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A Details on survey data

A.1 Survey design and implementation

We placed the framing experiment in two face-to-face surveys. In November 2020, we
included the framing experiment in a monthly Omnibus Survey carried out by the Levada
Center. This nationally representative survey probabilistically sampled 1607 adults in
140 settlements in Russia. Interviews were conducted face-to-face. Informed consent was
achieved when interviewers read the consent text at the beginning of the interview and
requested an interview.

We also included the framing experiment in the first round of the 2021 RES, which was
conducted August-September 2021. This nationally representative survey probabilistically
sampled 2,677 adults in Russia and interviews were conducted face-to-face. Informed
consent was achieved when interviewers read the consent text at the beginning of the
interview and requested an interview.

We included the framing × list experiment (and associated list experiment diagnostic
questions) in both the nationally- and regionally-representative POADSRR surveys. The
POADSRR surveys were administered by the Faculty of Social Sciences of HSE University,
using a sampling frame from a well-respected Russian firm that requested anonymity due
to the potential political sensitivity of the questions.

The nationally-representative survey sampled approximately 1,500 respondents and
the regionally-representative survey sampled approximately 16,250 respondents. Both
sampled respondents in 60 regions using quotas, with a maximum for each region and
quotas set for age, gender and education.

The recruitment company randomly selected respondents from their frame and emailed
them a personalized link. Respondents who follow the link were directed to an HSE
University server, where they are presented with informed consent text. Respondents who
affirmed their consent are allowed to participate. Respondents who completed the survey
received compensation between 50 and 100 Russian rubles (roughly 0.65 to 1.30 USD).

A.2 Human Subjects Research

The surveys for this article were approved by the Institutional Review Board at Univer-
sity of Wisconsin-Milwaukee [Approval Certificates 22.012 and 21.130] and the George
Washington University Office of Human Research [IRB no. NCR213582]

A.3 The POADSRR subnationally-representative survey

Given the large sample size of the POADSRR subnationally-representative survey (N =
16, 342), we conducted analyses of these data to both estimate preference falsification
across framing experiment conditions and investigate heterogeneous treatment effects
across these conditions. We pre-registered these analyses based on results from the
nationally-representative POADSRR survey.1

A.3.1 List experiment cleaning algorithm

Analyses of the POADSRR nationally-representative (pilot) survey indicated that a
substantial proportion of respondents in the online setting nonsensically inflate their

1Preregistration: osf.io/8fj2q/?view_only=cfaf91f9e03043ac9b17d1863728efb8
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responses in the treatment condition. Specifically, many respondents reported supporting
only one or fewer of the political figures in direct questions, but reported supporting the
maximum number of figures (four) in the treatment list.2 This pattern results in drastic
inflation of estimated support for the Russian President.

Based on these results, we pre-registered a cleaning algorithm that we then implemented
in the POADSRR subnationally-representative survey. Specifically, we clean the dataset
such that respondents in the control group can only report ±1 the number of figures
they directly report supporting in the control list, while respondents in the treatment
group can only report only one fewer figure and two more. We removed respondents who
violated these conditions from the cleaned dataset.

In principle, this procedure might inflate the estimates of the sensitive item (some
respondents who report two more figures in the treatment list than they do directly
are doing so in error, not because they support the president). On the other hand, this
approach might underestimate support because it removes respondents who clearly support
the president (those who reported 0–1 figures in the control directs and four in treatment).

In the text, we report only analyses from the cleaned dataset. However, in this
appendix we report results from from both the cleaned and the full dataset for the sake of
robustness. Evidence of systematic trends in those who engage in preference falsification
means that the cleaned dataset should take precedence in the case of discrepancies.

A.3.2 Cleaning algorithm diagnostics

Prior to proceeding to the analyses, we provide some diagnostics related to the cleaning
algorithm. First, Table A.1 shows the most important diagnostic. Rows represent the
number of political figures a respondent reported supporting in direct questions, while
columns represent the number they report supporting in list. Italics are on the diagonal
(in the case of the treatment list, both the diagonal and diagonal plus one are italicized),
showing respondents who report this number with error. Bold denotes the problem values:
respondents who reported supporting 4 figures on the treatment list, and 0-1 in the direct
questions.

In principle, these results could be due to floor effects, a grave concern in list experi-
ments: respondents who support none of the control list figures and do not support the
president might still feel compelled to report “1” on the treatment list so as not to reveal
their lack of support for the president. However, there is no literature of which we are
aware that suggests that such respondents would drastically over-compensate by reporting
more than 1.

In this context, this overcompensation creates an inferential problem because it inflates
the number of respondents at the ceiling of the treatment list and thus the estimated
difference between the control and treatment lists. As a result, it almost certainly results in
an overestimate of support for the sensitive figure. We therefore remove these respondents
(as well as other respondents whose list responses diverge substantially from their direct
responses) from the dataset.

To further investigate these results, we also create a dichotomous indicator for list-
falsifiers (i.e. those respondents whom we remove from the “cleaned” dataset). Figures

2Prior to the list experiment, respondents were asked to directly report whether or not they supported
the activities of each of the three control list figures: 1) the President of the USA, 2) the Chancellor of
Germany, and 3) The President of Belarus. The sum of these three responses is the number of figures a
respondent directly supports.
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Table A.1: Number of figures supported directly vs. in list

Control list
0 1 2 3

0 2376 253 167 100
1 262 2022 524 86
2 80 301 1159 101
3 82 145 135 357

Treatment list
0 1 2 3 4

0 1196 1057 124 51 403
1 211 973 1348 99 389
2 69 216 692 484 161
3 63 112 95 147 289

Note: Rows represent number of figures supported in direct questions; columns the
number of figures supported in list.

Figure A.1: POADSRR covariates

Age Two dichotomous indicators for respondents below the age of 45 (“Young”) and above the age of
65 (“Old”) age quantiles.

Male Indicator for male respondents.

Higher education Respondents with higher education. Proxy for political information

Rural Respondents living in localities with less than 100k respondents.

Anon elections Indicator for respondents who believe elections in Russia are anonymous (top three categories on
seven-point scale). Proxy for perceptions of anonymity.

Pol interest Indicator for respondents who report being interested in politics (top three categories on seven-point
scale). Proxy for political information.

UR supporter Indicator for respondents who report UR as being the party closest to them from list. Proxy for
pro-regime partisanship.

TV watcher Indicator for respondents who report watching TV at least 2-3 times a week for news. Proxy for
both political information and pro-regime partisanship.

A.2, A.3 and A.4 report the predictors of being a list falsifier, both by framing effects and
with heterogenous treatment effects (description of covariates in Figure A.1). Note that
the top cell shows little evidence that framing affects the probability of being a list falsifier.
Results from analyses of demographic correlates indicate that United Russia (UR—the
party of the Russian President) supporters are the most likely to be list falsifiers, while
those with higher education are the least.

A.3.3 Analyses of direct and indirect treatment effects

In the appendix our baseline analyses are the same as in the text. We estimate the direct
effects of the framing experiment using Equation 1 in the text, and their indirect effects
with the list experiment using Equation 2 in the text. To briefly reiterate, we use a
linear probability model to regress dichotomized directly-reported support for Putin on
dichotomous indicators for the Negative and Positive frame, leaving the control condition
as the reference category:

yi = α1 + α2Negativei + α3Positivei + ϵi (A.1)

To estimate indirect support for the president using the list experiment, we use a
standard ordinary least squares analysis to regress the number of political figures (0–3/4)
a respondent reports supporting on 1) an indicator for the list experiment treatment, 2)
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Table A.2: Demographic and experimental (framing and list) correlates of probability of
being a list falsifier

Constant 0.08∗∗∗ (0.01) 0.11∗∗∗ (0.01) 0.12∗∗∗ (0.01)

Positive Frame −0.01 (0.01)
Negative Frame 0.003 (0.01)

List Treatment 0.05∗∗∗ (0.01)
Positive Frame × List Treatment 0.02∗ (0.01)
Negative Frame × List Treatment −0.01 (0.01)

Anonymous elections −0.02∗∗∗ (0.01) −0.002 (0.01)
Rural 0.005 (0.01) 0.01 (0.01)
Political interest −0.02∗∗∗ (0.01)
UR supporter 0.07∗∗∗ (0.01)
TV −0.01∗ (0.005)

Age<45 0.02∗∗∗ (0.01) 0.03∗∗∗ (0.01)
Age>64 0.02 (0.02) 0.02 (0.02)

Male −0.0003 (0.01) −0.01∗∗ (0.01)
Higher education −0.04∗∗∗ (0.005) −0.05∗∗∗ (0.005)

Observations 16,334 16,341 16,341
R2 0.01 0.02 0.01

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
Analyses use linear probability model with dichotomous indicator of being a list falsifier
as the outcome.
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Table A.3: Heterogeneous framing effects on probability of being a list falsifier

Constant 0.14∗∗∗ (0.02) 0.15∗∗∗ (0.02)

Anonymous elections −0.001 (0.02) 0.02 (0.02)
Rural 0.01 (0.02) 0.02 (0.02)
Political interest −0.02∗ (0.01)
UR supporter 0.11∗∗∗ (0.02)
TV −0.005 (0.01)

Age<45 0.01 (0.01) 0.01 (0.01)
Age>64 0.05 (0.04) 0.04 (0.04)

Male −0.002 (0.01) −0.02 (0.01)
Higher education −0.07∗∗∗ (0.01) −0.07∗∗∗ (0.01)

Positive Frame 0.03 (0.02) 0.03 (0.03)
Negative Frame −0.02 (0.02) −0.03 (0.03)

Positive Frame interactions

Anonymous elections −0.03 (0.02) −0.03 (0.02)
Rural −0.01 (0.02) −0.01 (0.02)
Political interest −0.01 (0.02)
UR supporter −0.02 (0.02)
TV −0.02 (0.02)

Age<45 0.01 (0.02) 0.01 (0.02)
Age>64 0.003 (0.06) 0.01 (0.06)

Male −0.0001 (0.02) 0.0002 (0.02)
Higher education −0.01 (0.02) −0.01 (0.02)

Negative Frame interactions

Anonymous elections −0.03 (0.02) −0.02 (0.02)
Rural −0.01 (0.02) −0.01 (0.02)
Political interest 0.01 (0.02)
UR supporter 0.02 (0.02)
TV 0.02 (0.02)

Age<45 0.003 (0.02) 0.01 (0.02)
Age>64 −0.004 (0.06) −0.0001 (0.06)

Male 0.02 (0.02) 0.01 (0.02)
Higher education 0.02 (0.02) 0.02 (0.02)

Observations 8,180 8,180
R2 0.03 0.01

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
Analyses use linear probability model, and are restricted to list treatment condition for
ease of interpretation. A dichotomous indicator of being a list falsifier is the outcome.
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Figure A.2: Estimated probability of being list falsifier by framing condition

Reference

Negative

Positive

0.00 0.25 0.50 0.75 1.00

Treatment

Control
List

Note: Analyses show predicted probabilities from linear probability model. All values
held constant at zero except for specified indicator or indicators (in case of interactions).
Horizontal lines represent 95% confidence intervals about predicted probabilities. Full
model specification in Table A.2, column 1.

indicators of the framing treatments, and 3) the interaction of the experimental treatments:

yi = β1+β2Negativei+β3Positivei+α1Listi+α2Listi×Negativei+α3Listi×Positivei+ϵi
(A.2)

The quantities of interest are denoted by α. α1 represents estimated proportion of
the population which supports for Putin in the list experiment in the control framing
condition, and α2 and α3 the equivalent proportions in the negative and positive framing
conditions. β represents coefficients pertaining to the control list, which serve mainly to
check for design issues in the experimental framework: the framing experiment should not
influence the number of political figures a respondent supports in the control list.

Table A.4 presents results regarding both direct and indirect support for Russian
President Putin. In all columns, the first three rows represent coefficient estimates for
α; the remaining three rows β estimates (for the list experiments). The first column
shows results for the direct responses to the framing experiment, the second and third
results from the framing × list experiment (cleaned and full dataset, respectively). In
all experiments, we can reject the null hypothesis of no effect of the negative frame; we
cannot reject the null for the positive frame.

The statistically significant effect of the negative frame in direct experiment is evidence
that the frame makes respondents less likely to report support for Putin; the fact that the
effect is similar (significant and negative) in both sets of list experiment data is strong
evidence that this result is not due to preference falsification. It is also worth noting that
the magnitude of the negative frame’s effect is similar in the full list data, indicating that
the result is not a relic of the data cleaning. The constant (control) condition in the full
list indicates substantial preference falsification in support for Putin in that the estimate
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Figure A.3: Estimated probability of being list falsifier by demographic correlates

Reference

Age<45

Age>64

Anonymous elections

Higher education

Male

Political interest

Rural

UR supporter
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Reference
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Age>64
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Higher education

Male
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TV

0.00 0.25 0.50 0.75 1.00

Note: Analyses show predicted probabilities from linear probability model. All values
held constant at zero except for specified indicator or indicators (in case of interactions).
Horizontal lines represent 95% confidence intervals about predicted probabilities. Full
model specifications in Table A.2, columns 2 (top cell) and 3 (bottom cell).
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Figure A.4: Estimated probability of being list falsifier, by framing condition and with
heterogeneous treatment effects

Reference
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Note: Analyses show predicted probabilities from linear probability model. All values
held constant at zero except for specified indicator or indicators (in case of interactions).
Horizontal lines represent 95% confidence intervals about predicted probabilities. Full
model specifications in Table A.3, columns 1 (top cell) and 2 (bottom cell).
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Table A.4: Estimated support for President across experimental conditions

Direct (LPM) List (OLS)

Cleaned Full

Support for President

Constant 0.56∗∗∗ (0.01) 0.56∗∗∗ (0.03) 0.72∗∗∗ (0.03)
Positive Frame −0.002 (0.01) −0.05 (0.04) −0.004 (0.04)
Negative Frame −0.11∗∗∗ (0.01) −0.12∗∗∗ (0.04) −0.13∗∗∗ (0.04)

Control items

Constant 1.00∗∗∗ (0.02) 1.05∗∗∗ (0.02)
Positive Frame 0.02 (0.03) 0.01 (0.03)
Negative Frame 0.01 (0.03) 0.01 (0.03)

Observations 16,329 14,582 16,329
R2 0.01 0.06 0.08

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

of support is substantially higher in these data; however, this result is likely due to list
falsifiers.

A.3.4 Estimating preference falsification

To estimate preference falsification, we compare results from the direct and list experiments.
Doing so requires several steps. First, we take a random draw from the distribution of α
to estimate the probability that a respondent in both the list treatment condition and
a given framing condition would support the President. For example, the probability
that a respondent in the negative framing condition would support the President is
distributed normally with a mean of α1 + α2 (from Equation A.2) and a standard
deviation

√
σ2
α1

+ σ2
α2

+ 2× Cov(α1, α2), restricted to values between 0 and 1. We then
take a draw from a Bernoulli distribution using this probability to estimate whether or
not a respondent supported the president. Finally, we estimate the difference in means
between these estimates and the indicators of support we used in the direct experiment.
(Note: We only use data from respondents in the list treatment condition to avoid inflating
the sample size; in the cleaned dataset we only use data from respondents who are not
list falsifiers).

Table A.5 provides the results from theses for both the full dataset and and the cleaned
dataset. Results from both datasets are inconsistent, due to the influence of list falsifiers in
the experiment. In the cleaned dataset, it is worth noting that the president is estimated
to be less popular in the list than in the direct positive frame.

Finally, we also estimate the effect of framing on preference falsification. For example,
this quantity for the Control vs. Negative framing conditions is ∆PF = PF − PF− =
(DirectControl − IndirectControl)− (DirectNegative − IndirectNegative). To estimate uncer-
tainty about these estimates, we use the formula for a t-test with unequal sizes and similar
variances.

Table A.6 reports these quantities. Focusing on the cleaned data, there is evidence—

10



Table A.5: Estimated levels of preference falsification and design effects in support for
president, across experimental conditions

Full Cleaned

Control -0.15 (-0.17, -0.12) -0.01 (-0.04, 0.02)
Positive -0.15 (-0.18, -0.13) 0.04 (0.01, 0.07)
Negative -0.12 (-0.15, -0.10) -0.01 (-0.04, 0.02)

Note: Point estimates represent average estimated difference in support for president
between direct and list experiments, with associated 95% confidence intervals. Negative
values indicate that estimated support for the President is higher in list experiment than
direct estimates. Refer to the first paragraph of A.3.4 for a description of the estimation
strategy, which uses the estimates from Table A.4 to simulate probabilities of support for
the President in different experimental frames.

Table A.6: ∆PF in support for the president across framing treatments

Full Cleaned

Positive 0.01 (-0.03, 0.04) -0.05 (-0.09, -0.01)
Negative -0.02 (-0.06, 0.01) 0.00 (-0.04, 0.04)

Note: Point estimates represent average estimated difference in preference falsification in
support for president between control and framing condition, with associated 95%
confidence intervals. Positive values indicate that estimated preference falsification is
higher in control condition. Refer to the penultimate paragraph of A.3.4 for a description
of the estimation strategy, which uses the estimates from Table A.5.

albeit small in magnitude—that the positive frame reduces preference falsification, though
this may be a relic of the cleaning procedure.

A.3.5 Heterogeneous effects

We also analyze heterogeneous treatment effects using potential correlates of preference
falsification (Figure A.1) using simple OLS analyses, interacted with the framing conditions
in the direct analysis and both the framing and list treatments in the list analyses.

In the direct question, Figure A.5, there is minimal evidence of heterogeneous treatment
effects: the negative and positive frames largely affect all subgroups equally. There is
perhaps more evidence of heterogenous treatment effects in the list experiment (only
cleaned data reported), although, as these results are accompanied by the substantial
uncertainty associated with list experiment designs, we refrain from drawing substantive
conclusions from these analyses.
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Figure A.5: Heterogenous treatment effects on directly-estimated support for the Russian
president

Reference
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Note: Predicted probabilities from linear probability model interacting covariates with
framing experiment conditions. All values held constant at zero except for specified
indicator or indicators (in case of interactions). Horizontal lines represent 95% confidence
intervals. Full model specifications in Supplementary Table S.1, columns 1 (top cell) and
2 (bottom cell).
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Figure A.6: Heterogenous treatment effects on estimated support for the Russian president
in list experiments (cleaned data)
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Note: Predicted probabilities from linear regression interacting covariates with framing
experiment conditions × list experiment treatment condition. All values held constant at
zero except for specified indicator or indicators (in case of interactions). Horizontal lines
represent 95% confidence intervals. Full model specifications in Supplementary Table S.2,
columns 1 (top cell) and 2 (bottom cell).
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Table A.7: Blair and Imai (2012) design effect test Bonferroni-corrected p-values

Full Dataset Cleaned dataset
All Treatments All Treatments Control Negative Positive

P-value 0.00 0.57 0.08 0.85 1.00
N 16,329 14,582 4,852 4,860 4,870

Note: We reject the null hypothesis of no design effects for p-values below α = .05
(highlighted in bold).

A.4 Additional list experiment analyses

A.4.1 Additional diagnostics

We conduct two sets of diagnostics of our list experiment in addition to those discussed
in relation to the cleaning algorithm. First, we analyze our list experiments using the
Blair and Imai (2012) test for design effects (Table A.7). While we can reject the null
hypothesis of no design effects for the full dataset (first column), after applying the
pre-registered cleaning algorithm the tests (both of the overall experiment and specific
framing conditions) do not provide strong evidence to reject the null hypothesis.

Second, we graphically analyze the relationship between the control items and both
the sensitive item (support for Putin) and the list responses. Figure A.7 illustrates
the relationship between direct support for control list items (i.e., the sum of heads of
government whom a respondent reports supporting in direct questions) and directly-
stated support for Putin on the four-point response scale, divided by framing experiment
condition. The graphic indicates that there is a positive but substantively not very strong
correlation between the number of control list figures for whom a respondent directly
voices support and support for Putin. The figure further indicates that this relationship
is similar across framing experiment conditions, though the intercept for the negative
framing condition is lower than the control and positive frame since it reduces overall
support for Putin.

Figure A.8 illustrates the relationship between the number of control items respondents
reported supporting directly and their list responses. Lines represent linear regression
estimates of this relationship; yellow represents respondents in the list treatment condition
and purple those in the list control condition. Quadrants represent different framing
experiment conditions, with the upper left representing the overall relationship across all
framing conditions.

In the absence of design effects or ceiling/floor effects, we would expect the yellow
and purple lines to a) show a strong positive correlation between list and direct responses
and b) run parallel to each other. A strong positive correlation would indicate that,
across list treatment conditions, the number of control list figures a respondent reports
supporting directly correlates with the number of respondents they report supporting on
the list. Parallel lines indicate that the proportion of respondents who report an additional
item in the treatment condition (i.e., the proportion who supports Putin) is consistent
regardless of control list items. If there are floor effects, we would expect a relatively high
proportion of respondents in the treatment condition to report supporting the sensitive
figure, resulting in a more negative slope in the purple line. If the addition of the sensitive
item to the list in the treatment condition changes evaluation of the control list items,
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Table A.8: Relationship between number of control items supported and support for the
President in ordinal-scale direct question and list experiment

Direct List experiment

All All Control Negative Positive

Constant 2.53∗∗∗ 1.46∗∗∗ 1.45∗∗∗ 1.47∗∗∗ 1.47∗∗∗

(0.02) (0.01) (0.01) (0.01) (0.01)

Control Items 0.08∗∗∗ 0.88∗∗∗ 0.88∗∗∗ 0.88∗∗∗ 0.89∗∗∗

(0.01) (0.01) (0.01) (0.01) (0.01)

Positive Frame −0.01
(0.02)

Positive Frame × Control Items −0.02
(0.02)

Negative Frame −0.19∗∗∗

(0.02)
Negative Frame × Control Items −0.01

(0.02)

List Treatment 0.48∗∗∗ 0.53∗∗∗ 0.42∗∗∗ 0.50∗∗∗

(0.01) (0.02) (0.02) (0.02)
List Treatment × Control Items 0.04∗∗∗ 0.07∗∗∗ 0.05∗∗ 0.02

(0.01) (0.02) (0.02) (0.02)

Observations 14,577 14,582 4,852 4,860 4,870
R2 0.01 0.68 0.69 0.67 0.69

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
All analyses use linear regression. Control items centered at zero.
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Figure A.7: Relationship between direct responses to control list items and 4-pt support
for Putin (cleaned data)
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Note: Shaded areas represent 95% confidence intervals about linear regression estimates.
Model specification in Table A.8, column 1.

the slope of the treatment condition should be different from the control condition.
Across framing experiment conditions, the yellow and purple lines run roughly parallel

to each other and show a strong positive correlation between the list responses and the
control direct responses. These analyses therefore provide no evidence of design effect
issues in the list experiment. Note also that the main difference across framing experiment
conditions is that the distance between the yellow and purple lines is the least in the
negative framing condition, illustrating that fewer respondents support Putin in that
condition.

A.4.2 Maximum likelihood models

We also analyze framing effects in our list experiment using three maximum likelihood
(ML) algorithms from Imai (2011) and Blair and Imai (2012). First, we use their standard
ML algorithm, which can increase statistical efficiency. Second, we use the algorithm that
corrects for floor effects, a plausible concern in our context: if a lack of support for Putin
is sensitive, then respondents in the treatment condition who do not support any figures
in the list may feel compelled to report supporting at least one figure. Third, we use the
algorithm that corrects for overdispersion given that there are a large number of zeroes in
the lists. Table A.9 presents predicted probabilities of support from these analyses by
framing condition, while A.10 presents the coefficient estimates. The results in the main
text are robust to the use of these algorithms, though the effect of the negative frame is
slightly attenuated (an eight percentage point difference between the control and negative
treatment, compared to 12 percentage points in the linear regression reported in the text).

B Balance tests

Figure B.1 shows the p-values for the estimated coefficients on four demographic variables
in each of our four framing experiments and three treatment arms (Tables B.1-4 reports
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Figure A.8: Relationship between direct responses to control list items and list responses
(cleaned data)
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(d) Negative framing condition

Note: Shaded areas represent 95% confidence intervals about linear regression estimates.
Model specifications in Table A.8, columns 2-5.
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Table A.9: Predicted prevalence of support for Putin across experimental conditions, using
Imai (2011) and Blair and Imai (2012) MLE algorithms

Standard Floor Overdispersed

Control 0.48 (0.02) 0.56 (0.01) 0.51 (0.01)
Positive frame 0.46 (0.02) 0.52 (0.01) 0.50 (0.03)
Negative frame 0.40 (0.02) 0.47 (0.01) 0.43 (0.03)

Note: Predicted prevalence based on parameter estimates from Table A.10.

Table A.10: Parameter estimates of support for Putin across experimental conditions,
using Imai (2011) and Blair and Imai (2012) MLE algorithms

Standard Floor Overdispersed

Sensitive item
Control -0.08 (0.08) 0.23 (0.10) 0.05 (0.09)
Positive frame -0.10 (0.12) -0.17 (0.14) -0.07 (0.12)
Negative frame -0.32 (0.11) -0.35 (0.14) -0.34 (0.13)

Control items
Control -0.64 (0.02) -0.65 (0.02) -0.66 (0.02)
Positive frame 0.02 (0.03) 0.02 (0.03) 0.01 (0.03)
Negative frame -0.01 (0.03) -0.01 (0.03) -0.01 (0.03)

Floor
Control -0.51 (0.12)
Positive frame -0.51 (0.12)
Negative frame -0.51 (0.12)
Dispersion parameter -1.73 (0.05)
LogLik -20,205 -20,123 -19,853
N 14,582 14,582 14,582
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Figure B.1: Balance tests by framing condition

p−value of estimated coefficient

Gender

Gender

Age < 45

Age < 45

Age > 64

Age > 64

Higher Education

Higher Education

Control
Negative
Positive

0.0 0.2 0.4 0.6 0.8 1.0

Note: Points represent p-values of coefficient estimates from Tables B.1, B.2, B.3 and B.4.

the model estimates shown in this figure). Each point represents the p-value from an OLS
regression of a treatment arm indicator (control group, negative frame, or positive frame)
on a set of four binary respondent demographic characteristics. Only 4 out of 48 p-values
(8.33%) are significant at the 5% level, which is very close to random chance. Based on
these balance tests, we have no reason to believe that any of our randomizations in the
four framing experiments we conducted are systematically flawed.

C Additional analyses and robustness

C.1 Table 1 robustness

We estimate framing treatment effects using separate t-tests of the two frames relative
to the control. Table C.1 presents the results, which are in line with those reported in
the text. In Table C.2, we replicate the results from Table 1, but with clustering of the
standard errors by Russian subnational unit (region). The results are robust to clustering
standard errors by region. In Table C.3, we replicate the results from Table 1, but with
the addition of four demographic control variables: gender, an indicator variable for age
under 45, an indicator variable for age over 64, and an indicator variable for having higher
education. The addition of these variables does not substantively affect our results.
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Table B.1: Balance tests for Levada framing experiment by frame

Control Negative Positive

Constant 0.36∗∗∗ (0.02) 0.31∗∗∗ (0.02) 0.33∗∗∗ (0.02)

Male −0.02 (0.02) 0.002 (0.02) 0.02 (0.02)
Higher education −0.02 (0.03) 0.01 (0.03) 0.01 (0.03)

Age under 45 −0.01 (0.03) 0.04 (0.03) −0.03 (0.03)
Age over 64 −0.05 (0.04) 0.06∗ (0.04) −0.01 (0.04)

Observations 1,607 1,607 1,607
R2 0.002 0.002 0.001

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
Linear probability models where outcome is a dichotomous indicator for a given
experimental frame.

Table B.2: Balance tests for POADSRR nationally representative framing experiment by
frame

Control Negative Positive

Constant 0.30∗∗∗ (0.03) 0.34∗∗∗ (0.03) 0.36∗∗∗ (0.03)

Male 0.01 (0.02) 0.01 (0.03) −0.02 (0.02)
Higher education 0.02 (0.03) −0.01 (0.03) −0.02 (0.03)

Age under 45 0.02 (0.03) 0.02 (0.03) −0.03 (0.03)
Age over 64 −0.03 (0.05) −0.06 (0.05) 0.09∗∗ (0.05)

Observations 1,504 1,504 1,504
R2 0.001 0.002 0.005

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
Linear probability models where outcome is a dichotomous indicator for a given
experimental frame.
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Table B.3: Balance tests for RES framing experiment by frame

Control Negative Positive

Constant 0.35∗∗∗ (0.03) 0.34∗∗∗ (0.03) 0.31∗∗∗ (0.03)

Male −0.03 (0.03) −0.03 (0.03) 0.06∗∗ (0.03)
Higher education −0.04 (0.03) 0.01 (0.03) 0.03 (0.03)

Age under 45 0.04 (0.03) −0.01 (0.03) −0.03 (0.03)
Age over 64 −0.05 (0.04) 0.05 (0.04) 0.01 (0.04)

Observations 1,324 1,324 1,324
R2 0.01 0.003 0.01

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
Linear probability models where outcome is a dichotomous indicator for a given
experimental frame.

Table B.4: Balance tests for POADSRR regionally representative experiments, by frame
and list treatment

Framing experiment List

Control Negative Positive Treatment

Constant 0.33∗∗∗ (0.01) 0.32∗∗∗ (0.01) 0.35∗∗∗ (0.01) 0.50∗∗∗ (0.01)

Male 0.01 (0.01) −0.01 (0.01) 0.002 (0.01) −0.004 (0.01)
Higher education −0.02∗∗ (0.01) 0.01 (0.01) 0.01 (0.01) 0.004 (0.01)

Age under 45 0.01 (0.01) 0.01 (0.01) −0.02∗∗ (0.01) 0.01 (0.01)
Age over 64 0.02 (0.02) 0.02 (0.02) −0.04∗ (0.02) −0.01 (0.02)

Observations 16,341 16,341 16,341 16,333
R2 0.0004 0.0003 0.0004 0.0001

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
Linear probability models where outcome is a dichotomous indicator for a given
experimental condition.
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Table C.1: Estimated effect of framing treatments on prevalence of support for Putin
across survey waves

Levada POADSRR RES POADSRR

National National National Regional

Nov 2020 Jun 2021 Sep 2021 Aug 2021

Direct Direct Direct Direct List

Positive frame (-0.04, 0.08) (-0.07, 0.06) (-0.05, 0.08) (-0.02, 0.02) (-0.04, 0.09)

Negative frame (0.02, 0.13) (-0.01, 0.12) (0.01, 0.14) (0.09, 0.13) (0.04, 0.17)

Observations 1,554 1,503 1,277 16,342 7,092

Note: Quantities represent 95% confidence intervals from t-tests estimating the effect of
framing conditions relative to the control. Effects in list experiments estimated only using
list treatment condition.

Table C.2: Framing effects on support for President Putin, clustered standard errors

Levada POADSRR RES POADSRR POADSRR (List)

National National National Regional Regional

Nov 2020 Jun 2021 Sep 2021 Aug 2021 Aug 2021

Support for the president
Constant 0.63∗∗∗ 0.52∗∗∗ 0.67∗∗∗ 0.56∗∗∗ 0.56∗∗∗

(0.03) (0.02) (0.03) (0.01) (0.03)
Positive −0.02 0.01 −0.02 −0.002 −0.05

(0.03) (0.03) (0.03) (0.01) (0.04)
Negative −0.08∗∗ −0.06∗ −0.07∗∗ −0.11∗∗∗ −0.12∗∗∗

(0.03) (0.03) (0.03) (0.01) (0.05)
Control list

Constant 1.00∗∗∗

(0.02)
Positive 0.02

(0.03)
Negative 0.01

(0.02)

Observations 1,554 1,503 1,277 16,342 14,577
Num clusters 50 82 62 60 60
R2 0.004 0.003 0.004 0.01 0.06

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
All analyses use linear regression (dichotomized outcome for Columns 1–4). The control
list constant is the number of items respondents report supporting in the control
condition. Standard errors clustered CR2 by region.
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Table C.3: Framing effects on support for President Putin, with demographic controls

Levada POADSRR RES POADSRR POADSRR (List)

National National National Regional Regional

Nov 2020 Jun 2021 Sep 2021 Aug 2021 Aug 2021

Support for the president
Constant 0.62∗∗∗ 0.59∗∗∗ 0.69∗∗∗ 0.60∗∗∗ 0.56∗∗∗

(0.03) (0.03) (0.03) (0.01) (0.03)
Positive −0.03 0.001 −0.02 −0.003 −0.05

(0.03) (0.03) (0.03) (0.01) (0.04)
Negative −0.08∗∗∗ −0.05∗ −0.08∗∗ −0.11∗∗∗ −0.12∗∗∗

(0.03) (0.03) (0.03) (0.01) (0.04)
Control list

Constant 1.08∗∗∗

(0.03)
Positive 0.02

(0.03)
Negative 0.02

(0.03)
Demographic controls

Male -0.02 -0.10∗∗∗ -0.10∗∗∗ -0.09∗∗∗ 0.07∗∗∗

(0.02) (0.03) (0.03) (0.01) (0.02)
Age under 45 -0.05∗ -0.07∗∗ -0.01 -0.03∗∗∗ -0.13∗∗∗

(0.03) (0.03) (0.03) (0.01) (0.02)
Age over 64 0.20∗∗∗ 0.14∗∗∗ 0.16∗∗∗ 0.13∗∗∗ 0.16∗∗∗

(0.04) (0.05) (0.04) (0.02) (0.05)
Higher education 0.06∗ 0.003 0.005 0.03∗∗ -0.05∗∗∗

(0.03) (0.03) (0.03) (0.01) (0.02)

Observations 1,554 1,503 1,272 16,329 14,581
R2 0.04 0.02 0.03 0.02 0.07

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
All analyses use linear regression (dichotomized outcome for Columns 1–4). The control
list constant is the number of items respondents report supporting in the control
condition.
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C.2 Ordered probit analyses of framing experiment

In Table C.4, we replicate the analysis presented in Columns 1–4 in Table 4 using ordinal
probit rather than the linear probability model. Our results are largely unchanged, though
the negative coefficient in the RES survey loses statistical significance.

Table C.4: Ordered probit analyses of framing experiment

Levada POADSRR RES POADSRR

National National National Regional

Nov 2020 Jun 2021 Sep 2021 Aug 2021

Positive 0.001 (0.07) −0.02 (0.07) 0.03 (0.07) −0.01 (0.02)
Negative −0.13∗∗ (0.07) −0.11∗ (0.07) −0.07 (0.07) −0.21∗∗∗ (0.02)

Thresholds

1|2 −0.91∗∗∗ (0.05) −0.74∗∗∗ (0.05) −1.11∗∗∗ (0.06) −0.96∗∗∗ (0.02)
2|3 −0.29∗∗∗ (0.05) −0.05 (0.05) −0.36∗∗∗ (0.06) −0.13∗∗∗ (0.02)
3|4 0.66∗∗∗ (0.05) 0.99∗∗∗ (0.06) 1.02∗∗∗ (0.06) 1.11∗∗∗ (0.02)

AIC 4,219 4,051 3,189 42,161
Observations 1,554 1,503 1,277 14,577

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

C.3 Changes in outcome distribution across experimental con-
ditions

We also note another important consistency across survey waves: treatment effects are
largely concentrated in the bottom three categories (Table C.5). That is, the proportion of
respondents who ‘completely’ support President Putin is largely consistent across framing
treatments. Much of the experimental effects involves a shift in respondents from the
‘Mainly support’ to the ‘Mainly do not support’ category. This result is evidence that,
although negative information can reduce the probability respondents report support for
the president, this effect is largely limited to those individuals with weaker preferences.
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Table C.5: Change in distribution of support for Russian president across framing
conditions

Completely do Mainly do Mainly Completely
not support not support support support

POADSRR Control 0.17 0.27 0.43 0.13
POADSRR Positive frame 0.17 0.27 0.43 0.12
POADSRR Negative frame 0.23 0.32 0.34 0.11

RES Control 0.15 0.19 0.52 0.14
RES Positive frame 0.12 0.23 0.49 0.16
RES Negative frame 0.14 0.27 0.44 0.15

Note: POADSRR data from subnationally-representative survey.
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