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Abstract

Survey data can be distorted through mistrust, discomfort, or demand effects on the part of
respondents. We test whether familiar enumerators—those with whom a respondent has completed
a prior survey—influence data quality in a panel survey with small business owners in Uganda.

We randomly assign respondents to a familiar or a new enumerator and cross-cut a second
randomization to an in-person or phone-based interview modality. Across a broad set of outcome
types, we observe few impacts of either survey method on means, distributions, or attrition.
However, respondents are significantly more likely to give socially desirable answers to new
surveyors compared to familiar ones. The effect of familiarity does not interact significantly with a
prior experiment conducted with the same sample, suggesting that familiarity influences estimates
of levels but not of treatment impacts. These findings suggest that surveys by familiar enumerators

can improve the measurement of sensitive beliefs.
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1 Introduction

Survey data quality is a first-order concern in applied research. A growing literature demon-
strates that seemingly minor survey-design choices—from question wording to interview
modality—can have large effects on measured outcomes (Beegle et al., 2012, Hsu and Mc-
Fall, 2015, Garlick et al., 2020). Characteristics of enumerators are known to influence
responses, especially on attitudinal or politically sensitive topics (Di Maio and Fiala, 2020).
However, little is known about how to leverage enumerator effects to improve data qual-
ity. At the same time, the increasing popularity of phone surveying since COVID-19 has
raised questions about data comparability across survey modes. Existing evidence finds that
moving surveys from in-person to phone does not often change average responses for mi-
croenterprise outcomes but can affect variance (Garlick et al., 2020). However, the impact of
phone surveying on the measurement of more sensitive outcomes—and whether enumerator
effects manifest differently in phone surveys—is largely unknown.

We design and implement a randomized survey experiment in Uganda to test two mea-
surement protocols potentially affecting data quality: 1) enumerator familiarity—pairing
respondents either with a familiar enumerator (the same interviewer who surveyed them in a
prior wave) or a new enumerator; and 2) survey modality—conducting the interview in per-
son versus by phone.! Repeated interactions with an enumerator could establish trust and
rapport, leading to better understanding of complicated questions or increased willingness
to disclose personal information and views. On the other hand, familiarity could introduce
complacency or confirmation bias among enumerators or increase respondents’ social image
concerns, yielding more socially desirable responses. We cross-cut these two protocols among
roughly 900 micro-entrepreneurs who had participated in an earlier study. This factorial de-
sign allows us to estimate each protocol’s average impact as well as potential interaction
effects. Our questionnaire includes a range of outcome measures varying in sensitivity and
complexity: simple factual items (e.g., number of employees), complex quantitative items
(e.g., profits, revenues), sensitive subjective items (e.g., attitudes toward controversial polit-
ical or social issues), and non-sensitive subjective items (e.g., life satisfaction).

We find few significant effects of enumerator familiarity or survey modality across the
measured means and distributions of these outcomes. However, we find that respondents

surveyed by a familiar interviewer (as opposed to a new one) were 0.15 standard deviations

'We also cross-randomized a trust-building exercise that attempted to build rapport at the beginning of
the survey. However, this exercise was largely unstructured, and audit data revealed that many surveyors
spent little time on it. This paper therefore focuses on the other two protocols, while adjusting for multiple
testing inclusive of the trust-building assignment per our pre-analysis plan (we describe the trust-building
exercise—which yields null impact estimates—further in Appendix A).



less likely to give socially desirable responses on culturally or politically sensitive questions,
a difference that survives corrections for multiple hypothesis testing (unadjusted p-value =
0.03; Romano-Wolf p-value = 0.09) and does not differ significantly for phone versus in-person
modes. We argue that this effect most likely reflects an increase in truthful reporting, under
the assumption that misreporting is biased toward socially desirable responses on average.?

Many economic studies are primarily interested in estimating treatment effects rather
than means per se; if the enumerator familiarity effect does not interact with the treatment
being analyzed, then differencing mean responses in the treatment and control groups will
net it out even if the effect on mean responses is large. To test whether enumerator famil-
iarity biases treatment effect estimation, we interact it with a prior multi-arm experiment
conducted with our study sample. We find no significant differences in treatment impact es-
timates between new and familiar enumerators, suggesting that the familiarity effect appears
as a level difference rather than systematically altering treatment impact estimates.

Neither enumerator familiarity nor survey modality influences average survey response
rates, which are statistically indistinguishable at around 78% in all groups. However, het-
erogeneous response rates across subgroups can introduce attrition bias even when response
rates are similar on average. To test for attrition bias beyond impacts on mean response
rates, we exploit pre-randomization data collected in a baseline round and characterize the
nature of attrition across survey protocols. Reassuringly, we find no significantly differential
response rates across a large set of pre-survey characteristics.

Our findings have important implications for data collection methodology. Respondents
appear more willing to report socially stigmatized views when they have an established
relationship with the enumerator. We believe this reflects an intuitive yet under-explored
mechanism: trust and rapport can reduce respondents’ fear of judgment or repercussion,
increasing the honesty of their responses. Compared to other methods intended to reduce
social desirability bias—such as list experiments or randomized-response methods, which
typically require complex questionnaire design, reduce statistical power, and can fail internal-
validity tests (Blair et al., 2020, Chuang et al., 2021 )—assigning respondents to enumerators
they have met before is a naturalistic method to increase respondent comfort. Our results
also bolster the extant evidence that phone surveys can be a viable substitute for in-person
surveys for many types of outcomes, at least in studies like ours where prior in-person contact
has been established.

2See Section 2.4 for the definition of our social desirability measure and Section 4 for a discussion of its
application in other contexts. In our setting, the responses we code as socially desirable were the majority
reported view in our sample, the majority reported second-order belief about friends’ views (where available),
the public position of the Ugandan government, and the public position of international aid organizations
at the time of our survey.



Related Literature. Our study contributes to several strands of literature on survey
methodology and data quality. A closely related strand concerns enumerator effects. By
randomly assigning interviewers to respondents in Uganda, Di Maio and Fiala (2020) demon-
strate that enumerator effects are negligible for many standard demographic questions, but
can be large for sensitive questions about political opinions. Other studies have similarly
found that interviewer attributes such as gender (Flores-Macias and Lawson, 2008) or ethnic-
ity (Adida et al., 2016) can sway responses on topics like gender norms or social trust, though
Kadam et al. (2025) find few differences between male and female enumerators on questions
about female empowerment in Ethiopia. Our experiment builds on this literature by isolat-
ing another specific enumerator attribute: familiarity with the respondent from past survey
rounds. While enumerator familiarity has been found to improve survey response rates in
some settings (Nicoletti and Buck, 2004, Watson and Wooden, 2009), to our knowledge no
study has causally identified its impact on measured outcomes. Our contribution is to show
that familiarity can indeed shift data for sensitive attitudinal outcomes.

A second strand of literature examines how survey mode (in person, phone, web, etc.)
affects measurement.®> Many studies report encouragingly small differences in core economic
variables across modes, though each mode has pros and cons. In a high-frequency microen-
terprise panel, Garlick et al. (2020) show that phone and in-person surveys yield similar
distributions and means for most outcomes, though phone interviews introduced higher
time-series variability and possibly greater sensitivity to social desirability for some ques-
tions. Anderson et al. (2024) compare in-person and phone surveys in rural India and find
that phone responses are higher on average and more variable for agricultural production
data. Despite level differences, treatment-effect estimates were robust across modes (though
less precisely estimated with phones). Kadam et al. (2025) find few differences between phone
and in-person modes. On the other hand, certain complex metrics are harder to capture by
phone, possibly because of greater respondent fatigue: an experiment in urban Ethiopia
finds that phone-based consumption modules yield lower consumption estimates (Abate et
al., 2023). Sensitive questions can also respond to survey mode: Smarrelli et al. (2026) find
audio computer-assisted self-interviews lead to an increase in reporting violence in schools in
Malawi relative to face-to-face surveys. Our contribution is to show that differences between

phone and in-person surveys are small not only for microenterprise outcomes, but also for

3A related strand of research tests how other survey features—such as length, question wording, fre-
quency, or electronic verification—affect data quality. Ambler et al. (2021) find evidence of respondent
fatigue in reporting labor activities. de Mel et al. (2009) find that asking firm owners to report profit pro-
duces more reliable estimates compared to subtracting reported costs from reported revenues. Fafchamps
et al. (2012) find that electronic surveys with built-in consistency checks reduce noise in panel data on
microenterprise earnings. See De Weerdt et al. (2020) for a review of experiments on survey methods.
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a set of subjective well-being and sensitive political attitude questions. By relying on an
experimental sample surveyed in prior rounds, we are also able to test whether attempted
contact through phone surveys generates systematically different attrition bias, and find that
it does not.

Finally, our findings relate to studies on methods for sensitive question measurement.
Recognizing that respondents may under-report taboo or illicit behaviors, survey method-
ologists have developed indirect techniques such as the list experiment (or item count tech-
nique) and the randomized response technique to better measure these behaviors. In theory,
these methods provide greater anonymity for individual answers. However, recent evidence
has cast doubt on their effectiveness. Chuang et al. (2021), for example, applied internal
consistency tests to list experiments and the randomized response technique in sensitive sur-
veys about sexual behavior, and found that the results often failed basic consistency checks.
Boudreau et al. (2023) find that another indirect technique— “hard garbling,” which entails
setting a random subset of responses to the sensitive answer—significantly increases report-
ing of workplace harassment in Bangladesh. Respondents, however, must still understand
and trust the technique as well as its implementation. Many indirect methods also entail a
potentially substantial loss of precision because the sensitive response must be recovered from
noisy aggregate responses rather than observed individually. For example, the meta-analysis
of Blair et al. (2020) calculates that a standard list experiment requires roughly 14 times the
sample size to achieve the same precision offered by direct responses. Our findings suggest
that enumerator familiarity can increase reporting of less socially desirable outcomes without
relying on complex survey design methods that anonymize individual answers. While our
approach is limited to panel surveys and introduces some logistical constraints, it has the
advantage of being transparent and easily understood by respondents. It can also be used in
combination with indirect methods, which may be especially attractive for methods—such

as hard garbling—which depend on trust in the enumerator.

2 Study Design

This section describes our study design, including sampling, our two survey protocols, ran-
domization, measurement, and estimation and hypothesis testing. Our main analysis, in-
cluding outcome measures and estimating equations, was pre-specified at the AEA RCT

Registry here.


https://www.socialscienceregistry.org/trials/10053

2.1 Sample

Our study took place in Kampala, the capital city of Uganda. We drew a sample of 1,067
micro-entrepreneurs who had completed recent survey activities from a separate study on
views toward refugee policies in Uganda (Baseler et al., 2025). We rely on these pre-
randomization (baseline) data both to characterize how attrition depends on survey pro-
tocols and to improve precision in impact estimation. Our sample is made up of both native
Ugandans (88% of the sample) and refugees operating tailoring shops or salons within 10
kilometers of the city center. At baseline, their businesses made 21 USD in monthly profits
and had 550 USD worth of capital stock on average.*

Surveys began in November 2022, about eight months after the final survey wave of
the Baseler et al. (2025) study, and were completed in March 2023. Overall, we successfully
surveyed 836 micro-entrepreneurs from the initial sample of 1,067, giving an average response
rate of 78%. Attrition, which is an outcome of interest in this study, is discussed in Section
3.4.

2.2 Survey Protocols

We study two survey protocols potentially affecting data quality:

1. Enumerator Familiarity. In the Same Surveyor group, we assigned surveyors to the
same respondents they had surveyed in a prior wave of the Baseler et al. (2025) study.®

In the New Surveyor group, we assigned surveyors to new respondents.®

2. Modality (In-Person or Phone Survey). In the Phone Survey group, respondents
were contacted using phone numbers collected in prior survey activities as part of the
Baseler et al. (2025) study. If respondents were successfully reached, the surveyor com-
pleted a questionnaire over the phone. In the In-Person Survey group, respondents
were approached in person at their place of business, which was also listed in prior

survey waves. If respondents were successfully found, an identical questionnaire was

4Seventy-four percent of our sample took part in the experiments studied in Baseler et al. (2025), where
additional summary statistics are presented.

SEighty-seven percent of respondents in the Same Surveyor group were matched to the enumerator who
surveyed them in the most recent prior survey wave (March 2022, in person with a mean duration of 52
minutes). The remaining respondents were matched to an enumerator from the May 2021 (in person) or
August 2021 (phone) waves, either because they were not found during the March 2022 wave or because the
enumerator from the March 2022 wave was no longer available.

SFourteen enumerators were assigned respondents in both the Same Surveyor and New Surveyor groups.
Five enumerators were new to the project and only assigned to the New Surveyor group. Results are
consistent when enumerator fixed effects are included. Note that all enumerators were of Ugandan nationality.



completed using an in-person interview. In both groups we followed standard data col-
lection protocols, including three attempts (phone calls or in-person visits) on different

days of the week and times of the day before recording a respondent as attrited.

2.3 Randomization

We cross-cut assignment to the above two protocols in a sample of 1,067 business owners.
Assignment of the modality protocol was stratified on respondent nationality (Ugandans or
refugees), baseline business profit (above median or below median), and baseline support for
refugee integration (above median or below median). Assignment to the familiarity protocol

was stratified along the same dimensions plus assignment of the randomized survey modality.

2.4 Measurement

Our questionnaire was based on earlier versions from the Baseler et al. (2025) study, which
included questions on political and social views toward refugees as well as more general de-
mographic, household, and business questions. For the purposes of this study, we organize
our questionnaire measures into four category indices based on their expected sensitivity to
survey protocol. We hypothesized that sensitive questions (such as stated alignment with
prevailing norms) and/or complex questions (such as business profits) would be most respon-
sive. Indices are computed using the method of Anderson (2008).” Treatment impacts on
each component measure are presented in Appendix B; detailed descriptions of components

can be found in our pre-analysis plan here. The four categories are:

1. Business Formality (Objective and Simple). This category includes simple busi-
ness questions (such as number of employees and monthly rent) and business practices
(binary indicators for whether the respondent has recently implemented a variety of

management practices, such as visiting a competitor to see their prices).

2. Income and Business Size (Objective and Complex). This category includes
complex business information—capital, hours worked, labor and non-labor costs, rev-

enue, investment, and debt—and non-business wage income.

"We implement this method using Stata’s swindez command, normalizing for weighting using obser-
vations assigned to phone surveys by new enumerators. Because the Alignment With Prevailing Norms
category includes domains defined only for specific nationalities, we compute this index separately by na-
tionality. Note that our estimating equation includes a nationality control inside the randomization-stratum
fixed effect.


https://www.socialscienceregistry.org/versions/184330/docs/version/document

3. Well-Being and Pro-Social Beliefs (Subjective and Non-Sensitive). This cat-
egory includes questions on subjective well-being and general social attitudes such as

whether most people are trustworthy, fair, and helpful.

4. Alignment With Prevailing Norms (Subjective and Sensitive). This category
includes measures of support for inclusive refugee hosting and economic and cultural
beliefs about refugees, satisfaction with political representatives, and attitudes toward
other controversial topics such as domestic violence, HIV/AIDS, and child labor. Note
that “true” beliefs are unobservable. Interpreting changes in the measurement of these
outcomes requires us to take a stand on the direction of misreporting. We recode all
components so that positive responses correspond to agreement with prevailing norms.®

Under the assumption that respondents do not misreport their views away from these

prevailing norms, reductions in this measure can be interpreted as closer to the “true”

views.

The components of these categories are a subset of our full set of pre-specified measures;
measures dropped from our pre-specified index are reported separately in Appendix B.?
We transform Likert scales and other categorical variables into binary measures, resolving
neutrals toward the smaller group. Answers of “Don’t know” are treated as missing, and we
do not impute missing values for outcome variables. We do impute missing values for control
variables using the mean. Monetary measures are winsorized at the 1% level within survey

round and deflated using the CPI from the Uganda Bureau of Statistics (UBOS, 2021, 2023).

2.5 Estimation and Hypothesis Testing

We assess the impacts of assignment to each survey protocol using regressions of the form

yi = BXPY + yyio + Mg + Zin + o + €, (1)
where y; is a survey measure of interest for respondent 7, with y;y corresponding to a baseline

(pre-experimental) value of y;; P is a binary survey protocol assignment indicator for one of

8 At the time of our study, the Ugandan government was publicly supportive of refugees’ living in and
moving freely through Uganda, and even opposition groups did not systematically rally against pro-refugee
policies (Zhou et al., 2025). The measures in this category are also the majority position in our sample.

9We deviate from the pre-analysis plan in order to construct overall index measures that correspond to
meaningful economic concepts like business formality or well-being. We therefore exclude family size and
social integration from the business formality (objective and simple) index, and knowledge of refugee hosting
policy from the well-being and pro-social beliefs (subjective and non-sensitive) index. These changes do not
affect the results on enumerator familiarity. The in-person coefficients on these two pre-specified indices are
statistically significant.



two protocols X € {Familiar Surveyor, In-Person Survey}; M;q is an indicator for a missing
value of y;g; Z; is a vector of baseline controls chosen through double-lasso regression from
the full set of available baseline variables; «; is a randomization-stratum fixed effect; and ¢;
is an error term. We adjust for non-response weights estimated through lasso logit regression
using the stratum, treatment, and baseline outcome variables. The coefficient 5% estimates
the conditional effect of assignment to protocol X on the average value of y;, pooling across
the omitted protocol assignment. To test for distributional differences, we report p-values

from Kolmogorov-Smirnov tests, residualizing y; according to Equation 1.

Multiple Hypothesis Adjustments. Appendix B reports all outcomes listed in our
pre-analysis plan. Those outcomes are organized into 14 conceptual domains; within each
domain, we create Anderson (2008) summary indices and report sharpened g-values for do-
main components to control the false discovery rate. For the four major categories described
in Section 2.4, we report step-down adjusted p-values strongly controlling the family-wise

error rate by treatment arm.!°

3 Results

This section presents the impacts of our two randomized survey protocols on our outcomes

of interest.

3.1 Measurement Impacts: Enumerator Familiarity

The top panel of Table 1 presents impacts of assignment to a familiar surveyor—one who had
surveyed the respondent, most commonly in person, prior to this survey wave—compared to
a new surveyor. For both objective and subjective non-sensitive categories, differences are
small (magnitudes of 0.07 standard deviations or less) and not statistically significant. How-
ever, we observe lower alignment with prevailing norms—our subjective, sensitive category—
for respondents assigned to a familiar surveyor. The difference is moderate at 0.15 standard
deviations (sd; naive p = 0.03) and survives a family-wise error-rate adjustment with a

Romano-Wolf p-value of 0.09.1' The familiarity effect is somewhat amplified in in-person

10These p-values control the probability of committing any Type I error among all of the hypotheses
tested. We estimate Romano and Wolf p-values using the Stata command rwolf2 (Clarke et al., 2020). This
package offers the same flexibility as the wyoung one we had pre-specified but with faster computation time.
We include a pre-specified trust-script treatment in specifications when adjusting for multiple hypothesis
testing (see Appendix Table A.1).

HThis average effect is within the range of enumerator-characteristic effects documented in Di Maio and
Fiala (2020). It is larger than the null effects of enumerator characteristics on non-sensitive outcomes but



surveys compared to phone surveys, as shown in Appendix Table B.1, but the difference
is not statistically significant. Consistent with a trust mechanism, respondents assigned to
familiar enumerators were 9 pp. more likely to say that people can generally be trusted
(category-wise FWER p = 0.05; see Appendix Table B.9).

Our estimating equations recover conditional mean differences in outcomes, but survey
protocols may affect the distribution of outcomes without necessarily changing the mean
(for example, by increasing the variance of responses). We test for distributional impacts
using Kolmogorov-Smirnov (KS) tests, residualizing each outcome using the same controls
as in (1). We find no significant distributional effects of enumerator familiarity, except on
alignment with prevailing norms (KS p-value = 0.03).

To unpack our index-based measure, Appendix Tables B.11, B.12, B.13, B.14, and B.15
present impacts on each component of our index capturing alignment with prevailing norms.
Respondents were less likely to tell familiar surveyors that they support refugee integration
(coefficient = —0.12 sd on domain summary index, category-wise FWER p = 0.36). They
were also less likely to agree with prevailing norms on other controversial topics (coefficient
= —0.15 sd on domain summary index, category-wise FWER p = 0.12), including that
men should not beat their wives (coefficient = —0.06, category-wise FWER p = 0.09).
These respondents were also less likely to report that refugees benefit Uganda economically,
though the difference is not statistically significant (coefficient = —0.06, category-wise FWER
p = 0.66). We note that differences for familiar surveyors are not observed for every sensitive
outcome, such as reported satisfaction with politicians.

The starkest difference between familiar and new surveyors appears for questions assessing
the psychological integration of refugees in Uganda. Refugees were much less likely to report
to familiar surveyors that they feel connected with Uganda (coefficient = —27 percentage
points on a base of 64%, category-wise FWER p = 0.01) and that they don’t feel like an
outsider in Uganda (coefficient = —21 percentage points on a base of 51%, category-wise
FWER p = 0.09). Appendix Table B.15 shows that these differences are roughly similar for

phone and in-person surveys.

3.2 Measurement Impacts: Survey Modality

The lower panel of Table 1 presents impacts of the in-person survey modality on each of

our four category summary index measures. Overall, differences are small. The average

much smaller than the 0.40-0.55 sd impacts of urban enumerators on highly sensitive outcomes in a rural
population like support for opposition parties. Decomposing our index-based effect, we find large impacts
of 0.42-0.56 sd on whether refugees report that they feel connected to Uganda, or feel like an outsider in
Uganda, and smaller impacts on outcomes that are less sensitive, like expressed support for refugee hosting
(0.12 sd).
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difference in our summary index is within 0.11 standard deviations (sd) for business formality
(based on objective, simple measures), income and business size (based on objective, complex
measures), well-being and pro-social beliefs (based on subjective, non-sensitive measures)
and alignment with prevailing norms (based on subjective, sensitive measures). No FWER-
adjusted p-value is below or near 0.10.

However, there are modest negative impacts of in-person surveys on measured business
formality (objective, simple) and well-being and pro-social beliefs (subjective, non-sensitive)
which are marginally significant without multiple hypothesis corrections (unadjusted p-values
= 0.10 and 0.12 respectively). Appendix Table B.2—which presents treatment impacts on
each component of the index measures shown in Table 1—shows that the only statistically
significant difference appears in whether the business is reported as operational (coefficient =
—4 pp. on a base of 97%, within-domain ¢ = 0.05). While this magnitude is arguably small
and the high FWER-adjusted p-value cautions against over-interpreting this difference, it is
possible that in-person surveys—which typically occurred at respondents’ place of business—
allow enumerators to more easily observe whether the business is operational. Note that this
difference is not consistent with strategic under-reporting of business openness to shorten
survey length, as such behavior would likely generate greater under-reporting over the phone.
Instead, it may reflect mis-classification of marginal businesses, for example if respondents
are embarrassed to report that their business has shut down but find it difficult to hide this
in person.

As shown in Appendix Table B.9, the modest negative impact of in-person surveys on
measured well-being and pro-social beliefs appears to be driven by two outcomes: the re-
spondent’s agreement with the claims “people can be trusted” and “people are helpful”
(effect sizes = 17% and 9% respectively, within-domain g-values = 0.07). While we remain
wary of over-interpreting a handful of differences given the large number of hypothesis tests
and the high FWER-adjusted p-value for this category, it is possible that respondents feel
slightly more comfortable disagreeing with pro-social views in person, where rapport with
the surveyor is presumably greater on average.

We find no significant distributional impacts of survey modality on business formality,
income & business size, or subjective, sensitive beliefs, as shown in the middle panel of
Table 1. We reject distributional equality for well-being & pro-social beliefs (KS p-value
= 0.01). This reflects a distributional shift—rather than a mean-preserving spread—with
slightly lower mean well-being as measured in in-person surveys. This may reflect a slight
tendency for phone surveys to bias respondents toward socially desirable answers, though the

mean difference is not significant after multiple hypothesis testing adjustments (p = 0.38).
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3.3 Effects on Treatment Impact Estimation

While we find significant impacts of enumerator familiarity on average reported attitudes
for sensitive outcomes, it does not follow that (a lack of) enumerator familiarity must dis-
tort treatment impact estimation. We would expect biases to appear in treatment impact
estimates only if the treatment amplifies or reduces the effect of familiarity.

To test for these biases, we estimate the sensitivity of treatment impact estimates from
an earlier multi-arm experiment conducted with our sample. Our sample was randomly
exposed to one of five interventions including cash transfers, information about refugee host-
ing policies, and across- or within-nationality business mentorship programs (Baseler et al.,
2025). Three of these—cash, information, and cash combined with information—generated
large, long-run impacts on components of our “alignment with prevailing norms” index.

We find few significant interactions between enumerator familiarity or survey modality
on these treatment impact estimates, as shown in Table 2. Across ten interaction terms (five
interventions interacted with two protocols), a handful of individual coefficients are large in
magnitude, and one phone-survey interaction term is significantly different (Romano-Wolf
p-value = 0.03). While this difference survives multiple hypothesis testing corrections, it
appears in a comparison arm (same-nationality mentorship) that was not directly related
to the outcomes we measure and did not affect norm-congruent views on average. Taken
together, we find little evidence of systematic interactions between treatment impacts and

survey modality or enumerator familiarity.!?

3.4 Non-Response

We find similar response rates to the survey across our two protocols, as shown in Table 3
column 1. Surveys attempted by phone were slightly more likely to be completed successfully,
although the difference is small and statistically insignificant (2 pp. difference, mean response
rate = 78%, p-value on difference = 0.34, g-value = 1).

Using survey data from our full experimental sample collected during a past project
(Baseler et al., 2025), we characterize how non-response varies by survey protocol by re-
gressing a response indicator on a protocol assignment indicator, ten pre-specified summary
indices—covering business measures, household income, subjective well-being, and agree-
ment with potentially sensitive political views—and their interactions with the protocol
assignment indicator. Results are shown in Table 3 columns 2-3. We find no evidence of sig-

nificantly differential attrition along these measures: no g-value on either pre-experimental

12We additionally test whether enumerator familiarity affects experimenter demand, as these effects could
distort treatment impact estimates (de Quidt et al., 2018, Mummolo and Peterson, 2019). Results, presented
in Appendix A, are consistent with a limited interaction between familiarity and demand effects.
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summary indices or their treatment interactions is significant at the 10% level. These find-
ings are reassuring for researchers relying on phone surveys. In our setting, response rates
are similar for phone and in-person survey attempts, both on average and across several

economic and social outcomes.

4 Conclusion

This paper estimates the impacts of two survey protocols on the measurement of a broad set
of outcomes. We find that most measures are robust to surveying in person versus over the
phone. This finding echoes much of the prior work on modality effects, though some studies
find downsides of phone-based surveys, and we note that modality effects may be different at
the first point of contact.'> We also find broadly consistent results when assigning familiar
versus new surveyors to respondents. However, one main result survives multiple hypothesis
testing adjustments and warrants further investigation in our view: maintaining the same
interviewer across survey waves leads respondents to provide answers that are less aligned
with prevailing social norms on politically and culturally sensitive questions. The magnitude
of this effect—~0.15 standard deviations on our sensitive-attitudes index—is large relative to
many program impacts.

We believe the increased reporting of minority views to familiar enumerators most likely
reflects an increase in truthful reporting on average. This interpretation holds under the as-
sumption that misreporting is biased toward socially desirable responses, which is consistent
with other literature on sensitive questions (Boudreau et al., 2023). However, respondents’
true underlying views are unknown, and alternative interpretations are possible. For ex-
ample, respondents may increasingly anchor to enumerators’ views across repeated surveys:
if respondents perceive those views as norm-incongruent, then this behavior could shift re-
sponses away from other norms. We find this explanation plausible in general but unlikely
in our context, where aid and research organizations and their staff predominantly express
views—to the extent they express any personal views in professional settings—in the direc-
tion of our norm-alignment measure.

For survey methodology, these results point to enumerator familiarity as a simple alterna-

13For example, Abate et al. (2023) find evidence of fatigue effects, and Garlick et al. (2020) find an increase
in variance from phone surveying. Our questionnaire was short and relied on summary or recall-based items
for business financials rather than itemized consumption recall, likely reducing the scope for fatigue-driven
mode effects. We also note that our sample consists of urban micro-entrepreneurs who had already completed
at least one prior survey wave and were highly phone-literate. Comfort with remote interviews may have
been higher in our sample than in settings where phone surveying is newer or less familiar. Finally, our
sample consists of respondents who had previously been interviewed in person. We find it plausible that
modality might affect respondent comfort to the greatest extent the first time that respondent is contacted.
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tive (when panel designs permit it) to indirect techniques like list experiments or randomized
response, which risk confusing respondents and further distorting measurement (Chuang et
al., 2021), and as a potential complement to hard garbling (Boudreau et al., 2023). We note
that assigning familiar enumerators to respondents may not be feasible or desirable depend-
ing on the logistical constraints involved, and that it is not mutually exclusive with indirect
methods like list experiments. Researchers seeking to use this method should pay careful
attention to which norms are likely to be distorting responses, and in which direction.!*
Open questions include how to mimic the benefits of surveyor familiarity in cross-sectional
surveys—for example, through community-based enumerator assignment or extended introductions—
and how far such strategies can go without introducing other biases such as complacency or
confirmatory probing. More broadly, our findings reinforce that survey protocols themselves
can causally shape what we measure. We believe future work can continue to test design

choices that align respondent comfort with researchers’ goals of truthful reporting.

A given survey question may be subject to multiple, possibly competing norms: for example local vs.
national, community vs. family, or elite vs. popular. Following the substantial literature on experimenter
demand effects, our view is that responses are likely to be distorted on average toward the views of the research
team—as respondents perceive them. For studies where reliable measures of sensitive beliefs are important,
attempting to characterize respondents’ views of the study team’s goals or beliefs through qualitative work
may be helpful.
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Table 1: Impacts of Survey Protocol on Four Measurement Indices

Description of Measures:

Measure Category:

Business
Formality

Objective, Simple

Income &
Business Size

Objective, Complex

Well-Being &
Pro-Social Beliefs

Subjective, Non-Sensitive

Alignment With
Prevailing Norms

Subjective, Sensitive

Familiar vs. New Surveyor
Familiar Surveyor

KS p-Value
Observations

In-Person vs. Phone Survey
In-Person Survey

KS p-Value
Observations

0.04
(0.07)
[0.55]
(0.79)

0.81
836

-0.11
(0.07)
[0.10]
(0.38)

0.21
836

-0.07
(0.06)
[0.28]
(0.60)

0.63
836

-0.01
(0.06)
[0.90]
(0.90)

0.86
836

0.03
(0.06)
[0.61]
(0.79)

0.59
836

-0.10
(0.07)
[0.12]
(0.38)

0.01
836

0.15
(0.07)
[0.03]
(0.09)

0.03
836

-0.03
(0.07)
[0.66]
(0.90)

0.74
836

Each outcome is a summary index with mean 0, standard deviation 1 (see Section 2.4 for details). Heteroskedasticity-robust standard errors in

parentheses; p-values in brackets; Romano-Wolf family-wise p-values estimated within rows in angle brackets.



Table 2: Impacts of Surveyor Familiarity and Modality on Treatment Impact Estimation

me- ross- i
Na%iaonglity Nagiocils;lity Cash Inff;fn,i?g_on Cash +
Intervention: Mentorship ~ Mentorship Grant Sharing Information
Familiar vs. New Surveyor
Treatment x Familiar Surveyor 0.32 0.06 -0.09 0.18 -0.14
(0.27) (0.25) (0.19) (0.21) (0.19)
[0.23] [0.80] [0.62] [0.40] [0.45]
(0.63) (0.94) (0.94) (0.80) (0.80)
Treatment -0.36 0.29 0.63 0.12 0.61
(0.18) (0.18) (0.18) (0.20) (0.18)
[0.05] [0.10] [0.00] [0.54] [0.00]
Observations 600 600 600 600 600
In-Person vs. Phone Survey
Treatment x In-Person Survey 0.75 -0.26 -0.18 -0.27 -0.06
(0.26) (0.24) (0.20) (0.21) (0.19)
[0.00] [0.27] [0.37] [0.20] [0.75]
(0.03) (0.62) (0.62) (0.60) (0.75)
Treatment -0.65 0.42 0.67 0.34 0.56
(0.21) (0.19) (0.18) (0.19) (0.18)
[0.00] [0.03] [0.00] [0.06] [0.00]
Observations 600 600 600 600 600

Each outcome is a summary index of alignment with prevailing norms with mean 0, standard deviation 1 (see
Section 2.4 for details). Each column shows treatment impact estimates for an intervention from Baseler et
al. (2025) interacted with interviewer continuity (upper panel) or modality (lower panel). All regressions are
estimated through (1) adding fixed effects for the full set of Baseler et al. (2025) intervention assignments,
the randomization strata used to assign them, and the modality (or continuity) assignment (not shown
in output). Heteroskedasticity-robust standard errors in parentheses; p-values in brackets; Romano-Wolf
family-wise p-values estimated within rows in angle brackets.
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Table 3: Response Rates across Protocols and Baseline Data

Average Response Response Interactions Response Interactions
by Treatment (In-Person Survey) (Familiar Surveyor)
Treat (In-Person Survey) -0.02 -0.03
(0.03) (0.02)
[1.00] [1.00]
Treat (Familiar Surveyor) 0.00 0.02
(0.03) (0.02)
[1.00] [1.00]
Social Desirability -0.01 -0.01
(0.02) (0.02)
[1.00] [1.00]
Household Income 0.02 0.03
(0.02) (0.02)
[1.00] [1.00]
Subjective Well-Being 0.03 -0.02
(0.02) (0.02)
[0.74] [1.00]
Business Size -0.00 0.00
(0.02) (0.02)
[1.00] [1.00]
Treat x Social Desirability -0.02 -0.02
(0.02) (0.02)
[1.00] [1.00]
Treat x Household Income -0.01 -0.03
(0.03) (0.03)
[1.00] [1.00]
Treat x Subjective Well-Being -0.06 0.05
(0.03) (0.03)
[0.34] [1.00]
Treat x Business Size 0.04 0.03
(0.02) (0.03)
[1.00] [1.00]
Outcome Mean 0.78 0.78 0.78
Observations 1,067 1,067 1,067

Outcome is an indicator for whether the survey was completed. Regressions in columns 2 and 3 include ten
pre-specified summary indices and their interactions with a single treatment assignment indicator (a subset
of baseline indicators and interactions is omitted from the table). Heteroskedasticity-robust standard errors
in parentheses; sharpened g-values (Anderson, 2008) in brackets are estimated within column.
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Appendix for “Familiar Faces, Honest Answers? The
Impacts of Enumerator Familiarity and Survey Modality

on Survey Responses”

A Additional Study Details

A.1 Scripts

Confidentiality script (given to all respondents):

This discussion will remain confidential and your name will not be mentioned in the
study. If you choose to participate in this study it is voluntary, and you may decline to
answer any question and you may stop the survey at any time.

You are encouraged to be as honest as possible; no opinions will be judged. Your answers
will not affect any programs you are currently participating in or could be eligible for in the
future — let me repeat that this survey is purely for research purposes.

To thank you for your time, you will be compensated 10,000 UGX for participating.

Trust-building script (given to respondents assigned to trust script):

Since some people may be uncomfortable answering the survey, especially with someone
who you don’t know well, I want to take a minute to tell you about me, why I think this
project is important, and answer any questions you have about me or the work.

My name is I have been working for the International Research
Consortiumfor _ (years / months). I have worked on (many / a few) other research
projects like this one, including studies on and I (studied / am
studying) (field) at (university). I have lived in Kampala
for __ years, and I live in (neighborhood) with my
(family).

I enjoy this work because I get to meet many different people like you and hear about
the issues that are important to them and their communities. I also enjoy this work because
I think it’s important. The results of our studies, including this one, are discussed with
the Ugandan government and international organizations so that programs can better help
people in poverty.

What questions do you have about me, the International Research Consortium, or this
project? I am happy to answer them.




A.2 Measurement Impacts: Trust-Building Script

The bottom panel of Table A.1 presents impacts of the trust-building script. Differences are
small (magnitudes of 0.01 to 0.09 sd) and statistically insignificant across all four category
indices. No KS statistic is statistically significant. For our measure capturing alignment
with prevailing norms, the impact of the trust script is 0.02 sd (category-wise FWER p =
0.96). This result suggests that the effect of familiar surveyors on reported alignment with
prevailing views—driven, for example, by greater trust or rapport between the surveyor and
respondent—is not easily compensated for with trust-building exercises conducted in a single
survey. This result is consistent with Boudreau et al. (2023), who find minimal effects from
a similar rapport-building exercise.

One potential explanation for the null impacts of the trust script is that surveyors did
not take the activity seriously. Our trust-building script was only partly structured, and
data captured during automated survey audits suggest that many surveyors spent little time
on it. We view those decisions as somewhat informative: despite spending significant time
on other, equally audited parts of the survey, many surveyors apparently viewed the trust-
building exercise as not worth much time.

A.3 Experimenter Demand Exercise

To measure experimenter demand effects and assess whether they vary by survey protocol,
we used the “strong demand treatment” method of de Quidt et al. (2018). Specifically, we
explicitly prime a random subset of respondents with an “expected answer” in a donation-
allocation game. Each respondent decided how to allocate 3,000 Ugandan Shillings (~ 0.84
USD) between a non-profit supporting Ugandans and one supporting refugees in Uganda.'®
Before making their decision, one group received the instructions,

We are hoping that people in this study, which is about promoting refugee eco-
nomic inclusion, and who hear these instructions will give more to the refugee
program,

while the other group received the instructions,

We are hoping that people in this study, which is about supporting Ugandan small
businesses, and who hear these instructions will give more to the Ugandan pro-
gram.

We estimate whether experimenter demand effects vary by survey protocol by interacting
our protocol assignment indicators with assignment to the randomized demand-elicitation
instructions. Our internal audits show that while many surveys appeared to adhere to this
protocol, some paraphrased the instructions in a way that could have obscured the demand
treatment. Since this will tend to bias our coefficients toward zero, we view these findings
as suggestive.

Table A.2 presents impacts of the pro-refugee instruction, and its interaction with survey
protocol, on donations to the refugee organization. We find that demand effects appear small

15Respondents received 10,000 Ugandan Shillings for participating in the survey.



overall and do not differ significantly by survey protocol. Coefficients are small (magnitudes
of 4% of the endowment or less) and are not statistically significant. These results suggest
that interactions between demand effects and survey modality or enumerator familiarity are
limited.



Table A.1: Impacts of Trust-Building Script

Business Income & Well-Being & Alignment With
Description of Measures: Formality Business Size Pro-Social Beliefs Prevailing Norms
Measure Category: Objective, Simple Objective, Complex Subjective, Non-Sensitive Subjective, Sensitive
Trust Script vs. No Script
Trust Script 0.09 -0.02 0.01 0.03
(0.07) (0.06) (0.07) (0.07)
(0.60) (0.96) (0.96) (0.96)
KS p-Value 0.62 1.00 0.96 0.65
Observations 836 836 836 836
Trust and Familiar Surveyor Interactions
Familiar Surveyor 0.00 0.01 -0.02 -0.15
(0.10) (0.08) (0.09) (0.10)
(1.00) (1.00) (1.00) (0.72)
Trust Script 0.05 0.06 -0.05 0.03
(0.10) (0.09) (0.09) (0.10)
(1.00) (0.99) (1.00) (1.00)
Familiar Surveyor x Trust Script 0.08 -0.16 0.11 0.00
(0.14) (0.12) (0.13) (0.13)
(1.00) (0.83) (0.98) (1.00)
Observations 836 836 836 836
Trust and Modality Interactions
In-Person Survey -0.12 -0.05 -0.02 0.06
(0.10) (0.09) (0.09) (0.10)
(0.87) (0.96) (0.98) (0.96)
Trust Script 0.08 -0.06 0.10 0.12
(0.09) (0.09) (0.09) (0.09)
(0.94) (0.96) (0.93) (0.85)
In-Person Survey x Trust Script 0.01 0.09 -0.18 -0.18
(0.14) (0.12) (0.13) (0.13)
(0.98) (0.96) (0.83) (0.83)
Observations 836 836 836 836

Each outcome is a summary index with mean 0, standard deviation 1 (see Section 2.4 for details). Heteroskedasticity-robust standard errors in parentheses; Romano-
Wolf (RW) family-wise p-values estimated within rows in angle brackets.



Table A.2: Experimenter demand effects appear similar across survey protocols.

Demand Demand
Average Interactions Interactions Demand
Demand (In-Person (Familiar Interactions
Outcome: Share Donated to Refugees Effect Survey) Surveyor) (Trust Script)
Pro-Refugee Elicitation -0.02 -0.00 -0.00 0.00
(0.01) (0.02) (0.02) (0.02)
[1.00] [1.00] [1.00] [1.00]
Pro-Refugee Elicitation x Treat -0.03 -0.04 -0.04
(0.03) (0.02) (0.02)
[1.00] [0.75] [0.75]
In-Person Survey 0.00
(0.02)
[1.00]
Familiar Surveyor 0.02
(0.01)
[1.00]
Trust Script -0.01
(0.01)
[1.00]
Control Mean 0.47 0.48 0.46 0.47
Observations 836 836 836 836

Outcome is the share donated to a refugee-supporting organization (with the remainder going to a Ugandan-
supporting organization) in a dictator game. Pro-Refugee Elicitation is an indicator for the randomized
assignment to a pre-refugee demand elicitation script following the methodology of de Quidt et al. (2018),
with the comparison group receiving a pro-Ugandan elicitation script. Each regression in columns 2-4
includes the pro-refugee demand treatment and its interaction with a single survey protocol assignment
indicator. Heteroskedasticity-robust standard errors in parentheses; sharpened g-values (Anderson, 2008) in
brackets.



B Components of Category Indices and Other Pre-Specified Results

Modality and Familiarity Interaction Effects

Table B.1: Survey Protocol Interaction Effects

Business Household & Well-Being & Alignment With

Description of Measures: Formality Business Finances Pro-Social Beliefs Prevailing Norms
Measure Category: Objective, Simple Objective, Complex Subjective, Non-Sensitive Subjective, Sensitive
Surveyor and Modality Interactions
Familiar Surveyor 0.08 -0.15 0.12 -0.08

(0.09) (0.09) (0.09) (0.09)

[0.34] [0.10] [0.20] [0.37]

(0.93) (0.61) (0.85) (0.93)
In-Person Survey -0.07 -0.08 -0.02 0.04

(0.10) (0.09) (0.09) (0.10)

[0.49] [0.35] [0.86] [0.70]

(0.93) (0.93) (0.93) (0.93)
Familiar Surveyor x In-Person Survey -0.09 0.15 -0.18 -0.14

(0.14) (0.12) (0.13) (0.13)

[0.54] [0.21] [0.18] [0.28]

(0.93) (0.85) (0.83) (0.91)
Observations 836 836 836 836

Each outcome is a summary index with mean 0, standard deviation 1 (see Section 2.4 for details). Heteroskedasticity-robust standard errors in
parentheses; p-values in brackets; Romano-Wolf family-wise p-values estimated within rows in angle brackets.



Results in the Business Formality (Objective and Simple) Category

Table B.2: Basic Business Information

Monthly Business
Operate  Business Rent Operated  Household Outside Business Summary
Business Registered (Inv Hyp Sin) from Home Employees Employees Loans Index
Familiar vs. New Surveyor
Familiar Surveyor 0.02 -0.01 -0.02 0.07 0.01 -0.13 0.03 0.06
(0.02) (0.03) (0.04) (0.03) (0.04) (0.06) (0.07) (0.07)
[1.00] [1.00] [1.00] [0.11] [1.00] [0.11] [1.00] [1.00]
{1.00} {1.00} {1.00} {0.17} {1.00} {0.17} {1.00} {1.00}
Control Mean 0.94 0.41 44.46 0.72 0.24 0.56 0.72 -0.05
Observations 836 836 780 836 836 835 830 836
In-Person vs. Phone Survey
In-Person Survey -0.04 -0.01 -0.00 -0.03 -0.04 0.01 -0.05 -0.12
(0.01) (0.03) (0.04) (0.03) (0.04) (0.06) (0.07) (0.07)
[0.05] [1.00] [1.00] [0.85] [0.85] [1.00] [1.00] [0.38]
{0.17} {1.00} {1.00} {0.71} {0.71} {1.00} {0.82} {0.47}
Control Mean 0.97 0.43 42.05 0.76 0.25 0.48 0.80 0.06
Observations 836 836 780 836 836 835 830 836
Trust Script vs. No Script
Trust Script 0.00 -0.00 -0.00 -0.05 0.03 0.05 0.08 0.01
(0.02) (0.03) (0.04) (0.03) (0.04) (0.06) (0.07) (0.07)
[1.00] [1.00] [1.00] [1.00] [1.00] [1.00] [1.00] [1.00]
{1.00} {1.00} {1.00} {1.00} {1.00} {1.00} {1.00} {1.00}
Control Mean 0.94 0.42 43.85 0.78 0.23 0.49 0.72 -0.01
Observations 836 836 780 836 836 835 830 836

Results estimated through ANCOVA regression with baseline controls selected through double-lasso. Heteroskedasticity-robust standard
errors in parentheses. Brackets display sharpened g-values controlling the false discovery rate within the set of outcomes shown in this table
(Anderson, 2008). Braces display sharpened g-values controlling the false discovery rate in the broader categories defined in Section 2.4.



Table B.3: Business Practices

Check Give Have
Competitor Special Compare Use Up  Record Written Sell Buy Summary
Prices Offers  btw Suppliers  Stock  Keeping Budget Marketing on Credit on Credit Index
Familiar vs. New Surveyor
Familiar Surveyor -0.03 -0.00 -0.01 -0.00 -0.00 0.02 -0.08 0.11 0.01 -0.01
(0.03) (0.02) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.02) (0.07)
[1.00] [1.00] [1.00] [1.00] [1.00] [1.00] [0.01] [0.01] [1.00] [1.00]
{1.00} {1.00} {1.00} {1.00} {1.00} {1.00} {0.03} {0.02} {1.00} {1.00}
Control Mean 0.78 0.90 0.82 0.51 0.55 0.48 0.22 0.32 0.10 -0.00
Observations 836 836 836 836 836 836 836 836 836 836
In-Person vs. Phone Survey
In-Person Survey -0.01 -0.03 -0.01 -0.05 0.00 0.01 0.02 -0.03 -0.00 -0.07
(0.03) (0.02) (0.03) (0.04) (0.03) (0.03) (0.03) (0.03) (0.02) (0.07)
[1.00] [1.00] [1.00] [1.00] [1.00] [1.00] [1.00] [1.00] [1.00] [1.00]
{1.00} {0.57} {1.00} {0.57} {1.00} {1.00} {0.72} {0.71} {1.00} {0.71}
Control Mean 0.78 0.91 0.82 0.53 0.54 0.47 0.19 0.39 0.10 0.03
Observations 836 836 836 836 836 836 836 836 836 836
Trust Script vs. No Script
Trust Script 0.01 0.04 0.04 0.02 -0.01 0.03 0.01 0.02 0.03 0.12
(0.03) (0.02) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.02) (0.07)
[0.92] [0.55] [0.55] [0.92] [0.98] [0.87] [0.92] [0.92] [0.55] [0.55]
{1.00} {1.00} {1.00} {1.00} {1.00} {1.00} {1.00} {1.00} {1.00} {1.00}
Control Mean 0.77 0.88 0.80 0.50 0.53 0.48 0.19 0.37 0.08 -0.07
Observations 836 836 836 836 836 836 836 836 836 836

Results estimated through ANCOVA regression with baseline controls selected through double-lasso. Heteroskedasticity-robust standard errors in
parentheses. Brackets display sharpened g-values controlling the false discovery rate within the set of outcomes shown in this table (Anderson, 2008).
Braces display sharpened g-values controlling the false discovery rate in the broader categories defined in Section 2.4.



Measures excluded from our pre-specified index construction

Table B.4: Basic Family Information

Children
Aged btw  Children Summary
Adults 6 and 18 Under 5 Index
Familiar vs. New Surveyor
Familiar Surveyor 0.11 -0.01 -0.07 -0.02
(0.08) (0.07) (0.05) (0.06)
[0.44] [0.87] [0.44] [0.87]
{0.67} {1.00} {0.67} {1.00}
Control Mean 2.65 1.38 0.96 -0.00
Observations 834 836 836 836
In-Person vs. Phone Survey
In-Person Survey -0.12 -0.13 -0.04 -0.12
(0.08) (0.07) (0.05) (0.06)
[0.18] [0.16] [0.26] [0.16]
{0.57} {0.47} {0.82} {0.39}
Control Mean 2.75 1.41 0.92 0.02
Observations 834 836 836 836
Trust Script vs. No Script
Trust Script -0.01 -0.01 -0.00 -0.01
(0.08) (0.07) (0.05) (0.06)
[1.00] [1.00] [1.00] [1.00]
{1.00} {1.00} {1.00} {1.00}
Control Mean 2.71 1.35 0.95 0.00
Observations 834 836 836 836

Results estimated through ANCOVA regression with baseline controls selected
through double-lasso. Heteroskedasticity-robust standard errors in parentheses.
Brackets display sharpened ¢-values controlling the false discovery rate within the
set of outcomes shown in this table (Anderson, 2008). Braces display sharpened
g-values controlling the false discovery rate in the broader categories defined in
Section 2.4.



Table B.5: Social Integration of Refugees (for Refugees)

Join
Eat Dinner Converse Work-related ~ Summary
w Ugandans w Ugandans Groups Index
Familiar vs. New Surveyor
Familiar Surveyor -0.06 -0.16 0.12 -0.04
(0.08) (0.08) (0.08) (0.20)
[0.50] [0.27] [0.29] [0.75]
{1.00} {0.31} {0.67} {1.00}
Control Mean 0.69 0.57 0.42 0.08
Observations 149 149 149 149
In-Person vs. Phone Survey
In-Person Survey -0.14 0.19 0.13 0.31
(0.08) (0.08) (0.08) (0.19)
[0.09] [0.08] [0.09] [0.09]
{0.47} {0.28} {0.47} {0.47}
Control Mean 0.70 0.39 0.42 -0.13
Observations 149 149 149 149
Trust Script vs. No Script
Trust Script -0.18 0.01 -0.04 -0.20
(0.08) (0.08) (0.08) (0.19)
[0.11] [1.00] [1.00] [0.83]
{1.00} {1.00} {1.00} {1.00}
Control Mean 0.73 0.49 0.49 0.12
Observations 149 149 149 149

Results estimated through ANCOVA regression with baseline controls selected through
double-lasso. Heteroskedasticity-robust standard errors in parentheses. Brackets dis-
play sharpened g-values controlling the false discovery rate within the set of outcomes
shown in this table (Anderson, 2008). Braces display sharpened g-values controlling
the false discovery rate in the broader categories defined in Section 2.4.
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Table B.6: Complex Business Information

Results in the Income and Business Size (Objective and Complex) Category

Familiar vs. New Surveyor
Familiar Surveyor

Control Mean
Observations

In-Person vs. Phone Survey
In-Person Survey

Control Mean
Observations

Trust Script vs. No Script
Trust Script

Control Mean
Observations

Business Pay to HH Pay to Business
Capital Members Hours Employees  Revenue Profits Investment Debts
(Inv Hyp  Working  (Inv Hyp  Members (v Hyp  (Inv Hyp  (Inv Hyp  (Inv Hyp  (Inv Hyp  Summary
Sin) Hours Sin) No Pay Sin) Sin) Sin) Sin) Sin) Index
0.01 1.68 0.04 -0.66 -0.17 -0.08 -0.48 0.09 0.16 -0.04
007) (171 (0.07) (1.22) (0.10) (0.07) 0.20)  (0.13) (0.17) (0.06)
[1.00] [1.00]  [1.00] [1.00] [0.46] [1.00] [0.25] [1.00] [1.00] [1.00]
{1.00 {078}  {0.78} {078} {0.63} {074} {031}  {0.78} {078}  {0.78)
553.81 65.64 1.48 4.37 5.32 112.95 25.21 9.47 50.57 -0.05
827 835 834 834 835 824 821 811 836 836
-0.03 -1.82 -0.16 -1.67 -0.05 -0.11 0.12 0.20 -0.02 -0.06
(0.06) (1.73)  (0.07) (1.31) (0.10) (0.07) (0.21) (0.13) (0.17) (0.06)
[0.96] 0.64  [0.24] [0.64] [0.96] [0.55] [0.96] [0.55] [0.97] [0.64]
{1.00} {089}  {0.30} {089} {1.00} {076} {100}  {0.76} {1.00}  {0.89}
518.74 66.51 1.79 4.48 4.76 105.10 19.18 9.51 55.06 -0.05
827 835 834 834 835 824 821 811 836 836
-0.03 -1.76 0.01 1.53 -0.07 0.07 0.04 -0.17 -0.07 -0.03
(0.07) (1.71)  (0.07) (1.20) (0.10) (0.07) (0.21) (0.13) (0.17) (0.06)
[1.00] [1.00] [1.00] [1.00] [1.00] [1.00] [1.00] [1.00] [1.00] [1.00]
{1.00} {100}  {1.00} {1.00} {100} {100} {100}  {1.00} {1.00}  {1.00}
559.37 66.99 1.58 3.03 5.02 109.19 21.02 10.91 57.64 -0.04
827 835 834 834 835 824 821 811 836 836

See Appendix Table B.2 for notes on estimation and hypothesis testing.



Table B.7: Total Household Income

Familiar vs. New Surveyor
Familiar Surveyor

Control Mean
Observations

In-Person vs. Phone Survey
In-Person Survey

Control Mean
Observations

Trust Script vs. No Script
Trust Script

Control Mean
Observations

Household
Income Summary
(Inv Hyp Sin) Index
-0.29 -0.10
(0.20) (0.07)
[0.17] [0.17]
{0.67} {0.67}
45.00 0.03
836 836
0.19 0.07
(0.20) (0.07)
[0.55] [0.55]
{0.89} {0.89}
41.37 -0.06
836 836
-0.05 -0.02
(0.20) (0.07)
[1.00] [1.00]
{1.00} {1.00}
45.55 -0.02
836 836

Results estimated through ANCOVA regression with baseline
controls selected through double-lasso. Heteroskedasticity-robust
standard errors in parentheses.
values controlling the false discovery rate within the set of out-
comes shown in this table (Anderson, 2008).
sharpened ¢-values controlling the false discovery rate in the

broader categories defined in Section 2.4.
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Results in the Well-Being and Pro-Social Beliefs (Subjective and
Non-Sensitive) Category

Table B.8: Subjective Well-being

Feel Feel Not Feel Summary

Happy Calm Sad Index
Familiar vs. New Surveyor
Familiar Surveyor -0.07 -0.05 -0.01 -0.11
(0.03)  (0.03) (0.03) (0.06)
[0.20] [0.20]  [0.22] [0.20]
{0.15} {0.20}  {0.37} {0.19}
Control Mean 0.41 0.41 0.59 -0.01
Observations 834 836 835 836
In-Person vs. Phone Survey
In-Person Survey 0.01 -0.00 -0.02 -0.01
(0.03)  (0.03) (0.03) (0.06)
[1.00] [1.00] [1.00] [1.00]
{0.76} {0.77}  {0.54} {0.77}
Control Mean 0.37 0.39 0.59 -0.05
Observations 834 836 835 836
Trust Script vs. No Script
Trust Script 0.01 0.02 -0.03 0.00
(0.03)  (0.03) (0.03) (0.06)
[1.00] [1.00] [1.00] [1.00]
{1.00} {1.00}  {1.00} {1.00}
Control Mean 0.36 0.37 0.60 -0.06
Observations 834 836 835 836

Results estimated through ANCOVA regression with baseline controls se-
lected through double-lasso. Heteroskedasticity-robust standard errors in
parentheses. Brackets display sharpened g-values controlling the false dis-
covery rate within the set of outcomes shown in this table (Anderson, 2008).
Braces display sharpened g-values controlling the false discovery rate in the
broader categories defined in Section 2.4.
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Table B.9: Social Attitudes Toward General Topics

People People People

Can Be Are Fair Are Summary
Trusted In Business Helpful Index

Familiar vs. New Surveyor

Familiar Surveyor 0.09 0.03 0.06 0.17
(0.03) (0.03) (0.03) (0.07)
[0.02] [0.15] [0.07] [0.03]

{0.05} {0.34} {0.19}  {o0.10}

Control Mean 0.31 0.52 0.59 -0.06

Observations 831 832 835 835

In-Person vs. Phone Survey

In-Person Survey -0.07 -0.03 -0.06 -0.16
(0.03) (0.04) (0.03) (0.07)
[0.07] [0.14] [0.07] [0.07]

{0.14} {0.34} {0.19}  {0.14}

Control Mean 0.41 0.55 0.65 0.14
Observations 831 832 835 835

Trust Script vs. No Script

Trust Script -0.03 0.01 0.04 0.01
(0.03) (0.03) (0.03) (0.07)
[1.00] [1.00] [1.00] [1.00]

{1.00} {1.00} {1.00}  {1.00}

Control Mean 0.37 0.53 0.60 0.03
Observations 831 832 835 835

Results estimated through ANCOVA regression with baseline controls se-
lected through double-lasso. Heteroskedasticity-robust standard errors in
parentheses. Brackets display sharpened g-values controlling the false dis-
covery rate within the set of outcomes shown in this table (Anderson, 2008).
Braces display sharpened ¢-values controlling the false discovery rate in the
broader categories defined in Section 2.4.
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Measures excluded from our pre-specified index construction

Table B.10: Knowledge of Refugees and Hosting Policy (for Ugandans)

Know Intl
Allowed Donations
Outside Shared w Summary
Settlements Ugandans Index
Familiar vs. New Surveyor
Familiar Surveyor 0.02 0.05 0.10
(0.04) (0.04) (0.07)
[0.43] [0.43] [0.43]
{0.37} {0.25} {0.25}
Control Mean 0.65 0.46 -0.11
Observations 687 687 687
In-Person vs. Phone Survey
In-Person Survey -0.06 -0.06 -0.17
(0.04) (0.04) (0.08)
[0.10] [0.10] [0.10]
{0.19} {0.21} {0.14}
Control Mean 0.69 0.53 0.04
Observations 687 687 687
Trust Script vs. No Script
Trust Script -0.02 0.01 -0.01
(0.04) (0.04) (0.07)
[1.00] [1.00] [1.00]
{1.00} {1.00} {1.00}
Control Mean 0.68 0.48 -0.04
Observations 687 687 687

Results estimated through ANCOVA regression with baseline controls selected
through double-lasso. Heteroskedasticity-robust standard errors in parentheses.
Brackets display sharpened g-values controlling the false discovery rate within
the set of outcomes shown in this table (Anderson, 2008). Braces display sharp-
ened g-values controlling the false discovery rate in the broader categories defined
in Section 2.4.
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Results in the Alignment With Prevailing Norms (Subjective and Sensitive) Category

Table B.11: Support for Inclusive Refugee Hosting
Provide Provide  Accept

Supports  Freedom of Right to Land in Citizen- More Summary
Hosting  Movement Work Settlements Ship Refugees Index
Familiar vs. New Surveyor
Familiar Surveyor -0.02 -0.01 -0.00 -0.02 -0.03 -0.01 -0.12
(0.02) (0.03) (0.03) (0.03) (0.03) (0.03) (0.07)
[1.00] [1.00] [1.00] [1.00] [1.00] [1.00] [0.93]
{1.00} {1.00} {1.00} {1.00} {1.00} {1.00} {0.36}
Control Mean 0.89 0.71 0.80 0.70 0.67 0.71 -0.01
Observations 687 687 687 687 836 836 836
In-Person vs. Phone Survey
In-Person Survey -0.02 -0.03 0.00 -0.01 -0.02 0.03 -0.03
(0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.07)
[1.00] [1.00] [1.00] [1.00] [1.00] [1.00] [1.00]
{1.00} {1.00} {1.00} {1.00} {1.00} {1.00} {1.00}
Control Mean 0.90 0.73 0.80 0.70 0.67 0.69 -0.04
Observations 687 687 687 687 836 836 836
Trust Script vs. No Script
Trust Script 0.02 0.07 0.04 0.04 0.02 0.01 0.11
(0.02) (0.03) (0.03) (0.03) (0.03) (0.03) (0.07)
[0.69] [0.31] [0.53] [0.53] [0.94] [0.94] [0.40]
{1.00} {0.45} {1.00} {1.00} {1.00} {1.00} {0.57}
Control Mean 0.87 0.67 0.79 0.68 0.64 0.69 -0.13
Observations 687 687 687 687 836 836 836

Results estimated through ANCOVA regression with baseline controls selected through double-lasso. Heteroskedasticity-
robust standard errors in parentheses. Brackets display sharpened g-values controlling the false discovery rate within the
set of outcomes shown in this table (Anderson, 2008). Braces display sharpened g-values controlling the false discovery
rate in the broader categories defined in Section 2.4.



Table B.12: Policy Preferences and Representation

Satisfied w  Satisfied w Summary
LC1 MP Index
Familiar vs. New Surveyor
Familiar Surveyor 0.01 -0.03 -0.00
(0.02) (0.04) (0.07)
[1.00] [1.00] [1.00]
{1.00} {1.00} {1.00}
Control Mean 0.85 0.63 0.04
Observations 812 656 814
In-Person vs. Phone Survey
In-Person Survey 0.02 0.05 0.07
(0.02) (0.04) (0.07)
[0.88] [0.88] [0.88]
{1.00} {1.00} {1.00}
Control Mean 0.84 0.60 -0.00
Observations 812 656 814
Trust Script vs. No Script
Trust Script 0.00 0.02 0.02
(0.02) (0.04) (0.07)
[1.00] [1.00] [1.00]
{1.00} {1.00} {1.00}
Control Mean 0.84 0.62 0.02
Observations 812 656 814

Results estimated through ANCOVA regression with baseline controls se-
lected through double-lasso. Heteroskedasticity-robust standard errors in
parentheses. Brackets display sharpened g-values controlling the false dis-
covery rate within the set of outcomes shown in this table (Anderson, 2008).
Braces display sharpened g-values controlling the false discovery rate in the
broader categories defined in Section 2.4.
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Table B.13: Beliefs About Economic Effects of Immigrants (for Ugandans)

Refugee Refugee Foreigner  Foreigner
Pos Effect  Pos Effect Pos Effect Pos Effect ~Summary
Overall Personally Overall Personally Index
Familiar vs. New Surveyor
Familiar Surveyor -0.06 -0.03 -0.03 0.04 -0.07
(0.04) (0.04) (0.03) (0.04) (0.07)
[0.62] [0.62] [0.62] [0.62] [0.62]
{0.66} {1.00} {1.00} {1.00} {1.00}
Control Mean 0.61 0.57 0.76 0.58 -0.01
Observations 650 674 663 676 685
In-Person vs. Phone Survey
In-Person Survey -0.03 -0.04 0.01 -0.05 -0.10
(0.04) (0.04) (0.03) (0.04) (0.08)
[0.88] [0.88] [0.88] [0.88] [0.88]
{1.00} {1.00} {1.00} {1.00} {1.00}
Control Mean 0.61 0.58 0.75 0.64 0.02
Observations 650 674 663 676 685
Trust Script vs. No Script
Trust Script 0.01 -0.01 0.02 -0.00 -0.01
(0.04) (0.04) (0.03) (0.04) (0.07)
[1.00] [1.00] [1.00] [1.00] [1.00]
{1.00} {1.00} {1.00} {1.00} {1.00}
Control Mean 0.57 0.55 0.74 0.61 -0.05
Observations 650 674 663 676 685

Results estimated through ANCOVA regression with baseline controls selected through double-
lasso. Heteroskedasticity-robust standard errors in parentheses. Brackets display sharpened
g-values controlling the false discovery rate within the set of outcomes shown in this table
(Anderson, 2008). Braces display sharpened g-values controlling the false discovery rate in the
broader categories defined in Section 2.4.
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Table B.14: Social Attitudes toward Controversial Topics

Social Social Child Child
Refugee Proximity = Foreigner  Proximity (Cannot Girl Can People under 15 under 17
Pos Effect Index Pos Effect Index Beat Refuse w HIV Cannot Cannot ~ Summary
on Culture (Ugandan) on Culture (Refugee) Wife  Marriage Can Work Work Work Index
Familiar vs. New Surveyor
Familiar Surveyor -0.05 0.01 -0.02 0.09 -0.06 -0.02 0.00 -0.01 -0.00 -0.15
(0.03) (0.07) (0.04) (0.16) (0.03) (0.02) (0.01) (0.03) (0.03) (0.07)
[0.91] [1.00] [1.00] [1.00] [0.12] [1.00] [1.00] [1.00] [1.00] [0.12]
{0.97} {1.00} {1.00} {1.00} {0.09} {1.00} {1.00} {1.00} {1.00} {0.12}
Control Mean 0.77 -0.01 0.31 -0.05 0.87 0.90 0.97 0.59 0.54 -0.01
Observations 643 687 652 149 831 835 834 836 829 836
In-Person vs. Phone Survey
In-Person Survey -0.01 -0.03 -0.06 -0.02 -0.05 0.00 0.01 -0.01 0.05 -0.04
(0.03) (0.07) (0.04) (0.15) (0.03) (0.02) (0.01) (0.03) (0.04) (0.07)
[1.00] [1.00] [0.65] [1.00] [0.65] [1.00] [1.00] [1.00] [0.65] [1.00]
{1.00} {1.00} {1.00} {1.00} {1.00} {1.00} {1.00} {1.00} {1.00} {1.00}
Control Mean 0.75 0.03 0.32 0.03 0.86 0.87 0.96 0.58 0.54 -0.08
Observations 643 687 652 149 831 835 834 836 829 836
Trust Script vs. No Script
Trust Script -0.02 -0.04 0.07 -0.06 0.01 -0.04 -0.02 0.04 -0.01 -0.08
(0.03) (0.07) (0.04) (0.15) (0.03) (0.02) (0.01) (0.03) (0.03) (0.07)
[1.00] [1.00] [0.23] [1.00] [1.00] [0.23] [0.23] [0.58] [1.00] [0.59]
{1.00} {1.00} {0.45} {1.00} {1.00} {0.45} {0.45} {1.00} {1.00} {1.00}
Control Mean 0.75 0.02 0.26 0.04 0.84 0.90 0.98 0.56 0.56 -0.06
Observations 643 687 652 149 831 835 834 836 829 836

Results estimated through ANCOVA regression with baseline controls selected through double-lasso. Heteroskedasticity-robust standard errors in
parentheses. Brackets display sharpened g-values controlling the false discovery rate within the set of outcomes shown in this table (Anderson, 2008).
Braces display sharpened g-values controlling the false discovery rate in the broader categories defined in Section 2.4.



Table B.15: Psychological Integration of Refugees (for Refugees)

Feel Not Feel

Connected w Like Summary
Uganda Outsider Index
Familiar vs. New Surveyor
Familiar Surveyor -0.27 -0.21 -0.55
(0.08) (0.08) (0.16)
[0.00] [0.00] [0.00]
{0.01} {0.09} {0.01}
Control Mean 0.64 0.51 -0.14
Observations 149 149 149
In-Person vs. Phone Survey
In-Person Survey -0.09 0.01 -0.04
(0.08) (0.08) (0.16)
[1.00] [1.00] [1.00]
{1.00} {1.00} {1.00}
Control Mean 0.57 0.38 -0.40
Observations 149 149 149
Trust Script vs. No Script
Trust Script 0.16 -0.09 0.04
(0.08) (0.08) (0.16)
[0.14] [0.39] [0.73]
{0.45} {1.00} {1.00}
Control Mean 0.46 0.43 -0.43
Observations 149 149 149

Results estimated through ANCOVA regression with baseline controls se-
lected through double-lasso. Heteroskedasticity-robust standard errors in
parentheses. Brackets display sharpened g-values controlling the false dis-
covery rate within the set of outcomes shown in this table (Anderson, 2008).
Braces display sharpened g-values controlling the false discovery rate in the
broader categories defined in Section 2.4.
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