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1 Introduction

Economic measurement goes beyond numbers. A growing literature (Gentzkow et al., 2019)

emphasizes that qualitative information and textual data can provide insights that are difficult

to extract from standard quantitative indicators alone. Among such soft data, economic narra-

tives have received increasing attention. Narratives capture how economic agents describe their

experiences and decisions in real time. The central premise of this paper is that narratives are

informative not only about how economic outcomes evolve, but also about why they do so.

This paper uses micro narratives, the qualitative descriptions provided by firms about their

pricing decisions and operating conditions, to understand both firm-level mechanisms and the

contributors to aggregate outcomes such as inflation. Macroeconomists conventionally rely on

aggregate time series data and structural restrictions to infer the drivers of inflation. We in-

stead take a bottom-up approach by directly “listening” to firms. Using a large language model,

we extract from survey-based narratives of firms’ own explanations for why prices changed or

remained unchanged. Although doing so does not directly identify the underlying structural

shocks, it reveals the channels relevant to firms via which such shocks propagate. We con-

tribute to a long tradition of survey-based analysis of firm behavior on both the measurement

and application fronts. On the former, we systematically structure information from free-text

narratives. On the latter, we augment the aggregate time-series-based analysis with factor

attributions derived from micro-narratives.

One key feature of narrative data is its discreteness. Firms describe price and condition

changes using categorical language, such as“increased substantially”or“stayed about the same”,

rather than continuous numeric values. Rather than viewing this as a limitation, we argue that

it is an advantage. Price adjustment is inherently lumpy due to menu costs and adjustment

frictions. Narrative data, therefore, aligns naturally with the extensive margin of price ad-

justment, making it particularly informative about the forces that trigger price changes. We

validate that our narrative statistics are strongly correlated with the frequency of price adjust-

ments calculated with microdata, produced by Nakamura et al. (2018) and extended by Montag

and Villar Vallenas (2025).

Our approach uses textual narratives to directly recover how firms explain their own pricing

decisions. Going beyond the use of textual data for measuring a latent variable, we focus on

extracting attribution statements that link observed price outcomes to underlying economic

factors. Leveraging the reading and reasoning capabilities of large language models, we iden-

tify explicit and implicit explanations embedded in firms’ narratives. For example, we identify

statements indicating that prices rose because of higher input costs, or that prices remained

stable despite strong demand. These explanations provide structured information on the per-
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ceived drivers of price adjustment, allowing us to study not only which economic conditions are

present, but also how firms connect those conditions to their pricing behavior. This focus on

attribution transforms narrative text into a source of relational economic information that can

be directly incorporated into quantitative analysis.

Correctly extracting such information requires context-sensitive interpretation. Identical

phrases can have different economic meanings depending on the discussion. For example, what

constitutes a final price in one sector may represent an input cost from another sector’s per-

spective. This distinction is critical for measuring things like demand, supply constraints, labor

shortages, or excess demand. Large language models are well-suited for this task because they

can flexibly interpret language in context. Expressions such as “hiring was difficult”, “difficulty

finding qualified candidates,” or “struggled to find quality workers” all convey labor scarcity

despite substantial variation in wording that simpler dictionary-based methods are likely to

miss.

We validate our narrative measures in several ways. First, we assess labeling accuracy by

comparing model-based extraction to human-coded benchmarks, evaluating both factor iden-

tification and attribution logic. Second, we benchmark our narrative price measures against

real-time macroeconomic series. Despite their categorical nature, these measures closely track

realized inflation. Third, we show that the narrative measures align with regional economic

conditions, providing additional external validation.

Interpreting micro-level narratives as evidence for macroeconomic inflation drivers requires

a model-based framework. Micro responses do not aggregate mechanically due to heterogene-

ity, idiosyncratic shocks, and general equilibrium feedback. Moreover, firms do not report all

relevant factors, and narrative observations are discrete while underlying fundamentals are con-

tinuous. We address these challenges with a sticky-price model featuring menu costs, aggregate

shocks, and idiosyncratic shocks. Firms adjust prices only when deviations from desired prices

exceed factor-specific thresholds, generating discrete price changes that map naturally into nar-

rative categories. We also allow for reporting frictions, whereby firms do not always report all

experienced changes driven by each factor.

The inputs to our estimation consist of frequencies of unconditional mentions of price and

factor movements, along with conditional frequencies of attribution statements linking price

changes to specific factors. Intuitively, if many firms cite a particular factor as driving price

changes, that factor is likely important at the aggregate level. Heterogeneity in price adjustment

behavior– where some firms adjust prices while others do not, despite citing the same factor–is

captured through idiosyncratic shocks. The dispersion of these shocks, together with factor-

specific thresholds, identifies factor sensitivities or pass-through.

Our framework yields new insights into the time-varying importance of inflation drivers,
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including non-labor input costs, demand conditions, and labor costs. We document a multi-

phased evolution of inflation during the COVID period, with different forces dominating at

different stages. In particular, over this period, inflation dynamics shifted from demand-driven

to cost-push, with input prices becoming the dominant narrative as core inflation breached the

2% target. In the later phase, the wage pressure is shown to be a contributor to the inflation.

These narrative factors account for much of recent inflation: in the post-2019 period, the

three together explain over 80% of the variation in observed inflation, with non-labor input

costs alone accounting for more than 40%, followed by wages, while demand contributes only

modestly. The contrast with demand is instructive—it moves substantially over this period, yet

firms rarely cite it as the factor that actually triggered a price change. This is what narratives

add: by recording which factors firms name as the cause of an adjustment, rather than merely

which factors moved, they identify the conditional triggers that movements in the underlying

series alone cannot reveal.

More broadly, the method developed in this paper enables a reassessment of macroeconomic

dynamics using real-time micro narratives. Textual data are often available at higher frequency

and over longer horizons than surveys designed to elicit causal explanations. Moreover, real-

time narratives help discipline retrospective macroeconomic analysis. The underlying premise

is that firms making contemporaneous assessments of their decentralized micro environments

possess valuable information about the forces shaping aggregate outcomes. Although the fac-

tors deemed relevant by micro decision-makers do not directly reveal the underlying macroe-

conomic drivers, our model, which explicitly aggregates firms facing idiosyncratic shocks and

micro-adjustment frictions, bridges the gap and enables the micro narratives to be used for

macroeconomic analysis.

Literature

Our paper is closest to the literature on measuring the “top of the mind” and “whys ” in

surveys in the context of firms’ pricing.1 One particularly relevant paper is Dogra et al. (2023),

which measures how firms set prices via open-ended surveys. This also aligns with the earlier

literature on directly eliciting firms’ reasons for price adjustments and price stickiness.(Blinder

et al., 1998) Our work complements theirs by taking a further step: we measure such data from

texts using LLMs. Our structural model estimation can also be applied to survey data that

directly elicit changes in factors and attribution logic. Meanwhile, our framework enables us to

analyze narrative statistics over a much longer period. Another important yet subtle difference

is that surveys often elicit strategic responses in hypothetical form, whereas textual narratives

1See Haaland et al. (2024) for a comprehensive survey on this topic.
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describe actual conditions and factors. In that regard, our paper is related to, but distinct from,

studies and estimates of cost pass-through and the slopes of the Phillips curve using microdata,

such as Gagliardone et al. (2025), Hoeck and Renkin (2025).

We contribute to the literature that uses textual analysis and LLM tools 2 to study macroe-

conomic narratives.3 Most of these papers measure intensities of a factor. Our paper differs

not only in measuring “how”but also “why”, by extracting attributions. (See Yang et al. (2020)

and Trebbi (2025) as recent exceptions.) We also differentiate from the survey-based narrative

literature, such as Andre et al. (2022), by focusing on micro mechanisms, whereas they directly

elicit beliefs about the macro drivers of inflation. We explicitly filter the micro narrative data

through the lens of a structural menu-cost model, admitting idiosyncratic shocks to firms and

adjustment costs.

Our paper also provides a different perspective on the drivers of aggregate inflation dynamics,

especially the recent post-COVID price surge. The most common empirical approach pursued in

answering this question is structural VAR.4 We instead take a bottom-up approach by focusing

on micro narratives from the firms’ perspectives, which we see as complementary instead of

substitutes to the conventional methods. The factors reported to be important to firms are not

necessarily the exogenous causes of the macro dynamics. For instance, firms rarely explicitly

discuss fiscal/monetary policies in their narratives. Instead, the narratives describe the direct

change in activities and prices, possibly stemming from these shocks.

Lastly, various studies (Zavodny and Ginther, 2005; Armesto et al., 2009; Balke et al., 2017;

Kliesen and Werner, 2022; Soto, 2023; Gascon and Martorana, 2024) have developed textual

measures based on the Beige Book that exhibit predictive power for macroeconomic activity

beyond other data. Meanwhile, Aruoba and Drechsel (2024) uses the Beige book to proxy for

the Fed’s information set up to FOMC decisions. In some sense, our paper’s finding that micro

narratives in Beige help assess price factors provides one explanation why the Beige Book,

despite its anecdotal nature, has predictive power about the future economy.

2Our deployment of LLMs also makes us related to other applications of LLMs in macroeconomic research.
For instance, Bybee (2023) “elicits” numeric macroeconomic forecasts made by LLMs by feeding them textual
macroeconomic news. Wu et al. (2025) uses an LLM to simulate a retrospective sample of surveys of macroe-
conomic forecasts that also elicits reasoning that help understand expectation-formation mechanisms. Unlike
these papers, this paper instead uses an LLM to extract structural information from texts that can be mapped
to a model.

3For instance, Ash et al. (2021); Larsen and Thorsrud (2019); Bybee et al. (2024); Macaulay and Song (2022);
Flynn and Sastry (2022).

4Bernanke and Blanchard (2025), Giannone and Primiceri (2024), etc.
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2 Measuring Price Narratives from Texts

2.1 What do narrative statistics offer?

Before going into the measurement framework, it is useful to first establish the intuition why

narrative data in the form of factor attribution is helpful to a correct identification of the

macro drivers of inflation. The key insight is that factor-based narratives provide the correct

conditioning of the triggers of price adjustment.

Let’s assume that the aggregate inflation, which stems from the disaggregated pricing behav-

iors of individual firms in the economy, can be ultimately represented in a state-space form as

follows. (Section 4 formalizes this.) Multiple factors (indexed by m) may simultaneously trigger

micro price adjustments, leading to aggregate inflation changes. Due to adjustment frictions

such as menu cost, the factor m is actually loaded onto aggregate inflation only conditional

on it being strong enough to trigger price adjustment. Therefore, the seemingly linear factor

model of inflation is actually nonlinear.

Πt︸︷︷︸
Aggregated inflation

= θ0 +
k∑

m=1

θm︸︷︷︸
Factor m loading

1(|Xm,t| > km)︸ ︷︷ ︸
Conditional trigger

Xm,t + ϵt

If economists do not actually observe the relevant factor m that triggers the actual loading

to the price adjustment, which means that 1(|Xm,t| > km)) are not observed, linear estimation

of factor decomposition using movements of all factors Xm,t implies a model misspecification,

leading to biased estimates of factor loading θm. What narrative data can offer, the focus of

this paper, is exactly the conditional trigger dynamics that can be attributed to some factors.

2.2 The choice of texts

Our baseline choice of macroeconomic texts is the Beige Book by the Federal Reserve Bank

system of the United States. The Beige books are qualitative summaries of district economic

conditions based on interviews with business contacts, economists, and market experts by teams

from the 12 Federal Reserve Banks. Since 1970, Beige books have been published 8 times a year

by the Federal Reserve branches. Our sample includes all regional reports that start from 1990

January and ends in April 2024, which yields 3300 articles. Each article will contain multiple

paragraphs regarding different aspects of the economy.

There are several advantages to such types of texts. They are written by professional

economists in a dense, structured language typical of economic commentaries. The texts provide

rich narrative evidence on the overall and sector-specific economic conditions across different
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districts. Across time and space, the Beige Book maintains a stable and consistent tone and

writing style. They usually consist of short, self-contained sentences indicating directional

changes in the assessed topic, with occasional causal/relational statements linking different de-

scriptions. It is also worth noting that “contacts are not selected at random; rather, Banks

strive to curate a diverse set of sources that can provide accurate and objective information

about a broad range of economic activities.” This means that they are not a perfect substitute

for representative surveys. It is also stated in the Fed Board’s webpage that “the Beige Book

is not a commentary on the views of Federal Reserve officials.” Lastly, an extensive literature

that is surveyed in the Literature review has shown that the Beige Book provides valuable

insights into current macroeconomic conditions that go beyond what is captured by standard

macroeconomic indicators. This work also documents that such anecdotal information is widely

incorporated into monetary policy decisions.(Aruoba and Drechsel, 2024)

Sample Selection. First, although the Beige Book spans many areas of the economy, we omit

the real estate and financial sectors from our analysis. These sectors are influenced by reg-

ulations, financial structures, and asset-pricing forces that are specific to them, resulting in

price dynamics that differ qualitatively from those in goods- and service-producing industries.

These differences are also reflected in the terminology and expressions used to describe their

developments. Including these sectors would therefore blur the mechanisms we aim to study

and introduce noise into our measurement. Second, when constructing aggregate statistics from

the Beige Book, we rely solely on the regional reports and leave out the nationwide summaries.

This approach prevents double-counting and guarantees that our aggregates capture indepen-

dently reported regional conditions rather than a consolidated narrative written by the Federal

Reserve. Third, we narrow our focus to narratives related to firms. While Beige Book inter-

views also draw on perspectives from other agents, such as labor organizations, trade groups,

and community representatives, our analysis emphasizes firms because they are the main units

that set prices and thus provide the most direct evidence on price adjustment behavior.

In each Beige Book report, there are usually one or two paragraphs that focus specifically

on price developments. Beyond these, other sections address issues closely tied to pricing

behavior, including input costs, labor market conditions, demand strength, and supply-side

constraints. Our analysis draws on both categories of information. Finally, with respect to

interpretation, we distinguish between mechanisms operating within sectors and those operating

across sectors, since we add a sector flag to each identified factor. Unless we explicitly note

otherwise, our analysis is primarily concerned with within-sector mechanisms–that is, how prices

react to factors and constraints affecting firms in the same sector–rather than with compositional

effects driven by changes in the sectoral mix. One exception to our within-sector analysis is

the narratives linking energy prices in the energy sector to prices in other sectors, such as
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transportation. It turns out that they can be reliably treated as links from the input cost to

prices.

How do we think about the Beige Book? We interpret the Beige Book as a collection of firm-

level survey responses, each associated with an implicit weight. It is important to emphasize

that the anecdotal nature of the Beige Book is widely recognized and generally regarded as a

feature rather than a limitation. Nonetheless, some potential caveats are worth noting. The

Beige Book is not authored directly by the firms; instead, it is constructed from surveys and

qualitative information gathered through contacts that the regional Federal Reserve Banks

maintain with firms.

We assume that the Beige Book narratives provide an approximately balanced representation

of the views of the surveyed firms. While an aggregation process inevitably occurs in moving

from individual firm responses to regional narratives, we continue to treat each regional Beige

Book report as a cross-sectional collection of firm-level responses. Furthermore, we assume

that the Beige Book authors do not face systematic strategic incentives that would bias the

document away from functioning as an unbiased summary of the underlying survey evidence.

2.3 From narratives to the measurement framework

In a standard Beige Book report, firm contacts describe observed changes in a range of relevant

factors, operating conditions, and price dynamics. Of particular importance for our analysis

is that these narratives not only document the occurrence and magnitude of such changes

but also provide qualitative information on their underlying causes as perceived by the firms.

For example, in one context respondents may attribute a price increase to higher input costs,

whereas in another, they ascribe it primarily to shifts in demand conditions.

More formally, we represent a narrative as a collection of variables (e.g., d, q, p...), corre-

sponding to demand, input cost, and price, respectively, their temporal evolution or qualitative

dynamics (denoted by −−,−,=,+,++), and, when present, potential causal relations between

selected pairs of variables (indicated by →). Consider, for example, the following two narra-

tives. Narrative A = {q ↑; p ↑} encodes that both q and p increase over the period under

consideration. Narrative B = {q ↑→ p ↑} likewise encodes that p rises, but in addition specifies

a causal link whereby the change in p is attributed to a rise in q. Thus, while both A and B

represent similar observational content (rising price and input cost), only B explicitly posits

that the variation in p is caused by the variation in q.

Now consider the third narrative, C = {q ↑→ p =}. This representation indicates that, at

the level of the underlying theoretical structure, a change in q is expected to create a pressure

7



for p to rise; however, the annotation p = states that, empirically, no such change in p actually

occurs, implying that the anticipated causal effect does not materialize in the observed period.

By contrast, an alternative narrative D = {q ↑; p =}, in which no causal link between q and

p is asserted, implies that the factor q is irrelevant for explaining the behavior of p within the

narratives causal framework.

To develop intuition for why narratives containing explicit causal statements provide useful

information for identification, consider the following example from the August 1999 report by

the Federal Reserve Bank of San Francisco. The narrative states: “Retailers throughout the

District noted that stiff competition and falling import prices have kept retail prices down,

despite healthy consumer demand and rising labor costs and rising occupancy costs.” If the

report merely described declining retail prices, robust demand, and increases in certain input

costs, it would be difficult to isolate the underlying causal mechanisms driving these observed

changes. Instead, the narrative characterizes a specific economic environment that rules out

several alternative explanations for the fall in prices. First, the decline in prices is explicitly not

attributed to a reduction in demand; that is, it rules out a leftward shift of the demand curve.

Second, input costs are not uniformly declining. Indeed, some, such as labor and occupancy

costs, are rising. This pattern suggests that any rightward shift in the supply curve is likely due

to particularly falling import prices. Third, the reference to stiff competition is consistent with

a relatively elastic (i.e., flat) demand curve faced by individual retailers, implying that small

cost or competitive pressures translate into relatively small price adjustments.

When narratives are distilled to reflect a factor structure, they can often be intuitively rep-

resented as distinct scenarios within the supply-demand framework. Let’s illustrate with the

following four examples.

• Normal cost-pass-through to price. May 1996 St. Louis Fed’s: “Contacts continue to

report increasing costs for raw materials and increasing costs for labor. In contrast to

previous reports, however, some contacts have indicated that these higher costs are being

successfully passed along to consumers.” These narratives suggest the increases in good

prices are caused by increasing costs. In supply-demand language, such a scenario can be

described as a leftward shift of the supply curve along a downward-sloping demand curve,

leading to a higher equilibrium price. (Figure 1 a)

• Limited cost-pass-through to price due to uncertainty. January 2026 Boston Fed’s Beige-

book on prices: “On balance, the pace of selling price increases picked up further but re-

mained moderate. Input price increases accelerated, except among manufacturers, where

such increases remained elevated but slowed somewhat. Several contacts noted that price

pressures from tariffs were pushing up selling prices and weighing heavily on profitability,

while uncertainty was limiting their ability to set prices and plan ahead.” This passage
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Figure 1: Examples of narratives

talks about increases in both manufactured goods prices and their input costs. It also

reveals that the tariffs contributed (e.g., the use of “pushing up” to the price increase,

whereas the factor “uncertainty” serves as a limiting factor of cost pass-through.) In the

demand/supply framework, it essentially corresponds to a leftward shift in the supply

curve for an unchanged demand curve, where the demand curve is flat due to “uncer-

tainty”.(Figure 1 b)

• Limited cost-pass-through to price due to weak demand and competition. November

2011 San Francisco Fed’s: “Price inflation for final goods and services was limited during

the reporting period. Contacts noted a recent uptick in the prices for energy inputs,

particularly oil, and price increases for assorted food items at the retail level. However,

the combination of robust supplier competition and lackluster final demand continued

to hold down price pressures for most retail goods and services”. The narrative talked

about increases in input cost, while competition and weak demand limit the pass-through.

In the supply/demand framework, it corresponds to a leftward shift of the supply curve

along a flattened demand curve. (Figure 1 b.)

• Strong demand-pass-through due to supply constraint. June 2021 St Louis Fed’s: “Prices

have increased moderately overall since our previous report, but prices in some sectors

such as automobile retailing and construction have increased sharply due to transitory

supply chain constraints and a spike in consumer demand.” This passage attributes the

price surge to both strong demand and supply constraint, which is well captured by Figure

1 c.

There are two important clarifications worth making here. First, micro-narratives reveal

the factors that firms deem as directly relevant in their micro environments. They need not

be exogenous to the economy. They are partial-equilibrium state variables that firms take as
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given. We also do not view these descriptions as entirely representative of idiosyncratic changes

in circumstances. Rather, they reflect the combined effect of aggregate and local dynamics.

Second, note that it is in line with the spirit of the narratives to represent such narratives

with a factor structure, without attempting to differentiate the true exogenous shock versus the

response functions. In equilibrium, both shocks and structural parameters enter the ultimate

price function. They enter the function both as “factors”. Therefore, in the case of weak

demand limiting the cost pass-through, we essentially view the input cost as a pushing factor

of the price, while demand is viewed as a limiting factor. A weaker demand in the sense of a

flattened demand curve versus a weak demand in the sense of an inward shift demand curve

are both treated as a weak demand factor. We formalize these ideas in the latter section.

2.4 LLM-based measurement procedure

Table 1: Multi-dimensional labeling for short sample article entities.

Dimensions
Phrase

a slight negative effect on
consumer spending(V1)

the resumption of the full
Social Security tax(V2)

General variable event
Sector retail NA
Economic Concept good sales tax
Realized or Expected current realized current realized
Dynamics - ++

Our LLM-based measurement procedure involves two steps. First, we prompt the LLM to

perform a concept-detection and classification task, identifying economics-related phrases in

each paragraph and categorizing them according to a multi-dimensional labeling system. The

multiple dimensions include the economic concept, the sector to which it belongs, its dynamics,

as well as its temporal stance (about current/past, about future). The following “Economic

Variable and Event Extraction Schema” is the multi-dimensional classification framework. In

the second step, the LLM determines, for every consequence variable of our focus, i.e., price,

production, etc, whether its dynamics are attributed to other identified variables in the sur-

rounding text. Essentially, fixing the consequence as the price, we trace back the narratives

in which a “causal attribution” is either explicitly or implicitly mentioned. Both steps rely on

carefully designed prompts, which are validated with artificial data. We also provide positive

and negative examples in the prompt to inform the LLM of the criteria. Our companion paper

(Hou et al., 2025) documents a more general LLM procedure for structuring narratives from

texts such as the Beige Book. Here, we only highlight the relevant elements.
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Economic Variable and Event Extraction Schema

1. General Classification - Determine whether a phrase is a Variable or Event. Then

follow either 2. Economic Variable Dimensions or 3. Economic Event Dimensions.

2. Economic Variable Dimensions If the entity is a Variable, classify it using the

following dimensions:

1. Sector: overall, manufacturing, retail, services, energy, agriculture, real estate,

transportation

2. Economic Concept: good demand, good price, good sales, etc.

3. Economic Event Dimensions If the entity is an Event, classify it using the following

dimensions:

1. Economic Concept: tax, government spending, rough weather, tariff, monetary

policy, war, etc.

4. Shared Dimensions for Variables and Events Both Variables and Events share the

following dimensions:

1. Realized or Expected: past realized, current realized, producer expectation, con-

sumer expectation, expert expectation.

2. Dynamics and Value:

• +++ (significant increases/expansion), ++ (moderate increases/expansion),

+ (slight increases/expansion),

• - - - (significant decreases/shrinking), - - (moderate decreases/shrinking), -

(slight decreases/shrinking),

• = (no change or unclear information), ?+ (uncertainty enlarges), ?- (uncer-

tainty reduces). Note: ?+ and ?- phrases are identified but not included in

the main results.

When identifying causal attributions in the narratives, we instruct the LLM to distinguish be-

tween factors that are explicitly linked to price changes and those that are only implicitly

related. Explicit attributions typically appear in phrases such as “pass onto,”“attributed to,”

“due to,”“to cover,” or “because of,” where firms clearly connect a factor to a price outcome. In

contrast, implicit attributions arise when both the factor and the price outcome are reported

to have changed, but the firm does not explicitly state a causal link. The degree of explicitness

also depends on the reported dynamics. A price change attributed to a factor is conceptually
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different from an unchanged outcome. For example, in the statement “Price remained stable,

although input costs continued to increase in some industries and retail prices rose in several

Districts,” the term “although” signals that input costs are treated as a potential driver of

prices, even if the causal link is not stated in a fully direct form. Our LLM labels such logics as

“explicit”. Our baseline results and estimation reported below are based on explicitly labeled

logics.

Here is one concrete example of demand-to-price logic identified by our procedure and its

output: “[Parcel companies have increased shipping prices](p) due to [unprecedented demand

from online shopping overall and holiday demand specifically](d).” from 2021 January’s Beige

report from St Louis’s Fed, was labeled as an explicit pass-through from demand to the price,

both of which are labeled as increased. The narrative identified from this entry is {d ↑→ p ↑ }.

The choice of the LLM. Our baseline LLM is GPT-5 (gpt-5-2025-08-07). The knowledge

cutoff for the model is Sep 30th, 2024. We use JSON schema to constrain LLM to produce

structured output. The JSON schema also restricts LLM to pre-specified categories.

3 Narrative Facts

3.1 Variables

We first show how different words are mapped into concepts such as demand, price, produc-

tion, input cost, etc. The LLM reasonably labels the phrases according to the context of the

discussion. Figure A.1,A.2, and A.3 in the Appendix show wordclouds of the most common

phrases under price, demand, and input price within each sector, respectively. One can also

see that the phrases used to describe the same concept vary across sectors. For instance, in the

transportation sector, prices are surcharges, shipping rates, fares, etc, whereas in real estate,

they are rents, rental rates, housing prices, sale prices, property values, etc.

Although certain economic variables are easily identified using common vocabulary, many

others are much more context-specific. The linguistic meaning of certain words is not the same

as their economic meaning. One good example of such versatility is “demand”. Here are some

examples of the phrases that are successfully categorized as describing the demand in our proce-

dure: “price resistance from the buyers”, “less impulse buying”, “intensifying pressure on prices

at the retail level”, “sluggish consumer spending”, “increased price sensitivity of consumers”,

“consumers remain very value conscious”, “consumer bargain hunting pressures at the retail

level”, “consumer resistance to price hikes”, and “raised prices with little push back”. Some

examples of the price phrases: “heavy discounting”, “promotions”, “incentives”, or “a show of
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goodwill to troubled consumers”.

3.2 Dynamics

We report the dynamic scores of prices and related factors derived from narratives and com-

pare them directly with corresponding realized macroeconomic series. This exercise serves as

an external validation of our measurement approach. Despite being constructed from qualita-

tive text, the narrative-based indices closely track aggregate price dynamics. We conduct the

comparison at both the national and regional levels (see Figure 2 and 4). In the aggregate, we

compare our price and input price narrative scores with the real-time inflation and producer

price index growth, respectively. At the regional level, we use the five regional Feds’ manufac-

turing survey indices, in which firms report conditions, prices paid, prices received, and orders

to approximate relevant variables.

At the aggregate level, the narrative inflation index co-moves strongly with official inflation

statistics, indicating that shifts in firms reported pricing conditions align well with realized price

developments. A similar pattern emerges at the regional level, where cross-regional variation

in narrative dynamics mirrors differences in observed inflation outcomes. The high correlations

suggest that the dynamics extracted from micro narratives capture economically meaningful

movements in price-setting behavior and underlying demand and cost conditions.

Narrative dynamics measure the extensive-margin price adjustment. By construction, nar-

rative measures are discrete and event-based: they primarily capture whether firms report price

changes or shifts in pricing pressure, rather than the magnitude of those changes. In this sense,

they are more closely aligned with the extensive margin of price adjustment–the incidence of

price changes–than with the intensive margin that determines the size of price movements.

Several studies emphasize that firms repricing frequencies are time-varying and state-dependent

(Blanco et al., 2024). In particular, recent work documents a pronounced spike in the frequency

of price adjustments during the inflation surge beginning in 2022, describing it as a salient yet

often underappreciated feature of the episode (Cavallo et al., 2024). Our narrative-based dy-

namics corroborate this pattern, showing a clear increase in reported price changes during the

same period. Figure 3 verifies that the narrative-based dynamics are indeed strongly correlated

with the frequency of the price adjustments, based on the statistics of Nakamura et al. (2018)

that is extended to 2023 by Montag and Villar Vallenas (2025). Narrative-based price increase

measure tracked the frequency of upward price adjustments with a coefficient of 0.66, and the

downward price adjustments with a coefficient of 0.31.

The narrative dynamics of several variables other than prices also exhibit intuitive patterns.

For instance, upward adjustments in wages, and related variables occur more frequently than
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Figure 2: Narrative Directions versus Economic Statistics
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downward adjustments, consistent with the presence of downward nominal rigidity. Second, at

any point in time, there is substantial dispersion in the measured dynamics for a given variable,

reflecting heterogeneity in firms’ reported conditions.

Over time, the narrative measures trace distributional shifts across upward, no-change, and

downward movements in prices and demand (Figure 5). Notably, during the four recessionary

episodes—1990, 2001, 2008, and 2020—the dynamics associated with demand conditions are

clearly dominated by downward adjustments relative to upward ones. By contrast, during the

persistent inflationary surge beginning in 2020, as well as the temporary inflationary episode

preceding 2008, we observe a marked compression of downward dynamics and a pronounced

expansion of upward movements. These patterns underscore the state-dependent nature of

narrative dynamics across business-cycle episodes.
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Figure 3: Narrative Directions versus Frequency of Price Adjustment
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Figure 4: Correlation between narrative dynamics with survey indices
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Figure 5: Distribution of dynamics of price and demand

(a) Distribution of price dynamics over time
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(b) Distribution of demand dynamics over time
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3.3 Logics

In this section, we focus on the subset of all identified economic variables in the Beige Book that

are directly related to price dynamics, which we collectively refer to as price factors. Factors

linked to non-price outcome variables are reported whenever relevant. Among all price factors,

non-labor input prices constitute the most frequently observed one, followed in prevalence by

demand conditions, competitive pressures, wages, and inventory outcomes (Figure 6). Non-

labor input prices are most commonly reported as influencing price developments in the energy,

manufacturing, and transportation sectors, as well as at the aggregate (overall economy) level,

and appear less frequently in relation to the retail and services sectors. By contrast, demand-

related factors play a more prominent role in the manufacturing, retail, and service sectors, in

addition to being significant at the aggregate level.
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Figure 6: Drivers of price changes by sectors
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Figure 7 presents a comparative analysis of three major factors– non-labor input prices,

demand, and labor market conditionsand their respective roles in driving changes in prices,

output, profits, and wages. Several patterns emerge from this comparison. First, non-labor

input costs are primarily cited as determinants of price adjustments, whereas demand-related

factors are the predominant drivers of changes in production and other real economic activities.

Second, labor market variables are reported as the main contributors to wage adjustments,

although they are more often framed analytically as a component of price determination. Third,

input price factors and labor market conditions are most frequently associated with upward or

no adjustments (i.e., rigidity), while demand factors are invoked in explanations of both upward

and downward adjustments.

Figure 7: Different narratives by dynamics

price production profit
margin

wage
0.00

0.05

0.10

0.15

0.20

Re
la

tiv
e 

Lo
gi

c 
In

te
ns

ity
 (L

og
ic 

Co
un

t /
 C

au
se

 P
hr

as
e 

Co
un

t) Non-Labor Input Price Narratives

price production profit
margin

wage

Demand Narratives

price production profit
margin

wage

Wage Narratives

Dynamics of 
 consequences

+++
++
+
=
-
--
---

17



Figure 8: Narrative directions
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By decomposing the bilateral relationships between causes and consequences by the direction

of change (Figure 8), we can more precisely characterize the directional nature of the underlying

impacts. For example, changes in non-labor input costs are much more frequently associated

with price adjustments in the same direction, as evidenced by the concentration of positive diag-

onal entries in the non-labor input price → price heatmap. Demand-side factors similarly tend

to induce price movements in the same direction as the underlying demand shock. By contrast,

wage-to-price passthrough appears relatively infrequent and, when present, is predominantly

associated with upward movements in both wages and prices. This pattern is indicative of pro-
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nounced downward nominal rigidity in both wages and prices. When considering production

(or quantity) as the outcome variable, demand emerges as the most common initiating factor.

Increases in input prices, when they have any effect, are typically associated with reductions

in output. Overall, these empirical patterns are broadly consistent with the canonical New

Keynesian framework, in which firms predominantly adjust prices in response to cost shocks

while accommodating demand by adjusting output.

Figure 9: Reasons for price changes

Prevalence of various price factors over time. Figure 9 illustrates the increasing discussion

of inflation drivers over time, with a sharp rise following the 2020 pandemic, when inflation

reached historically high and persistent levels. These discussions primarily focus on the causes

of price hikes, with high input costs emerging as the most significant factor throughout this

period, followed by demand and wages. Another period with extensive discussion on high input

prices as a driver of inflation occurred between 2005 and 2008, when energy prices rose sharply.

The reported drivers of inflation dynamics also exhibit asymmetry. Input prices and wages are

primarily cited as reasons for price increases, while demand is most often mentioned as a factor

in price declines.

Next, we focus on the pandemic period to examine the key drivers of inflation and wage

changes at a monthly frequency. Figure 10 presents the decomposition of inflation and wage

drivers mentioned in the Beige Book from January 2019 to November 2023.
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Figure 10: Monthly reasons for price changes

In March and April 2020, when strict quarantine measures were imposed, discussions largely

centered on declines in inflation and wages, primarily attributed to weak demand and layoffs.

This was followed by a rebound in demand, which emerged as a key driver of price increases

once restrictions were lifted.

Starting in March 2021, input prices replaced demand as the primary driver of price surges.

Around the same time, core CPI began rising above its 2% target. Shortly after the surge in

inflation discussions, wage pressure became a prominent topic, beginning in June 2021, with

labor demand and shortages cited as the primary causes for wage increases.

Mentions of inflation and wage dynamics began to decline after June 2022. By November

2022, discussions on inflation increases and decreases had become more balanced, and several

months later, discussions about wage pressure followed a similar pattern.

This analysis highlights a timing difference in the factors driving inflation. Demand initially

received the most attention immediately after COVID restrictions were lifted. However, core

CPI only began to surge when input prices became a major concern. Discussions about wage

pressure lagged behind the rise in inflation, which is consistent with findings from Lorenzoni

and Werning (2023).

4 Structural Model

This section introduces a parsimonious micro environment in which firms set prices subject

to menu costs and face (i) a demand/markup shifter and (ii) input cost shifters. The goal is

not to solve a fully-fledged general equilibrium; rather, it is to make precise (a) the economic

meaning of the latent factors that appear in the estimation model, and (b) the mapping from
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structural pass-through parameters to the threshold objects estimated from narrative data. The

key ingredient is a non-homothetic demand system that allows aggregate demand conditions to

shift markups even holding marginal costs fixed, unlike standard homothetic CES environments

(Kimball, 1995; Klenow and Willis, 2016; Baqaee et al., 2024). Detailed derivations are in

Appendix B.

4.1 Household’s Problem

Time is discrete. A representative household chooses aggregate consumption Ct, labor Nt, and

variety-level consumption {ci,t}i∈[0,1] to maximize

max
{ci,t},Ct,Nt

E0

∞∑
t=0

βt
(
lnCt − eηt

N1+ν
t

1 + ν

)
(1)

subject to the budget constraint∫ 1

0

Pi,tci,t di = WtNt + edt +Πt, (2)

and an aggregator that is non-homothetic across varieties:

u(Ct) =

∫ 1

0

ωi,tu(ci,t)di (3)

Where u(.) is non-homothetic utility function as in Cavallari and Etro (2020) with u′(.) > 0

and u′′(.) < 0. The taste shifter ωi,t is an idiosyncratic demand shock on variety i. The

non-homothetic structure implies that the elasticity and optimal pricing of a firm can vary

with aggregate demand shifts (see Appendix B.3). Let λt denote the lagrangian multiplier on

household’s budget constraint. The household problem implies an inverse demand schedule

that follows:

Pi,t = λ̃t ωi,t u
′(ci,t), (4)

where λ̃t is an aggregate demand factor that the firms treat as exogenous in partial equilibrium

that follows:

λ̃t ≡
βt

Ctu′(Ct)λt
, (5)

21



λ̃t is a function of aggregate consumption Ct, which is determined by total income. As a result,

both aggregate income shocks dt and idiosyncratic shock ωi,t will shift firm’s demand curve.5

4.2 Individual Firm’s Problem

A continuum of monopolistically competitive firms produces using labor (Li,t) and non-labor

input (Mi,t):

Yi,t = Ai,t L
α
i,tM

1−α
i,t , (6)

and faces input prices Wi,t and Qi,t. Firms observe {Wi,t, Qi,t, λ̃t, ωi,t} and take them as given

from a partial equilibrium perspective, consistent with the narrative interpretation that firms

infer “causes” from observables rather than from the full general equilibrium state.

Let pi,t ≡ logPi,t and let p0i,t ≡ logP 0
i,t denote the (log) flexible optimal price absent adjust-

ment frictions. Under standard regularity conditions, the flexible price can be expressed as a

markup over marginal cost:

p0i,t = µi,t +mci,t, (7)

where µi,t is the (log) desired markup and mci,t is (log) marginal cost implied by (6). The crucial

economic implication of non-homothetic demand is that µi,t varies with aggregate demand

conditions through λ̃t, so that aggregate demand can shift desired prices even holding marginal

costs fixed (Kimball, 1995; Klenow and Willis, 2016; Baqaee et al., 2024). 6

The linearized flexible price can then be written as:7

p0i,t ≡ Φt + p∗i,t = βλ λ̂t + βw wt + βqqt + βωω̂i,t + βw e
w
i,t + βqe

q
i,t (8)

where we assume λ̂t, wt, qt are the (linearized) aggregate factors/shocks for demand, wage and

non-labor input prices faced by the firms and their summation is denoted by Φt. {ω̂i,t, ewi,t, e
q
i,t}

are the corresponding idiosyncratic shocks denoted with p∗i,t. β’s are the corresponding pass-

through parameters that govern how different factors affect flexible price decision. Consistent

with our later estimation procedure, we assume for each linearized shock x ∈ {q, w, λ̂}, it is a
linear combination of an aggregate component that follows AR(1) and an idiosyncratic shock

5How will aggregate and idiosyncratic demand shocks affect pricing decision exactly depends on the form
of u(.). When u(.) is homothetic (including standard CES and Kimball preference), aggregate demand factor
typically cannot change pricing decision. We show this in the Appendix B.3.

6See Appendix B.3 for illustrative examples.
7See Appendix B.4 for detailed derivation.
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(eq, ew, ω̂) that is i.i.d normal with mean zeros:

xi,t = xt + exi,t, xt = ρxxt−1 + ϵxt , x ∈ {w, q, λ̂}

ex ∼ N(0, σ2
x), ϵxt ∼ N(0, σ2

ϵ,x), ω̂i,t ∼ N(0, σ2
ω)

4.3 Menu costs and the (S,s) policy

Each period, firm i may reset its nominal price by paying a fixed menu cost ξ.the individual

firm solves dynamic loss minimization problem:8

min
{pi,t}

E0

∞∑
t=0

[
1

2
(pi,t − p0i,t)

2 + ξ1(pi,t ̸= pi,t−1)

]
(9)

where p0i,t follows from (8). Following the canonical menu-cost literature (Sheshinski and Weiss,

1977; Caplin and Spulber, 1987; Auclert et al., 2024), as aggregate shocks (Φt) are stationarity

and idiosyncratic shocks (p∗i,t) are mean zero and symmetrically distributed, the optimal policy

admits an inaction region: there exist thresholds gL < 0 < gU such that the optimal pricing for

firm i is given by:9

pi,t =

p0i,t = Φt + p∗i,t if pi,t−1 ̸∈ [gL + Φt + p∗i,t, g
U + Φt + p∗i,t]

pi,t−1 if pi,t−1 ∈ [gL + Φt + p∗i,t, g
U + Φt + p∗i,t]

(10)

5 Estimation Model, Reporting frictions, and Data

From the structural model above, we see multiple factors affect firm’s pricing decisions and their

pass-throughs into price adjustments vary. Moreover, many of the key factors are frequently

mentioned as reasons for firms to adjust prices in our text logic data from Beigebook. In

this section, we describe how we can utilize our pricing logic data to estimate a reduced-form

structure implied by the previous structural pricing model and help to decompose different

factors’ contributions to inflation across time. Moreover, we incorporate explicit reporting

frictions to accommodate the fact that text is an imperfect and selective measure of firms’

decisions and attributions.

8Appendix B.4 provides the quadratic approximation that leads to the quadratic loss minimization problem.
9See Appendix B.5 for policy characterization.
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5.1 From structural pass-through to empirical cutoffs

The empirical analysis classifies text into factor-specific narratives of the form “factor m in-

creased/decreased and led to price adjustment.” To rationalize these statements, we use the

factor-alone trigger concept: factor m is a sufficient reason for an upward adjustment if, holding

other forces fixed at baseline, the component of desired inflation due to m alone pushes the firm

outside the inaction region in the direction of an increase. For example, if a reported logic says

“price increase due to demand increase”, it means the following condition is satisfied for the

firm that reported this logic:

βλλ̂t + βωω̂i,t − pi,t−1 > −gL.

Now denote demand factor as d, non-labor input factor as c, and wage factor as w. We

combine the aggregate and idiosyncratic components of each factor as:

si,m,t ≡ zm,t + vi,m,t, (11)

and consider the following mapping:

zd,t ≡ λ̂t, vd,i,t ≡ 1
βλ
(βωω̂i,t − pi,t−1), κd,+ ≡ −gL

βλ
, κd,− ≡ −gU

βλ

zw,t ≡ wt, vw,i,t ≡ 1
βw
(βwe

w
i,t − pi,t−1), κw,+ ≡ −gL

βw
, κw,− ≡ −gU

βw

zc,t ≡ qt, vc,i,t ≡ 1
βq
(βqe

q
i,t − pi,t−1), κc,+ ≡ −gL

βq
, κc,− ≡ −gU

βq

(12)

The optimal pricing decision (10) from the micro-founded menu-cost model boils down to

a state-space representation where firms attribute pricing decisions to factor m depending on

observing a firm-specific“shock”si,m,t. In particular, the firm will report“the change of factor m

leads to increases of price” if si,m,t > κm,+ and“the change of factor m leads to decreases of price”

if si,m,t < κm,−, where the exact wording of the cause depends on the sign of βm. Equations in

(12) are the central links from the micro-founded menu-cost model to our estimation procedure.

Holding the inaction band fixed, a larger structural pass-through βm implies smaller empirical

cutoffs κm,± and hence faster pass-through on the extensive margin of adjustments.
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5.1.1 Assumptions on factors

Consistent with the counter-parts in the menu-cost model, we impose the following assumptions

on the shocks/factors in our estimation procedure.

Aggregate component. For m ∈ {d, w, c}, let zm,t follow an AR(1) process, where m stands

for demand (d), non-labor input cost (c) and wage (w). So zm,t corresponds to the aggregate

component xt in the structural model.10

zm,t = ρmzm,t−1 + ηm,t, ηm,t ∼ N (0, 1), (13)

Idiosyncratic component. At the firm level, the latent pricing index is

sLi,m,t = zm,t + vi,m,t, vi,m,t ∼ N (0, σ2
m,v), (14)

where we assumed the idiosyncratic component of the factor, vi,m,t, is normally distributed.

This is consistent with the micro-founded model where we will assume all idiosyncratic shocks

are normal i.i.d and as a result, the stationary price distribution at any point of time will be

Gaussian as well.

5.1.2 Narrative reporting frictions

We model phrase reporting and logic reporting separately. The key idea is that the logic and

price blocks remain tied to the micro-consistent index sLi,m,t, while directional phrase mentions

are allowed to be noisier measures of the same underlying force.

Noisy phrase index. A firm is recorded as reporting a directional phrase Ri,m,t ∈ {+,−, 0}
according to a noisy phrase index

sRi,m,t = zm,t + vi,m,t + ξi,m,t, ξi,m,t ∼ N (0, σ2
m,ξ), (15)

10We normalize Var(ηm,t) = 1 because scales will be absorbed by (σm,v, σm,ξ, κm,±, ψ
±
m) below and are not

separately identifiable. The level of the latent factor zm,t also does not matter for the decomposition exercise
we consider.
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with vi,m,t ⊥ ξi,m,t. Phrase reports are generated by a factor-specific salience threshold dm > 0:

Ri,m,t =


+ if sRi,m,t > dm,

− if sRi,m,t < −dm,

0 otherwise.

(16)

The parameter dm captures how strong a factor must be to be mentioned in text, while σm,ξ

allows phrases to be noisier than the underlying pricing logic.

Logic within phrase branches. Logic is observed only within the two directional phrase branches

Ri,m,t = + and Ri,m,t = −. Within each branch, the logic outcome is binary:

• A: active with desired direction;

• No: not-A.

Structural cutoffs satisfy κm,+ > dm and κm,− > dm. In the positive branch, a true active logic

occurs if sLi,m,t ≥ κm,+; in the negative branch, a true active logic occurs if sLi,m,t ≤ −κm,−.
Because phrase selection is determined by sRi,m,t = zm,t + vi,m,t + ξi,m,t while logic status is

determined by sLi,m,t = zm,t + vi,m,t, the correct conditional logic probabilities are bivariate-

normal selection probabilities. Appendix C.2 gives the closed-form expressions.

Let N+,m,t, N0,m,t, N−,m,t denote the observed phrase counts, and let MA,+,m,t and MA,−,m,t

denote the observed A-counts within the positive and negative phrase branches. Then the

phrase block is multinomial, while the logic block is binomial conditional on branch exposure.

5.2 Inflation measurement and narrative-based decomposition

This subsection links the latent factors filtered from narrative data to observed aggregate in-

flation. A key motivation for introducing inflation as an additional measurement is that the

narrative layer is informative about the extensive margin of pricing, but it does not by itself pin

down the inflation units implied by these logics. We therefore use the micro-founded pricing

rule in Section 4 to motivate an aggregate inflation equation that depends on the same latent

threshold-crossing objects identified from the narrative data.

Inflation as a state-space measurement. Conditional on the latent factor states zt ≡ {zm,t}m∈{d,w,c},

the cross-sectional signal structure in (14) implies a well-defined notion of factor-m “active

adjustment intensity”: the mass of firms whose latent index crosses the active-logic cutoff,
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weighted by the magnitude of the latent index when it crosses. We summarize these objects by

the truncated-moment functions

M+
m,t(zm,t) ≡ E

[
sLi,m,t 1{sLi,m,t ≥ κm,+}

∣∣ zm,t] , (17)

M−
m,t(zm,t) ≡ E

[
sLi,m,t 1{sLi,m,t ≤ −κm,−}

∣∣ zm,t] . (18)

Appendix C.5 derives these objects from the micro pricing rule and provides their closed-form

expressions under normality.

The link to inflation is as follows. Under the fixed-band approximation to the menu-cost

model in (10), a firm’s realized price change is the desired price gap multiplied by an adjustment

indicator. Equation (12) shows that, holding other forces at baseline, the factor-m component of

the desired price gap can be written in terms of the same latent index sLi,m,t and the cutoff values

κm,+ and κm,−. As shown formally in Appendix C.5, the exact joint inflation map implied by

the micro model admits an additive anchored approximation in which the factor-specific main

effect is given by the factor-alone counterfactual. This yields a benchmark inflation contribution

proportional to M+
m,t(zm,t) + M−

m,t(zm,t), so that the benchmark loading is symmetric across

upward and downward threshold crossings for a given factor.

Motivated by this micro-to-aggregation link, we write the narrative-implied inflation compo-

nent as

P nar
t = θ0 +

∑
m∈{d,w,c}

ψm
[
M+

m,t(zm,t) +M−
m,t(zm,t)

]
. (19)

The parameter ψm should be interpreted as the reduced-form inflation loading associated with

factor m. In the exact factor-alone benchmark it coincides with the structural pass-through

coefficient up to normalization. In the empirical specification it also absorbs approximation

error from replacing the full joint pricing problem by the additive factor-alone representation.

Residual inflation dynamics. Observed inflation also reflects forces not captured by our three

narrative factors. From our menu-cost model, these include productivity and other residual

markup/cost movements. Practically, they also include any discrepancy between the factor-

alone approximation and the full multi-factor pricing rule. We capture these components with

a latent residual inflation factor ut:

ut = ρuut−1 + ηu,t, ηu,t ∼ N (0, σ2
u), (20)

27



and allow for measurement noise in inflation:

Pt = P nar
t + ut + εPt , (21)

εPt ∼ N (0, RP ). (22)

Decomposition given filtered factors. Let ẑm,t|t denote the filtered estimate of zm,t from the

narrative measurement equations in Section 5.1.2. The model-implied inflation contribution

attributed to factor m is

Pm,t = ψm
[
M+

m,t(ẑm,t|t) +M−
m,t(ẑm,t|t)

]
, (23)

so that the fitted inflation and decomposition satisfy

P̂t = θ0 +
∑

m∈{d,w,c}

Pm,t + ût|t. (24)

The decomposition is economically interpretable by construction:
∑

m Pm,t is the part of infla-

tion disciplined by the narrative-implied threshold-crossing structure of the three factors, while

ut absorbs the inflation component attributable to non-classified forces and residual measure-

ment error.

6 Estimation Results

We estimate the structure described in the previous sections as a nonlinear state-space model

whose unknowns consist of both model parameters and time-varying latent states/factors that

affect price adjustments. The observations entering estimation are the phrase and logic frequen-

cies extracted from Beige Book narratives, aggregate inflation, and macroeconomic variables

that serve as linear Gaussian measurements of the latent factors. Let Xt denote the vector of

aggregate states/factors and Yt the observed measurements. Then

Xt = AXt−1 + εXt (25)

Yt = CXt + εYt , (26)

where

εXt ∼ N (0, Q), εYt ∼ N (0, RY ) (27)
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and (25) follows from (13), so Q is an identity matrix.11

To jointly estimate the parameters and filter the latent states, we employ a generalized EM

algorithm (GEM) to perform maximum likelihood estimation following Dempster et al. (1977)

and Wu (1983).12

We combine information from linear Gaussian signals, phrases, logics, and the aggregate

inflation index to construct the likelihood and infer the latent states. Moreover, as shown

in (15), the phrase index contains additional reporting noise relative to the logic block, so

phrase counts are treated as an over-dispersed composition block. To account for this, we use a

weighted composite likelihood approach in the sense of Varin et al. (2011). Specifically, we first

estimate the model using the state law of motion and the logic block alone; this first step has

a conditional-likelihood interpretation in the sense discussed by Reid (2024). We then fit an

auxiliary Dirichlet-multinomial calibration factor by factor and map the resulting concentration

parameter into an effective sample size for the phrase block, following Thorson et al. (2017).

This yields a factor-specific weight λgate,m ∈ (0, 1] on the phrase likelihood that determines how

strongly phrase counts enter the final objective.

The parameters to be estimated include the factor-specific parameters {ρm, σm,v, σm,ξ, dm, κm,+, κm,−, ψm}
for each factor m ∈ {d, w, c}, as well as the inflation- and Gaussian-signal-specific parameters

{θ0, ρu, σ2
u, RP , C,RY }. Denote the full parameter vector by θ. The final weighted composite

likelihood is

ℓCL(θ) = ℓX(θ) + ℓu(θ) + ℓY (θ) + ℓL(θ) + ℓP (θ) +
∑

m∈{d,w,c}

λgate,m ℓR,m(θ), (28)

where ℓX(θ) is the state-transition contribution, ℓu(θ) is the likelihood contribution of the

residual inflation state, ℓY (θ) is the Gaussian signal block, ℓL(θ) is the logic block, ℓP (θ) is

the inflation measurement block, and ℓR,m(θ) is the phrase likelihood contribution for factor m.

Appendix C provides the derivations of the likelihood blocks and the construction of the weights

used in the composite likelihood. Using the parameter estimates and smoothed states/factors

from the GEM procedure, we then perform a model-based decomposition exercise to assess how

each factor contributes to observed aggregate inflation.

11For identification, we normalize the innovation covariance matrix of the latent factors to the identity, Q = I,
which is standard in the factor-model literature following Bai and Ng (2002). We also restrict the Gaussian
signal loading matrix C to be diagonal. This is a stronger exclusion restriction that assigns each Gaussian
proxy to a single latent factor and thereby fixes the rotation in a way that is consistent with our measurement
interpretation.

12Because our model features a nonlinear state-space representation, we implement the ECM algorithm fol-
lowing Meng and Rubin (1993).
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Data In our baseline results, we focus on three factors that may affect inflation in the menu-

cost model in Section 4: demand, wage, and non-labor input cost. The estimation uses:

• frequencies of phrases about the three factors: for each m and t, the counts or fractions

of texts classified as Rm,t ∈ {+,−, 0};

• logic frequencies within directional phrase branches: for each m and t, we label the logic

as A (“activate”) if the logic indicates that this factor affects inflation. Otherwise, it is

labeled as not-A. We then count their frequencies conditional on Rm,t ∈ {+,−};

• aggregate inflation: Pt, where we use monthly headline CPI;

• linear Gaussian measurements of factors: we use the monthly change in PCE as the

measurement of demand, PPI as the measurement of non-labor input cost, and wage

inflation as the measurement of wage/labor cost.

Estimated Parameters Table 2 reports the estimated parameters. We group them according

to whether they are relevant for logic and phrase reports, the inflation equation (21), or the

linear Gaussian measurements (26).

Table 2: Estimated Parameters

Logic/State block Price block Signal block

factor ρm σv,m σξ,m dm κ+m κ−m ψm θ0 Rp cm

demand 0.6069 3.4970 5.0695 0.9808 8.8480 7.7287 0.4200 0.1468 0.2869 0.1433

(0.063) (0.249) (0.375) (0.053) (0.571) (0.520) (0.171) (0.071) (0.025) (0.035)

non-labor input cost 0.8315 2.4874 0.0238 0.5501 5.5716 5.6167 0.7024 0.1468 0.2869 0.2189

(0.032) (0.164) (0.241) (0.039) (0.362) (0.373) (0.073) (0.071) (0.025) (0.023)

wage 0.9517 9.1218 18.1277 6.7867 25.1656 N/A 0.8114 0.1468 0.2869 0.3279

(0.018) (1.267) (1.606) (0.410) (3.460) N/A (0.514) (0.071) (0.025) (0.004)

Bootstrapped standard errors are reported in brackets.

Several patterns emerge from the estimates. First, the thresholds κ differ sharply across

factors. Recall that in the estimation model, holding the aggregate factor zm,t at mean zero,

[− κ−m
σv,m

, κ+m
σv,m

] captures the effective “inaction region” of price sensitivity to factor m. The esti-

mates of κm and σv,m suggest that price adjustment is relatively more sensitive to non-labor

input costs than to demand and wages when these factors exert upward pressure on prices.

This captures the extensive margin of each factor’s pass-through into inflation. Note that we

cannot estimate κ−m for wages because in our dataset there are no logic reports indicating that

falling wages lead to price declines.

Second, the estimates of ψm capture the intensive margin of pass-through, as they measure the

average factor-alone impact on inflation conditional on that factor triggering price movements.
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The estimates suggest that the intensive margin of pass-through is strongest for wages, similar

in magnitude for non-labor input costs, and weakest for demand.13

Third, the estimates σξ,m capture how “noisy” the phrase reports are relative to the logic

reports. This reveals two important aspects of the text data. First, phrase counts can overstate

the intensity of the underlying factor of interest, and this overstatement varies across factors.

In our setting, the object of interest is the aggregate and idiosyncratic factors that matter

for firms’ price adjustments. The parameter σξ,m captures the discrepancy between phrases

and logic data in measuring those factors. A large positive estimate of σξ,m implies noisier

phrase reports and therefore lowers the informativeness of phrase counts for inferring the latent

states/factors. Second, σξ,m also captures how the raw frequency of logic reports produced

by our text measurement procedure may understate the contribution of some factors, which

represents a specific type of “reporting friction.” In our estimation model, we observe price-

related logic reports only conditional on observing directional phrases. A larger σξ,m makes

directional phrase mentions more likely, but many of these mentions do not translate into price

logics because they are triggered by ξi,m,t rather than vi,m,t. This mechanically inflates the

denominator when measuring conditional logic frequencies. Accordingly, the large estimates of

σξ,m for demand and wage factors capture these reporting frictions and properly down-weight

the phrase counts, making the price decomposition robust to such frictions in text measurement.

Moreover, the sharp contrast in estimated σξ,m between non-labor input costs and the other

two factors suggests that text measurements of logic and phrases about input costs are much

more consistent and informative about the underlying factor that matters for price adjustment.

Finally, the parameters ρm capture the estimated persistence of each factor, while cm captures

the informativeness of the corresponding Gaussian signal.

Uncovered States/Factors Another object recovered from the estimation is the set of smoothed

states/factors inferred from the joint likelihood of the observed data. These states represent

the aggregate factors in the menu-cost model that serve as the time-specific center of the id-

iosyncratic factor each firm receives. Intuitively, the higher a given state is at a point in time,

the larger the mass of firms that will adjust prices accordingly, and the more logic reports will

be observed. The interaction between the aggregate state and the inaction thresholds κ governs

the extensive margin of factor-alone pass-through into inflation. Figure 11 depicts the smoothed

states of the three factors from the estimated model. We see clearly that non-labor input costs

exhibit persistently positive deviations during 2005–2008 and the pandemic episode, whereas

the demand factor is centered around zero, drops sharply during the COVID-19 lockdowns, and

13Note that from (19) the menu-cost model imposes symmetric loadings ψm on positive and negative factor-
alone pass-through. Empirically, we can allow for asymmetric loadings, but the asymmetric component is usually
only weakly identified. For this reason, we use symmetric loadings in the baseline results.
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turns positive again after the reopening. These patterns are consistent with the phrase and

logic reports in the text data presented in Sections 3.2 and 3.3.

Figure 11: Uncovered smoothed states/factors

Inflation Decomposition We now turn to the main exercise of inflation decomposition under

the estimated model. Using equation (24), we attribute observed month-to-month headline

inflation to the model’s three factors. Figure 12 reports the results. Panel (a) covers the full

sample from 1990 to 2024, while panel (b) focuses on the COVID-19 episode after 2019. The

red, yellow, and blue bars denote the contributions of non-labor input costs, wages, and demand

to observed inflation, while the purple bars denote the residual component ut in (24). During

the pandemic, demand explains most of the decline in inflation in the three lockdown months.

Once the lockdowns ended, demand contributed to the inflation increases from July 2020 to

April 2022; however, its contribution was not comparable to that of non-labor input costs and

wages. At the onset of the inflation surge, up to November 2021 when inflation peaked, non-

labor input costs were the dominant contributor to inflation increases, averaging more than

1% month-to-month inflation. After the summer of 2022, their contribution declined rapidly

as inflation began to fall, while the slower-moving wage component became the dominant force

keeping inflation elevated for a period. Meanwhile, demand’s contribution turned negative after

the end of 2022.
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Figure 12: Decomposition of Inflation

(a) Full Sample

(b) Post 2019 Sample

To quantify the relative importance of these three factors more precisely, Table 3 reports

the covariance shares of the factors and the residual on the full sample and the post-2019

subsample. Over the full sample, non-labor input costs account for 25.85% of the variation

in observed inflation, almost five times the contribution of demand and roughly twice that of

wages. After 2019, the three factors together explain more than 80% of the variation in observed

inflation, with non-labor input costs accounting for more than 40% of total inflation. These

findings are consistent with both the estimated parameters and the smoothed states discussed

above: the narrative data suggest that price adjustment is most sensitive to non-labor input

costs, and that this factor was the most important contributor to post-pandemic inflation.

Wages also play a significant role, especially after the pandemic, whereas demand has only a
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limited direct effect on inflation.14

Table 3: Covariance shares explained by each factor

sample demand non-labor input cost wage residual

full sample 0.0522 0.2585 0.1217 0.5676

post-2019 0.1386 0.4196 0.2583 0.1836

Finally, our inflation decomposition explicitly takes into account the reporting friction that

can understate the fraction of firms adjusting prices in response to demand factors because

of the over-dispersed phrase-report distribution. It also incorporates both the extensive and

intensive margins of price adjustment in the estimation model. To illustrate these points more

clearly, we use the estimated model to predict the frequency with which each factor triggers

price adjustments, purging the reporting friction captured by σξ,m and highlighting the role

of the extensive margin in the inflation decomposition. Figure 13 shows the model-predicted

frequency with which factor m leads to price adjustment. Both demand and wage are triggered

relatively infrequently because they have larger thresholds κm and aggregate states that are,

on average, closer to zero, as shown in Figure 11. Moreover, over time, the demand factor

is often triggered in a fairly symmetric way: many firms increase prices while many others

decrease prices at the same time, which further dampens the aggregate contribution of demand

to inflation. Finally, the model-predicted logic frequencies in panel (b) line up closely with the

narrative evidence reported in Figure 10.

7 Conclusion

In this paper, we develop a framework for quantifying micro-level narratives that admit a factor-

model representation and employ these narratives to estimate a structural model of firm-level

price setting. Using a model that explicitly aggregates individual firms’ pricing decisions in

the presence of menu-cost frictions, we isolate the underlying macroeconomic determinants of

inflation. This approach offers a complementary perspective on decomposing macroeconomic

dynamics, alongside conventional time-series methods based on structural identification restric-

tions.

14One caveat of our results is that we impose symmetric loadings on positive and negative price adjustments
for each factor. This contributes to the fact that when inflation falls sharply, our factors do not explain those
declines as well. We do have a set of results allowing for asymmetric loadings. However, the asymmetric
estimates are only weakly identified, so we use the symmetric specification as the baseline. Our qualitative
inflation decomposition results remain unchanged when asymmetric loadings are allowed.
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Figure 13: Frequency of price adjustment triggered by each factor

(a) Full Sample

(b) Post 2019 Sample

We conceptualize micro narratives–firms qualitative descriptions of changes in their own

operating conditions and price outcomesas distinct from macro narratives, which pertain di-

rectly to the evolution of aggregate macroeconomic variables and the propagation of exogenous

shocks.(Andre et al., 2022) Micro narratives are more immediately pertinent to firms decision-

making processes. While factor representations of micro price narratives can, in principle, be

directly elicited through survey instruments, we instead employ a large language model (LLM)

to systematically extract and structure such information from a long-run historical corpus of

economic texts, namely the Federal Reserves Beige Book. Our application thereby demonstrates

the substantial informational content and analytical value of narrative data for the estimation

of structural macroeconomic models.
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A Additional Empirical Results

A.1 Phrases labeled as different concepts

Figure A.1, A.2, and A.3 plot the wordclouds of the phrases in the Beige Book that are labeled

as “price”, “input price”, and “demand”, respectively. They show the versatility of the language

used to describe the same economic variables in different sectors.

Figure A.1: Price phrases

overall retail services

real_estate manufacturing transportation

energy agriculture

Word Clouds of Price for Each Sector

The most common economic variables in Beige Book. Figure A.4 plots the economic variables

ranked by their total frequency in the sample. The most common ten variables are “sales”, “pro-

duction”, “price”, “demand”, “market conditions”, “non-labor input cost”, “wage”, “employment”,

“labor demand”, “inventory outcome”.
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Figure A.2: Input price phrases

overall retail services

real_estate manufacturing transportation

energy agriculture

Word Clouds for Other Input Price for Production by Sector

41



Figure A.3: Demand phrases
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Figure A.4: The common economic variables by sector
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B Micro model derivations

This appendix collects the detailed derivations for the menu-cost model.

B.1 Household Problem

We take the household’s problem as written in (1) subject to (2) and (3). The first order

conditions give:

[ci,t :]
βtωi,t
Ct

u′(ci,t)

u′(Ct)
= λtPi,t [Nt :] βteηtN ν

t = λtWt (29)

where λt is the lagrangian multiplier. Following the definition of aggregate demand factor in

(5), the household’s problem leads to:
Wt = λ̃tCtu

′(Ct)e
ηtN ν

t

Pi,t = λ̃tωi,tu
′(ci,t)∫ 1

0
Pi,tci,tdi = WtNt + edt +Πt

(30)

B.2 Firm problem under flexible prices

The individual firm i observes {Wi,t, Qi,t, λ̃t, ωi,t} and takes them and the demand curve as

given to solve the cost minimization problem:

min
Lit,Mit

Wi,tLit +Qi,tMit (31)

s.t. Yit = AtL
α
itM

1−α
it (32)

This gives optimal ratio of input:

Mit

Lit
=

1− α

α

Wi,t

Qi,t

(33)

Combine with production function:

Li,t =
Yit
At

(
α

1− α

Qi,t

Wt

)1−α

, Mit =
Yit
At

(
1− α

α

Wi,t

Qi,t

)α
(34)

This gives total cost in terms of Yit which leads to marginal cost:

MCit =
1

At

(
Wi,t

α

)α(
Qi,t

1− α

)1−α
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Firm’s optimal pricing: The individual firm i would choose Pi,t, given the demand curve (with

demand ci,t), taking into consideration that it will produce to match demand, i.e. Yi,t = ci,t.

That means the firms are not holding inventories etc.

max
Pi,t

Pi,tYi,t −MCi,tYi,t (35)

s.t. Pi,t = λ̃tωi,tu
′(Yi,t)

Before we solve the optimal pricing problem, note that from the demand curve, the elasticity

of substitution is:

εi,t ≡ −d lnYi,t
d lnPi,t

From the demand curve we have:

1

εi,t
= −d lnPi,t

d lnYi,t
(36)

= −dPi,t
dYi,t

Yi,t
Pi,t

(37)

= −λ̃tωi,tu′′(Yi,t)
Yi,t
Pi,t

(38)

= −u
′′(Yi,t)Yi,t
u′(Yi,t)

(39)

Which apparently collapse to εi,t = ε (constant) under CES. It is also important to point out

that this ES is different from those using standard Kimball preference, where εi,t is not constant

but a function of relative demand (e.g.
ci,t
Ct
) instead of level of individual demand here. Now

take the F.O.C. of optimal pricing problem and firm’s optimal flexible pricing is given by:

Pi,t =MCi,t −
Yi,t
dYi,t
dPi,t

=MCi,t −
Yi,t
Pi,t

dpi,t
dYi,t

Pi,t

=MCi,t +
1

εi,t(Yi,t)
Pi,t

This then leads to optimal flexible price:

P 0
i,t =

ε(Yi,t)

ε(Yi,t)− 1
MCi,t =

(
ε(Yi,t)

ε(Yi,t)− 1

)
︸ ︷︷ ︸

≡µ(Yi,t)

1

At

(
Wi,t

α

)α(
Qi,t

1− α

)1−α

(40)
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where µ(Yi,t) is the markup that changes according to individual firm’s demand. In CES case,

µ = ϵ
ϵ−1

is constant because elasticity of substitution is constant. Linearizing (40) we get (7).

Firm’s decision rules: From firms perspective, the decision rules are choices of {Pit, Yit, Lit,Mit}
as functions of observed exogenous terms: {Pt,Wi,t, λ̃t, ωi,t}:

• The pricing and production decisions are:

Pi,t =
ε(Yi,t)

ε(Yi,t)− 1
MCi,t =

(
ε(Yi,t)

ε(Yi,t)− 1

)
︸ ︷︷ ︸

≡µ(Yi,t)

1

At

(
Wi,t

α

)α(
Qi,t

1− α

)1−α

(Pricing decision)

Pi,t = λ̃tωi,tu
′(Yi,t) (Production/Demand)

That is, the monopolistic firms solve a “dual problem” of jointly choosing Pi,t and Yi,t,

taking into consideration their demand gives them market power.

• How does flexible price depend on demand Yi,t (or ci,t)? It is pretty clear from (Pricing decision)

that we need µ′(Yi,t) > 0 or equivalently ε′(Yi,t) < 0 for optimal P 0
i,t to be increasing in

Yi,t. In CES, demand or any aggregate demand side factors will not put pressures on de-

sired flexible prices because markup is constant. In Kimball, the two conditions are a bit

different from here (all written in relative demands due to homotheticity) but will yield

similar results – aggregate demand has no pricing pressure. In all these cases, demand

curve will shift in response to demand factors anyway. We can show this more clearly in

an analytical example later.

• How demand factors dt and ωi,t affect flexible price? Let’s consider a simpler problem

w.l.o.g. As the problem above is actually static and the F.O.C for labor will only determine

labor supply after solving λ̃t and ci,t, let’s consider for any given Nt we can write the system

of equations in (30) as:

ci,t = v

(
Pi,t

λ̃tωi,t

)

Ht =

∫ 1

0

Pi,tci,tdi

where v(·) = u′−1(·) is the demand function and Ht ≡ WtNt + edt + Πt so an aggregate

demand shock can come in form of aggregate income shock dt > 0 that will increase

Ht. Note that v′(x) = 1/u′′(v(x)) < 0. Now plug the demand function into the budget
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constraint, we have implicit function that defines λ̃t(Ht, {ωi,t}1i=0):
15

∫ 1

0

Pi,tv

(
Pi,t

λ̃tωi,t

)
di = Ht

We show:

1. ∂λ̃t
∂Ht

> 0: Take derivative of the implicit function of λ̃t above:

∂λ̃t
∂Ht

∫ 1

0

Pi,tv
′

(
Pi,t

λ̃tωi,t

)(
− Pi,t

λ̃2tωi,t

)
di = 1

This leads immediately to:

∂λ̃t
∂Ht

> 0 and
∂ci,t
∂Ht

= v′

(
Pi,t

λ̃tωi,t

)(
− Pi,t

λ̃2tωi,t

)
∂λ̃t
∂Ht

> 0

because v′(.) < 0.

2.
∂ci,t
∂ωi,t

> 0: When thinking about the effect of change for single ωi,t in a continum

of goods i ∈ [0, 1], recongnize that each variety is measure zero, changing the wait

on one measure zero variety has no impact on total expenditure – ∂λ̃t
∂ωi,t

= 0 for any

i.1617 This means that:
∂ci,t
∂ωi,t

= −v′(.) Pi,t
λ̃tω2

i,t

> 0

B.3 Non-homothetic Preference

A non-homothetic demand system implies that changes in aggregate demand conditions can

change the elasticity of demand faced by firms and therefore desired markups.18 This breaks

15It is also a function of Pi,t but as we are examining shift of demand curves, it is partial movements fixing
Pi,t so we drop it to save notations.

16It might be useful to think of finite variety version with:

max
ck

lnCt

s.t.
1

N

∑
k

pkck = H

u(Ct) =
1

N

N∑
k=1

wku(ck)

Then take the limit N → ∞
17Note that in this continuum setup, we implicitly eliminated the possibility that idiosyncratic demand shock

for one variety serves like negative demand shock for the other. Because ∂λ̃t

∂ωj,t
= 0.

18See Bertoletti and Etro (2017); Cavallari and Etro (2020); Matsuyama (2023), etc.
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the CES benchmark in which markups are constant and aggregate demand shifts do not af-

fect desired prices absent marginal-cost movements. Moreover, with Kimball-style homothetic

preference, aggregate demand factor shifts demand curve but only propotionally. As a result,

optimal pricing will not respond to aggregate demand factors as well. In this Appendix we show

how changes to aggregate income dt, idiosyncratic taste ωi,t and cost shock (through MCi,t)

change the desired flexible price of individual firm, under (1) our non-homothetic preference;

(2) CES; (3) Kimball.

Non-homothetic and CES Our non-homothetic framework nests CES as a special case, so it’s

easy to put them together. Follow Cavallari and Etro (2020), we consider:

u(c) = γc+
ε

ε− 1
c

ε−1
ε (41)

when γ = 0 this collapse to CES. When γ ̸= 0, this is a non-homothetic preference. The firm’s

optimal pricing and production {Pi,t, Yi,t} are given by (Pricing decision) and (Production/Demand):

Pi,t =
ε(Yi,t)

ε(Yi,t)− 1
MCi,t = µ(Yi,t)

1

At

(
Wt

α

)α(
Qt

1− α

)1−α

Pi,t = λ̃tωi,tu
′(Yi,t)

with markup:

µ(Yi,t) =

(
ε(Yi,t)

ε(Yi,t)− 1

)
, ε(Yi,t) = − u′(Yi,t)

u′′(Yi,t)Yi,t

Note that for aggregate income shock, we showed that λ̃t increases in Ht, so that a positive

aggregate income shock is like λ̃t increases. From the demand curve, it shifts outward, then

for price to respond, we need the pricing curve to be upward sloping. That is µ′(Yi,t > 0)

and ε′(Yi,t) < 0. Given the analytical form, this translates into γ < 0. The following figure

is when ε = 2, γ = −0.2, ωi,t = 0.5 and we consider exogenous increases of (1) λ̃t (aggregate

demand/income); (2) MCi,t (marginal cost); (3) ωi,t (idiosyncratic demand).
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Figure A.5: Non-homothetic preference

Then we do the same excercise with CES where γ = 0:

Figure A.6: CES preference

It is clear that given the shift on demand curve of both aggregate and idiosyncratic demand

factors are (almost) identical across these two preferences, whether flexible price responds de-

pends on how markup responds to demand. In CES, markup is constant so shifts of demand

only affect production but not desired prices.
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Kimball Preference We now turn to the case for Kimball preference, consider the simple static

problem (but yield essentially the same intra-period solutions):

max
Ct,ci,t

lnCt (42)

s.t.

∫ 1

0

Pi,tci,tdi = Ht (43)∫ 1

0

ωi,tΓ

(
ci,t
Ct

)
︸ ︷︷ ︸
≡si,t

di = 1 (44)

where (44) is the general Kimball aggregator. Attach λt to B.C. and ϕt to the Kimball aggre-

gator, we get the demand curve from F.O.C of ci,t:

Pi,t =
ϕt
Ctλt

ωi,tΓ
′(si,t) (45)

We can again define λ̃t =
ϕt
Ctλt

so we get similar form of demand function like before:

Pi,t = λ̃tωi,tΓ
′(si,t)

The major difference is that Pi,t is a function of relative demand si,t instead of level of demand

ci,t like in the general setup before. Now again we need to consider how Ht shifts the above

demand curve. To do that, we need to know how Ht affects λ̃t. Note that the HH maximization

problem gives solution for {si,t, Ct, λ̃t} (the seperation of λt and ϕt is irrelevant for our purpose).

These endogenous variables are given by the system of equations:
Pi,t = λ̃tωi,tΓ

′(si,t)∫ 1

0
Γ(si,t)di = 1∫ 1

0
Pi,tsi,tdi = Ht/Ct

(46)

The first equation defines (relative) demand function of si,t:

si,t(λ̃t, ωi,t) = v

(
Pi,t

λ̃tωi,t

)
(47)
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The second and third equations implicitly define λ̃t and Ct functions of {p, w,Ht}. Now take

derivatives of these two equations w.r.t. Ht:− ∂λ̃t
∂Ht

(∫ 1

0
Γ′(si,t)v

′
(

Pi,t

λ̃tωi,t

)
Pi,t

λ̃2tωi,t
di
)

= 0

− ∂λ̃t
∂Ht

(∫ 1

0
Pi,tv

′
(

Pi,t

λ̃tωi,t

)
Pi,t

λ̃2tωi,t
di
)

= 1/Ct −Ht/C
2
t
∂Ct

∂Ht

(48)

These give you that:
∂λ̃t
∂Ht

= 0,
∂Ct
∂Ht

=
Ct
Ht

Basically: increase of income Ht will not shift the relative demand curve si,t = v(Pi,t/λ̃t), but it

indeed shifts the level demand curve: ci,t = Ctv(Pi,t/λ̃t) by shifting Ct one by one. Intuitively,

because of the homothetic preference like in Kimball, increase of income leads to increase in

aggregate consumption, which scales up demand for all varieties.

Now the individual firm’s problem is the same and gives:

Pi,t =
ε(si,t)

ε(si,t)− 1
MCi,t (49)

But note that

εi,t = − Γ′(si,t)

Γ′′(si,t)si,t

That is, the elasticity of substitution is conveniently defined as εi,t = −
∂ ln

ci,t
Ct

∂ ln
Pi,t
Pt

where Pt ≡ λ̃t,

as a result, it depends on the relative demand si,t. Again, note that if Γ(s) = s
ε−1
ε it collapses

into CES.

Now it is straightforward that the aggregate income shock Ht won’t affect the desired price

as: for any given solution s∗i,t, P
∗
i,t, increase of Ht will only shift Ct one-for-one, which yields

solution that ci,t = Cts
∗
i,t with the same P ∗

i,t – production for all varieties scales up, but desired

price doesn’t change. Consider the analytical example from Dorsey and King (2005):

Γ(s) =
1

(1 + η)γ
[(1 + η)s− η]γ − [1 +

1

(1 + η)γ
]

Where γ > 0 (essentially it’s roughly γ = ε−1
ε

as in CES). Take parameters γ = 1.02, η = −6

(this is from their baseline Kimball, if η = 0 we back to CES).
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Figure A.7: Kimball preference

It is quite clear that (1) aggregate price shifts both pricing and demand curve but propo-

tionally, as a result, only production increase but not desired prices; (2) marginal cost and

idiosyncratic demand will both increase desired prices.

B.4 Quadratic approximation and the (S,s) policy

Following Auclert et al. (2024) and the canonical menu-cost literature Sheshinski and Weiss

(1977); Caplin and Spulber (1987), we approximate the static profit function around the flexible

optimum and show that the state variable is the price gap. Under stationarity and symmetry,

the optimal policy admits a constant, approximately symmetric inaction region.

We will do quadratic approximation of static profit function (net of adjustment costs) so

we will drop t for now. From (Production/Demand) equation we write the implied demand

function:

y = v

(
Pi

λ̃wi

)
(50)

with v(.) ≡ u′−1(.). We can write the per-period profit function for individual firm i, net of

adjustment cost, as:

π(Pi;Si) = Piv

(
Pi

λ̃wi

)
−MCiv

(
Pi

λ̃wi

)
(51)

where Si ≡ {Ai,Wi, Qi, λ̃, wi}, note that these are collections of all our “factor” variables that

affect pricing decision, and we allow idiosyncratic factors of productivity, wage and input price,

which are captured by MCi.
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Quadratic Approximation of profit function Recall the flexible optimal price as P 0
i ,

19 define

the log of it as p0i ≡ lnP 0
i and the log price gap:

gi ≡ pi − p0i (52)

We can write the profit function in terms of gi, and do Taylor expansion at gi = 0:

π(Pi;Si) ≡ π(exp(p0i + gi);Si) = π(exp(p0i );Si) + πP (exp(p
0
i );Si)exp(p

0
i )gi +

1

2
πPP (exp(p

0
i );Si)(P

0
i )

2g2i + o(g2i )

= π(P 0
i ;Si) +

1

2
πPP (P

0
i ;Si)(P

0
i )

2g2i + o(g2i ) (53)

where the second line follows from the fact πP (P
0
i ;Si) = 0. Now define θ(Si) ≡ −πPP (P 0

i ;Si)(P
0
i )

2,

i.e. the second order derivative of profit function evaluated at flexible optimal price, which makes

it a function of state Si.
20 We get the profit loss function:

L(gi;Si) ≡ π(P 0
i ;Si)− π(Pi;Si) ≈

1

2
θ(Si)g

2
i (54)

As a result, the per-period profit maximization is approximately (upto second order) equivalent

to loss minimization that depends on gi, i.e the distance between log of price and the static

flexible price.

Linearized flexible optimal price Take log of the pricing equation (Pricing decision) and define

xi,t ≡ lnXi,t, and m(Y ) = lnµ(Y ), the log flexible price is given by:

p0i,t = m(Yi,t)− ai,t + αwi,t + (1− α)qi,t + cons (55)

where µ(Y ) is the markup that is implied by demand function (50). We then linearize the

demand function and m(Y ):

Yi,t − Ȳ ≈ v′(X̄)X̄(p0i,t − p̄0)− v′(X̄)X̄(ln λ̃t − ln ¯̃λ)− v(X̄)X̄(lnωi,t − ln ω̄) (56)

= ψp(p
0
i,t − p̄0) + ψλ(ln λ̃t − ln ¯̃λ) + ψω(lnωi,t − ln ω̄) (57)

where X ≡ P 0

λ̃ω
for shorthand notations. And ψp < 0 and ψλ, ψω > 0 because v′(.) < 0. Consis-

tent with our later estimation procedure, we assume for each linearized shock x ∈ {a, q, w, λ̂},
it is a linear combination of an aggregate component that follows AR(1) and an idiosyncratic

shock (ea, eq, ew, ω̂) that is i.i.d normal with mean zeros. To save notations, we denoted λ̂ ≡ ln λ̃

19The solution is given by equations (Pricing decision) and (Production/Demand), note the flexible price is a
static problem, so p0 only depends on current factors si.

20Note that profict function is strictly concave to guarantee unique optimal price so πPP < 0, so θ(Si) > 0
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and ω̂ ≡ lnω:

xi,t = xt + exi,t, xt = ρxxt−1 + ϵxt , x ∈ {a, w, q, λ̂}

ex ∼ N(0, σ2
x), ϵxt ∼ N(0, σ2

ϵ,x), ω̂i,t ∼ N(0, σ2
ω)

Now we linearize m(Yi,t):

m(Yi,t) = m(Ȳ ) +mY

[
ψp(p

0
i,t − p̄0) + ψλλ̂t + ψωω̂i,t

]
(58)

where21

mY ≡ Ȳ

µ(Ȳ )
µ′(Ȳ )

Finally we reach the following linearized flexible price rule that can be simplified into (8):

p0i,t =
mY ψλ
Θ

λ̂t +
mY ψω
Θ

ω̂i,t −
1

Θ
ai,t +

α

Θ
wi,t +

1− α

Θ
qi,t (59)

with Θ ≡ 1−mY ψp.

B.5 Optimal pricing with menu-cost

Now given the per-period profit loss function, the menu cost ξ, the individual firm solves

dynamic loss minimization problem:22

min
{pi,t}

E0

∞∑
t=0

[
1

2
(pi,t − p0i,t)

2 + ξ1(pi,t ̸= pi,t−1)

]
(60)

where p0i,t follows from equation derived before:

p0i,t = βλλ̂t + βωω̂i,t − βaai,t + βwwi,t + βqqi,t (61)

We can now seperate the aggregate factors with mean-zero, idiosyncratic factors as in Auclert

et al. (2024) and define p∗i,t as the static optimal price from idiosyncratic factors, Φt as the

21Note we required µ′(Ȳ ) > 0 so that market power increases in demand, so mY > 0.
22Note that to get (60) is complicated. The key difference here with the static loss is that θ(Si,t) is dropped,

also in writing the explicit non-linear profit maximizating problem it involves a stochastic discounting factor Λt:

min
pi,t

E0

∞∑
t=0

Λt

[
1

2
θ(Si,t)(pi,t − p0i,t)

2 + σ2ξ̃1(pi,t ̸= pi,t−1)

]
where σ2 is the variance of all idiosyncratic shocks, we follow Auclert et al. (2024) to normalize the cost by
this constant factor to gurantee it’s limit when σ2 → 0 the profit function is well behaved. Following Auclert
et al. (2024, App. E.1, E.3, E.4), under small idiosyncratic shocks and small aggregate fluctuations, our micro-
founded profit function with menu costs is first-order equivalent to the canonical quadratic problem (60), up to
a constant scaling of prices and the menu cost.
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aggregate factors:

p∗i,t = βωω̂i,t − βae
a
i,t + βwe

w
i,t + βqe

q
i,t (62)

Φt = βλλ̂t − βaat + βwwt + βqqt (63)

So that p0i,t ≡ p∗i,t + Φt. Define the price gap as gi,t = pi,t − p0i,t, we can then rewrite (60) as:23

min
{gi,t}

E0

∞∑
t=0

[
1

2
g2i,t + ξ1(gi,t ̸= gNi,t)

]
(65)

where gNi,t denotes the price gap at time t without adjusting:

gNi,t = pi,t−1 − p0i,t = gi,t−1 −∆Φt −∆p∗i,t (66)

Following the standard literature on the canonical menu-cost model, as Φt is stationary, ∆p
∗
i,t

is mean zero and symmetrically distributed, the problem in (64) gives an s-S band policy that

takes the following form:

gi,t =

g∗t (Φt) if gNi,t ̸∈ [gLt (Φt), g
U
t (Φt)]

gNi,t otherwise
(67)

Note that given the definition of the gap: gi,t = pi,t − p0i,t, when desired price p0i,t goes up, the

gap is negative, the price without adjustment is “too low”, so that the gNi,t is more likely to cross

the gLt (Φt) to be lower. When gNi,t crosses, the reset price is increasing as p0i,t is higher. Now

notice that in general, the sS bands and the optimal reset gap depends on aggregate states

Φt but not idiosyncratic factors p∗i,t as shown in Auclert et al. (2024). However, idiosyncratic

shocks do move the likelihood for individual firm to adjust by shifting gNi,t and the reset price

for individual firm by shifting p0i,t. Moreover, it is well-known in the literature (Sheshinski and

Weiss (1977); Caplin and Spulber (1987); Auclert et al. (2024) etc) that around the steady state

with ∆Φ = 0 and ∆p∗i = 0, the band is constant and symmetric gU = −gL (gL < 0, gU > 0)

and optimal reset gap is zero: g∗ = 0.

For purpose of our analysis, we focus on the small aggregate flucturations around the steady

state, so we follow Auclert et al. (2024) to use fixed bands and g∗ = 0. One can think of this

23Or as in Auclert et al. (2024) set up, define xi,t ≡ pi,t − p∗i,t we write:

min
{xi,t}

E0

∞∑
t=0

[
1

2
(xi,t − Φt)

2 + ξ1(xi,t ̸= xi,t−1 −∆p∗i,t)

]
(64)
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excercise as first order approximation of g∗(Φ), gU(Φ) and gL(Φ) functions around steady state

level of Φ = 0. This then gives our optimal price policy of individual firm:24

pi,t =

p0i,t = Φt + p∗i,t if pi,t−1 ̸∈ [gL + Φt + p∗i,t, g
U + Φt + p∗i,t]

pi,t−1 if pi,t−1 ∈ [gL + Φt + p∗i,t, g
U + Φt + p∗i,t]

(69)

C Estimation model derivations

This appendix collects the probability formulas, likelihood blocks, and weighting formulas used

in the estimation procedure.

C.1 Phrase probabilities

Under (15) and (16), the noisy phrase index satisfies

sRi,m,t | zm,t ∼ N (zm,t, σ
2
m,R), σ2

m,R ≡ σ2
m,v + σ2

m,ξ. (70)

Therefore,

pR,+m,t (zm,t) ≡ P(Ri,m,t = + | zm,t) = Φ

(
zm,t − dm
σm,R

)
, (71)

pR,−m,t (zm,t) ≡ P(Ri,m,t = − | zm,t) = Φ

(
−zm,t − dm

σm,R

)
, (72)

pR,0m,t(zm,t) = 1− pR,+m,t (zm,t)− pR,−m,t (zm,t). (73)

24Alternatively, one can allow g∗(Φ), gL(Φ) and gU (Φ) to depend on Φ up to first order by doing Taylor
expansion around steady state Φ (we can do this as the Ss policy solves a smooth Bellman Equation with
respect to the aggregate state Φ, which is continuously differentiable in Φ):

g∗(Φ) ≈ aΦ, gL(Φ) ≈ gL + LΦ, gU (Φ) ≈ gU + UΦ

The resulted optimal reset price is then:

pi,t =

{
p0i,t + aΦt = (1 + a)Φt + p∗i,t if pi,t−1 ̸∈ [gL + (1 + L)Φt + p∗i,t, g

U + (1 +H)Φt + p∗i,t]

pi,t−1 if pi,t−1 ∈ [gL + (1 + L)Φt + p∗i,t, g
U + (1 +H)Φt + p∗i,t]

(68)

That is, the cutoff value and reset prices still depend linearly on Φt and p
∗
i,t. In general, it is reasonable to think

of price setters “overshoot” in propotion to Φt when Φt is persistent, which explains why g∗(Φ) depends on Φ.
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Conditional on zm,t, the observed phrase counts satisfy

(N+,m,t, N0,m,t, N−,m,t) | zm,t ∼ Multinomial
(
Nm,t; p

R,+
m,t (zm,t), p

R,0
m,t(zm,t), p

R,−
m,t (zm,t)

)
, (74)

where Nm,t = N+,m,t +N0,m,t +N−,m,t.

C.2 Logic probabilities within phrase branches

Because phrase selection is determined by sRi,m,t = zm,t + vi,m,t + ξi,m,t while logic status is

determined by sLi,m,t = zm,t + vi,m,t, the conditional logic probabilities are bivariate-normal

selection probabilities.

Define

ρm ≡ σm,v
σm,R

, σ2
m,R = σ2

m,v + σ2
m,ξ. (75)

Positive phrase branch. Let

a+m,t ≡
κm,+ − zm,t

σm,v
, b+m,t ≡

dm − zm,t
σm,R

. (76)

Then the conditional active-logic probability in the positive branch is

qA|R+,m(zm,t) ≡ P(A | R = +, zm,t) =
1− Φ2(a

+
m,t, b

+
m,t; ρm)

1− Φ(b+m,t)
, (77)

where Φ2(·, ·; ρ) denotes the standard bivariate normal cdf with correlation ρ.

Negative phrase branch. Let

a−m,t ≡
−κm,− − zm,t

σm,v
, b−m,t ≡

−dm − zm,t
σm,R

. (78)

Then the conditional active-logic probability in the negative branch is

qA|R−,m(zm,t) ≡ P(A | R = −, zm,t) =
Φ2(a

−
m,t, b

−
m,t; ρm)

Φ(b−m,t)
. (79)
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Hence the observed logic counts satisfy

MA,+,m,t | N+,m,t, zm,t ∼ Binomial
(
N+,m,t, qA|R+,m(zm,t)

)
, (80)

MA,−,m,t | N−,m,t, zm,t ∼ Binomial
(
N−,m,t, qA|R−,m(zm,t)

)
. (81)

C.3 Likelihood blocks

Let θ collect all model parameters. Let Xt = [zd,t, zw,t, zc,t]
′ denote the narrative-factor state

vector. In the inflation block, the residual component ut follows (20). The full state vector in

the final stage is therefore (X ′
t, ut)

′.

State transition block. The latent factor process contributes

ℓX(θ) =
∑

m∈{d,w,c}

T∑
t=1

log f(zm,t | zm,t−1; ρm) , (82)

with zm,t = ρmzm,t−1 + ηm,t and ηm,t ∼ N (0, 1). When the inflation residual is included, its

state block is

ℓu(θ) =
T∑
t=1

log f
(
ut | ut−1; ρu, σ

2
u

)
, (83)

with ut = ρuut−1 + ηu,t and ηu,t ∼ N (0, σ2
u).

Optional Gaussian signal block. If Yt is included,

ℓY (θ) = −1

2

T∑
t=1

[
log |RY |+ (Yt − CXt)

′R−1
Y (Yt − CXt)

]
+ const. (84)

Phrase gate block. Using (74), the phrase log likelihood is

ℓR(θ) =
∑

m∈{d,w,c}

T∑
t=1

[
N+,m,t log p

R,+
m,t (zm,t) +N0,m,t log p

R,0
m,t(zm,t) +N−,m,t log p

R,−
m,t (zm,t)

]
+ const,

(85)
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and we denote the factor-specific contribution by

ℓR,m(θ) =
T∑
t=1

[
N+,m,t log p

R,+
m,t (zm,t) +N0,m,t log p

R,0
m,t(zm,t) +N−,m,t log p

R,−
m,t (zm,t)

]
. (86)

Logic block. Using (80)–(81), the conditional logic log likelihood is

ℓL(θ) =
∑

m∈{d,w,c}

T∑
t=1

{
MA,+,m,t log qA|R+,m(zm,t) +

(
N+,m,t −MA,+,m,t

)
log
(
1− qA|R+,m(zm,t)

)}

+
∑

m∈{d,w,c}

T∑
t=1

{
MA,−,m,t log qA|R−,m(zm,t) +

(
N−,m,t −MA,−,m,t

)
log
(
1− qA|R−,m(zm,t)

)}
.

(87)

Inflation block. Conditional on (zt, ut),

Pt = θ0 +
∑

m∈{d,w,c}

ψm
[
M+

m,t(zm,t) +M−
m,t(zm,t)

]
+ ut + εPt , εPt ∼ N (0, RP ). (88)

Therefore,

ℓP (θ) = −1

2

T∑
t=1

logRP +

(
Pt − θ0 −

∑
m∈{d,w,c} ψm

[
M+

m,t(zm,t) +M−
m,t(zm,t)

]
− ut

)2
RP

+ const.

(89)

C.4 Three-stage estimation objective

Stage 1: conditional likelihood using the logic block. The first-stage objective uses only the

latent factor state law of motion and the logic block:

ℓcond(θ) ≡ ℓX(θ) + ℓL(θ). (90)

Equivalently, the first stage conditions on the observed branch exposures N+,m,t and N−,m,t

and fits the conditional likelihood of MA,+,m,t and MA,−,m,t given those exposures. The phrase

multinomial block, inflation block, Gaussian signal block, and the residual inflation state ut are

excluded at this stage.
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Stage 2: Dirichlet-multinomial effective sample size calibration. For each factor m, let

nm,t ≡ (N+,m,t, N0,m,t, N−,m,t), p̂Rm,t ≡
(
p̂R,+m,t , p̂

R,0
m,t, p̂

R,−
m,t

)
, (91)

where p̂Rm,t is computed from the first-stage fitted states and parameters. We then fit the

auxiliary Dirichlet-multinomial calibration

nm,t | p̂Rm,t ∼ Dirichlet-Multinomial(Nm,t;αm,t) , αm,t = βmp̂
R
m,t, (92)

with factor-specific concentration parameter βm > 0.

The implied effective sample size at (m, t) is

N eff
m,t =

Nm,t(1 + βm)

Nm,t + βm
, (93)

and the corresponding gate weight is

λgate,m =

∑T
t=1N

eff
m,t∑T

t=1Nm,t

. (94)

This weight interprets the phrase block as contributing only its effective information content,

rather than its raw multinomial sample size, to the final estimation criterion.

Stage 3: weighted composite likelihood. The final-stage objective is

ℓCL(θ) = ℓX(θ) + ℓu(θ) + ℓY (θ) + ℓL(θ) + ℓP (θ) +
∑

m∈{d,w,c}

λgate,m ℓR,m(θ). (95)

Equivalently, one may write

ℓCL(θ) = ℓcore(θ) + ℓwgate(θ), (96)

where

ℓcore(θ) = ℓX(θ) + ℓu(θ) + ℓY (θ) + ℓL(θ) + ℓP (θ), (97)

ℓwgate(θ) =
∑

m∈{d,w,c}

λgate,m ℓR,m(θ). (98)

The final estimator is

θ̂CL = argmax
θ
ℓCL(θ). (99)

60



Because the final criterion is a weighted composite likelihood rather than a literal full likeli-

hood, standard Hessian-based uncertainty formulas need not be exact. In principle, inference

should be based on the Godambe information; in practice, a bootstrap is often the most trans-

parent route when the filtering and smoothing problem is computationally feasible.

C.5 From the micro pricing rule to the inflation measurement equation

This appendix derives the inflation measurement equation from the micro pricing rule and

makes explicit where the approximation enters.

Under the fixed-band pricing rule in (10), firm i’s realized price change is

∆pi,t ≡ pi,t − pi,t−1 =
(
p0i,t − pi,t−1

)
1
{
pi,t−1 /∈ [gL + p0i,t, g

U + p0i,t]
}
. (100)

Define the exact desired-price gap

δi,t ≡ p0i,t − pi,t−1. (101)

Then the micro pricing rule can be written as

∆pi,t = h(δi,t), (102)

where

h(δ) ≡ δ 1{δ > −gL}+ δ 1{δ < −gU}. (103)

Using the linearized flexible-price rule in the micro model, the exact desired-price gap is

δi,t = βλs
L
i,d,t + βws

L
i,w,t + βqs

L
i,c,t + ri,t, (104)

where ri,t collects residual forces outside the three-factor decomposition, and the factor-specific

latent indices are exactly those implied by the mapping in (12). Therefore the exact aggregate

inflation map implied by the micro pricing rule is

P ∗
t = G(zd,t, zw,t, zc,t) ≡ Ei

[
h
(
βλs

L
i,d,t + βws

L
i,w,t + βqs

L
i,c,t + ri,t

)∣∣ zd,t, zw,t, zc,t] . (105)

Equation (105) is exact, but it is not additive because the reset rule is applied to the joint

desired-price gap. To obtain a tractable decomposition, we use the anchored decomposition

of G around the baseline (0, 0, 0), also known as cut-HDMR (Kuo, Sloan, Wasilkowski, and
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Woźniakowski, 2010; Li, Wang, Rosenthal, and Rabitz, 2001). This gives

G(zd,t, zw,t, zc,t) = θ0 +
∑

m∈{d,w,c}

Fm(zm,t) + Rint(zd,t, zw,t, zc,t), (106)

where

θ0 ≡ G(0, 0, 0), Fm(zm,t) ≡ G(0, . . . , zm,t, . . . , 0)−G(0, 0, 0), (107)

and Rint collects the interaction terms omitted by the additive representation. The approxima-

tion used in the estimation model is therefore

G(zd,t, zw,t, zc,t) ≈ θ0 +
∑

m∈{d,w,c}

Fm(zm,t), (108)

with the interaction remainder Rint absorbed by the residual inflation component ut.

It remains to characterize each one-factor main effect. Fix a factor m. By definition,

Fm(zm,t) = G(0, . . . , zm,t, . . . , 0)−G(0, 0, 0). (109)

Under this factor-alone counterfactual, all other classified factors are held at baseline, so the

desired-price gap reduces to

δFAi,m,t = βms
L
i,m,t, (110)

where, following (12), (βm, κm,+, κm,−) corresponds to (βλ, κd,+, κd,−) for demand, (βw, κw,+, κw,−)

for wage, and (βq, κc,+, κc,−) for non-labor input cost. Applying the same reset map h(·) to this

factor-alone gap gives

∆pFAi,m,t = h(βms
L
i,m,t). (111)

Using the cutoff mapping in (12), this becomes

∆pFAi,m,t = βms
L
i,m,t1{sLi,m,t ≥ κm,+}+ βms

L
i,m,t1{sLi,m,t ≤ −κm,−}. (112)

Aggregating across firms gives the factor-alone contribution

P FA
m,t ≡ Ei

[
∆pFAi,m,t | zm,t

]
= βmEi

[
sLi,m,t1{sLi,m,t ≥ κm,+} | zm,t

]
+ βmEi

[
sLi,m,t1{sLi,m,t ≤ −κm,−} | zm,t

]
.

(113)
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Conditional on zm,t, the firm-level pricing index satisfies

sLi,m,t = zm,t + vi,m,t, vi,m,t ∼ N (0, σ2
m,v), (114)

so that sLi,m,t | zm,t ∼ N (zm,t, σ
2
m,v). Define the upward and downward truncated moments

M+
m,t(zm,t) ≡ E

[
sLi,m,t 1{sLi,m,t ≥ κm,+}

∣∣ zm,t] , (115)

M−
m,t(zm,t) ≡ E

[
sLi,m,t 1{sLi,m,t ≤ −κm,−}

∣∣ zm,t] . (116)

Then

P FA
m,t = βmM

+
m,t(zm,t) + βmM

−
m,t(zm,t). (117)

Equation (117) is the exact factor-alone benchmark implied by the micro pricing rule. It

shows that the same coefficient multiplies the upward and downward truncated moments for

a given factor, which is why the benchmark inflation loading is symmetric. Motivated by this

result, the main-text inflation equation is written as

P nar
t = θ0 +

∑
m∈{d,w,c}

ψm
[
M+

m,t(zm,t) +M−
m,t(zm,t)

]
. (118)

Here ψm coincides with βm up to normalization in the exact factor-alone benchmark, and in

the empirical specification also absorbs the approximation error from replacing the exact joint

map in (105) by the additive approximation in (108).

Closed-form expressions. Let

αm,t ≡
κm,+ − zm,t

σm,v
, βm,t ≡

−κm,− − zm,t
σm,v

. (119)

For the upward truncated moment, using the change of variables s = zm,t + σm,vu with

u ∼ N (0, 1),

M+
m,t(zm,t) =

∫ ∞

κm,+

s
1

σm,v
φ

(
s− zm,t
σm,v

)
ds

=

∫ ∞

αm,t

(zm,t + σm,vu)φ(u) du

= zm,t

∫ ∞

αm,t

φ(u) du+ σm,v

∫ ∞

αm,t

uφ(u) du. (120)
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The first integral equals 1 − Φ(αm,t) = Φ(−αm,t) = Φ
( zm,t−κm,+

σm,v

)
. For the second, note that

d
du
φ(u) = −uφ(u), hence ∫ ∞

αm,t

uφ(u) du = [−φ(u)]∞αm,t
= φ(αm,t). (121)

Substituting into (120) yields

M+
m,t(zm,t) = zm,tΦ

(
zm,t − κm,+

σm,v

)
+ σm,v φ

(
κm,+ − zm,t

σm,v

)
. (122)

For the downward truncated moment,

M−
m,t(zm,t) =

∫ −κm,−

−∞
s

1

σm,v
φ

(
s− zm,t
σm,v

)
ds

=

∫ βm,t

−∞
(zm,t + σm,vu)φ(u) du

= zm,t

∫ βm,t

−∞
φ(u) du+ σm,v

∫ βm,t

−∞
uφ(u) du. (123)

The first integral equals Φ(βm,t) = Φ
(−κm,−−zm,t

σm,v

)
. For the second, using again d

du
φ(u) = −uφ(u),

∫ βm,t

−∞
uφ(u) du = [−φ(u)]βm,t

−∞ = −φ(βm,t). (124)

Substituting into (123) yields

M−
m,t(zm,t) = zm,tΦ

(
−κm,− − zm,t

σm,v

)
− σm,v φ

(
−κm,− − zm,t

σm,v

)
. (125)

Equations (122)–(125) are the closed-form objects used in the inflation measurement equation

in Section 5.2.
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