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1. Introduction

Narratives, which are “instruments of mind in the construction of reality” (Bruner 1991, p.
6), matter. This insight establishes the foundation for the narrative turn across several
disciplines (De Fina and Georgakopoulou 2011). More recently, the study of narratives,
“the stories people tell to explain the world” (Andre et al. 2026, p. 1), has gained traction in
empirical economic research (Shiller 2017, 2019; Eliaz and Spiegler 2020; Roos and Reccius
2023; Barron and Fries 2023).

The inflation surge of 2022-2023 provides a unique opportunity to examine how house-
holds construct macroeconomic narratives. Following more than a decade of low inflation,
Germany experienced the strongest inflationary episode since reunification. While public
debate featured a wide range of competing explanations, relatively little is known about
which of these stories households adopted and how such narratives differ across individu-
als. At the same time, following the idea of Carroll (2003), previous studies have shown that
news media serve as an information channel, shaping inflation expectations (e.g., Dopke
et al. 2008a; Pfajfar and Santoro 2013; Lamla and Lein 2014). Although Andre et al. (2026)
and Afrouzi et al. (2024) formally test the role of expert narratives in shaping inflation
expectations and preferences, to our knowledge, no prior study explicitly estimates the
effect of exposure to news narratives on households’ expectations and preferences.

This paper studies causal narratives of inflation among German households using
more than 4000 responses to open-ended questions from a largely representative survey
of Germany conducted in December 2024. Following the common definitions of narra-
tives in economics as a “sequence of causally linked events and their underlying sources”
(Akerlof and Snower 2016, p. 58), or “causal models that map actions to consequences”
(Eliaz and Spiegler 2020, p. 3787), the open-ended explanations are annotated into directed
acyclical graphs (DAGs) through a combination of human coding and parameter-efficient
fine-tuning of large language models. This approach allows us to recover both the content
and structure of households’ inflation narratives at scale. To study the media transmission
channel, we construct a narrative provision experiment that randomly exposes partic-
ipants to one of three causal narratives taken from real-world newspaper articles: (a)
pent-up demand; (b) energy crisis; (c) price-gouging.

Our empirical analysis provides three main findings. First, German households pre-
dominantly explain inflation through supply-side narratives and geopolitical tensions.
The war in Ukraine and the energy crisis are by far the most frequently cited drivers,
while demand-side explanations such as monetary policy remain comparatively rare.
Although this broad pattern resembles findings for the US reported by Andre et al. (2026),
the German context exhibits an even stronger emphasis on energy-related and geopolit-
ical explanations, reflecting the salience of the European energy shock and Germany’s

dependence on Russian gas during the period under study.



Second, building on the large body of literature on expectation formation, we examine
how household narratives are systematically stratified across the population according
to financial literacy, inflation experience, and institutional trust. Financially literate re-
spondents construct more complex causal narratives and are more likely to emphasise
supply-side explanations, while age-related differences suggest an important role for
inflation experience: somewhat older respondents who experienced the global inflation
in the 1970s and 1980s (often labelled as “Great Inflation” in the US context) are more
likely to invoke the energy crisis, whereas younger cohorts more frequently emphasise
demand drive or blame the government and firms. Further, we document the importance
of institutional trust. Trust in public broadcasters, newspapers, and political institutions is
associated with a lower probability of blaming the government, firms, or migration, while
the latter is positively correlated with demand explanations. Taken together, these findings
suggest that narratives are systematically related to individuals’ cognitive resources, lived
economic experiences, and the institutions they trust when interpreting macroeconomic
events.

Third, random exposure to news narratives that highlight the rapid economic recov-
ery after the pandemic or firms’ price-setting behaviour as causes of inflation reduces
households’ qualitative short-term expectations, but does not shift quantitative expecta-
tions or preferences on average. Consistent with the existing literature, we document a
strong dependence on prior inflation perceptions among our respondents when forming
expectations. Our narrative treatment significantly reduces this dependence. Additional
heterogeneity analyses reveal that quantitative updating is especially concentrated among
financially literate households, who significantly revise their short- and long-term expec-
tations downward when exposed to a pent-up demand narrative, potentially taking into
account the transitory nature of the demand effect.

This paper builds on a growing literature examining expectation formation and the role
of narratives. We contribute to several strands of literature. First, by studying households’
causal inflation narratives, we build on Andre et al. (2026, 2022) and Binetti, Nuzzi, and
Stantcheva (2024), who examine the content and structure of inflation narratives among US
households and experts. They find that household accounts are coarser, more focused on
supply, and more politically charged than expert explanations. Additionally, Demgensky
and Fritsche (2023) conduct a pilot study using a small German sample, finding that
narrative clusters correspond to socioeconomic and partisan divides. Building on this
body of work, we present a large, representative German survey that elicits households’
narratives about the causes of inflation.

Second, an extensive literature has studied the determinants of macroeconomic ex-
pectations. Previous studies find that financial literacy is associated with more accurate
expectations, but also greater uncertainty (Bruine De Bruin et al. 2010; Rumler and Valder-



rama 2020, e.g.,). Malmendier and Nagel (2015) and Malmendier, Nagel, and Yan (2021)
have further shown that inflation expectations of households and experts are driven by
lived experience of previous inflation episodes. Other research building on the early work
by Carroll (2003) has studied the role of media reporting on inflation expectations (Lamla
and Lein 2014; Pfajfar and Santoro 2013; Drager 2015; Larsen, Thorsrud, and Zhulanova
2021, e.g.,). Lastly, recent research on institutional trust indicates that inflation percep-
tions are correlated with trust in political institutions (Van Der Cruijsen, De Haan, and
Van Rooij 2025; Guillochon and Ellen 2025). We build on these findings by exploring the
narrative formation process, taking into account potential heterogeneity across financial
literacy, prior experience, media consumption, and institutional trust.

Third, we contribute to the literature studying the causal role of narratives in the
formation of inflation expectations and preferences. Andre et al. (2026) show that expert
narrative treatments alter the expectations of US households, while Afrouzi et al. (2024)
demonstrate their impact on inflation preferences. Building on Carroll (2003), we extend
this research by investigating the causal effects of media narratives on inflation expecta-
tions and preferences, highlighting the role of the media as an information transmission
channel for households.

Lastly, by extracting causal narratives from open-ended survey responses using state-
of-the-art machine learning methods, we contribute to the literature on narrative extrac-
tion. While previous research has primarily relied on “bag-of-words” approaches, such
as topic models or codebook-based sentiment analysis (Ter Ellen, Larsen, and Thorsrud
2022; Miiller et al. 2022; Hong et al. 2025), we build on Andre et al. (2026) and Huang et al.
(2026) by employing a DAG-based approach to extract inflation narratives from text. Thus,
we extend the work of Heddaya et al. (2024) and propose a pipeline that combines human
annotation with parameter-efficient, fine-tuned LLMs to extract multi-hop DAGs.

Section 2 describes the data collection, details the design of the information provision
experiment, and explains the coding of the narratives. Section 3 provides an overview of
the most frequent inflation narratives, describes the meta-clusters, and introduces our
narrative formation study. Section 4 presents correlational evidence between narratives
and households’ inflation expectations and preferences, and in Section 5 we introduce
our causal design to discuss the effects of media narrative provision. Section 6 concludes.

2. Data

2.1. Survey overview

To conduct our analysis, we draw on a preregistered online household survey! conducted
in December 2024 in collaboration with Kantar, a leading panel provider. In total the

1Preregistration: https://osf.io/w6efa/overview
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survey collected responses from 4,150 households living in Germany. Topics covered
include, among others, inflation narratives, sociodemographic information, measures of
trust, media usage, inflation expectations, and inflation preferences. We sampled based
on gender, age, and education, and we post-stratify the data using iterative proportional
fitting (raking) (DeBell and Krosnick 2009) on income, age, gender, education, and political
identification. We benchmark these weights against the 2024 Microcensus and the 2025
German Longitudinal Election Study for our control group analysis.?

Following introductory and demographic questions, respondents report their level of
financial constrain, answer two financial literacy questions regarding compound interest
and inflation (Lusardi and Mitchell 2011). We then elicit respondents’ inflation perceptions.
Therefore, we provide first a basic definition of inflation and a corresponding example to
illustrate its effects. Next we adopt a survey design informed by Leiser and Drori (2005),
which, in contrast to Andre et al. (2026), splits the narrative elicitation into two distinct
questions to reduce cognitive load. After providing historical context regarding the 2022
to 2023 inflation surge, the first question asks respondents to list the causal factors that
come to mind first (Gennaioli and Shleifer 2010). The second question then invites them to
describe how these factors are interconnected. We encourage respondents to write three
to five sentences and emphasize the importance of this section to incentivize engagement.
Finally, we administer a series of closed-ended questions using Likert scales to evaluate
the perceived drivers of rising inflation.

To causally identify the effects of media narratives on inflation expectations and pref-
erences, we randomly assign respondents to a control group or to one of three narrative
treatment arms. The treatments present distinct causal narrative explanations for infla-
tion: (a) pent-up demand following the post-pandemic recovery, (b) energy price shocks
driven by the oil and gas crisis, and (c) corporate price gouging to increase profits. All
quotes are drawn from real-world articles in the Frankfurter Allgemeine Zeitung authored
by the same journalist. We slightly summarize these narratives and match them in length.
The control group consists of 1,973 participants, with approximately 700 participants
assigned to each treatment arm (see Table A6 in Appendix D). We subsequently elicit
respondents’ subjective inflation expectations for the next 12 and 60 months using point
estimates (including upper and lower bounds) and qualitative Likert scales, alongside a
point estimate of their preferred inflation rate (Afrouzi et al. 2024).

The final section includes comprehension checks, detailed socioeconomic and political
background covariates, and post-treatment measures of institutional trust and media
consumption, placed at the end to minimize priming effects. The questionnaire (see a
flowchart in Figure Al in the Appendix) was designed to take approximately 20 minutes
(mean completion time: 18.5 minutes). We ensure data quality by excluding respondents

2ht‘cps ://www-genesis.destatis.de/datenbank/online/statistic/12211/details
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who fail an attention check or complete the survey in less than one-third of the median
duration, allowing us to filtering out inattentive responses.

2.2. Demographics and randomization

We provide an overview over the ranking-weighted descriptive statistics for the demo-
graphic and socioeconomic characteristics in Table A5. On average, respondents in the
control group are 44 years old, 50 per cent are male, 40 per cent have at least one minor
in their household, and approximately 20 per cent reside in East Germany. Around 40
per cent hold a university entrance qualification, while approximately 30 per cent have
obtained a bachelor’s degree or higher. The vast majority of respondents are currently
employed, whereas 4 per cent are unemployed and 28 per cent are out of the labour
force. The modal monthly net household income falls within the €1,300-€2,600 bracket,
with approximately 13 per cent of households earning less and 57 per cent earning more.
Regarding political identification, 26 per cent identify as left-wing and 30 per cent as
right-wing. Overall, 50 per cent of the weighted sample correctly answered both financial
literacy questions.

To evaluate the success of our randomization strategy, we report the standardized
mean differences (SMDs) alongside p-values derived from ANOVA and x? tests for the
unweighted treatment groups and the control group in Table A6 in the Appendix D. Across
all considered covariates, we do not observe any p-values that falls below the 5 per cent
threshold. This is also supported by the SMD, which remains below 0.1 for eight of the ten
covariates, with none exceeding 0.2. Taken together, both metrics confirm that the data
are well-balanced across all treatment arms.

2.3. Measuring narratives in open-ended questions

The use of open-ended questions has become increasingly common in (macro-)economic
research. While open-ended questions allow researchers to measure what is at the fore-
front of respondents’ minds without unintentionally prompting a certain answer based on
a predefined set of potential responses, they have the disadvantage of being more costly
and time-intensive to analyse. Although there is no single best practice, researchers have
implemented a wide range of methods to analyse the answers, including human anno-
tations, word clouds, topic models and, more recently, Large Language Models (LLMs).
(Haaland et al. 2025).

LLMs are particularly useful for researchers working with open-ended survey data.
They offer greater generalisability than many commonly used text-analysis methods,
provide substantial time savings relative to manual annotation, and are increasingly ac-
cessible through application programming interfaces (APIs). To the best of our knowledge,



existing applications of LLMs in the open-ended survey literature have primarily focused
on tasks such as sentiment analysis or topic classification (e.g., Ferrario and Stantcheva
2025). However, analysing people’s causal narratives requires moving beyond sentiment
or topic analysis (Roos and Reccius 2023).

So far, Heddaya et al. (2024) is the only study to use LLMs to extract and model narra-
tives in a manner that approximates a graph representation. Their application, however,
is restricted to one-hop DAGs and focuses on newspaper articles rather than survey re-
sponses. More recently, Huang et al. (2026) introduce a methodological approach that
draws on qualitative content analysis (QCA; see, e.g., Selvi (2019)) to annotate narratives
as graphs and develop adjusted metrics for evaluating inter-annotator agreement (IAA) in
graph-based settings.

Building on this work, we propose a pipeline for open-ended survey questions that
maps causal inflation narratives into graph structures. The approach enables survey
responses to be represented as unrestricted DAGs and facilitates the identification of
narrated causal links between events across extended text segments. To this end, we
implement a transparent two-stage annotation procedure and subsequently evaluate the
classification performance of LLMs systematically.

FIGURE 1. [llustrative examples of narratives in DAG representation

A. Narrative 1 B. Narrative 2
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Pandemic Pandemic

chains

C. Narrative 3 D. Narrative 4

Supply Supply

: G Demand
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Pandemic Pandemic

Note: These figures presents a series of example DAGs. Blue nodes are demand-side factors, red nodes are
supply-side factors, and green nodes are miscellaneous factors. The arrows indicate the direction of causality.

Methodologically, our framework builds closely on Andre et al. (2026). Figure 1 pro-
vides illustrative examples of these DAG structures to clarify the underlying framework.



Nodes represent the constitutive components of an inflation narrative, also called events,
while directed edges denote the perceived causal linkages between these factors (so called
relations). Narrative graphs can be highly parsimonious, as shown in Panel 1A. They may
manifest as a linear sequence of arguments (Panel 1B), or exhibit non-linear complexities
(Panels 1C and 1D) that complicate structural automated extraction.

We identify and extract narratives from open-answers by implement a two-stage anno-
tation pipeline. To determine whether a survey response addresses the drivers of inflation,
the first stage applies a classification framework across three distinct categories: (a) Causal
reasoning: The respondent identifies relevant macroeconomic factors and articulates
explicit causal mechanisms linking them. (b) Factors of inflation: The respondent identifies
relevant drivers of inflation but does not explicitly or limited discuss how they are causally
related. Non-relevant: The respondent’s answer is either nonsensical or explicitly refuses
to engage with the task.

The second stage consists of two phases. First, using an iteratively refined taxonomy,
the annotators identify and label the relevant event spans. Next, the causal linkages be-
tween previously labelled events are identified. During the annotation procedure, cyclical
relations are excluded, with inflation being the only exception. However, we decided to
exclude these cyclical relations from further analysis. Although the initial annotation is
executed at the span level, these metrics are aggregated at the document level for subse-
quent empirical analysis. Our initial category system is based on the work by Andre et al.
(2026) and inductively extended and adjusted during the annotation process. A detailed
description of the codes can be found in the category system in Table A4 in the Appendix.

While LLMs have proven comparable to humans in many annotation tasks (Gilardi,
Alizadeh, and Kubli 2023), recent literature has shown that they still struggle with complex
tasks such as modelling narratives from texts (Antoniak et al. 2025; Schmidt et al. 2025).
This makes a rigorous evaluation necessary. Thus, we create a benchmark based on
carefully selected human annotations to study the performance of our modelling. In
summary, our annotators agree in 88.6% of all cases on the same event label and in 72.2%
of all cases on the relation. These levels of raw agreement are consistent with those
reported by Andre et al. (2026). To further enhance the internal consistency and reliability
of these annotations, we implement a conflict resolution process following Andre et al.
(2026). This process requires a single researcher to review the response alongside the
two independent annotations. The researcher then decides which of the two annotations
to follow. The resulting dataset serves as the “gold standard” for all subsequent model
training and testing. We provide an in-depth discussion of the evaluation including a
graph-adjusted Krippendorft’s « proposed by Huang et al. (2026) and a description of the
conflict resolution in Appendix B.

To automate the annotation process of the full sample, we utilise open-weights LLMs to



Survey Questions:

“In your opinion, which factors or reasons contributed to the sharp increase in the inflation rate in
2022-2023? How do you think these factors you mentioned are related to one another?”

“The war in Ukraine, higher energy costs — Due to the war,
we had to look for new energy sources.”(item-id 330, own
translation)

A. Example 1: War and Energy Crisis

“Energy prices have risen disproportionately, Ukraine war,
interest rates of the ECB too low, interest rates of the FED
too low - A too large money supply by the central banks at a
low interest rate fuels inflation. The war in Ukraine and the
embargo policy of the EU and Germany have made energy
. Energy unnecessarily expensive!” (item-id 559, own translation)

prices

B. Example 2: Sanctions and Monetary Policy

Geopolitics
Price “« . . . . .

gouging War, energy became significantly more expensive, rise in
food prices well above the average increase in the cost of living
- Causes: due to Russia’s war against Ukraine and the result-
B ing boycott against Russia. Loss of cheap energy. “Wind-
DECes fall profits” for the energy industry and arms manufacturers.”
(item-id 297, own translation)

Food
prices

C. Example 3: War, Sanctions, and Price Gouging

FIGURE 2. Examples of Annotation. The left panels illustrate the extracted directed acyclic
graphs (DAGs) representing the causal relationships. The right panels show the corre-

sponding translated text excerpts, with key entities color-coded to match the nodes in the
DAGs.



enhance reproducibility and mitigate potential data privacy risks. Specifically, we evaluate
the performance of an Llama-3.1 70B model using zero-shot and few-shot learning settings
and a Llama-3.1 8B using parameter-efficient fine-tuning. To evaluate the system, we
hold out a random test set human-annotated documents from our gold standard dataset.
A rigours comparison is provided in Appendix B. In short, in zero-shot and few-shot
scenarios, the model struggles to identify narrative causal relationships that align with
the human-annotated reference. This is consistent with previous findings (Heddaya et al.
2024). Therefore, we opt for the fine-tuned LLM approach that significantly improves
overall performance, allowing for more reliable DAG-based narrative modelling. This
results in final micro Fl-scores of 0.87 for events and 0.64 for relation extraction.

2.4. Narrative clustering

Next, we move from identifying individual events and relations to asking whether the
resulting DAGs exhibit systematic clustering across the survey. In other words, do cer-
tain factors and causal connections tend to co-occur systematically in distinct narrative
patterns?

To identify groups of structurally similar narratives, we closely follow the approach
outlined in Andre et al. (2026) and apply an agglomerative hierarchical clustering pro-
cedure. Each narrative is represented by its graphical edge list E, i.e. the set of causal
connections contained in the respective directed acyclic graph (DAG). We then measure
the dissimilarity between narratives i and j using the Jaccard distance:

DGy =1 |E;nEj|
»]) = [E.UE E;UE] )
This measure is zero for identical narratives and increases as narratives share fewer

causal connections. Based on this distance metric, the clustering procedure groups narra-

tives with similar causal structures together, while separating those with more dissimilar
underlying relational patterns. To determine the appropriate number of clusters, we used
silhouette plots and the average silhouette width. This resulted in a total of 23 clusters.

We set the minimum number of observations per cluster to 30, thereby eliminating very

small clusters and reducing the number of relevant clusters to 19. Further details on the

clustering procedure can be found in Appendix G.

The resulting fine-grained clusters were subsequently examined qualitatively by the
authors and consolidated into broader meta-clusters capturing overarching narrative
families. These meta-clusters represent broader narrative families: a demand-side cluster,
a supply-side cluster, a crisis cluster, and a political-blame/top-down-conflict cluster, each
capturing a distinct mode of explaining inflation.

Our selection of these meta-clusters is guided by the theoretical framework in Andre



et al. (2026). Beyond the primary categories of demand and supply, we classify the remain-
ing unassigned clusters into two additional, qualitatively distinct groups. First, we form
a separate meta-cluster for geopolitical factors and global macroeconomic shocks (e.g.,
Covid-19, wars), which have gained empirical relevance in recent years. Second, motivated
by the literature on political polarization and partisanship (Westheuser, Lux, and Mau
2026), we define a meta-cluster for anti-establishment narratives (e.g., “them up there/us
down here” or“the people versus the government”).

3. Individuals’ inflation narratives

3.1. Descriptive findings

We begin by analysing the frequency of causes mentioned by the respondents within the
open-ended questions. These causes are also referred to as events or drivers, representing
nodes within the graph representations. Figure 4 provides the weighted share of respon-
dents who mention a particular narrative event. In our sample, the most frequently cited
driver (52%) is the war in Ukraine, followed by the global energy crisis (39%). Other com-
monly mentioned drivers include broader supply-side constraints (25%), the impact of the
pandemic (21%), and government mismanagement (21%). Respondents rarely cite pent-up
demand (<1%), high government debt (1%), or labour shortage (3%). In summary, the Ger-
man sample cites supply and miscellaneous factors more frequently than demand factors.
Consistent with the findings of Andre et al. (2026) for the US, our results demonstrate
a similar popularity of several drivers. For example, both samples show a similar share
of respondents mentioning the pandemic, political mismanagement, and supply chain
disruptions. Conversely, our respondents place greater emphasis on the energy crisis and
the war in Ukraine. This divergence is likely due to differences in Russian gas dependency
between Germany and the US, as well as the distinct sampling periods. Moreover, during
the annotation process, we add several drivers to our taxonomy not explicitly included
in Andre et al. (2026), some of which may be captured within their residual categories,
e.g., a code capturing food price inflation, alongside codes for wage growth and housing
costs as drivers of aggregate price increases. As an additional robustness check, Figure A2
in Appendix C reports the weighted frequency of the hand-coded answers. This Figure
confirms the reliability of our LLM-based codings.

To further investigate the argument structure and interconnection of the different nar-
rated causes, we provide a full narrative graph analysis. Thus, we introduce the complete
DAG-based narrative representations in Figure 3, which illustrates the “overall narrative”
or “aggregate narrative” across all responses. This graph summarizes the DAGs derived
from the open-ended responses, with edge weights reflecting the reporting frequency

of the identified causal linkages. As the Figure shows, several supply-side drivers are
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FIGURE 3. Full sample network
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Note: This Figure shows the “average” narrative, displayed as causal network. The aggregated DAGs show
which events and causal relations are most relevant in households’ narratives. Red colour indicates supply-
side factors, blue indicates demand-side factors, green indicates miscellaneous factors. The thickness of the
edges is proportional to the share of narratives that refer to the respective node. For visibility, only edges
occurring at least 5 times are displayed.

highly interconnected. For instance, causal chains proceed from supply chain disruptions
to the energy crisis or other supply constraints. Furthermore, these supply-side drivers
frequently enter causal chains involving exogenous shocks such as war or the COVID-19
pandemic. Another group of interconnected drivers involves demand-side factors (e.g.,
government spending and pent-up demand) alongside the pandemic and the government
mismanagement. While this aggregate view captures the broad structure of inflation
narratives, it necessarily abstracts from the patterns that recur across individual accounts,
motivating a reduction in dimensionality that isolates the common configurations in
which these drivers are causally linked. We operationalize this reduction in a second step,
applying the clustering procedure detailed in Section 2.4 to render the individual DAGs
more tractable and to identify common patterns across individuals. This results, following
the exclusion of some very small clusters and the elimination of a self-referential cluster,
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FIGURE 4. Frequency of events
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in a total of 19 narrative clusters for further analysis. A graphical representation of these
clusters can be found in figures 5A-5D.

Building on the 19 clusters, we construct four theoretically motivated meta-clusters to
capture the overarching narratives, accounting for approximately 90% of the sample. To de-
rive these meta-clusters, we considered the main factors within each fine-grained cluster,
focusing in particular on the most frequent causal connections. Based on these dominant
narrative structures, we grouped the fine-grained clusters into four broader meta-clusters:
demand-side, supply-side, geopolitics and crisis, and political blame/top-down conflict.
The demand-side meta-cluster (see Figure 5A) captures narratives emphasising demand-
driven inflationary pressures, most notably government spending, which respondents
frequently associate with migration, political mismanagement, and the war in Ukraine.
Residual demand factors constitute the second-largest component of this cluster. Respon-
dents cite monetary policy less frequently; when mentioned, they typically present it as
an isolated explanatory factor rather than as part of a broader causal chain. A broad set of
supply-side explanations drives the supply meta-cluster (see Figure 5B), with the energy
crisis, supply chain issues, and general supply frictions emerging as its most prominent
components. Within this cluster, respondents frequently link the war to the energy crisis,
and the war to supply chain disruptions, portraying the war in the Ukraine as a broader
driver of aggregate supply-side pressures. The geopolitics and crisis meta-cluster (see
Figure 5C) centres primarily on the war as the main driver of inflation. This is followed
by the pandemic, government mismanagement, the energy crisis, and climate change.
Further, respondents frequently invoke the economic crisis as a more general cause to
inflation. Finally, the political blame/top-down conflict meta-cluster groups narratives
attributing inflation to identifiable actors, primarily citing government mismanagement,
price-gouging, and taxation. Respondents frequently mention the war in Ukraine in this
cluster too, but usually as an additional explanation rather than as part of a more complex
causal chain.
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FIGURE 5. Meta-clusters
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Note: The Figure reports the results of the cluster analysis of extracted narrative DAGs. We apply an ag-
glomerative hierarchical clustering procedure based on the Jaccard distance between the edge lists of two
narratives; further technical details are provided in Appendix G. The silhouette approach points to an initial
partition of 23 clusters. We follow this partition as a starting point, but exclude clusters with fewer than
30 observations. The remaining 19 clusters are subsequently consolidated into four meta-clusters, labelled
"Demand", "Supply", "Crisis", and "Political-blame/top-down-conflict". The edge thickness is proportional to
the number of narratives that contain the corresponding causal connection. Within each graph, we display
only those factors (nodes) that appear in at least 15 per cent of narratives and those causal connections (edges)
that appear in at least 5 per cent of narratives within the respective meta-cluster, so as to focus on its most

characteristic features.
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3.2. Narratives and financial literacy

Research on financial literacy and its impact on macroeconomic beliefs has shown that
higher inflation literacy is associated with more accurate expectations and, notably, greater
reported uncertainty (Bruine De Bruin et al. 2010; Rumler and Valderrama 2020). We
contribute to this research by examining how financial literacy shapes the formation of
narratives by incorporating questions from Lusardi and Mitchell (2011), while accounting
for heterogeneity in the structure and complexity of individual narratives.
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FIGURE 6. Overview of DAG descriptive statistics.

We begin by estimating the relationship between financial literacy and the narrative
content. Specifically, we regress binary narrative events and meta-cluster indicators on an
indicator variable equal to one if a respondent correctly answered two financial literacy
questions on compound interest and inflation, controlling for socioeconomic background
characteristics (see Table 2 for the meta-clusters, and Table A7-A9 in the Appendix for
the inflation events). Our results indicate that financially literate respondents have a
significantly higher probability to highlight the supply channels, especially narratives
involving energy crisis or wages as causes of inflation. Additionally being financially
literate is associated with referring to climate change, and government mismanagement
as causes of inflation.

Next, we introduce three complexity variables for the reported narratives, guided
by the previous work of Andre et al. (2026): number of nodes measures the number of
named events (besides inflation) within an answer; longest path measures the longest path
of causal chains within a DAG and demand and supply is a dummy that takes the value
one if a DAG contains demand and supply events at the same time (as a measure of the
sophistication of arguments). In summary, on average a DAG consist two to three events.
Around 35% provide answers with at least one path in their DAG consisting of two or
three causal relations (see Figure 6). This means that approximately 65% of all answers
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directly link events to inflation without providing any indirect causal explanations. Lastly,
of all these answers, only 20% contain both demand and supply factors. Our additional
regression analyses in Table 1 further indicate that complexity (measured by the number
of named events or longest path) is, among others, a function of financial literacy. Moreover,
our results suggest that left-leaning and right-leaning respondents provide a larger number
of events, as well as older respondents.

In summary, these findings are consistent with previous work on financial literacy by
Rumler and Valderrama (2020) and Drager and Nghiem (2025), suggesting that financial
literacy facilitates more nuanced economic reasoning. Additionally, these results extend
the findings of Andre et al. (2026) by showing that household narratives are more coarsely
structured than those of experts.

3.3. Narratives and inflation experience

While financial literacy has been shown to influence how individuals reason about in-
flation and the complexity of their explanations, the content of these narratives may
also reflect their lived economic experiences. This perspective builds on the findings of
Malmendier and Nagel (2015); Malmendier, Nagel, and Yan (2021), who show that inflation
expectations of households and experts are strongly influenced by personal exposure to
past inflation episodes. More recently, Malmendier (2026) provide initial evidence that
such exposure may also shape the narratives individuals use to explain economic develop-
ments. Motivated by this insight, we examine whether exposure to different inflationary
environments over the life cycle is associated with systematic differences in narrative
content.

To examine this relationship, we regress binary indicators for each inflation event
respectively narrative meta-clusters on indicators for three age cohorts, controlling for a
range of socioeconomic characteristics. The results of the meta-clusters are reported in
Table 2, while we report the results for the narrative events in Table A7-A9 in the Appendix
D. Our findings underscore the importance of age and accumulated inflation experiences,
in shaping inflation narratives. Specifically, older respondents are significantly more likely
to refer to the energy crisis or crisis related factors, while they are less likely to refer to
demand or blame government and firms.

One interpretation is that individuals who experienced the inflation surge of the 1970s
and 1980s - predominantly attributed to energy-price shocks - are more likely to perceive
contemporary inflation as being driven by the energy crisis. In contrast, younger cohorts,
are more likely to emphasise demand-side pressures and blame government or firms.
These findings are consistent with the evidence reported by Malmendier (2026) for the
US. She shows that individuals who remember the “Great Inflation” episode refer more
frequently to energy-related explanations, whereas cohorts whose experiences are shaped
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by the recent inflation episode are more likely to mention factors such as government
spending. In this sense, personal experience could provide persistent narrative templates
for understanding the causes of inflation.

TABLE 1. Complexity of narratives (OLS/LPM)

Dependent variable:
Number of Events Longest Path Demand and Supply
@) V)] 3
Inflation Perception —0.007*** —0.003%** —0.001***
(0.002) (0.001) (0.0002)
Age 40-59 0.143* 0.002 —0.065%**
(0.087) (0.042) (0.025)
Age 60-69 0.179** —0.040 —0.061**
(0.085) (0.041) (0.026)
Male —0.084 —0.040 —-0.032**
(0.061) (0.029) (0.016)
University Education 0.114* 0.012 0.029*
(0.063) (0.031) (0.017)
Unemployed -0.333%* ~0.094 0.010
(0.146) (0.058) (0.046)
Out of Labor-Force —0.001 0.039 0.006
(0.073) (0.035) (0.019)
Children in Household —0.041 —0.013 —0.006
(0.071) (0.034) (0.019)
High Income 0.057 0.005 0.023
(0.062) (0.031) (0.018)
Right-Leaning 0.204%** 0.075%* -0.0005
(0.069) (0.035) (0.018)
Left-Leaning 0.206*** 0.095%** -0.011
(0.071) (0.033) (0.019)
Financial Literate 0.457%** 0.148%** -0.008
(0.068) (0.030) (0.018)
East Germany 0.014 —-0.004 —-0.004
(0.070) (0.036) (0.017)
Regular Expenses 0.048 0.001 0.003
(0.063) (0.030) (0.018)
Constant 2.380%** 1.266™*** 0.192***
(0.108) (0.048) (0.035)
Observations 3,073 3,073 3,073
Note: *p<0.1; ** p<0.05; *** p<0.01

Note: This table reports regressions relating respondents’ characteristics to the complexity of their inflation
narratives extracted from the open-ended responses. The dependent variable in column (1), Number of Events,
measures the number of narrative events other than inflation contained in a respondent’s DAG. Longest Path
in column (2) measures the maximum number of causal edges along a path in the DAG. Demand and Supply
in column (3) is an indicator equal to one if the narrative contains both demand- and supply-side factors.
Columns (1) and (2) are estimated by OLS and column (3) by a linear probability model. All regressions are
estimated using survey weights constructed by iterative proportional fitting (raking) based on income, age,
gender, education, and political identification. Standard errors are reported in parentheses
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3.4. Narratives, political trust, and media consumption

As the previous sections have shown, financial literacy and personal inflation experiences
shape how individuals understand and explain inflation. While these factors are important
determinants of inflation beliefs and perceptions, they provide only a partial account of
narrative formation. Individuals also acquire information about economic developments
through external sources, most notably the media, which serves as a key channel for the
transmission of economic information.

The framework developed by Carroll (2003) highlights this mechanism within an
epidemiological model of expectation formation. Challenging the assumption of full-
information rational expectations (FIRE), Carroll argues that households update their
expectations only gradually as information diffuses from experts to the broader public.
This process generates sticky expectations and has been examined empirically by, among
others, Dopke et al. (2008a,b). A central component of this framework is media coverage.
Several studies have shown that media reporting plays an important role in shaping
inflation perceptions and expectations (Lamla and Lein 2014; Dréager 2015; Pfajfar and
Santoro 2013). More recently, Andre et al. (2026) demonstrate that media consumption
is associated not only with inflation expectations but also with the economic narratives
individuals adopt. Their findings suggest that narratives are shaped not only by financial
literacy and personal experiences, but also by the information environment to which
individuals are exposed.

The influence of information, however, is likely to depend not only on exposure but
also on the credibility individuals assign to its source and political actors. Previous studies
have examined both the determinants and consequences of trust in political institutions,
including the ECB (Brouwer and De Haan 2022; Ehrmann 2026). At the same time, recent
research suggests that the level of perceived inflation is associated with trust in fiscal and
monetary policy (Van Der Cruijsen, De Haan, and Van Rooij 2025; Guillochon and Ellen
2025). Together, these findings indicate that trust may play an important role in shaping
how individuals process and interpret economic information. We therefore hypothesise
that individuals who differ in their trust in political institutions and the media may also
differ in the inflation narratives they find plausible. Accordingly, we examine whether
political trust is associated with systematic differences in narrative content.

To investigate the potential relationships between media consumption, trust, and
the measured narratives more systematically, we estimate LPMs where the dependent
variables are binary measures for our inflation events or the four meta-clusters. The
primary explanatory variables are the media consumption and trust in media and political
institutions. Specifically, we measure media consumption as the average across standard
Likert-scales items measuring news consumption of traditional media (newspapers, radio,
and TV) and new media (social media, messengers, and YouTube). Trust in political
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institutions averages across standard Likert-scale measures for the ECB, the government,
and the Eurosystem, while trust in public broadcasters and newspapers averages across
standard Likert-scale measures for newspapers and public broadcasters. Trust in private
broadcasters is measured separately, the correlation with the other two media trust items
is only moderate.

Our measures of trust in institutions are statistically significant predictors of these
narratives, even conditional on media consumption. As Table 2 suggests, higher trust
in newspapers and public media is associated with a significantly lower probability of
blaming the government or firms. In addition, Tables A7-A9 in the Appendix highlight that
trust in public broadcasters and newspapers is related to a lower likelihood of referring to
migration as a cause of inflation. We observe similar patterns for our measure of trust in
political institutions: A negative correlation between this measure and the likelihood of
attributing inflation to government action and firms price-setting behaviour and a positive
correlation with demand explanation. In contrast, having higher trust in private media
increases the likelihood of referring to migration as potential cause.

In line with Andre et al. (2026), we also observe some significant relationships between
media consumption and narrative formation; e.g., above-average new media consump-
tion is associated with a lower likelihood of explaining inflation with the energy crisis
or residual supply factors, while higher consumption of traditional media is associated
with higher likelihood of citing government spending and supply channels as cause of
inflation. In summary, our results suggest that trust in political and media institutions
plays a prominent role in how individuals conceptualise the drivers of inflation, even
when controlling for media consumption. Our findings therefore contribute to the existing
literature on trust by highlighting that institutional trust does not merely dampen expecta-
tion levels but might also shapes the causal structure through which households interpret
inflationary episodes, a mechanism consistent with the cross-country evidence reported
in D’Acunto and Weber (2024) that trust in economic institutions increases reliance on
aggregate, less biased signals.

4. Narratives and the formation of inflation beliefs

4.1. Descriptive findings

This section describes our descriptive findings regarding individuals’ beliefs, expectations,
and preferences. We begin by providing a detailed discussion of expected and preferred
inflation rates. We present the distributions of quantitative short- and long-term inflation
expectations and inflation preferences in figures 7A and 7B. In summary, households
anticipate rising short- and long-term inflation in December 2024, with weighted mean
expected short- and long-term inflation rates of 3.7% and 4.0%, respectively. In contrast
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TABLE 2. Meta narrative clusters (LPM)

Dependent variable:
Demand Cluster Supply Cluster Blame Cluster Crisis Cluster
@) 2 ®3) @
Inflation Perception —0.001 —0.002%* 0.003*** —0.001
(0.0005) (0.001) (0.001) (0.001)
Age 40-59 —0.103*** 0.014 —0.085%* 0.169***
(0.038) (0.046) (0.040) (0.048)
Age 60-69 —0.104*** 0.055 —0.094** 0.130%*
(0.040) (0.051) (0.041) (0.052)
Male -0.005 -0.032 0.094*** -0.070**
(0.021) (0.033) (0.021) (0.035)
University Education 0.012 0.061* 0.0003 -0.066*
(0.023) (0.034) (0.025) (0.036)
Unemployed —0.096*** 0.073 —0.032 0.027
(0.026) (0.086) (0.058) (0.092)
Out of Labor-Force 0.026 —-0.025 —0.021 —0.016
(0.028) (0.042) (0.021) (0.043)
Children in Household 0.003 —0.035 0.001 0.014
(0.027) (0.039) (0.029) (0.041)
High Income 0.001 -0.032 —0.008 0.036
(0.025) (0.034) (0.023) (0.036)
Right-Leaning —0.049** -0.011 0.037 0.027
(0.024) (0.037) (0.027) (0.039)
Left-Leaning -0.039 0.050 0.006 -0.010
(0.025) (0.040) (0.027) (0.043)
Financial Literate 0.011 -0.006 0.067*** -0.043
(0.025) (0.036) (0.022) (0.039)
East Germany 0.013 —-0.032 0.046 -0.037
(0.025) (0.034) (0.030) (0.038)
Regular Expenses 0.010 —-0.025 0.013 —-0.012
(0.024) (0.034) (0.021) (0.036)
Trust in Political Institutions —0.022%** 0.011 -0.014 0.020
(0.008) (0.015) (0.011) (0.015)
Trust in Public and Newspaper Media -0.013 -0.001 —0.027** 0.035**
(0.008) (0.015) (0.011) (0.016)
Trust in Private Media -0.005 0.022* 0.013 —0.026*
(0.008) (0.012) (0.011) (0.014)
Old Media 0.011%* —0.007 —0.002 —0.001
(0.004) (0.007) (0.004) (0.007)
New Media ~0.002 -0.005 —0.005 0.006
(0.005) (0.007) (0.004) (0.007)
Constant 0.304*** 0.280%** 0.222%** 0.227***
(0.070) (0.079) (0.054) (0.081)
Observations 1,466 1,466 1,466 1,466
Note: *p<0.1; **p<0.05; *** p<0.01

Note: This table reports linear probability models relating respondents’ characteristics, institutional trust,
and media consumption to the content of their inflation narratives. The dependent variables are binary indi-
cators for whether a respondent’s extracted narrative is assigned to the Demand, Supply, Political-blame/top-
down-conflict, or Geopolitics and Crisis meta-cluster. The analysis is restricted to respondents in the control
group. Trust in Political Institutions averages respondents’ reported trust in the ECB, the government, and
the Eurosystem; Trust in Public and Newspaper Media averages trust in newspapers and public broadcasters.
0ld Media measures consumption of traditional media (newspapers, radio, and television), while New Media
measures consumption of social media, messengers, and YouTube. All regressions are estimated using survey
weights constructed by iterative proportional fitting (raking) based on income, age, gender, education, and
political identification. Standard errors are reported in parentheses.
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to the findings of Afrouzi et al. (2024), the weighted mean preferred inflation rate in our
German sample is 1.9%, which is well above the rate observed in their US sample.
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4.2. Correlative evidence

The variety and heterogeneity observed in the explanations given by people in our German
sample for the rise in inflation during 2022 and 2023 is interesting from the perspective
of belief formation. This may also be relevant for macroeconomic development and
policymakers, particularly with regard to inflation expectations, as recent research has
shown (Flynn and Sastry 2024; Hong et al. 2025; Andre et al. 2026). The idea is that different
stories provide different interpretations of whether the rise in inflation is persistent or
transitory, depending on the nature of the narrated shock. Depending on the reasons
given, people may perceive inflation differently, either as something to be avoided at all
costs or as something that might be acceptable up to a certain level (Afrouzi et al. 2024).

We examine the association of backward-looking narratives with qualitative and quan-
titative inflation expectations and preferences by conducting an OLS and LPM regression
analysis. This analysis uses individuals’ short- and long-term expectations or inflation
preferences as the dependent variable, while narrative clusters and event dummies serve
as the explanatory variables. Our estimation results for the narrative clusters are shown
in Table A10 and for the narrative events in Table All, both in the Appendix D. To control
for outliers, we follow the literature and apply Huber weights (Coibion, Gorodnichenko,
and Weber 2022).

Our results highlight that the energy crisis narrative is associated with lower inflation
expectations. This pattern holds for short- and long-term expectations. Furthermore,
respondents that cite monetary policy have significant lower expectations. For the pan-
demic do we find similar patterns, but only for short-term expectations, while for pent-up
demand only for long-term expectations. Conversely, we observe higher expectations
predominantly among respondents that refer to non-standard explanations, such as gov-
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ernment mismanagement or firms price-setting. Large coefficients do we also observe
for respondents that mention migration as causes of inflation: mentioning migration as
cause is associated with an roughly 0.7 percentage point increase in short- and long-term
expectations.

Next, we examine the relationship between inflation narratives and the preferred
inflation rate. Following Afrouzi et al. (2024), we elicit a point estimate of respondents’
preferred inflation rate for a typical year. Our results show that the preferred inflation rate
is strongly correlated with individuals’ narratives. Our results indicate that respondents
who refer supply chain issues, the pandemic, price-gouging, tax increases or government
mismanagement report significant lower preferred rates. Even larger, statistically signifi-
cant coefficients do we observe for respondents who believe that high government debt
contributed to the rise in inflation. Specifically, citing high public debt is associated with
respective decreases in the preferred inflation rate of 0.8 percentage points.

5. Causal effect of media narratives

In this section, we examine the impact of a media narrative intervention on individuals’
inflation expectations and preferences. Three different treatments are introduced to
distinguish between demand, supply and miscellaneous narratives.

The experiment is embedded within the primary survey, which is described in Section
2.1. Of our total sample of 4,150 respondents, 50 per cent are randomly assigned to one of
three treatment groups, while the remaining 50 per cent serve as the control group. This
results in approximately 700 participants per treatment arm. Respondents in the treatment
groups received a summary of a real-world newspaper article from Frankfurter Allgemeine
Zeitung. These articles were written by the same journalist, are fairly the same length
and differ only in the narrative presented: (a) Pent-up demand highlights the impact of an
atypically rapid economic recovery following the pandemic, where demand for goods
and services exceeded supply, resulting in higher inflation; (b) Energy crisis attributes
inflation to surging energy prices, which increased production and transport costs; and
(c) Price-gouging frames inflation as the result of firms expanding their profit margins
by raising prices beyond cost increases due to specific market conditions. None of these
texts provide information regarding the persistence or future path of inflation; they only
propose a potential cause of inflation. Appendix F provides the three quotes used in the
study. Subsequently, we elicit inflation expectations and preferences in order to compare
these outcomes across the different treatment arms and the control group.
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5.1. Average treatment effect

In order to study the causal effect of narratives on inflation expectations and preferences
rigorously, we estimated the following regression:

o) Yi=PBo+ BlTpent-up demand * BZTenergy crisis * B3Tprice-gouging +Xiy + ¢,

where Y; our the outcome of interest for individual i (individuals’ quantitative/qualitative
expectations or quantitative preferences), and 31, 37 and 33 measure the mean differ-
ences in the outcome between the pent-up demand, energy crisis, and price-gouging
treatment groups, respectively, and the control group. X; contains a number of socioeco-
nomic controls, ¢; is the error term. As mentioned earlier we use Huber robust weights

for both short- and long-run expectations and for inflation preferences regressions.

TABLE 3. Average treatment effects (OLS/LPM)

Dependent variable:

Expectations 12M (Quan) Expectations 12M (Qual) Expectations 60M (Quan) Expectations 60M (Qual) CPI Preferences
@) @ (6] @ )
Pent-up Demand -0.093 —0.049** -0.122 -0.033 -0.008
(0.074) (0.022) (0.089) (0.022) (0.090)
Energy Crisis 0.018 —-0.024 —0.042 —0.006 0.054
(0.073) (0.022) (0.089) (0.022) (0.090)
Price-Gouging —0.053 —0.047%* 0.034 -0.003 -0.175*
(0.074) (0.023) (0.090) (0.023) (0.093)
Controls Yes Yes Yes Yes Yes
Observations 3,602 3,876 3,595 3,876 3,622
R? 0.503 0.010 0.436 0.015 0.294
Note: *p<0.L; **p<0.05; *** p<0.01

Note: This table reports estimates of the average effects of the three randomly assigned narrative treatments
on respondents’ inflation expectations and inflation preferences. Quan denotes respondents’ quantitative
point forecasts of inflation in percentage points over the next 12 and 60 months, respectively. Qual denotes
binary indicators constructed from the corresponding qualitative inflation-expectation questions. CPI Pref-
erences denotes respondents’ preferred inflation rate for a typical year, measured in percentage points.
Columns (1), (3), and (5) are estimated by OLS, while columns (2) and (4) are estimated using linear probability
models. Huber weights are applied to the regressions with quantitative expectations and inflation preferences
to reduce the influence of outliers. All specifications include age, gender, education, income, employment
status, region, and financial literacy as controls. Standard errors are reported in parentheses.

For the expectations measure, we estimate the treatment effect on both the qualitative
(Qual) and quantitative (Quan) responses. The results of our experiment are shown in Table
3, beginning with the average treatment effects on qualitative inflation expectations. As
the Table shows, we find significant negative effects of providing the pent-up demand and
price-gouging narratives on individuals’ one-year expectations. Both narratives decrease
the probability of respondents answering that inflation one year ahead will increase or
strongly increase by approximately 5 percentage points. Although the point estimate
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is negative, the effect of providing an energy crisis media narrative on respondents’
expectations is not statistically significant. We do not confirm any similar significant
effects for long-term qualitative inflation expectations. Next, we analyse the treatment
effects on quantitative inflation expectations. We find no similar statistically significant
effects on long-term qualitative inflation expectations. Next, we analyse the treatment
effects on quantitative inflation expectations. Using Huber-weighted regressions, we find
no statistically significant treatment effects on either short- or long-term quantitative
inflation expectations. However, we find a weakly statistically significant treatment effect
of the price-gouging narrative on inflation preferences. Exposure to the price-gouging
narrative reduces the preferred inflation rate by approximately 0.18 percentage points.
These results indicate that our narrative treatments, drawn from a real-world news article,
primarily affect inflation sentiment rather than quantitative inflation expectations. Thus,
our results partially contrast with the findings of Andre et al. (2026) and Afrouzi et al. (2024).
We argue that this difference might be explained by three factors. First, our narratives
are drawn from a newspaper article rather than expert statements, which may increase
interpretation uncertainty and reduce the perceived authority of the narrative. Second,
our survey was fielded in December 2024, when inflation had largely converged to the
ECB’s 2 percent target. Lastly, recent research by Ludolph, Nghiem, and Tonzer (2026)
has shown that communication without numbers has a weaker effect on respondents’
estimates than communication that combines numbers with stories.

5.2. Narratives and the perception pass-through

An increasing body of research highlights the importance of perceptions in the expec-
tation formation process, suggesting that temporary perceived price level increases can
have persistent effects on expectations (Huber, Minina, and Schmidt 2023; Weber, Gorod-
nichenko, and Coibion 2023; D’Acunto et al. 2025). In line with these previous findings,
Table 4 shows that prior inflation perceptions are significantly higher among respondents
who expects higher inflation. Specifically, a 1-percentage-point increase in inflation per-
ceptions is associated with an increase in short- and long-term inflation expectations of
0.632 and 0.596 percentage points, respectively.

Next, we investigate whether the treatment induces belief updating by altering the
dependence on prior inflation perceptions. We find that prior perceptions significantly
moderate the narrative treatment effect. Our research design closely follows previous
work by Nghiem, Drager, and Dalloul (2024) and Coibion, Gorodnichenko, and Weber
(2022). However, rather than focusing on prior expectations, we explore treatment het-
erogeneity with respect to prior inflation perceptions. Thus, posterior expectations are
assumed to be formed as a combination of prior perceptions and narrative framing. Our
results suggest that exposure to the pent-up demand or price-gouging narrative reduces
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TABLE 4. Heterogeneous treatment effects inflation perceptions (OLS)

Dependent variable:

Expectations 12M (Quan) Expectations 60M (Quan) CPI Preferences
@) @) ©3)
Pent-up Demand 0.730*** 0.720%** 0.287
(0.153) (0.191) (0.187)
Energy Crisis 0.297* 0113 -0470*
(0.169) (0.185) (0.240)
Price-Gouging 0.786*** 0.920*** 0.778***
(0.167) (0.162) (0.166)
Perceived Inflation 0.632%** 0.596™** 0.430%**
(0.021) (0.022) (0.026)
Pent-up Demand x Perceived Inflation —0.231%** —0.220%** —-0.077*
(0.038) (0.046) (0.044)
Energy Crisis x Perceived Inflation -0.076* —-0.037 0.142%%
(0.042) (0.044) (0.060)
Price-Gouging x Perceived Inflation —0.224%** —0.221%** —0.235%%*
(0.040) (0.036) (0.036)
Controls Yes Yes Yes
Observations 3,602 3,595 3,622
R? 0496 0444 0315
Note: *p<0.1; ** p<0.05; *** p<0.01

Note: This table reports heterogeneous treatment effects with respect to respondents’ prior inflation per-
ceptions. The dependent variables are quantitative 12-month and 60-month inflation expectations and re-
spondents’ preferred inflation rate, all measured in percentage points. The interaction terms capture how
exposure to each narrative treatment changes the association between perceived inflation and the respective
outcome relative to the control group. Huber weights are applied to all regressions to reduce the influence
of extreme quantitative responses. All specifications include age, gender, education, income, employment
status, region, and financial literacy as controls. Standard errors are reported in parentheses.

respondents’ reliance on their perceptions for their own inflation point forecasts. To give
an example: Being randomly exposed to pent-up treatment reduces the pass-through from
inflation perception to 12-months expectations by 36.6%. Thus, especially respondents
with relatively high inflation perceptions report lower expectations than in the control
group. In contrast, the effect of the energy crisis treatment is only weakly statistically
significant for short-term expectations. Overall, even without providing actual numeric in-
formation about the current or professionally forecasted inflation level, providing causal
explanations reduces reliance on prior perceptions and induces different forecasts.
Furthermore, our findings suggest that respondents update their inflation preferences.
Again, we document that respondents who have higher prior inflation perceptions also re-
port higher inflation preferences. While somewhat surprising, this might reflect a simple
adaptation to their already higher perceived inflation rates. However, after being exposed
to the price-gouging narrative, this channel is significantly weakened. Respondents who
are exposed to this narrative reduce their reliance on prior perceptions by more than
50%. The effects of the pent-up demand narrative are in the same direction, but smaller
in magnitude and only weakly statistically significant. Conversely, we document a positive
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and statistically significant coefficient for the interaction between the energy crisis nar-
rative and prior perceptions. Following Coibion, Gorodnichenko, and Weber (2022), we
interpret this as a less informative signal for respondents, which increases their reliance
on prior perceptions. This finding may be explained by the energy crisis narrative being
the most prevalent narrative in our sample, whereas only a small number of respondents
cite price-gouging or pent-up demand in response to the open-ended question.

5.3. Additional heterogeneous treatment effects

While the previous section showed that our narrative provision treatment affects short-
term qualitative inflation expectations, we did not find any statistically significant effects
on quantitative inflation expectations. However, our correlational analysis revealed that
the structure and content of individuals’ narratives are associated with financial literacy,
personal inflation experience, and trust in public institutions. Motivated by these findings,
we hypothesize that the treatment effect might vary across these dimensions. Thus, we
estimate heterogeneous treatment effects with respect to respondents’ financial literacy,
age, and institutional trust using the standard interaction-term specification. Consistent
with our baseline findings, we find evidence of heterogeneity in the treatment responses.

We begin with studying the heterogeneity across financial literacy. We observe a statis-
tically significant reduction in both short- and long-term expectations among financially
literate households (see Table 5). Exposure to a media narrative that attributes inflation
to the rapid economic recovery after the COVID-19 pandemic statistically significantly
reduces inflation expectations among financially literate. More specifically, their expec-
tations are 0.69, respectively 0.62 percentage points, lower than those of non-financial
literate households. This effect offsets the corresponding increase in expectations among
respondents with lower financial literacy, resulting in a net treatment effect of -0.21, re-
spectively -0.23 percentage points. Thus, exposing financially literate respondents to a
pent-up demand narrative leads to a reduction in inflation expectations by potentially
highlighting the transitory nature of the pent-up demand effect.

Next, we examine whether the treatment effect is moderated by prior inflation expe-
rience. As Table A12 in the Appendix D shows, we do not document any heterogeneous
effects with respect to inflation experience for inflation expectations. However, our results
indicate that 40-59-year-old respondents respond differently in their preferences to the
pent-up demand narrative than 18-39-year-old respondents.

Finally, we explore treatment heterogeneity by trust in political institutions or the
media. As reported in Tables A13-A14 in Appendix D, higher levels of trust in political
institutions are in general associated with lower inflation expectations and higher inflation
preferences. Furthermore, we find some indications that responses to treatment might
differ between respondents who trust and do not trust political institutions or newspapers.
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TABLE 5. Heterogeneous treatment effects for financial literacy (OLS)

Dependent variable:

Expectations 12M (Quan) Expectations 60M (Quan) CPI Preferences
(1) @ ®)
Pent-up Demand 0.166 0.109 —-0.063
(0.156) (0.185) (0.179)
Energy Crisis —0.004 —-0.132 0.292
(0.148) 0.172) (0.180)
Price-Gouging —-0.012 0.065 —-0.131
(0.155) (0.188) (0.186)
Financial Literacy —0.318*** —0.448%** —1.237***
(0.090) (0.111) (0.111)
Pent-up Demand x FinLit —-0.381** —0.344% 0.082
(0.174) (0.207) (0.203)
Energy Crisis x FinLit 0.034 0.141 -0.358%
(0.168) (0.200) (0.205)
Price-Gouging x FinLit —0.061 —0.047 —0.066
(0.174) (0.212) (0.212)
Controls Yes Yes Yes
Observations 3,602 3,595 3,622
R’ 0.503 0437 0.295
Note: *p<0.1; **p<0.05; *** p<0.01

Note: This table reports heterogeneous treatment effects with respect to respondents’ financial literacy.
The dependent variables are quantitative 12-month and 60-month inflation expectations and respondents’
preferred inflation rate, all measured in percentage points. Financial Literacy is an indicator equal to one
if a respondent correctly answers both financial-literacy questions. The treatment coefficients therefore
report the estimated treatment effects among respondents classified as not financially literate, while the
interaction terms measure the additional treatment effect for financially literate respondents. The total
treatment effect for financially literate respondents is given by the sum of the respective treatment coefficient
and interaction coefficient. Huber weights are applied to all regressions to reduce the influence of extreme
quantitative responses. All specifications include age, gender, education, income, employment status, region,
and financial literacy as controls. Standard errors are reported in parentheses.

First, for respondents with low trust in political institutions, exposure to the price-gouging
treatment decreases inflation expectations. Conversely, having higher trust in political
institutions partly weakens this negative response. This may be because respondents with
higher trust exhibit stickier expectations, causing them to respond less strongly to a single
narrative exposure. We observe similar effects for inflation preferences. Respondents with
low reported trust exhibit a statistically significant response when exposed to the energy
crisis narrative. Again, reporting higher trust in political institutions attenuates this effect.
We run the same heterogeneity analysis for self-reported trust in public broadcasters and
newspapers. In contrast to trust in political institutions, we find no statistically significant
treatment heterogeneity along these dimensions. As trust in political institutions and the
media is measured post-treatment, these results should be interpreted with caution, even
though we observe no treatment effect on respondents’ trust.
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6. Discussion

This paper examines how German households made sense of the 2022-23 inflation surge,
how these causal accounts differ across individuals, and whether exposure to real-world
media narratives changes inflation beliefs. Combining open-ended survey responses from
more than 4,000 households with DAG-based narrative extraction and a preregistered
information experiment, we show that inflation narratives may have causal effects on
expectations and preferences and that the exposure to inflation narratives reduces partially
the reliance on prior inflation perceptions.

First, households’ explanations of the recent inflation episode are dominated by supply-
side factors and global crisis. The war of Russia against Ukraine and the energy crisis
features far more prominently than demand-side explanations. This pattern underscores
the importance of the specific historical context and discourse in which beliefs are formed:
in Germany, the European energy shock appears to have provided a particularly salient
lens through which households interpreted rising prices.

Second, narratives are not randomly distributed across the population. Financial liter-
acy, past inflation experience, and institutional trust are systematically associated with
both the content and complexity of households’ causal explanations. More financially
literate respondents are more likely to articulate complex narratives; older and younger
cohorts emphasize demand channels and blame government or firms; and trust is as-
sociated with a lower probability to attribute inflation to government action or firms’
inappropriate pricing behaviour ("price gouging"). These associations do not establish a
causal process of narrative formation, but they indicate that education and subsequent
cognitive resources, personal experience, and trust in institutions jointly structure how
households interpret inflation.

Third, the experiment shows that news narratives based on real-world examples can
affect households’ qualitative short-run inflation expectations. Exposure to narratives
centred on post-pandemic demand or price gouging reduces qualitative expectations,
while no average treatment effects on quantitative expectations and preferred inflation
rates are observed. However, narrative exposure reduces the reliance on prior inflation
perceptions when forming quantitative expectations. Furthermore, quantitative updating
is heterogeneous with respect to financial literacy and trust in political institutions and
media. These findings suggest that real-world media narratives can shape inflation beliefs
causally, but that their effects are neither uniform across outcomes nor homogeneous
across households.

Taken together, the results place causal narratives at the intersection of expectation
formation, experience, and information acquisition. Our results imply that households do
not merely receive inflation expectation updates passively as isolated numbers. They in-
terpret information through causal stories that differ in content, structure, and economic
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meaningfulness across socioeconomic groups. With this result, the paper goes beyond
the implications of first-generation epidemiological models of information transmission
(Carroll 2003, 2005). For research on household expectations, this points to the value
of classifying the narratives underlying expectations rather than treating those expec-
tations as self-contained beliefs. For communication by policymakers and the media,
the results highlight that the framing of causal explanations may matter alongside the
information conveyed. At the same time, the heterogeneous experimental effects caution
against assuming that one-and-only common narrative produces a common quantita-
tive response. Prior knowledge, literacy, trust and experience condition how households
process, interpret, and update from inflation news.

Our research highlights a number of paths for future research. The observed hetero-
geneity within the clusters is analytically interesting and calls for further research, i.e.
examination through the lens of political sociology and the "arenas of conflict" framework
of Mau, Westheuser, and Lux (2024). Furthermore, future research should vary source
credibility and format, including the presence or absence of numerical anchors, as high-
lighted by Ludolph, Nghiem, and Tonzer (2026). Lastly, the survey was conducted at a
single point in time, which prevents analysis of how narratives evolve. Longitudinal or
panel designs would allow us to examine narrative updating on the individual level and

its macroeconomic consequences on the aggregate level.
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