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Using a large news corpus and machine learning algorithms we investigate the role played 

by the media in the expectations formation process of households, and conclude that the 

news topics media report on are good predictors of both inflation and inflation expec- 

tations. In turn, in a noisy information model, augmented with a simple media channel, 

we document that the time series features of relevant topics help explain time-varying 

information rigidity among households. As such, we provide a novel estimate of state- 

dependent information rigidities and present new evidence highlighting the role of the 

media in understanding inflation expectations and information rigidities. 
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1. Introduction 

The fourth estate, i.e., the news media, plays an important role in society and is a primary source of information for most

people. 1 In macroeconomics, expectations are center stage. But, expectations are shaped by information, and information

does not travel unaffected through the ether. Rather, it is digested, filtered, and colored by the media. Surprisingly, however,

the potential independent role of the media in the expectation formation process has received relatively little attention in

macroeconomics. 

This paper builds on a growing literature providing evidence in favor of information rigidities rather than full-information

rational expectations (FIRE; Armantier et al., 2016; Coibion and Gorodnichenko, 2012; Coibion and Gorodnichenko, 2015;

Dovern et al., 2015 ), and investigates the relationship between news and households’ inflation expectations in such settings.

In particular, we take the view that agents make endogenous information choices ( Mackowiak and Wiederholt, 2009;

Sims, 2003; Woodford, 2009 ), but that no agent has the resources to monitor all the events potentially relevant for her

decision, and thus delegate their information choice to specialized news providers, who report only a curated selection of

events. As formalized in Nimark and Pitschner (2019) , the media act as “information intermediaries” between agents and

the state of the world. 2 Two implications of these views are that: i) media coverage should predict households’ inflation

expectations, and ii) the degree of information rigidity, as defined more precisely below, will be time-varying and a function

of media coverage. 
∗ Corresponding author. Department of Economics, BI Norwegian Business School, Nydalsveien 37, 0484 Oslo, Norway. 
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1 See, for example, Blinder and Krueger (2004) , Curtin (2007) , and Fullone et al. (2007) . 
2 Rather than agents deciding ex-ante on the expected usefulness of a particular signal, as in, e.g., the costly information literature ( Grossman and 

Stiglitz, 1980 ), knowledge of events is jointly determined ex-post through a delegated information choice mechanism. 
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These implications are tested in two stages. First, the predictive relationship between news and expectations is addressed.

To this end, we hypothesize that when the media writes extensively about topics related to, e.g., technology or health,

even without explicitly mentioning terms related to inflation, this reflects that something is happening in these areas that

could potentially have economy-wide effects and might therefore also affect inflation expectations. In turn, this conjecture

is made operational using a Latent Dirichlet Allocation ( Blei et al., 2003 ) model and a large news corpus from the Dow Jones

Newswires Archive (DJ) to construct 80 time series measures of the news topics the media write about, i.e., the different

types of news reporting. 

Using penalized linear regressions to handle the high-dimensional predictive problem, and focusing on inflation and

households’ inflation expectations, measured by the University of Michigan Surveys of Consumers (MSC), we find that many

of the news topics written about in the media have high predictive power for both inflation and expectations. There is

also a large intersection in the selected topic sets for these two outcome variables, and our results imply that relevant

news coverage helps households form more accurate expectations. Furthermore, the narrative realism of the approach is

good. Topics about, e.g., (IT) technology and health, significantly affect households’ inflation expectations. Additional results

strongly indicate that this type of textual data contains information not captured by a large set of roughly 130 conventional

economic indicators, suggesting that the media is an important information source for households. In contrast, but following

the intuition that the media matters foremost for households and less so for professionals, there is little evidence for a

relationship between news topics and inflation expectations from the Survey of Professional Forecasters (SPF). 

The MSC micro-data is used to further validate the news-topic-based approach, and shows that the predictive relation-

ship between news topics and expectations align well with conventional stereotypes and what we know about expenditure

patterns and media consumption habits. News related to health and politics, for example, tends to be more important for

elderly survey respondents than for young people. 

Turning to information rigidities, we augment the noisy information framework in Coibion and Gorodnichenko (2015) by

allowing for state dependence in the degree of information rigidity, and an explicit, but simple, role for the media. The

mechanics of the model are straight forward. When an important event happens, media coverage potentially becomes more

persistent, and the signal less noisy, and thereby easier to filter for the agents. Accordingly, information rigidity is reduced

as agents put more weight on new information relative to their previous forecasts. 

Testing these predictions empirically supports the media channel view. There is high-frequency time variation in infor-

mation rigidity, and this variation can be explained by the time series properties of relevant news coverage, as the theory

predicts. We further show, in a falsification experiment, that this result is unlikely to be obtained by chance, and using prop-

erties of inflation itself, or other economic indicators with predictive power for households’ expectations, does not deliver

theory-consistent results. 

The contribution of our analysis is threefold. First, by analyzing media’s role in the expectation formation process, our

analysis speaks directly to work by Doms and Morin (2004) , Pfajfar and Santoro (2013) , Lamla and Lein (2014) , Dräger and

Lamla (2017) , and Ehrmann et al. (2017) . The epidemiological model of inflation expectations by Carroll (2003) is particularly

well known. However, we make an important contribution in how we use text as data in this setting. In contrast to the

earlier literature, where analyses have been based on counting inflation terms in the news to measure media (inflation)

intensity or survey variables measuring whether people have heard news about prices, we take a topic-based approach. And,

indeed, this approach delivers results in accordance with our media mechanism, while the traditional text- and survey-based

methods do not. 

Second, we are the first to investigate the relationship between information rigidities and news within a well-established

theory-based testing framework ( Coibion and Gorodnichenko, 2015 ). This allows us to directly test the null of FIRE versus

the alternative news-driven information rigidity view. 

Third, we provide direct evidence of high-frequency time-variation in the degree of information rigidity among house-

holds in the U.S. As such, our results complement Loungani et al. (2013) , Coibion and Gorodnichenko (2015) , and

Dovern et al. (2015) , who document low-frequency changes in information rigidity among professionals and in international

panels. 

In sum, the analysis conducted here provides positive evidence in favor of the state-dependent information rigidity view,

but emphasizes the role of information providers. For this reason, the analysis also speaks to the literature trying to identify

the causal effect of the media. This has been relatively unexplored in macroeconomics, but has received much more atten-

tion in other branches of the literature and in other sciences ( Gentzkow et al., 2011; King et al., 2017; Prat, 2018; Shiller,

2017 ). 

2. Expectations and news 

To study the relationship between expectations and news, Section 2.1 describes the news corpus and how the textual

data is transformed into quantitative time series. The predictive results are presented in Section 2.2 . 
Please cite this article as: V.H. Larsen, L.A. Thorsrud and J. Zhulanova, News-driven inflation expectations and information 
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2.1. The news 

Our news media corpus consists of roughly five million news articles, written in English, from the Dow Jones Newswires

Archive (DJ), covering the period 1990 to 2016. The database covers a large range of Dow Jones’ news services, including

content from The Wall Street Journal . 

Arguable, the DJ includes only a subset of news households consume. Still, news stories relevant for inflation are un-

doubtedly well covered by this type of business news. The Dow Jones company, and its flagship publication, The Wall Street

Journal , is also one of the largest newspapers in the U.S. in terms of circulation. This means that it has a large footprint in

the U.S. media landscape, and it is likely that its news coverage spills over to news sources that households follow more

directly, e.g., television, or smaller news outlets ( King et al., 2017 ). While minor news events might not be covered by this

data source, major economic or political events are surely covered by both DJ and other media outlets households might

follow. 

To make our news-topic-based hypothesis operational, we use a Latent Dirichlet Allocation (LDA) model ( Blei et al., 2003 ),

where each article is treated as a mixture of topics and each topic is treated as a mixture of words. The LDA is one of the

most popular topic models in the Natural Language Processing (NLP) literature because of its simplicity, and because it has

proven to classify text in much the same manner as humans would ( Chang et al., 2009 ). Thus, the LDA transforms something

large and complex, i.e., the corpus, into something that is relatively small, dense, and interpretable. 

As is common in this literature, the news corpus is cleaned prior to estimation. We remove stop-words, conduct stem-

ming, and apply term frequency - inverse document frequency calculations. A more detailed description of these steps is

given in Appendix A.1. Likewise, in the interest of preserving space, the LDA model is described in Appendix A.2. Note

here that, based on results in Larsen and Thorsrud (2019) and Thorsrud (2018) , 80 different topics are extracted in total,

where the average of the last 10 iterations of the Gibbs simulations, used to estimate the LDA, are used as measures of

article weights and topics. Using the output from the LDA, the topic decomposition is transformed into time series, mea-

suring how much each topic is written about at any given point in time. Finally, the tone of the news is computed, using

a simple dictionary-based approach and output from the topic model, to sign-adjust the topic frequencies. A more detailed

description of this latter step is relegated to Appendix A.3. 

To build intuition, Fig. 1 illustrates the output from the above steps for six of the 80 topics. A full list of the estimated

topics is given in Table B.1, in Appendix B. First, the LDA produces two outputs; one distribution of topics for each article

in the corpus, and one distribution of words for each of the topics. The latter distributions are illustrated using word clouds

in Fig. 1 . A bigger font illustrates a higher probability for the terms. As the LDA estimation procedure does not give the

topics any name, labels are subjectively given to each topic based on the most important terms associated with each topic.

How much each topic is written about at any given point in time, and its tone, is illustrated in the graphs below each word

cloud. The graphs should be read as follows: Progressively more positive (negative) values means the media writes more

about this topic, and that the tone of reporting on this topic is positive (negative). 

2.2. News-driven inflation expectations? 

The existing literature is largely silent about which types of news households (on average) pay attention to in relation to

inflation. 3 Accordingly, we map the high-dimensional news topic dataset to inflation expectations using the Least Absolute

Shrinkage and Selection Operator (LASSO; Tibshirani, 1996 ). The LASSO method shrinks parameter estimates for unimportant

variables towards zero, thereby encouraging simple and sparse models. 

More formally, we run penalized linear predictive regressions like 

F t πt +12 ,t +1 = a + 

M ∑ 

n =1 

b n NT n,t−1 + εt , (1)

where F t πt +12 ,t +1 is households’ expectations, at time t , of inflation over the next year, and M is the number of news topics

NT n,t−1 . All variables are lagged one period relative to F t πt +12 ,t +1 t o avoid simultaneity issues and look-ahead biases. The

amount of regularization is optimized by setting the LASSO shrinkage parameter using 5-fold cross-validation, and all vari-

ables are standardized prior to estimation. In line with the predictive purpose of the LASSO, we focus on partial R 2 statistics

and significance levels, computed using a post-LASSO routine on the selected variable set ( Belloni and Chernozhukov, 2013 ),

when reporting the results. Finally, as a benchmark control variable, lagged CPI inflation is always included in the regressions

(irrespective of whether or not it is selected by the LASSO). 

Column I in Table 1 summarizes our first results. Among 80 potential news topics, 20 are selected. Of these, 6 are

significant, and the adjusted R 2 statistic is as high as 57%. The selected set includes topics like Education , Trading , Health ,

Internet , The White House , and Transactions . As also documented in earlier research (see Coibion et al., 2018 for an overview),

past inflation is an important variable, while the partial R 2 statistics suggest that the Health topic contributes the most to

the regression fit among the topics. For future reference, we label the selected topic variable set S e . 
3 If anything, news coverage about a primary candidate, monetary policy, is potentially ineffective because households in general are found to be poorly 

informed about central bank policies (see Coibion et al., 2019 and the references therein). 
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Fig. 1. Topic distributions and time series. For each topic, the size of a word in the word cloud reflects the probability of this word occurring in the topic. 

Each word cloud only contains a subset of all the most important words in the topic distribution. Topic labels are subjectively given. The topic time series 

are normalized. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

To further test the independent relevance of news topics we augment the regression with roughly 130 hard economic in-

dicators from the FRED-MD database and re-estimate the LASSO. The FRED-MD is compiled by McCracken and Ng (2016) and

is a much used dataset containing (leading) indicators covering the stock market, interest rates and exchange rates, prices,

income, consumption, and the labor market (Appendix C). As seen from column II in Table 1 , the adjusted R 2 statistic in-

creases for this larger model, but not by a very large margin. Fewer topics are also selected, but the significant topics in the

news-only regression tend to stay significant. 4 

The topics might not have been given names by us that intuitively link them to inflation expectations. Still, Table 2 shows

that the narrative realism of the approach is good. The table contains examples selected by querying the news corpus,

of roughly five million articles, for articles where topics important for expectations have a particularly high weight. The

Education story, for example, talks about expenses, while the Health and Transactions stories talk about costs and fees. Media

coverage related to these types of news might all plausibly affect how households consider inflation developments. As an

alternative, to help interpretation, one could interpret each topic as belonging to clusters of higher order abstractions, like,

politics, technology, etc. The first columns in Tables 1 and 2 illustrate this, where a clustering algorithm has been used to

group the topics into broader categories (Figure B.4 in Appendix B). For example, the Internet topic is automatically grouped

together with the Smartphones and Software topics, making it apparent that these news types are (IT) technology related. 

In line with our motivation for the topic-based approach, none of the stories listed in Table 2 actually contain explicit

inflation terms. In contrast, the conventional method used to measure the intensity of media reporting relevant for inflation

expectations has been to count the number of terms related to inflation in the corpus’ articles. To more formally compare

approaches, we construct a traditional media measure by counting terms related to inflation in articles using the wild-card
4 As illustrated in Table B.2, in Appendix B, among the hard economic indicators selected are many variables already focused on in the earlier literature, 

such as, production indicators ( Ehrmann et al., 2017 ), volatility measures ( Dräger and Lamla, 2017 ), and consumer sentiment ( Doms and Morin, 2004 ). 
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Table 1 

Expectations, inflation, and news. The table reports the partial R 2 statistics from regressing MSC expectations and 

inflation on news topics and past inflation ( πt −1 ,t −12 ) using the (post-) LASSO algorithm. For readability, the partial 

R 2 statistics associated with the topics are scaled to sum to one, using the weights reported in the row � partial R 2 . 

The FRED-MD data are included in the regressions when indicated. To conserve space, the selected hard economic 

indicators are reported in Table B.2, in Appendix B. Topic names are reported in column two, while the group names 

in the first column are derived using a hierarchical agglomerative clustering algorithm (Figure B.4 in Appendix 

B). ∗ , ∗∗ , and ∗∗∗ , indicate that the underlying coefficients are statistically significant at the 10%, 5%, and 1% level, 

respectively. 

Group name Topic name Expectations: F t πt +12 ,t +1 Inflation: πt +12 ,t +1 

I II III IV V 

Banking/ Funding 0.18 ∗∗∗

insurance Insurance 0.04 ∗∗

East Asia East Asia 0.02 0.06 ∗∗

Eductation/ Education 0.11 ∗∗∗ 0.21 ∗∗∗ 0.20 ∗∗∗ 0.02 0.09 ∗∗∗

Lifstyle Public safety 0.00 0.05 0.09 ∗∗∗ 0.02 ∗ 0.15 ∗∗∗

Sports 0.03 ∗∗ 0.14 ∗∗∗

Europe Europe 0.06 ∗∗∗ 0.09 ∗∗∗

Food/Retail Food 0.10 ∗∗∗

Geo. politics Russia 0.02 

Gov. econ. Clients 0.01 0.00 0.20 ∗∗∗ 0.05 ∗∗ 0.12 ∗∗∗

policy Transactions 0.09 ∗∗ 0.14 ∗∗ 0.00 

Health Health 0.28 ∗∗∗ 0.19 ∗∗∗ 0.01 0.00 0.09 ∗∗∗

Leadership Leadership 0.01 0.00 

Macro/Market Agriculture 0.03 0.02 

Petroleum 0.03 ∗∗

Stock indices 0.00 0.00 

Volatility 0.01 

Labor market 0.04 0.05 ∗∗ 0.05 ∗∗

Fear 0.01 0.01 

Events 0.02 0.01 

Commodities 0.02 0.06 ∗∗

News/results News service 0.00 0.00 

Politics Strategy 0.03 0.04 0.00 

Commentary 0.05 ∗∗ 0.03 

The White House 0.04 ∗ 0.01 

Regulation Regulations 0.04 ∗∗ 0.04 ∗

Documentation 0.00 0.00 

Restructuring M&A 0.01 0.02 0.00 

Stocks Stocks 0.01 0.04 ∗

Technology Smartphones 0.03 0.04 ∗ 0.08 ∗∗∗

Internet 0.11 ∗∗∗ 0.28 ∗∗∗ 0.19 ∗∗∗ 0.11 ∗∗∗ 0.19 ∗∗∗

Trading Trading 0.12 ∗∗∗ 0.05 ∗∗

Transportation Automobiles 0.08 ∗∗∗ 0.00 

Aviation 0.03 0.06 0.01 

� partial R 2 (topics) 0.21 0.12 0.30 0.44 0.32 

Controls Past Inflation 0.26 ∗∗∗ 0.29 ∗∗∗ 0.00 0.00 a 0.11 ∗∗∗a 

FRED-MD False True False False True 

Summary # topics / # FRED-MD 20.00 /0 9.00 / 13.00 20.00/ 0 21.00 /0 13.00 /7.00 

statistics Adjusted R 2 0.57 0.69 0.28 0.44 0.60 

Estimator LASSO LASSO OLS LASSO LASSO 

Name of the (topic) set S e S e | FMD S e S π S π | FMD 

a The variable is not chosen by LASSO, but still included in the post-LASSO regression. 

 

 

 

 

 

 

 

 

search inflation ∗ (Figure B.1 in Appendix B) and include this variable in the LASSO together with the other variables. Doing

so, we observe it is not selected. 

2.3. Expectations and inflation 

Economic theory, like the New Keynesian Phillips Curve, suggest there should be a strong relationship between inflation

expectations and actual inflation, even in the presence of information rigidities ( Coibion et al., 2018 ). This is also the case

here. When regressing CPI inflation on the lagged news topics selected in the LASSO regression reported in column I in

Table 1 , half of the significant topics remain significant (column III ). Allowing all the news topics to enter the variable

selection problem results in a similarly sized set of topics, while the adjusted R 2 statistic increases from 0.28 to 0.44 (column

IV ). Thus, using the news topics relevant for households only reduces the model fit by roughly 35%. These results are robust

to controlling for all the hard economic indicators in the variable selection problem. As above, topics in the Macro/Market
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Table 2 

Narrative realism and story examples. The examples are found by querying the corpus, of roughly 5 million articles, for articles where the news topics 

listed in column two have at least a top-ten weight. The date of publication is printed in parenthesis, and only the first sentences of each article are 

reported. 

Group name Topic name Story example 

Transportation Aviation (2013-01-24) Want a quick 30% discount on your family’s trip to Europe or Hawaii? In the crazy airfare 

world, sometimes buying two tickets is cheaper than one. Pairing two discounted tickets together to create 

your own connecting itinerary can often be less expensive than flying on one ticket, if you take advantage 

of airlines’ city-specific specials, or create your own route using discount airlines. 

Education/ Lifestyle Education (2014-02-10) It’s no secret that one way to reduce the cost of getting a bachelor’s degree is to take classes 

at a less-expensive community college first. What isn’t nearly as well-known is how to go about saving 

that money. For instance, some parents and students may not realize that not all community-college 

credits can be transferred and applied toward a higher degree at a four-year school. Or they may not 

know about programs that allow... 

Technology Internet (2011-12-02) Google’s plan to partner with major retailers and shippers to help online shoppers get 

products delivered within a day signals a ratcheting-up its rivalry with e-commerce king Amazon. But the 

move likely won’t come as a surprise to Amazon CEO... Bezos’s initial fears about Google were realized 

when the fast-rising search engine launched its first price-comparison service, Froogle, in 2002... 

Health Health (2006-08-16) An experimental blood test has shown a glimmer of promise of one day addressing a major 

health-care challenge: detecting lung cancer at an early stage. The test, developed by researchers at the 

University of Kentucky, is designed to identify... Mr. Cohen of 20/20 GeneSystems estimates the cost of the 

blood test would be less than $200. CT scans can cost between $300 and $1,000 and usually aren’t covered 

by... 

Gov. econ. policy Transactions (2010-06-25) Retail banking in the U.S. may never be the same again. Proposed legislation limiting 

debit-card transaction fees paid by merchants will bite into the income of major U.S. card issuers... Main 

Street will ultimately pay the price, though. Financial institutions have repeatedly said that, to offset the 

loss of billions of dollars in revenue, they must charge higher fees on basic banking products and water 

down rewards programs tied to debit-card use... 

Fig. 2. Forecast error variances. The black stars in the figures report the forecast error variance, i.e., v ar(πt+ h − F t πt+ h ) , where πt+ h denote actual inflation 

over the next year, and F t πt+ h = F t πt +12 ,t +1 , i.e., households’ expectations of this outcome. Letting F t ̂  πt+ h ∼ N(α + β
′ 
NT S t−1 , σ

2 
ε ) , i.e., expectations explained 

by news topics, the black circles and gray boxes report the median forecast error variance from v ar(πt+ h − F t ̂  πt+ h ) , with 90% confidence bands. Fig. 2 a and 

b report these statistics for the aggregated and disaggregated MSC data, respectively. In the former case, the news topics in NT S are defined by the set 

listed in column II of Table 1 . In the latter case, the news topics in NT S are defined in Table B.3, in Appendix B. 

 

 

 

 

 

 

 

group typically drop out when controlling for the FRED-MD data, but almost 60% of the news topics in the selected set

S e | FMD for households’ expectations (column II ) are in the selected set S π | FMD for inflation (column V ). 

From a forecasting perspective, Fig. 2 a shows that households have a forecast error variance above 2. Using the part

of expectations explained by the news topics when computing this statistic improves forecasting performance by roughly

10%, i.e., media coverage helps households form more accurate expectations. Additional results presented in Appendix D

document that the significant predictive relationship between inflation, expectations, and news topics withstands out-of- 

sample evaluation. 

2.4. The survey of professional forecasters and cross sectional differences 

It is interesting to contrast our results with those obtained if households’ expectations in (1) are replaced by expectations

from SPF. A priori we conjecture that professional forecasters surely know and follow actual CPI inflation and have much less

need to delegate their information choice to the media. And, indeed, when predicting quarterly SPF CPI inflation expectations

using news topics aggregated to quarterly frequency, none of the news topics are selected. 
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Fig. 3. Biplot of partial R 2 . The figure reports a principal-component-based biplot of the normalized partial R 2 weights in Table 3 . Three common compo- 

nents explain roughly 90% of the overall variation in the data, and all loadings point in the same (positive) direction for the first common component. For 

visual clarity, only components two and three are graphed. The gray dotted markers are the factors. Their labels have been stacked together in the lists 

displayed in each quadrant of the figure depending on their position in the space covered by the decomposition. The text in parenthesis is the associated 

group name, derived using a hierarchical agglomerative clustering algorithm (Figure B.4 in Appendix B). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

As more carefully described in Appendix E, earlier literature and data on expenditure patterns and media consumption

habits suggest there is substantial heterogeneity among survey respondents, especially along the age, but also gender and

income, dimensions. We use this knowledge and the MSC micro-data to further validate the topic-based approach. 

The disaggregated data is naturally more volatile than aggregated expectations. To discipline the analysis, Table 3 shows

the results from simply regressing inflation expectations for eight different survey cohorts on the lagged news topics in the

set S e from above. There is a large common component in terms of which news topics predict expectations. Topics related to

the Macro/Market and Health groups often receive particularly high scores and significance. Fig. 3 , a biplot of the normalized

partial R 2 weights in Table 3 , illustrates the more subtle nuances in these results. In line with data on expenditure patterns

and media consumption habits, there is a clear distinction along the age dimension. Expectations among elderly are more

associated with news about health and politics, while expectations among the young are more associated with news related

to education and lifestyle. Whereas the elderly are a relatively homogeneous group, young males relate more to news about,

e.g., transportation and technology, while young females relate more to education and lifestyle news. Along the income

dimension, however, we do not find any clear mapping to expenditure patterns and media consumption habits in these

data. 

Expanding the analysis by allowing the LASSO to select the relevant news topics results in more dispersed variable sets.

Still, the decomposition of the normalized partial R 2 statistics from the LASSO regressions continue to indicate that the

elderly are more associated with health-related news than the young (Figure B.2 and Table B.3 in Appendix B). Likewise,

the earlier finding suggesting news increases forecasting accuracy in aggregated expectations tend to hold for elderly survey

respondents, but is only statistically significant for elderly male respondents ( Fig. 2 b). 

3. Information rigidities in theory 

We now turn to address whether the degree of information rigidity among households is state-dependent and a function

of media coverage. To structure the analysis, the easy to implement noisy information model suggested by Coibion and

Gorodnichenko (2015) is augmented with a simple reduced form media channel. 

We start by making the assumption that households do not follow inflation as measured by the statistical agency per se,

but get information about future prices primarily through the media, which operate as information intermediaries between

agents and the state of the world ( Nimark and Pitschner, 2019 ). While this information object is high-dimensional, letting

πN 
t denote an aggregated measure of relevant media coverage, the signal agent i receives about inflation at time period t is

s it = πN 
t + ω it ω it ∼ N(0 , σ 2 

ωt ) , (2)

where ω it is idiosyncratic noise. The noise term captures differences in how agents weigh and interpret different news

sources and items, while the precision of the signal is state-dependent. 

News coverage has persistence, and the time series properties of media coverage, as perceived by the agents, are modeled

as an autoregressive process 

πN 
t = ρN 

t π
N 
t−1 + νN 

t νN 
t ∼ N(0 , σ 2 

νt ) , (3)
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Table 3 

Cross-sectional expectations and news. The table reports the partial R 2 statistics from regressing MSC expectations on news topics and past inflation 

( πt −1 ,t −12 ) using OLS. The set of news topics is chosen based on the results in column I in Table 1 . For readability, the partial R 2 statistics associated with 

the topics are scaled to sum to one, using the weights reported in the row � partial R 2 . See Appendix E for a detailed description of how the survey 

cohorts are constructed from the MSC micro-data. Topic names are reported in column two, while the group names in the first column are derived using a 

hierarchical agglomerative clustering algorithm (Figure B.4 in Appendix B). ∗ , ∗∗ , and ∗∗∗ , indicate that the underlying coefficients are statistically significant 

at the 10%, 5%, and 1% level, respectively. 

Group name Topic name Age1834 Age5597 

Male Female Lowinc Highinc Male Female Lowinc Highinc 

I II III IV V VI VII VIII 

East Asia East Asia 0.00 0.03 0.00 0.04 0.02 0.00 0.01 0.05 

Eductation/ Education 0.00 0.04 0.00 0.01 0.01 0.00 0.00 0.00 

Lifstyle Public safety 0.02 0.03 0.01 0.03 0.00 0.03 0.05 0.00 

Gov. econ. Clients 0.01 0.04 0.01 0.09 ∗ 0.00 0.00 0.01 0.00 

policy Transactions 0.13 ∗∗ 0.10 ∗∗ 0.09 0.14 ∗∗ 0.01 0.01 0.01 0.00 

Health Health 0.09 ∗ 0.23 ∗∗∗ 0.03 0.19 ∗∗∗ 0.25 ∗∗∗ 0.15 ∗∗∗ 0.22 ∗∗∗ 0.13 ∗∗

Macro/Market Agriculture 0.00 0.01 0.03 0.00 0.02 0.01 0.02 0.00 

Stock indices 0.00 0.02 0.01 0.00 0.02 0.04 0.00 0.00 

Labor market 0.01 0.03 0.01 0.01 0.22 ∗∗∗ 0.36 ∗∗∗ 0.21 ∗∗∗ 0.37 ∗∗∗

Fear 0.24 ∗∗∗ 0.00 0.19 ∗∗ 0.00 0.02 0.01 0.05 0.00 

Events 0.02 0.01 0.03 0.00 0.03 0.01 0.01 0.09 ∗

News/results News service 0.01 0.00 0.00 0.00 0.00 0.04 0.00 0.02 

Politics Strategy 0.00 0.02 0.00 0.10 ∗∗ 0.01 0.07 ∗ 0.07 ∗ 0.02 

The White House 0.00 0.02 0.05 0.01 0.11 ∗ 0.03 0.00 0.11 ∗∗

Restructuring M&A 0.00 0.00 0.02 0.03 0.04 0.05 0.09 ∗∗ 0.02 

Stocks Stocks 0.23 ∗∗∗ 0.08 ∗ 0.10 0.10 ∗∗ 0.00 0.06 ∗ 0.04 0.03 

Technology Smartphones 0.01 0.00 0.16 ∗∗ 0.05 0.02 0.00 0.00 0.04 

Internet 0.01 0.01 0.02 0.00 0.14 ∗∗ 0.05 0.11 ∗∗ 0.06 

Trading Trading 0.12 ∗∗ 0.32 ∗∗∗ 0.24 ∗∗ 0.16 ∗∗∗ 0.09 ∗ 0.00 0.00 0.05 

Transportation Aviation 0.09 ∗ 0.00 0.00 0.05 0.00 0.09 ∗∗ 0.09 ∗∗ 0.01 

� partial R 2 0.13 0.14 0.08 0.14 0.11 0.15 0.15 0.13 

Past inflation 0.09 ∗∗∗ 0.08 ∗∗∗ 0.05 ∗∗∗ 0.07 ∗∗∗ 0.01 0.01 ∗ 0.00 0.02 ∗∗

Adjusted R 2 0.15 0.24 0.12 0.15 0.15 0.16 0.11 0.18 

Estimator OLS OLS OLS OLS OLS OLS OLS OLS 

 

 

 

 

 

 

 

 

 

 

 

where ρN 
t and σ 2 

νt depend on the time index t . Variation in ρN 
t can be due to major economic or political events that become

extensively covered by the media, while a higher σ 2 
νt implies that news reporting becomes less predictable, e.g., in times of

abrupt economic or political changes. 

To link inflation to news about inflation, we build on the results presented in the previous section and assume the media

fulfills its purpose in informing the public about important developments in society, and work with a tractable and simple

editorial function 

πN 
t = πt + αt , (4) 

where αt is a time-fixed effect, capturing for example potential media biases. Importantly, under the maintained assumption

that agents do not follow inflation per se, they are not in the position to bias-adjust the news signal towards actual inflation.

Likewise, combining (3) and (4) implies that agents’ perceived time series properties of news are a composite of actual

inflation developments and time-fixed media effects. However, since agents’ have delegated their information choice to the

media, they are not able to discriminate between these two factors. 5 

As agents do not observe relevant news coverage directly ( πN 
t ), but only a noisy measure of it, the fundamental model

feature is a signal extraction problem. The agents use the Kalman filter for this purpose. Given (2) and (3) , the Kalman Gain

is 

K t = ρN 
t 
t (
t + σ 2 

ωt ) 
−1 , (5) 

and captures the weight assigned to new information about πN 
t in the prediction error (with variance 
 t ). Averaging across

agents, iterating h periods forward, and using (4) , gives 

πt+ h − F t πt+ h = c t + βt (F t πt+ h − F t−1 πt+ h ) + e t , (6) 

where F t πt+ h is households’ expectation of future inflation, βt = 

1 −K t 
K , c t = −αt+ h , and e t = 

∑ h 
j=1 (ρ

N 
t ) 

h − j νN 
t+ j . 
t 

5 In general, these assumptions are consistent with Nimark and Pitschner (2019) , who establish optimality conditions for the delegated information 

choice mechanism, and they are consistent with a substantial literature showing that people are not fully informed about important expenses ( Carter 

and Milon, 2005; Chetty and Saez, 2013; Jensen, 2010 ). Moreover, most of the variation in household level inflation is disconnected from movements in 

aggregate inflation ( Kaplan and Schulhofer-Wohl, 2017 ), making it perfectly rational for households to not follow aggregate inflation directly, but rather use 

the news media for this purpose. 
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As in Coibion and Gorodnichenko (2015) , Eq. (6) describes the relationship between ex-post forecast errors and ex-ante

mean forecast revisions. Although individuals form their forecasts rationally conditional on their information set, the ex-

post mean forecast error across agents is systematically predictable using ex-ante mean forecast revisions due to gradual

adjustment of beliefs to new information. A higher value of β t implies a higher degree of information rigidity. Conversely, if

βt = c t = 0 , we have FIRE. The media effect comes through (5) . β t decreases if media persistence ( ρN 
t ) is high and increases

if the amount of noise in the signal ( σ 2 
ωt ) is high (relative to σ 2 

νt ). In contrast, in the conventional model, where agents are

assumed to follow inflation directly, the degree of information rigidity is determined by properties of inflation itself. 6 , 7 

4. Information rigidities in the data 

The theoretical predictions from the model in the previous section are tested using a two-step estimation approach. In

Section 4.1 (6) is used to estimate β t , while we test if the underlying time series features of media coverage help explain

the evolution of β t , as predicted by (5) , in Section 4.2 . 

4.1. Time-varying information rigidities? 

The MSC survey only contains households’ forecast of inflation over the course of the next year, resulting in non-

overlapping time periods in observed forecast revisions. For this reason, we follow Coibion and Gorodnichenko (2015) , and

instrument the forecast revisions using the (log) change in the monthly price of oil. In a time-varying parameter setting,

however, a traditional instrumental variable (IV) estimator will still be biased due to the induced correlation between the

time-varying parameters and the error term. This issue has often been ignored in the literature ( Chang-Jin et al., 2010 ), but

can be solved using a control function approach. As described in Appendix H.1, this implies the following system 

y t = c t + βt x t + γ v ∗t + w t w t ∼ i.i.d.N(0 , σ 2 
w 

) (7)

x t = δt z t + σv v ∗t v ∗t ∼ i.i.d.N(0 , 1) , (8)

where y t = πt +12 ,t +1 − F t πt +12 ,t +1 and x t = F t πt +12 ,t +1 − F t−1 πt+11 ,t denote households’ forecast errors and revisions, respec-

tively, of U.S. headline CPI inflation over the next year, and z t is the instrument. v ∗t = σ−1 
v (x t − z t δt ) is the control function,

and the disturbance term w t is uncorrelated with x t and β t conditional on v ∗t . 
To be faithful to the null hypothesis of full information, i.e., βt = 0 , we use the Latent Threshold Model (LTM) idea by

Nakajima and West (2013) to enforce dynamic sparsity on the system through the time-varying parameters. For β t the LTM

structure can be written as 

βt = β∗
t ς β,t ς β,t = I(| β∗

t | ≥ d β ) β∗
t = β∗

t−1 + υβ∗,t , (9)

where β∗
t follows a random walk process, with υβ∗,t ∼ i.i.d.N(0 , σ 2 

β∗υ ) , and ς β , t is a zero one variable, whose value depends

on the indicator function I(| β∗
t | ≥ d β ) . If | β∗

t | is above the threshold value d β , then ς β,t = 1 , otherwise ς β,t = 0 , and β t

shrinks to zero. For the c t parameter, a similar, but independent, structure is assumed. For the δt parameter in (8) , sparsity

is not enforced. Doing so would go against the standard IV relevance criterion. Instead, we let δt follow a regular random

walk process with error term υδ,t ∼ i.i.d.N(0 , σ 2 
δυ

) . Finally, υβ∗,t , υc ∗,t , and υδ,t are assumed to be independent of each other

and w t and v ∗t . 
Eqs. (7) and (8) , together with the law-of-motion for c t , β t , and δt , are used to estimate all the parameters of the model

jointly in a state space system using MCMC simulations. This avoids concerns about generated regressors in two-stage ap-

proaches, and allows us to sample the model’s latent states jointly with the hyper-parameters. In the interest of conserving

space, details about priors, initialization, and the estimation algorithm are relegated to Appendix H.1. We note here, how-

ever, two points about the prior specification which are particularly relevant in this setting. First, we set the prior variance

for σ 2 
β∗υ equal to (0.2) 2 . This results in a roughly 95% prior probability of a sevenfold cumulative change in β∗

t over the

sample length considered here, which is well inside the range of low frequency change in information rigidity documented

in Coibion and Gorodnichenko (2015) for professional forecasters. 8 Second, to obey the IV relevance criterion, we a priori

allow for much less variation in δt and set the prior variance of σ 2 
δυ

equal to (0.01) 2 (and initialize δt at the OLS solution). 

The MSC forecast errors and revisions are reported in Fig. 4 a, while the time-varying posterior estimates of β t are re-

ported in Fig. 4 b. Given that we work in a high-dimensional time-varying parameter setting, the posterior uncertainty in
6 Appendix F shows that this is also the case here if agents form an expectation about αt in (4) . However, as documented in Section 4.3 , using properties 

of inflation gives results at odds with theory, suggesting that this assumption is questionable. 
7 As noted by one referee, another plausible mechanism for assessing how the media affects information rigidities is to assume news coverage provides 

noisy signals about inflation developments directly. Although this line of reasoning does not map fully into the framework presented above, it still captures 

the underlying idea, where information rigidity should be lower in times of higher precision. Appendix G expands on this reasoning, and shows that the 

main conclusion presented below also holds under this alternative view. 
8 This prior assumption only affects the cumulative change we might observe, not the time evolution of the parameter itself. Our main results are fairly 

robust to other reasonable prior choices (Appendix H.1.3). 
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Fig. 4. Data and estimation output. In Fig. 4 b–f, the black solid lines are the median estimates, while the gray solid lines are 68% probability bands. The 

gray shaded areas are recession periods defined by NBER (U.S.). In Fig. 4 f, the x -axis shows quarterly dates. For the other graphs, the x -axis shows monthly 

dates. 

 
the β t estimate is naturally large. Still, three periods stand out as having a particular high degree of information rigidity,

namely the late 1990s, mid 20 0 0s, and the financial crisis years. 9 
9 Although not our primary focus, the c t parameter is negative and downward trending ( Fig. 4 c). This indicates that media biases are not constant across 

time, as also suggested by findings in, e.g., Souleles (2004) , and a full departure from FIRE. 
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Interpreted through the lens of the model in Section 3 , our estimates suggest that the weight agents put on new in-

formation, i.e., ˆ K t = 1 / (1 + 

ˆ βt ) , varies from roughly 0.7, during the early 1990s and prior to the Great Recession period, to

less than 0.5 during the financial crisis, with an average across the sample of roughly 0.6. As discussed in Coibion and

Gorodnichenko (2015) , information rigidity of this magnitude has profound macroeconomic effects in theoretical models

incorporating information frictions. 

To bridge our analysis with the earlier literature, Fig. 4 f reports estimates of (7) using quarterly SPF expectations, with de-

tails about estimation relegated to Appendix H.1. Starting in the early 1990s, information rigidity among professionals shares

some of the same time-varying features as those obtained for households, and, as in Coibion and Gorodnichenko (2015) , it

also contains an upward-drifting trend during this time period. Moreover, the time series average of the series is well in line

with constant parameter estimates obtained in earlier studies, indicating that professionals only put roughly 40% weight on

new relative to old information. This number is lower than for households, which might be surprising. Still, an extensive

evaluation of a constant parameter version the model, for both MSC and SPF data, yields the same conclusion (Tables B.4

and B.5 in Appendix B). 

4.2. News-driven information rigidities? 

To test whether the degree of information rigidity among households is a function of media coverage, as predicted by

(5) , we estimate 

βt = c + γ1 ρt + γ2 κt + u t , (10)

where β t is the median time-varying information rigidity, reported in Fig. 4 b, while ρt and κ t are the persistence and

noise-to-signal ratio in the underlying information set S . S , ρt and κ t are defined as follows: 

First, we use the LASSO results from Section 2 to define S . At an abstract level, the idea here is to construct an approx-

imation to the high dimensional object πN 
t in (2) . Under the assumption that only news topics with predictive power for

expectations are relevant for describing the information households care about, we use the set S e | FMD from Table 1 as our

Benchmark selection. 

Second, for each of the news topics i in S , we estimate time-varying autoregressive models, of order one, to obtain

posterior draws of ˆ ρi,t and ˆ σi,t , i.e., the time-varying persistence and volatility for news topic i . The model structure, together

with the Gibbs simulations used for estimation, is standard in the time series literature and is described in greater detail

in Appendix H.2. Next, a measure of the noise in the signal, denoted ˆ ω i,t , is constructed using the sum of the standard

deviation in the posterior article weight distributions, and (therefore also) in the articles selected to tone-adjust the news

topic time series. Both estimates are easily available from the topic model output. Intuitively, this noise measure can be

interpreted as follows: If the topic proportions assigned to each article by the topic model algorithm have high posterior

variance, it would likely be difficult for humans to assign accurate topic weights as well. Thus, uncertainty regarding what

the news is about increases. Likewise, uncertainty increases if articles differ in terms of their tone. 

Finally, aggregating across all the news topics i in the set S , and combining the output from step two above, one obtains

ˆ ρt = 

n ∑ 

i =1 

� i ̂  ρi,t ˆ κt = 

n ∑ 

i =1 

� i ̂  κi,t with ˆ κi,t = 

ˆ ω i,t 

ˆ σi,t 

and � i = 

R 

2 
i ∑ n 

i =1 R 

2 
i 

, (11)

where ϖi is the normalized partial R 2 statistic from the relevant regression in Table 1 . Thus, variables are weighted according

to their relative importance when constructing ˆ ρt and ˆ κt , while uncertainty in these estimates comes from the posterior

distribution of ˆ ρi,t and ˆ σi,t . 

To control for the generated regressor issue, we use non-informative natural conjugate priors and draw from (10) using

the posterior estimates of ˆ ρt and ˆ κt . Accordingly, the parameter estimates γ 1 and γ 2 are drawn from the OLS solution, but

taking into account the generated regressors issue by sampling from the full distribution of ˆ ρt and ˆ κt ( Bianchi et al., 2017 ). 

Fig. 4 d and e graphs the posterior distribution of the estimates in (11) . News persistence varies significantly across time

and tends to be especially high around recession periods. The noise-to-signal ratio displays a more surprising pattern. It

associates the mid 1990s as a particularly “noisy period” and contains an upward-drifting trend starting around year 20 0 0. 10

Column I in Fig. 5 a reports the results from estimating (10) using the Benchmark selection. The time series properties of

relevant topics help explain the time-varying information rigidity among households, and the coefficient estimates have the

correct sign. A higher persistence and lower noise-to-signal ratio lead to a reduction in information rigidity. 11 

To control for potential omitted variable biases the model specification in (10) is augmented with 10 factors extracted

from the economic indicators in the FRED-MD database and a double selection algorithm ( Belloni et al., 2014 ), controlling

for all the roughly 130 variables in this database, is implemented. Computational details are described in Appendix H.4. As
10 The method used to construct this variable is intuitive, but also somewhat sensitive to the raw corpus data. If some time periods contain news extracts 

from fewer, or different types, of articles, this might contaminate our noise-to-signal measure. 
11 Because the most important topics are the same in both sets, this result also holds when defining S based on S e instead of S e | FMD . Likewise, this result is 

not driven by the Great Recession. Augmenting the model with a dummy variable for this time period only increases the explanatory power of the model. 
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Fig. 5. Violin plots of posterior distributions. Fig. 5 a, column I , reports the estimates from the Benchmark selection ( S e | FMD ). Dark and light gray areas 

correspond to the distributions for γ 1 and γ 2 , from Eq. (10) , respectively. The red crosses mark the mean estimate +/ − one standard deviation. The mean 

adjusted R 2 statistic is reported above the distributions. Columns II and III report estimates from an augmented version of the Benchmark , using either: 

10 factors from the FRED-MD database, or a double selection algorithm controlling for all the variables in this database. Fig. 5 b reports the same type of 

estimates as Fig. 5 a, but now with ˆ ρt and ˆ κt constructed based on the set S π | FMD . 

Table 4 

Cumulative histogram. Eq. (10) is estimated for 100 randomly selected sets of news top- 

ics (not in the set of topics used to generate the Benchmark parameter distributions). 

The table reports the fraction of draws that have posterior probabilities Pr ( γ 1 < 0) ≥ x and 

Pr ( γ 2 > 0) ≥ x , where x refers to a bin in the histogram. The bin associated with the posterior 

probability for the Benchmark is marked in gray. 

x 10 20 30 40 50 60 70 80 90 

Pr ( γ 1 < 0) ≥ x 0.54 0.48 0.34 0.24 0.20 0.15 0.11 0.07 0.02 

Pr ( γ 2 > 0) ≥ x 0.96 0.90 0.89 0.86 0.82 0.81 0.79 0.77 0.71 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

seen from columns II and III in Fig. 5 a, taking aboard potentially omitted variables strengthens the result that media matters

further. 

These results are very unlikely to be obtained by chance, at least for the persistence parameter. We show this by running

a falsification experiment. First, 100 different sets of news topics, not including topics in the union of S e and S e | FMD , are

constructed. Then, for each of these alternative sets, we calculate ˆ ρt and ˆ κt , and redo the estimation of (10) . As illustrated

in Table 4 , only roughly 2% of the alternative regressions have a posterior probability of ˆ γ1 < 0 that is equal to, or greater,

than 90%. For the noise-to-signal ratio, the result is less strong, and 71% of the alternative regressions have roughly the same

high posterior probability of ˆ γ2 > 0 as the Benchmark selection. This suggests that there is a large common component in

the noise-to-signal variable, which might be attributed to the measurement issue mentioned earlier. 

The following section describes how our results are robust along a number of additional dimensions. 

4.3. Inflation, alternative news measures, and robustness 

First, since it is difficult to argue that news relevant for expectations, but not actual inflation, should help lower infor-

mation rigidities, we also consider the set of topics in S π | FMD , from Table 1 , when constructing ˆ ρt and ˆ κt , and re-estimate

(10) . The noise-to-signal component becomes insignificant for this specification, while the earlier result for the persistence

parameter is largely confirmed ( Fig. 5 b). Given the results from Section 2.3 , these findings are as expected. The intersection

of S e | FMD and S π | FMD is large. 

This finding does not imply that there is something inherent with our method forcing there to be a significant relation-

ship between information rigidity and the persistence in the variables selected by the LASSO. Using the same methodology

as above to compute the persistence in the hard economic variables relevant for households’ inflation expectations, con-

fer column II in Table B.2 in Appendix B, and including this persistence measure together with the news-based one in the

regression, we find that it plays an insignificant role (column I in Fig. 6 a). 12 

Likewise, the results presented thus far do not necessarily imply that one can use the persistence of inflation itself to

explain the degree of information rigidity among households. The no-media channel version of the noisy information model
12 Coibion and Gorodnichenko (2015) use real-time revisions in the series of interest as a proxy for noise. As most of the hard economic series selected 

by the LASSO are not revised, the noise-to-signal components are not included in this and the following regressions. 
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Fig. 6. Violin plots of posterior distributions for alternative model specifications. In Fig. 6 a Eq. (10) is estimated without the noise-to-signal term, but 

with; The persistence in hard economic variables relevant for inflation expectations ( I ); Using the persistence in inflation ( II ); Using the persistence in the 

alternative inflation count series ( III ); Using the Heard news about prices series from the Michigan Survey of Consumers ( IV ). In Fig. 6 b Eq. (10) is estimated 

without the noise-to-signal term, but using β t for the SPF data as dependent variable and the persistence in inflation as the explanatory variable. See the 

text and the notes to Fig. 5 for additional details. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

in Section 3 suggests that one can, while the media augmented version of the model suggest that one cannot. The result

presented in column II in Fig. 6 a supports the latter view. When the benchmark regression is augmented with the time-

varying persistence in inflation, the inflation-based persistence parameter has high posterior variance, and if anything, the

wrong sign. In contrast, if we instead regress β t for the SPF data on inflation persistence, the parameter estimate has the

correct sign, although uncertainty is high ( Fig. 6 b). Accordingly, in line with our findings in Section 2.3 , the media channel

matters for households, but less so for professionals. 

The results presented in columns III and IV in Fig. 6 a document that the topic-based approach provides a more theory-

consistent description of information rigidities among households than more traditional news- and survey-based methods

do; Regressing households’ information rigidity on the topic-based persistence measure and the persistence in the alter-

native count-based media measure ( Section 2.2 ) results in an uncertain point estimate with the wrong sign for the latter

variable; Including the variable measuring if people have heard news about prices from the MSC itself (Figure B.3 in Ap-

pendix B) in the regression, we observe, as in Ehrmann et al. (2017) , that it actually increases information rigidities. 

Finally, in the interest of conserving space, a detailed analysis using the MSC micro-data is relegated to Appendix E. In

short, information rigidity is time-varying also among survey cohorts, at least when the level of aggregation is not too low,

and the relationship between information rigidities and relevant media coverage described above largely holds. 

5. Conclusion 

Media’s role in the expectation formation process has received relatively little attention in macroeconomics. Using a

novel news topic-based approach, this paper contributes by investigating the role of the media for inflation expectations

and information rigidities among U.S. households. Taking the view that the degree of information rigidity is state-dependent,

and that the media act as information intermediaries between agents and the state of the world, we find empirical support

for the following: First, the news types the media choose to report on are good predictors of both inflation and inflation

expectations, and news coverage helps households form more accurate expectations. Second, in a standard noisy information

model, augmented with a simple media channel, we document that the degree of information rigidity among households

varies across time, and that relevant media coverage helps explain this variation. These results are robust to numerous

alternative experiments and also largely hold when analyzing the cross-sectional dimension of households’ expectations.

Thus, our analysis should be useful for future theoretical and empirical work investigating media’s important role in the

expectation formation process. 
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