
DP
RIETI Discussion Paper Series 25-E-049

The Impact of Media Type on Belief Variance: Evidence from a 
Panel Study

IWASAWA, Masamune
Doshisha University

NAKANISHI, Hayato
Kanagawa University

ONOZUKA, Yuki
Otaru University of Commerce

The Research Institute of Economy, Trade and Industry
https://www.rieti.go.jp/en/



 

RIETI Discussion Paper Series 25-E-049 

May 2025 

 

The Impact of Media Type on Belief Variance: Evidence from a Panel Study* 
 

Masamune IWASAWA (Doshisha University) 

Hayato NAKANISHI (Kanagawa University) 

Yuki ONOZUKA (Otaru University of Commerce) 

 

Abstract 

This paper examines how traditional and nontraditional media influence people's beliefs about future 

states, focusing on the variance of these beliefs. Nontraditional media, such as Internet search engines, 

allow individuals to select information according to their interest more easily than traditional media, 

such as television and newspapers, which provide relatively homogeneous information. Consequently, 

the media type can affect not only the mean but also the variance of beliefs, resulting in greater 

variance among nontraditional media users compared to traditional media users. We utilize a unique 

panel dataset that asks respondents about their main sources of COVID-19-related information and 

their predictions about the end of the pandemic. Since the prediction variable in our data is categorical, 

we apply an interval censored fixed effects regression model. The estimation results show that the 

variance of the predictions is significantly smaller for traditional media users than for nontraditional 

media users. At the population average, the standard deviation is almost one month larger for 

nontraditional media users, leading to a prediction interval that is approximately 20% wider. Further 

analysis suggests that information sources predominantly influence infection prevention behaviors 

through their impact on subjective beliefs about the pandemic's end rather than perceptions of the 

disease risk. 
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1 Introduction

The impact of information provision and acquisition on behavior is a topic of significant interest across

disciplines such as psychology, marketing, and economics. Individuals receive information through

various channels, with media outlets such as television, newspapers, and social networking services

(SNS) serving as primary sources for information on societal issues. Numerous studies have empirically

examined how these media influence behavior (see, for example, DellaVigna and La Ferrara, 2015 for

a review). Given the variability in the type and quality of information both across and within media,

some research has investigated the heterogeneous effects depending on the type of media.

An important open question is the mechanism by which media influence behavior. To address

this question, we shed light on people’s subjective beliefs on future states, which serve as a vehicle of

behavioral changes in economic models. Understanding this mechanism provides a unified framework

for analyzing the relationship between information acquisition and various behaviors, enabling better

extrapolation and prediction of behavioral outcomes. During the COVID-19 pandemic, for example,

individuals with differing beliefs about the pandemic’s end may have responded differently in areas

such as savings, work, and infection prevention measures. If subjective beliefs are the primary channel

through which media impact people’s behaviors, it is critical for policymakers to maintain a healthy

environment where people can critically assess information from various perspectives to make informed

decisions.

Another important unresolved question is how different types of media affect outcome distributions

in distinct ways. Researchers and policymakers often rely on average effects to assess media impacts

due to their methodological tractability and ease of interpretation. However, if information transmitted

by media shifts the distributions of outcome variables, such as utility or willingness to engage in certain

behaviors, relying solely on average effects may provide an incomplete or even misleading picture. For

instance, in the time of disaster, it is essential to ensure that people accurately perceive the danger

and evacuate to a safe place. However, if information is not easily accessible or is contaminated with

misinformation, some individuals may struggle to interpret the information appropriately, leading to

a larger variance of people’s beliefs on the states. A large variance of beliefs suggest that, even if

people, on average, evacuate properly, a substantial amount of people may underestimate the severity

of the disaster and fail to take appropriate actions, potentially resulting in substantial casualties. Thus,

investigating additional distributional indicators, such as variances, is essential for a comprehensive
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understanding of media effects.

This study examines whether and how people’s beliefs about the end of the COVID-19 pandemic,

particularly in terms of variance, depend on their primary sources of information, such as traditional

and nontraditional media. Traditional media is defined as providing unidirectional information, includ-

ing television and newspapers, while nontraditional media encompasses interactive platforms, such as

internet search engines, news apps/sites, and SNS.

Users of nontraditional media may form different predictions about the end of the pandemic com-

pared to those who rely on traditional media. Specifically, the variance in predictions among individuals

who obtain information from nontraditional media is likely to be larger than that among traditional

media users for two main reasons.

First, the interactive nature of nontraditional media allows users to selectively access information

that aligns with their pre-existing interests and beliefs, which vary across individuals. Gorodnichenko

et al. (2021) demonstrate using Twitter data that information tends to diffuse more strongly among

individuals with similar beliefs. For instance, individuals may seek out positive information when

feeling optimistic and gravitate toward pessimistic content when feeling down. Indeed, Faia et al.

(2024) show that people tend to prefer information consistent with their existing beliefs about the

COVID-19 pandemic. Additionally, social media algorithms further reinforce users’ existing views by

curating content accordingly (see, e.g., Levy, 2021).

In contrast, traditional media in Japan typically presents more uniform information, irrespective of

individual preferences. Given the diversity of pre-existing interests and beliefs, nontraditional media

users as a whole may be exposed to a broader range of information.

Second, the reliability of information sources plays a crucial role in belief formation. For instance,

Liang (2024) shows that people are less likely to react to information from uncertain sources. More-

over, people’s trust in information sources varies by source, and Internet news and SNS are generally

considered less reliable (see, e.g., Ali et al., 2020; Sakya et al., 2021; Uchibori et al., 2022; Buturoiu

et al., 2022). Hence, information from these sources may have a weaker impact on belief formation.

Consequently, the beliefs of traditional media users many exhibit lower variance due to the more reliable

and homogeneous nature of the information they receive.

We utilize data from a unique panel survey to investigate the variance effects of media on predic-

tions about the COVID-19 pandemic. This survey consists of five rounds conducted over one year,
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beginning in October 2020. In the initial round, respondents were asked about their primary sources

of information on COVID-19, which are classified into traditional and nontraditional media categories.

Additionally, each round solicits respondents’ predictions regarding the pandemic’s end, with options

such as “pandemic has ended,” “pandemic will end by March 2021,” and so forth.

To handle the categorical nature of these predictions, we employ the interval censored fixed effects

regression model proposed by Abrevaya and Muris (2020) for our primary analysis. This model captures

variations in regressors at both the level and the variance of the latent prediction,1 measured as the

number of months from the survey period.2 3

The COVID-19 pandemic provides a compelling context for studying the effects of information

sources on subjective beliefs for two primary reasons. First, predictions about the pandemic’s end

were significantly influenced by the available information, as determining its conclusion was virtually

impossible during the early stages. COVID-19 was first identified in China in December 2019 and

rapidly spread globally. The World Health Organization (WHO) declared a pandemic on March 11,

2020 (see WHO, 2021). The pandemic lasted for nearly three and a half years until the WHO officially

declared the end of the COVID-19 global health emergency on May 5, 2023 (see WHO, 2023). During

this period, few individuals were confident about when normalcy would be restored.

The second reason is the diversity of information about COVID-19. Initially, limited knowledge

about the disease led to considerable debate about its severity, even among experts. While some spe-

cialists warned of COVID-19’s potential risks and the WHO declared it a public health emergency at

the end of January 2020, others downplayed the threat (see, for example, Bernstein, 2020). Conse-

quently, a wide range of information, including “fake” information, emerged (see, e.g., Moscadelli et al.,

2020). This variability in information suggests that individuals may have received differing messages

depending on their sources. Sakya et al. (2021) demonstrate that the accuracy of COVID-19 knowledge

varies based on the reliability of news sources. Thus, individuals might have formed different predictions

about the pandemic’s end depending on the information sources they relied on.

Our main estimation results indicate that individuals who rely on traditional media as their primary
1he model assumes that the latent prediction is independent and identically distributed (i.i.d.) conditional on the fixed

effects and regressors, and that predictions are serially independent. Variance is considered across individuals rather than
within individuals. See Section 3 for details.

2Although the fixed effects model does not allow direct estimation of the coefficient for the traditional media dummy
variable, it includes interactions between traditional media dummies and time-varying variables, such as prefecture-level
infection rates and COVID-19 vaccination rates, as regressors.

3Due to the limitations of the model and data, this study does not investigate how the variance of beliefs about the
end of the pandemic evolves over time. As a result, it does not contribute to the literature on the polarization effects of
media, such as Levy, 2021; Faia et al., 2024.
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source of information about COVID-19 exhibit a significantly smaller variance in their predictions about

the pandemic’s end.4 At the population average, the standard deviation of predictions for nontraditional

media users is approximately one month larger than for traditional media users, leading to a prediction

interval about 20% wider for the former. In contrast, factors such as the number of infected individuals

in their prefecture or personal infection with COVID-19 have similar effects on prediction levels for both

groups. Our findings are robust to an alternative definition of traditional and nontraditional media, as

well as to the inclusion of various controls in the regressions.

Understanding how differences in beliefs between traditional and nontraditional media users trans-

late into behavioral differences is not straightforward. To theoretically explore these discrepancies, we

employ an intertemporal utility model in which subjective beliefs influence the extent to which future

utilities are considered in behavioral decision-making.

We further incorporate the perceived utility model proposed by Cohen (1984), which accounts for

utilities associated with preventive behaviors. According to this model, engaging in preventive actions

increases utility by alleviating fear of infection, which depends on perceptions of disease risk, while the

discomfort or inconvenience associated with these actions decreases utility.

Our model suggests that if behavioral switching costs are substantial and the negative utility arising

from discomfort or inconvenience grows over time, individuals may be less likely to engage in preventive

behaviors when they anticipate a longer duration of the pandemic.

To examine behavioral differences between traditional and nontraditional media users, we estimate

the variance effects of information sources on preventive behaviors. Our analysis, based on different

preventive behaviors reported in each survey round, indicates that individuals who rely on traditional

media as their primary source of information tend to exhibit more consistent behavior across various

types of preventive measures.

To assess whether the effects of information sources on preventive behaviors also operate through

the perception channel, we conduct an additional investigation by estimating the variance effects of

information sources on the perception of COVID-19 risk, measured by the degree of fear. The results

indicate that media type has no significant effect on the perception of COVID-19 risk.

These findings, combined with our main result that traditional media users exhibit smaller variance

in their predictions about the pandemic’s end, suggest that information sources primarily influence
4The substantial variance in predictions among nontraditional media users might be attributed to polarization (Levy,

2021). However, due to data limitations, we cannot directly investigate whether this variance is caused by polarization,
leaving this as a topic for future research.
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preventive behaviors through their effects on subjective beliefs rather than through the perception of

COVID-19 risk.

Recent literature has examined the effects of information on perceptions and behaviors related to

COVID-19. Ren et al. (2022) find that traditional media, compared to social media, are effective at

promoting preventive behaviors among university students by enhancing perceptions of severity and

efficacy. Similarly, Loomba et al. (2021) demonstrate that exposure to misinformation is associated

with vaccine reluctance. Other studies highlight how different types of cable news affect behaviors

related to various preventive measures (see, e.g., Ash et al., 2024, Simonov et al., 2021, Pinna et al.,

2022, and Bursztyn et al., 2023). Our study extends this research by offering a potential explanation

for how information affects behavior, emphasizing the role of subjective beliefs about the future states

shaped by the type and quality of information.

Moreover, our study contributes to the growing body of research on how individuals form or update

their beliefs based on the type and quality of information. While many studies in this area adopt

experimental approaches (see, e.g., Eil and Rao, 2011, Coutts, 2019, Zimmermann, 2020, Barron, 2021,

Hartzmark et al., 2021, and Liang, 2024), our work adds to the literature by providing evidence from a

nonexperimental setting.

The remainder of this paper is organized as follows. Section 2 describes the data used in this study.

Section 3 details the econometric model employed for the main analysis. The estimation results are pre-

sented in Section 4. Section 5 conducts an additional analysis of the behavioral effects, complementing

the main analysis on the beliefs. Finally, Section 6 concludes the study.

2 Data

We use data from an internet panel survey called the Continuing Survey on Mental and Physical Health

during the COVID-19 Pandemic. This survey consists of five rounds: October 27-November 6, 2020

(hereafter referred to as R1); January 19-26, 2021 (R2); April 23-May 6, 2021 (R3); July 20-27, 2021

(R4); October 20-27, 2021 (R5). This survey was conducted by the Research Institute of Economy,

Trade and Industry, contracted to NTTCom Online Marketing Solutions Corporation.

Survey respondents were members of a research panel of NTTCom Online Marketing Solutions

Corporation or its affiliates. The sample was designed to represent individuals aged 18 to 74 living

in Japan, stratified by prefecture, gender, and age. A total of 16,642 individuals responded to the
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first-round survey. After excluding those who did not complete all five rounds or failed to answer the

relevant questions, our final analysis sample consists of 10,133 individuals.

This panel survey includes several questions related to COVID-19. All variables used in this study

are detailed in Appendix B. Below, we explain two key variables: information sources and predictions.

2.1 Information sources

In the first round of the survey, respondents were asked to report their top three main sources of

information about COVID-19. We do not observe the amount or specific content of the information

they were exposed to through these sources. For our analysis, we focus on their primary source.

There are 15 choices, which we categorize into two groups: traditional media and nontraditional

media. Traditional media includes television (both public and commercial), newspapers, magazines, and

radio. Nontraditional media includes internet search engines, news apps/sites, governmental/corporate/

specialized institution websites, Facebook, Twitter, Instagram, LINE5, academic information, other, and

none.6

In our data, 66.1% of respondents reported that their primary source of information is traditional

media. Within the traditional media group, television is the most common source: 44% of respondents

cited public television, while 42% cited commercial television. Among the nontraditional media group,

the largest share is attributed to internet search engines (44%), followed by news apps/sites (15%).

We briefly describe some demographic and mental health characteristics of each group. Table 1

presents the means and standard deviations for the first survey round. The proportion of women is

higher in the traditional media group, and, as expected, this group is older than the nontraditional media

group. Additionally, the rate of being married is higher in the traditional media group. These differences

suggest that traditional media are more likely to be used by older individuals and those who spend more

time at home. In contrast, there are no significant differences in years of education or household income

between the two groups. Differences in place of residence exist but are not substantial.7 In our dataset,

5LINE is a social media app popular in Japan.
6As a robustness check, we also estimate models with an alternative definition of traditional media, where govern-

mental/corporate/specialized institution websites and academic information are included in the traditional media group.
Since information from academic and government websites may be more coherent and less diffuse, this definition may
affect the results. Estimation results based on this alternative definition are reported in Appendix C, but they do not
significantly alter our findings.

7To evaluate the representativeness of our survey data, we compare it with data from the “FY2020 Survey on Usage
Time of Information and Communications Media and Information Behavior,” conducted by the Ministry of Internal Affairs
and Communications (MIC) in January 2021. This survey employed a placement method and included 1,500 respondents,
comprising men and women aged 13 to 69, who were asked to identify their most frequently used information source for
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Table 1: Demographic differences by information sources

Traditional Nontraditional

Female 0.48 0.43
Age 55.78 (12.81) 48.84 (13.07)
Years of education 14.34 (1.97) 14.58 (2.01)
Married 0.69 0.55
Household income (10,000 yen) 530.63 (291.43) 534.35 (307.23)
Average of PHQ-9 1.542 (0.845) 1.745 (1.009)
Average of GAD-7 1.320 (0.591) 1.451 (0.712)
Average of Trust 0.333 (0.391) 0.251 (0.360)
Variance of PHQ-9 0.328 (0.958) 0.473 (1.248)
Variance of GAD-7 0.145 (0.290) 0.187 (0.330)
Variance of Trust 0.087 (0.120) 0.073 (0.115)
Area

Hokkaido 4.82 4.51
Tohoku 6.60 6.22
Kanto 34.85 35.95
Chubu 17.45 15.10
Kansai 19.04 19.34
Chugoku 5.71 5.64
Shikoku 2.84 3.03
Kyusyu & Okinawa 8.69 10.21

High density prefecture 0.342 0.375

N 6,695 3,438

Note: Standard deviations are displayed in the parentheses. We remove respon-
dents whose time taken to answer the question is shorter than 1 minute or longer
than 120 minutes. The definitions of variables are provided in Appendix C.

the proportion of individuals relying on traditional media is slightly higher (66% versus 62%). This

discrepancy may reflect the inclusion of older individuals in our dataset, as older age groups are more

likely to consume traditional media.

2.2 Predictions

In each round of the survey, respondents selected one of seven or eight options to predict when the

pandemic would end. Here, the “end” of the pandemic refers to the point at which individuals can

resume their pre-pandemic lifestyle without worrying about the risk of infection.8

current affairs. Given the differences in the targeted age groups between the MIC survey (13-69) and our dataset (18-74),
a direct comparison is not feasible. However, to the best of our knowledge, no other survey captures information source
related to COVID-19 in a manner directly comparable to our survey. Table 19 in Appendix D, which is constructed based
on a published aggregate table, reports the averages of selected variables that can be compared with those presented in
Table 1.

8In this definition, the “end” does not necessarily correspond to the WHO’s declaration of the end of the global health
emergency on May 5, 2023. The actual timing of the pandemic’s end may depend on individual’s subjective perceptions,
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Table 2: Choices for the prediction on the end of COVID-19 pandemic

calendar date months from survey dates

R1 & R2 R3 & R4 R5 R1 & R3 R2 & R4 R5

Has ended Has ended Has ended (−∞, 0] (−∞, 0] (−∞, 0]
March 2021 September 2021 March 2022 (0, 5] (0, 2] (0, 5]

September 2021 March 2022 September 2022 (5,11] (2,8] (5,11]
March 2022 September 2022 March 2023 (11,17] (8,14] (11,17]

September 2022 March 2023 September 2023 (17,23] (14,20] (17,23]
March 2023 September 2023 March 2024 (23, 29] (20, 26] (23, 29]

September 2023 March 2024 Later (29, 35] (26, 32] (29,∞)
Later Later (35,∞) (32,∞)

Since the five rounds of the survey were conducted over the course of a year, the available options

varied by round, as shown in Table 2. We convert the choices from calendar dates (year and month)

to the number of months from the respective survey periods. For example, the first survey round was

conducted from October 27 to November 6, 2020. The corresponding transformed interval choices for

this round are (−∞, 0], (0, 5], (5, 11], (11, 17], (17, 23], (23, 29], (29, 35], (35,∞) (refer to Table 2 for the

transformed intervals for other rounds).

Figure 1 displays histograms of predictions from round 1, segmented by media group. Both groups

exhibit considerable variance in their predictions regarding the end of the pandemic. For instance,

approximately a quarter of respondents in each group predicted that the pandemic would end within

11 to 17 months (the fourth category), while about a third estimated it would continue for nearly three

more years (the last category, which is explained in the figure note). This wide variability in predictions

is also observed in other datasets (see Morikawa 2020).

Although the shapes of the histograms for the two groups are similar, some differences are observ-

able. Specifically, the histogram for the nontraditional media group is flatter compared to that of the

traditional media group. Additionally, the nontraditional media group shows a greater tendency to

choose the last category (which is not displayed in Figure 1). These differences persist across all survey

periods.

These descriptive variations suggest that the source of information may influence how people make

their predictions about the end of the pandemic. However, these observed differences are influenced by

a range of factors, both observed and unobserved. To account for these factors, we apply the interval

which are unobserved. Hence, differences in the belief variance between media types may reflect differences in both
predictions and perceptions regarding the end of the pandemic.
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Figure 1: Predictions of the end of the pandemic by main information source in the first round. Among
traditional media users, 30 percent choose the last category, and among nontraditional media users, 38
percent choose the last category.

censored regression model with fixed effects proposed by Abrevaya and Muris (2020).

3 Econometric models

Our prediction variable is categorical, indicating predictions about the end of the COVID-19 pandemic.

While this variable does not provide precise numerical values for the predictions, it specifies thresh-

olds (cutoff points) for these predictions. Consequently, we utilize the interval censored fixed effects

regression model proposed by Abrevaya and Muris (2020) to analyze these beliefs.

Since the exact value of the predictions for the end of the pandemic is unobserved, we introduce a

latent variable to represent it. Let y∗pred,it denote the latent variable such that respondent i predicts

that the COVID-19 pandemic will end within y∗pred,it months at time t, where t = {R1,R2,R3,R4,R5}.

What we observe is the interval censored variable:

ypred,it =





1 y∗pred,it ≤ cpred,1,t

2 cpred,1,t < y∗pred,it ≤ cpred,2,t
...

J cpred,J−1,t < y∗pred,it,

10



where cpred,1,t, . . . , cpred,J−1,t are the cutoff points, as listed in Table 2, corresponding to the right

endpoints of the intervals.9 For example, if t is R1 or R3, we have cpred,1,t = 0, cpred,2,t = 5, . . . , cpred,7,t =

35. Thus, the number of intervals, J , is 8.10

To investigate the formation of predictions, we employ an interval censored fixed effects model with

heteroskedasticity. The latent variable model is specified as:

y∗pred,it = αpred,i +Xitβpred − σpred(Zi)eit,

where αpred,i represents the fixed effect, Xit is the vector of independent variables, βpred is the vector of

regression coefficients, eit is the error term, and σpred(Zi) is the error scaling function that introduces

heterogeneity into the model. The error terms ei ≡ (eiR1, eiR2, eiR3, eiR4, eiR5) are assumed to be serially

independent and follow a standard logistic distribution:

ei|(αpred,i,Xi) ∼ i.i.d. logistic,

conditional on αpred,i and Xi ≡ (XiR1,XiR2,XiR3,XiR4,XiR5).

In our estimation, Xit includes time dummies, the number of infections per 100,000 in the respon-

dent’s prefecture over the past four weeks, a COVID-19 infection dummy (equal to 1 if the respondent

has ever been infected with COVID-19 and 0 otherwise), vaccination coverage (first vaccination) in

the respondent’s prefecture, and the interactions of the nontraditional media dummy with the above

variables.

Unfortunately, information sources were only asked in the first round of the survey. In the early

stages of the pandemic, people may have been particularly careful in choosing their information sources

to obtain reliable information, suggesting that their preferred information sources could have changed

over time. However, since the first round of the survey used in our analysis was conducted more than six

months after the WHO’s pandemic declaration, we assume that the respondents’ information sources

9The latent prediction y∗

pred,it is defined as the number of months remaining until the pandemic is predicted to end, as
assessed at time t. For instance, y∗

pred,i1 = 3 indicates that at round 1, respondent i predicts the pandemic will end within
three months, whereas y∗

pred,i2 = 3 signifies that at round 2, the same respondent predicts the pandemic will end within
three months. This definition of y∗

pred,it may be subject to debate, as the same numerical value at different times (e.g.,
y∗

pred,i1 = y∗

pred,i2 = 3) does not correspond to the same calendar month. To address concerns regarding the robustness of
our main results to this definition, we re-estimate the interval censored regression model of predictions using an alternative
definition of y∗

pred,it that aligns with calendar dates, as detailed in Appendix C.
10Although the number of intervals is seven for t = R5, this does not affect the estimation strategy, as implied by the

proof of Theorem 1 in Abrevaya and Muris (2020).
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Table 3: Interval censored model of predictions: Estimates of βpred

(1) (2)

Estimates of βpred

Vaccination rate 4.211 (5.233) 2.139 (5.240)
Number of infections 0.011 (0.011) 0.008 (0.026)
Ever infected -1.279 (1.925) 1.431 (1.848)
Round 2 dummy 9.640 (4.584) 12.912 (4.682)
Round 3 dummy 8.274 (2.891) 10.282 (3.096)
Round 4 dummy 2.741 (3.602) 4.723 (3.841)
Round 5 dummy -3.868 (4.638) -1.828 (4.918)
Nontraditional media ×

Vaccination rate 6.372 (9.727) 6.216 (9.579)
Number of infections 0.036 (0.024) 0.014 (0.047)
Ever infected -0.397 (2.681) -0.636 (2.632)
Round 2 dummy -11.221 (8.693) -7.001 (8.074)
Round 3 dummy -4.871 (6.717) -3.218 (6.588)
Round 4 dummy -8.288 (6.983) -7.413 (6.943)
Round 5 dummy -7.266 (8.910) -7.190 (8.707)

Note: Standard errors are displayed in the parentheses. The definitions
of variables are provided in Appendix C.

remained constant throughout the study period.

Following Abrevaya and Muris (2020), the error scaling function is specified as σpred(Zi) = exp(Ziγpred),

where γpred is a parameter vector and Zi includes a constant and the nontraditional media dummy.

A positive coefficient of the nontraditional media user dummy in this error scaling function indicates

that the variance of the belief distribution among nontraditional media users is larger than that among

traditional media users.

As a robustness check, we also estimate a model in which age, years of education, a female dummy, a

marital status dummy, the high population density prefecture dummy, and mental health characteristics

are added to Zi.11

The parameters θpred ≡ (βpred,γpred)
′ are estimated using the composite likelihood estimator pro-

posed by Abrevaya and Muris (2020). Appendix A provides a detailed description of the estimation

strategy.
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4 Estimation results

The estimation results for βpred are presented in Table 3. As explained in Appendix A, standard

errors are obtained using bootstrapping with 200 resamples. Column (1) includes only a constant

and the nontraditional media dummy in Zi of the error scaling function, while column (2) includes

additional control variables in Zi (see Table 4 for the estimates of Zi). The estimates of βpred for the

latent prediction model indicate no statistically significant effects for most variables. Furthermore, all

interaction terms involving the nontraditional media dummy are insignificant. This suggests that the

effects of the variables on average prediction do not differ by media group.

The dummy variables for rounds 2 and 3 have a significant positive effect on the prediction of the end

of the COVID-19 pandemic. Compared to the survey period of round 1, people in round 2 and round

3 tend to believe that the pandemic will last longer, by nine months and eight months, respectively.

These results may be explained by the epidemic nature of the virus. During the COVID-19 pandemic,

the Japanese government declared a state of emergency four times.12The surveys for rounds 2, 3, and

4 were conducted were conducted during these declarations.

Another feature of the time dummies is that the estimates decrease for the dummies of later rounds.

This suggests that, as time passes, people tend to believe that the pandemic will end in shorter pe-

riods. All interaction terms between the time dummies and the nontraditional media dummy remain

insignificant. The estimation results are similar in column (2).

The estimates of γpred for the heterogeneity of the prediction variance are reported in Table 4.

Nontraditional media has a significant positive effect on the variance of predictions about the end of the

COVID-19 pandemic.13 The variance of the predictions for respondents who rely on traditional media

as their primary source of COVID-19 information is smaller than that for nontraditional media users.

Due to the limitations of the econometric model, we implicitly assume that the variance is constant

over time. Thus, the result does not suggest that the variation in predictions over time is smaller for

traditional media users. Rather, it indicates that the variation in predictions among traditional media

users is smaller than that among nontraditional media users.

11Time-varying variables included in Xit cannot be added to Zi due to the limitations of the estimation method.
12The four periods of declaration were April 7–May 25, 2020, January 8–March 21, 2021, April 25–June 20, 2021, and

July 12–September 30, 2021. During these periods, people were asked to refrain from going out, and restrictions were
imposed on the use of public facilities and restaurants, the holding of events, and other activities. (https://corona.go.
jp).

13We confirmed that the estimate of the nontraditional media dummy for each period is positive, which refers to the
value before the minimum distance procedure.

13



Table 4: Interval censored model of predictions: Estimates of γpred

(1) (2)

Estimates of γpred

Constant 1.748 (0.009) 2.527 (0.199)
Age -0.005 (0.001)
Education -0.036 (0.009)
Female -0.089 (0.027)
Married 0.062 (0.024)
High density prefecture -0.007 (0.023)
Average of GAD–7 -0.078 (0.058)
Average of PHQ–9 0.064 (0.044)
Average of Trust -0.055 (0.039)
Variance of GAD–7 0.172 (0.070)
Variance of PHQ–9 0.004 (0.044)
Variance of Trust 0.147 (0.108)
Nontraditional media 0.193 (0.016) 0.171 (0.025)

Estimates of exp(Z̄iγpred)
Nontraditional media 6.966 6.888
Traditional media 5.743 5.807

Difference in exp(Z̄iγpred)
between users of nontraditional 1.223 1.081
and traditional media

95% prediction interval of exp(Z̄iγpred)eit
Nontraditional media [ -25.530, 25.521 ] [ -25.244, 25.237 ]
Traditional media [ -21.047, 21.040 ] [ -21.283, 21.277 ]

Note: Standard errors are displayed in the parentheses. Z̄i denotes the average
of Zi. The definitions of variables are provided in Appendix C.

At the population average, the estimated standard deviation for traditional media users is 1.22

months smaller than that for nontraditional media users in column (1), resulting in a prediction interval

that is approximately 20% wider for nontraditional media users.

Column (2) includes demographic and mental health variables to control for sources of heteroskedas-

ticity. All of the added demographic variables, are significant, yet the coefficient on the nontraditional

media dummy remains positive and significant. The difference in the estimated standard deviation of

predictions at the population mean is similar to that in column (1).
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5 Effects on behavior

We have shown that information sources influence the variance of predictions, while these predictions

are subjective beliefs about the future state of the COVID-19 pandemic. This finding suggests that

information sources may shape COVID-19-related behaviors through the belief channel. However, the

mechanism through which differences in belief translate into behavioral differences remains unclear.

In addition to beliefs, perceptions–such as the perceived severity of COVID-19 and the perceived

efficacy of preventive behaviors–are also recognized in the literature (Ren et al., 2022; Bursztyn et al.,

2023) as key determinants of behavior. Both beliefs and perceptions can be shaped by information

sources. In particular, as suggested by the estimation results in the previous section, their variance may

differ between users of traditional and nontraditional media.

The following subsection presents an intertemporal utility model to theoretically examine the rela-

tionship between beliefs and behavior. We then estimate the effect of information sources on infection

prevention behavior and perceptions of COVID-19 risk to show suggestive evidence for the mechanism

through which information sources influence behavior.

5.1 Model

We examine the mechanisms through which beliefs and perceptions influence preventive behaviors within

the framework of the expected utility model. We then explore how differences in the variance of beliefs

and perceptions may lead to variations in preventive behaviors.

Following the perceived utility model proposed by Cohen (1984) for health-related preventive be-

haviors,14 utility is assumed to consist of two components:

uit = uait + uuit,

where uait and uuit represent the utility in anticipation and the utility in use, respectively, for individual

i at time t.

Utility in anticipation refers to the utility gained from a reduction or increase in anxiety experienced

in the present. For instance, behaviors such as mask-wearing and hand washing can reduce anxiety by

14In economics, utility is typically a function of economic behaviors such as consumption and labor. Explaining non-
economic behaviors is less common. In contrast, utility models are frequently used in other fields such as marketing,
health, and epidemiology (see Moorman and Matulich, 1993 for a review of health behavior models).
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lowering the perceived risk of infection and by aligning with prevailing social norms.

In contrast, utility in use pertains to the utility derived directly from the behavior itself. For example,

while these preventive behaviors may contribute to health safety, they can also cause discomfort, such

as irritation from wearing masks or rough skin from frequent hand washing, leading to negative utility.

Although the sign of utility in use is not inherently negative, we simplify the analysis by assuming it to be

negative. This assumption is based on the observation that most COVID-19-related preventive behaviors

examined in this study are actions unlikely to occur in the absence of the pandemic. Additionally, we

posit that utility in use diminishes over time, implying that the level of disutility increases with prolonged

engagement in such preventive behaviors.

We assume that utility in anticipation is a function of perceptions. Since utility in anticipation is

related to the level of fear, it is influenced by perceived severity and efficacy. For instance, physical

distancing and hand washing may not reduce anxiety for individuals who do not fear infection. In

contrast, utility in use pertains to the utility derived directly from the behavior itself, which is not

influenced by the perceived severity of infection and the efficacy of the behavior.

Let us explicitly model COVID-19 preventive behaviors. Utility in anticipation is a function of

behavior and perception, i.e., uait = ua(cit, ait), where cit represents the implementation of infection

prevention behavior and ait denotes the perceived severity of COVID-19. Utility in use is a function of

the history of the behavior, i.e., uuit = uu(cit, cit−1, . . . ).15

To simplify the model, we restrict behavior to cit = 1 (taking the behavior) and cit = 0 (not taking

the behavior). Perception ait is defined as ait = 0 if the pandemic ends at time t, and ait > 0 if it does

not. Since cit represents COVID-19 preventive behaviors, it follows that cit = 0 when the pandemic is

over, i.e., ait = 0. We also assume that ait takes one of two values: a high value aH or a low value aL,

where aH > aL > 0.

Furthermore, we specify that ua(0, ait) = −ait ≤ 0 and ua(1, ait) = r, where −aL < r < 0. This

implies that the utility in anticipation during the pandemic is negative in the absence of preventive

behavior due to the individual’s fear, and this fear can be reduced to r if infection prevention behavior

is adopted. Similarly, we assume that uu(cit = 0, ·) = 0, which indicates that the utility in use at time

t is zero when no behavior is taken at time t, regardless of past behaviors.

Subjective belief about the end of the pandemic for individual i is denoted by Ti. The “end” refers to

15Demographic variables can be included in both utility functions. However, we omit them to avoid complicated
notation.
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the point when they can resume their pre-pandemic lifestyle without worrying about the risk of infection.

Thus, they expect ait = 0 after period Ti. We assume that individuals determine the sequence of their

preventive behaviors based on their current perceived severity of COVID-19, i.e., ait remains constant

for t ≤ Ti. Since no preventive actions are taken against COVID-19 after the pandemic ends, future

utility can be expressed as

uit =





uit if t ≤ Ti

0 if t > Ti.

The intertemporal utility16 for those who believe that the pandemic will end at time Ti is given by

uit +

Ti∑

k=t+1

δkuik, (1)

where δt ≤ 1 is the discount factor. An individual chooses a particular sequence of preventive behaviors,

ci = (cit, cit+1, . . . ), that maximizes equation (1).

Preventive behaviors such as hand washing and physical distancing have been shown to be habitual

(Hussam et al., 2022; Zhang et al., 2022). Since the initial round of the survey used in our analysis

was conducted more than six months after the WHO’s declaration of the pandemic, COVID-19-related

preventive measures were likely habitual at the time of the survey. Deviating from established habits

to adopt different behaviors incurs substantial costs (Allcott and Rogers, 2014). Thus, we assume that

individuals will not change their behavior unless their anticipation ait and/or belief Ti are updated.

The intertemporal utility model suggests that both beliefs and perceptions are key determinants

of behavioral decisions. Beliefs influence the extent to which future expected utilities are considered,

while perceptions affect the magnitude of utility through anticipation effects.

Since deviating from established habits to adopt new behaviors entails substantial costs (Allcott

and Rogers, 2014) and the disutility of use increases over time, individuals who expect the pandemic

to persist longer are less likely to engage in preventive behaviors. Furthermore, because ua(0, a
H) <

ua(0, a
L), a greater level of fear leads to higher engagement in preventive behaviors.

These insights suggest that greater diversity in perceptions and beliefs results in more variation in

preventive behaviors. The main estimation results in Section 4 indicate that the variance of beliefs is

16We consider a simple model in which the subjective belief about the future state is either "during the pandemic"
or "after the pandemic". Additionally, we assume that the perceived severity of COVID-19 remains constant during
the pandemic. Thus, once individual i has formed their subjective belief Ti and perception ait, intertemporal utility is
determined without any uncertainty.
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Table 5: List of infection prevention actions

Numbering Infection prevention actions

(I) I do not go to poorly ventilated places.
(II) I do not go to places where there are many people.
(III) I do not talk or speak in close proximity to other people.
(IV) I wear a mask.
(V) I wash my hands.
(VI) I sanitize my hands.
(VII) I change my clothes frequently.
(VIII) I gargle.
(IX) I disinfect my belongings.
(X) I keep distance from people when I go out.
(XI) I refrain from visiting hospitals and clinics.
(XII) I stay home as much as possible.

smaller among traditional media users. From this perspective, traditional media users are expected to

exhibit more similar preventive behaviors compared to nontraditional media users.

5.2 Estimation results

The intertemporal utility model in the previous subsection demonstrates that traditional media users

are expected to exhibit similar preventive behaviors compared to nontraditional media users, which is

examined in this subsection.

The theoretical model also suggests that perceptions are key determinants of behavioral decisions.

Accordingly, we conduct an additional investigation by estimating the variance effects of information

sources on the perception of COVID-19 risk, measured by the degree of fear.17

The effects of information sources on preventive behaviors are presented in Subsection 5.2.1, while

their effects on perceptions of COVID-19 risk are presented in Subsection 5.2.2.

5.2.1 Infection prevention behaviors

Each round of the survey asks respondents about their implementation of the COVID-19 infection

prevention behaviors listed in Table 5. Recent studies increasingly suggest that information sources

influence individual’s COVID-19 preventive behaviors (see, e.g., Ash et al., 2024, Pinna et al., 2022,

and Simonov et al., 2021). As a complementary investigation using our dataset, we estimate the effects

17The focus of this study is to examine the effects of media type. Therefore, direct investigations of the effects of beliefs
on behavior and the effects of perceptions on behavior are beyond the scope of this study.

18



of information sources—whether traditional or nontraditional—on these preventive behaviors.

We estimate two models. The first model is a linear probability model with fixed effects, where

the outcome variables are dummy variables for preventive behaviors. The explanatory variables include

control variables and their interactions with the nontraditional media dummy. The second model is a

regression model for the variance of preventive behaviors, in which the outcome variable is the variance

of preventive behaviors. The variances are estimated using the residuals from the fixed effects estimates

of the first model, which are then regressed on the nontraditional media dummy and other controls.

Details of these models are provided in Appendix E.

The estimation results of the first model are presented in Tables 6 and 7, while those of the second

model are reported in Tables 8 and 9. Most interaction terms of the nontraditional media dummy are

statistically insignificant in Tables 6 and 7, indicating that the effects of explanatory variables on the

level of preventive behaviors do not vary significantly by information source.

In contrast, Tables 8 and 9 show that the coefficient on the nontraditional media dummy is positive

and significant for the variance of infection prevention behaviors in half of the cases, specifically from

(I) to (VI). Meanwhile, the coefficients for behaviors (VII) to (XI) are not statistically significant. In

the case of (XII), the coefficient is negative and significant.

The results indicate that, overall, the variance of a wide variety of preventive behaviors is larger

among nontraditional media users than among traditional media users. In other words, given that

most people in Japan have followed the government guidelines on preventive behaviors (see Table 13 in

Appendix B), the proportion of individuals who do not engage in preventive behaviors is higher among

those who primarily obtain information about COVID-19 from nontraditional media.

5.2.2 Perception of COVID-19 risk

We further estimate the effects of information sources on perceptions of COVID-19 risk. Although we do

not explicitly decompose the differences in behavior between traditional and nontraditional media users

into prediction and perception channels, the estimation in this subsection may provide some insight.

In this study, we measure perception using fear related to COVID-19. Each round of our survey

includes questions assessing COVID-19-related fear, from which we construct an index called the FCV-

19S (Ahorsu et al., 2022). The FCV-19S is a seven-item self-report questionnaire designed to measure

the extent to which an individual fears COVID-19. FCV-19S scores range from 7 to 35, with higher

19



Table 6: Linear probability model of infection prevention behaviors

(I) (II) (III) (IV) (V) (VI)

Vaccination rate 0.055 0.063 0.053 0.000 0.035 0.068
(0.061) (0.060) (0.070) (0.028) (0.037) (0.059)

Infected 0.000 0.000 0.000 0.000 0.000 0.000
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Experience -0.018 -0.066 -0.034 -0.002 -0.031 -0.046
(0.030) (0.036) (0.037) (0.032) (0.031) (0.035)

Round 2 dummy 0.001 0.026 0.054 0.005 -0.004 0.010
(0.006) (0.006) (0.007) (0.003) (0.004) (0.005)

Round 3 dummy 0.025 0.022 0.057 0.007 -0.001 0.018
(0.005) (0.005) (0.006) (0.002) (0.003) (0.005)

Round 4 dummy -0.002 -0.005 0.032 0.005 -0.019 -0.011
(0.028) (0.027) (0.032) (0.012) (0.016) (0.027)

Round 5 dummy -0.019 -0.034 0.006 0.008 -0.033 -0.030
(0.052) (0.051) (0.060) (0.024) (0.031) (0.051)

Nontraditional media ×
Vaccination rate -0.034 0.016 -0.015 -0.055 -0.095 0.049

(0.117) (0.111) (0.132) (0.054) (0.069) (0.103)
Infected 0.000 0.000 0.000 0.000 0.000 0.000

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Experience -0.053 -0.050 -0.023 -0.062 -0.028 -0.022

(0.052) (0.051) (0.058) (0.046) (0.048) (0.053)
Round 2 dummy 0.009 0.004 0.006 0.003 0.005 0.001

(0.012) (0.011) (0.013) (0.006) (0.007) (0.010)
Round 3 dummy 0.014 0.017 0.007 0.000 -0.002 0.004

(0.010) (0.010) (0.012) (0.005) (0.006) (0.009)
Round 4 dummy 0.024 0.001 0.006 0.023 0.040 -0.015

(0.053) (0.050) (0.059) (0.024) (0.031) (0.046)
Round 5 dummy 0.041 -0.001 0.028 0.047 0.081 -0.036

(0.101) (0.095) (0.113) (0.046) (0.059) (0.088)

Note: Standard errors are displayed in the parentheses. Outcome variables are provided in
Table 5.
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Table 7: Linear probability model of infection prevention behaviors

(VII) (VIII) (IX) (X) (XI) (XII)

Vaccination rate 0.184 0.046 0.034 0.096 0.136 0.089
(0.087) (0.073) (0.086) (0.073) (0.090) (0.086)

Infected 0.000 0.000 0.001 0.000 0.001 0.001
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Experience 0.074 0.003 0.032 -0.023 0.034 0.024
(0.048) (0.043) (0.049) (0.042) (0.047) (0.043)

Round 2 dummy 0.024 0.018 0.013 0.027 0.032 0.136
(0.008) (0.007) (0.008) (0.007) (0.009) (0.008)

Round 3 dummy 0.046 0.011 0.046 0.035 0.005 0.085
(0.007) (0.006) (0.007) (0.006) (0.008) (0.007)

Round 4 dummy -0.016 -0.024 0.029 -0.016 -0.090 0.027
(0.039) (0.033) (0.039) (0.033) (0.041) (0.038)

Round 5 dummy -0.117 -0.030 0.009 -0.060 -0.156 -0.035
(0.075) (0.062) (0.074) (0.063) (0.077) (0.073)

Nontraditional media ×
Vaccination rate -0.400 0.154 -0.003 -0.169 -0.102 0.053

(0.153) (0.131) (0.149) (0.129) (0.168) (0.146)
Infected 0.001 0.000 0.000 0.000 0.000 0.000

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Experience -0.079 -0.092 -0.017 -0.014 -0.123 -0.020

(0.067) (0.060) (0.066) (0.058) (0.070) (0.068)
Round 2 dummy -0.013 0.011 0.018 -0.005 0.020 -0.018

(0.014) (0.012) (0.014) (0.013) (0.017) (0.015)
Round 3 dummy -0.001 0.001 0.007 0.000 0.020 -0.012

(0.013) (0.011) (0.013) (0.011) (0.015) (0.013)
Round 4 dummy 0.175 -0.061 0.008 0.078 0.063 -0.046

(0.069) (0.059) (0.067) (0.058) (0.076) (0.066)
Round 5 dummy 0.358 -0.126 0.029 0.161 0.117 -0.042

(0.131) (0.112) (0.128) (0.110) (0.144) (0.125)

Note: Standard errors are displayed in the parentheses. Outcome variables are provided in
Table 5.
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Table 8: Regression model for the variance of prevention behaviors

(I) (II) (III) (IV) (V) (VI)

Intercept 0.135 0.107 0.137 0.031 0.043 0.068
(0.011) (0.010) (0.012) (0.006) (0.007) (0.010)

Nontraditional media 0.008 0.006 0.006 0.008 0.005 0.008
(0.002) (0.002) (0.002) (0.001) (0.001) (0.002)

Married -0.004 -0.001 -0.004 -0.003 -0.004 -0.011
(0.002) (0.002) (0.003) (0.001) (0.002) (0.002)

Age -0.001 -0.001 -0.001 0.000 0.000 0.000
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Female -0.034 -0.023 -0.020 -0.011 -0.016 -0.023
(0.002) (0.002) (0.002) (0.001) (0.001) (0.002)

Education -0.001 -0.001 -0.001 0.000 -0.001 0.000
(0.001) (0.001) (0.001) (0.000) (0.000) (0.001)

Density -0.005 0.000 -0.011 -0.001 -0.005 -0.007
(0.002) (0.002) (0.002) (0.001) (0.001) (0.002)

Average of GAD–7 -0.011 -0.005 -0.018 0.000 -0.004 -0.014
(0.004) (0.004) (0.004) (0.002) (0.002) (0.003)

Average of PHQ–9 0.011 0.007 0.016 0.000 0.004 0.011
(0.003) (0.003) (0.003) (0.002) (0.002) (0.003)

Average of Trust 0.008 0.014 0.016 -0.002 0.002 0.003
(0.003) (0.003) (0.003) (0.001) (0.002) (0.003)

Variance of GAD–7 0.013 0.018 0.017 0.019 0.016 0.016
(0.005) (0.004) (0.004) (0.003) (0.004) (0.004)

Variance of PHQ–9 0.000 0.000 -0.002 0.001 0.002 0.001
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)

Variance of Trust 0.010 0.016 0.019 0.009 0.009 0.006
(0.009) (0.009) (0.010) (0.004) (0.006) (0.008)

Note: Standard errors are displayed in the parentheses. Outcome variables are provided in
Table 5.
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Table 9: Regression model for the variance of prevention behaviors

(VII) (VIII) (IX) (X) (XI) (XII)

Intercept 0.101 0.108 0.159 0.137 0.150 0.121
(0.012) (0.012) (0.011) (0.011) (0.013) (0.012)

Nontraditional media -0.001 0.005 0.002 0.005 -0.002 -0.007
(0.003) (0.003) (0.003) (0.003) (0.003) (0.003)

Married 0.009 -0.001 0.015 0.000 0.004 0.014
(0.003) (0.003) (0.003) (0.002) (0.003) (0.003)

Age 0.000 0.000 -0.001 -0.001 -0.000 -0.001
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Female 0.004 -0.014 -0.003 -0.026 -0.006 -0.018
(0.003) (0.002) (0.003) (0.002) (0.003) (0.002)

Education 0.000 -0.002 -0.001 -0.001 0.000 0.001
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)

Density 0.009 -0.012 -0.011 -0.006 0.003 0.001
(0.003) (0.002) (0.002) (0.002) (0.003) (0.003)

Average of GAD–7 0.020 -0.004 -0.018 -0.019 -0.002 -0.001
(0.004) (0.004) (0.004) (0.004) (0.004) (0.004)

Average of PHQ–9 -0.014 0.003 0.016 0.017 0.000 -0.001
(0.003) (0.003) (0.003) (0.003) (0.003) (0.003)

Average of Trust -0.012 -0.001 0.016 0.015 -0.004 0.011
(0.003) (0.003) (0.003) (0.003) (0.004) (0.003)

Variance of GAD–7 0.023 0.019 0.017 0.015 0.021 0.017
(0.005) (0.005) (0.004) (0.005) (0.005) (0.005)

Variance of PHQ–9 0.007 0.003 -0.002 0.000 0.000 0.001
(0.002) (0.002) (0.001) (0.001) (0.002) (0.002)

Variance of Trust 0.054 0.023 0.019 0.029 0.030 0.019
(0.011) (0.010) (0.010) (0.010) (0.011) (0.011)

Note: Standard errors are displayed in the parentheses. Outcome variables are provided in
Table 5.
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Table 10: Ordered logit model for perception: Esti-
mates ofv βper and thresholds

Estimate Std. Error

Estimates of βper

Vaccination rate -0.031 (0.233)
Number of infections 0.001 (0.001)
Ever infected 0.126 (0.105)
Round 2 dummy 0.221 (0.022)
Round 3 dummy 0.174 (0.020)
Round 4 dummy 0.044 (0.105)
Round 5 dummy -0.025 (0.200)
Nontraditional media ×

Vaccination rate -0.009 (0.431)
Number of infections 0.001 (0.001)
Ever infected -0.107 (0.167)
Round 2 dummy -0.088 (0.041)
Round 3 dummy -0.095 (0.037)
Round 4 dummy -0.031 (0.194)
Round 5 dummy -0.028 (0.369)

Estimates of thresholds
between 1 and 2 -1.043 (0.539)
between 2 and 3 -0.045 (0.540)
between 3 and 4 1.029 (0.542)

Note: The explained variable is a ordered variable based
on the value of the FCV-19S scale (takes the largest value
4 if a respondent is afraid of COVID-19 and 1 if the re-
spondent is not afraid of COVID-19).

scores indicating progressively higher levels of fear associated with COVID-19.

We apply the estimator for the ordered logit model with fixed effects developed by Muris (2017).

The outcome variables takes the value 1 if the FCV-19S score is 7–15, 2 if the FCV-19S score is 16–

20, 3 if the FCV-19S score is 21–25, and 4 if the FCV-19S score is 26–35.18 The latent continuous

value of FCV-19S, denoted by y∗per,it is modeled as y∗per,it = αper,i + Xitβper + exp(Ziγper)εit, where

exp(Ziγper) is the error scaling function that introduces heterogeneity. The parameters βper and γper

are estimated using the composite likelihood estimator that accounts for the likelihood function around

selected thresholds.19 The details of the estimator are explained in Appendix F.

18Theoretically, it is possible to apply Muris (2017) to the raw FCV-19S scores. However, such an estimation procedure
requires estimating 28 (= 35−7) thresholds in addition to regression coefficients, which would be computationally intensive.
To reduce estimation complexity, we define the explained variable for perception to take values 1,2,3 and 4.

19Tables 10 and 11, present the results obtained using randomly selected thresholds generated as 10 series of permutation
of 1–2–2–2–3. The robustness of threshold selection is confirmed by estimating the model with an alternative set of
thresholds, as described in Appendix F.
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Table 11: Ordered logit model for perception: Estimates
of γper

Estimate Std. Error

Estimates of γper

Nontraditional media 0.033 (0.020)
Marriage 0.065 (0.020)
Age -0.010 (0.001)
Female -0.140 (0.018)
Education -0.031 (0.003)
High density prefecture 0.003 (0.019)
Average of PHQ-9 -0.036 (0.024)
Average of GAD-7 0.009 (0.031)
Average of Trust 0.015 (0.026)
Variance of PHQ-9 0.047 (0.012)
Variance of GAD-7 0.155 (0.037)
Variance of Trust 0.264 (0.078)

Estimates of exp(Z̄iγper)
Nontraditional media 0.387
Traditional media 0.374

Difference in exp(Z̄iγper)
between users of nontraditional 0.013
and traditional media

95% prediction interval of exp(Z̄iγper)εit
Nontraditional media [ -1.417, 1.417 ]
Traditional media [ -1.372, 1.372 ]

Note: The explained variable is a ordered variable based on
the value of the FCV-19S scale (takes the largest value 4 if a
respondent is afraid of COVID-19 and 1 if the respondent is not
afraid of COVID-19). Z̄i denotes the average of Zi.
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Estimation results are presented in Tables 10 and 11. The estimates of βper show no statistically

significant effects for most variables. However, the dummy variables for rounds 2 and 3 have significant

positive effects on perception, measured as fear of COVID-19. Compared to the survey period of round

1, people tended to fear COVID-19 more in rounds 2 and 3. Furthermore, the interaction terms between

the round 2 and 3 dummies and the nontraditional media dummy have significant negative effects on

fear of COVID-19. This suggests that, compared to nontraditional media users, traditional media users

are more likely to experience higher levels of fear related to COVID-19.

The estimates of γper for the heterogeneity of prediction variance indicate statistically significant

effects for several variables. For example, marriage, variance of PHQ-9, GAD-7, and trust have statisti-

cally significant positive effects, while age, female, and education have statistically significant negative

effects.

With regard to the nontraditional media dummy, the point estimate is negative, which is consistent

with the results in Table 4, where the explained variable is the belief about the end of the COVID-19

pandemic. However, the estimate is not statistically significant, indicating that the effects of media on

the variance of COVID-19-related fear do not differ by information source.

According to our model in Subsection 5.1, this estimation result suggests that the primary channel

through which traditional and nontraditional information sources influence individual’s infection pre-

vention behavior is their prediction of the end of the pandemic. While previous studies have largely

focused on risk perception as a determinant of behavior and disease-related responses, subjective belief

may play a more crucial role than risk perception.

6 Conclusion

We are constantly exposed to information. Based on the information we receive, we form beliefs about

future states and take various actions. In recent years, the role of information is attracting significant

attention, leading to a growing body of research examining the effects of different types and qualities

of information on belief formation in experimental settings.

This study estimates the effects of information sources on individual’s subjective beliefs by leverag-

ing a globally significant event: the COVID-19 pandemic. We apply an interval censored fixed effects

regression model to a unique panel dataset that asks respondents about their primary sources of in-

formation on COVID-19 and their predictions about the end of the pandemic. Our objective is to
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determine whether individual’s subjective beliefs are influenced differently by traditional and nontradi-

tional media.

Our results show that the variance of predictions about the end of the pandemic is significantly

smaller among individuals who rely on traditional media as their primary source of information. At the

population average, the difference in standard deviation between nontraditional and traditional media

users is almost one month, leading to a prediction interval approximately 20% wider for nontraditional

media users. We also provide evidence that individuals adopt COVID-19 preventive behaviors differently

depending on their main sources of information and that information sources predominantly influence

preventive behaviors through their impact on subjective beliefs rather than perceptions.

Although we cannot observe the specific content individuals encounter or how it differs between

nontraditional and traditional media users, our estimation results align with existing findings that

nontraditional media enable individuals to acquire information based on their preferences.

Our findings imply three important points. First, policymakers should maintain a healthy environ-

ment where people can critically assess information. Although subjective beliefs about future states

can affect a wide variety of behaviors, future states are inherently difficult to predict. Hence, ensuring

such an environment is essential for enabling individuals to make informed decisions. Individuals may

form misbeliefs, particularly when exposed to information platforms contaminated with “fake” content

or misinformation.

Second, policymakers may need to adopt different strategies depending on the type of media to

maintain a healthy information environment. For instance, policies aimed at facilitating the identifica-

tion of misinformation, such as fact-checking initiatives, and increasing the transparency of information

sources may be effective for nontraditional media. Enhancing the transparency of social media and

search engine algorithms, and exposing individuals to a diverse range of information—not only content

aligned with their preferences but also opposing perspectives— may be another effective policy.

Third, the way information is disseminated may need to differ depending on the type of media.

Given that nontraditional media offer access to a much larger volume of content, simply conveying

information in the same manner as in traditional media may be insufficient, as it can easily be buried

among competing messages and fail to reach a broad population. Increasing the frequency of exposure

or targeting “hub” individuals, who are highly connected within social networks, may be more effective

in such environments.
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The effects of media type on people’s belief may change over time. On the one hand, advances in

information technology could increase access to diverse information, potentially increasing the variance

in people’s beliefs. On the other hand, the rise of generative AI tools, such as ChatGPT, may change

how people consume information. For instance, people might rely more on algorithmic summaries

than on active searching. This could reduce the variance by narrowing exposure to alternative views.

The effect of media on people’s beliefs should continue to be examined, and strategies for maintaining

a healthy information environment and approaches for conducting information will need to adopt as

circumstances evolve over time.
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Appendix A: Estimation

To estimate the parameters θpred ≡ (βpred,γpred)
′ ∈ Θpred, we employ the composite-likelihood estima-

tor by Abrevaya and Muris (2020). Let T ≡ {(R1, R2), (R1, R3), . . . , (R4, R5)} denote the set of all

distinct pairs of time periods, where the cardinality of T is 10. Te error term is assumed to follow a

standard logistic distribution:

(eit1 , eit2)|(αpred,i,Xit1 ,Xit2 ,Zi) ∼ i.i.d. logistic.

for all (t1, t2) ∈ T .

For (t1, t2) ∈ T , let πt1t2 ≡ (πt1 , πt2) be a pair of values in {1, 2, . . . , J − 1}. For now, let πt1t2 be

any one of s (J − 1)2 possible pairs. We define an indicator function as

dpred,itπt
≡ 1{ypred,it > πt} = 1{y∗pred,it ≥ cpred,πt,t} = 1{eit ≤ (αpred,i +Xitβpred − cpred,πt,t)/σpred(Zi)}

for t = t1, t2. Letting Λ(v) = exp(v)/[1+ exp(v)], Theorem 1 of Abrevaya and Muris (2020) shows that

ppred,1,πt1t2
(Wit, θpred) ≡ P (dpred,it1πt1

= 1, dpred,it2πt2
= 0|dpred,it1πt1

+ dpred,it2πt2
= 1, αpred,i,Xit1 ,Xit2 ,Zi)

= 1− Λ

(
(Xit2 −Xit1)

βpred

exp(Ziγpred)
− (cpred,πt2

,t2 − cpred,πt1
,t1)

1

exp(Ziγpred)

)
.

Similarly,

ppred,2,πt1t2
(Wit, θpred) ≡ P (dpred,it1πt1

= 0, dpred,it2πt2
= 1|dpred,it1πt1

+ dpred,it2πt2
= 1, αpred,i,Xit1 ,Xit2 ,Zi)

= Λ

(
(Xit2 −Xit1)

βpred

exp(Ziγpred)
− (cpred,πt2

,t2 − cpred,πt1
,t1)

1

exp(Ziγpred)

)
,

where Wit = (X ′

it1
,X ′

it2
,Zi)

′. For some (t1, t2) ∈ T , the composite maximum likelihood estimator is

given by:

θ̂pred,t1t2 = argmax
θpred∈Θpred

∑

πt1t2

1

n

n∑

i=1

1{dpred,it1πt1
+ dpred,it2πt2

= 1}
{
dpred,it1πt1

ln
[
1− ppred,1πt1t2

(Wit, θpred)
]

+ dpred,it2πt1
ln ppred,2πt1t2

(Wit, θpred)
}

Since the cardinality of T is 10, we obtain 10 estimates of the (k+1)-dimensional parameter vector,
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denoted by θ̂pred,t1t2 for (t1, t2) ∈ T . Let θ̂pred,t1t2,j denote the jth element of θ̂pred,t1t2 and define

θ̂pred,j = (θ̂pred,R1R2,j , θ̂pred,R1R3,j . . . , θ̂pred,R4R5,j)
′ as the 10-dimensional vector consisting of estimates

for the jth element of θpred. We then combine the estimates using the minimum distance estimator:

θ̂pred = argmin
θ≡(θpred,1,...,θpred,k+1)′∈Θpred




θ̂pred,1 − θpred,1

θ̂pred2 − θpred,2
...

θ̂pred,k+1 − θpred,k+1




′

W




θ̂pred,1 − θpred,1

θ̂pred,2 − θpred,2
...

θ̂pred,k+1 − θpred,k+1




where W is the block diagonal matrix whose block matrices are I1, . . . , Ik+1, with Ij being the 10-

dimensional identity matrix for all j = 1, . . . , k + 1. The standard errors for each element of θ̂ are

obtained via bootstrapping.20

20Standard errors are computed through the following steps.

1. Randomly resample n observations from {ypred,it,Xit,Zi}
n
i=1 with replacement for each t ∈ {R1,R2,R3,R4,R5}.

2. Estimate θpred using the resampled observations, denoted as θ̂bpred.

3. Repeat steps 1 and step 2 M times to obtain θ̂bpred, b = 1, 2, . . . ,M .

4. Compute the standard errors as the sample variance of {θ̂bpred}
M
b=1.

33



Appendix B: Data

B-1: Definition of variables

This appendix gives the definitions of variables used in this study.

Table 12: Definition of variables

Variable name Definition

Traditional media Dummy variable for using television (both public and commercial), newspaper,
magazine, and radio

Nontraditional
media

Dummy variable for using internet search engine, news app/site, governmen-
tal/corporate/specialized institutions website, Facebook, Twitter, Instagram,
LINE, academic information, others, and none

High density pre-
fecture

Dummy variable for living in prefecture where population density is greater
than 5,000 persons per square kilometer

Marriage Dummy variable for married respondents
Age Age of respondents
Female Dummy variable for female
Education Years of education
Number of infec-
tions

Number of infections per 100,000

Ever infected Dummy variable for having been infected with COVID-19
Vaccination rate Vaccination rate of the prefecture where respondents live
FCV-19S The Fear of COVID-19 Scale to measure fear related to COVID-19
PHQ-9 Patient Health Questionnaire-9 scale: The measure for depression (Kroenke

et al., 2001)
GAD-7 Generalized Anxiety Disorder-7 scale: The measure for anxiety (Spitzer et al.,

2006)
Trust Dummy variable for answering yes to the question "Do you think people are

generally trustworthy?"

For robustness check
Traditional media Dummy variable for using television (both public and commercial),

newspaper, magazine, radio, academic information, and governmen-
tal/corporate/specialized institutions websites

Nontraditional
media

internet search engine, news app/site, Facebook, Twitter, Instagram, LINE,
others, and none

B-2: Descriptive statistics for prevention behaviors

Tables 13 and 14 present the mean and standard deviation of the infection prevention behavior indica-

tors.
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Table 13: Mean and standard deviation of preventive behaviors

(I) (II) (III) (IV) (V) (VI)

Nontraditional media
Round 1 0.809 0.830 0.771 0.944 0.944 0.844

(0.393) (0.375) (0.420) (0.231) (0.229) (0.362)
Round 2 0.832 0.868 0.840 0.957 0.949 0.865

(0.375) (0.339) (0.366) (0.202) (0.221) (0.342)
Round 3 0.859 0.877 0.839 0.955 0.942 0.877

(0.349) (0.329) (0.367) (0.207) (0.235) (0.328)
Round 4 0.847 0.863 0.830 0.950 0.939 0.870

(0.360) (0.344) (0.376) (0.218) (0.239) (0.336)
Round 5 0.851 0.864 0.839 0.955 0.940 0.876

(0.356) (0.343) (0.367) (0.208) (0.237) (0.330)

Traditional media
Round 1 0.886 0.896 0.831 0.980 0.973 0.907

(0.318) (0.305) (0.374) (0.139) (0.161) (0.290)
Round 2 0.896 0.925 0.888 0.987 0.971 0.921

(0.306) (0.264) (0.315) (0.113) (0.169) (0.270)
Round 3 0.917 0.921 0.893 0.988 0.973 0.928

(0.277) (0.270) (0.310) (0.109) (0.162) (0.259)
Round 4 0.911 0.920 0.886 0.986 0.970 0.923

(0.285) (0.272) (0.317) (0.118) (0.171) (0.267)
Round 5 0.915 0.917 0.882 0.987 0.970 0.925

(0.279) (0.276) (0.322) (0.113) (0.170) (0.263)

Note: Standard deviations are displayed in the parentheses.
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Table 14: Mean and standard deviation of preventive behaviors

(VII) (VIII) (IX) (X) (XI) (XII)

Nontraditional media
Round 1 0.225 0.669 0.298 0.783 0.516 0.602

(0.418) (0.471) (0.458) (0.412) (0.500) (0.490)
Round 2 0.249 0.705 0.330 0.827 0.587 0.735

(0.432) (0.456) (0.470) (0.379) (0.492) (0.441)
Round 3 0.276 0.688 0.359 0.832 0.554 0.689

(0.447) (0.463) (0.480) (0.374) (0.497) (0.463)
Round 4 0.292 0.680 0.356 0.821 0.511 0.653

(0.455) (0.466) (0.479) (0.384) (0.500) (0.476)
Round 5 0.284 0.688 0.363 0.829 0.507 0.649

(0.451) (0.463) (0.481) (0.377) (0.500) (0.477)

Traditional media
Round 1 0.211 0.697 0.271 0.849 0.490 0.613

(0.408) (0.460) (0.444) (0.358) (0.500) (0.487)
Round 2 0.231 0.722 0.299 0.884 0.545 0.775

(0.422) (0.448) (0.458) (0.321) (0.498) (0.418)
Round 3 0.256 0.714 0.324 0.891 0.512 0.717

(0.436) (0.452) (0.468) (0.312) (0.500) (0.451)
Round 4 0.276 0.694 0.318 0.879 0.469 0.689

(0.447) (0.461) (0.466) (0.326) (0.499) (0.463)
Round 5 0.252 0.706 0.312 0.871 0.453 0.658

(0.434) (0.455) (0.463) (0.335) (0.498) (0.475)

Note: Standard deviations are displayed in the parentheses.
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Appendix C: Robustness check

C-1: Robustness check for the definition of media

Classifying information sources on COVID-19 into traditional and nontraditional media may be subject

to debate. To assess the robustness of our main results, we re-estimate the interval censored regression

model for predictions using an alternative definition of media. In this re-estimation, we classify govern-

mental, corporate, specialized institutions’ websites, and academic information under the traditional

media category (Table 12), as information from academic and governmental sources tends to be more

coherent and less diffuse.

The estimation results, reported in Tables 15 and 16, confirm that the findings presented in Tables

3 and 4 are robust to this alternative definition of media, both in terms of statistical significance and

the magnitude of significant estimates.

C-2: Robustness check for the definition of y
∗

pred,it

The latent prediction y∗pred,it for respondent i is defined as the number of months remaining until

the predicted end of the pandemic, as assessed at time t. For instance, y∗pred,i1 = 3 indicates that

in round 1, respondent i predicts the pandemic will end within three months, whereas y∗pred,i2 = 3

signifies that at round 2, the same respondent predicts the pandemic will end within three months.

This definition of y∗pred,it may be subject to debate, as the same numerical value at different time points

(e.g., y∗pred,i1 = y∗pred,i2 = 3) does not correspond to the same calendar month.

To assess the robustness of our main results to this definition of y∗pred,it, we re-estimate the interval

censored regression model for predictions using an alternative definition of y∗pred,it that aligns with the

calendar date.

Under this alternative specification, y∗pred,it is redefined as the number of months counted from the

start of the first round of the survey. For example, y∗pred,i1 = 3 means a prediction that the pandemic

will end within three months, whereas y∗pred,i2 = 3 means a prediction that the pandemic has already

ended, given that round 2 was conducted three months after the first round.

The estimation results, reported in Tables 17 and 18, confirm that the findings are robust to this

alternative definition of y∗pred,it, both in terms of statistical significance and the magnitude of significant

estimates.
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Table 15: Interval censored model of predictions, robustness for the
definition of traditional media: Estimates of βpred

(1) (2)

Estimates of βpred

Vaccination rate 2.480 (5.816) 4.623 (5.104)
Number of infections 0.012 (0.011) 0.052 (0.026)
Ever infected -0.795 (1.956) -0.064 (1.990)
Round 2 dummy 6.210 (4.374) 7.238 (4.484)
Round 3 dummy 6.552 (2.865) 5.940 (3.031)
Round 4 dummy 5.257 (3.765) 0.895 (3.769)
Round 5 dummy -0.108 (4.896) -4.312 (4.653)
Nontraditional media ×

Vaccination rate 4.147 (11.850) 1.707 (10.524)
Number of infections 0.038 (0.025) -0.058 (0.059)
Ever infected -0.402 (3.240) 0.819 (2.875)
Round 2 dummy -2.092 (8.876) 1.722 (8.856)
Round 3 dummy -3.820 (6.752) 2.426 (6.702)
Round 4 dummy -8.685 (7.356) -5.541 (7.461)
Round 5 dummy -8.007 (10.210) -2.648 (9.339)

Note: Standard errors are displayed in the parentheses.
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Table 16: Interval censored model of predictions, robustness for the defini-
tion of traditional media: Estimates of γpred

(1) (2)

Estimates of γpred

Constant 1.753 (0.207) 2.626 (0.186)
Age -0.004 (0.001)
Education -0.045 (0.009)
Female -0.106 (0.027)
Married -0.024 (0.024)
High density prefecture -0.010 (0.023)
Average of GAD–7 -0.016 (0.064)
Average of PHQ–9 0.035 (0.049)
Average of Trust -0.040 (0.037)
Variance of GAD–7 0.179 (0.065)
Variance of PHQ–9 -0.010 (0.043)
Variance of Trust 0.273 (0.111)
Nontraditional media 0.207 (0.019) 0.166 (0.028)

Estimates of exp(Z̄iγpred)
Nontraditional media 7.101 6.953
Traditional media 5.773 5.887

Difference in exp(Z̄iγpred)
between users of nontraditional 1.328 1.066
and traditional media

95 percent prediction
interval of exp(Z̄iγpred)eit

Nontraditional media [ -26.026, 26.017 ] [ -25.484, 25.476 ]
Traditional media [ -21.159, 21.152 ] [ -21.576, 21.569 ]

Note: Standard errors are displayed in the parentheses. Z̄i denotes the average
of Zi.
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Table 17: Interval censored model of predictions, robustness for the
definition of y∗pred,it: Estimates of βpred.

(1) (2)

Estimates of βpred

Vaccination rate 3.663 (4.849) 2.003 (4.891)
Number of infections 0.004 (0.010) 0.020 (0.017)
Ever infected -1.921 (1.607) -0.695 (1.668)
Round 2 dummy 10.257 (4.315) 9.516 (4.346)
Round 3 dummy 8.488 (2.783) 8.046 (2.850)
Round 4 dummy 2.866 (3.555) 2.868 (3.636)
Round 5 dummy 0.227 (4.469) 1.979 (4.627)
Nontraditional media ×

Vaccination rate 9.121 (8.701) 7.801 (8.630)
Number of infections 0.039 (0.021) 0.055 (0.035)
Ever infected -0.289 (2.257) -0.404 (2.205)
Round 2 dummy -12.240 (6.893) -3.909 (7.341)
Round 3 dummy -6.420 (5.744) -1.238 (5.750)
Round 4 dummy -9.396 (6.283) -9.067 (6.481)
Round 5 dummy -9.757 (8.072) -8.401 (8.009)

Note: Standard errors are displayed in the parentheses. In this esti-
mation, we remove respondents by whom the time taken to answer the
question is shorter than 1 minute or longer than 120 minutes; y∗pred,it is
the number of weeks elapsed since the start of the survey.
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Table 18: Interval censored model of predictions: time dummies, robustness
for the definition of y∗pred,it: Estimates of γpred

(1) (2)

Estimates of γpred

Constant 1.633 (0.008) 2.520 (0.187)
Age -0.004 (0.001)
Education -0.046 (0.009)
Female -0.107 (0.024)
Married 0.016 (0.021)
High density prefecture 0.008 (0.020)
Average of GAD–7 0.040 (0.046)
Average of PHQ–9 -0.033 (0.036)
Average of Trust -0.054 (0.033)
Variance of GAD–7 0.139 (0.056)
Variance of PHQ–9 0.020 (0.026)
Variance of Trust 0.264 (0.110)
Nontraditional media 0.173 (0.015) 0.145 (0.023)

Estimates of exp(Z̄iγpred)
Nontraditional media 6.086 6.067
Traditional media 5.119 5.248

Difference in exp(Z̄iγpred)
between users of nontraditional 0.967 0.819
and traditional media

95 percent prediction
interval of exp(Z̄iγpred)eit

Nontraditional media [ -22.304, 22.297 ] [ -25.484, 25.476 ]
Traditional media [ -18.760, 18.754 ] [ -21.576, 21.569 ]

Note: Standard errors are displayed in the parentheses. In this estimation, we
remove respondents by whom the time taken to answer the question is shorter
than 1 minute or longer than 120 minutes; y∗pred,it is the number of weeks elapsed

since the start of the survey. Z̄i denotes the average of Zi.
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Appendix D: Representativeness of data

As discussed in Section 2, we assess the representativeness of our survey data by comparing it with data

from the “FY2020 Survey on Usage Time of Information and Communications Media and Information

Behavior,” conducted by the Ministry of Internal Affairs and Communications (MIC) in January 2021.

This MIC survey employed a placement method and included 1,500 respondents, comprising men and

women aged 13 to 69, who were asked to identify their most frequently used information source for

current affairs. Table 19, which is constructed based on a published aggregate table, presents the

average values of demographic variables in the MIC survey.

Table 19: Demographic differences by information sources: sur-
vey by MIC

Traditional Nontraditional

Female 0.52 0.45
Age

13-19 0.07 0.13
20-29 0.10 0.21
30-39 0.13 0.23
40-49 0.20 0.24
50-59 0.24 0.12
60-69 0.25 0.08

Years of education 13.47 13.69
Household income (10,000 yen) 535.43 544.89

Proportion 0.62 0.38

42



Appendix E: Models for infection prevention behavior

In section 5.2, we estimate the effect of information sources on infection prevention behaviors. This

appendix explains the two models used in the estimation.

The first model is a linear probability model with fixed effects, where the outcome variables are

binary indicators for preventive behaviors. The explanatory variables include control variables and

their interactions with the nontraditional media dummy.

The second model is a regression model for the variance of preventive behaviors. In this model, the

outcome variable is the variance of preventive behaviors, estimated using the residuals from the fixed

effects estimation of the first model. These residuals are then regressed on the nontraditional media

dummy and other controls.

Let ybeh,it denote a binary variable indicating whether an individual engages in the infection pre-

vention behavior against COVID-19. The first model, a linear probability model with fixed effects, is

specified as follows:

ybeh,it = αbeh,i +Xitβbeh + µit,

where αbeh,i is the individual fixed effect, Xit is the vector of control variables, βbeh is the vector of

regression coefficients, and µit is the error term. To account for the fixed effect αbeh,i, we employ a fixed

effects estimator to estimate parameters βbeh.

Let β̂beh denote the fixed effects estimator of βbeh. Then, the residuals are obtained as

̂̇µit = ẏbeh,it − Ẋitβ̂beh,

where µ̇it, ẏbeh,it, and Ẋit represent within-transformations of µit, ybeh,it, and Xit, respectively. For

example, µ̇it = µit − µ̄i, where µ̄i is the individual-specific mean of µit over time.

The outcome variable for the second model is an unbiased estimator of the variance of µit for each

i, defined as σ̂2
beh,i ≡

1
T−1

∑T
t=1

̂̇µ2

it. Then, the variance of preventive behaviors is modeled as

σ̂2
beh,i = Ziγbeh + ǫi,

where Zi includes the nontraditional media dummy and other control variables, γbeh is the vector of

regression coefficients, and ǫi is the error term. The parameter γbeh is then estimated using the ordinary
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least squares (OLS) estimator.

Appendix F: Model for perception

In section 5.2, we estimate the effect of information sources on perception of the risk of COVID-19.

This appendix explains econometric model used for the analysis of perception and presents robustness

checks for the selection of thresholds values.

F-1: Econometric model

Perception is measured using the Fear of COVID-19 Scale (FCV-19S), which is a categorical variable

based on ordered responses. Thus, it is natural to employ estimators for ordered response models. To

account for heteroskedasticity, we modify the fixed effects estimator for ordered logit models developed

by Muris (2017). Let yper,it denote the FCV-19S score for respondent i at time t, and let y∗per,it represent

its latent response, which is assumed to follow:

y∗per,it = αper,i +Xitβper + exp(Ziγper)εit, t = R1, ..., R5

(εiR1, ..., εiR5)|(αper,i,XiR1, ...,XiR5,Zi) ∼ i.i.d. logistic.

where αper,i represents individual fixed effects, Xit and Zi are vectors of individual attributes, βper and

γper are corresponding vectors of parameters. The observed categorical response yper,it is linked to its

latent counterpart y∗per,it through the following threshold model:

yper,it =





1 if y∗per,it < cper,1,

2 if cper,1 ≤ y∗per,it < cper,2,

...

K if cper,K−1 ≤ y∗per,it,

where cper,1, ..., cper,K−1 are threshold values. In our study, we set K = 4.

To estimate the parameter vector θper ≡ (βper,γper, cper)
′ ∈ Θper, we employ the composite-

likelihood estimator proposed by Muris (2017). For t (= R1, ..., R5), let {ρ(t)}R5
t=R1 denote a time
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series of cutoff categories, where each ρ(t) takes values in {1, 2, . . . ,K − 1}. We define the binary

response variable:

dper,iρ = (dper,itρ = 1{yper,it ≤ ρ(t)}, t = R1, ..., R5)

where

dper,itρ ≡ 1{y∗per,it < cper,ρ(t)} = 1{αper,i +Xitβper + exp(Ziγper)εit < cper,ρ(t)}.

Our specification differs from Muris (2017) in that we allow for heteroskedasiticity via exp(Ziγper),

whereas the original paper assumes homoskedasticity. Let d̄per,iρ ≡
∑R5

t=R1 dper,itρ be the number of ob-

servations at or below the corresponding cutoff categories. Define the probability distribution of dper,iρ

conditional on d̄per,iρ,as pper,iρ(d|βper,γper, cper) ≡ P
(
dper,iρ = d|d̄per,iρ = d̄,Xi, αper,i

)
. Let Fd̄per

de-

note the set of all binary series that set exactly d̄per elements to 1: Fd̄per
=

{
f ∈ {0, 1}5 such that f̄ = d̄per

}
.

Consequently, equation (17) of Muris (2017) is modified as follows:

piρ(dper|βper,γper, cper) =





∑

f∈Fd̄per

exp

{
R5∑

t=R1

(ft − dper,t)(cper,ρ(t) − cper,ρ(1))

exp(Ziγper)
−

R5∑

t=R1

(ft − dper,t)Xitβper
exp(Ziγper)

}



−1

.

When ρ is appropriately chosen, we can estimate θper as following equation.

θ̂per,ρ = argmax
1

n

n∑

i=1

1[dper,i = dper] ln pper,iρ(dper|θper,ρ).

However, θ̂per,ρ is often sensitive to choice of ρ. Therefore, we employ the composite maximum likelihood

estimator, as given in equation (34) of Muris (2017). The estimator is expressed as follows:

θ̂per = argmax
1

n

n∑

i=1

q(dper,i,Xi,Zi, θper)

where

q(dper,i,Xi,Zi, θper) = −
∑

ρ

1[dper,i=dper] ln
∑

f∈Fd̄per

exp

{
R5∑

t=R1

(ft − dper,t)(cper,ρ(t) − cper,ρ(1) −Xitβper)

exp(Ziγper)

}
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Table 20: Ordered logit model for perception, robust-
ness for the thresholds selection: Estimates of βper

and thresholds

Estimate Std. Error

Estimates of βper

Vaccination rate -0.029 (0.231)
Number of infections 0.002 (0.001)
Ever infected -0.196 (0.111)
Round 2 dummy 0.236 (0.022)
Round 3 dummy 0.141 (0.019)
Round 4 dummy -0.002 (0.103)
Round 5 dummy -0.072 (0.198)
Nontraditional media ×

Vaccination rate -0.006 (0.427)
Number of infections -0.001 (0.001)
Ever infected 0.117 (0.175)
Round 2 dummy -0.025 (0.040)
Round 3 dummy -0.034 (0.035)
Round 4 dummy 0.064 (0.191)
Round 5 dummy 0.020 (0.365)

Thresholds
between 1 and 2 -0.989 (0.631)
between 2 and 3 0.053 (0.632)
between 3 and 4 1.179 (0.634)

Note: The explained variable is a ordered variable based
on the value of the FCV-19S scale (takes the largest value
4 if a respondent is afraid of COVID-19 and 1 if the re-
spondent is not afraid of COVID-19).

The standard error of θ̂per is estimated using the asymptotic variance of the M-estimator. Let s(dper,i,Xi,Zi, θper)

and H(dper,i,Xi,Zi, θper) denote the score and hessian of the objective function q(dper,i,Xi,Zi, θper),

respectively. Define A as a sample analogue of E[s(dper,i,Xi,Zi, θ̂per)s
′(dper,i,Xi,Zi, θ̂per)], and define

B as a sample analogue of E[H(dper,i,Xi,Zi, θ̂per)]. We then estimate the standard error of θ̂per using

the trace of the asymptotic variance matrix n−1A−1BA−1.

F-2: Robustness of threshold selection

To examine the robustness of the threshold selection, Tables 20 and 21 present the results obtained

using 10 randomly selected permutations of the threshold sequence 1–1–2–2–3. The results remain

consistent with those reported in Tables 10 and 11, indicating that the interpretation does not change.
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Table 21: Ordered logit model for perception, robustness
for the thresholds selection: Estimates of γper

Estimate Std. Error

Estimates of γper

Nontraditional media 0.034 (0.020)
Marriage 0.088 (0.021)
Age -0.010 (0.001)
Female -0.154 (0.019)
Education -0.028 (0.003)
High density prefecture 0.007 (0.020)
Average of PHQ-9 -0.025 (0.025)
Average of GAD-7 0.017 (0.033)
Average of Trust -0.011 (0.027)
Variance of PHQ-9 0.046 (0.013)
Variance of GAD-7 0.149 (0.038)
Variance of Trust 0.226 (0.081)

Estimates of exp(Z̄iγper)
Nontraditional media 0.404
Traditional media 0.391

Difference in exp(Z̄iγper)
between users of nontraditional 0.013
and traditional media

95% prediction interval of exp(Z̄iγper)εit
Nontraditional media [ -1.482, 1.482 ]
Traditional media [ -1.432, 1.432 ]

Note: The explained variable is a ordered variable based on
the value of the FCV-19S scale (takes the largest value 4 if a
respondent is afraid of COVID-19 and 1 if the respondent is not
afraid of COVID-19). Z̄i denotes the average of Zi.
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