone surveys were started up quickly and successfully. They have
demonstrated notable response rates, especially when compared to the experience in high-income
contexts, and tackled coverage and non-response biases stemming from non-universal mobile phone
ownership in LMICs, especially in cases in which contact information from pre-pandemic in-person surveys
could be used (Zezza et al., 2023).

Arguably, the rapid establishment of phone survey capabilities is one of the most significant recent
developments for data systems in LMICs. Their relevance extends beyond the acute phase of the COVID-
19 pandemic. Phone surveys enable near-real-time monitoring of welfare and behavior in the face of
shocks and large-scale events, while also opening new opportunities for researchers in development
economics. This is a critical feature for data systems seeking to inform policy and investments in a context
characterized by fast-moving, overlapping crises. However, compared to in-person surveys, phone surveys
are more limited in scope, rely on different respondent selection processes, and are subject to distinct
sources of bias that are not yet fully understood (Gourlay et al., 2021; Markhof et al., 2025).

Phone surveys are also considerably cheaper and more flexible than in-person surveys, offering a
pragmatic response to tightening budgets faced by national statistical offices, researchers, and
development partners. These cost and operational advantages have further increased interest in phone-
based approaches, particularly in contexts where demands for more frequent data collection are rising. At
the same time, growing pressure to reduce survey costs and increase the frequency of data collection has
raised concerns about risks to data quality and representativeness when phone surveys are deployed
without sufficient attention to survey design or integration within broader data systems. Realizing the



promise of phone surveys therefore requires moving beyond ad hoc or crisis-driven deployment toward
deliberately designed mixed-mode survey systems that combine the timeliness and flexibility of phone
data collection with the depth, coverage, and benchmarking role of in-person surveys.

In this paper, we reflect on the experience of one of the largest of these phone survey initiatives in Sub-
Saharan Africa, which was supported by the Living Standards Measurement Study (LSMS). Starting in April
2020, the LSMS launched a cross-national initiative of nationally representative longitudinal high-
frequency phone surveys (LSMS-HFPS) in six African countries, in close collaboration with national
statistical offices. The initiative has several distinguishing features. It covers six African countries where
the LSMS has also supported a system of longitudinal, multi-topic, in-person household surveys since
2008, as part of the LSMS Integrated Surveys on Agriculture (LSMS-ISA) initiative. The LSMS-HFPS initiative
follows the same households as the LSMS-ISA, such that the two survey initiatives are fully integrated.
Thanks, in part, to this integration, the LSMS-HFPS have continued since 2020, while most other phone
survey initiatives were discontinued. Running for over 6 years, the initiative has since collected nearly 120
phone survey rounds with over 245,000 phone interviews across the continent. In-person LSMS-ISA
surveys have been implemented in these countries during the same period and alongside the HFPS. The
multi-topic nature of the LSMS-HFPS initiative, coupled with the high-frequency data collection and rapid
data dissemination, has allowed for extensive use of the data — with the LSMS-HFPS data having been
downloaded more than 12,000 times, in addition to more than 70,000 downloads of the in-person LSMS-
ISA data for those same countries since the beginning of 2020.2

In what follows, we present an overview of the experience with the LSMS-HFPS in Burkina Faso, Ethiopia,
Malawi, Nigeria, Tanzania and Uganda — following up an earlier publication that recapped approximately
the first year of the operations (Gourlay et al., 2021). We summarize key aspects of the LSMS-HFPS design
and implementation, including sampling design and weighting, survey content and questionnaire design,
and data use. We then discuss three outstanding challenges related to phone survey methodology and
implementation: individual-level data collection and respondent selection, attrition, and the integration
of phone and in-person surveys (mixed-mode survey systems).

Our review draws on the LSMS-HFPS primary data, as well as paradata and metadata associated with the
phone survey operations, and we highlight key findings from the relevant methodological and policy
research that have been published since the onset of the COVID-19 pandemic to buttress our insights and
recommendations. The discussion highlights knowledge gaps and open questions that should be tackled
in future methodological research efforts and survey initiatives to sustainably transition NSOs and data
systems more generally to mixed-mode survey systems that can bring about improved responsiveness,
timeliness, and cost-effectiveness in survey data production in LMICs.

2 The release of a harmonized dataset including key variables across countries and survey rounds as well as linkages
to the most recent in-person longitudinal survey wave in each country, initially published in April 2024 along with
the open access code, facilitated more rapid, efficient, and consistent use of these data. The harmonized LSMS-HFPS
dataset and associated syntax can be found on the LSMS Github page (https://github.com/Isms-
worldbank/HFPS harmonization working/releases/tag/v1.0.0-alpha).
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The remainder of the paper is structured as follows. Section 2 provides an overview of the key features of
the LSMS-HFPS initiative. We then turn to key challenges for high-frequency mobile phone surveys,
starting with individual-level data collection and respondent selection in section 3. In section 4, we turn to
An analysis of attrition in the LSMS-HFPS. Section 5 treats the integration of phone and in-person surveys
as part of mixed mode data systems. Section 6 presents our discussion on implications of the use of LSMS-
HFPS for survey design and areas for future research. Section 7 concludes.

2. The LSMS-HFPS: Overview and Key Features

The first of the LSMS-HFPS were rolled out in April 2020 in Ethiopia and Nigeria. Surveys in Burkina Faso
and Malawi were initiated shortly after, in June 2020, while in Tanzania and Uganda, the first survey rounds
began in February and March 2021, respectively. These surveys were built on the existing infrastructure
of the LSMS-ISA initiative, which implemented nationally representative panel surveys in these six
countries. Like the LSMS-ISA, the LSMS-HFPS are also designed to produce nationally representative
estimates with broad geographic coverage in each of these countries (depicted in Figure Al).

The LSMS-HFPS are longitudinal and were fielded on a high-frequency basis, approximately every two
months on average, with higher frequency implementation at the onset of the initiative during the height
of the COVID-19 pandemic. Since its inception, the LSMS-HFPS initiative has completed 245,224 interviews
across a total of 122 survey rounds (as of July 2025, following a total of 17,768 households across both
urban and rural areas through time. Figure 1 shows the schedule of HFPS rounds, of which 20 or more
were implemented in Burkina Faso, Ethiopia, Malawi, and Nigeria, with 18 rounds in Uganda and 12 in
Tanzania. The average interview length varied between 14.5 and 25.6 minutes in Nigeria and Uganda,
respectively (Error! Reference source not found.). With an overall average of 18.9 minutes per completed
interview, in total over 77,000 hours of phone interviews have been conducted to date as part of the
initiative.



Figure 1. LSMS-HFPS Data Collection Schedule
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The LSMS-ISA-supported in-person surveys were eventually resumed alongside the LSMS-HFPS. Both
initiatives interviewed the same households, as the LSMS-HFPS are subsamples of the LSMS-ISA-supported
surveys. In Burkina Faso, the in-person survey was fielded in two visits from October-December 2021 and
April-July 2022. In Ethiopia, the timing of the in-person survey was similar with visit 1 from September
2021-January 2022 and visit 2 from April-June 2022. In Nigeria, the in-person survey was conducted in two
visits, from July-September 2023 and January-March 2024. In Tanzania, the in-person survey was fielded
from December 2020 to January 2022. In Malawi, data collection for the in-person survey was conducted
from July 2024-February 2025.



Table 1. LSMS-HFPS Survey Rounds, Interview Counts, and Durations

Survey Period Compl'eted Intervi'ew Duration
Survey Interviews (min/round)
First Latest Rounds Average Maximum Minimum
Round Round

Burkina Faso  2020-Jun  2024-Jun 23 43,331 18.9 34.7 7.2
Ethiopia 2020-Apr 2025-May 22 54,959 18.8 46.0 8.2
Malawi 2020-Jun  2025-Jul 22 32,735 18.3 30.6 8.4
Nigeria 2020-Apr 2024-Sep 25 53,519 14.5 20.7 10.0
Tanzania 2021-Feb  2024-Oct 12 26,213

Uganda 2021-Mar 2024-Mar 18 34,467 25.6 42.1 13.4
Total 122 245,224 19.2 46.0 7.2

2.1. Sampling

The LSMS-HFPS initiative utilized the LSMS-ISA-supported pre-COVID-19 in-person surveys as the sampling
frames. Leveraging these existing, nationally representative survey samples, which included phone
contacts, allowed for rapid deployment of the phone surveys and enhanced the depth of analysis through
integration with the pre-COVID-19 socioeconomic survey data. The share of households with one or more
contact phone numbers in the most recent in-person survey leading up to the launch of the LSMS-HFPS
varied, ranging between 73 percent in Malawi and 99 percent in Nigeria (see Gourlay et al. (2021) for more
details on country level coverage bias). Among households with a contact number, the response rates were
relatively high in the LSMS-HFPS with an average of 86 percent of households responding across all
countries and survey rounds. The response rates varied by country and across time, with country and
round-specific response rates being as high as 99 percent and as low as 47 percent (Table A21). For context,
these response rates far exceed response rates of other phone survey initiatives, especially when
compared to those that relied on RDD (see Zezza et al., 2023 for a discussion).

To address the potential for degrading representativeness of the LSMS-HFPS samples over time due to
non-response, countries updated the original LSMS-HFPS samples, where possible. The strategies for
updating the samples included: (i) updating contact numbers and adding new households with contact
details following the implementation of the subsequent in-person survey (Ethiopia, Burkina Faso); (ii)
bringing in additional households that were not initially selected for phone interviews but that had the
requisite phone contact information in the LSMS-ISA data (Nigeria and Burkina Faso); (iii) refreshing a
share of enumeration areas (Malawi); and (iv) mixing in additional households based on other national in-
person survey samples in the country (Uganda).® Though there are potential concerns around coverage
and non-response bias, the nationally representative data from the LSMS-ISA sample upon which the
LSMS-HFPS is built allows for the creation and use of sample weights to effectively counteract these
selection biases, at least in part (Ambel et al., 2021). Section 3 discusses attrition in the LSMS-HFPS more
thoroughly.

3 No sample refresh has occurred in Tanzania at the time of writing.



2.2. Survey Content

The LSMS-HFPS are multi-topic, and their agility has allowed for an evolution of topical coverage over time,
with some topics repeating throughout the initiative and others rotating in and out of the questionnaires.
In the initial phase of the initiative, the emphasis was squarely on understanding the many impacts of the
COVID-19 pandemic. In this initial phase, questionnaire modules on food security using the Food Insecurity
Experience Scale (FIES) (Cafiero et al., 2018), access to essential goods and services, social safety nets,
COVID-19 knowledge and behavior, shocks and coping strategies, employment, and disruptions to
household agricultural activities and enterprises were at the foundation of the initiative. Given their
essential role in wellbeing, the modules on food security, access to essential goods and services, and those
related to employment, income and non-farm enterprises were implemented throughout the LSMS-HFPS
initiative, with 78, 82, and 109 survey rounds including these themes, respectively. In the latter half of the
initiative, after the initial period of COVID-19 lockdowns and other mobility restrictions, the content of the
LSMS-HFPS shifted toward better management of the pandemic as well as understanding the longer-term
impacts of the pandemic, through collection of data on access to health care services, economic
sentiments, subjective welfare, and prices. Where relevant, the LSMS-HFPS also adapted to collect data
related to other threats, including Ebola, Yellow Fever, locust invasions, and conflict. Table A2 reports the
frequency of thematic coverage while Figure A2 illustrates the coverage for selected themes by date of
implementation.

2.3. Key Challenges for High Frequency Phone Surveys

We now turn to three key challenges in ensuring the success of (high frequency) phone surveys, which we
frame as delivering reliable, relevant, useful, and timely data. We draw on the experience from the LSMS-
HFPS, whose implementation across nearly 120 survey rounds and six years of implementation has
brought several key challenges into focus. In what follows, we explore three of these issues: (i) individual-
level data collection and respondent selection, (ii) attrition, and (iii) the integration of in-person and phone
survey data. These challenges are central to ensuring the data’s reliability and relevance, particularly its
ability to accurately represent facts on the ground. While the first two focus on sampling errors, the third
is related to non-sampling errors, such as survey mode effects. We argue that addressing these
challenges—collecting data in ways that minimize these errors—represents the frontier of conducting
effective phone surveys in LMICs.

3. Individual-Level Data Collection and Respondent Selection

The first challenge we discuss is the collection of individual-level data that are representative of the general
population of individuals or of specific sub-populations of interest. Some socioeconomic data is inherently
individual- rather than household-level. This includes domains such as employment, health, or perceptions
and expectations, which vary across different subpopulations including women, men and youth, and by
disability status. Longitudinal phone surveys like the LSMS-HFPS that are based on contact information
from previous in-person surveys therefore also rely on samples of households rather than individuals. In
phone surveys drawn from a sample of households, usually only one main respondent is interviewed in
every household. This is primarily due to the required brevity of the phone interviews, uneven phone
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ownership within the household, and logistical challenges in reaching more than one member. The main
respondent is supposed to be an adult that is knowledgeable about the household’s economy, affairs and
members.

There are two main drawbacks associated with this design choice. The first drawback is that the individual-
level data collected for the main respondent is generally not representative of the adult population. For
instance, Brubaker et al. (2021) show, using LSMS-HFPS data from four countries, that phone survey
respondents are more likely to be male, older, and better educated than the average adult in the
population. This may bias inferences based on this data: Kugler et al. (2023), for example, document that
individual-level phone survey data based on main respondents can overestimate employment rates in the
population. The second drawback is that the main respondent may not be the relevant respondent for
certain topics of interest, and as discussed below, should not be assumed to provide accurate information
on other household members. Questions on maternal and child health, for example, should be directed
to mothers, caregivers, or women of reproductive age.

There are several strategies to address the issues of representativeness of individual-level data and
respondent selection, including both ex-post adjustments to the data and ex-ante changes in survey
design. The first is adjusting survey weights after the fact to better mimic the characteristics of the target
population (e.g. all persons, adults, women of reproductive age). There are a range of post-survey
reweighting techniques that can be used for these purposes (Valliant et al., 2018; Zezza et al., 2023).
Brubaker et al., (2021) used response propensity adjustment, which involves modeling the probability of
response of an individual, given observable characteristics. They derive the inverse predicted probability
of selection from a logit model, which is then used to adjust sampling weights and counteract the bias.
Ambel et al. (2021) show that this technique minimizes selection bias at the household level. However,
Brubaker et al. (2021) find more mixed results for individual level data. While reweighting improves the
representativeness of individual level estimates, it increases the variance of the estimates and fails to fully
overcome selection biases. Kugler et al. (2023) focus on employment indicators and test the response
propensity adjustment reweighting method with three additional reweighting methods and a validation
exercise to address the non-random selection of individuals within the households. They find that these
methods do not change the results of the traditional reweighting method and fail to fully adjust for or fully
overcome the bias. In all, the evidence from LSMS-HFPS data suggests that post-survey adjustments can
improve individual-level representativeness but can only go so far.

Ex-ante survey design interventions are likely preferable when it comes to improving the
representativeness of individual-level data, though they come at a cost to survey operations. In principle,
the best approach to better ensure individual-level representativeness is to interview individually every
eligible household member, or at least one randomly selected eligible household member. However,
depending on the topic, this option is prohibitive in phone surveys and is rare even in high-quality in-
person household surveys in LMICs.



3.1. Proxy Reporting

Another approach is proxy reporting, whereby the main respondent answers on behalf of the other
interview-eligible household members. While proxy reporting has been linked with measurement error
(Kilic et al., 2022), it is much easier to implement than interviewing all household members individually,
especially in phone surveys. Still, most phone surveys in LMICs are limited to collecting information only
on the main respondent (Kugler et al., 2023). The LSMS-HFPS have collected individual-level data by proxy
reporting on several topics, while also generating experimental evidence on the accuracy of proxy
reporting.

These exercises underlined the utility of collecting individual-level data not only on one main respondent,
which can provide a skewed picture. Markhof et al. (2025) show that COVID-19 vaccine uptake in Burkina
Faso, Malawi, and Uganda is significantly overstated among main respondents compared to all eligible
adults reported by proxy (Burkina Faso: 16.5 percentage points (ppt); Malawi: 13.3 ppt; Uganda: 17.9 ppt).
Another interesting case is employment data collected in the Nigeria HFPS in rounds 5, 10, and 15, which
collected information on up to six randomly selected working-age (15-64 years) household members. The
data was collected in a mix of self- and proxy-reporting (proxy-reporting: 60.7 percent in Round 5, 65.3
percent in Round 10, and 66.2 percent in Round 15). This exercise suggested that relying on main
respondents alone leads to an overestimation of employment, as well as understating the share of the
population working in agriculture and overstating the share in commerce: in round 5, 84.7 percent of the
main respondents reported to be currently working compared to 64.8 percent of the other selected
individuals, a statistically significant difference of 19.9 percentage points; 60.9 percent of main
respondents reported working mainly in agriculture and 13.5 percent in commerce, compared to 40.0 and
34.2 percent, respectively, of the other selected individuals. Furthermore, the group of other selected
individuals reveals larger shares of inactive population especially for the youth. Similar results were
obtained in Rounds 10 and 15.*

But how accurate is proxy reporting? In the context of COVID-19 vaccine acceptance and uptake, Markhof
et al. (2025) compare self-reported and proxy-reported information about the same individual, finding
proxy reports to coincide with self-reports in 94% of cases in Burkina Faso, 81% of cases in Malawi, and
93% of cases in Uganda. Still, proxy reports significantly understated vaccine uptake compared to self-
reports by 3.9 percentage points in Burkina Faso and by 11 percentage points in Malawi, which suggests
main respondents did not perfectly observe whether members of their household had been vaccinated.
The authors also show that for more difficult, less observable variables, namely the number of vaccine
shots received and vaccine acceptance, the accuracy of proxy reporting declines (for vaccine acceptance:
53% agreement in Burkina Faso, 56% in Malawi, 54% in Uganda). In this study, female respondents were
about 4.3 percentage points more likely to provide accurate proxy reports, especially for female household
members.

4 Given that the proxy respondent was not randomly selected, these differences may confound respondent bias and
real differences in the working situation of the other selected individuals.



Using a similar setup, Ambel et al. (forthcoming) show that proxy reporting can lead to significant
underestimates of health service need, by 8.6 percentage points in Burkina Faso and 15.5 percentage
points in Malawi. Similar effects do not materialize in Ethiopia and Uganda, and the authors also find no
significant differences between self and proxy reports of foregone care and out-of-pocket health
expenditure.

3.2 Random Respondent Selection

An alternative to interviewing all eligible household members or relying on proxy reporting is randomly
selecting an eligible household respondent or, in cases in which a specific population is of special interest,
randomly selecting a respondent to be interviewed that is representative of the target population (e.g.
women of reproductive age, young people). The LSMS-HFPS implemented random respondent selection
to capture individual-level information on health service utilization and COVID-19 vaccination in one
survey round each across three countries, Burkina Faso, Malawi, and Uganda. The random respondents
were successfully interviewed in about 95 percent of cases overall (Burkina Faso: 92.7 percent; Malawi:
94.4 percent; Uganda: 95.9 percent) and were interviewed in addition to, not instead of, the main
respondent (when random and main respondent were different). This allowed comparing the main
respondent with the random respondent and assessing the selection bias. Ambel et al. (forthcoming)
assess four outcomes — reported health service need, foregone care, incidence of out-of-pocket (OOP)
health expenditures, and average OOP spending. They find little differences overall in these outcomes
when based on a random respondent as opposed to the main respondent, except in Burkina Faso. In
contrast, Markhof et al. (2025) assessing COVID-19 vaccine uptake find that random respondents are
significantly less likely to be vaccinated than main respondents in Burkina Faso (-13 ppt), Malawi (-5 ppt),
and Uganda (-9 ppt).

Markhof et al. (2025) and Ambel et al. (forthcoming) also find statistically significant differences between
the outcomes of interest when reported by proxy for all eligible individuals compared to self-responses
from randomly selected respondents. COVID-19 vaccine uptake is significantly higher reported by the
random respondent compared to that reported by proxy for all eligible adults, at 3.4 percentage points in
Burkina Faso, 8.1 percentage points in Malawi, and 8.5 percentage points in Uganda (Markhof et al., 2025).
Health service need and foregone care reported by the random respondent exceed proxy reported
estimates by 2.7 percentage points and 1.9 percentage points, respectively, across a sample of four LSMS-
HFPS countries (Ambel et al., forthcoming). The authors attribute these differences to inaccuracies in
proxy-reporting.

The most ambitious exercise in respondent selection within the LSMS-HFPS was the case of employment
data collection in Nigeria in rounds 5, 10, and 15. Up to six working-age household members were
randomly selected, ensuring balance between males and females (in case of more than six working age
household members). Interviewers attempted to speak directly with each selected individual, but in
practice, information was collected by proxy through the main respondent for more than 60 percent of
the randomly selected household members. The main obstacles were related to coordinating the calls
when the other individuals were not around and that other household members did not want to
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participate. In 77% of households, only one main respondent was interviewed. Still, two respondents were
interviewed in 17% of households, and as many as seven individuals were interviewed as part of this
exercise (Table 1).

Table 1. Number of self-respondents per household (Nigeria HFPS round 5)

Number of respondents Number of Households Households
interviewed (self-reporting) %
1 1373 77.4
2 294 16.6
3 69 3.9
4 24 1.4
5 10 0.6
6 2 0.1
7 2 0.1
Total 1,774 100.0

3.3. Target Respondent Selection

When interest is in a specific sub-population, such as women, caregivers, or youth, the main respondent
may not be well placed to provide information on their behalf. In such cases, a target respondent other
than the main respondent, representative or knowledgeable of the sub-population, can be selected. In
practical terms, this is a similar exercise to random respondent selection. There were several instances of
target respondent selection in the LSMS-HFPS.

The ‘Youth Aspirations and Employment Module’ was implemented in a single round of data collection in
Ethiopia, Malawi, and Nigeria from April to July 2021. The youth sample was randomly selected from
households with any members between 15-25 years of age. Within each household, a youth respondent
aged between 15-25 years was randomly selected to be interviewed, and proxy respondents were not
permitted. The success rates varied from 70 percent in Ethiopia to 80 percent in Malawi and Nigeria. To
ensure that the individual weights were representative of youth aged 15-25 years in their respective
countries, household weights were adjusted using sample-based reweighting techniques to account for
non-response and selection among youths. The results from this exercise are summarized in Costa et al.
(2024).

Round 19 of the LSMS-HFPS Ethiopia focused on financial protection in health, and maternal and child
health services. To this end, two respondent types were targeted for each household. First, the main
respondent would provide information on both household and individual health service and utilization,
and out-of-pocket expenditures. Second, a woman of reproductive age who had given birth in the previous
24 months would provide information on pre-natal, delivery, and post-natal service utilization, coverage,
and quality.

On the whole, as summarized in Table 3, the evidence from the LSMS-HFPS suggests that survey design
choices matter for individual-level data collection in phone surveys. Post-survey weight adjustments are

11



not sufficient to obtain individual-level data representative of the general population. As such,
interviewing only the main respondent will yield a partial and skewed picture for individual-level
indicators. Proxy response by the main respondent on behalf of other household members is certainly
preferable from an operational perspective and requires limited additional effort during implementation
— though it increases the response burden significantly. However, proxy response is susceptible to
measurement error, especially when interest is in variables that are not well observed. The alternative is
selecting a respondent at random (if the interest is in general individual population representativeness) or
randomly selecting a target respondent (if interest is in a specific sub-population). This choice is likely to
minimize measurement error and maximize representativeness. However, such respondent selection
comes at the cost of operational difficulty. In practice, it requires either calling directly the selected
respondent or calling another member of the household (e.g. the main respondent) requesting access to
the selected respondent. The individual-level representativeness of a random respondent depends to
some extent on the ability to successfully reach the random respondent. Success rates of reaching a
selected respondent other than the main respondent were generally high in the LSMS-HFPS but varied
significantly depending on who the selected respondent was. Furthermore, there is a trade-off between
individual- and household-level data, as the main respondent is better placed to answer household-level
qguestions. This can be addressed by interviewing two respondents, the main and a second, target
respondent, but this again increases the complexity of implementation and the burden on the household.
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Table 2. Overview of respondent selection approaches and implications for data quality, feasibility, empirical analysis

bias/error due to proxy
response

surveys

be interviewed

Respondent Data quality and Feasibility Cost/Length Evidence

selection representativeness

approach

Interview all Benchmark for individual Not feasible at scale | Costly and long Nigeria HFPS rounds 5,
(eligible) HH level data; maximum for phone surveys; since all eligible HH 10, 15 attempted
members representativeness, avoids | rare inin-person members need to interviewing up to 7 HH

members: responses
collected mostly from
the main respondent,
more than 2 respondents
only reached in few
cases

Interview only
main respondent

Limited individual-level
representativeness;

Feasible and widely
used in phone
surveys in LMICs

Least costly, short
interview length

Brubaker et al. (2021),
Kugler et al. (2023) show
substantial bias

Interview main
respondent +
proxy response for
other HH
members

High individual-level
representativeness; risk of
proxy response error;
greater interview length
can increase attrition

Feasible at scale but
with implications for
interview length

Greater interview
length means higher
cost

Widely implemented
across LSMS-HFPS;
Ambel et al.
(forthcoming), Markhof
et al. (2025) show proxy
response reliable for
easier to observe
variables but errors
increase for more
difficult concepts

Interview main
respondent +
random
respondent

High individual-level
representativeness
through random
respondent selection; no
proxy response needed

Implemented in
several rounds in
LSMS-HFPS, but so
far not at scale;
greater
implementation
difficulty

Two interviews
conducted and
possible call backs
means higher cost
and implementation
difficulty

Ambel et al.
(forthcoming), Markhof
et al. (2025) summarize
the evidence from LSMS-
HFPS

Interview random

High individual-level

Implemented in

Short duration but

Costa et al. (2026)

respondent representativeness several rounds in greater summarize evidence on
through random LSMS-HFPS, not implementation youth aspirations data
respondent; no proxy feasible at scale if difficulty as random | collected by target youth
response needed; possible | household-level respondent may not | respondent in LSMS-
compromise on household | information is have phone HFPS
level information needed
4. Attrition

Another related challenge that affects longitudinal surveys is the loss of sampled units (households) over
time due to attrition. Attrition not only reduces the sample size and statistical power but also, more
concerningly, can introduce bias if the pattern of attrition systematically favors a certain profile of sampled
units. While attrition affects all panel surveys regardless of the mode of interview, concerns around
attrition are more acute in the context of longitudinal phone surveys like the LSMS-HFPS, with many
rounds at high frequency, where difficulties contacting respondents by phone are compounded in LMIC
contexts with sometimes unreliable network coverage. In this section, we analyze the extent and nature
of the attrition that the LSMS-HFPS experienced across the six countries. We first assess the extent to
which attrition has been affecting the LSMS-HFPS, then examine the correlates of attrition, and finally
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analyze the extent of bias associated with attrition. The analysis is based on the latest available harmonized
data set, which did not include the latest released rounds in Burkina Faso, Malawi and Nigeria.

Table 3. Attrition rates in the LSMS-HFPS

Attrition rates per round (%) Cumulative Attrition Rate
#
Mean Sd Min Max (%) #HHs attrited Total HHs Rounds
Burkina Faso 3.06 4.24 0.31 17.30 39.38 1163 2953 22
Ethiopia 6.60 8.14 0.83 32.24 52.85 2291 4335 19
Malawi 1.40 1.49 0.22 5.70 22.09 382 1729 20
Nigeria 1.96 1.77 0.52 6.90 23.84 779 3267 21
Tanzania 4.00 214 1.50 7.73 29.10 797 2739 10
Uganda 3.31 3.08 0.52 11.78 35.94 984 2738 17

Table 3 shows cumulative attrition® and average round-to-round attrition rates. The cumulative attrition
rates reveal substantial variation across countries, between rounds, and between urban and rural areas as
the survey progresses. For example, Ethiopia shows the highest mean attrition rate of 6.60% per round
and a cumulative attrition rate of 52.85%, reflecting a high level of household dropout. This is followed by
Burkina Faso, where cumulative attrition also remains elevated after 20 rounds. A likely explanation for
these high attrition rates in Ethiopia and Burkina Faso is the intensification of conflict during the survey
period, which disrupted household stability and survey participation, especially in rural areas. In contrast,
Malawi has maintained a much lower mean attrition rate of 1.40% per round and a cumulative rate of
22.09%, suggesting a stronger ability to retain households across survey rounds. Nigeria also shows
moderate attrition, with a cumulative rate of 23.84%, while Tanzania’s cumulative attrition rate has
reached 29% after only 10 rounds, indicating potential challenges in maintaining participation. It is
important to put these results in perspective: after three waves of high frequency phone surveys in Latin
America and the Caribbean (LAC), the attrition rates reached much higher levels, ranging from 18% in
Costa Rica to 45% in Mexico (Mejia-Mantilla et al., 2021). More dramatically, the HFPS in Papua New
Guinea suffered from a very high attrition rate of 70% after one follow-up round due to the high turnover
of SIM cards (World Bank, 2021). While differences in context and implementation procedures make direct
comparisons difficult, these rates highlight the LSMS-HFPS initiative’s ability to sustain participation over
a longer period.

5 A household is considered to have dropped out from the survey if it is not observed in the final survey round for its
country, except in Nigeria, where for a subsample that was not tracked after the first phase of the implementation,
households that participated only in Phase 1 are considered complete if observed through adjusted final rounds
(either round 11 or 12, depending on their last observed round). The first round in which a household participates is
not necessarily the survey’s initial round in that country, and households are allowed to skip rounds; they are only
removed from subsequent rounds if they have not participated in the past three rounds for which they were eligible.
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Figure 2 provides additional insights as to how the attrition rates have evolved throughout the
implementation of the surveys. It shows the cumulative probability of attrition® at each round, nationally
and by area of residence.

Figure 2. Cumulative attrition rates in LSMS-HFPS countries.
Step changes occur at each round, reflecting the cumulative increase in attrition up to that point.

BFA MW

_ T
o o

NGA TZA UGA

] ‘P_FJ J
ﬁpﬁm- : =

0120 0121 022 01/23 0124 0120 0121 0122 01/22 0124 0120 0121 0122 0123 01/24

Cumulative attrition rates generally increase as surveys progress, with variations between rural and urban
areas differing by country. In Ethiopia and Nigeria, rural areas have significantly higher attrition rates than
urban areas, while in Malawi and Tanzania, the rural attrition rate is higher but not significantly so. This
aligns with Gourlay et al. (2021), who note that urban households often have better mobile coverage. In
Burkina Faso and Uganda, urban areas show higher attrition rates, possibly due to minimal disparity in
household phone ownership between urban and rural areas in the baseline survey.’ In Figure 2, jumps are

6 The empirical rate of attrition is calculated by dividing the cumulative number of households that dropped out up
to a given round by the total number of households that remained and added to the sample of the survey up to that
round.

7 Urban households were 2.3% more likely to own a mobile phone in Burkina Faso and 10.5% more likely in Uganda,
while in Ethiopia this difference is estimated at 28%.
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also observed in the cases of Burkina Faso, Ethiopia, Nigeria, and Uganda when additional households
were added to the sample of the survey.

4.1.1. Correlates of Attrition

In addition to the level of attrition that is realized in a survey, it is also critical to understand the nature of
attrition and identify if there are any systematic patterns among the attritors compared to those retained
in the sample. Using survival analysis, we assess how respondent characteristics, household baseline
characteristics, area of residence, and survey protocols influence the likelihood for a household to attrit
from the sample. Survival analysis allows us to account for the timing of the dropout, captures the
changing risk over time, and by computing a hazard function it gives an intuitive measure of the risk of
attrition associated with different characteristics. The main results of this analysis are summarized in
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Figure 3.
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Notes: The figure depicts the exponentiated attrition hazard ratios with their 95% confidence intervals associated with the
covariates obtained from a Cox proportional hazard model estimation. Legend key: ALL (pooled estimation), BFA (Burkina
Faso), ETH (Ethiopia), MWI (Malawi), NGA (Nigeria), TZA (Tanzania), UGA (Uganda).

The figure depicts the exponentiated attrition hazard ratios with 95% confidence intervals associated with
various covariates obtained after estimating Cox proportional hazard models. The hazard ratios depicted
provide an indication of whether the considered characteristics make it more or less likely that a household
attrits, with values greater than one indicating that the characteristic is associated with a higher probability
of attrition and values less than one indicate characteristics that are associated with a lower probability of
attrition. For example, in the bottom right panel the coefficient in blue indicates that when considering all
6 LSMS-HFPS countries collectively, households residing in urban areas are 26% less likely to drop out of
the survey than households in rural areas. The results are also shown in Tables A3-A8 in the appendix and
are reported for all countries collectively and separately.

This analysis confirms the findings above that a significant correlate of attrition is the area of residence
(bottom right panel in Figure 3). Urban households are generally less likely to drop out than rural
households in Ethiopia and Nigeria where urban households are 34% and 22% less likely to attrit than rural
households, respectively.® In countries such as Malawi, Tanzania, and Uganda, however, urban-rural
differences are less pronounced.

Household baseline characteristics,® particularly mobile phone ownership, are significantly associated with
lower attrition rates, with phone owners more likely to remain in the sample, especially in Burkina Faso,
Malawi, and Nigeria (see Table A5 for the tabulated results of the estimation). This supports Gourlay et
al’s (2021) observation that mobile phone ownership is critical for maintaining engagement in phone
surveys. Marital status and employment also influence attrition, with married household heads showing
lower attrition due to their stability. The analysis does not reveal significant differences in hazard rates
across consumption quintiles when controlling for area of residence and phone ownership. There are no
statistically significant differences in rates for households in the 4th and 5th quintiles compared to the rest
of the population in all the countries (Figure 3, top left panel), suggesting minimal bias in this dimension.
However, the same does not hold true for asset ownership. Although the results (see Figure A4 in the
appendix) vary depending on specific characteristics across countries, they indicate that attrition hazard is
negatively correlated with asset ownership and housing quality. This is in line with the idea that

8 An interesting case is Burkina Faso, where the empirical cumulative rate (in Figure 2) indicates that rural households
dropped out at a lower rate than their urban counterparts, but the survival analysis results indicate that urban
households were less likely (in Figure 3). These seemingly contradictory results are partly explained by the fact that,
when there are large jumps in attrition rates between phases, these jumps are higher for rural areas. While the
empirical attrition rate does not account for this, the survival analysis considers round-to-round increases, which is
reflected in the computed hazard rates. Figure A3 in the appendix shows the estimated cumulative attrition using a
hazard model, illustrating this point. In Burkina Faso, rural and urban areas have comparable rates before the first
jump, at which point the hazard becomes higher for rural areas, a pattern that continues in the rest of the figure.

9 Baseline characteristics are those characteristics observed in the in-person round of the LSMS-ISA that served as
the frame for the HFPS. Such characteristics were not available for Tanzania and thus it is excluded from this panel.
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households who dropped out are ones that are more mobile to begin with, since owning assets would
decrease the willingness to move.

As for respondent characteristics, female respondents are more likely to drop out, especially in Ethiopia,
where the risk of attrition is about 20% higher for women respondents than for men (Figure 3 top right,
Table A6). Gourlay et al. (2021) note that female respondents may face unique barriers to participation,
such as household responsibilities and limited private access to mobile phones. Employment status is
another protective factor against attrition, with employed respondents less likely to drop out. This is in
line with the result of married heads of households as individuals with a job are less mobile in general.

The bottom left panel of Figure 3 provides insights about how interview protocol parameters and repeated
engagement with respondents affect attrition. For these results, the survival analysis estimations account
for the phases of implementation of the high-frequency phone surveys, as aspects of the protocols were
revised after each phase. The analysis focuses on interview duration, having multiple respondents, and
time between interviews. For interview duration, the analysis relies on the interview length computed
using paradatal® from Burkina Faso and Nigeria. The panel shows that longer interviews increase the
likelihood of dropout. A one-minute increase in the call length increases the risk of attrition by 1%-2%.
Reducing interview length could therefore be a useful strategy to mitigate attrition or, conversely,
increasingly lengthy interviews come at the cost of higher attrition.

Longer interviews can occur when it is necessary to involve more than one respondent. For example, in
specific rounds, multiple respondents were interviewed in Burkina Faso, Malawi and Uganda for a
randomly chosen subsample of the households. This exogenous variation enables the analysis to capture
the effect of this interview protocol by comparing, in a survival analysis framework, the risk of attrition for
the households with multiple respondents and those with only one respondent. The results displayed in
the bottom left panel of Figure 3 (see last panel in Table A7 for tabulated results) indicate that the
implementation of this protocol did not affect the risk of attrition for the households in Burkina Faso or
Uganda. In Malawi, however, the protocol appears to have reduced the risk of attrition. This may be
because, although the protocol lengthens the duration of the interviews, it also provides a break from the
phone conversation, thereby reducing the burden on the main respondent.

While interview length offers insights into immediate engagement factors affecting attrition, the time
interval between interview rounds provides evidence on how the frequency of repeated engagement with
households impacts attrition. When considering all the rounds, the analysis shows that in most countries,
the risk of attrition decreases with an additional week between interviews by about 1%-5%. This suggests
that more frequent follow-ups might contribute to survey fatigue. However, this masks significant
heterogeneity by country and over the different phases of implementation of the LSMS HFPS. While in
Burkina Faso and Ethiopia, longer time intervals are associated with a decrease in attrition rate (3%-5%),

0The paradata files describe the process of data collection. They explain how the data was entered, detailing all
edits, who undertook them, and when. They are most conveniently processed using specialized statistical packages
to provide insights into the survey administration and data quality.
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in Malawi and Tanzania, it is the opposite (1%-2%). The analysis conducted by phases (see Table A8)
suggests that longer follow-ups in the early phases contributed to attrition in Burkina Faso. In Uganda, by
contrast, longer follow-ups were associated with reduced attrition in the earlier phases. Overall, the
heterogeneity in these findings underscores the importance of tailoring survey protocols to specific
contexts to manage attrition effectively.

In addition to these characteristics, the reasons for attrition itself can shed light on broader challenges in
retaining respondents across rounds. Table A9 provides a breakdown in percentages of the reasons
provided by the interviewer for the unsuccessful interview of the target respondent. Each row is computed
as the share of all unsuccessful interviews across all rounds in the country and for all countries. The most
commonly reported issue for attrition across all six countries was that the phone was turned off (50.7% of
cases), which indicates that respondents were not available for interview or no longer use the same line—
often a result of moving or unstable phone access. Another prevalent issue is nobody answering (19.2%

of cases), which may represent "soft refusals," where respondents avoid the survey without formally
refusing. Together, these barriers suggest that phone surveys may still struggle to retain the participation
of mobile or less-engaged respondents, especially in settings where contact stability is low. Outright
refusals were relatively low (6.3%), so it appears issues of connection and less-engaged respondents are

the driving forces behind HFPS attrition.
4.1.2. Implications of Attrition for Representativeness

The analysis of the attrition has so far shown that cumulative attrition over the lifespan of the HFPS has
been non-negligible and exhibits some systematic patterns that could bias inferences based on the data.
We assess the extent of this potential bias in the LSMS-HFPS. To do this, weighted characteristics from the
in-person survey round preceding the LSMS-HFPS can be compared for the sample of households
interviewed in the first round of the LSMS-HFPS with the latest comparable rounds.!* Characteristics from
the in-person LSMS-ISA are fixed and therefore comparing these characteristics of the sample at baseline
and latest comparable round will help identify differences in the composition of the samples that results
from attrition (rather than from changes in the composition of the population between rounds). For the
latest round results, applying the weights from the first round of the LSMS-HFPS without any adjustments
will give an idea just how much attrition has been realized on these dimensions. Comparing first round in
blue with that latest round using only first round weights (i.e. without reweighting adjustments to
counteract attrition bias) in green will give some indication of the bias that has resulted from attrition
(Figures A5a, A5b and A5c in the appendix). Across nearly all dimensions considered and across the five
countries where characteristics were available, there are almost no statistically significant sources of
attrition bias detected. This suggests that the patterns observed in the survival analysis results above have
not been translated into detectable bias along the dimensions considered.

11 For Nigeria and Ethiopia, new households were introduced into the sample after round 11 and thus the latest
comparable round considered was round 11.
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The relatively small impact of attrition on the integrity of the LSMS-HFPS samples could be a product of
some of the measures put in place to mitigate attrition described in Gourlay et al (2021). One comes from
the frames used for all six HFPS which were households previously visited as part of the LSMS-ISA panel
surveys. A relationship had already been established with these households through their participation in
the LSMS-ISA and therefore they may be more willing to continue to engage and respond throughout the
round of the HFPS. Incentives were also provided to respondents in all six countries in the form of credit
for airtime. These incentives were relatively small in value (ranging from 0.7 to 2 USD across the six
countries) in an attempt to encourage participation but not condition respondents. Though no empirical
evidence exists as to the direct impact of these incentives on attrition in the HFPS, additional research
through an experimental study would provide valuable insights on the impact of this mitigation approach.

5. Integration of In-Person and Phone Surveys

In Gourlay et al. (2021), we argued for the integration of in-person and phone surveys as a way to evolve
and strengthen existing survey systems, reducing interviewer burden, and solidifying the infrastructure for
rapid response surveys. The appeal of mixed-mode survey systems is clear: phone surveys are substantially
less costly than in-person data collection, and their integration into survey systems has the potential to
deliver more timely, higher-frequency data at a lower unit cost. Realizing this potential requires, however,
overcoming two difficult challenges. First, phone surveys reach a selected subset of the population —
households and individuals without phone access are systematically excluded, introducing coverage and
sampling biases that can compromise the comparability of phone and in-person estimates. Second, even
when samples are identical, the survey mode itself can alter measured outcomes, a problem known as
mode effects. The remainder of this section discusses the comparative advantages of each mode, the
nature and magnitude of these challenges, and the design and analytical strategies available to address
them.

Phone surveys offer substantial advantages in cost, speed, and timeliness. Data from six LSMS-ISA
countries show that in-person surveys cost approximately 30 times more per completed interview —
ranging from USD 230 to USD 409 per household — against USD 8-12 by phone (Zezza et al., 2023). On a
cost-per-question basis, which accounts for the more limited scope of phone questionnaires, the gap
narrows to three to four times (Zezza et al., 2023). These cost advantages make high-frequency monitoring
feasible at a scale that would be prohibitive in person. Phone surveys can also be deployed rapidly for
near-real-time monitoring and crisis response and reduce logistical burden in remote or conflict-affected
areas (Zezza et al., 2023; Markhof et al., 2026).

In-person data collection, in turn, is indispensable for complex, measurement-intensive modules that are
too time-consuming to administer by phone or require the physical presence of an interviewer — such as
household consumption (Hirvonen et al., 2021), plot-level agricultural yields (Anderson et al., 2024),
anthropometrics, GPS-based land measurement, and certain individual-level outcomes. In-person visits
are also key to maintaining the phone survey sample healthy and relevant by updating phone numbers
and household locations. Critically, in-person samples serve as the benchmark against which phone survey
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estimates can be validated and adjusted — a function that, as discussed below, is difficult to replicate
without an integrated in-person component.

The complementary strengths of the two modes suggest a natural division of labor. Variables that benefit
from higher-frequency data collection — because timely information or ongoing monitoring is essential
for targeting and crisis responsiveness, or because higher-frequency data reveals policy-relevant patterns
— are well suited to phone-based collection. Such variables include food security, employment, and
impacts of and responses to shocks (Wollburg et al., 2024). As in the case of COVID-19, high-frequency
phone surveys have proven highly useful tools in response to large-scale events like severe shocks and
crises. Other variables, particularly those requiring complex questionnaire instruments or direct physical
measurement, are better suited to in-person collection.

Sampling differences between in-person and phone surveys arise because phone ownership in LMICs is
non-random — skewed toward wealthier, more educated, male, and urban households. The phone survey
sample thus constitutes a selected sub-sample of the full in-person population. Using LSMS-HFPS and
LSMS-ISA data from Ethiopia, Malawi, Nigeria, and Uganda, Ambel, McGee and Tsegay (2021) demonstrate
that households without phone access are considerably poorer and have lower living standards than those
with access, with the gap in mobile phone access between agricultural and non-agricultural households
exceeding 40 percentage points in some countries (Zezza et al., 2023). Coverage biases are even more
severe at the individual level: main phone respondents in HFPS are disproportionately household heads,
better educated, and more likely to own a non-farm enterprise than the adult population at large
(Brubaker, Kilic and Wollburg, 2021).

Mode effects are non-sampling errors whereby a measured outcome differs only due to the survey mode
with which it was captured, even if samples are identical. The existing evidence on mode effects in the
context of LMICs is limited and has until recently been far from conclusive (Anderson et al., 2024; Angrist
et al., 2020; Assefa et al., 2022; Crawfurd et al., 2021; Garlick et al., 2020; Greenleaf et al., 2020; Kilic et
al., 2021). Some studies find mode effects of meaningful economic size, while others find no evidence of
these effects mattering for policy analysis and research. A key difficulty in identifying mode effects is the
need to hold constant a range of confounders, including sample selection biases due to coverage and non-
response, respondent selection effects, real changes in outcomes over time, and anchoring or survey
participation effects.

Recent experimental evidence from Nigeria substantially advances our understanding of the nature and
magnitude of potential mode effects. Markhof et al. (2026) designed a study that directly addresses the
identification challenges noted above, distributing phones to 937 households in randomly selected rural
enumeration areas and interviewing them both in person and by phone using identical questions, while
randomizing the order of interview modes. This between- and within-respondent design allows mode
effects to be isolated from coverage bias, respondent selection, and timing effects simultaneously,
covering 20 outcome measures across food security, labor and employment, health, subjective wellbeing,
shocks, and non-farm enterprise ownership. The findings indicate consistent and economically meaningful
mode effects across outcomes: phone responses differ from in-person responses by 17%—18% at the
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median, with effects present across the large majority of outcomes examined. Mode effects are positive
for 70% of outcomes, with phone respondents more likely to agree with statements, answer "yes" to
binary questions, report extreme values, and provide rounded responses.

These behavioral patterns intensify with questionnaire complexity: the share of respondents providing
inconsistent answers across modes rises from 36% for binary variables to 82% for variables with ten
response options, approximately 5 percentage points per additional response option. Respondents with
higher levels of education are less prone to mode effects. Notably, Markhof et al. (2026) find mode effects
to substantially exceed coverage effects in magnitude — coverage effects stand at approximately 21% of
mode effects at the median — and the two error types commonly have opposite signs, meaning that in
aggregate they tend to attenuate each other while concealing substantial underlying sampling and non-
sampling error in phone survey estimates.

Strategies to address these two challenges can be divided into analytical solutions applied after data
collection and survey design solutions applied ex-ante. On the analytical side, response propensity
reweighting is the most commonly used approach to correct for coverage-related sample differences.
Ambel et al. (2021) find that reweighting substantially reduces but does not fully eliminate household-
level sampling biases in the LSMS-HFPS. At the individual level, selection biases are more pronounced, and
reweighting is relatively less successful in overcoming them, while also inflating the variance of the
adjusted estimates (Brubaker, Kilic and Wollburg, 2021). An alternative is to restrict analysis to the sub-
sample observed in both survey modes, maximizing comparability at the cost of reduced sample size and
potentially compromised representativeness (Amankwah et al., 2025). Survey-to-survey imputation
techniques or machine learning to impute variables for households not interviewed in phone surveys
represent further options (Dang et al., 2026), though evidence in LMICs on their effectiveness remains
limited (Dang and Carletto, 2022) and more work is needed to explore their feasibility in bridging phone
and in-person data. A crucial enabling condition for all these post-survey adjustment strategies is the
availability of an in-person benchmark sample: in recontact surveys such as the LSMS-HFPS, rich baseline
information allows for fine-grained response propensity modeling, whereas RDD or telecom-list-based
surveys typically lack the auxiliary data needed for effective bias reduction (Zezza et al., 2023). For mode
effects specifically, ex-post statistical adjustment using objective benchmarks, response quality checks, or
within-respondent longitudinal differencing represent promising avenues that warrant further research
(Markhof et al., 2026).

On the survey design side, the most fundamental factor shaping coverage bias is the initial response rate:
higher response rates minimize sample differences from the outset and make subsequent reweighting
more likely to succeed. This is a key advantage of re-contact surveys over RDD-based approaches. LSMS-
HFPS recontact surveys achieved average first-round response rates of 74%, ranging from 60% to 93%
across countries, compared to an average of 28% — and as low as 4% — for a sample of RDD-based surveys
analyzed in Zezza et al. (2023). Beyond the sampling strategy, collecting reference person contacts outside
the household can materially extend coverage, accounting for 7%—20% of successfully reached
respondents in the LSMS-HFPS, and up to 22%—23% among agricultural households in Ethiopia and Malawi
(zezza et al., 2023). Pre-contact SMS messages have also been shown to reduce non-response by informing
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respondents when to expect an interviewer call (Zezza et al., 2023). The most direct ex-ante approach to
coverage bias is providing mobile phones to households without one. In the Nigeria GHS-Panel Wave 5
(2023/24), as part of the experiment described in Markhof et al. (2026), 995 households in 106 randomly
selected enumeration areas received a mobile phone and SIM card to participate in four phone rounds
alongside two in-person interviews. This approach is costly relative to ex-post adjustments which are
essentially zero cost. In the case of Nigeria, the cost of mobile phones was equal to 27% of the cost of 12
rounds of phone surveys. At the same time, the provision of mobile phones to households in itself may
induce behavioral changes, which may be captured in differences in responses to questions before and
after the mobile phone was delivered. However, Markhof et al. (2026) find no evidence that phone
endowment itself influenced response behavior.

To limit mode effects, Markhof et al. (2026) identify several actionable survey design levers: restricting the
number of response options in phone questionnaires, given the amplifying effect of option count on
response inconsistency; standardizing enumerator training protocols across interview modes; and
implementing real-time data quality monitoring. The effectiveness of these strategies in mitigating mode
effects needs to be ascertained going forward.

6. Discussion

The COVID-19 pandemic accelerated the use of phone surveys in LMICs, and many national statistical and
data systems now have the capacity to conduct such surveys. The LSMS-HFPS have played a key role in this
transformation across the six Sub-Saharan African countries they support. Drawing on this experience, this
paper explores three methodological questions critical to implementing long-running panel phone surveys
sustainably: the collection of individual-level data, the nature and impacts of attrition, and the integration
of phone and in-person surveys. We show that collecting individual-level data in phone surveys is a
challenge that survey design choices like random respondent selection or proxy reporting can mitigate,
but these choices involve trade-offs in interview duration and logistical complexity. For attrition, we find
that the risk of attrition is associated with respondent and household characteristics, such as residing in
urban areas, being married, or working in the last week, as well as survey design features including
interview length and the period between rounds. These patterns have not, however, translated into
significant attrition bias, likely due to the recontact approach adopted for the LSMS-HFPS and calibrated
respondent incentives. On integration, analytical techniques exist for addressing sample differences
between phone and in-person surveys, and recent experimental evidence from Nigeria establishes that
mode effects are substantial, consistent across a wide range of outcomes, and larger in magnitude than
coverage effects — a meaningful advance on the state of knowledge at the time of our earlier Viewpoint
(Gourlay et al., 2021).

What are the implications of these findings for phone survey design? On individual-level data collection,
proxy reporting is error-prone and burdensome; the evidence suggests that interviewing a second
respondent for priority topics is a better option, with proxy reporting reserved for easily observable facts.
On attrition, it is important to avoid long periods between phone survey rounds, which tend to produce
surges in attrition, and to keep interview length manageable, since excessive length increases round-on-
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round dropout rates. On integration, maximizing the sample of households eligible and willing to
participate in phone surveys is critical to data quality and comparability with in-person data. In longitudinal
studies, periodic in-person visits to sampled households can boost coverage and response rates. Incentives
help shore up participation, and providing mobile phones to households without one is the most direct
way to reduce coverage gaps, though survey designers need to be mindful of the costs this entails.

The analysis presented in this paper highlights several areas for future research. The first is survey mode
effects. The experimental evidence in Markhof et al. (2026) substantially advances our understanding, but
important questions remain. On the survey design side, the mechanisms driving behavioral differences
across modes are documented but not yet well enough understood to generate prescriptive guidance for
guestionnaire design. On the analytical side, methods for ex-post statistical adjustment of mode effects,
including approaches based on objective benchmarks or within-respondent longitudinal differencing,
remain underdeveloped for LMIC settings. Concerted methodological work on both fronts is needed
before survey practitioners can fully mitigate the data quality risks that mode effects pose.

A second area is the interoperability of phone survey data with in-person survey data and other data
sources. The LSMS-HFPS are fully interoperable with the georeferenced LSMS-ISA in-person data, enabling
integration with spatially explicit data sources. This interoperability depends critically on the existence of
an in-person baseline — both as a sampling frame and as a benchmark against which phone survey
estimates can be validated and adjusted. Strengthening the institutional infrastructure for maintaining
such integrated survey systems and developing tools for doing so in contexts where a dedicated in-person
baseline is absent, remains an important priority.

Two further research priorities cut across the themes of this paper. The first is the more systematic use of
high-frequency survey data for development economics research and humanitarian programming. Despite
the proliferation of phone survey data over the past five years, their use for answering core development
guestions, e.g. on labor market dynamics, food insecurity, the impacts of shocks, and recovery trajectories,
remains nascent. A growing community of researchers is beginning to address this gap (World Bank, 2024),
but sustained investment in data access, analytical tools, and research capacity is needed to realize the
full potential of these data systems. The second is a more rigorous empirical treatment of the cost-quality-
feasibility trade-offs involved in mixed-mode survey design. The cost advantages of phone surveys are
well-documented, but the optimal balance — how much in-person data collection is needed to
benchmark, validate, and complement phone data, and at what frequency — remains an open design
question. Evidence on this trade-off is especially thin for RDD-based phone surveys, which operate without
the in-person baseline that makes reweighting and mode effect adjustment tractable in recontact settings.

Furthermore, an important point of discussion is high-frequency welfare measurement. Phone surveys are
not equipped to collect the detailed data necessary to construct the consumption aggregates traditionally
used for poverty measurement. A promising direction is using proxy variables collected in phone surveys
— assets, dwelling characteristics, food security indicators — to impute welfare levels through multiple
imputation techniques (Dang et al., 2026; Dang and Carletto, 2022). The SWIFT methodology offers a
related approach (Yoshida et al., 2022). More work is needed to establish the reliability and precision of
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these methods across different country contexts and shock environments, and to operationalize them as
practical tools for high-frequency poverty monitoring.

7. Conclusion

We close by taking stock of where things stand five years on from Gourlay et al. (2021). That earlier
Viewpoint called for systematic collection of contact information in face-to-face surveys, investment in ICT
infrastructure for NSOs, development of phone survey tools and protocols, and research on mode effects
in LMIC settings. Progress has been real on all four fronts: contact information practices have improved,
ICT infrastructure has matured, and, as this paper documents, experimental evidence on mode effects in
LMICs has arrived. Yet the broader vision of phone surveys as a permanent complement to in-person
surveys within integrated national data systems has been only partially realized. Most phone survey
programs that emerged during COVID-19 ended when in-person data collection resumed, reverting to the
pre-pandemic model rather than building on it. The LSMS-HFPS is a notable exception, having continued
and evolved into a sustained mixed-mode system — but it remains the exception rather than the rule. The
infrastructure, methods, and evidence base now exist to build genuinely integrated survey systems
capable of delivering reliable, timely, high-frequency data at a fraction of the cost of in-person surveys
alone. Translating that potential into institutional practice among institutions, within NSOs, research
programs, and humanitarian data systems is the central challenge for the next five years.
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Appendix Tables

Table A1. Round-specific response rates in LSMS-HFPS

BFA ETH MWI NGA TZA UGA
Round 1 0.79 0.60 0.74 0.65 0.47 0.93
Round 2 0.92 0.96 0.95 0.93 0.88 0.93
Round 3 0.95 0.94 0.94 0.93 0.86 0.91
Round 4 0.96 0.89 0.95 0.95 0.85 0.9
Round 5 0.93 0.85 0.93 0.96 0.81 0.91
Round 6 0.96 0.83 0.93 0.96 0.81 0.91
Round 7 0.97 0.78 0.92 0.95 0.78 0.86
Round 8 0.98 0.68 0.91 0.95 0.79 0.82
Round 9 0.99 0.64 0.91 0.95 0.79 0.83
Round 10 0.98 0.67 0.81 0.95 0.78 0.75
Round 11 0.98 0.61 0.91 0.95 0.77 0.77
Round 12 0.84 0.70 0.90 0.78 0.70 0.84
Round 13 0.94 0.62 0.85 0.66 0.78
Round 14 0.94 0.87 0.84 0.94 0.81
Round 15 0.94 0.88 0.81 0.92 0.8
Round 16 0.95 0.83 0.81 0.91 0.85
Round 17 0.94 0.84 0.79 0.91 0.84
Round 18 0.81 0.80 0.81 0.88 0.87
Round 19 0.91 0.83 0.83 0.85
Round 20 0.95 0.82 0.82 0.87
Round 21 0.95 0.56 0.76 0.88
Round 22 0.94 0.77 0.82 0.94
Round 23 0.94 0.91
Round 24 0.90
Round 25 0.91

Table A2. HFPS Thematic Coverage (Frequency)

Burkina

Theme Sub-themes Faso Ethiopia Malawi Nigeria Tanzania Uganda
Household Roster & Household Roster; Location Update; Phone
Contacts Number Update; Youth Contact Details 23 22 22 25 12 18
Access to Essential Access to Essential Needs; Access to
Goods and Services Essential Goods and Services; Access to

Essential Food and Non-Food Items 23 12 19 9 4 15
COVID-19 Behavior & Behavior and Social Distancing; Knowledge
Knowledge about government guidelines against

COVID-19 and misconceptions about

COVID-19; Knowledge Regarding the

Spread of COVID-19 4 4 12 1 0 10
Shocks and Coping
Strategies Shocks and Coping Strategies 8 1 7 7 3 6
Social Safety Nets Social Safety Nets; Aid and Support; Social

Protection; TASAF (Tanzania) 4 10 7 6 2 9
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Food Security &

Food Security (FIES); Food Consumption

Nutrition Score; Food Consumption Score - Nutrition;

Dietary Diversity; Aggregated Food

Consumption 17 8 16 13 7 17
Education Education 3 2 0 4 2 5
Childhood
Development Childhood Development; Parental Support 1 0 2 2 0 2
Youth Aspirations Youth Aspirations 0 1 1 1 2
Agriculture Agriculture (Crops and Livestock); Crop

Production and Sales; Fertilizer; Digital

Farming; Farmer Annual Profile; Farmer

Screening 2 9 8 10 1 9
Employment, Labor & Employment; Agricultural Labor; Casual
Non-Farm Enterprises Labor; Job History; Non-Farm Enterprise

(NFE) 22 17 20 20 12 18
Dimensions of Income Income Changes; Income Loss; Income Loss

and Coping; Non-Agricultural Income;

Other Income and Revenues; Source of

Income 11 7 10 7 0 10
SWIFT Survey of Well-being via Instant and

Frequent Tracking (SWIFT) 1 2 1 0 0
Credit & Savings Credit; Women's Savings 4 1 5 3
Assets & Housing Assets; Housing 0 0 1 0 2
Economic Sentiments &
Subjective Welfare Economic Sentiments; Subjective Welfare 10 7 7 17 7 9
Prices Food and Non-Food Prices; Energy and Fuel

Prices; Transportation Prices 8 8 6 4 6 10
g«ccgss to Health Access to Health Services; Access to Health

ervices Care - Individual level; Health Facility

Services; Delivery & Antenatal Care 6 7 0 12 2 9
Vaccines COVID-19 Testing; COVID-19 Vaccines and

Vaccination; Immunizations 5 2 4 9 1 1
Mental & Personal Mental Health; Personal Health
Health Questionnaire 2 0 1 1
WASH WASH 0 2 0 0 0
Climate Change Climate Change; Expectations of Climate

Extremes and Past Experience 1 0 0 2 0 1
FCV & Other Crises Concerns of Ebola Virus; Yellow Fever;

Locusts; Fragility, Conflict and Violence 5 3 0 0 0 4
Migration &
Displacement Displacement; Migration; Return Migration 1 1 0 0 0 0
Other E-Commerce; Phone Signal; Fuels;

Electricity; Household Mobility; Tourism;

Concerns; Perceptions re: Efficacy of

Government Actions 3 2 14 14 2 10

30



Table A3 : Round by round attrition rates for each country

BFA ETH MWI NGA TZA UGA
Round 1 2.34 0.83 1.27 1.69 4.16 0.72
Round 2 1.4 0.84 0.97 1.26 1.94 1.05
Round 3 0.75 1.86 0.62 0.61 1.5 0.56
Round 4 1.49 1.04 0.43 0.67 2.42 1.08
Round 5 0.67 1.30 0.5 0.73 3.5 0.52
Round 6 0.81 1.89 0.31 0.85 7.08 4.57
Round 7 0.66 6.86 0.26 0.52 4.04 4.67
Round 8 0.31 2.16 0.39 0.58 3.67 1.75
Round 9 0.66 3.61 0.32 0.7 7.73 3.58
Round 10 0.41 12.22 0.22 0.53 0.84
Round 11 13.1 19.42 0.32 4.82 2.94
Round 12 2.6 32.24 2.41 6.9 11.78
Round 13 1.56 3.06 0.97 2.53 2.78
Round 14 1.35 3.47 1.48 1.75 6.53
Round 15 2.35 3.77 1.97 1.59 2.43
Round 16 4.02 3.64 1.98 1.46 7.13
Round 17 17.3 12.05 1.9 1.55
Round 18 3.16 8.63 4.53 2.48
Round 19 2.05 5.7 2.68
Round 20 3.35 5.29

Round 21 4.04

Table A4 : Estimated hazard ratios for attrition from high frequency phone surveys in Cox proportional hazard model. Results
for area of residence.

ALL BFA ETH MWI NGA TZA UGA

Urban HH 0.746%**  (.756***  (.662%** 0.840 0.775%* 1.001 1.010
(0.021) (0.045) (0.028) (0.093) (0.061) (0.077) (0.076)

Observations 197714 38206 42184 27770 40134 19528 29892

Notes: Exponentiated hazard ratios coefficients estimated in Cox proportional hazard models. ALL is
the pooled country estimation and is estimated with country fixed effects. Standard errors clustered
at the household level. Significance levels: *p<0.1; **p<0.05; ***p<0.01."
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Table A5: Estimated hazard ratios for attrition from high frequency phone surveys in Cox proportional hazard model. Results
for baseline household covariates.

ALL BFA ETH MWI NGA UGA
Cons qt4-5 0.955 1.017 0.870 1.015 0.859 1.020
(0.035) (0.069) (0.064) (0.118) (0.073) (0.077)
HH own mobile 0.819*** 0.695* 0.959 0.659** 0.741%* 1.135
(0.040) (0.111) (0.070) (0.090) (0.074) (0.123)
Head:Married 0.839*** 0.868 0.771%* 0.748* 0.792** 0.945
(0.034) (0.070) (0.066) (0.087) (0.071) (0.077)
Head:Primary 0.888** 0.864 0.873 0.857 1.088 0.841*
(0.038) (0.078) (0.068) (0.100) (0.109) (0.074)
Head:Secondary 0.837*** 0.945 0.564*** 0.970 0.905 0.839
(0.038) (0.076) (0.072) (0.188) (0.087) (0.075)

Area residence Yes Yes Yes Yes Yes Yes
Observations 145762 38206 10863 27766 40134 28793

Notes: Exponentiated hazard ratios coefficients estimated in Cox proportional hazard models. The

covariates are taken from the in-person data which were used as the sampling frame. Cons qt 4-5

indicates that the household is in the top consumption quintiles. ALL is the pooled country estimation and
is estimated with country fixed effects. The pooled and the country estimations include control for area of
residence. Standard errors clustered at the household level. Significance levels: *p<0.1; **p<0.05;

*4n<0.01.

Table A6: Estimated hazard ratios for attrition from high frequency phone surveys in Cox proportional hazard model. Results

for respondent characteristics.

ALL BFA ETH MWI NGA TZA UGA

Head of HH 1.200%** 0.904 1.506*** 1.054 1.053 1.046 1.300%*
(0.049) (0.102) (0.105) (0.183) (0.126) (0.146) (0.115)
Female 1.120%** 0.979 1.190** 0.988 1.272* 1.146 1.089
(0.038) (0.087) (0.066) (0.133) (0.129) (0.112) (0.081)

Age 35-64 0.777*** 0.821* 0.808*** 0.891 0.758* 0.698**  0.683***
(0.027) (0.067) (0.043) (0.108) (0.087) (0.082) (0.054)

Age 65+ 0.792%** 0.868 1.076 1.479 0.605** 0.788 0.546***
(0.044) (0.105) (0.104) (0.317) (0.098) (0.124) (0.067)
Worked last week 0.847*** 0.863 0.764%** 0.730* 0.987 0.823* 1.014
(0.029) (0.070) (0.043) (0.101) (0.104) (0.076) (0.087)

Area residence Yes Yes Yes Yes Yes Yes Yes

Observations 166324 30515 34377 23363 34513 15470 28086

Notes: Exponentiated hazard ratios coefficients estimated in Cox proportional hazard models. ALL is the pooled
country estimation and is estimated with country fixed effects. The pooled and the country estimations include
control for area of residence. Standard errors clustered at the household level. Significance levels: *p<0.1;

“*n<0.05; **p<0.01."
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Table A7a. Estimated hazard ratios for attrition from high frequency phone surveys in Cox proportional hazard model.
Results for interview protocol variables.

ALL ALL ALL BFA BFA BFA ETH ETH

Weeks since last round 0.969***  0.962***  0.933***  0.949***  0.950***  0.949***  0.965***  0.967***

(0.002) (0.002) (0.005) (0.006) (0.005) (0.006) (0.002) (0.002)
Duration (mins) 1.012%** 1.014%**

(0.002) (0.002)
Phase FE Yes Yes Yes Yes Yes Yes Yes Yes
Area residence Yes Yes Yes Yes Yes Yes Yes Yes
Resp X No Yes Yes No Yes Yes No Yes
Housing X No Yes Yes No Yes Yes No Yes
Phone ownership No Yes Yes No Yes Yes No Yes
Observations 197713 175128 78335 38206 38204 38204 42183 41953
MWI MWI NGA NGA NGA TZA UGA UGA

Weeks since last round 1.013***  1.012***  0.963***  0.964***  0.962***  1.018***  0.980***  0.976***

(0.002) (0.002) (0.009) (0.009) (0.009) (0.002) (0.004) (0.005)
Duration (mins) 1.010***

(0.003)

Phase FE Yes Yes Yes Yes Yes Yes Yes Yes
Area residence Yes Yes Yes Yes Yes Yes Yes Yes
Resp X No Yes No Yes Yes No No Yes
Housing X No Yes No Yes Yes No No Yes
Phone ownership No Yes No Yes Yes No No Yes
Observations 27770 26839 40134 40134 40131 19528 29892 27998

Notes: Exponentiated hazard ratios coefficients estimated in Cox proportional hazard models. The housing and asset

controls are taken from the in-person data which were used as the sampling frame. ALL is the pooled country estimation
and is estimated with country fixed effects. Standard errors clustered at the household level. Significance levels: *p<0.1;

*0<0.05; **p<0.01.
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Table A7b. Estimated hazard ratios for attrition from high frequency phone surveys in Cox proportional hazard model. Results
for interview protocol variables.

ALL ALL BFA BFA MWI MWI UGA UGA

Multi resp. HHs 0.942 0.954 0.950 0.933 0.699* 0.735* 1.027 1.066
(0.056) (0.058) (0.089) (0.089) (0.102) (0.107) (0.089) (0.093)

Arearesidence Yes Yes Yes Yes Yes Yes Yes Yes

Baseline controls No Yes No Yes No Yes No Yes
Observations 75949 75868 25234 25234 24786 24786 25929 25848

Notes: Exponentiated hazard ratios coefficients estimated in Cox proportional hazard models. The housing and asset controls
are taken from the in-person data which were used as the sampling frame. ALL is the pooled country estimation and is
estimated with country fixed effects. Standard errors clustered at the household level. Significance levels: *p<0.1; **p<0.05;
***p<0.01. Significance levels: *p<0.1; **p<0.05; **p<0.01.

Table A8. Estimated hazard ratios for attrition from high frequency phone surveys in Cox proportional hazard model. Results
for time between rounds for each phase of the implementation of the LSMS-HFPS.

ALL-ph1 ALL-ph2 ALL-ph3 BFA-ph1 BFA-ph2 BFA-ph3

Weeks since last round - 0.930*** 1.138***
phase 1 (0.005) (0.016)
Weeks since last round - 0.966*** 1.050**
phase 2 (0.005) (0.017)
Weeks since last round - 0.955*** 0.969
phase 3 (0.010) (0.018)
Observations 93416 52417 29436 19425 8453 7265

ETH-ph1 ETH-ph2 ETH-ph3 MWI-ph1 MWI-ph2 MWI-ph3
Weeks since last 0.997 1.019
round - phase 1 (0.002) (0.018)
Weeks since last 0.997 0.988
round - phase 2 (0.003) (0.010)
Weeks since last 0.991
round - phase 3 (0.041)
Observations 26389 9723 16716 5391 2593

NGA - ph NGA - ph NGA - ph

1 2 3 TZA-ph2 TZA-ph3 UGA-ph1l UGA-ph2 UGA-ph3

Weeks since last 1.015 0.972**
round - phase 1 (0.017) (0.010)
Weeks since last 1.025 0.992 0.939**
round - phase 2 (0.018) (0.004) (0.027)
Weeks since last 0.991 0.951 0.982
round - phase 3 (0.021) (0.028) (0.014)
Observations 18310 10576 6963 11445 5827 12576 6829 6788
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Notes: Exponentiated hazard ratios coefficients estimated in Cox proportional hazard models. Standard errors clustered
at the household level. For each phase of the phone survey, we consider that the sample is a new sample. Significance

levels: *p<0.1; **p<0.05; ***p<0.01.

Table A9. Reasons for not being able to interview household

(%) Burkina-
Faso Malawi Nigeria Tanzania | Uganda Total

Partially Complete 4.7 2.2 5.8 1.4 5 3.6
Refused 13.6 1.8 7.7 6.2 5 6.3
Don't Speak the Language 0.9 0 1.3 8.1 1.8 3.1
Nobody Answering 16.7 4.9 13.1 37.3 13 19.2
Number Does Not Exist 7.6 10.3 3 0.3 16 6.5
Phone Turned Off 52.8 78.1 63 23.3 52.3 50.7
Don't Know the Household 3.7 2.8 6.1 23.4 7 10.6
Total 100 100 100 100 100 100
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Appendix Figures

Figure A1. Geographic coverage of LSMS-supported HFPS surveys (households in rural EAs in green, households in urban
EAs in red)
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any tereitory, or any endorsement or sceeptance of such
‘boundaries.
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Figure A2. Thematic coverage over time (select themes)
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Figure A3: Cumulative hazard function for attrition over the HFPS implementation period. (Blue: national,
green: rural area, red: urban area).. Step changes occur at each round, reflecting the cumulative
increase in attrition up to that point
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Figure A4: Exponentiated attrition hazard ratios associated with various baseline covariates
obtained after estimating cox proportional hazard models.
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Figure A5a: Attrition Bias in LSMS-HFPS
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Figure A5c: Attrition Bias in LSMS-HFPS

All Countries
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