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Appendix

Appendix 1. Participant Sample Information

Summary of Samples

The survey questions were included in a weekly survey of approximately N = 425 people living in

Switzerland, drawn from the LINK Institute’s Internet Panel. The weekly surveys were representative of

people between the ages of 15 and 79 who live in Switzerland, who are on the internet at least once a

week for private purposes and who can complete the questionnaire in German, French or Italian.

LINK Internet panel

The LINK Internet Panel consists of 115,000 panelists in Switzerland. Panelists are recruited via random

digit dialing (randomly generated mobile and landline, and registered landline numbers). There is no

self-sampling/selection (people cannot volunteer themselves for the panel unless invited). There is also

no multi-source sampling into the Panel (e.g. people are not recruited from other panels into the LINK

panel). People without a landline or mobile of their own are excluded from the sampling (e.g., homeless

or living in detention centres).

LINK adheres to the Esomar Code on Market and Social Research

(http://www.esomar.org/knowledge-and-standards/codes-and-guidelines.php), and is a member of the

Swiss Data Insights Association, (https://swiss-insights.ch/).
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Sampling strategy

To ensure a representative sample from all language regions each week, we used a disproportionate

sampling approach and targeted 100 respondents from the Italian-speaking region (an

overrepresentation), 125 from the French-speaking region, and 200 from the German-speaking region.

We established quotas for age and gender within each language region. Any differences between the

achieved weekly sample and the sample quotas were corrected using survey weights, which included a

down-weighting of Italian cases. Appendix Table A1 reports on the weighted and unweighted population

distribution of all observations, which align with those reported by official government sources (Federal

Statistical Office, 2022). Appendix Figure A1 also shows unweighted representativeness per wave.

Weighting

Survey weights were calibrated based on population data from the Federal Statistics Office (BFS) for

each week. The weights were calculated to correct for differences between the achieved weekly sample

and the sample quotas. The calculation of the individual weights was based on an iterative procedure

(implemented e.g. in the R package "iterake"), where the combination of language region (DE, FR, IT),

gender and age is used (gender, age, region).

Due to the disproportionate sampling approach chosen, the cases from Italian-speaking Switzerland had

to be "downweighted" the most. German-speaking Swiss cases were "upweighted" by a factor of about

1.5.
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Table A1. Weighted and Unweighted Sample Distribution.

Note. N = 36,667 observations (over T = 82 weeks). Education. Highest level of education achieved was

grouped into low (compulsory school, including secondary level I [or lower secondary level], primary

level, and kindergarten), medium (secondary level II or upper-secondary level, i.e., high school or

vocational training), high (tertiary education, i.e., university, university of applied science), and no

answer/refused.

4



Figure A1. Weekly Wave Sample Size and Degree of Weighting Employed

Note. Weighting was calculated as the average of the squared difference of sample up/down-weighting

for each weekly sample. It therefore represents how much a sample had to be weighted in any direction.

Data collection was not carried out for week 17, the last week of 2021
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Appendix 2. Sample Panel and Re-Invitation Effects

The goal of the longitudinal rolling cross-sectional surveys was to draw a completely new sample for

each of the 82 waves. However, this was not always possible, as the survey company has a limited pool

of respondents, and some respondents took one of the 82 surveys more than once. In total, there were

22,882 unique survey participants, out of a cumulative sample of 36,667 responses across the 82 waves.

The vast majority of participants (85%) participated in 5 or less of the 82 waves. The mean rate of

participation is 1.76 waves, the median value is 1 wave, and the maximum is 17 waves - which means,

that on average participants only participated in 1 wave, and that individuals who had the most

re-invitations (representing the 99th percentile of the sample) took part in 20% of the waves. For those

re-invited to participate, the average lag between two consecutive interviews was of 35 waves. As such,

we do not believe the re-invitation rate is enough to warrant concerns about panel effects.
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Appendix 3. Descriptive Statistics for Main Survey Variables of Interest

Table A2.Descriptive Statistics for Main Survey Variables of Interest
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Appendix 4. Regression Model Information and Robustness Tests

Appendix 4.1. Because observations are nested within the waves of data collection, it was plausible that

multivelevel modelling was necessary. To assess this, we calculated the Interclass Correlation

Coefficient using an ‘empty’ random effects model to estimate the effect that clustering produced by

waves had on the explained variance. Results suggest that clustering at the wave level explains 0.9% of

variance for misperception of the tracing app, 0.6% for masking, and 2.5% for vaccination – all well

below the 10% ICC recommended as the starting point for multilevel modelling.

Table A3: Full Model Specifications for Models in Presented in Figure 3 Estimating the Relationship
between Individual Level Characteristics and Public Opinion Misperceptions
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Appendix 4.2 Robustness Tests for Regression Models Presented in Figure 4

Table A4. Robustness Tests for Model 3 (Misperceptions of Public Opinion Towards the Contact
Tracing App) in Figure 4 and Table A2

9



Table A5. Robustness Tests for Model 2 (Misperceptions of Public Opinion Towards Mask
Wearing) in Figure 4 and Table A2
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Table A6. Robustness Tests for Model 1 (Misperceptions of Public Opinion Towards Vaccination)
in Figure 4 and Table A2
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Figure A2: Secret Weapon Plot Displaying only the 'Newspaper Readership' Coefficient for Models by
Wave for App Misperceptions
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Figure A3: Secret Weapon Plot Displaying only the 'Newspaper Readership' Coefficient for Models by
Wave for Mask Misperceptions

Figure A4: Secret Weapon Plot Displaying only the 'Newspaper Readership' Coefficient for Models by
Wave for Vaccine Misperceptions
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Appendix 5. ARIMA Time Series Model Information and Robustness Tests

Appendix 5.1 ARIMA Time Series Model Information

Figure A5. Residuals for the ARIMA Timeseries Model Predicting Tracing App Misperceptions as a

Function of Media Salience Using a Timeseries Plot, Autocorrelation Function, and Histogram

Figure A6. Residuals for the ARIMA Timeseries Model Predicting Mask Wearing Misperceptions as a

Function of Media Salience Using a Timeseries Plot, Autocorrelation Function, and Histogram
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Figure A7. Residuals for the ARIMA Timeseries Model Predicting Vaccine Misperceptions as a

Function of Media Salience Using a Timeseries Plot, Autocorrelation Function, and Histogram
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Appendix 5.2 Robustness Test for ARIMA Timeseries Model

As a robustness check, a series of placebo models were conducted in scenarios where no

relationship was anticipated between media salience and misperceptions of public opinion towards

pandemic measures. Instead of analyzing the sample of participants who reported being news readers,

we focused on those who stated they did not read the news. Since these individuals do not engage with

news media, we did not expect changes in media salience to influence their perceptions of public

opinion. Table A6 supports these findings, showing no statistically significant effect of media coverage

salience on misperceptions of public opinion among non-news readers.
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Table A7: Placebo Test for ARIMA Timeseries Model, Using Non-News Users, Where no Effect is

Expected.

Appendix 6. Media Data

Full results of the content analysis, including the number of articles per outlet covering a given issue per

week, please see the data repository, which provides a dataset per issue with fine-grained data

https://osf.io/gf9rh/?view_only=f540f80c729b41c49959e853f5ee8389
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Table A8. Description of News Media Outlets and Salience Measures
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Appendix 7. Extended Discussion on Selecting Time Lags for Time Series Modelling

In their paper on the “The Temporal Turn in Communication Research", Wells et al (2023) include the

following reflection, which we believe is helpful in situating our thinking: “The reality is that the “real”

lag lengths of media effects are often not known, especially in the domain of social media platforms and

the increasing churn of the news cycle”. We therefore employ a combination of two approaches to this

problems.

There are two main ways to determine the appropriate time-lag to include in timeseries modelling. The

first is theoretical: past work and theoretical expectations can guide the appropriate time lags to include

in these forecasting models. For this theoretical approach, we borrowed from the field of agenda-setting

(which shares a lot of similarities to our study). In this field, there have long been debates about the

“most optimal effect span” to identify media effects. In a review of literature on agenda-setting Luo

(2019) highlighted “an optimal time frame of 1 week to 2 weeks for network newscasts, 3 to 4 weeks for

newspapers, and 8 weeks for national news magazines” that was present across many studies. This

guided our theoretical expectations, where we set our range of time-lags between 1 and 4 weeks.

However, Luo's (2019) review of this literature highlights that studies have generally been inconclusive

about the appropriate lag, meaning we were cautious at picking just one of these lags.

The second way to determine appropriate time-lags is empirically. When there is no strong theoretical

basis on which to rely, researchers have determined the appropriate timelag by using empirical measures

of goodness of fit. In their work on “The Temporal Turn in Communication Research: Time Series
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Analyses Using Computational Approaches”, Wells et al (2019) highlight that “several information

criteria are available to determine an appropriate number of lags in a time series model. The most

common include the Akaike information criterion and Bayesian information criterion (Lütkepohl, 1984),

which are used to compare the fit of models with different lag lengths". In our study, we followed this

recommendation, also guided by the process recommended by Hynderman and Athanasopoulos (2023)

of testing different lag specifications and comparing the AICc to determine which time lags are most

appropriate. Similar approaches, incorporating and comparing multiple timelags, has been used in

numerous studies (see Conway, Kenski, & Wang, 2015; Green-Pedersen & Stubager, 2010; Neuman et

al., 2014).

We combine both the ‘theoretical approach’ (by selecting timelags ranging from 1 to 4 weeks), and the

‘empirical approach’, by systematically testing the goodness of fit through comparison of the Akaike

Information Criterion.
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Appendix 8. Validity Checks for Measure of Media Salience

Appendix 8.1 Validation Against Manual Coded Articles

Is the simple dictionary employed enough to reliably detect mentions of masking, app-tracing, and

vaccination measures? We conducted a validation using the ‘gold standard’ (Boumans & Trilling 2018)

of automated content analysis: manual annotation. We sampled 100 random articles and manually

coded the articles on whether there was a meaningful reference to the measure. The analysis revealed

levels of reliability above the conventional standards: 97% of articles automatically coded as

referencing vaccinations were correct, with similar numbers for the tracing app (95%) and for masking

(99%).

Appendix 8.2 Validation Against Title-Only Measurements of Salience

Past work has suggested that salience can be measured by checking whether an issue is mentioned in the

titles of news articles. We validated the measure used in our analyses (whether the measure is mentioned

anywhere in the article) against this alternative measure of salience (whether the measure is mentioned

in the title). The two measurements are significantly correlated (p < 0.0001), with vaccine-related

articles showing the strongest correlation (r = 0.88), followed by masking-related articles (r = 0.67) and

tracing-app (r = 0.51). Additionally, we plot the two measurements side by side in Figure A8, and

observe a similar trend pattern over time
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Figure A8. Measures of Salience Using Full Article vs Title Only

23


