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Abstract 
This study investigates the role of media tone on inflation expectations. Examining the relationships between news 
and the inflation expectations of various U.S demographic groupings, we find that traditional news influences older 
cohorts, while social media news align more closely with the expectations of younger and more educated groups. 
Interestingly, social media correspond more closely than traditional news with the expectations of professional 
forecasters. Our analysis shows that media influences can persist for longer than a year, highlighting the importance 
of historical inflation data and the gradual adaptation of new information. Additionally, we find that separate media 
tones for specific news topics such as “Inflation & Fed” and “Healthcare Costs” resonate differently across 
demographic groups. These insights highlight the nuanced role of media in shaping inflation expectations across 
demographic segments. 
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1. Introduction 

 

“The conventional story, which is dominant in central banks around the world, rests on two key premises. First, that 
inflation expectations… are an important determinant of realized inflation…. The second key premise is that central 

bank behavior and possibly central bank communications can influence inflation expectations and through them 
macroeconomic outcomes.” 

Ben Bernanke’s keynote address to the NBER Conference, May 19, 2022 

 

“Inflation feeds in part on itself, so part of the job of returning to a more stable and more productive economy must be to 
break the grip of inflationary expectations.” 

Paul Volcker’s statement before the U.S. Congressional Joint Economic Committee, October 17, 1979 

 

Between 2021 and 2024, many countries experienced inflation at levels well above central bank targets, raising 

concerns about the effectiveness of their monetary policies. A key aspect of monetary policy is managing household 

inflation expectations, which can vary significantly across demographic groups. Such variation in expectations 

could potentially have a significant impact on the overall effectiveness of policy measures. 

Despite the well-documented heterogeneity in household inflation expectations, the influence of traditional news 

and social media on these expectations remains largely unexplored. Existing studies highlight the difference 

between consumers and professionals, as well as the impact of demographic factors such as gender, age, education, 

and cognitive abilities on inflation expectations (D’Acunto et al., 2019, 2021, 2023; Das et al., 2020; Malmendier 

& Nagel, 2016; Mankiw et al., 2003; Weber et al., 2022). Only a handful of studies specifically examine how various 

media sources and news topics contribute to this heterogeneity (e.g., Lamla & Maag, 2012; Lamla & Sein, 2014; 

Larsen et al., 2021). 

Our study addresses this gap by investigating the role of media on inflation expectations across various U.S. 

demographic groups. We differentiate between the influences of traditional news and social media news, noting 

that social media also serves as a source of news, while considering factors such as education level and age. By 

employing the Carroll (2003) model, we assess the extent to which “media tone” of media shapes inflation 

expectations among different households. To achieve this, we use media tone data from Refinitiv MarketPsych 

Indices.1 To our best knowledge, this study is the first to apply such data in this context. 

For the general public, we utilize the University of Michigan’s Inflation Expectations dataset based on its Survey 

of Consumers. As a proxy for expert expectations, we use the Survey of Professional Forecasters (SPF). Our 

 
1 Refinitiv MarketPsych Indices quantify sentiment and emotional tone from news and social media using natural language 
processing techniques. It was previously known as the Thomson Reuters MarketPsych Indices (TRMI). See Appendix A for 
information about the construction of TRMI media tones. 
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observation period runs from Q2 1998 to Q2 2017, providing a rich dataset for examining the dynamic interaction 

of media tone and inflation expectations. 

Using a two-step methodological approach, we first examine the influence of news and social media on inflation 

expectations separately using aggregated media tone data. We employ various models (including OLS, local 

projection and MIDAS models), as well as Granger-causality tests, to assess this aggregate influence. 

We then explore the specific news topics that influence inflation expectations. For this, we utilize micro-level news 

data combined with the Latent Dirichlet Allocation (LDA) topic model and the Financial BERT (FinBERT) 

language model. These models let us categorize news into distinct topics and form our own micro-based media 

tones to analyze the influences of various inflation news on different demographic groups. We apply Dynamic 

Model Averaging (DMA) to further understand how particular news topics affect inflation expectations over time. 

Our findings from the first part reveal a degree of variation in the influence of media on different demographic 

groups. Traditional news sources have a more pronounced influence on older cohorts, while social media news 

significantly influence the expectations of younger and more educated groups. Additionally, our study reveals the 

potential of media tones to explain and forecast actual U.S. inflation, highlighting the predictive power of 

traditional news relative to social media. 

We also examine the relationship between media tones and SPF inflation expectations. Our findings indicate that 

SPF expectations align more closely with social media, particularly reflecting the expectations of younger, highly 

educated households. 

We apply Granger causality tests to evaluate the predictive power of past media tones and SPF values on current 

inflation expectations. Our results indicate a strong relationship between media tones, particularly social media, 

and inflation expectations. SPF forecasts are mostly relevant for seniors aged 65 and above. Results suggest that 

media sources play a more significant role in shaping inflation expectations than SPF forecasts. 

Exploring the dynamics of media shocks using a local projection model, we find that the impact of media shocks 

on inflation expectations is gradual, supporting the notion of slow adaptation to new information. This reaction 

varies across groups, with professional forecasters showing a prolonged response compared to other groups. 

Finally, we employ a MIDAS model with media tones to predict public inflation expectations on both quarterly 

and monthly frequencies. Our results suggest that traditional news is a more reliable predictor for both quarterly 

and monthly inflation expectations than social media. 

In conclusion, the results establish a strong link between news and inflation expectations using aggregate media 

tones. Our analysis further investigates the influence of specific news topics on inflation expectations. Using LDA 

and the FinBERT language model, we categorize news into such topics as “Inflation & Fed”, “Gas & Food Prices”, 

“Healthcare Costs”, “Mortgages & Business”, and “Education Cost”. These topics exhibit varying levels of 

influence on different demographic groups. Less-educated individuals have greater exposure to topics such as 

“Inflation & Fed”, “Healthcare Costs”, and “Mortgages & Business”, while the most elderly cohort display 

unsurprising sensitivity to the topics of “Healthcare Costs” and “Inflation & Fed”. 
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Employing DMA, “Mortgages & Business” news is found to be particularly important for both younger (18-34) 

and older (65-97) age cohorts, with younger generations also sensitive to “Gas & Food Prices” and “Healthcare 

Costs”. More volatility in the probabilities is observed for less educated individuals, particularly with topics such 

as “Mortgages & Business” and “Healthcare Costs”. 

The rest of the study is structured as follows: Section 2 provides an overview of the relevant literature, Section 3 

presents our data in detail, Section 4 introduces our estimation methods and construction of our FinBERT media 

tones, Section 5 presents the results, and Section 6 concludes. 

2. Related literature 

Understanding the drivers of inflation expectations is crucial for evaluating the effectiveness of monetary policy 

since inflation expectations play a crucial role in shaping economic outcomes and the effectiveness of monetary 

policy (Bernanke, 2007). Notably, inflation expectations can influence households’ consumption-savings decisions 

(i.e., consumption Euler equation) and investment choices i.e., spending on durable goods (Weber et al., 2022). 

Furthermore, high inflation expectations can also amplify shocks, like the effects of oil shocks on the economy 

(Bernanke, 2022).  

Traditionally, macroeconomics has relied on the Full Information Rational Expectation (FIRE) models, assuming 

homogeneity in economic agents’ expectations, but recent literature reveals significant heterogeneity in households’ 

expectations with upward biases in inflation expectations compared actual inflation figures (D’Acunto et al., 2023). 

Previous studies show significant dispersion of agents’ inflation expectations across demographics such as gender, 

age, education, income, and cognitive abilities (D’Acunto et al., 2019, 2021, 2023; Das et al., 2020; Malmendier & 

Nagel, 2016; Weber et al., 2022). This body of work highlights the need to consider demographic factors when 

analyzing inflation expectations. 

Extensive research underscores the importance of demographic factors in shaping inflation expectations. For 

instance, Cavallo, Cruces & Perez-Truglia (2017) find that some households base their inflation expectations on 

past supermarket prices rather than official inflation statistics. D’Acunto, Malmendier & Weber (2021) further 

highlight this connection by revealing a systematic disparity in inflation expectations between genders in which 

women tend to have higher inflation expectations in households where they handle shopping alone. Malmendier 

& Nagel (2016) discover that personal experience helps to explain the difference in inflation expectations between 

different age cohorts. Research further indicates that inflation expectations may differ across education and income 

levels (Das et al., 2020; Weber et al., 2022) as well as male cognitive abilities (IQ) (D’Acunto et al., 2019, 2022). 

Survey questions and respondents’ economical literacy and understanding significantly impact the inflation 

expectations formulation (Weber et al., 2022). Existing evidence supports the heterogeneity of inflation 

expectations among individuals. Our study contributes this literature and examines how age and education 

influence different groups’ inflation expectations in response to new information presented in the media. 
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The presence of heterogeneity in inflation expectations challenges the assumption of frequent and noiseless 

updates of beliefs, as assumed by the FIRE paradigm. Notably, households update their inflation expectations by 

processing new information and reconditioning their future expectations from past values, i.e., learning from their 

previous events and decisions (Evans & Honkapohja, 2001; Malmendier & Nagel, 2016). However, this updating 

includes noisy or rigid elements. Coibion & Gorodnichenko (2015) classify households’ expectations-forming 

processes into sticky information models, where collecting new information is expensive and time-consuming 

resulting in infrequent updates, and noisy information models, where households form expectations from noisy 

information sets via signal extraction and update their expectations more frequently (Mankiw & Reis, 2002; 

Coibion & Gorodnichenko, 2015).  

Households obtain new information through media sources, including traditional news and social media, which 

act as intermediaries refining and presenting new information. In the past, traditional news sources like TV and 

newspapers were primary sources of economic information for households (Blinder & Krueger, 2004), which is a 

rational choice due to their low cost and time-efficiency (Lamla & Sein, 2014). However, in today’s digital age, 

social media has emerged as a credible source of information for households (Coibion et al., 2022). Our question 

to be solved deals with the differences between the household’s inflation expectations to news and social media 

depending on their level of education or age. 

Carroll (2003) investigates the relationship between news and inflation expectations, introducing a sticky 

information model wherein some agents absorb information from newspaper articles on inflation. Carroll (2003) 

proposes an epidemiological model where agents face constant probability absorption rate of news articles. To 

approximate newspapers, Carroll (2003) utilizes Survey of Professional Forecasters (SPF) data, justifying its use as 

it represents expert opinions interviewed by news outlets and subsequently report these to households. Findings 

indicate that increased news coverage positively relates with more accurate inflation expectations, highlighting the 

importance of information absorption (Carroll, 2003). Our analysis reveals that professional forecasters’ inflation 

expectations differ from those of the general public and are more closely aligned with social media than with 

traditional news. 

To explore effects of media coverage on the discrepancy between German households and professional 

forecasters’ inflation expectations, Lamla & Maag (2012) employ Bayesian learning methods and use a dataset from 

the media research institute, Media Tenor, which includes coded newspaper and television news. The dataset is 

used to construct an inflation “tone” to measure whether inflation is perceived to be rising or falling. Their findings 

reveal that media reporting about inflation significantly affects the disagreement of household inflation 

expectations, but it does not have the same impact on professional forecasters. (Lamla & Maag, 2012.) According 

to Lamla & Maag (2012), this discrepancy exists because professionals form their expectations independently of 

the media coverage of inflation. We contribute to this relationship between the public’s inflation expectations and 

professional inflation forecasts.       

Building upon Carroll’s (2003) model, Lamla & Sein (2014) combine the “tone” with the sticky and noisy 

information models, by introducing noise in media coverage that presents a signal extraction problem for agents. 
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Employing Bayesian learning, they find that larger media coverage leads to more accurate inflation expectations. 

However, the content and tone of news stories also play a significant role, with biased news stories resulting in less 

accurate inflation expectations. (Lamla & Sein, 2014.) Our study contributes to this “tone” approach by examining 

the influence of the versatile and widely covered traditional news and social media news on the inflation 

expectations of different demographic groups. 

Larsen et al. (2021) expand the noisy information model by incorporating information-rigid media, suggesting that 

more media coverage the less noisy is the information to agents. Using Dow Jones Newswire Archive text data to 

form a news corpus and examining news topics and tone in relation to households’ inflation expectations measured 

by University of Michigan survey, they identify topics about technology and health as significant influencers of 

inflation expectations. They also find that many news topics with high predictive power for inflation and inflation 

expectations and that relevant news stories improve the accuracy of households’ inflation expectations. We also 

detect from our FinBERT media tones that not all topics of inflation have a similar influence on agents’ inflation 

expectations and the significance varies across groups. Along Larsen et al. (2021) also Lamla & Maag (2012) find 

no relationship between news topics and Survey of Professional Forecasters (SPF). This discrepancy arises because 

professionals form their expectations independently of the media coverage of inflation. Our evidence somewhat 

supports this as we find that SPF is more closely aligned with social media.  

In a different context, Dräger & Nghiem (2021) find positive relationship between inflation expectations and 

current consumption, indicating that higher expected inflation is associated with higher planned consumption. 

Their results suggest that monetary and financial news leads to slightly more accurate inflation predictions and 

influences both expectation formation and spending decisions. They also study news effects across demographics, 

revealing that news significantly affected consumers who save, as well as those with lower initial information and 

lower inflation forecast accuracy. (Dräger & Nghiem, 2021.) We extend this literature and examine how the 

aggregate media tones and specific news topics influence households with different level of schooling and age.  

Furthermore, the credibility and format of news sources can significantly influence inflation expectations, as 

observed by Coibion et al. (2022). Their survey in the US reveals that households tend to dismiss news articles 

from US Today articles even though it is a nonpartisan news company compared to those of reported by FED 

directly. This effect is particularly pronounced among low-income and low-educated individuals, and the study 

suggests that newspapers are perceived as less credible than government, friends and co-workers, social media, or 

television. (Coibion et al., 2022.) This highlights the importance of the source of news. We utilize an aggregate 

media tone, consisting of both traditional news and social media, allowing us to differentiate and aggregate the 

effects of these sources.   
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3. Data 

3.1 Inflation and heterogeneity of inflation expectations 

To measure inflation, we rely on the headline inflation measure provided by the US Bureau of Labor Statistics2. 

This metric enables us to accurately capture inflation rates and explore the interactions between inflation 

expectations, media tone, and economic outcomes. 

To investigate the heterogeneity of the public’s inflation expectations, we use data from the University of 

Michigan’s Survey of Consumers’ inflation expectations survey. This survey provides mean inflation expectations 

across different education and age groups. By asking respondents about their expected price changes over the next 

year, we analyze how inflation expectations vary across different demographic groups. Our dataset covers quarterly 

observations from Q02:1998 to Q02:2017, providing a rich source of data for our analysis. 

 

Figure 1: One-year-ahead inflation expectations by education in the US.  

 
2 We use the “CPI for All Urban Consumers 1-Month Percent Change”, aggregated to quarterly levels by averaging over three 
months. 
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Figure 2. One-year-ahead inflation expectations by age in the US. 

The Figures 1 and 2 indicate significant heterogeneity of inflation expectations across education and age groups. 

Figure 1 reveals that households with higher levels of education exhibit lower inflation expectations, possibly due 

to their greater financial literacy and ability to comprehend inflation dynamics. Meanwhile, Figure 2 confirms 

previous findings by Malmendier and Nagel (2016) that inflation expectations differ among age cohorts, although 

the variation is not as pronounced as across different levels of education.  

 

3.2 Media tones and the Survey of Professional Forecasters (SPF) 

As a measure of media, we utilize the traditional news and social media news tones from Refinitiv (Refinitiv 

Marketpsych’s media tone data), which gives us insights into the media information and tone of economic articles. 

This dataset is a rich source of information, generated through the textual analysis of English-language financial 

and economic news from 2000 global media and 800 social media sites. This dataset has been available since 1998 

and it is highly dimensional, providing multiple sentiments and emotions that enable us to understand media 

sentiment towards economic factors in a nuanced manner. A more detailed description of media tone data is in 

Appendix A. To ensure a comprehensive understanding of long-term trends, we aggregate the daily media tone 

data into quarterly levels using the three-months average method. Figure 3 displays the media tone data for 

traditional news and social media.  
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Figure 3. Media tones of news and social media in the US. 

Figure 3 demonstrates significant variation in both media tones across both traditional news and social media news. 

Notably, one of these largest decreases occurred in 2000 and late 2001, which may reflect the Federal Reserve’s 

monetary policy tightening of 1999-2000 and the following recession in 2001. The other decrease in media tone 

occurred after the Global Financial Crisis (GFC) of 2008 when the Federal Reserve rapidly decreased the federal 

funds rate and initiated the unconventional monetary policy in quantitative easing program (QE1). These 

fluctuations in media tone capture the sentiment within the media regarding economic conditions, which could 

potentially influence both household behavior and inflation expectations. A higher media tone corresponds to 

more positive sentiment about the economic conditions reported in the media. 

In addition to the media tones, we also employ the Survey of Professional Forecasters (SPF) one-year-ahead 

inflation expectations. The SPF is a widely recognized and utilized source of data, providing valuable insights into 

inflation expectations from a professional perspective. SPF is obtained from the Philadelphia Fed database. Figure 

4 displays the evolution SFP inflation forecasts. Furthermore, the inclusion of this dataset enables us to compare 

the professional expectations with media information embedded in the media tones. 
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Figure 4. SPF one-year-ahead inflation expectations. 

The SPF one-year-ahead mean inflation expectations in Figure 4 mirror the media tones depicted in Figure 3. 

Specifically, both the tone of media and professionals’ inflation expectations rise during the 1999-2001 period and 

subsequently decrease. However, the decrease in expectations occurs later for professionals, reaching its lowest 

point in late 2004. 

Similarly, during the GFC in 2008, the decrease in professionals’ inflation expectations and the tone of news move 

in parallel, which potentially reflects the influence of news on professional inflation expectations. By uncovering 

similarities in the inflation expectations of professionals and in the tone of the media, our analysis provides a more 

nuanced understanding of the drivers of inflation expectations.  
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4. Methods 

4.1 Inflation expectations and inflation 

We assume that households gain valuable information of the future inflation dynamics from the news and social 

media. Thus, they believe that the information provided by the media is more accurate than the information they 

generate from their adaptive rational forecasts based on past inflation. Agents expect that inflation is the 

fundamental value plus an error term, which captures the unforecastable transitory inflation shocks, both of which 

are unforecastable. Additionally, inflation beyond the next period is considered a random walk. The transitory 

shock has no long-run impact, and only the permanent component impacts inflation (Carroll 2003; Blanchard, 

2013).   

Agents form their inflation expectations at time 𝑡 for inflation at a future time 𝑡 + 𝑗 (where 𝑗 represents the number 

of periods ahead) by augmenting their rational expectation inflation with media tone about inflation expectations 

at time 𝑡. Following Carroll (2003, pp. 272-278), we can derive the following Equation 1 for the population mean-

value of their inflation expectations, denoted as 𝑀!
"%𝜋#,!,!%&': 

(1)  	𝑀!
"[𝜋#,!,!%&] = 	 	𝜆#𝑀𝑇!%𝜋#,!,!%&' + (1 − 𝜆#)𝑀!'(

" [𝜋#,!,!%&] 

Here, 𝜆# stands for the fraction of the population 𝑖 (where 𝑖 denotes different education levels and age cohorts) 

who base their yearly inflation expectations in quarterly data from media, which we model with media tone 𝑀𝑇! 

of news and social media. In quarterly data the inflation rate for quarter (𝑡 + 1) at annual rate is 𝜋!,!%( =

	4[log 𝑝(𝑡 + 1) − 𝑝(𝑡)] = 	4𝜋!%(. The term (1 − 𝜆#) indicates the share of the population 𝑖 that bases their 

expectations on period 𝑡 inflation on their views about inflation on period (𝑡 − 1) of (t + 1) inflation rate. From 

there Equation 2 can be derived (Carroll, 2003, pp. 273-278), where the agent’s quarterly expectations for yearly 

inflation are as  

(2)  	𝑀!
"[𝜋#,!,!%)] = 	 	𝜆#𝑀𝑇!%𝜋#,!,!%)' + (1 − 𝜆#)𝑀!'(

" [𝜋#,!,!%*] 

Our aim is to reveal the potential heterogeneity in inflation expectations 𝜋#,!,!%)"  among different age cohorts and 

education groups 𝑖. To achieve this, we employ rigorous econometric methods, estimating the following Equation 

3:  

(3) 	𝜋#,!,!%)" =		𝛽(,# 	+ 𝛽+,# 	[𝑀𝑇!,!%)] + 𝜖#,! 

(4) 	𝜋#,!,!%)" =		𝛽(,# 	+ 𝛽+,# 	[𝑀𝑇!,!%)] +	𝛽*,#[𝜋#,!'(,!%*" ] + 𝜖#,! 

where π#,!%)"  represents yearly inflation expectations of various demographic groups, and media tone. In top that 

we also estimate a specification in Equation 4, which is augmented a model with the last period realized inflation 

figure 𝛽),!'(%𝜋!,!%)'. That specification indicates how much of the agents’ inflation expectations are generated 

from the media tone inflation information, agents’ lagged inflation expectations and the last period official inflation 
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figures. Accordingly, it reveals the exposure of inflation expectations to the last period headline inflation and the 

stickiness of inflation expectations.  

It is also important to know whether the media tones are able to forecast the actual future inflation which 

rationalizes the agents’ formation of their inflation expectations based on media tone inflation forecasts. Hence, 

we investigate the media tones’ ability to explain the actual US inflation using the following Equation 5:   

(5)  	π!%( =		𝛽( 	+ 𝛽+	[𝑀𝑇!] + 𝜖!%( 

where π!%( denotes actual inflation rates at time t. We also apply Equation 6 to conduct one-step-ahead expanding 

window forecasting exercises where the initial sample is 12 quarters. We analyze forecasting results through visual 

performance and by their Root Mean Squared Errors (RMSE). 

(6)  𝜋! 	= 		 𝛽( 	+ 𝛽+	[𝑀𝑇!'(] + 𝜖! 

In addition, using media tone data, we also study Carroll’s (2003) statement regarding the SPF’s ability to proxy 

news to the public. To do this, we employ Equations 7 and 8 to analyze the relationship between the media tones 

and SPF.  

(7)  	𝑆𝑃𝐹! =		𝛽( 	+ 𝛽+[𝑀𝑇!] + 𝜖! 

(8)  	𝑆𝑃𝐹! =		𝛽( 	+ 𝛽+[𝑀𝑇:𝑁𝑒𝑤𝑠!] + 𝛽*[𝑀𝑇: 𝑆𝑜𝑐𝑖𝑎𝑙	𝑚𝑒𝑑𝑖𝑎!] + 𝜖! 

Furthermore, we assess the relative explanatory power of media tones’ inflation information and professional 

inflation expectations 𝑆𝑃𝐹! over the inflation expectations 𝜋#,!%)" . 

We delve deeper into the transmission of inflation information between media tones and SPF on inflation 

expectations, illuminating the mechanisms behind the formation of these expectations. Initially, we estimate the 

contemporaneous relationship between media tones and 𝑆𝑃𝐹! expectations. Under condition (1), if 𝑆𝑃𝐹! is a 

channel for media tones, they should be related, Equation 7. In addition, under condition (2), 𝑆𝑃𝐹! should also be 

able to predict 𝜋#,!%)" , as specified in Equation 8. 

(9)  𝜋#,!%)" =		𝛽(,# 	+ 𝛽+,# 	[𝑆𝑃𝐹!] + 𝜖#,!%) 

(10) 		𝜋#,!%)" =		𝛽(,# 	+ 𝛽+,# 	[𝑀𝑇:	𝑁𝑒𝑤𝑠!,!%)] +	𝛽*,#[𝑆𝑃𝐹!] + 𝜖#,!%) 

Subsequently, under condition (3),	𝑆𝑃𝐹! should contain the information of “Media tone: News” when both are 

used to predict 𝜋#,!%)" , as shown in Equation 10. If conditions (1) and (2) hold true, and in Equation 10, if 𝛽+,# =

0	and 𝛽*,# ≠ 0, then 𝑆𝑃𝐹! acts as the transmission channel for Media tone: News on inflation expectations. We 

execute these tests in bidirectionally: first, assessing the predictive capability of 𝑆𝑃𝐹! on Media tone: News, and 

then evaluating the predictive influence of Media tone: News on 𝑆𝑃𝐹! respectively. This approach examines the 

extent to which agents’ inflation expectations are derive from the professional forecasters’ inflation expectations 

𝛽*,# and the impact of media 𝛽+,# on those expectations. 



13 
 

4.2 Local projection  

To analyze the dynamicity of the impact of media on inflation expectations, we employ a linear local projection 

(LP) model, originally developed by Jordá (2005). This method has gained widespread popularity in 

macroeconomics, e.g., notably utilized by Auerbach and Gorodnichenko (2013). The LP model allows us to 

estimate the dynamic effects of a shock on the inflation expectations over specific time horizon. Our approach is 

inspired by Ramey and Zubairy (2018), who apply somewhat similar model to investigate the effect of US military 

news shocks on the US economy, among other applications. Our LP model is outlined in Equation 11: 

(11)  	𝑦#,!%, = 𝛼, + 𝛽,[𝑀𝑒𝑑𝑖𝑎	𝑠ℎ𝑜𝑐𝑘!] + 𝜙𝑥! + 𝑢!%,,  

Here, 𝑦#,!%, represents inflation expectations of 𝑖 group ℎ	periods ahead, 𝛼, is the intercept, 𝛽, is the effect of 

the media shock at time 𝑡, 𝜙𝑥! represents control variables and 𝑢!%,,  is the error term. The model has 4 lags in 

the estimation with 12 quarters (3 years) rolling estimation horizon, zero trend, and a 1.96 confidence interval. We 

use the media tone from both news and social media to proxy 𝑀𝑒𝑑𝑖𝑎	𝑠ℎ𝑜𝑐𝑘. This allows us to assess the impact 

of a media shock on the inflation expectations of various groups. 

The evolution of the time-path of 𝑦!%, describes information rigidity, as per the sticky information model of 

Mankiw & Reis (2002) and the noisy information model proposed by Woodford (2003) and Sims (2003). This 

analysis reveals how strong and rapidly the new inflation information is transmitted to inflation expectations. 

Agents update their inflation expectations with each estimation period’s media tone information, forming a 

weighted average of their prior beliefs (informed by the lagged period information of headline inflation, 𝜋!'(), a 

constant reflecting the inflation target, and the latest media shock information. 

Following Coibion and Gorodnichenko (2015), we assume inflation follows an AR (1) process 𝜋! = 	𝜌𝜋!'( +	𝜀!, 

where 𝜀! is a normally distributed (i.i.d) innovation of 𝜋! and 𝜌 < 1. Consumer cannot observe the overall headline 

inflation 𝜋! directly but they receive signals about it through 𝑀𝑇! =	𝜋! +	𝜔#!, where 𝜔#! represents a mean-zero, 

normally distributed noise (i.i.d) across time and agents. Agents form forecasts 𝐸#!𝜋!%, based on the 𝑀𝑇! and 

controls like last period inflation and a constant.  

(12) 𝐸#!𝜋!%, =	𝛼, +	 	𝛽,[𝑀𝑇!] + 𝜙[𝜋!'(] +	𝑢!%,,  

In Equation 12, 𝛽,	captures new information’s impact relative to the previous forecast. A fully accepted media 

shock implies 𝛽,	= 1; uncertainties or agents related frictions regarding media shock information suggest 𝛽, < 1. 

Incorrect signals may bias agents’ expectations, with no feedback from forecast errors, potentially leading to 

persistent forecast biases. Our focus is on agents’ inflation expectations responses to media shock, considering the 

information source type. 

We investigate how media shock influences both professional and public inflation expectations, recognizing that 

media coverage might affect these groups differently. We employ two LP model specifications: the first with 𝜙 =

0, excluding control variables, and the second with 𝜙 ≠ 0, incorporating the last period’s realized headline inflation 
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[π!'(] as a control. This enables us to estimate agent’s reactions to media shock and preceding period’s headline 

inflation. 

The rapid integration of new media shock information into inflation expectation reveals a high sensitivity of 

inflation expectations to new information. Conversely, sluggish response suggests rigid adaptation to new 

information. Understanding the speed at which inflation expectations adjust is crucial for monetary authorities, as 

it affects how inflation expectations respond to new information and evolve during business cycles.  

4.3 Micro-based FinBERT media tones 

The media tone variable for traditional news is constructed from thousands of different media sources and 

providing a single measure of news constituting thousands of individual information pieces related to various terms 

(see Appendix A). To enhance the robustness of our findings, we create our own micro-based FinBERT media 

tones from inflation-related news articles, compiled directly from the Lexis Nexis Uni database. Following 

Gorodnichenko et al. (2023), we utilize Financial BERT (FinBERT) language model, developed by Araci (2019).  

To accurately select relevant news from Nexis Uni database, we target articles containing one or more of the 

following terms in their headlines or main text: “inflation”, “price level”, “inflation expectations”, “FED”, “interest rate”, 

“consumer price index”, “CPI”, “consumer prices”, “energy prices”, “food prices”, “monetary policy decisions”, “monetary policy”, 

”fiscal policy”, “wage growth”, “healthcare costs3”, “healthcare expenses”, “education expenses”, “education costs”, “gas prices”, “cost 

of living”, “rate of inflation”, “inflationary”, “purchasing power” or “inflation rate”. Additionally, we require that one of these 

terms appear within 100 words of the following keywords: “U.S”, “United States”, “US”, “Federal reserve” or 

“FED” or that the headline or the main text includes terms like “FED interest rate”, “federal reserve”, “federal 

funds rate”.  

We further refine the selection by specifying the language as “English” and focusing on “Web-based Publications” 

or “Newspapers or Magazines & Journals” published in “North America, United States”. Following these criteria 

and an after initial cleaning, we compile a comprehensive corpus of 76,750 news articles, covering the periods from 

December 31, 1997, to February 4, 2018.  

To enhance the relevance of our dataset, we clean it by removing articled unrelated to economic inflation, such as 

those discussing tire or grade inflation, and articles concerning countries other than the US. Subsequently, we 

transform the news articles into sentences and clean the news corpus by removing emails, phone numbers, 

timestamps, and other extra characters, such as punctuations. We then select sentences between 10 and 100 words. 

and remove common stop words.  

Finally, we apply the sentences to a Latent Dirichlet Allocation (LDA) topic model, similar to that of Larsen et al. 

(2021). Utilizing the LDA model, which employs Gibbs sampling and K=15 topics4, allows us to systematically 

extract topics from our news data. The derived LDA topics are illustrated in Figure 5. Essentially, we integrate the 

 
3 Previously Larsen et al. (2021) find that healthcare costs and education expenses news are related to inflation expectations. 
4 We conduct a grid search with subsample of our data and calculate the perplexity score for different combinations to find 
optimal number for K, which is 15. 
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methodologies of Gorodnichenko et al. (2023) and Larsen et al. (2021) to construct a dataset that accurately reflects 

the media tone of inflation news in media sources.5 

Figure 5. News topics from the LDA model. 

Figure 5 indicates that the LDA model categorizes the words from the news sentences into 15 distinct topics, 

highlighting the 10 most frequent words for each. Based on these topics, we select news articles corresponding the 

most frequent words as follows: topics 10 and 14 are identified as the “Inflation & Fed”; topics 4 and 5 are 

associated with “Gas & Food Prices”; topic 12 is designated “Healthcare Costs”; topic 3 is labeled “Mortgages & 

Business”; and topic 11 is classified as “Education Cost”. Table 1 lists the distribution of news articles in each 

topic, sourced from approximately 1,300 different news outlets, including CNN, The Economist, Newsweek, 

Forbes, and Politico, among others. 

 

 

 
5 Haavio et al. (2024) similarly combine the LDA and FinBERT methods to create an inflation text tone for studying the 
ECB’s loss function. 
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Table 1. Number of news articles in selected topics.  

  
Inflation & 

Fed 
Gas & Food 

Prices 
Healthcare 

Costs 
Mortgages & 

Business 
Education 

Costs 
Number of news 
articles 17 138 10 257 4 378 5 730 5 524 

 

As outlined in Table 1, our FinBERT analysis focuses on 5 distinct news topics (“Inflation and Fed”, “Gas & Food 

Prices”, “Healthcare Costs”, “Mortgages & Business”, “Education Cost”). These news articles are then classified 

by FinBERT language model following Gorodnichenko et al. (2023). FinBERT, trained on financial news6, 

classifies texts with a Softmax probability of “negative”, “positive”, or “neutral” (Araci, 2019). Notably, FinBERT 

offers significant advantage to other language models, such as GPT-models, by enabling classification of large 

volumes of text data without any rate limits. We determine the tone of news articles in each topic as “positive”, 

“negative”, or “neutral” based on FinBERT model’s probabilities. For instance, an article is labeled “positive” if it 

had the highest probability of being so. Following the approach of Gorodnichenko et al. (2023), we calculate the 

tone for each date by subtracting the count of negative articles from positive ones and dividing by the total number 

of articles. The tones for each news article are then normalized by the number of words. Finally, we aggregate 

these daily FinBERT tones to quarterly levels using a three-month averaging, covering the period from Q2:1998 

to Q4:2017. These quarterly FinBERT media tones are illustrated in Figure 6. 

According to Figure 6, all our FinBERT media tones are negative, with the mean of the inflation news tones 

categories approximately -10, indicating that financial news over the 20-year span from 1998 to 2017 was 

predominantly negative. Notably, news related to “Inflation & Fed” is most negative during the GFC. Similarly, 

news related to “Gas & Food Prices” shows significant declines during the GFC especially in Q3:2008 and 

Q4:2008, coinciding with the sharp rise in gas prices in June-August 2008. For instance, in July 2008 the price of 

one barrel of West Texas Intermediate crude oil was double (140 $) compared to that of year earlier (70 $). 

Consequently, our FinBERT media tones, a measure of inflation news, interprets high inflation as negative news. 

Table 2 shows the correlation between our measures of FinBERT media tone news. The strongest correlations are 

observed between “Healthcare Costs” and “Education Costs” (0.53), and between “Inflation & Fed” and 

“Mortgages & Business” (0.47) news.  

 

 

 
6 Training data comes from both Thomson Reuters news stories and Financial PhraseBank dataset from Malo et al. (2014). 
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Figure 6. Quarterly FinBERT media tones.  

Table 2. Correlation matrix. 

  Inflation & 
Fed 

Gas & Food 
Prices 

Mortgages & 
Business 

Healthcare 
Costs 

Education 
Costs 

Inflation & Fed 1 0.41 0.48 0.13 0.2 

Gas & Food Prices 0.41 1 0.32 0.25 0.46 

Mortgages & 
Business 0.48 0.32 1 0.21 0.3 

Healthcare Costs 0.13 0.25 0.21 1 0.53 

Education Costs 0.2 0.46 0.3 0.53 1 

 

We further refine our FinBERT media tone by selecting sentences from newspapers that include the word 

“inflation”. Following the initial data cleaning as described previously, we process 68,340 sentences through the 

FinBERT model. We develop a more focused measure of inflation news tone by calculating difference between 

positive and negative probabilities assigned by FinBERT, adjusted by the sentence length. Subsequently, we 

aggregate the tones for each news article, normalize them by the number of words, and then compile these into 

quarterly levels. The sentence-based FinBERT media tone is presented in Figure 7. 
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Figure 7. Quarterly sentence-based FinBERT media tone. 

The sentence-based FinBERT media tone exhibits the strongest correlation with “Mortgages & Business” reaching 

0.559. The other notable correlations include “Inflation & Fed” at 0.474, “Gas & Food Prices” at 0.382, 

“Healthcare Costs” at 0.265, and “Education Costs” at 0.211. 

5. Empirical results 

We begin by examining the role of media tones on the inflation expectations of different age cohorts. Specifically, 

the influence of various sources of media tone – news and social media – on these cohorts is detailed in Tables 3, 

4, 5, and 6, based on the insights derived from Equations 3 and 4.  

Table 3. The role of news on inflation expectations of different age cohorts. 

 Dependent variable 
 18-34 35-44 45-54 55-64 65-97 
 (1) (2) (3) (4) (5) 

News 10.514*** 10.210*** 10.965*** 11.421*** 10.948*** 
 (2.217) (2.118) (2.408) (2.300) (2.129) 
Constant 2.403*** 2.395*** 2.505*** 2.529*** 2.636*** 
 (0.226) (0.216) (0.245) (0.234) (0.217) 
      
Observations 79 79 79 79 79 
R2 0.226 0.232 0.212 0.243 0.256 
Adjusted R2 0.216 0.222 0.202 0.233 0.246 
Note: Numbers in parenthesis are standard errors. *p<0.1; **p<0.05; ***p<0.01 
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Table 4. The role of AR-1 and news on inflation expectations of different age cohorts. 

 Dependent variable 
  
 18-34 35-44 45-54 55-64 65-97 

 (1) (2) (3) (4) (5) 
 

AR-1 0.409*** 0.491*** 0.590*** 0.562*** 0.517*** 
 (0.091) (0.086) (0.078) (0.078) (0.081) 
News  9.412*** 8.576*** 9.186*** 9.831*** 9.333*** 
 (2.034) (1.824) (1.870) (1.828) (1.774) 
      
Constant 1.109*** 0.895*** 0.573* 0.639** 0.875*** 
 (0.354) (0.325) (0.319) (0.320) (0.325) 
             
Observations 78 78 78 78 78 

R2 0.387 0.457 0.550 0.551 0.522 

Adjusted R2 0.371 0.443 0.538 0.539 0.509 
 
Note: Numbers in parenthesis are standard errors. *p<0.1; **p<0.05; ***p<0.01 
 

Table 5. The role of social media on inflation expectations of different age cohorts.  

 Dependent variable 
 18-34 35-44 45-54 55-64 65-97 
 (1) (2) (3) (4) (5) 

Social media 11.110*** 12.772*** 10.755*** 10.353*** 9.800*** 
 (2.695) (2.457) (2.962) (2.891) (2.693) 
Constant 2.551*** 2.383*** 2.724*** 2.822*** 2.928*** 
 (0.223) (0.203) (0.245) (0.239) (0.223) 
      
Observations 79 79 79 79 79 
R2 0.181 0.260 0.146 0.143 0.147 
Adjusted R2 0.170 0.250 0.135 0.132 0.136 
Note: Numbers in parenthesis are standard errors. *p<0.1; **p<0.05; ***p<0.01 
 

Results in Table 3 suggest that traditional news has a significant role for all age cohorts’ inflation expectations. The 

overall news has the largest association on the inflation expectations of 55-64 age cohort. Since the sizes of 

coefficients are quite alike, we do not provide strong evidence on heterogenous connections of inflation 

expectations on news. However, social media, in Table 5, has the largest effects on the younger 18-34 and 35-44 

age cohorts. This evidence is somewhat expected as the older generation are more likely exposed to information 

from traditional news outlets and younger from social media. The constant varies from 2.4 (35-44 years old) up to 

2.6 (65-97 years old) suggesting that without the news, different groups’ inflation expectations are slightly above 

the 2 percent inflation target.  
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Tables 4 and 6 incorporate the AR-1 process, yet the influence of media tones on inflation expectations remains 

significant. This suggests that media tones effectively convey timely information about future inflation, shaping 

agents’ expectations. Next, we will present the results for the role of media tones on different education groups. 

Tables 7 and 8 present the influence of news on different groups of level of education. We have strong evidence 

of a significant relationship between the news and the expectations of all education groups. While variations in 

exposure to this information exist among the groups, these differences are relatively minor. Individuals with 

“Graduate studies” show the highest responsiveness to news, whereas those with only “High school or less” are 

less responsive. Although the variances across all groups are minimal, the distinction between the highest and 

lowest education levels is notable. The estimated constant, indicating baseline inflation expectations in the absence 

of news, is lower for individuals with “Graduate studies”, decreasing progressively with lower education levels. 

The figures lend support that the credibility of the two percent inflation target of the FED, ca. 2% is highest among 

the “College degree” group, see Table 8. 

Tables 9 and 10 display the influence of the social media only. The results of the exposure to social media are 

slightly different compared to those of the news. Here, the smallest influence is on the group of “Some college” 

education. Similar to previous, the social media has the highest response among individuals with “Graduate 

studies”. The difference between the “High school or less” and “Some college” is statistically significant. The two 

higher educated groups also show strongest credibility of the FED two percent inflation target. The significance 

of the social media on agents’ inflation expectations remains valid even though the AR-1 processes are included 

into the models. Our analysis suggests that regardless of education level, all groups’ inflation expectations are 

influenced by media tone of traditional news and social media news. In summary, media tones are positively 

associated with inflation expectations, revealing a modest degree of variation in their influence across different 

educational groups. 

Table 6. The role of AR-1 and social media on inflation expectations of different age cohorts. 

 Dependent variable 
 18-34 35-44 45-54 55-64 65-97 
 (1) (2) (3) (4) (5) 

AR-1 0.417*** 0.453*** 0.601*** 0.587*** 0.557*** 
 (0.093) (0.086) (0.081) (0.083) (0.086) 
Social media 10.056*** 10.701*** 9.207*** 9.136*** 8.528*** 
 (2.435) (2.133) (2.279) (2.275) (2.197) 
Constant 1.212*** 1.022*** 0.711** 0.790** 0.970*** 
 (0.358) (0.308) (0.329) (0.342) (0.351) 
      
Observations 78 78 78 78 78 
R2 0.358 0.474 0.512 0.488 0.455 
Adjusted R2 0.341 0.460 0.499 0.475 0.440 
Note: Numbers in parenthesis are standard errors. *p<0.1; **p<0.05; ***p<0.01 
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Table 7. The role of news on different education groups inflation expectations.  

 Dependent variable 
 High school or less Some college College degree Graduate studies 
 (1) (2) (3) (4) 

News 8.955*** 11.405*** 11.059*** 12.598*** 
 (2.324) (2.410) (2.073) (2.019) 
Constant 3.214*** 2.597*** 2.071*** 1.771*** 
 (0.237) (0.246) (0.211) (0.206) 
     
Observations 79 79 79 79 
R2 0.162 0.225 0.270 0.336 
Adjusted R2 0.151 0.215 0.260 0.327 
Note: Numbers in parenthesis are standard errors, *p<0.1; **p<0.05; ***p<0.01. 

 

Table 8. The role of AR-1 and news on different education inflation expectations. 

 Dependent variable 
 High school or less Some college College degree Graduate studies 
 (1) (2) (3) (4) 

AR-1 0.597*** 0.561*** 0.494*** 0.475*** 
 (0.082) (0.079) (0.082) (0.079) 
News 7.733*** 9.384*** 9.683*** 10.387*** 
 (1.825) (1.921) (1.759) (1.744) 
Constant 0.893** 0.722** 0.648** 0.563** 
 (0.369) (0.332) (0.293) (0.265) 
     
Observations 78 78 78 78 
R2 0.508 0.530 0.509 0.550 
Adjusted R2 0.495 0.518 0.496 0.538 
Note: Numbers in parenthesis are standard errors, *p<0.1; **p<0.05; ***p<0.01. 
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Table 9. The role of social media on different education groups inflation expectations.  
 

 Dependent variable 
 High school or less Some college College degree Graduate studies 
 (1) (2) (3) (4) 

Social media 9.048*** 9.379*** 10.413*** 12.327*** 
 (2.816) (3.054) (2.609) (2.568) 
Constant 3.372*** 2.965*** 2.325*** 2.024*** 
 (0.233) (0.253) (0.216) (0.213) 
     
Observations 79 79 79 79 
R2 0.118 0.109 0.171 0.230 
Adjusted R2 0.107 0.098 0.161 0.220 
Note: Numbers in parenthesis are standard errors, *p<0.1; **p<0.05; ***p<0.01. 

 
 

Table 10. The role of AR-1 and social media on different education inflation expectations. 

 Dependent variable 

 High school or 
less Some college College degree Graduate studies 

 (1) (2) (3) (4) 
AR-1 0.606*** 0.599*** 0.525*** 0.497*** 
 (0.083) (0.082) (0.086) (0.086) 
Social media 8.227*** 9.084*** 9.360*** 9.736*** 
 (2.177) (2.339) (2.172) (2.207) 
Constant 0.970** 0.787** 0.763** 0.748*** 
 (0.374) (0.354) (0.312) (0.282) 
     
Observations 78 78 78 78 
R2 0.488 0.484 0.447 0.473 
Adjusted R2 0.474 0.471 0.433 0.459 
Note: Numbers in parenthesis are standard errors, *p<0.1; **p<0.05; ***p<0.01. 
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5.1 Media tone in explaining and forecasting actual inflation 

We next explore the capacity of media tones to account for the actual headline Consumer Price Index (CPI) 

inflation. The findings, derived from Equation 5, are outlined in Table 11.  

Table 11. Explanatory power of media tone for actual inflation. 

 
 Dependent variable 
 Inflation (CPI) Inflation (CPI) 
 (1) (2) 

News 3.009***  
 (0.684)  

Social media  3.156*** 
  (0.829) 

Constant -0.111 -0.067 
 (0.070) (0.069) 
   

Observations 79 79 
R2 0.201 0.158 
Adjusted R2 0.191 0.148 
Note: Numbers in parenthesis are standard errors, *p<0.1; **p<0.05; ***p<0.01. 

 

Table 11 offers an assessment of the power of media tone in explaining contemporary inflation. It shows that both 

media tone variables are highly significant, and they have a positive relation to the actual US inflation, indicating 

that the news they convey aligns with the prevailing inflation levels. However, the Adjusted R-squared are relatively 

low, with the highest R-square, attributed to the news, being 0.191.  

Figure 8 displays the actual headline inflation against the forecasts derived from the news. Although the inflation 

forecasts mimic the headline inflation dynamics, the true headline inflation changes largely exceed the forecasts. 

The social media inflation forecasts are presented in Figure 9, where the model produces quite similar predictions. 

Comparatively, the news forecasting model produces marginally lower RMSE value (0.2156856) than the social 

media model (0.2192504). The forecasted and the actual values are weakly related; occasionally the social media is 

better able to capture the headline inflation dynamics (like in 2009), while in other cases, the news is more accurate 

(as in 2011). 
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Figure 8. News forecasting inflation. 

 

Figure 9. Social media forecasting inflation. 
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5.2 Media tone and SPF forecasts 

Next, we display the relationship between the media tones and the SPF’s inflation expectations, i.e., the results for 

Equation 7 and 8. Table 12 indicates news is efficient in explaining the SPF’s inflation forecasts. Interestingly, 

social media is more significantly related to the SPF expectations than the news.   

 Table 12. Media tones explaining the SPF one-year-ahead. 

 
 Dependent variable 
 SPF SPF SPF 
 (1) (2) (3) 

News 2.731***  -1.194 
 (0.914)  (1.104) 

Social Media  5.691*** 6.671*** 
  (0.939) (1.304) 

Constant 1.913*** 1.733*** 1.772*** 
 (0.093) (0.078) (0.085) 
    

Observations 79 79 79 
R2 0.104 0.323 0.333 
Adjusted R2 0.092 0.314 0.316 
Note: Numbers in parenthesis are standard errors. *p<0.1; **p<0.05; ***p<0.01 

 

Carroll (2003) states that SPF reflects informational content of news because professionals are interviewed to by 

the news outlets. Hence, Carroll expects that the professionals’ opinions are transmitted and reflected in the media 

tone information. Contrary to this expectation, our findings in Table 12 reveal more complex picture. While the 

coefficient for news is statistically significant, both R-squared and the Adjusted R-squared values are relatively low. 

Conversely, social media exhibits a larger, statistically significant coefficient and a higher R-squared. With the 

inclusion of both media tone variables in the model, the statistical significance of news diminishes, indicating that 

SPF inflation information predominantly relates with social media rather than traditional news.  

This suggests a revaluation of Carroll’s (2003) hypothesis that SPF expectations directly reflect the inflation 

information provided by news outlets. Instead, our results imply that SPF inflation expectations are more closely 

aligned with social media. This could be attributed to the growing influence of social media channels among 

professionals, making social media more important source of inflation expectations compared to traditional news.  

Our earlier results in Table 5 and 6 indicate that social media largely influenced inflation expectations of individuals 

aged 35-44 with “Graduate studies”.  These results now extend to suggest that social media also shapes the inflation 

expectations of professional forecasters. Next, we present our findings for the mechanism of the expectation 

process, specifically Equations 9 and 10. 
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Table 13. SPF explaining inflation expectations by age cohort. 
 Dependent variable 

 18-34 35-44 45-54 55-64 65-97 
 (1) (2) (3) (4) (5)  

SPF one-year-ahead 0.731** 0.794*** 0.667** 0.679** 0.224 
 (0.286) (0.270) (0.311) (0.302) (0.290) 

Constant 1.825*** 1.650*** 2.111*** 2.152*** 3.203*** 
 (0.627) (0.594) (0.682) (0.663) (0.636) 
       

Observations 79 79 79 79 79 
R2 0.078 0.101 0.056 0.062 0.008 
Adjusted R2 0.067 0.089 0.044 0.049 -0.005  
Note: Numbers in parenthesis are standard errors, *p<0.1; **p<0.05; ***p<0.01. 
 
 
Table 14. SPF explaining inflation expectations by education group. 
 Dependent variable 

 High school or less Some college College degree Graduate studies 
 (1) (2) (3) (4)  

SPF one-year-ahead 0.235 0.314 0.759*** 1.011*** 
 (0.298) (0.321) (0.273) (0.269) 

Constant 3.565*** 3.013*** 1.485** 0.785 
 (0.655) (0.705) (0.599) (0.590) 
      

Observations 79 79 79 79 
R2 0.008 0.012 0.091 0.155 
Adjusted R2 -0.005 -0.001 0.080 0.144  
Note: Numbers in parenthesis are standard errors, *p<0.1; **p<0.05; ***p<0.01. 
 

Table 13 proposes a significant relationship between SPF and younger age cohorts, especially those aged 35-44. 

Table 14 indicates a more profound association between the SPF and more educated households, specifically those 

with college degrees and graduate studies. These findings suggest that younger, highly educated households share 

similar views about future inflation as experts do. We then incorporate our traditional news measure from media 

tone into the model (i.e., Equation 10) and study how this affects our results. 

Including news in the model diminished the previously strong significance of the SPF for different age cohorts’ 

inflation expectations, see Table 15. Only the 35-44 age group remained significant with a p-value below 0.1. 

Similar evidence is presented in Table 16, where incorporating news reduced the significance of the SPF, leaving 

only graduate studies with a p-value below 0.05. Thus, our evidence suggests that the influence of news is 

independent of demographics, as every age group is exposed to media tone information. Conversely, the SPF has 

a more significant relationship with households in the 35-44 age cohorts and those with graduate studies.  
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Table 15. News and SPF explaining inflation expectations by age cohort. 
 
 Dependent variable 

  
 18-34 35-44 45-54 55-64 65-97 

 (1) (2) (3) (4) (5) 

News 9.504*** 8.973*** 10.205*** 10.676*** 11.533*** 
 (2.330) (2.209) (2.546) (2.431) (2.254) 

SPF one-year-ahead 0.370 0.453* 0.278 0.273 -0.214 
 (0.275) (0.261) (0.300) (0.287) (0.266) 

Constant 1.696*** 1.528*** 1.973*** 2.006*** 3.046*** 
 (0.572) (0.542) (0.625) (0.597) (0.553) 

      
       

Observations 79 79 79 79 79 
R2 0.244 0.261 0.221 0.251 0.262 
Adjusted R2 0.224 0.242 0.200 0.232 0.243 

Note: Numbers in parenthesis are standard errors, *p<0.1; **p<0.05; ***p<0.01. 
 

Table 16. News and SPF explaining inflation expectations by education group. 
 
 Dependent variable 

  
 High school or less Some college College degree Graduate studies 
 (1) (2) (3) (4)  

News 9.275*** 11.770*** 10.027*** 10.978*** 
 (2.468) (2.559) (2.173) (2.067) 

SPF one-year-ahead -0.117 -0.134 0.378 0.593** 
 (0.291) (0.302) (0.256) (0.244) 

Constant 3.439*** 2.853*** 1.348** 0.636 
 (0.606) (0.628) (0.534) (0.508) 
     

Observations 79 79 79 79 
R2 0.163 0.227 0.290 0.384 
Adjusted R2 0.141 0.207 0.271 0.368 
Note: Numbers in parenthesis are standard errors, *p<0.1; **p<0.05; ***p<0.01. 
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We then conduct Granger causality tests with our media tones and employ the SPF as a proxy for news, following 

Carroll’s (2003) suggestion. Prior to estimating the Granger causality tests, we assess the stationarity of the datasets 

using Augmented Dickey-Fuller (ADF) tests. Non-stationary series are differenced, and any missing values are 

removed to ensure the dataset’s consistency and completeness. We perform the Granger causality tests using  a 

one-lag approach, i.e., comparing Equations 13 and 14. 

(13) 	𝜋#,!,!%)" =		𝛽(,# 	+ 𝛽+,#[𝜋#,!'(,!%*" ] + 𝜖#,! 

(14) 	𝜋#,!,!%)" =		𝛽(,# 	+ 𝛽+,#%𝜋#,!'(,!%*" ' + 𝛽*,# 	[𝑀𝑇!,!%*] + 𝜖#,! 

Thus, we examine whether the previous values of news, social media, or SPF have predictive power for the current 

values of each inflation expectation. This allows us to study whether media information Granger-causes inflation 

expectations. 

Table 17. Granger causality test p-values for inflation expectations by age cohort. 
 

  Dependent variable 

  18-34 35-44 45-54 55-64 65-97 

  (1) (2) (3) (4) (5) 

News 0.011** 0.025** 0.051* 0.006** 0.110 

Social media 0.040** 0.009*** 0.192 0.158 0.388 

SPF one-year-ahead 0.536 0.613 0.494 0.216 0.050* 

Note: *p<0.1; **p<0.05; ***p<0.01. 
 
 
Table 18. Granger causality test p-values for inflation expectations by education group. 
 

  Dependent variable 

  
High school or less Some college College degree Graduate 

studies 

  (1) (2) (3) (4) 

News 0.183 0.160 0.005*** 0.000*** 
Social media 0.332 0.536 0.094* 0.013** 
SPF one-year-ahead 0.139 0.134 0.221 0.550 

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

The results in Tables 17 and 18 show the F-test p-values for the tests of Granger-causality. Our results suggest 

that news Granger-causes inflation expectations among some age and educated group of agents. We find the 

strongest evidence for our news, which demonstrates statistical significance in Granger-causing inflation 

expectations for the age groups 18-34, 35-44, 45-54, and 55-64.  
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Our results also show strong evidence of news influencing the inflation expectations of highly educated 

households, specifically those with “College degree” and “Graduate studies”. The social media measure exhibits 

the most substantial influence on the younger age cohorts (18-34 and 35-44) and on highly educated households 

(those with “College degrees” and “Graduate studies”). The SPF shows statistically significant Granger-causality 

with the older age cohort (65-97). Thus, our results support the notion that news and social media Granger-cause 

changes in households’ inflation expectations, particularly among the highly educated.  
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5.3 Local projection 

This section presents our results from a local projection (LP) model, which examines the impact of media shocks 

on inflation expectations. The model uncovers potential variations in the magnitude, significance, and persistence 

of reactions to media shocks proxied by news and social media from media tones. We estimate two distinct versions 

of our LP model. The first version includes each group’s lagged inflation expectations as a control variable, along 

with a constant term. The findings are illustrated in Figures 10 and 11. 

 

Figure 10. LP model’s impulse responses to news shocks.  
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Figure 10 presents the trajectory of professionals’ and the public’s inflation expectations in response to a news 

shock over a 12-quarter time horizon. Initially, the impact of a news shock is positive across all groups. This 

positive effect, however, gradually diminishes, with the most significant decrease occurring around the 10th quarter 

after the shock.  

The model variant that incorporates lagged headline inflation as a control variable assesses the impacts of new 

information provided via media tone on agents’ inflation expectations. We assume that lagged actual CPI headline 

inflation reflects the true information set on which agents form their inflation expectations before they become 

exposed to the new media reports about inflation, see Figure 12.  

Comparing the impulse responses to news shock without lagged inflation (𝜙𝑥! = 0) to those with it (𝜙𝑥! ≠ 0	), 

we see that the positive news shock typically dies out within five quarters. The inclusion of lagged inflation and 

prior information seems to enhance the impact and significance of media shocks. This supports the notion that 

agents adjust their prior expectations – based on the actual last period’s inflation figures – with new information 

provided by the media. Overall, the impulse responses align with our regression analysis findings, showing similar 

reactions to news shocks across different age and education groups.  

Regarding social media shocks (see Figures 11 and 13), the trajectory of social media shocks appears more volatile 

than that of news shocks. Additionally, incorporating lagged headline inflation as a control variable in the LP 

estimation seems to reduce the persistency of the social media shock approximately two quarters. Without the 

headline inflation data as a control, the social media shock dies out within five quarters, whereas with it, their 

impact fades within three quarters.  

Furthermore, using lagged inflation as a control variable (𝜙𝑥! ≠ 0	)	in the LP model appears to diminish the 

average magnitude of media shock responses across various age and education levels. This suggests that the 

formation of agents’ inflation expectations is influenced not only by recent news and social media but also the 

lagged information (expectations) about the inflation. This implies that the inflation expectations would consist of 

persistency and memory. 
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Figure 11. Impulse responses of local projection model to social media shocks. 
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Figure 12. LP model with actual CPI inflation as control variable (news shock). 
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Figure 13. LP model with inflation as control variable (social media shock).  
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5.4 Estimation with mixed-data sampling (MIDAS) 

Media tone data is available on a daily frequency, while the inflation expectations for different groups (age, 

education) are available only on a monthly or quarterly basis. This calls for estimation with mixed frequency. For 

instance, Chambers (2016) presents evidence suggesting that the use of an exact discrete time model for mixed 

frequency data yields estimators with lower bias and RMSEs compared to those based on traditional methods of 

aggregating data to the same lower frequency. The mixed frequency approach is particularly appealing in 

understanding the formation of inflation expectations. An economic agent continuously acquires various types of 

information about current and future inflation, forming their expectations based on this information. However, 

their expectations about future inflation are requested only on a monthly basis. To this end, we estimate a mixed-

data sampling (MIDAS) regression, which can be represented in general equation form in Equation 15. 

(15) 	𝑦! =		𝛽- + ∑ 𝛽.%(/
.0- 𝑚(𝑥!'. , 𝜃) + 𝜖! 

In Equation 15, 𝑦! is the predicted variable, 𝛽.%( are the coefficients for the lagged values of the explanatory 

variables 𝑥!'. and 𝑚(𝑥!'.,𝜃) represents the MIDAS lag polynomial applied to 𝑥 at time 𝑡 − 𝑘. The function 𝑚 

utilizes parameters 𝜃 to weight the contributions of lagged values of 𝑥. The form of 𝑚 and parameters 𝜃 vary 

based on the selected MIDAS weighting scheme, such as the exponential Almon polynomial lag structure. (Ghysels 

et al., 2007.) 

Furthermore, we implement the MIDAS model, utilizing both daily news and social media, to forecast the 

University of Michigan’s monthly inflation expectations. This monthly series is more detailed than its quarterly 

counterpart, including three demographic categories for both age and education. To properly align our daily data 

within the MIDAS model, we use only the last 22 days of our daily media tone data from each month. We conduct 

an out-of-sample forecasting exercise with a recursive window, i.e., a rolling expanding window with an initial 

sample of 24 months with two lags, and the exponential Almon polynomial lag structure with starting parameter 

values of 1 and -0.5.
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Figure 14: MIDAS model recursive forecasts with daily news. 
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Figure 15. MIDAS model recursive forecasts with daily social media. 
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Table 19. MIDAS models’ RMSE scores for monthly inflation expectations. 
 
News     Social media   
          
Inflation expectations RMSE   Inflation expectations RMSE 
Ages 18-34 0.841   Ages 18-34 0.845 
Ages 35-54 0.788   Ages 35-54 0.786 
Ages  55-97 0.770   Ages  55-97 0.785 
High school or less 0.825   High school or less 0.839 
Some college 0.871   Some college 0.878 
College degree 0.718   College degree 0.730 

 

Figures 14 and 15, and Table 19, illustrate the MIDAS model’s recursive forecasts of inflation expectations based 

on daily news and social media. The estimates reveal that traditional news tends to predict monthly inflation 

expectations more effectively than social media sources. 

Extending our analysis, we also apply the MIDAS model to forecast quarterly inflation expectations, consistent 

with our methodology in earlier sections. This involves a similar recursive window forecast, beginning with an 

initial sample of 8 quarters, and employing the MIDAS model with the same lag and start parameters. The results, 

showcased in Figures 16 and 17, and Table 20, highlight the forecasts for quarterly inflation expectations based on 

news and social media. 

 

Figure 16. MIDAS model recursive forecasts for quarterly inflation expectations (news). 
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Figure 17. MIDAS model recursive forecasts for quarterly inflation expectations (social media). 

 

Table 20. MIDAS model RMSE scores for quarterly inflation expectations. 
 
News     Social media   
          
Inflation expectations RMSE   Inflation expectations RMSE 
Ages 18-34 0.719   Ages 18-34 0.737 
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Ages 65-97 0.665   Ages 65-97 0.725 
High school or less 0.740   High school or less 0.763 
Some college 0.774   Some college 0.826 
College degree 0.662   College degree 0.702 
Graduate studies 0.640   Graduate studies 0.696 

  

Interestingly, MIDAS estimation indicates comparable dispersion between the two types of media tones, and it 

suggests that news might be a more reliable predictor of future quarterly inflation expectations than the social 

media. Having revealed the connection between news coverage and inflation expectations, we will further 

investigate which news topics influence these expectations in the next section. 
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5.5 Estimations using FinBERT media tones 

Next, we present the estimation of the exposure of inflation expectations to different FinBERT media tones. The 

complete set of results are in Appendix B, Tables B1–B8. Nevertheless, Table 21 shows the exposure of different 

groups’ inflation expectations to “Inflation & Fed” type of news in the newspapers, magazines, and web-based 

publications. Results suggest that the youngest and the oldest age groups are without a significant influence on 

their expectations. The highest exposures to “Inflation & Fed” news are among the 35-44, 45–54 and 55-65 years 

old.  “Gas and Food Prices” has similar evidence on age cohorts’ inflation expectations, see Table B1. The highest 

influence is for the cohort between 55 and 64 years of age. The limited and selected information about the headline 

inflation increases the size of the coefficients (3.1-3.5) compared to the sizes of constant in estimates of media 

tone exposure. We interpret that the information provided from the FinBERT tones is limited and hence, does 

not offer an accurate and comprehensive information about the expected inflation although it seems to be quite 

able to exposure on age group inflation expectations.  

Table 22 presents the estimates of the influence of “Inflation & Fed” on different education groups inflation 

expectations. Now, we have an interesting result that households with least educated groups, “High school or less” 

and “Some college”, are most exposed to “Inflation Fed” news. According to the Table B1, the late-middle age 

group (55–64) is most exposed to “Gas and Food Prices”. Moreover, the “Gas and Food Prices” has the highest 

effect on least educated groups, the “High school or less” and “Some college” education group’s inflation 

expectations, see Table B2. If the degree of education has any relationship with level of income one can assume 

that gas and food prices could play a significant role in their budget, and they closely follow the actual gas and food 

price dynamics. Hence, any information about the price hikes of “Gas and Food” may affect their inflation 

expectations.  

Inflation expectations among different age groups are highly immune to inflation information stemming from 

“Mortgage & Business”, see Table B3. The least educated group, “High school or less”, is the only group whose 

inflation expectations are influenced by inflation related news about “Mortgage & Business”; see Table B4. It is 

possible that, as a group of lower incomes and financially restricted agents, they are highly exposed to any price 

changes in mortgages.  

Inflation news related to “Healthcare Costs” has relation to older age cohorts’ (45-54, 55-64, 65-97) inflation 

expectations (Table B5), whereas the two least educated groups (“High school”, “Some college”) are exposed to 

healthcare costs news (Table B6). This proposes that both the age and the level of education which typically relates 

to salary and wealth attract the attention about “Healthcare Costs”.  

Our FinBERT media tone also includes news regarding the “Education Costs”. Results in Table B7 and B8 reveal 

that none of inflation expectations of different age cohorts or education group are related to “Education Costs” 

news. 

We also conduct estimations using the FinBERT tone, which is constructed from sentences that include the word 

“inflation”, referred to as “Inflation sentences” (see Tables 23 and 24). We observe the most significant negative 
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correlation in the age groups of 35-44, 45-54, and 65-97. Regarding education levels, the most substantial negative 

correlations are found for individuals with “High school or less” and “Some college” education. 

 Table 21.  The role of Inflation & Fed FinBERT tone across age cohorts.  

 Dependent variable 
  
 18-34 35-44 45-54 55-64 65-97 
 (1) (2) (3) (4) (5) 

Inflation & Fed -0.009 -0.020** -0.021** -0.019** -0.010 
 (0.008) (0.008) (0.009) (0.008) (0.008)       

Constant 3.125*** 2.746*** 2.882*** 3.018*** 3.371*** 
 (0.272) (0.251) (0.283) (0.278) (0.265) 
      

Observations 79 79 79 79 79 
R2 0.016 0.083 0.076 0.065 0.020 
Adjusted R2 0.003 0.071 0.064 0.053 0.008  
Note: Numbers in parenthesis are standard errors, *p<0.1; **p<0.05; ***p<0.01. 
 

Table 22. The role of Inflation & Fed FinBERT tone across education groups. 

 Dependent variable   
 High school or less Some college College degree Graduate studies 
 (1) (2) (3) (4) 

Inflation & Fed -0.019** -0.016* -0.012 -0.011 
 (0.008) (0.009) (0.008) (0.008)      

Constant 3.460*** 3.193*** 2.772*** 2.630*** 
 (0.266) (0.291) (0.260) (0.266) 
     

Observations 79 79 79 79 
R2 0.072 0.041 0.027 0.025 
Adjusted R2 0.060 0.028 0.015 0.012 

Note: Numbers in parenthesis are standard errors, *p<0.1; **p<0.05; ***p<0.01. 
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Table 23. The role of sentence-based FinBERT tone across age cohorts.  

 Dependent variable 
 18-34 35-44 45-54 55-64 65-97 
 (1) (2) (3) (4) (5) 

Inflation sentences -0.026* -0.030** -0.035** -0.028* -0.033** 
 (0.015) (0.015) (0.016) (0.016) (0.015)       

Constant 3.197*** 3.132*** 3.270*** 3.394*** 3.421*** 
 (0.151) (0.144) (0.161) (0.158) (0.146) 
      

Observations 79 79 79 79 79 
R2 0.037 0.051 0.057 0.039 0.059 
Adjusted R2 0.025 0.039 0.045 0.027 0.047 
Note: Numbers in parenthesis are standard errors, *p<0.1; **p<0.05; ***p<0.01. 
 

Table 24. The role of sentence-based FinBERT tone across education groups. 

 Dependent variable 
 High school or less Some college College degree Graduate studies 
 (1) (2) (3) (4) 

Inflation sentences -0.050*** -0.033** -0.017 -0.013 
 (0.015) (0.017) (0.015) (0.015) 
     

Constant 3.660*** 3.421*** 2.993*** 2.877*** 
 (0.144) (0.163) (0.147) (0.151) 
     

Observations 79 79 79 79 
R2 0.133 0.050 0.017 0.009 
Adjusted R2 0.122 0.038 0.004 -0.003 
Note: Numbers in parenthesis are standard errors, *p<0.1; **p<0.05; ***p<0.01. 
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5.6 Estimation with Dynamic Model Averaging (DMA) 

We apply the dynamic model averaging (DMA) approach to our FinBERT tones to identify which tones are 

important at different times for various inflation expectations. The forecast of the DMA model is given by the 

following equation: 

(16) 	𝑦!123 =		∑ 𝜋!|!'(,. ∗ 𝑦!,./
.0(  

In Equation 16 DMA we use posterior probabilities 𝜋!|!'(,. to weight model forecasts 𝑦!,. from 𝐾 number of 

models to get DMA forecast 𝑦!123 (Raftery, Kárny, Ettler, 2010). We can further decompose the posterior 

probabilities into the following equation:  

(17) 	𝜋!|!'(,. =		
5!"#$|"#$,'%	7

∑ 5!"#$|"#$,(%	7)
(*$

 

In Equation 17 𝛼 is a forgetting factor between 0 and 1, which determines how the past observations are weighted. 

There is also another forgetting factor 𝜆 just below 1, as mentioned by Raftery, Kárny, and Ettler (2010). Moreover, 

from the DMA model, we can derive the relative variable importance (RVI) using the posterior probabilities 

(Drachal, 2020).  

(18) 	𝑅𝑉𝐼(𝑥&)! = ∑ 𝜋!'(|!'(,./
.0( 𝟙.(𝑥&) 

In Equation 18, the posterior probabilities of the models are summed, where 𝟙.`𝑥&a = 1 if the 𝑘-th model 

contains 𝑥& as an explanatory variable and 𝟙.`𝑥&a = 0 if it does not (Drachal, 2020). From this, we can analyze 

the relevance of individual variables, which influence both the selection of models and their weights. This provides 

evidence of which models are important at various forecasting times. 

In our setup, we utilize all of our FinBERT tones (“Inflation and Fed”, “Gas & Food Prices”, “Healthcare Costs”, 

“Mortgages & Business”, “Education Costs”, and “Inflation sentences”) in the DMA model to forecast inflation 

expectations. Similar to our previous MIDAS forecasting exercise, we have an initial sample of 8 quarters. 

However, in our DMA exercise we set 𝛼 value to 0.97 and the 𝜆 value to 0.95. The initial variance is set to 5. In 

this way, we have 64 different models for each set of inflation expectations. Figures 18-21 present the posterior 

probabilities for the young and old age cohorts and the low and high education groups. The remaining results are 

in Appendix C, Figures C1-C5. Table 25 displays the DMA model’s RMSE scores. 
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Table 25. DMA model RMSE scores for quarterly inflation expectations. 
   
Inflation expectations RMSE 
Ages 18-34 0.793 
Ages 35-44 0.779 
Ages 45-54 0.871 
Ages 55-65 0.854 
Ages 65-97 0.748 
High school or less 0.787 
Some college 0.856 
College degree 0.792 
Graduate studies 0.821 

 

As seen in Figures 18 and 19, the intercept is always included for both the young and old age cohorts. For the 

younger cohorts (ages 18-34), the news related to “Mortgages & Business” was of significant importance from 

2002 to 2009. This holds somewhat true for the older age cohorts as well, as their model demonstrates significant 

probabilities for “Mortgages & Business”. It is also worth noting that the younger generations show more 

significant probabilities for news about “Gas & Food Prices” and “Healthcare Costs” than the older age cohorts. 

When comparing the inclusion probabilities between the highly educated and the less educated (Figures 20 and 

21), we observe more volatility in the probabilities compared to those of the age cohorts. Specifically, the group 

with only a high school education shows the most volatile probabilities for “Mortgages & Business”, “Healthcare 

Costs”, “Education Costs”, and “Inflation sentences”. For the highly educated, the probabilities for “Mortgages 

& Business” are similar to those observed for the young age cohorts. 
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Figure 18. DMA model posterior probabilities for 18-34 age cohort. 
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Figure 19. DMA model posterior probabilities for 65-97 age cohort. 
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Figure 20. DMA model posterior probabilities for “High school or less” education group. 
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Figure 21. DMA model posterior probabilities for “Graduate studies” education group. 
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6. Conclusion 
In recent times, inflation has surged to levels not seen in over four decades, placing the central bank’s mandate of 

maintaining price stability at the forefront. Understanding and forecasting households’ inflation expectations are 

crucial for policy effectiveness. However, the heterogeneity in these expectations poses additional challenges. This 

paper explores the influence of media tones, encompassing news and social media, on various demographic groups’ 

inflation expectations in the United States, examining the effects across different age cohorts and educational 

levels. 

Our analysis of US data suggests that traditional news has a more pronounced influence on the inflation 

expectations of older cohorts, while social media significantly shapes the expectations of younger and more 

educated groups. Additionally, we find that news is valuable in forecasting headline inflation. Contrary to Carroll’s 

(2003) proposition, our findings indicate that the Survey of Professional Forecasters (SPF) may not serve as an 

adequate proxy for news, with social media potentially having a closer alignment with SPF expectations. Yet, the 

importance of SPF, especially among younger, highly educated individuals, should not be overlooked. 

Our Local Projection estimates reveal that the effect of Media shock on inflation expectations persists for about 

five quarters. When accounting for the dynamics with lagged realized headline CPI inflation, the influence of media 

on expectations extends to approximately two quarters, highlighting the significant role of past inflation in shaping 

agents’ expectations and the sticky nature of new information integration. Across groups, the dynamics of inflation 

information’s influence on expectations show no significant differences. 

To delve deeper into the drivers of inflation expectations, we utilize the FinBERT language model and the LDA 

topic model to categorize news into five distinct topics: “Inflation & Fed”, “Gas and Food Prices”, “Healthcare 

Costs”, “Mortgages & Business”, and “Education Cost”. From these we form our own FinBERT media tones. 

The influence of these topics on inflation expectations varies, with less educated individuals being more sensitive 

to “Inflation & Fed”, “Gas and Food Prices”, “Healthcare Costs”, and “Mortgages & Business”. Among age 

cohorts, the oldest group is most affected by “Healthcare Costs”, while “Inflation & Fed” resonates more with 

middle-aged individuals. 

Our study sheds light for further research too. First, since our analysis focuses on the role of media tone for 

inflation expectations, a natural extension would be to integrate news into to a Phillips curve model (Bańbura et 

al., 2021; Ciccarelli and Osbat, 2017; Conti, 2021). Additionally, a large sample size would enable to incorporate 

state dependence in local projections and reveal for varying inflation environments. Furthermore, joint analysis of 

media shocks with de-anchoring measures of inflation expectations could also validate our results further.  

In conclusion, our research establishes a strong link between media tone and inflation expectations, emphasizing 

its influence across different demographic segments. These insights suggest that central banks could benefit from 

adopting tailored communication strategies, particularly by leveraging the influence of social media, to enhance the 

effectiveness of their monetary policy. The heterogeneity observed in the drivers of these expectations opens up 

multiple avenues for future research, particularly the learning processes of various demographic groups. 
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Appendix A 

The following texts are excerpted from the Thomson Reuters MarketPsych Indices (TRMI) 
handbook. 

Thomson Reuters MarketPsych Indices (TRMI)  

TRMI Variables  

Thomson Reuters MarketPsych Indices (TRMI) are provided by Thomson Reuters. TRMI data are based on word 
recognition techniques which aim to extract economics, finance, business and psychological relevant information 
from financial news, social media, conference calls transcripts and executive interviews. Data are available for more 
than 7,750 companies from over 30 countries and index level data are available to the 15 largest markets from 1998 
onwards. Data are also available for 130 countries. Only text written in English is used in the analysis. 

The TRMI database uses news from several of the mainstream news sources for the entire historical sample period. 
After 2005, also internet news content is used for the analysis. Internet news are restricted to top international, 
regional and business news sources, and leading industry sources. The social media data is less diverse. At the 
beginning, the sample consists of content collected from discussions in internet forums and after 2008, top 30% 
of blogs, microblogs, and other social media content (e.g., finance-specific tweets) are also included to the data. 
The popularity of these sources is measured with incoming links. 

The value of the TRMI variable can be non-integer when any of the words/phrases used to form it are described 
with a “minimizer” (“maximizer”), which reduces (increases) the intensity of the primary word or phrase. For 
example, in the phrase “less concerned” the score of the word “concerned” is minimized by “less”. As a result, 
the scores of common words/phrases with minor contributions can be minimized while more intense emotions 
are weighted more heavily. 

Data analysis 

Previous studies mostly use a lexical analysis method where an article text is compared to pre-specified context 
relevant lexicon and their frequencies are subsequently counted. The most significant limitation of this method is 
that it concentrates only on one dimension of sentiment (positive vs. negative) and ignores other, partly 
interrelated, dimensions. Also, some open-source sentiment dictionaries might misclassify business-and finance-
related terms. TRMI word recognition technique uses extensive customization and curation of lexicons and aims 
to identify and score hundreds of sentiment dimensions using different grammatical frameworks to different text 
sources based on their special traits and also considers the structure of the sentences and articles. When applied to 
text, the confluence of the various text processing described below generates over 400 psychological variables 
(PsychVars), each with the potential to be applied to a different entity. It should be emphasized that the method 
aims to identify word interrelationships and calculates the score based these, instead of using frequency analysis 
on individual words. The following goes through the methods used for word recognition and content quantifying 
method used in the data formation. 

Source type differences 

TRMI data are extracted from both traditional news media and from social media sources which creates challenging 
environment for word recognition techniques. Thus, the data analysis is customized for each source due to 
differences in communication styles between social and news media.  

Unlike news media, which uses standardized terms and appropriate tone in its contents, social media contains 
substantial amounts of sarcasm and irony, colloquial meanings, incomplete thoughts, misplaced punctuation, 
misspellings, non-standard grammar, case insensitivity and crude language. The expressions of emotions between 
news and social media also vary. In social media, authors tend to use nationally and regionally developed emoticons 
(e.g. “:)”) and acronyms (e.g. “LOL”) to express themselves. 

In addition, unlike journalists of traditional news media, who are trained to offer multiple perspectives on the 
underlying story and go through editorial process, authors in social media have a tendency to express their own 
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opinions and emotional states more directly. In the news, the role of journalists is to describe the emotional states 
of those they are reporting on. As a result, information obtained from social media is typically less inclusive of 
contrary viewpoints and more emotionally expressive from the first-person perspective than news information. 

As a result of all these differences, text analytical models are used to calibrate the text analytics by source type and 
different models are used for news, social media forums, tweets, SEC filings and earnings conference call 
transcripts. 

Entity Identification 

Entities are identified with a list containing more than 60 000 entity names and their aliases which include e.g., 
different language specific writing forms of locations and firms. 

TRMI uses anti-correlate filters to exclude irrelevant entities. For example, gold and silver are typically mentioned 
every two years during the Olympic Games but they are not related to gold and silver commodities. Similarly, 
references to South Korean Won could be either used to refer to victories achieved by South Korean athletes or 
to South Korea’s currency. Also, the entities should have a correct co-references. For example, “breakfast oats” 
are not counted as a correct reference to commodity Oats unless it is accompanied with key identification correlates 
such as “prices” or “futures”. 

Timing 

TRMI has several variables referring to expectations. The text-analytics software is calibrated to identify verb tenses 
in every phrase and is able to recognize when the references are future-oriented and hence related to expectations. 
For example, “Optimism” is a difference between references to future-oriented positive and negative comments 
and for example to “Uncertainty”, any references to past uncertainties are excluded from the analysis. 

Modifiers and Negations 

Modifier words change the meaning or tone of a phrase or sentence by modifying its impact. For example, words 
or phrases that increase the significance of an adjective, such as “large”, (e.g. “large loss”) are multiplicative on the 
weighting of the modified word whereas minimizers like “a little” and “a handful” multiply the meaning score by 
0.5. Modifiers can either increase (maximizers) or decrease (minimizers) the score of a key term and thus affect the 
scoring of textual meaning. In cases of frequent meanings based on simple word relationships, like the word “new”, 
a multiplier is used to minimize the weight of the meaning. For example, in the case of “new” the multiplier is 0.1 
when that meaning is used in the Innovation index. 

Data also takes into account the differences between news headlines and article bodies. Headlines have a 
multiplicative weight of 3, subtitles a weight of 2 and bodies a weight of 1 in the data formation. 

 In addition to the maximizing and minimizing operations, the data formation takes into account negations. For 
example, the phrase “I’m not worried about the earnings release” connotes that the author is not afraid, and as a 
result, the extracted fear score is negated (-1).  

Source Texts 

The TRMI measures are from two groups of sources, news and social media, and the data consists of three feeds: 
news feed, social media feed and an aggregate feed of combined news and social media content. TRMI processes 
more than two million articles daily and the data are updated minutely. Each minutely value is an average of the 
past 24 hours of observations about the target entity. 

As sources, TRMI uses data from the largest and most important news organizations, global internet news 
coverage, and a broad and credible range of social media sources. The TRMI news indices are derived from content 
delivered in Thomson Reuters News Feed Direct and two Thomson Reuters news archives: a Reuters-only one 
from 1998 to 2002 and one with Reuters and select third-party wires from 2003 onwards. In 2005, Moreover 
Technologies aggregate news feed was incorporated to the data adding 50 000 internet news sites to the sources. 
In addition, hundreds of financial news sites and finance specific sources widely read by professional investors are 
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also included in the data. MarketPsych social media content has been downloaded from public social media sites 
from 1998 onwards and the data from Moreover Technologies’ aggregate social media feed, which is derived from 
more than four million social media sites, was incorporated to TRMI in 2009. 

Quantifying the Articles 

Each TRMI variable constitutes of a combination of minor components called PsychVars. To form a TRMI 
variable, the absolute values of PsychVars are first determined using 24 hours of observations. These absolute 
values are then summed for all constituents to get the Buzz-variable. More specifically, Buzz is calculated as 
follows: 

𝐵𝑢𝑧𝑧!(𝑎) = d |𝑃𝑠𝑦𝑐ℎ𝑉𝑎𝑟7,9,!|
7∈;(=),9∈?

	 

where 𝑡 denotes time, 𝑎 is the entity, 𝐶(𝑎) is the set of all constituents of 𝑎 (for example, for indices, 𝐶(𝑎) consists 
of all individual assets comprising the index) and 𝑃(𝑠) is the set of all PsychVars relevant to a particular TRMI 
variable 𝑠. 

For the other TRMI variables, the values are calculated as follows: 

𝑇𝑅𝑀𝐼@,!(𝑎) =
∑ `𝐼!(𝑠, 𝑝) ∗ 𝑃𝑠𝑦𝑐ℎ𝑉𝑎𝑟9,!(𝑐)a7∈;(3),9∈?(@)

𝐵𝑢𝑧𝑧!(𝑎)
	 

where	𝐼!(𝑠, 𝑝) defines whether a PsychVar 𝑝 ∈ 𝑃(𝑠) is additive or subtractive to a TRMI variable 𝑠 at time 𝑡: 

	

𝐼!(𝑠, 𝑝) = i +1, 𝑖𝑓	𝑎𝑑𝑑𝑖𝑡𝑖𝑣𝑒	𝑎𝑡	𝑡𝑖𝑚𝑒	𝑡
−1, 𝑖𝑓	𝑠𝑢𝑏𝑡𝑟𝑎𝑐𝑡𝑖𝑣𝑒	𝑎𝑡	𝑡𝑖𝑚𝑒	𝑡 

 

A single PsychVar can contribute to multiple TRMI variables. For example, EarningsUp_f PsychVar is a 
constitute of all, EarningsForecast, Sentiment, Optimism and Fundamental Strength TRMI variables. 
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Appendix B 

 

Table B1. The role of Gas & Food Prices FinBERT tone across age cohorts.  

 Dependent variable   
 18-34 35-44 45-54 55-64 65-97 
 (1) (2) (3) (4) (5)  

Gas & Food Prices -0.012* -0.011* -0.015** -0.019*** -0.009 
 (0.006) (0.006) (0.007) (0.007) (0.006)       

Constant 3.127*** 3.107*** 3.201*** 3.159*** 3.462*** 
 (0.176) (0.169) (0.188) (0.179) (0.174) 
      

Observations 79 79 79 79 79 
R2 0.043 0.041 0.057 0.103 0.028 
Adjusted R2 0.030 0.029 0.045 0.091 0.015 
Note: Numbers in parenthesis are standard errors, *p<0.1; **p<0.05; ***p<0.01. 
 

 

Table B2. The role of Gas & Food Prices FinBERT tone across education groups.  

 Dependent variable 
  
 High school or less Some college College degree Graduate studies 
 (1) (2) (3) (4) 

 
Gas & Food Prices -0.012* -0.019*** -0.014** -0.012* 

 (0.006) (0.007) (0.006) (0.006) 
     

Constant 3.776*** 3.245*** 2.790*** 2.705*** 
 (0.177) (0.187) (0.167) (0.173) 
     

Observations 79 79 79 79 
R2 0.046 0.088 0.066 0.041 
Adjusted R2 0.033 0.076 0.054 0.029 

Note: Numbers in parenthesis are standard errors, *p<0.1; **p<0.05; ***p<0.01. 
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Table B3. The role of Mortgages & Business FinBERT tone across age cohorts.  

 Dependent variable   
 18-34 35-44 45-54 55-64 65-97 
 (1) (2) (3) (4) (5)  

Mortgages & Business  -0.008 -0.019 -0.024* -0.021 -0.018 
 (0.013) (0.012) (0.013) (0.013) (0.012)       

Constant 3.303*** 3.101*** 3.205*** 3.313*** 3.433*** 
 (0.202) (0.191) (0.213) (0.209) (0.196) 
      

Observations 79 79 79 79 79 
R2 0.005 0.032 0.042 0.035 0.027 
Adjusted R2 -0.008 0.019 0.029 0.022 0.014  
Note: Numbers in parenthesis are standard errors, *p<0.1; **p<0.05; ***p<0.01. 
 

 

Table B4. The role of Mortgages & Business FinBERT tone across education groups.  

 Dependent variable   
 High school or less Some college College degree Graduate studies 
 (1) (2) (3) (4)  

Mortgages & Business  -0.031** -0.019 -0.012 -0.003 
 (0.012) (0.013) (0.012) (0.012)      

Constant 3.624*** 3.410*** 2.957*** 2.945*** 
 (0.196) (0.217) (0.194) (0.199) 
     

Observations 79 79 79 79 
R2 0.077 0.026 0.013 0.001 
Adjusted R2 0.065 0.014 0.0004 -0.012 

Note: Numbers in parenthesis are standard errors, *p<0.1; **p<0.05; ***p<0.01. 
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Table B5. The role of Healthcare Costs FinBERT tone across age cohorts. 

 Dependent variable   
 18-34 35-44 45-54 55-64 65-97 
 (1) (2) (3) (4) (5)  

Healthcare Costs -0.019 -0.026 -0.038** -0.037** -0.042** 
 (0.018) (0.017) (0.019) (0.018) (0.017)       

Constant 3.258*** 3.161*** 3.237*** 3.312*** 3.331*** 
 (0.174) (0.166) (0.184) (0.179) (0.165) 
      

Observations 79 79 79 79 79 
R2 0.014 0.028 0.050 0.050 0.074 
Adjusted R2 0.001 0.016 0.038 0.038 0.062  
Note: Numbers in parenthesis are standard errors, *p<0.1; **p<0.05; ***p<0.01. 
 

 

Table B6. The role of Healthcare Costs FinBERT tone across education groups.  

 Dependent variable   
 High school or less Some college College degree Graduate studies 
 (1) (2) (3) (4)  

Healthcare Costs -0.044** -0.045** -0.019 -0.028 
 (0.018) (0.019) (0.017) (0.017)      

Constant 3.700*** 3.312*** 2.971*** 2.747*** 
 (0.169) (0.184) (0.167) (0.169) 
     

Observations 79 79 79 79 
R2 0.077 0.068 0.016 0.032 
Adjusted R2 0.065 0.056 0.003 0.020 
Note: Numbers in parenthesis are standard errors, *p<0.1; **p<0.05; ***p<0.01. 
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Table B7. The role of Education Costs FinBERT tone across age cohorts. 

 Dependent variable   
 18-34 35-44 45-54 55-64 65-97 
 (1) (2) (3) (4) (5)  

Education Costs 0.009 -0.004 -0.015 -0.020 -0.009 
 (0.013) (0.013) (0.014) (0.014) (0.013)       

Constant 3.553*** 3.314*** 3.317*** 3.314*** 3.547*** 
 (0.226) (0.217) (0.242) (0.234) (0.221) 
      

Observations 79 79 79 79 79 
R2 0.005 0.001 0.015 0.027 0.006 
Adjusted R2 -0.007 -0.012 0.002 0.014 -0.007  
Note: Numbers in parenthesis are standard errors, *p<0.1; **p<0.05; ***p<0.01. 
 

 

Table B8. The role of Education Costs FinBERT tone across education groups.  

 Dependent variable   
 High school or less Some college College degree Graduate studies 
 (1) (2) (3) (4)  

Education Costs -0.016 -0.017 -0.009 -0.004 
 (0.013) (0.014) (0.013) (0.013)      

Constant 3.822*** 3.427*** 2.991*** 2.924*** 
 (0.226) (0.244) (0.217) (0.222) 
     

Observations 79 79 79 79 
R2 0.019 0.018 0.007 0.001 
Adjusted R2 0.006 0.005 -0.006 -0.012  
Note: Numbers in parenthesis are standard errors, *p<0.1; **p<0.05; ***p<0.01. 
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Appendix C 

 

Figure C1. DMA models posterior probabilities for 35-44 age cohort. 



61 
 

 

Figure C2. DMA models posterior probabilities for 45-54 age cohort. 
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Figure C3. DMA models posterior probabilities for 55-64 age cohort. 
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Figure C4. DMA models posterior probabilities for “Some college” education group. 
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Figure C5. DMA models posterior probabilities for “College degree” education group. 
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