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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/).



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 A1l 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.



Table Al. Weighted and Unweighted Sample Distribution.

. Weighted Unweighted
Variable Per{intage Percengtage
Gender

Male 51.0 509

Female 490 49.1
Region

German 71.6 46.7

French 243 203

Italian 4.1 240
Age Group

18-29 23.6 233

30-44 239 24.6

45-64 34.1 353

65 and over 18.3 16.8
Education

Low 59 58

Middle 456 455

High 458 46.0

Not

Reported 28

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.



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



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.



Appendix 3. Descriptive Statistics for Main Survey Variables of Interest

Table A2. Descriptive Statistics for Main Survey Variables of Interest

Variable Min Max Mean SD SE
Importance of vaccination 1.000 5.000 4.091 1.271 0.008
Perceived importance of vaccination 1.000 5.000 3.737 0.902 0.005
Importance of masking 1.000 5.000 4.245 1.079 0.006

Perceived importance of masking 1.000 5.000 3.635 0.998 0.005
Importance of tracing app 1.000 5.000 3.096 1.394 0.007
Perceived importance of tracingapp 1.000 5.000 2.763 1.045 0.005

Opinion minority vaccination 0.000 1.000 0.192 0.394 0.002
Opinion minority masking 0.000 1.000 0.195 0.396 0.002
Opinion minority tracing app 0.000 1.000 0.556 0.497 0.003
Misperceptions Mask -3.545 1.280 -0.611 0.979 0.005
Misperceptions Vaccine -3.304 1.213 -0.356 0.908 0.006
Misperceptions App -2.472 2.411 -0.338 1.048 0.006
News Readership 0.000 1.000 0.612 0.487 0.003
Gender 1.000 2.000 1.491 0.500 0.003
Region 0.000 1.000 0.533 0.499 0.003
Age 1.000 5.000 3.000 1.414 0.007
Education 0.000 1.000 0.488 0.500 0.003



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

Dependent variable:

Vaceine Misperception Mask Misperception App Misperception

(1)

(2)

(3)

News Reader

0.060*** 0.073* 0.084***
(0.010) (0.010) (0.011)
Gender (Women) —0.116"** 0.025** 0.024**
(0.010) (0.010) (0.011)
Region (Non-German) 0.074*** 0.167* 0.011
(0.011) (0.011) (0.012)
Age (Quantiles) 0.087*** 0.118*= 0.093***
(0.004) (0.003) (0.004)
Education (Higher Education) —0.003*** 0.0003 0.003***
(0.0003) (0.0002) (0.0002)
Wave 0.042%* —0.028** —0.088**
(0.010) (0.010) (0.010)
Constant —0.4167" —1.149** —0.793**
(0.027) (0.023) (0.024)
Observations 26,789 36,176 36,176
R? 0.036 0.041 0.028
Adjusted R? 0.036 0.041 0.028

Residual Std. Error 0.834 (df = 26782) 0.934 (df = 36169) 0.992 (df = 36169)
F Statistic 168.555*** (df = 6; 26782) 257.646*** (df = 6; 36169) 172.376*** (df = 6; 36169)

Note: *p<0.1; **p<0.05; **p<0.01



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

Dependent variable:

Misperception App
Original Model HCO HCl1 HC2 HC3 Random Effects
(n (2 (3) 4) 3 (6)
Newspaper 0.084™" 0.084"" 0.084"" 0.084"™ 0084 0084
0.011) 0.012) (0.012) (0.012) (0.012) 0.011)
Gender (Women) 0.024" 0024 0024 0024° 0024 0.024"
0.011) 0.012) (0.012) (0.012) (0.012) (0.010)
Region (Non-German) 0011 0011 0.011 0.011 0.011 0.011
(0.012) 0.012) (0012) (0012) (0.012) 0.012)
Age 0.093"" 0.093"" 0093 0093 0.093™"  0093"
(0.004) (0.004) (0.004) (0.004) (0.004) (0.004)
Wave 0.003"* 0.003"** 0.003** 0.003"** 0.003"*
(0.0002) (0.0003) (0.0003) (0.0003) (0.0003)
Education (Higher Education) -0.088""" -0.088""-0.088""" -0.088" -0.088"""  -0.088"""
(0.010) 0.012) (0.012) (0.012) (0.012) (0.010)
Constant -0.793"" 07937 .0.793""" .0.793" 0.793"" 0663
(0.024) (0.028) (0.028) (0.028) (0.028) (0.024)
Observations 36,176 36,176
R2 0.028
Adjusted R? 0.028
Log Likelihood -56,142.490
Akaike Inf. Crit. 112,301.000
Bayesian Inf. Crit. 112,368.900

Residual Std. Error
F Statistic

0.992 (df = 36169)
172.376™" (df = 6; 36169)

Note:

+ p<0.1; * p<0.05; ** p<0.01; *** p<0.001



Table AS. Robustness Tests for Model 2 (Misperceptions of Public Opinion Towards Mask
Wearing) in Figure 4 and Table A2

Dependent variable:

Misperception Mask

Original Model HCO HC1 HC2 HC3 Random Effects
(€8] 2) 3 ()] (&) (6)
Newspaper 0.072""" 0072 0072 0072" 0072 0071™"
(0.010) 0012) (0.012) (0.012) (0.012) (0.010)
Gender (Women) 0.024" 0024 0.024° 0024° 0.024" 0.024"
(0.010) 0011) (0.011) (0.011) (0.011) (0.010)
Region (Non-German) 0.173"** 0.173"" 0.173™"" 0.173"" 0173 0.173™
(0.011) (0011) (0.011) (0.011) (0.011) (0.011)
Age 0.118"" 0.118" 0.118" 0.118" 0.118™  0.118""
(0.004) (0.004) (0.004) (0.004) (0.004) (0.003)
Wave 0.0002 00002 00002 0.0002 0.0002
(0.0002) (0.0003) (0.0003) (0.0003) (0.0003)
Education (Higher Education) 0030 -0.030™ -0.030" -0030" -0030"  -0031""
(0.010) (0011) (0.011) (0.011) (0.011) (0.010)
Constant -1.145™ 211457 21,1457 21,1457 21145 211357
(0.023) 0.027) (0.027) (0.027) (0.027) (0.022)
Observations 35,161 35,161
R2 0.041
Adjusted R? 0.041
Log Likelihood -52.371.680
Akaike Inf. Crit. 104.,759.400
Bayesian Inf. Crit. 104,827.100

Residual Std. Error
F Statistic

0.933 (df = 35154)
252.113™"" (df = 6; 35154)

Note:
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Table A6. Robustness Tests for Model 1 (Misperceptions of Public Opinion Towards Vaccination)

in Figure 4 and Table A2
Dependent variable:
Misperception Vaccine
Original Model HCO HCI HC2 HC3 Random Effects
(1) (2) (3) @ (5) (6)
Newspaper 0.062""" 0062 0.062"" 0062 0062™" 0062
0.011) 0012) (0.012) (0.012) (0.012) 0.011)
Gender (Women) 0115 0115 01157 20.1157 -0.115™  c0.114™
(0.010) 0012) (0.012) (0.012) (0.012) 0.010)
Region (Non-German) 0075 0075 0075 00757 00757 0075
0.011) (0011) (0.011) (0.011) (0.011) 0.011)
Age 0.086""" 0086~ 0086 0086 008 " 0086
(0.004) (0.004) (0.004) (0.004) (0.004) (0.004)
Wave 0.003"" 20.003"" -0.003™" -0.003"** -0.003"""
(0.0003) (0.0003) (0.0003) (0.0003) (0.0003)
Education (Higher Education) 0.045™"" 0.045"" 0045 0045 0045™"  0048™"
(0.010) 0012) (0.012) (0.012) (0.012) 0.010)
Constant 047" 0417770417 04177 0177 206017
(0.027) (0.031) (0.031) (0.031) (0.031) (0.028)
Observations 26,031 26,031
R2 0.036
Adjusted R? 0.036
Log Likelihood -35,716.800
Akaike Inf. Crit. 71,449 600
Bayesian Inf. Crit. 71,514.930
Residual Std. Error 0.835 (df = 26024)
F Statistic 1619177 (df = 6; 26024)

Note:

+ p<0.1; * p<0.05; ** p<0.01; *** p<0.001
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Estimated Coefficient

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

Function of Media Salience Using a Timeseries Plot, Autocorrelation Function, and Histogram
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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.
Tracing App | Masking Vaccination

Regression Terms B p o] p B p
Noise Terms
arl 0.626 0
Control Variables
COVID Salience -0.367 0.052 | -0.337 0.164 | -0.307 0.19
Duration of Panel -0.098 0.622 | -0.289 0.194 | -0.45 0.11
Salience of Measure
1 Lag 0.022 0917 | -0.049 0.824 | 0.104 0.462
2 Lag 0.372  0.102 | -0.167 0.506
3 Lag -0.336  0.149 | 0.069 0.735
4 Lag -0.296  0.158

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/gfOrh/?view_only=f540{80c729b41c49959e853f5ee8389
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Table A8. Description of News Media Outlets and Salience Measures

Unique Users per

Articles on

Media Outlet Media Type ',;Z';?::ge :Sgtgz(;;dris et ﬁ::g;g;:f'"g C::g:ﬁ-:t?:n a:;ck'iens;“ ;r:;ing
blick.ch Mass Market German 6,375,810 Yes 4025 1764 85
20minuten.ch Mass Market German 5,078,400 Yes 3072 1336 55
lematin.ch Mass Market  French 1,603,000 Yes 2083 829 22
nzz.ch Subscription German 7,075,000 Yes 2448 1399 66
tagesanzeiger.ch Subscription ~ German 2,201,000 Yes 2265 1351 72
24heures.ch Subscription French 648,555 Yes 1438 785 21
bluewin.ch Mass Market German 2,438,000 No 3004 1249 56
tio.ch Mass Market  Italian 1,236,000 Yes 2654 1010 25
letemps.ch Subscription French 1,922,000 Yes 3361 1542 64
baslerzeitung.ch Subscription ~ German 274,481 Yes 2105 1253 70
aargauerzeitung.ch Subscription German 955,417 No 1992 1492 60
bernerzeitung.ch Subscription ~ German 609,530 Yes 2047 1340 60
cdt.ch Subscription Italian 384,325 Yes 4310 1998 66
stf.ch Puble ey German 7,102,000 No 2682 1861 828
lenouvelliste.ch Subscription French 343,950 No 1951 1083 50
rsi.ch Public Italian 1,059,000 No 996 355 12
Broadcaster e
rts.ch Public French 2,502,000 No 1793 936 17
Broadcaster B

luzernerzeitung.ch  Subscription =~ German 679,332 No 2182 1470 77
suedostschweiz.ch  Subscription German 210,615 No 2145 719 22
watson.ch Mass Market German 3,444,700 No 1534 855 88
tagblatt.ch Subscription ~ German 791,705 No 1976 1439 70
20minutes.ch Mass Market  French 1,269,600 Yes 2507 1030 22
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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 1s 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 (Liitkepohl, 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.

Wells, C., Shah, D. V., Pevehouse, J. C., Foley, J., Lukito, J., Pelled, A., & Yang, J. (2019).
Computational communication science| The temporal turn in communication research: Time

series analyses using computational approaches. International Journal of Communication, 13, 23.

Conway, B. A., Kenski, K., & Wang, D. (2015). The rise of Twitter in the political campaign: Searching
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20



Luo, Y., Burley, H., Moe, A., & Sui, M. (2019). A meta-analysis of news media’spublic agenda-setting
effects, 1972-2015. Journalism & Mass Communication Quarterly, 96(1), 150-172.

https://doi.org/10.1177/1077699018804500

Green-Pedersen, C., & Stubager, R. (2010). The political conditionality of mass media influence: When

do parties follow mass media attention?. British Journal of Political Science, 40(3), 663-677.

Russell Neuman, W., Guggenheim, L., Mo Jang, S. A., & Bae, S. Y. (2014). The dynamics of public

attention: Agenda-setting theory meets big data. Journal of communication, 64(2), 193-214.

Hyndman, R. J., & Athanasopoulos, G. (2021). Forecasting: Principles and practice(3rd). OTexts.

https://otexts.com/fpp2/J

21



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
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