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Abstract 
 
Researchers and policy makers face significant challenges in selecting a method to conduct remote 
surveys, especially when collecting sensitive information or during turbulent life stages of hard-
to-reach groups. In the context of the COVID-19 lockdown, we randomly selected about 600 
adults in El Salvador to survey using two different tools: telephone interviews or a self-completion 
survey via WhatsApp. We find that phone-based surveys increase the rate of survey completion 
by 42 percentage points. We document even larger effects for women and older adults. Although 
direct costs of phone-based surveys are substantially larger—doubling implementation cost—our 
estimates imply that when adjusted for the probability of completion, the costs of conducting 
phone-based surveys can be 25 percent lower. 
JEL-Codes: C830, C810, C930, D910. 
Keywords: phone surveys, WhatsApp surveys, response rate, survey experiments. 
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1 Introduction

Given the recent acceleration of digitization worldwide, high mobile phone diffusion, and improved access

to internet, researchers and policy makers are increasingly interested in understanding the specific trade-offs

of alternative methods for surveying individuals who are program beneficiaries, target groups for research

studies, and the population in general (Abay et al., 2021). This is especially true when in-person interviews

are not feasible—such as during conflicts, refugee crisis, and pandemic outbreaks—or expensive enough to

make researchers seek alternative methods for data collection. Relative to in-person surveys, phone-based

or online (self-completion) surveys can substantially reduce implementation costs (Garlick et al., 2020; Leo

et al., 2015; Dabalen et al., 2016; Dillon, 2012; Mahfoud et al., 2015; Lamanna et al., 2019). However, among

hard-to-reach groups, the data quality and sampling implications of phone or self-completion surveys are

not fully understood, as documented in the literature (Mahfoud et al., 2015; Lamanna et al., 2019).

In terms of varying data-collection quality due to survey methods, two issues stand out. A first-order

one is a non-random response rate, which can bias estimates substantially. For instance, online surveys

cannot offer valid information about populations with little access to internet. Similarly, phone-based sur-

veys yield high response rates only for populations with high connectivity.1 Thus, inferences based on these

kinds of surveys should be interpreted cautiously when describing specific groups. Besides differences in

access, another important concern regards the cultural likelihood of a response: some groups are especially

reluctant or unwilling to respond to a particular survey method.2

Another problematic aspect concerns the reporting of sensitive information. On the one hand, the sur-

vey method can affect cognitive burden of respondents. This is especially true for those from hard-to-reach

and vulnerable populations, many of whom may lack experience with self-completion or automated sur-

veys (Pariyo et al., 2019). Moreover, the survey mode can also affect how people report sensitive issues.

For example, evidence shows it is more likely for women to report intimate partner violence when the

1For instance, Guriev et al. (2021) find that internet penetration lowers governmental support and is
associated with increased political participation.

2(Abraham et al., 2009) show that non-response bias leads to an extensive overestimation of the rate of
volunteering in the U.S.
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instrument guarantees full anonymity, relative to another with a lower level of anonymity (Aguero and Fri-

sancho, 2021). Therefore, in light of the inherent problems, how can researchers and policy makers assess

the convenience of each method?

In this paper, we evaluate the relative effectiveness of collecting data on sensitive topics through two

remote survey methods: phone-based surveys and self-completion surveys over WhatsApp. We conduct

a randomized-controlled experiment, embedded on a survey-mode evaluation of a positive-parenting and

stress-management intervention for caregivers in El Salvador, to assess the relative convenience of each

method. In particular, we randomly allocate respondents to either phone-based - computer-assisted tele-

phone interview (CATI) – or self-completion surveys – surveys done over WhatsApp –, and evaluate their

relative effect. In order to provide specific guidance for researchers and policy makers, we compare dif-

ferent dimensions of analysis such as completion rate, changes in composition of respondents, quality of

responses, and implementation costs. We use mental health and attitudes toward the effectiveness of phys-

ical punishment of children as measures of sensitive information, due to the large incidence of these issues

over time and their greater relevance during the pandemic crisis (WHO, 2020; Cullen et al., 2020; Kumar

and Nayar, 2021).3

We document five main results. First, we find that phone surveys increase the response rate by 42

percentage points. This represents an increase of 140 percent relative to the response rate among those who

were contacted via WhatsApp messages. To put the magnitude of this estimate in perspective, our back-of-

the-envelope calculation on cost-effectiveness suggests that when including the differences in probability of

survey completion, rather than doubling the implementation costs, phone-based surveys are 25 percent less

costly than self-completion surveys.

Second, survey methods can change the reasons for non-response. Using reports of causes for non-

response provided by enumerators, we show that amenability was lower among phone-based survey ex-

3For example, as of 2017, 792 million people (more than one in 10 people) worldwide lived with a mental
health disorder (Saloni Dattani and Roser, 2021), an issue that is more relevant for individuals from the
lowest income strata (Ridley et al., 2020). Moreover, close to 300 million (three in four) children aged two
to four years worldwide experience violent discipline by their caregivers on a regular basis; 250 million
(around six in 10) are punished by physical means (UNICEF, 2017).
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periment participants in comparison to those with connectivity issues relative to the same proportion of

non-respondents in the self-completion survey mode. This result is important for contexts with weak con-

nectivity settings, such as low internet speed or bandwidth, and for surveys that use self-completion ques-

tionnaires with high respondent fatigue and therefore greater refusal rates (Savage and Waldman, 2008).

This result also highlights that phone surveys may ease the experience of survey completion for partici-

pants, thereby raising response rates.

Third, given the magnitude of the effect, we perform several additional analyses to better understand

the implications of our results. First, we analyze impact heterogeneity across groups and identify a set

of interesting patterns. Relative to men, women are 15 percentage points more likely to answer the survey

when contacted by phone. The magnitude of this estimate is substantial; it implies that in the case of women,

completion rates can increase from 30 to 80 percent in the context of phone-based surveys. Furthermore,

we detect that the magnitude of the effect increases with age. Older populations are much more likely

to complete the survey when reached by phone. In particular, relative to respondents who are younger

than 40 years old, response rates increase by 41 percentage points among those who are 40 years old or

older. Importantly, contrary to the initial hypothesis, we do not detect significant responses based on phone

availability or access to digital resources. Altogether, these results show that response rates can increase

substantially when targeting specific groups such as women or older people.

In addition to differences in completion rates, as a fourth result, we also examine the extent to which the

survey method altered the group composition of respondents. In principle, the survey method can affect an

observational outcome by altering the group composition of respondents or—alternatively—the willingness

to report a particular outcome among respondents. This can be relevant for surveys on sensitive issues such

as mental distress or attitudes toward physical punishment, where the survey method can impact both. For

instance, relative to online methods, phone-based surveys can bias the population group toward those who

are more likely to answer the phone and at the same time modify the likelihood of reporting a sensitive

issue. We explore this in our context and find suggestive evidence that the survey method does not affect

the composition of respondents, at least when comparing an important outcome such as the likelihood of

reporting a high level of stress.
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Finally, we also measure the quality of the reporting of sensitive outcomes, such as stress and physical

punishment of children, by the type of remote survey method. Specifically, we test if responses concerning

this sensitive information are consistent by type of survey method. We find no differences in the self-

reports of stress and perception of the effectiveness of physical punishment across survey waves by survey

mode. This result adds to a growing literature implementing different survey method within face-to-face

interviews.

Our paper contributes to three strands of literature. First, we contribute to the growing literature on

methodology and best practices for designing and conducting phone-based surveys in low-income coun-

tries. For example, the works of Himelein and Kastelic (2021); L’Engle et al. (2018) on sampling; Greenleaf

et al. (2020); Henderson and Rosenbaum (2020); Lau et al. (2019) on survey mode; Ballivian et al. (2015);

Dabalen et al. (2016); Gibson et al. (2019); Lau and di Tada (2018); Leo et al. (2015); Özler et al. (2021) on

survey cost, non-response, attrition, and use of incentives; Glazerman et al. (2020) on questionnaire design;

Demombynes et al. (2013); Brubaker et al. (2021) on sample representativeness; Abay et al. (2021) on sur-

vey fatigue; and more recently, the documentation of general practices for the design of high-frequency

phone surveys in the context of a pandemic (Gourlay et al., 2021; Etang and Himelein, 2020; Himelein and

Kastelic, 2021; Feng et al., 2018; Morse et al., 2016). In our setting, we show that the main finding—higher

response rates for phone-based surveys relative to message-based ones—holds during peak stress periods

in a hard-to-reach group. Our design also allow for a direct comparison of survey modes without con-

founding the result with each of the above mentioned dimensions. Moreover, our data allows us to present

evidence on two potential mechanisms behind this difference; that is, amenability - or refusal to respond -

and contactability - in our case, due to connectivity problems - (Pariyo et al., 2019; De Weerdt et al., 2020).

Importantly, our experimental design provides a novel way to measure the effects of different survey

modes. Our experimental design relies on a sample that was subject to the same sampling method, contact

rate, incentives, survey length, survey structure and reminders. This advantage is important since by design

it allows to overcome some of the shortcomings in the existing literature considering that each of these

dimensions could on its own alter responses rates, group composition and data quality beyond the true

5



effect of the survey mode.4

Second, our findings contribute to a rich literature that examines the effects of self-administration on

data quality and reporting related to sensitive survey items, such as intimate-partner violence (Aguero and

Frisancho, 2021; Cullen, 2020); contraceptive use (Greenleaf et al., 2020); and other health issues (Kays et al.,

2012).5 Initial research suggests that interviews conducted via text messaging on mobile devices essentially

mimic self-administration in terms of higher reporting of sensitive behaviors and higher data quality in

general (Brenner and DeLamater, 2014; Cocco and Tuzzi, 2013; Schober and Conrad, 2015). Interviews using

text messages also remove the potential for interviewer effects on responses due to observable characteristics

of the interviewers, on which there is ample research (Schaeffer et al., 2010). In theory, one can therefore

hypothesize that modular designs involving interviewers and mobile phones will simultaneously reduce

respondent burden (due to decreased questionnaire length) and increase the quality of reporting on sensitive

survey items; we test this hypothesis with the present study. Specifically, we focus on dimensions that have

not been considered so far (perceptions of physical-punishment effectiveness and mental health). Overall,

our results suggest there are no significant differences in response quality between phone-based surveys

and self-administered instruments through phone messages.

Finally, existing evidence documents heterogeneity in data quality obtained from different survey-

modes by some respondent characteristics (Bardasi et al., 2011; Beegle et al., 2012; Gigliotti and Dietsch,

2014; LeFevre et al., 2020).6 For example, Bardasi et al. (2011) document that responses by proxy of em-

ployment rather than self-report have differential effects on employment rates by gender in Tanzania. Simi-

larly, Beegle et al. (2012) experimentally test alternative survey designs in face-to-face surveys that measure

household consumption. The authors find that under-reporting is particularly apparent for illiterate house-

holds and for urban respondents. We contribute to this literature by experimentally testing survey mode –

4In Table A5 in Appendix we provide a summary of the literature and the design features in each study.
5Within this strand, a subset of studies analyzes response and measurement error from surveys in general

(not only phone-based or message-based ones). See, for example, the works from Friedman et al. (2017);
Gibson et al. (2015); De Weerdt et al. (2016).

6See De Weerdt et al. (2020) for a literature review on how survey designs can influence socioeconomic
data collection in developing countries and, as a consequence, how this also affects the data and results of
subsequent analyses.
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instead of survey design – and variation in response rate by respondents’ characteristics that are standard

in the literature – gender and age – and by others that are novel and relevant due to the policy implications

of the findings – phone availability and access of electronic-transfer technologies.

The remainder of the paper is organized as follows: Section 2 describes the research design, including

details on the recruitment process, and experimental design. Section 3 presents the data collected and our

implementation process. In section 4, we describe our main empirical approach. Section 5 summarizes

the main results obtained from specifications presented in section 4, and section 6 describes our robustness

checks. Finally, in section 7 we briefly conclude.

2 Research Design

We embedded a survey-mode experiment in a midline survey of the impact evaluation of a positive-parenting

and stress-management intervention for caregivers in El Salvador (Amaral et al., 2021). The midline survey

sought to assess if caregivers who received the intervention were incorporating its concepts. We took the

opportunity of the survey to conduct the survey-mode experiment and generate evidence on the most con-

venient method (CATI vs. self-completion) to collect data on sensitive topics. We used the results of this

experiment to choose the survey mode for the impact evaluation’s endline survey (conducted a few months

later).

As we show in Figure 1, we enrolled a total of 6,258 individuals for the main impact evaluation.7 These

individuals were recruited through three channels: Facebook, the implementing partner’s network, and

WhatsApp messages sent to customers of Tigo, the largest cell phone provider in El Salvador.8 These indi-

viduals received a link to an enrollment survey in August 2020.9 Only 4,718 individuals met the eligibility

7These were selected by Tigo by random digit selection and by also making sure that individuals were
not residing in the same address or vicinity of the same address. This avoids a potential treatment contami-
nation concern.

8Table A6 presents data on the channel used to recruit our sample. Most participants in the midline
survey (and the impact evaluation) were recruited through Tigo’s client network. A similar recruitment
process could be replicated in contexts with a high mobile-phone ownership rate, such as El Salvador, where
81 percent of the population owns a mobile phone.

9The enrollment survey questions and consent form are available in this link.
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criteria for the impact evaluation and were allowed to enroll in the study.10 After enrollment, we contacted

them for a baseline survey between August and September 2020, and collected baseline data from 3,103 in-

dividuals (66 percent) for the impact evaluation.11 In October 2020, we conducted the midline survey with

a group of 599 randomly selected individuals out of the 4,718 enrolled in the impact evaluation.

The survey-mode experiment aimed to evaluate the relative convenience of the two survey modes based

on four criteria: (i) response rate, (ii) changes in composition of respondents, (iii) quality of responses, and

(iv) cost.12 We calculate the response rate as the percentage of contacted individuals who complete the

survey. We assess changes in the composition of respondents by measuring changes in their report of stress

and attitudes toward violent parenting practices. We measure the quality of responses by checking the

consistency of responses in the midline survey against those reported in the baseline and endline surveys.

Finally, we use data on the monetary cost of contacting individuals through the two channels under analysis.

To conduct the survey-mode experiment, we randomly split this sample of 599 individuals participat-

ing in the midline survey into two groups.13 Each group was asked to complete the survey through an

alternative mode, as follows:

• Group 1 — CATI — 300 individuals: This group received a call asking them to complete a phone-

based survey (CATI). At the outset, they were informed about the monetary incentive (US$ 2.50

in Tigo Money) to complete the survey. On average, participants received 3,7 (3,4) calls per day

over three days – including picked up survey call. Enumerators were trained to conduct surveys on

sensitive topics. Following recommendations by Glazerman et al. (2020), we developed a contact-

attempt tracking log for each participant.

• Group 2 — Self-completion — 299 individuals: This group received WhatsApp messages14 invit-

10The eligibility criteria to participate in the impact evaluation were: being between 18 and 45 years of
age, living with at least one child eight years old or younger, having access to a mobile phone, and providing
consent to receive digital messages and to participate in the study (Amaral et al., 2021).

11As explained in Amaral et al. (2021), 34 percent of enrolled individuals did not complete the baseline
survey for different reasons, including: did not provide a correct phone number, were not able to be reached
after several attempts, and decided not to participate in the survey.

12The following section describes in more detail how we measure these three variables.
13While the initial sample was 600 participants, one person dropped out of the study.
14Throughout this paper, we use the terms “CATI” and “phone-based survey” to refer to the first treat-

8



ing them to complete an online survey. The message included a link to the self-completion survey

with a note on the incentive to complete the survey (US$ 2.50 in Tigo Money) and the deadline for

completion (three days). Tigo provided free access to the survey. On average, participants received

2,9 (2,6) calls per day over three days from trained enumerators who reminded them to complete the

self-completion survey. Thus we made the same effort to reach participants in each group. These

contact attempts were tracked in the same individual log as Group 1.

To credibly identify the relative convenience of the two modes, we not only randomly assigned indi-

viduals to one of the two groups but also ensured that aside from the survey mode itself, both groups were

treated equally. The instrument was the same, all individuals received the same monetary incentive to com-

plete the survey, both groups had three days to complete it, and the maximum number of reminders was

similar across groups. These features are non-trivial and allow for a causal interpretation of the effect of the

two survey modes without confounding with other potential aspects of survey design.

We assessed the external validity of our experiment and the representativeness of our sample by com-

paring them with the sample of the 2019 Household and Multipurposes Survey (EHPM), a nationally rep-

resentative survey in El Salvador that is conducted through face-to-face interviews. Of the approximately

75,000 individuals interviewed in the EHPM, 15,680 (21 percent) meet our eligibility criteria (See Table A1

in the Appendix).15 When we restrict the EHPM sample to individuals who meet our criteria, we find no

meaningful differences in age, gender, and age of the oldest child with our sample (See Table A2 in the

Appendix).16

ment arm, and “self-completion” and “WhatsApp” to refer to the second group.
15The eligibility criteria are described in footnote 10.
16We only find differences between the EHPM and the survey-mode experiment samples in educational-

level variables; the survey-mode experiment sample is more educated. This difference could also stem from
the fact that only 60 percent of our sample completed baseline. Therefore, educational attainment data is
available only for a subsample of 358 (out of 599) individuals.
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3 Data and Summary Statistics

3.1 Data Sources

We use four sources of data to assess the relative convenience of the two survey modes: administrative

records provided by the survey firm, responses to the enrollment survey, responses to the midline survey,

and responses to the parenting intervention’s baseline and endline surveys.17

Administrative records provided by the survey firm. This data includes information on whether the individ-

uals completed or did not complete the midline survey, the reason for non-completion (for those who did

not complete it), and the number of reminder calls made to each person.

Enrollment survey. The enrollment survey included questions on respondent’s gender and age, mobile

phone ownership status, whether they lived with and cared for a child eight years old or younger, and the

age of the eldest child under eight years old under their supervision. We used this information to assess

respondents’ eligibility to participate in the parenting intervention.18

Midline survey. The midline survey consisted of 22 questions, divided into two sets. The first set of

questions asked about respondents’ knowledge of concepts and the use of techniques taught in the par-

enting intervention.19 The second set included questions on respondents’ stress levels and their attitudes

toward violent parenting. The average completion time of the survey was 10 minutes. As explained in the

previous section, some individuals responded to the survey over the phone and others completed an online

form access via Whatsapp. All answers were self-reported.20

Intervention’s baseline and endline surveys. For the impact evaluation of the parenting intervention, we

17In Figure 1 we present the different stages of data collection that we describe in this section.
18See eligibility criteria for the impact evaluation in footnote 6.
19In Amaral et al. (2021), we use participants’ responses about the use and knowledge of different stress-

management and positive-parenting techniques and concepts to assess their assimilation of the content
provided in the parenting intervention. In addition to this midline survey, we conducted three other surveys
with different samples of individuals. Each survey asked about techniques taught in the previous two to
three weeks.

20Following information protection protocols, data collected from all the other surveys was stored on a
private server of the survey firm. Only the project staff and researchers had access to this.
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conducted baseline and endline surveys (Amaral et al., 2021). We use information from these surveys re-

garding respondents’ stress levels and their attitudes toward violent parenting practices.

3.2 Outcomes

For the survey-mode experiment, we focus our analysis on the following main outcomes: completion rate

and consistency of responses to sensitive questions.21

A. Completion rate: It consists of a dummy variable that takes the value of 1 if the survey was com-

pleted (either by phone or WhatsApp) within the three days it was open (through October 19, 2020). Both

surveys were designed to make it impossible to skip any question. Information on completion status was

obtained from administrative reports provided by the survey firm.

B. Sensitive items: To measure changes in the composition of respondents, we use items from the

second set of questions in the midline survey to construct two sensitive outcomes.22 We asked the same

questions in baseline and endline surveys for the impact evaluation.

• Stress: To measure participants’ perception of stress in the midline survey, we asked them, “How

stressed did you feel last week?” The response options were Very Stressed, Moderately Stressed, Mildly

Stressed, Not Stressed at All. An individual has “High Stress” if she responds, “Very Stressed.” In

the baseline and endline surveys, we measured participants’ stress using the Depression, Anxiety,

and Stress Scale (DASS-21) instrument (Lovibond and Lovibond, 1996). We use the seven items from

the stress subscale. Each item is measured on a scale of 0–3 points (Never, Rarely, Almost Always,

or Always). We estimate the total stress score following Lovibond and Lovibond (1996); that is, a

participant has “High Stress” if the score is greater than 18.

• Perceptions of effectiveness of physical violence toward children: We asked participants, “Do you think

physical punishment is an effective method to discipline children?” The response options were No,

21See Table A7 for further details on the description and data used to estimate the main outcomes of this
survey-mode experiment.

22More details on the construction of these outcomes—sources of data, items (original scale and transla-
tion in Spanish), and description—are in Table A8 in the Appendix.
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it is never effective; It is rarely effective; It is sometimes effective; It is effective most of the time; It is always

effective. The same question and response options were included in baseline, midline, and endline

surveys.

C. Consistency in self-reports of sensitive items: To measure consistency in the reporting of either of

the two sensitive outcomes at baseline or in the endline survey, we generated dummy indicators that take

the value of 1 if the answer in the midline survey is equal to the one reported at baseline and in the endline

survey, respectively.23

D. Sociodemographic information: In addition to the outcomes described above, we merged the mid-

line survey with information collected during the enrollment of participants or baseline survey concerning

their age, gender, education, age of children in her care, municipality of residence, and mobile phone us-

age.24

3.3 Descriptive Statistics and Balancing Tests

Table 1 shows descriptive statistics of socio-demographic information for the full sample and separated by

treatment arm. Panel A presents summary statistics of characteristics available for the full sample. On

average, caregivers in our sample are 31 years of age,25 52 percent are women, and have an oldest child

who is 4.6 years old. In terms of phone exclusivity, only 23 percent of participants share a phone with other

relatives within the household. Finally, 3 of each 10 participants use a money-transfer technology (Tigo

Money). Only 60 and 44 percent of caregivers completed baseline and endline surveys, respectively.

Panel B in Table 1 shows descriptive statistics for variables that are available only for individuals who

completed the baseline survey. We find that most caregivers (64 percent) in our sample do not have tertiary

education (bachelor’s degree or higher). We also show that 28 percent of the sample were either unemployed

23See Table A7 in the Appendix for more details.
24In Table A9 in the Appendix, we present the list of variables that were collected during the enrollment

and baseline surveys and merged to the participants of the midline survey.
25There are two missing observations in the survey-mode experiment sample for which we were not able

to obtain information on age.
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or lost their jobs during the pandemic.26 Both treatment arms are balanced in most socio-demographic

characteristics except for gender; there are more women in the WhatsApp (self-completion) group.27 Since

our sample involves participants with and without a baseline survey completed we also test for potential

selection in pre-determined characteristics taking into account this feature. These results are presented in

Figure A1 and show that there are no significant differences across arms.

Table 2 presents summary statistics of our main outcomes. In panel A, we show that on average, the

completion rate was 51 percent and the number of attempts to reach participants (reminders) was greater

than three. Moreover, between 60 and 68 percent of participants in our study were consistent in their re-

sponses of sensitive information at baseline, and between 58 and 62 percent at endline. Among reasons for

non-completion, 67 percent of participants refused to respond and one-third reported connectivity prob-

lems.

Finally, we present some descriptive statistics of the sensitive information measures (stress and per-

ceptions about effectiveness of physical punishment) in panel B. On average, caregivers in our sample in

the midline survey display low levels of mental health—about 43 percent exhibit an above-normal level of

stress—and more than half of participants report that physical punishment is an effective method to dis-

cipline a child. These levels are very similar in the baseline survey (31 percent report high stress and 48

percent report that physical punishment is effective), but they are significantly lower in the endline survey

(only 17 percent of participants report high levels of stress and only 37 percent agree that punishment is an

effective method of discipline).

26As we show in Figure A1 in the Appendix section, we reject the null hypothesis that the completion
of the baseline survey was driven by other individual characteristics such as participant’s age, gender, and
availability of digital resources.

27As we discuss in the next section, to account for this difference, we include the gender indicator as a
control in all estimations.

13



4 Empirical Strategy

To identify whether response rates, composition of respondents, and measures of consistency in the report-

ing of sensitive issues are affected by survey mode, we exploit the random assignment of each participant

to a particular survey method and estimate the following regression:

Yi = δPhonei +

n∑
j

Xij +Mi + εi (1)

where Yi stands for the response rate, sensitive issue outcome, or consistency of reports measured for

individual i. Phonei is a survey mode indicator that takes the value 1 if individual was assigned to CATI or

0 if she was assigned to the WhatsApp group.
∑n

j Xji is a vector of j time-invariant participant characteris-

tics, which include age and gender. We also add municipality fixed effects (Mi) to control for time-invariant

shocks at the municipal level and to improve precision of estimates. The coefficient associated with the sur-

vey mode indicator in Equation (1), δ̂, captures the impact of using the phone-based survey mode and rep-

resents our coefficient of interest (ITT). εi is an idiosyncratic error term. Since the randomization occurred

at the individual level and we do not expect clusters in our sample, we report heteroskedasticity-robust

standard errors.

We also examine treatment-effect heterogeneity to learn more about potential drivers of the main effects.

In practice, we estimate the following model:

Yi = δ1Phonei + δ2Phonei ×Hki +

n∑
j

βjXji +Mi + εi (2)

where Hki is a variable that measures k type of heterogeneity, and all other variables are defined as in

Equation (1). We separately explore four types of heterogeneity: age (an indicator for whether the partic-

ipant is older than a specific age), gender (an indicator variable for whether the respondent is a woman),

phone exclusivity (an indicator variable for whether the respondent shares a phone with a relative), and

use of electronic-transfer technology (an indicator variable for whether the respondent uses Tigo Money).

We hypothesize that older and female respondents are more likely to complete a phone-based survey rel-
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ative to using a message-based technology. Moreover, sharing a phone with a relative (23 percent of our

sample) might reduce the probability that an individual completes a phone-based survey relative to receiv-

ing a message that can be completed later. However, the quality or consistency of the responses might be

affected, since the relative (rather than the main respondent) might complete the survey. Finally, the use

of electronic-transfer technology might facilitate the reception of incentives and reminders, and therefore

increase the completion rates of phone-based surveys.

In specification (2), δ1 delivers the ITT estimate for the main respondent (for example, for women),

and δ2 provides the difference in the ITT effect between the two groups (for example, women and men).

The ITT estimate for the reference group is given by the sum of δ1 and δ2. The interpretation of the co-

efficients is analogous for the other two indicator variables. We estimate Equation (2) by OLS and report

heteroskedasticity-robust standard errors.

5 Results

5.1 Main Results

Table 3 presents regression results focusing on the change in the likelihood of completing the survey due to

the mode of data collection. Column (1) presents the model with no controls. Columns (2) and (3) include

socio-demographic characteristics (age and sex) as controls. To address potential concerns that phone avail-

ability is correlated with income, we include educational level as a proxy in the model in column (4).28 Also,

we include municipality fixed effects to account for potential time-invariant characteristics within munic-

ipalities. These results are included in columns (3) and (4). The main model presented in Equation (1) is

estimated in column (3).29 In sum, our estimations indicate that respondents who were interviewed on the

28The categories for educational level are primary, high school, or tertiary education—the omitted cat-
egory. Since educational level is available only for participants who completed the baseline survey, we
impute 0 for the missing values.

29We are not using the model from column (4) as our main model because we do not have information for
all the observations for educational level. Instead, we are imputing the average for those with missing data.
We include that model in our main results table to show that the estimations do not change after including
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phone were 42 percentage points more likely to complete the survey, relative to those who were reached

through WhatsApp. The average response rate of this group was around 30 percent. These differences be-

tween the two survey modes are stable after including individual controls and municipality fixed effects.

The total response rate for the phone-based survey was similar to rates estimated in similar experiments in

Bangladesh, Liberia, and Kenya (Pariyo et al., 2019; Morse et al., 2016; Lamanna et al., 2019).

An interesting feature of our experiment is our collection of information about the potential explana-

tions for failure to respond that survey modes may provide. During the contact attempts, enumerators

reported one of two potential reasons for lack of completion: contactability – due to connectivity issues –

and refusal to respond by the caregiver. Using this information, we note an interesting fact: in addition to

changing the probability of completing the survey, phone-based surveys change the proportion of respon-

dents who refuse to answer, relative to those who had connectivity issues. Among those who were contacted

by phone, the proportion of refusal vs. connectivity issues was 0.62 and 0.38, respectively. Similarly, among

those who were contacted by message, the refusal vs. connectivity issues partition was 0.69 and 0.31. On

the one hand, this result is expected since completing a digital survey can require more connectivity settings

(internet speed, bandwidth, phone data) than a phone-based one (basic cell phone reception). Alternatively,

it suggests that lack of response due to refusal to respond can be reduced by implementing phone-based

surveys, as documented by Savage and Waldman (2008).30

5.2 Heterogeneous Impacts on Completion Rates by Respondent’s Char-

acteristics

There are many reasons to believe treatment effect is heterogeneous across the population. Although our

sample size is relatively small, we explore heterogeneity across key dimensions to assess if the treatment

effects estimated on completion rate may differ by respondent characteristics. We measure changes in the

such variables.
30In the context of choice experiments, the authors find that the quality of the online respondents’ answers

declines throughout a series of experiments.

16



likelihood of completing the survey by interacting our treatment status variable with an indicator for some

of the relevant baseline categories. We selected these covariates based on their potential availability since

researchers can easily get that information before running the survey; this could help them to better target

resources toward specific groups.31

Table 4 and Figure 2 summarize impacts of the phone-based survey on survey completion across some

key categories: age, gender, phone exclusivity, and use of electronic-transfer technology (Tigo Money). Col-

umn (1) in Table 4 shows heterogeneous results for women relative to men, column (2) presents differences

in impacts on individuals sharing the phone relative to those with exclusive use, and column (3) shows

results for respondents who use Tigo Money compared to those who do not.

We document three main results. First, women are 15 percentage points more responsive to completing

the survey through a phone call, relative to men assigned to the same survey mode. The total treatment

effect on women is around 50 percentage points.32 Second, we explore heterogeneity by respondent’s avail-

ability of digital resources. Evidence on the gap in ownership of mobile phones by gender or income is

limited, and this heterogeneity analysis addresses efforts to link phone ownership among women and poor

people to obtain information from them (LeFevre et al., 2020). To proxy for respondent’s availability of dig-

ital resources, we use indicators of whether the respondent shares a phone with someone else and if she has

Tigo Money, and we test for heterogeneity based on these two variables. As we show in columns (2) and

(3) in Table 4, there are no differences relative to those with different availability of digital resources—that

is, relative to those with phone exclusivity or without Tigo Money. Yet, the sign and the magnitude of the

interaction between having Tigo Money and being assigned to the phone-based survey are consistent with

the idea that respondents who are more prone to use digital resources are less responsive to a phone-based

survey.

31Unfortunately, due to the way baseline information was collected for the experiment in which we em-
bedded this project, our database lacks additional baseline characteristics such as educational level, employ-
ment status, and other socioeconomic variables that are available only for a partial portion of our sample.

32Although existing evidence has shown differences in the quality of data that can be collected from
women using different survey modes, further research is required to understand differences in the quality
of data or response rate by gender. For example, Lamanna et al. (2019) find that the use of mobile phones to
collect nutrition data from rural women in Africa may result in differences of between 0 and 25 percent in
nutrition estimates, relative to collecting this information in face-to-face interviews.
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We also examine treatment effect heterogeneity by age. As we emphasized in the introduction, phone

usage and survey completion can differ substantially by age (Gigliotti and Dietsch, 2014). Thus we can

expect that the effect of receiving a phone call on answering the survey increases with age. We test that

hypothesis by estimating specification (2)—for example, by interacting our treatment indicator with an “old

group” indicator for whether the respondent is older than a certain age i, where i ∈ {22, 23, ..., 43}. Figure 2

summarizes the age heterogeneity by modifying the age threshold for the “old group” indicator we include

in each separate regression. We can see that coefficients are increasing with the age threshold that defines

the old-group indicator variable, suggesting that older respondents are more responsive to the treatment.

For example, although we observe no difference when comparing respondents older and younger than 25

years old, respondents who are older than 40 years old are 41 percentage points more likely to answer the

survey.

5.3 Effects on Group Composition

An additional challenge of the comparison across remote survey methods relates to the likelihood of altering

the composition of the respondent group. This is important because there are two competing ways through

which a survey method can modify an observational outcome of interest. For instance, in a context of low

response rate, a change in the composition of the group of people who complete the survey can confound

the impact of a program. Similarly, different survey methods can alter the likelihood of reporting a particu-

lar response, which can be especially salient in surveys about sensitive issues.33 In our context, this matters

because researchers want to know not only the extent to which a particular method affects the size of the

group that completes the survey, but also whether it alters the group composition in ways that correlate

33We examine this issue in Table 5. Columns (1)–(4) show estimates of differences in the willingness
to report sensitive information by type of survey mode during our remote survey experiment (midline
survey). Using our measures of stress and perceptions of the effectiveness of physical punishment, we find
that participants who completed the survey over the phone are less likely to report higher levels of stress,
relative to those assigned to the WhatsApp survey mode. At the same time, we do not observe significant
differences when comparing the outcome binary variable Believe that physical punishment is effective. At least
in the case of stress, these findings show a large difference among those who completed the survey by
phone.
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with the outcome of interest. Of course, our research design does not allow us to causally disentangle both

possibilities, but we address this issue by exploiting the experiment within which this survey is embed-

ded. Specifically, we do so by comparing the effect of the survey method on the level of stress reported by

respondents.

Table 5 measures the effect of the phone-based survey on self-reported stress level and perceptions of

the effectiveness of physical punishment in two different time periods. In columns (1) and (2), we show the

impact of the phone-based survey on reporting a high level of stress in the midline survey, while columns

(5) and (6) report similar estimates at the endline survey. Similarly, for perceptions of the effectiveness of

physical punishment, coefficients for the midline survey are in columns (5) and (6), and for the endline

survey, in columns (7) and (8). Given the high level of non-response in both remote survey methods, we

would like to know whether the coefficients in columns (1) and (2) capture either a change in willingness to

report when interviewing by phone or a change in the group composition of those who answer the survey.

For instance, people can be less likely to report a high level of stress on the phone. Likewise, people who are

less likely to answer the phone can coincide with those who are less likely to report a high level of stress,

regardless of the survey method.

Thus, we examine whether the survey method modifies the composition of the respondents by com-

paring differences in reporting a high level of stress at the midline and endline surveys. The advantage of

using the endline survey as a benchmark is that we are comparing everyone under the same data-collection

process. If differences in the phone-based survey method at the midline survey are driven by changes in

the composition of respondents, we should observe similar disparity at the endline survey. In other words,

by virtue of the randomization, the detection of a difference across groups at the endline will likely provide

information about changes in the group composition rather than the survey method used in the midline, 6

to 8 weeks earlier. Unlike columns (1) and (2), in which the phone-based survey method substantially affects

the likelihood of reporting a high level of stress, we observe no significant differences in columns (5) and

(6). This suggests that differences in columns (1) and (2) are likely to be driven by changes in the likelihood

of reporting a high level of stress based on the survey method rather than a change in the composition of

respondents.
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5.4 Effects on Consistency in Reporting Sensitive Outcomes

To measure the quality of the reporting of sensitive information, such as mental health and physical pun-

ishment, the ideal is to collect objective measures of sensitive items and compare them to what respondents

are reporting. However, it was not possible to collect these measures of stress or physical punishment in

this particular context.34 In this sense, with the aim of providing a proxy for quality in the collection of

sensitive information through different survey modes, we measure consistency in self-reports of stress and

perceptions of the effectiveness of physical punishment. To do this, we compare changes in perceptions of

the effectiveness of physical punishment as a method of disciplining children. Then, we use this variable as

a secondary outcome in our regressions.35

Results using specification (1) are presented in Table 6. Columns (1)–(4) compare consistency between

midline and baseline surveys, and columns (5)–(8) compare consistency in self-reports between midline and

endline surveys by the mode of the survey. For each outcome, we present models that include or exclude

interviewer fixed effects. Overall, we find no differences in the self-reports of stress or the perception of the

effectiveness of physical punishment across survey waves by survey mode.

6 Robustness Checks

In addition to assessing whether our main results were affected by the inclusion of control variables, we

conducted several additional robustness checks. Results are summarized in Table A3 in the Appendix sec-

tion. Column (1) presents the estimated coefficient of the main model, which includes age and sex as control

variables, and municipality fixed effects. We first test that the absence of baseline information for some of

the participants does not affect the results by including in column (1) indicators for completing baseline sur-

34Face-to-face interviews would be necessary to collect objective measures of stress. Also, information on
physical punishment is usually under-reported in administrative records.

35An important caveat from this analysis is that we are measuring consistency in self-reports comparing
responses that were reported five to six weeks between midline and baseline, and six to seven weeks be-
tween midline and endline, which can be relatively long periods of time. Yet, we are finding no differences
between the two reports.
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vey or type of recruitment that are equal to 1 if recruitment was done through Tigo Clients and 0 if through

other channels. These results are in columns (2) and (3), respectively. We show that the estimated coefficient

does not change after the addition of these control variables.

Second, since conventional p-values typically rely on approximations that assume that the pool of indi-

viduals is large enough that the test statistics follow a specific sampling distribution (Ding et al., 2016), we

conduct an adjustment of the estimated standard errors using randomization inference. Results in brackets

in column (4) show that the statistical significance did not change and the precision of the estimation im-

proved. Lastly, we show that the inclusion of an educational-level variable as control does not change the

main results, especially when we impute 0 for the missing values for caregivers who did not complete the

baseline survey – see column (5) –. In the case that we include the variable without imputation – see column

(6) –, the estimated coefficient is slightly lower but the statistical significance does not change.

Finally, we also conduct robustness checks of the effects of survey mode on secondary outcomes after

including other control variables that can proxy for income level. Specifically, we test if the lack of differ-

ences in the consistency of reporting sensitive information by survey mode changes after the inclusion of

educational level as control variable. As we show in Table A4, differences are still statistically insignificant

after including this proxy for income level.

7 Discussion and Concluding Remarks

We provide empirical evidence on how a phone-based mode affects survey completion rates relative to a

self-completion mode. Considering the rapid increase in access to digital technologies, this represents a key

parameter for policy makers who confront a set of trade-offs when collecting data. We find that phone-

based surveys increase response rates by 42 percentage points—even more if targeted to women and older

generations. Considering the costs of data collection and the likelihood of failing to find a significant effect

in underpowered studies, this result provides a key piece of information, especially in countries similar to

El Salvador, where we ran this experiment.

Importantly, along with differences in completion rates, we also document differences in responses
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across groups. This can be relevant when collecting data on sensitive issues. For example, we observe

that phone-based survey respondents were less likely to report a high level of stress. We find suggestive

evidence that differences in stress level by mode of survey were due to differences in willingness to report

as opposed to changes in the composition of the group that completed the survey. This is important if a

research team is considering combining phone-based and self-completion surveys in some part of the data-

collection process, and it wants to evaluate how much its decision can affect both the integrity of the data

collected and its comparability with other sources of information.

Finally, policy makers would like to know the trade-off between the two alternative methods we com-

pare. Based on our findings and a simple back-of-the-envelope calculation, we observe that after consider-

ing the costs of implementing each method and the number of attempts per completed survey (3.69 CATI vs.

2.9 WhatsApp), the direct cost for each completed survey by CATI is double that of each completed survey

using WhatsApp (US$ 11.40 vs. US$ 6.20). However, when we adjust the cost by probability of completion

(0.72 vs. 0.3), the relationship flips and CATI becomes 25 percent lower (US$ 16 vs. US$ 21.20).
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8 Tables and Figures

Table 1: Summary Statistics and Balance Tests of Sample Characteristics

(1) (2) (3) (4) (5) (6) (7) (8)
Full Sample WhatsApp Phone P-val.Dif.

Variable Obs. Mean St.Dev. Min Max Mean Mean (6) vs (7)
Panel A: Characteristics of full sample

Age (years) 597 31.22 6.65 16 45 31.24 31.21 (0.960)
Female (%) 599 0.52 0.50 0 1 0.572 0.473 (0.016)**
Oldest child age (years) 599 4.56 2.70 0 13 4.602 4.517 (0.699)
Shares phone (%) 599 0.23 0.42 0 1 0.234 0.220 (0.681)
Has Tigo Money (%) 599 0.30 0.46 0 1 0.291 0.300 (0.809)
Completed baseline survey (%) 599 0.60 0.49 0 1 0.589 0.607 (0.653)
Completed endline survey (%) 599 0.44 0.50 0 1 0.431 0.453 (0.590)

Observations 299 300
Panel B. Characteristics of subsample

Education level
Basic (1-9 grades, %) 358 0.21 0.41 0 1 0.239 0.176 (0.143)
High school (10-12 grades, %) 358 0.43 0.50 0 1 0.426 0.429 (0.963)
Bachelor or higher (%) 358 0.37 0.48 0 1 0.335 0.396 (0.237)

Employment status pre and post pandemic
Always unemployed (%) 358 0.20 0.40 0 1 0.190 0.203 (0.746)
Always employed (%) 358 0.49 0.50 0 1 0.449 0.522 (0.165)
Lost job (%) 358 0.08 0.28 0 1 0.098 0.071 (0.370)
Found job (%) 358 0.23 0.42 0 1 0.264 0.203 (0.175)

Observations 176 182

Notes: This table shows descriptive statistics of samples’ characteristics in columns (1)-(5). Balance tests comparing mean charac-
teristics of control and treatment groups and p-value for the difference in means are presented in columns (6)-(8). Panel A presents
descriptive statistics using the full sample of the experiment and Panel B shows descriptive statistics only for the sub-sample of par-
ticipants that completed baseline survey. Description of each variable is presented in table A9 in the Appendix. “WhatsApp” refers to
the self-completion survey treatment and “CATI” to the phone-based survey. Robust standard errors are in parentheses. *** p<0.01, **
p<0.05, * p<0.1.
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Table 2: Summary Statistics of Main Outcomes

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

Full Sample WhatsApp CATI P-val.Dif.

Variable Obs. Mean St.Dev. Min Max Mean Mean (6) vs (7)

Panel A: Outcomes

Completed survey (%) 599 0.51 0.50 0 1 0.298 0.720 (0.000)***

Consistency with baseline survey

Stress high (%) 207 0.60 0.49 0 1 0.574 0.619 (0.535)

Physical punishment is effective (%) 207 0.68 0.47 0 1 0.735 0.647 (0.207)

Consistency with follow up survey

Stress high (%) 169 0.62 0.49 0 1 0.566 0.638 (0.376)

Physical punishment is effective (%) 169 0.58 0.50 0 1 0.642 0.552 (0.275)

Reasons to not complete the survey

Refusal to response (%) 294 0.67 0.47 0 1 0.686 0.619 (0.275)

Connectivity problems (%) 294 0.33 0.47 0 1 0.314 0.381 (0.275)

Panel B: Sensitive information measures using data from...

Knowledge incorporation survey

Stress high (%) 305 0.43 0.50 0 1 0.584 0.370 (0.001)***

Physical punishment is effective (%) 305 0.54 0.50 0 1 0.539 0.546 (0.912)

Baseline survey

Stress high (%) 358 0.31 0.46 0 1 0.295 0.324 (0.558)

Physical punishment is effective (%) 358 0.48 0.50 0 1 0.500 0.456 (0.407)

Follow - up survey

Stress high (%) 265 0.17 0.38 0 1 0.202 0.147 (0.243)

Physical punishment is effective (%) 265 0.37 0.48 0 1 0.341 0.390 (0.413)

Notes: This table shows summary statistics of the main outcomes used in this paper. Panel A shows statistics of main outcomes, which

were constructed as described in table A7 in the Appendix. Panel B presents statistics on measures of sensitive information using

different sources (knowledge incorporation surveys, baseline, and follow up data). Construction of these sensitive items and data

details are presented in table A8 in the Appendix. Differences in number of observations to estimate the consistence measures are due

to availability of data in each survey. For example, 305 participants completed the midline survey and 358 has baseline information in

our sample. However, to estimate consistence, we only have information in both samples for 207 respondents.
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Table 3: Differences in response rates by mode of data collection

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

Outcome: Survey completed

Phone survey 0.422*** 0.425*** 0.427*** 0.417***

(0.037) (0.037) (0.038) (0.038)

Mean of Dep.Var (WhatsApp) 0.298 0.299 0.299 0.299

R-squared 0.178 0.182 0.212 0.242

Observations 599 597 597 597

Controls (Age, Sex) No Yes Yes Yes

Controls (Education) No No No Yes

Municipality FE No No Yes Yes

Notes: This table shows the estimated impacts of the phone-based survey relative to WhatsApp-based survey on completion rate.

“Phone survey” is a dummy variable equal to one if the survey was per call and zero if was assigned to the WhatsApp group. The

dependent variable in columns (1)-(4) is a dummy equal to one if the survey was completed (See more details in Table A7). The control

variables in columns (2)-(3) include age in years and sex of the respondent. We also add the educational level of the respondent for

primary, high-school or tertiary education -the omitted category- in column (4). We impute zero for the missing values in control

variables in column (4). To account for potential time-invariant characteristics within municipalities, we estimate a model with mu-

nicipality fixed effects and present results in columns (3) and (4). Robust standard errors are in parentheses. *** p<0.01, ** p<0.05, *

p<0.1.
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Table 4: Heterogeneity Analysis

(1) (2) (3)

Outcome: Survey completed

i. Phone survey 0.348*** 0.420*** 0.456***

(0.057) (0.045) (0.045)

ii. Female -0.030

(0.055)

iii. Female x Phone Survey 0.153**

(0.077)

iv. Shares phone -0.009

(0.065)

v. Shares phone x Phone survey 0.032

(0.091)

vi. Has Tigo money 0.130**

(0.062)

vii. Has Tigo money x Phone survey -0.101

(0.085)

Total effect on women ([i] + [iii]) 0.501***

Total effect on people who share phone ([i] + [v]) 0.451***

Total effect on people that have Tigo money ([i] + [vii]) 0.356***

Mean of Dep.Var (WhatsApp) 0.299 0.299 0.299

R-squared 0.217 0.212 0.219

Observations 597 597 597

Controls (Age, Sex) Yes Yes Yes

Municipality FE Yes Yes Yes

Notes: This table shows the heterogeneous impacts of the phone-based survey – relative to WhatsApp-based survey – on completion

rate by gender, phone exclusivity, and use of electronic transfer technology. Female is an indicator variable for whether the respondent

is a woman, “Shares phone” is a dummy variable for whether the respondent shares a phone with a relative, and “Has Tigo Money”

is an indicator variable for whether the respondent uses Tigo Money. “Phone survey” consists of a dummy variable equal to one if the

survey was per call and zero if was assigned to the WhatsApp group. The dependent variable in columns (1)-(3) is a dummy equal to

one if the survey was completed (See more details in Table A7 in the Appendix). The control variables include age in years and sex of

the respondent. To account for potential time-invariant characteristics within municipalities, we estimate a model with municipality

fixed effects. Robust standard errors are in parentheses. *** p<0.01, ** p<0.05, * p<0.1.
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Table 5: Willingness to report versus group composition

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

Midline Survey Endline Survey

Stress high Physical punishment Stress high Physical punishment

is effective is effective

Phone survey -0.202*** -0.249*** 0.014 0.052 -0.052 -0.049 0.038 0.057

(0.065) (0.073) (0.067) (0.073) (0.050) (0.048) (0.063) (0.061)

Mean of Dep. Var (WhatsApp) 0.584 0.618 0.539 0.500 0.202 0.202 0.341 0.341

R-squared 0.154 0.216 0.087 0.266 0.136 0.195 0.142 0.204

Observations 304 207 304 207 265 265 265 265

Controls (Age,Sex) Yes Yes Yes Yes Yes Yes Yes Yes

Municipality FE Yes Yes Yes Yes Yes Yes Yes Yes

Dep. Var Baseline Level No Yes No Yes No Yes No Yes

Notes: This table shows the estimated impacts of the phone-based survey relative to WhatsApp-based survey on sensitive outcomes.

“Phone survey” is a dummy variable equal to one if the survey was per call and zero if was assigned to the WhatsApp group. The

dependent variable in columns (1)-(2) and columns (5)-(6) is a dummy equal to one if self-report of stress was high in the midline and

endline survey, respectively; in columns (3)-(4) and columns (7)-(8) is the perception about physical punishment effectiveness in the

midline and endline survey, respectively. The control variables include age in years and sex of the respondent. To account for potential

time-invariant characteristics within municipalities, we include municipality fixed effects. Robust standard errors are in parentheses.

*** p<0.01, ** p<0.05, * p<0.1.
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Table 6: Consistency in Responses on Sensitive Information with Additional Surveys

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

Consistency with Baseline Survey Consistency with Endline Survey

Stress high Physical punishment Stress high Physical punishment

is effective is effective

Phone survey 0.032 -0.053 -0.066 -0.103 0.067 -0.083 -0.076 -0.022

(0.079) (0.137) (0.074) (0.129) (0.090) (0.154) (0.089) (0.157)

Mean of Dep. Var (WhatsApp) 0.574 0.574 0.735 0.735 0.566 0.566 0.642 0.642

R-squared 0.129 0.132 0.159 0.166 0.163 0.177 0.153 0.177

Observations 207 207 207 207 169 169 169 169

Controls (Age, Sex) Yes Yes Yes Yes Yes Yes Yes Yes

Interviewer FE No Yes No Yes No Yes No Yes

Municipality FE Yes Yes Yes Yes Yes Yes Yes Yes

Notes: This table shows the estimated impacts of the phone-based survey relative to WhatsApp-based survey on consistency in re-

sponses on sensitive information. “Phone survey” is a dummy variable equal to one if the survey was per call and zero if was assigned

to the WhatsApp group. The dependent variables is a dummy equal to one if the participant was consistent on her self-report of stress

and her perception about physical punishment effectiveness between pairs of surveys (See more details in Table A7). The control vari-

ables include age in years and sex of the respondent. To account for potential time-invariant characteristics within municipalities, we

include municipality fixed effects. As robustness check, we include education level as control variable. Results are presented in Table

A4 in the Appendix. Robust standard errors are in parentheses. *** p<0.01, ** p<0.05, * p<0.1.
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Figure 1: Sample Selection and Experimental Design

Enrollment Survey
N=6,258

Date: August 2020

Not Eligible
N=1,540

Eligible
N=4,718

Complete Baseline Survey
N=3,103

Date: August-September 2020

No Baseline Survey
N=1,615

Experiment Sample
N=599

Date: October 2020

Group 1:
CATI

N=300

Group 2:
WhatsApp

N=299

Endline survey
N=3,027

Date: December 2020-January 2021

Notes: This figure shows the sample selection and randomization procedure applied in this survey-mode
experiment design (orange boxes). From the total of enrolled and eligible caregivers that participated in the
impact evaluation in Amaral et al. (2021), we randomly selected a subsample of 599 caregivers. Half of this
subsample were assigned to group 1 (CATI or phone-based survey) and the rest to group 2 (WhatsApp or
self-completion survey).
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Figure 2: Heterogeneous Effects by Age

Notes: This figure shows the heterogeneous impacts of the phone-based survey—relative to the WhatsApp-
based survey—on completion rate by respondent’s age. We report the estimated coefficient from the in-
teraction between the treatment indicator (“Phone survey”) and a dummy that takes the value of 1 if the
respondent’s age was older than age i, where i ∈ {22, 23, ..., 43}. In the estimations, we include sex of
the respondent as a control variable and municipality fixed effects to account for potential time-invariant
characteristics within municipalities. Confidence intervals indicate statistical significance at 5%.
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Appendix Tables and Figures

Table A1: Construction of the Comparable Nationally Representative Sample

Percentage Observations

100% 75045

Eligibility by age of children 51% 38,097
Eligibility by age (own) 47% 17,733
Eligibility of main caregiver 98% 17,315
Eligibility of access to mobile phone 91% 15,680

Eligibility Sample 21% 15,680

Notes: This table presents the total sample from the 2019 Household Survey (EHPM) that meet the eligibility criteria for the impact
evaluation. Eligibility by Age of Children indicates if the individual lives together with at least one child 8 years old or younger. Eligibility
by age is met if the individual’s age is between 18-65 years. Eligibility of main caregiver indicates if the person is either a parent or a
grandparent of a child within the household. Finally, Eligibility by access to mobile phone was created using the information on whether
the person has a mobile phone. Columns (1) and (2) show the percent and number of individuals in the EHPM sample that meets each
of the consecutive eligibility criteria. For example, 17,733 individuals (47 percent) are adults between 18-65 years of age living together
with at least one child 8 years old or younger.

Table A2: Differences in means

EHPM Survey-mode experiment
Variable Sample Sample

(Mean) (Mean)
(1) (2)

Age (years) 29.181 31.221
Female (%) 0.566 0.521
Oldest child age (years) 4.605 4.553

Observations 15,680 597

Education level
None 0.014
Basic (1-9 grades, %) 0.514 0.207
High school (10-12 grades, %) 0.281 0.427
Bachelor or higher (%) 0.075 0.366

Observations 15,680 358

Notes: This table shows the average characteristics of the sample in the Household Survey (EHPM) that meets the eligibility criteria
(column 1) and the sample in the survey-mode experiment (column 2). Panels A and B show characteristics that are available for the
full survey-mode experiment sample and only for those that completed baseline, respectively.
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Table A3: Robustness checks

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

Outcome: Survey completed

Phone survey 0.427*** 0.423*** 0.425*** 0.427*** 0.417*** 0.347***
(0.038) (0.038) (0.039) (0.038) (0.038) (0.053)

[0.000]

Mean of Dep. Var (WhatsApp) 0.299 0.299 0.299 0.299 0.299 0.386
R-squared 0.212 0.234 0.212 0.212 0.242 0.217
Observations 597 597 597 597 597 358

Controls (Age, Sex) Yes Yes Yes Yes Yes Yes
Controls (Education) No No No No Yes Yes
Municipality FE Yes Yes Yes Yes Yes Yes
Controlling for baseline completion X
Controlling for mode of initial recruitment X
Computing randomized inference p-values X
Imputing missing values X

Notes: This table shows the estimated impacts of the phone-based survey relative to WhatsApp-based survey on completion rate.
“Phone survey” is a dummy variable equal to one if the survey was per call and zero if was assigned to the WhatsApp group. The
dependent variable is a dummy equal to one if the survey was completed. Column (1) presents the estimated coefficient of the main
model (same as in column (3) in Table 3, which includes age and sex as control variables, and municipality fixed effects). Columns (2)
and (3) include indicators for completing baseline survey or type of recruitment (=1 if Tigo, = 0 if other channel), respectively. Column
(4) present results after adjusting standard errors using randomization inference, which are presented in squared-brackets. Column
(5) includes education level as control variable, imputing zero for the missing values for caregivers that did not complete the baseline
survey. Finally, column (6) presents estimated coefficients of the same model as in column (5) but with no imputation of missing values
on the education level variable. Robust standard errors are in parentheses. *** p<0.01, ** p<0.05, * p<0.1.
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Table A4: Consistency in Responses on Sensitive Information with Additional Surveys
(Including education level as control variable)

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

Consistency with Baseline Survey Consistency with Endline Survey
Stress high Physical punishment Stress high Physical punishment

is effective is effective

Phone survey 0.030 -0.071 -0.064 -0.114 0.073 -0.087 -0.075 -0.017
(0.079) (0.142) (0.074) (0.127) (0.090) (0.157) (0.089) (0.158)

Mean of Dep.Var (WhatsApp) 0.574 0.574 0.735 0.735 0.566 0.566 0.642 0.642
R-squared 0.142 0.147 0.171 0.177 0.173 0.188 0.156 0.178
Observations 207 207 207 207 169 169 169 169
Individual Controls Yes Yes Yes Yes Yes Yes Yes Yes
Interviewer FE No Yes No Yes No Yes No Yes
Municipality FE Yes Yes Yes Yes Yes Yes Yes Yes

Notes: This table shows the estimated impacts of the phone-based survey relative to WhatsApp-based survey on consistency in re-
sponses on sensitive information. “Phone survey” is a dummy variable equal to one if the survey was per call and zero if was assigned
to the WhatsApp group. The dependent variables is a dummy equal to one if the participant was consistent on her self-report of
stress and her perception about physical punishment effectiveness between pairs of surveys (See more details in Table A7). The control
variables include age in years, sex of the respondent and the educational level of the respondent for primary, high-school or tertiary
education -the omitted category-. To account for potential time-invariant characteristics within municipalities, we include municipality
fixed effects. Robust standard errors are in parentheses. *** p<0.01, ** p<0.05, * p<0.1.
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Figure A1: Baseline survey completion and individual characteristics

Notes: This figure shows that results from tests of the completion of balance survey were driven by indi-
vidual characteristics, such as age, gender, and availability of digital resources. We report the estimated
coefficient from the interaction between the indicator “Has baseline survey completed” and the age of the
individual or indicators for being a woman, sharing the phone, or having Tigo Money. Confidence intervals
indicate statistical significance at 5%.
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Survey tools appendix

Table A6: Summary of Enrollment Sample

Mode of Data Collection
TotalFacebook Glasswing Communities Tigo Clients

Female Caregiver

45 9 259 313

Male Caregiver

27 2 257 286

Total 72 11 516 599

Notes: This table presents the distribution of caregivers in the survey-mode experiment sample by recruit-
ment mode and participant’s gender. Almost the full sample (86 percent) was recruited from the Tigo Clients
dataset, 12 percent from Facebook, and only 2 percent from the NGO’s Communities program.
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Table A7: Outcomes List and Description

Outcome Source Outcome construction

Survey completed (completion
rate)

Monitoring data Dummy indicator that takes the value of 1 if the
KI survey was completed (either by phone or
SMS), and 0 if it was incomplete after 3 days.

Consistency on tolerance towards
child punishment as in baseline
(follow up) survey. Outcome de-
fined as ”physical punishment is ef-
fective”

Survey instruments
(KI, baseline, and
follow up surveys)

Dummy indicator that takes the value of 1 if the
response in the KI survey was the same as in the
baseline (follow up) survey, 0 otherwise.

Consistency on high stress level as
in baseline (follow up). Outcome
defined as ”High stress”

Survey instruments
(KI, baseline, and
follow up surveys)

Dummy indicator that takes the value of 1 if the
individual reported having high stress level in
the KI survey and in the baseline (follow up) sur-
vey, 0 otherwise.

Notes: This table describes the outcomes used in the main analysis of the survey-mode experiment. It also presents the source of the
data and a description of how the outcome was constructed. “KI” stands for Knowledge Incorporation Survey.
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Table A8: Survey Instruments and Construction of Sensitive Outcomes

Outcome Source(s) Outcome construction Item – Original version Item – Spanish version

High stress Knowledge
Incorpora-
tion Survey
(KI)

Dummy indicator that takes the value of 1 if
the individual responded ”Very stressed,” 0
otherwise

How stressed did you feel during the
past week?

¿Qué tan estresado se ha sentido esta
última semana?

Response options: Very stressed, Mod-
erately stressed, Mildly stressed, Not
stressed at all

Opciones de respuesta: Muy estresado,
Estresado, Poco estresado, Nada estresado

High stress Baseline/
Follow up
Surveys–
(DASS-21)

Each of the 7 items in the category of stress
in the DASS-21 are measured on a scale of
0–3 points (Never, Rarely, Almost Always or Al-
ways). We estimate the total stress score fol-
lowing Lovibond and Lovibond (1996). The
outcome is a dummy indicator that takes the
value of 1 if the individual has “High Stress,”
that is, if the score was greater than 18.

During the past week, how often did
you experienced the following?

Durante la semana pasada, ¿que tan fre-
cuente experimento lo siguiente?

1. I found it hard to wind down 1. Me costo mucho relajarse
2. I tended to over-react to situations 2. Reaccione de forma exagerada en cier-

tas situaciones
3. I felt that I was using a lot of nervous
energy

3. Senti que estaba muy nervioso

4. I found myself getting agitated 4. Note que estaba muy agitado/a
5. I found it difficult to relax 5. Me costo mucho calmarme
6. I was intolerant of anything kept me
from getting on with what was doing

6. Fui intolerante con lo que me distraia o
desconcentraba

7. I felt that I was rather touchy 7. Senti que estaba muy irritable

Response options: Never, Rarely, Al-
most Always, Always

Opciones de respuesta: Nunca, Algunas
Veces, Casi Siempre, Siempre

Physical punish-
ment is effective

KI, Baseline
and Follow
Up Surveys

Dummy indicator that takes the value of 1 for
all response options except ”No, it’s never ef-
fective”

Do you think physical punishment
is an effective method to discipline
children?

¿Piensa que el castigo fı́sico es un método
de corrección efectivo?

Response options: No, it’s never effec-
tive; It’s rarely effective; It’s sometimes
effective; It’s effective most of the time;
It’s always effective

Opciones de respuesta: No, nunca es efec-
tivo; Casi nunca es efectivo; En ocasiones
es efectivo; Casi siempre es efectivo; Si,
siempre es efectivo

Notes: This table describes the measures of sensitive outcomes used in the consistency analysis. It also presents the questions –and
their respective response options– used to construct the measures, survey sources, and a description of how the sensitive outcome was
constructed.
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Table A9: Questions used to collect socio-demographic information from caregivers

Response options
Panel A: Full Sample
Gender Male Female

Age Digit

How many children aged 8 or younger are you responsi-
ble for?

Digit

What is the age of the eldest child at your care? Digit

Do you share the use of this phone number with some-
one else in your household?

Yes No

Do you have a Tigo account associated with this phone
number?

Yes No

Panel B: Subsample with baseline information
Highest educational level achieved Kindergarden (4-5)

Preparatoria
1er grado
2do grado
3er grado
4to grado
5to grado
6to grado

7mo grado
8vo grado
9no grado

1er ano bachto.
2do ano bachto.
3er ano bachto.

Tecnico sup. incompl.
Tecnico sup. compl.
Univers. incompl.
Univers. compl.

During the last 6 months, have you been unemployed or
self-employed?,

Yes, employed Yes, unemployed No Dont know

Were you employed with a salary at the time of the an-
nouncement of the COVID-19 quarantine?

Yes No Dont know Does not reply

Notes: This table lists the questions—and their respective response options—used to collect socio-demographic characteristics of care-
givers. Panel A presents the characteristics available for the full sample of the survey-mode experiment. Characteristics that are
available only for the group of caregivers that completed the baseline survey are presented in Panel B.
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Table A10: Questions Used to Enroll Caregivers

No. Question Response options Eligibility criteria

1 Name

2 Gender Male / Female

3 Cell phone number

4 Mobile company Tigo / Claro / Movistar / Digicel

5 Do you have Tigo money account in the cell phone number? Yes / No Tigo

6 Authorize Glasswing to provide your number to Tigo El Salvador Yes / No Yes
so that they can contact you in order to activate your Tigo Money
account and be able to receive the benefits

7 E-mail

8 Municipality of residence List of municipalities

9 Age 18-45

10 Do you have a girl or boy 8 years old or less under your care? Yes / No Yes

11 Do the boys (or girls) live in the same house with you? Yes / No Yes

12 Of the children under the age of 8 in your care, how old is the oldest child? Less than 1 / 1 - 8

13 Do you share this phone with another adult in your household? Yes / No

Notes: This table lists the questions –and their respective response options– used to enroll caregivers. Our minimum age was 18,
however we have 5 younger observations.
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