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Abstract

We uncover the mental models financial professionals use to explain their quantitative forecasts, and
show how they shape beliefs and return predictability. Using the near-universe of 2.1 million equity analyst
reports, we collect the valuation methods analysts adopt to compute their price targets, together with
their reasoning, measured as attention to topics, and their associated valuation channels, time horizons,
and sentiments. To validate the reliability of our output, we introduce a multi-step LLM prompting
strategy and new diagnostic tools. Consistent with a model of top-down and bottom-up attention, we then
uncover three sets of facts. First, analysts’ mental models are sparse and rigid, and the choice of attention
allocation and valuation methods are jointly determined by both analyst- and firm-characteristics. Second,
analysts’ reasoning translates into their quantitative forecasts. Both attention and valuation methods
contribute to differences in valuations over time and across analysts, but variation in attention plays a
bigger role. Third, we study the extent to which different topics contribute to over and underreaction to
information, and show how biases in analysts’ reasoning are reflected in asset prices. Analysts underreact
to macroeconomic topics, and overreact to firm-related topics, and this contributes to return predictability.
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1 Introduction

How do people form expectations in �nancial markets? According to the rational expectations

benchmark, individuals use all available information to produce statistically optimal forecasts.

Initially, this view was challenged with largely indirect evidence, and with the documentation

of anomalies in �nancial markets that were di�cult to reconcile with full-information rational

expectations.1 Then, over the last few decades, progress accelerated with the growing avail-

ability of survey data, which allowed researchers to directly measure individuals' quantitative

forecasts. However, the process through which people arrive at such forecasts still remains

an open question, at least in part due to limited measurement. To better understand how

market participants mentally represent �rms, and how these representations shape beliefs

and asset prices, this paper goes a step further by using sell-side analysts' written reports to

measure thereasoningbehind their forecasts.

Speci�cally, we study how analysts reason when valuing stocks. Firm valuation is an

inherently hard problem. First, analysts operate in a high-dimensional environment, and,

given limited attention, they must engage in dimensionality-reduction to choose which

variables to attend to and which to neglect. Second, valuation is computationally complex.

Applying the present value relationship exactly�that prices equal the present value of all

expected future dividends�requires forecasting an in�nite stream of future cash-�ows and

discount rates. In practice, however, this is not how analysts apply this formula. Instead,

they rely on simplifying assumptions that give rise to di�erent valuation methods.

To formalize these processes, we de�ne a mental model to be a combination of attention

weights and valuation methods, and study how analysts tackle the dual challenge of dimen-

sionality reduction and computational tractability by exploring three sets of questions. First,

how do analysts allocate attention and choose valuation methods? Second, how do these

choices shape their quantitative forecasts? Third, how do analysts' mental models correlate

with biases in their beliefs and observed asset pricing anomalies?

1 See De Bondt and Thaler (1990), Vissing-Jorgensen (2003), Bacchetta et al. (2009), Malmendier and
Nagel (2011), Case et al. (2012), Amromin and Sharpe (2014), Greenwood and Shleifer (2014), Bordalo et al.
(2020b), Bordalo et al. (2020a), Giglio et al. (2021), Nagel and Xu (2022) among others, and Adam and Nagel
(2023) for a review.
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To answer these questions, we begin by introducing a conceptual framework of top-down

and bottom-up attention, where analysts endogenously choose both attention allocation and

valuation methods based on the subjective relevance of variables and the cost of acquiring

information about them. To measure attention and valuation methods, we then analyze

the written text from the near-universe of 2.1 million equity reports from analysts at 43

brokerage houses over a 26-year period. We then prompt large language models (LLMs) to

extract valuation methods and price targets from all reports, and an additional 11.8 million

separate lines of reasoning from the text portions of a subset of over 300,000 reports. Our

resulting dataset links analysts' mental models to their quantitative forecasts for a sample

with �rm coverage and characteristics that closely aligns with commercial databases, such as

the Institutional Brokers' Estimate System (IBES).

Guided by our theoretical framework, and endowed with the novel dataset we construct,

we document three sets of facts. First, analysts' mental models are sparse and rigid, and

are jointly shaped by both top-down and bottom-up factors. In particular, both analyst-

and �rm-speci�c characteristics are important in explaining their mental models. While

analyst characteristics (such as their training and prior experiences at valuing �rms) play

a bigger role in shaping their choice of valuation methods, �rm-characteristics are a bigger

driver of allocation of attention to topics. Second, analysts' mental models do in�uence their

quantitative forecasts. While valuation methods and attention both contribute to changes

in valuations over time and disagreement, variation in attention weights play a bigger role.

Third, analysts' price targets are biased and re�ect overreaction to �rm-related topics and

underreaction to macro-related ones. These biases translate into asset pricing patterns,

and contribute to return predictability. Topics which analysts overreact (underreact) to

are associated with lower (higher) realized returns following good news and higher (lower)

realized returns following bad news.

Conceptual framework. To lay the foundations for our analysis, we start by introducing a

conceptual framework with a model of top-down and bottom-up attention. In the model, the

true value of a stock is determined by many variables (e.g., accounting metrics or intangible

factors) that di�er in how relevant they are for valuation and in how costly they are to

process. The model has two key components. First, analysts do not directly observe these
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variables, but instead receive noisy signals about them. The more attention analysts pay to a

given variable, the more precise the signal they obtain. Second, analysts have access to a set

of valuation methods, each placing di�erent weights on these variables. For example, we may

think of discounted cash �ow (DCF) models as assigning greater weight to long-run outcomes,

while more reduced-form multiples approaches may emphasize variables associated with

relevant comparables. Analysts then subjectively choose valuation methods and attention

weights to minimize mean squared forecast error, subject to a budget constraint on attention.

This framework yields a series of testable predictions. First, analysts' mental models

are sparse and rigid, and their choice of valuation method and attention weights are jointly

determined by analysts' attempts to tailor their models to the underlying environment,

subject to processing costs. This trade-o� implies that mental models are neither purely

driven by �rm-characteristics, nor are they only driven by analysts' training and experiences.

Rather, both components play an important role. Second, changes in asset valuations and

disagreement may arise from di�erences in valuation methods or di�erences in attention

allocation. Third, analysts overreact (underreact) to variables they perceive to be more (less)

relevant or volatile than they are, and such biases contribute to return predictability. Our

empirical investigation tests these predictions and assesses the empirical relevance of these

channels.

Data collection and methodological contribution. The challenge with testing these

models is that we typically do not observe what information market participants attend to,

nor do we observe how they simplify their valuation task. To overcome these challenges, we

leverage the fact that sell-side equity analysts not only publish quantitative forecasts�which

have been widely studied in empirical asset pricing�but also produce accompanying reports

in which they explain the valuation methods they used, and the key arguments underlying

those forecasts.

To test the predictions of our model, we use large language models (LLMs) to collect

information from the near-universe of 2.1 million equity analyst reports. To structure our

data-collection e�ort, we then de�ne a mental model as a combination of a valuation method

(the formula analysts use to compute their price target, e.g., DCF, multiples), and a series

of lines of reasoning, each with a topic (e.g., customer demand, brand, in�ation), valuation
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channel (e.g., whether it impacts sales, costs, margins, discount rates, etc), time outlook

(past, present, near-future, distant-future), and sentiment (positive, negative, neutral).

In constructing our dataset, we make two methodological contributions that ensure the

output is comprehensive, stable, and reliable. First, we show that when applied to lengthier,

multi-page documents�such as equity reports�naïve prompting strategies that ask LLMs to

extract information in a single step often yield output that is incomplete. This limitation

arises in part from LLMs' tendency to focus disproportionately on the beginning of the

input. To address this, we introduce a re�ned LLM approach in which weiteratively provide

sub-segments of each report. After processing all segments using this �chunking� method,

we then present the LLM with both the full document and the extracted content in a �nal

step that validates the selected topics. This multi-step prompting strategy substantially

outperforms the single-step approach in both the number and comprehensiveness of individual

lines of reasoning extracted.

Second, and relatedly, we introduce diagnostic tools akin to bootstrapping to show that

the output of our multi-step prompt is highly stable. To do so, we repeatedly feed a subset

of reports to the LLM using both the naïve and the multi-step prompting strategies and

calculate the likelihood that a given argument is extracted across multiple runs. Unlike naïve

one-step approaches, the output of our multi-step approach is highly stable.

Sparse and rigid mental models, shaped by both �rm and analyst characteristics.

Leveraging our dataset, and guided by our theoretical framework, we turn to the key results of

our paper. The �rst fact that we establish is that analysts' mental representations are sparse

and rigid. In the average report, analysts attend to 16 out of 139 topics, illustrating how

their attention allocation in indeed selective.2 At an aggregate level, analysts predominantly

focus on �rm-speci�c topics (75�80%) and top-line items (40�50% of arguments), and their

arguments are mostly forward-looking (55-60%). Moreover, sentiment and attention to

top-line items are highly pro-cyclical, while attention to discount rates and macro-related

topics are counter-cyclical.

At a �ner level, we are able to con�rm that, consistent with the �rst prediction of our

2 We present a series of tests to show that topics omitted from textual discussions are outside forecasters'
mental models, rather than missed by the AI or excluded due to analyst incentives or space constraints.
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model, analysts pay more attention to variables that are more relevant, volatile, and easily

available. To illustrate the role of relevance and volatility, we identify three types of topics.

First, there are topics that are relevant and volatile, and therefore receive persistent attention

over time. These include fundamental drivers of cash �ow generation, such as customer

demand, market share, and cost structure. Second, there are topics that are relevant but

mostly stable, and therefore only receive heightened attention when they signi�cantly deviate

from their steady state levels. These include topics such as public health, taxation, in�ation,

or tari�s. Third, there are emerging topics, whose true or perceived relevance rises over

time. These include environmental policies and ESG, corporate social responsabilities (CSR),

as well as new categories like AI and cognitive applications, automation and robotics, or

cybersecurity and data protection. While these three types of topics illustrate the importance

of variable relevance and volatility in shaping attention allocation, we next exploit cross-

sectional di�erences across analysts to provide evidence on the role of a variable's availability.

We show that greater proximity to a company's headquarters leads analysts to allocate more

attention to �rm-related topics at the expense of macro-related topics, and that greater

exposure to high and volatile in�ation leads analysts to allocate more attention to in�ation,

even controlling for �rm-year �xed e�ects.

Next, we explore the choice of valuation methods, and �nd that 43% of reports use

discounted cash �ow (DCF) methods, 32% use price-to-earnings (P/E) multiples, and 62%

use at least one multiples-based approach.3 This heterogeneity re�ects both analysts' attempts

to tailor their model to a given �rm, and analyst-speci�c factors, such as their training. To

illustrate how �rm-related features in�uence the choice of valuation methods, we exploit

di�erences in adopted methods across industries and in the cross-section. For example, DCF

methods (structured to emphasize future cash �ows) are, relatively speaking, more commonly

used for small, young, and growth �rms, even with analyst-�rm �xed e�ects. In contrast,

multiples-based approaches are more frequently applied to large, mature, and value �rms.4

To show how analyst-speci�c features also impact the choice of valuation method, we exploit

3 Our valuation method prompt extracts all methods used to derive the price target forecast within a
report. Since analysts often use a blend of methods, the shares described above sum to more than 100%.

4 Re�ecting these di�erences, we also show that valuation method usage varies intuitively across indus-
tries�for example, DCFs are relatively more common in information and professional services, whereas
multiples approaches are more prevalent in retail.
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di�erences in experiences and training across continents. For example, we show that analysts

located in Europe are much more likely to use DCF methods than analysts located in North

America, even when covering the same �rm at the same point in time. At a more granular

level, we show how lead analysts have a tendency to adopt the same mental models used by

the lead analysts they were trained with, and that this e�ect is stronger when the training

period is longer and more recent. These patterns suggests that analysts approach valuing a

�rm with a default method that is shaped by their experiences, and only partially adjust

their models across �rms and over time (Bastianello and Imas, 2025).

Consistent with this intuition, we show that analysts' mental representations are rigid

both over time and in the cross-section of stocks they cover, meaning that they do not adapt

their mental models enough to re�ect changes in fundamentals. Despite such rigidity, analysts

are more likely to update their models following large forecast errors.

Valuation methods and attention are tightly interlinked. The next prediction of our

model is that the choice of valuation method and attention allocation are tightly interlinked.

Consistent with this, we �nd that using the same valuation method is associated with

signi�cantly more similar topic focus, as well as greater joint congruence in topic selection,

valuation channel, time outlook, and sentiment.

Moreover, analysts allocate attention to topics that are di�erentially emphasized by

their chosen valuation method. For example, even when covering the same �rm at the

same point in time, analysts using discounted cash �ow (DCF) methods tend to adopt a

long-run perspective, and emphasize topics such as discount rates, innovation, and corporate

investment; consistent with the logic of projecting future cash �ows and discounting them back

to present value. In contrast, analysts using multiples-based approaches adopt a shorter-term

focus, and place greater weight on product- and customer-related topics that are more salient

for comparables-based valuation.

Changes in valuation over time and disagreement. Having established the properties

of analysts' mental models, we study how our measured reasoning translates into their

quantitative forecasts. To do so, we explore how analysts' mental models a�ect changes in

valuations over time and disagreement. In line with the model's prediction, both di�erences

in attention and di�erences in valuation methods contribute to valuation changes and
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disagreement. Empirically, however, di�erences in attention play a quantitatively larger role.

Starting from changes in valuation over time, analysts exhibit a 40% overlap in topics

covered for a given �rm from one year to the next, and use the same valuation method 82% of

the time. Consistent with this, changes in attention and in how analysts mentally represent

�rms over time contribute more to time-varying valuations than do changes in how analysts

price di�erent features (64% vs. 36%). The greater importance of attention weights than

valuation weigths holds both in the aggregate and at the feature level, with two notable

exceptions: innovation/R&D and environment. For these two topics, di�erences in how

analysts have priced them over time contribute more to valuation changes than di�erences in

their fundamentals or analysts' attention allocation. This is consistent with both variables

having been associated with potential mispricing.

Turning to disagreement, when considering two analysts covering the same �rm at the

same point in time, they share only 33% of the combined topics used, while they have some

overlap in valuation methods used 81% of the time. Consistent with these patterns, we �nd

that di�erences in attention weights contribute substantially more to total disagreement

than do di�erences in valuation methods (83% vs. 17%). Two topics for which di�erences in

valuation weights remain statistically signi�cant are innovation/R&D and housing markets,

both of which have previously been associated with displacements, bubbles and crashes

(Kindleberger, 1978).

Overall, this analysis allows us to make the drivers of valuation changes and disagreement

interpretable, and it also suggests that analysts converge more on how they handle compu-

tational complexity (which algorithm/valuation method to use), than in how they resolve

representational complexity, such as deciding which aspects of the information environment

to attend to most (Ba et al., 2022, Bordalo et al., 2024a).

Biased beliefs and return predictability. Having established that our measured reason-

ing translates into analysts' quantitative forecasts, in the �nal part of the paper we explore

what features analysts over and underreact to, and the resulting asset pricing implications of

such biases. At the aggregate level, our measure of sentiment correlates with Shiller's CAPE

ratio in the time-series, and correlates with patterns of realized returns for the main asset

pricing factors in the cross-section. However, our data allow us to move beyond sentiment by
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identifying which speci�c features analysts over- or underreact to, and how that in�uences

return predictability. We �nd that analysts overreact to �rm-related topics and underreact

to macro-related ones. Moreover, the features that analysts overreact to are associated

with lower realized returns, while features that analysts udnerreact to are associated with

higher realized returns. This highlights the potential of the granularity of our measured

mental models to deepen our understanding of market expectations, return predictability,

and mispricing in an interpretable way.

Literature. Our paper contributes to three strands of literature. First, we contribute to

a literature in empirical asset pricing that has studied the properties and implications of

investors' potentially biased beliefs. This includes papers that analyze market participants'

quantitative forecasts (Hong et al., 2007, Greenwood and Shleifer, 2014, Giglio and Kelly,

2018, Bouchaud et al., 2019, Ma et al., 2020, Giglio et al., 2021, Nagel and Xu, 2022, Delao

and Myers, 2021, Bordalo et al., 2019, 2024b, Afrouzi et al., 2023, Ben-David and Chinco,

2024, Decaire and Graham, 2024, Bastianello, 2025, de Silva and Thesmar, 2024, de Silva

et al., 2025, and Decaire and Guenzel, 2025), an emerging literature at the intersection of

machine learning and �nance which often uses text data to study beliefs (Asquith et al., 2005,

Giglio et al., 2022, Bybee, 2023, Gormsen and Huber, 2023, Van Binsbergen et al., 2023,

Gabaix et al., 2023, Bianchi et al., 2024, Bybee et al., 2024, Charles and Sui, 2024, Chen, 2024,

Lopez-Lira and Tang, 2024, Decaire and Graham, 2024, Decaire et al., 2024, Abdurahman

et al., 2025, Bastianello et al., 2025, Bianchi et al., 2025, Decaire and Guenzel, 2025, Graeber

et al., 2025, Sarkar, 2025), as well as a literature in accounting that has documented variation

in the usage of valuation methods and their accuracy (Bradshaw, 2002, Demirakos et al., 2004,

Imam et al., 2013, Gleason et al., 2013, Erkilet et al., 2022). While these earlier papers study

market participants' beliefs either through their quantitative forecasts or through text data

alone, we add to this line of research by exploiting a setting that allows us to create a new

dataset that links the text data in sell-side analysts' reports to their subjective quantitative

beliefs. This allows us to study the reasoning behind their forecasts. In recent work, Chen

et al. (2025) leverage equity reports to study buy-side analyst recommendations, and De Rosa

(2024) and Ke (2025) link sell-side analyst reports to IBES forecasts to study memory and

attention, respectively.
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Second, we contribute to the literature on mental models. A growing body of research

uses open-ended and structured survey questions to capture the thought process in people's

reasoning in a variety of di�erent �elds, including macroeconomics and �nance (Bailey et al.,

2019, Andre et al., 2022, Chinco et al., 2022, Chopra and Haaland, 2023, Andre et al., 2024a,

Andre et al., 2024b, Bauer et al., 2024, Binetti et al., 2024, Haaland et al., 2024, Stantcheva,

2024, Laudenbach et al., 2024). We contribute to this work by considering a high-stakes

�eld setting, which allows us to exploit two key advantages. First, we are able to link the

reasoning and quantitative forecasts of �nancial professionals in their own natural habitat

using output that is part of their day-to-day job. Second, since we do not have to elicit

information on people's reasoning via additional surveys, we have access to a whole time-series

and cross-section, rather than having to rely on the snapshot in time when the survey was

run.

Third, we contribute to an active body of work in behavioral economics that studies

how people represent problems in potentially high-dimensional environments, and how they

allocate their limited attention (Woodford, 2001, Sims, 2003, Ma¢kowiak and Wiederholt,

2009, Van Nieuwerburgh and Veldkamp, 2009, Van Nieuwerburgh and Veldkamp, 2010,

Veldkamp, 2011, Caplin and Dean, 2015, Gabaix, 2014, Hanna et al., 2014, Schwartzstein,

2014, Kacperczyk et al., 2016, Gagnon-Bartsch et al., 2018, Gabaix, 2019, Kohlhas and

Walther, 2021, Fan et al., 2021, Schwartzstein and Sunderam, 2021, Ba et al., 2022, Banovetz

and Oprea, 2023, Bordalo et al., 2023, Enke and Graeber, 2023 Link et al., 2023, Bordalo

et al., 2024a, Charles and Kendall, 2024, Enke et al., 2024, Flynn and Sastry, 2024, Augenblick

et al., 2025, Bastianello and Imas, 2025). One of the challenges of testing these theories is

a lack of data on what information people are in fact attending to. Our paper contributes

to this literature by exploiting a �eld setting that enables large-scale measurement of the

components of attention and information processing.

Organization of the paper. The rest of the paper proceeds as follows. Section 2 introduces

a conceptual framework to guide the empirical analysis. Section 3 introduces the data, presents

key institutional features, and discusses our LLM-based extraction methodology. Section 4

presents aggregate facts about analysts' mental models. Section 5 shows how analysts' mental

models are sparse and rigid. Section 6 studies how analysts' mental models translate to their
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quantitative forecasts by linking analysts' reasoning to changes in valuation, and forecast

disagreement. Section 7 considers the sources of analysts' biased beliefs and resulting asset

pricing implications. Section 8 discusses how our methodology can be applied to study other

components of analysts' mental models (such as their views on in�ation) and concludes.

2 Conceptual Framework

The �rst challenge in analyzing the text of equity analysts' reports is how to organize and

structure the data in a way that enables a systematic examination. In deciding what data

to collect about analysts' reasoning, we start from the canonical present value relation that

prices re�ect the present value of expected future dividends, and focus on how analysts apply

this formula:

Pt = Et

2

4
1X

j =0

D t+1+ j

1 + Rt+1+ j

3

5 (1)

Applying this formula requires making two high level choices. First, since analysts typically

do not forecast an in�nite stream of future dividends and discount rates, they must choose

an appropriate approximation to this formula�in other words, they must select a valuation

method. A common example is a discounted cash �ow (DCF) model, which projects and

discounts expected cash �ows over a �nite horizon, before assuming a constant terminal growth

rate. Alternatively, analysts may rely on a more reduced-form, multiples-based approach,

inferring value by comparing the �rm's metrics (e.g., earnings or sales) to those of comparable

peers or its own historical trends. Second, analysts must decide which features to pay

attention to when estimating the relevant inputs. Analyzing the present value relationship in

equation(1) reveals three key dimensions that analysts may reason through when determining

the impact of a given piece of news on valuation: the valuation channel through which it

operates (cash �ows or discount rates), the time horizon it a�ects, and its directional impact

(sentiment).

These aspects of analysts' reasoning then pin down how analysts draw relationships across

variables. Motivated by this thinking, we de�ne a mental model as a combination of i) a

valuation method and ii) a set of attention weights on di�erent inputs, where each input

is characterized by a topic, along with its associated valuation channel, time outlook, and
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sentiment. We discuss our data collection e�orts of these features in detail in Section 3,

and we now turn to introducing a conceptual framework that illustrates how analysts might

choose valuation methods and allocate attention across features when faced with limited

cognitive resources (Veldkamp, 2011, Gabaix, 2019).

2.1 Setup

To model the core choices analysts make with a minimal working example, we recast the

present-value relationship from equation(1) in reduced-form, and model prices as a linear

function of di�erent variables:

p =
KX

k=1

vk xk (2)

wherevk capture valuation weights, andxk relate to relevant features that impact valuation.

These may include both standard �nancial metrics (e.g., cash-�ow forecasts or discount-rate

proxies) as well as harder-to-measure components (e.g., brand strength or regulation).

Given this environment, we introduce the two key elements that analysts ought to

choose: valuation methods, and attention allocation across variables. Starting from the �rst

component, we assume that, when valuing a �rm, analysts can choose from a set of valuation

methodsm 2 M . Each methodm assigns a distinct set of weightsf mkgK
k=1 to the relevant

variablesf xkgK
k=1 . For example, a DCF model tends to emphasize projected cash-�ows and

discount rates, whereas a multiples-based approach may lean more on peer performance or

recent trends.5 Formally, the price target under methodm is given by:

pm =
KX

k=1

mk xk ; (3)

wheremk indicates the weight that methodm places on variablexk .

De�nition 1 (Valuation Method). Let f xkgK
k=1 be the relevant input variables for valuing

a �rm. A valuation method is de�ned through a vectorm = f mkgK
k=1 , where eachmk 2 R

captures the weight that the corresponding variablexk receives in valuation. Under valuation

methodm the price target is then given by:pm =
P K

k=1 mkxk .

5 To gain intuition, the Gordon Growth model yields: p = D
r � g . The sensitivity of prices with respect to

the constant growth rate is then given by: @p
@g = D

(r � g)2 , which is increasing ing.
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To allow for the role of attention in this framework, we assume that analysts do not

observe each featurexk (e.g., they do not observe future cash-�ows or discount-rates precisely).

Instead each feature has a prior distributionxk
iid� N (� k ; � � 1

0k ), where � k is the prior mean

and � � 1
0k is the prior variance. Analysts then receive noisy signals:

sk = xk + uk ; where uk
iid� N (0; � � 1

sk ) (4)

where � sk is the precision of signalsk . Upon receiving each signal, analysts update their

beliefs via Bayesian updating, such that their posterior beliefs are given by:E[xk jsk ] =

� k + � sk
� sk + � 0k

(sk � � k) and V[xk jsk ] = ( � sk + � 0k)� 1, and the resulting price target is:6

E[pm jf skgK
k=1 ] =

KX

k=1

mkE[xk jsk ] =
KX

k=1

mk(s � � k)ak + mk � k (5)

whereak � � sk =(� sk + � 0k ). Finally, we allow analysts to choose the precision of each signal(� sk)

by allocating attention across variables, subject to a linear budget constraint:
P K

k=1 ck � sk � C,

where ck denotes the marginal cost of devoting one more unit of increasing attention to

feature xk , and C is the total attention budget. As further discussed in Section 2.3,ck and

C also capture processing costs, and can therefore be in�uenced by prior experiences and

bottom-up factors which make a variable more prominent or salient, more easily available, or

easier to map into valuation.

De�nition 2 (Attention) . Analysts' attention in�uences the precision parameters of the

signals they acquire� s = f � skgK
k=1 . Allocating more attention to a particular featuresxk

increases� sk , resulting in a more precise signal for that feature.

Having speci�ed how both valuation methods and attention weights enter our model, we

now de�ne a mental model as a combination of these two components.

De�nition 3 (Mental Model). A mental modelM (m; � s) is de�ned by the combination of

(i) a valuation method m = f mkgK
k=1 , and (ii) a vector of attention weights� s = f � skgK

k=1 .

6 We assume that all featuresxk are uncorrelated with one another, so that signalsk is only relevant for
forecasting featurexk .
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Given this framework, we are interested in understanding how analysts should optimally

choose a valuation method and allocate attention across features. To gain intuition in the

simplest possible setting, we focus on the case with just two features.

2.2 Endogenous Choice of Valuation Method and Attention Allocation

In this section, we start by assuming that analysts know the true valuation model in(2), and

that they have access to a range of di�erent valuation methodsm = f mkgK
k=1 .7 Analysts

then chooseM (m; � s) to minimize mean squared forecast errors, subject to a linear budget

constraint on attention:8

min
� s1 ;� s2

E
h
(p � E[pjs1; s2])2

i
s:t: c1� s1 + c2� s2 � C; � s1 � 0; � s2 � 0 (6)

Expanding the objective function, we obtain that analysts face a bias-variance trade-o�:

E
h
(p � E[pm js1; s2])2

i
= V [p � E[pm js1; s2]] + E [p � E[pm js1; s2]]2 (7)

=
X

k=1 ;2

 
v2

k � (vk � mk)2

� 0k + � sk
+

(vk � mk)2

� 0k

!

| {z }
variance

+

0

@
X

k=1 ;2

(vk � mk)� k

| {z }
bias

1

A

2

(8)

If analysts had access to the true model (mk = vk), this expression would reduce to minimizing

posterior variance. Instead, alternative models (mk 6= vk) introduce a bias-variance trade-o�.

To solve the model, we proceed in two steps. First, we compute the optimal attention

allocation � s for a given valuation methodm. Second, we solve for the valuation method

that minimizes mean squared errors under these optimal attention weights. In other words,

conditional on using each valuation method optimally (�rst step), we are interested in

determining which valuation method analysts choose (second step).

7 The fact that analysts know the true valuation model simply re�ects the fact that analysts often have
a sense of the relevant importance of di�erent variables in valuing a �rm. This assumption can easily be
relaxed. If analysts have misspeci�ed views about the relevance of each variable, such that their perceived
weight is ~vk 6= vk , then the analysis goes through by replacingvk with ~vk as we take expectations under
analysts' subjective expectations. This also applies to misperceptions about other primitives of the model.
We explore this in further detail in Section 2.3.

8 Analysts have incentives to focus their e�orts on producing informative valuation theses and credible
price targets and recommendation (see Section 3.1).
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2.2.1 Attention Allocation

Starting from the �rst step, attention weights � sk only appear in the �rst term of the objective

function in (8). Therefore, analysts choose their attention allocation to minimize:

min
� s1 ;� s2

v2
1 � (v1 � m1)2

� 01 + � s1
+

v2
2 � (v2 � m2)2

� 02 + � s2
s:t: c1� s1 + c2� s2 = C (9)

Relative to the case withmk = vk , this expression makes clear that analysts are more cautious

about allocating attention to variables for which the true and misspeci�ed models diverge

more. When solving for the optimal attention allocation, we obtain:

� m
s1 =

C + c2� 02 �
r

v2
2 � (v2 � m2 )2

v2
1 � (v1 � m1 )2

p
c1

p
c2� 01

c1 +
r

v2
2 � (v2 � m2 )2

v2
1 � (v1 � m1 )2

p
c1

p
c2

: (10)

and � m
s2 = (C � c1 � s1)=c2.

Proposition 1 (Optimal Attention Allocation) . Fixing ( vk � mk
vk

)2, analysts allocate more

attention to features that are more relevant (highervk), more volatile (lower � 0k), and less

costly to process (lowerck). Ceteris paribus, attention to a variable is also higher when

the true and chosen valuation models are more closely aligned along that dimension (lower

( vk � mk
vk

)2).

Proof. All proofs are in Appendix A, unless otherwise stated.

The �rst part of this proposition highlights how �rm characteristics play an important

role in shaping analysts' attention allocation. If two industries or stocks di�er in how relevant,

volatile or costly di�erent variables are (vk , � 0k , ck), then analysts will allocate attention

di�erently when valuing them.

The second part of this proposition instead highlights how the choice of valuation method

and attention weights are tightly linked. For example, since a DCF method explicitly projects

future cash �ows, it aligns more closely with the true model along this dimension than a

multiples-based approach would. Proposition 1 then predicts that analysts using DCF will

allocate more attention to growth prospects than analysts using multiple-based approaches.
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Finally, if either solution in (10) is negative, analysts optimally set the corresponding

precision to zero, and allocate the remaining attention budget to other variables.

Proposition 2 (Sparsity). If the marginal bene�t from acquiring the �rst unit of information

about xk is lower than its marginal cost,(v2
k � (vk � mk)2) (� 0k)� 2 < �c k , then analysts will

pay no attention to that variable, setting� sk = 0 and � sj = C=cj . A variable is more likely

to be neglected if it is less relevant for valuation (lowvk), it is more stable over time (high

� 0k), it has a higher processing cost (highck), or if the chosen valuation method deviates

substantially from the true model along that dimension (high
�

vk � mk
vk

� 2
).

Thus, analysts allocate attention only to variables with a su�ciently high marginal value

of information. Variables that are less important for valuation, highly stable, or costly to

learn about are more likely to be neglected, leading to sparse mental representations.

2.2.2 Choice of Valuation Method

Moving to the second step, analysts choose the valuation model (and corresponding attention

weights) that minimizes the expected mean squared error. Substituting the optimal attention

weights in (10) into the mean squared errors expression in(8), we �nd that the resulting

MSE from using valuation methodm can be written as:

MSE (m) =

� P
k=1 ;2

q
ck (v2

k � (vk � mk)2)
� 2

C + c1� 01 + c2� 02
+

X

k=1 ;2

(vk � mk)2

� 0k
| {z }

variance

+

0

@
X

k=1 ;2

(vk � mk)� k

1

A

2

| {z }
bias

(11)

Proposition 3 (Choice of Valuation Method). Suppose that the true model allocates positive

weight to both featuresvk and vj , and that analysts have access to two models. One model

introduces a wedgew2 � (vk � mk)2 > 0 along variablexk , while the other model introduces

an equal sized wedge along variablex j . Ceteris paribus, the analyst picks the valuation method

that introduces a smaller wedge on topics that are more relevant, volatile, and easier to

process.

All else equal, analysts are likely to choose models that introduce a smaller distortion on

15



more important variables. Returning to our earlier example, long-run outcomes are highly

relevant for growth stocks. Therefore, when valuing growth stocks, analysts are relatively more

likely to use a DCF model rather than a multiple-based approach, as the former minimizes

bias along a more crucial dimension. In contrast, with value stocks, analysts may be more

comfortable using simpler multiples that introduce some bias along the growth dimension, as

it is now less relevant.

2.3 Heterogeneity in Information Processing: Top-down and Bottom-up Factors

So far, we have worked under the assumption that all analysts have the same processing

costs across valuation methods(C; ck), and they know and agree on the true primitives of

the models (vk , � 0k). If this were the case, then only �rm-characteristics should matter in

determining analysts' mental models.

In this section we explore instances where analysts have heterogeneous processing costs

and potentially misspeci�ed beliefs about those primitives. Since analysts in Section 2.2 solve

the model under their own subjective beliefs, we can study the implications of misspeci�ed

beliefs by simply replacing true primitives with analysts' perceptions of them in the solutions

in (9) and (11). Once we allow for these di�erences, the choice of valuation method is

driven not only by the relevant �rm's fundamentals, but also by an analyst's type and their

individual-level ability to process information, which can be a�ected by both top-down and

bottom-up factors.

Starting from top-down factors, if analysts have a di�erent education and training in stock

valuation, they might �nd it easier to process information using one method over another.

Formally, we can model this through di�erences in attention budgets across analysts and

valuation methods(C i
m 6= C j

m0). For example, if analysti was trained with a greater focus

on DCF over multiples, we can model their greater ease at using DCF as them having a

greater processing capacity for that method(C i
DCF > C i

Multiple ).9 The lower processing cost

for a given valuation method then has three implications. First, equation(9) shows that the

9 Having a greater processing capacity from using a given method is equivalent to the processing cost for
individual variables being lower, i.e., analysts may be able to use the same capacity more e�ciently. Modeling
this through C instead of ck is just more parsimonious, as it does not require specifying ex-ante how the
increased processing capacity a�ects processing costs across variables.
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lower processing cost (higher processing capacity,C i
m ) leads analysts to have more precise

estimates, allowing them to better map di�erent features into valuation when using that

method. Second, equation(11) shows that a higherC i
m reduces the mean squared error

associated with methodm, making it more likely that the analyst will adopt that method.

Third, to the extent that processing costs decrease with an analyst's experience, this can

lead analysts to become rigid both in their choice of valuation method and in their attention

allocation to di�erent topics.10,11

Proposition 4 (Analyst Characteristics, Processing Costs, and Rigidity). Let analyst i 's

processing capacity be given byC i
m = ei

m � C, where C > 0 is a constant, andei
m captures

analyst i 's experience at using valuation methodm. The greater an analyst's experience with

a given valuation method, the more likely they are to adopt that valuation method, and the

more accurate will their forecasts be. This can lead to path-dependence and persistence in an

analyst's choice of valuation method.

Through a similar argument, if ci
k is also shaped by an analyst's experience at covering

that topic, then analysts can exhibit rigidity in their attention allocation as well.

Turning to bottom-up factors, di�erences in analysts' exposure to certain variables (e.g.,

in�ation) may make a given feature more prominent and available to them. This can increase

an analyst's attention to that variable via two channels. First, greater exposure to a given

variable reduces the cost of acquiring information about it (lowerci
k). Second, when a variable

is very prominent and salient, an analyst may believe it to be more relevant for valuation

(~vi
k > ~vj

k) or more volatile (~� i
0k < ~� j

0k) than it truly is. When this is the case, analysts that

are exposed more to a given feature will overreact more (or underreact less) to it.12

10 For example, we can model analysts' processing capacity as being a function of both their training and
their experience with using a given valuation method:C i

m = � � C,where C > 0 is a constant and� = n + s
captures analysts' experience with a given valuation method(e 2 N+ ), and whether the analyst was trained
on that method (s = S � 1[T raining = m], with S > 0 capturing the extent to which being trained on
valuation method m reduces processing costs associated with it).

11 Another reason why analysts' topic coverage may be rigid and persistent may be due to analysts'
incentives to provide a coherent story and valuation over time. With this in mind, we could model the
processing cost for a given variableck as being decreasing in an analysts' experience in covering that topic,
and increasing in a penalty for deviating from previous topic coverage. Alternatively, analysts may have a
greater incentive to cover certain topics over others, which can create a wedge between true and perceived
feature relevance (~vi

k 6= vk ). We return to this discussion in Section 7.2.
12 Appendix A.6 shows that analysts overreact to a given topic whenevermk ak > v k a�

k , and underreact
when that inequality is reversed.
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Proposition 5 (Over and Underreaction to Information, and Realized Returns). Assume

analysts use the true valuation model. If analysts perceive a variable to be more relevant

(~vi
k > ~vj

k) or more volatile (~� i
0k < ~� j

0k) than it truly is, they will overreact to it, leading to lower

(higher) future realized returns in response to positive (negative) news about it. Conversely, if

they perceive a variable to be less relevant or less volatile, they will underreact to it, leading

to higher (lower) future realized returns in response to positive (negative) news about it.

Therefore, di�erences in mental models are no longer purely due to �rm-related features.

Instead, analyst-speci�c characteristics (and their perception of the information environment)

may lead them to adopt di�erent mental models, even when valuing the same �rm at the

same point in time. Speci�cally, we can think of how analyst experiences determine the

default frame they are more likely to approach valuation with, while attention to �rm-speci�c

features determines how much they adjust their frame to account for changes in the underlying

environment (Bastianello and Imas, 2025). In our analysis, we verify the empirical relevance

of these channels.

2.4 Empirical Predictions

The challenge in testing these models generally comes from the fact that we do not observe

what people pay attention to, nor do we observe what simplifying rules they adopt to tackle

the problem at hand. In what follows, we overcome both these challenges by using the text

in equity analyst reports to obtain proxies fora(s � � ) (analysts talk more about a feature

when they are paying more attention to it, and when there is more news) andm (analysts'

valuation methods). With that at hand, we can summarize the propositions of our theory

into four sets of predictions that we test empirically.

The �rst two predictions provide a description of analysts' reasoning.

Prediction 1 (Choice of Valuation Methods and Attention). Analysts' choice of valuation

methods and attention allocation are tightly linked, and both driven by �rm and analyst charac-

teristics. (a) Conditional on analyst type, analysts choose valuation methods to emphasize �rm

dimensions that matter most, and they pay attention to variables that are more relevant, more

volatile, and easier to process. (b) Conditional on �rm characteristics, analysts' experiences

18



shape the valuation method they are more likely to adopt, and the choice of variables they are

more likely to attend to.

To test Prediction 1, we measure relevance and volatility by exploiting cross-sectional

di�erences across �rms and industries. For example, long-term growth is more relevant for

growth than value stocks. To measure processing costs, we exploit cross-sectional di�erences

in analysts' experiences and exposure to di�erent variables. For example, analysts may di�er

in the training the receive, and in how exposed they are to certain variables, such as in�ation.

Prediction 2 (Sparsity and Rigidity) . Analysts' mental models are sparse and rigid.

The third prediction relates to how analysts' reasoning translates into their quantitative

forecasts. As further discussed in Section 6, the expression we derived in(5) allows us to

empirically study the key drivers of both changes in valuation over time and disagreement.

Both of these quantities can either be driven by variation in how analysts mentally represent

the �rm (attention weights), or in how they price di�erent features (valuation weights) (Sarkar,

2025). Our empirical analysis allows us to not only quantify these components, but also to

make its drivers interpretable.

Prediction 3 (Changes in Valuation and Disagreement). Changes in valuation over time

and disagreement can either be driven by di�erences in how analysts represent �rms (changes

in attention weights), or by di�erences in how analysts price di�erent features (changes in

valuation weights).

Finally, our last prediction relates not only to how analysts' reasoning translates into

quantitative forecasts, but also to how it maps into realized outcomes. As further discussed

in Section 7 and derived in Appendix A.6, bottom-up factors may lead analysts to over- or

underreact to information. For example, when topics are very salient, analysts may perceive

them to be more relevant than they are, leading to overreaction. Topics that analysts overreact

(underreact) to then translate into lower (higher) realized returns. Our empirical analysis

provides a granular understanding as to which topics are responsible for these patterns.

Prediction 4 (Over and Underreaction and Realized Returns). Analysts overreact more

to topics that they treat as more relevant or volatile than they are in reality. Topics which
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analysts overreact to predict lower realized returns going forward. Topics which analysts

underreact to predict higher realized returns going forward.

3 Data Collection

Our empirical analysis is centered on the information contained in equity analyst reports. In

this section we document our data-collection e�orts. We start by introducing the institutional

details for our setting, and describing what features of analysts' mental models we collect

from their reports. We then explain how we construct our sample of reports and the exact

methodology used to extract information from them.

3.1 Institutional Details

Sell-side analysts write reports to o�er valuation forecasts and stock recommendations for the

stocks they cover. In these reports they provide both quantitative forecasts (which have been

used extensively in empirical asset pricing), as well as information regarding the underlying

models and reasoning they use. In this section we describe details on analysts' incentives

and the regulatory background that guide our data collection, measurement strategy, and

empirical design.

The most comprehensive and central outputs of analyst reports are their price target and

investment recommendation. As shown in Figure G.1, this information typically appears at

the top of the �rst page, re�ecting how this is part of analysts' incentives. Speci�cally, the

two primary institutions that rank analysts, the Wall Street Journal (WSJ) and Institutional

Investor (II), base their evaluations on the quality of these outputs. WSJ ranks analysts

based on the performance of their stock recommendations relative to realized returns.13 II

further conducts surveys of key market participants (e.g., portfolio managers and buy-side

analysts), asking which analysts provide the most valuable insights and advice. Holistically,

this tends to reward analysts who construct high-quality valuation frameworks and identify

�rm-speci�c factors most relevant to price dynamics.

13 Since 2008, the Wall Street Journal has excluded earnings forecast accuracy from its methodology,
focusing instead on the performance of recommendations relative to price movements.
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Analysts' incentives to provide both accurate forecasts and high quality investment theses

is further corroborated by regulatory requirements, which ensure that the information we seek

is systematically included in equity reports. Starting in July 2002, equity analysts working for

brokerage houses intending to distribute �nancial material to U.S. clients have been subject

to disclosure rules mandating that any valuation model directly used to derive a published

price target be explicitly stated in the report (NASD Rule 2711, now superseded by FINRA

Rule 2241).14 These rules create a reliable link between stated valuation methodologies and

the mental models we aim to measure. Not only does this mitigate endogeneity concerns

about selective or strategic disclosure, but it also re�ects regulators' attempts to ensure that

analyst reports go beyond narrative framing.15

While analysts do have incentives to produce accurate forecasts, career concerns, repu-

tational dynamics, and external pressures also play a role. Ultimately, however, prior work

has shown that these quantitative forecasts are useful in explaining asset pricing dynamics,

regardless of the incentives that produce them. Moreover, Bastianello (2025) shows that

analysts' return expectations are less biased, more informative, and more relevant than

commonly studied surveys, including the Graham-Harvey survey of CFOs, the Livingston

survey of economists, and the Capital Market Assumptions (CMAs) of large asset managers.

Using this as a starting point, we are interested in studying the arguments behind those

quantitative forecasts, and Section 5.1 provides evidence on our ability to comprehensively

capture the reasoning behind such forecasts, above and beyond these documents being written

purely for the purpose of persuasion.16

The fact that price targets are the i) �nal output of the reports, that ii) there are rules to

ensure that analysts provide us with the methods they used to obtain them, makes them an

ideal starting point for our analysis. In particular, the fact that price targets are the end result

14 This includes non-U.S. analysts employed by a U.S.-registered broker-dealer or FINRA members, as well
as any analyst whose reports are intended for distribution to U.S. clients. Nearly all leading broker-dealers,
who constitute the focus of our sample, are U.S.-registered and routinely disseminate research globally,
including to U.S. investors. As a result, equity reports produced by any major investment bank or brokerage
with U.S. operations are almost certainly subject to these regulations.

15 Noncompliance can result in signi�cant penalties for both the analyst and their a�liated brokerage �rm,
including �nes and suspension.

16 Sections 5.1 and 5.2 show that the reasoning analysts provide in their reports well explains their
quantitative forecasts, while topics they omit (and which others refer to) do not explain their quantitative
forecasts but help in explaining their forecast errors.
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of the report's analysis means that all sections of the report are relevant for understanding

how analysts reason about this output. to o�er a comprehensive analysis that makes full use

of the reports. The fact that there are also regulations in place for analysts to disclose their

valuation methods then further ensures our ability to capture models as well as reasoning of

our chosen output.

3.2 De�ning the Components of Analysts' Mental Models We Extract

The �rst choice we had to make to measure analysts' reasoning regarded the type of information

to extract from the text portion of our reports. Prior work has either employed human

workers (common in surveys) to organize text data in the form of interpretable directed-

acyclic-graphs, which capture causal reasoning, or it has employed machine learning methods

such as embeddings or LDAs, which capture semantic structure and organizes large bodies

of text into high-dimensional vector spaces or topic distributions. To extract information

that is both directly interpretable and scalable, we instead employ Large Language Models

(LLMs), which combine the key advantages of both human interpretability and machine

learning scalability.17

Given our choice to adopt LLMs, this section outlines the information we collect about

analysts' mental models from their equity reports. The termmental modelgenerally refers to

17 Traditional machine learning methods, such as LDA, are cheap, scalable, and e�ciently identify topics
in large documents, but the resulting topics are often di�cult to interpret. In the context of equity reports,
these methods tend to reliably produce broad thematic categories, such as grouping content by industry,
institution, or region (Decaire and Guenzel, 2025). We are, however, interested in capturing a more granular
picture of analysts' chains of thoughts as well. In contrast, human workers can interpret text, which allows
for the extraction of topics that are interpretable, and for the organization of arguments via their causal
relationships (Andre et al., 2024a). However, human annotation limits scalability, and makes it challenging to
design methods to ensure the robustness of the outputs. We view LLMs as a way to make progress on both
of these strategies limitations, while keeping their bene�ts. It enable us to generate clear and interpretable
topics and chains of thought in a scalable way.
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how individuals reason and form relationships across variables to support their arguments.18

In our setting, we operationalize mental models by capturing these relationships as the

combination of (i) the valuation methods analysts use and (ii) the structured reasoning they

provide to support their forecasts. In what follows, we start by providing a high-level overview

of the data we prompt LLMs to collect for both components of analysts' mental models. We

then provide an in-depth description of how we extract information from reports in the next

subsections.

Starting from the valuation methods analysts use to compute their price targets, we

collect the following information:

ˆ Valuation Method Tied to Price Target: the valuation method (formula)�or meth-

ods if more than one�directly tied to the report's price target. These are selected from a

list that includes discount cash-�ow (DCF) model, price-based multiples, earnings-based

multiples, asset-based valuation, and so on.

ˆ All Valuation Methods: all other valuation methods mentioned in the report (e.g.,

as robustness checks or reference points).

ˆ Multiples Reference Point : when multiples are referenced in the report, we addi-

tionally gather information on whether they are computed through forward-looking

considerations, historical comparisons, or peer or industry comparisons.

Next, to capture the reasoning analysts use to justify their forecasts in a nuanced yet

structured way, we classify analysts' arguments along the key dimensions that have informed

much of the debate in empirical asset pricing: valuation channel (cash �ows or discount rates),

time horizon (past, present, near-future, distant-future), and sentiment (positive, neutral,

negative). Each line of reasoning is then structured as follows:

18 Existing research, often using surveys, has typically focused on more aggregate narratives to distinguish
between di�erent mental models that people may entertain in a given situation. Examples include whether
individuals adopt a demand- or supply-side view of in�ation (Andre et al., 2024a), or whether they believe in
market e�ciency or mispricing (Andre et al., 2024b). Regardless of the adopted setting, mental models are
used to capture how people think about relationships across variables. Our dataset allows us to identify such
relationships at a more granular level. We chose this approach in order to o�er a comprehensive window
in all aspects of analysts' reasoning. Appendix D and Figure G.22 o�er a complementary example of how
our methodology can also be used to elicit people's mental models by imposing more structure ex-ante.
Speci�cally, we instruct the LLM to capture how analysts reason about in�ation during the most recent
surge, using the same narrative classi�cation as in Andre et al. (2024a). We view these type of exercises as
interesting avenues for future research.
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f Topicg// f Entities g// f Valuation Channel g// f Time Outlookg// f Sentimentg

ˆ Entities : �rm, industry, macroeconomy.

ˆ Valuation Channel : cash �ows, earnings, sales, costs, pro�tability margins, discount

rates, relative valuation.

ˆ Time Outlook: past, present, near-future (1-3 years), distant-future (3+ years).

ˆ Sentiment : positive, neutral, negative. This captures whether the argument in question

contributes positively, negatively, or in a neutral way to the price target.

Appendix B and E provide examples of such output. In what follows we describe the

sample and methodology used to extract this information from equity analyst reports.

3.3 Data Collection and Sample

This subsection details how we construct the samples to extract the two elements of analyst

mental models: (i) the valuation methods, and (ii) the lines of reasoning. In brief, we

download the universe of equity analyst reports available on Re�nitiv which forms the basis

for our analysis. For the more cost-intensive parts of the analysis, we then construct a smaller

subsample, as described below.

Universe of equity reports in Re�nitiv. In downloading the universe of equity reports

from Re�nitiv Eikon (LSEG Workspace), we focus on the period from 2000 to 2025 and restrict

our attention to the 43 most common brokerage houses in the data, following Decaire and

Graham (2024). We apply a set of light data �lters during the extraction process, including

a maximum page count of 30, a restriction to English-language and company-speci�c reports

(i.e., we exclude industry and macro reports), as well as the exclusion of reports related to

M&A activity. This results in a total dataset of 2.1 million reports.

From the universe of equity reports, we instruct Gemini Flash 2.0 to extract the number

of �rms covered in the report for which a price target is generated, the market price at the

time of publication, the price target and their currencies, analyst name, location, and phone

number, as well as the word count of the valuation thesis (excluding regulatory boilerplate,

�gures, and tables) and the valuation methods employed (see Appendix B for prompt details).

We exclude reports producing price target for more than one �rm, those for which any of this
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information is missing, those for which the currencies do not match between price target and

market price, and reports that contain less than 200 words or more than 5,000 words.19

In all empirical analyses involving price targets, we scale these forecasts by the �rm's

current price at the time of the report to ensure stationarity and then take the natural

logarithm. This transformation e�ectively yields log expected returns, and we refer to the

scaled variable as �log expected returns,� or simply �expected returns,� throughout the text,

tables, and �gures.

Last, we convert the reports from PDFs to text format, by extracting all available text

content. This includes the valuation thesis, �gure titles and captions, tables, and regulatory

boilerplate language. The �nal sample comprises 1.38 million reports in text format and

serves as the basis for our analysis to extract the valuation methods.

Subsample used to measure reasoning. Since the process we employ to extract the

lines of reasoning is computationally intensive and costly, we use a smaller set of reports to

extract the second component of analysts' mental models. To do so, we select a subsample

designed to be representative while maximizing both time-series and cross-sectional coverage

at the analyst level.

Speci�cally, we begin by identifying the lead analysts from a random sample of 30,000

reports and all reports used in Decaire and Graham (2024). Then, we expand our selection

to include all reports authored by those lead analysts in the �rst quarter of each calendar

year (January 1 to April 1) over the entire range of our sample, i.e., 2000 to 2025. Ultimately,

this procedure yields 301,364 reports covering 18,284 �rms worldwide and authored by 8,578

lead analysts, forming the basis for our analyses of valuation methods and analyst reasoning.

Finally, we isolate the valuation thesis from the other parts of the reports by removing the

text associated with regulatory boilerplate language, �gures, and tables. This yields a cleaner

version of text that focuses exclusively on the narrative content used to justify analysts' price

targets.

19 To validate the accuracy of the extracted data from the �ltered set of reports, we randomly sampled
1,000 reports and instructed two research assistants to manually verify the analyst names, price targets,
market prices, and phone numbers. The extracted information matched the manually veri�ed data in all cases.
Finally, to ensure that analyst names extracted from the reports can be reliably linked to the correct individual
(e.g., distinguishing between �John H. Smith� and �John Smith� both working at Morgan Stanley, or both
analyzing Apple Inc.), we perform a deduplication procedure combining fuzzy matching, large language model
(LLM) assistance, and manual veri�cation.
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3.4 LLM-Based Extraction of Mental Models

This section details how we apply LLMs to extract the two components of analysts' mental

models: (i) the valuation methods, and (ii) the lines of reasoning. We discuss each in turn.

3.4.1 Extracting Valuation Methods

We extract valuation methods from the full universe of reports using Gemini 2.0 �ash. To

validate the accuracy of the prompt, we conducted manual checks on a random sample of

200 reports, with two research assistants and the authors independently reviewing the model

outputs with their subjective assessment. This process not only provided a benchmark for

evaluating the AI's performance but also revealed cases in which trained �nancial professionals'

opinion diverged, allowing us to �ne tune our approach. With this in mind, when extracting

the valuation method tied to the price target, we adopted a conservative strategy: we required

the valuation method to beexplicitly linked to the generation of the price target. This rule

minimizes both disagreement among human coders and between human coders and the AI,

e�ectively permitting clear and consistent output. We then also collected all other valuation

methods mentioned in the report, as well as information on relevant reference points when

multiples were used. Appendix B provides the full prompt along with representative examples

of the extracted valuation methods.

3.4.2 Extracting Lines of Reasoning: a three-step-approach

We extract the lines of reasoning from the subsample of 301,364 reports discussed in Section

3.3. Extracting data on lines of reasoning is a more involved task, as it requires the LLM

to understand the subtleties of analysts' causal reasoning, and to organize these arguments

as directed acyclic graphs containing all the components we aim to collect.20 To do so, we

employed Claude 3.5 Sonnet from Anthropic and introduced a new three-step extraction

method, as well as a new diagnostic tool that allows us to assess the completeness and stability

of our output. Throughout our analysis, we set the temperature and top_ p parameters to

20 While smaller open-source LLMs, such as Gemini are considerable cheaper and perform well for simple
tasks, in our internal tests as of April 2025, we found signi�cant lower output quality and depth when using
those smaller models to extract the mental models, in contrast to using Claude Sonnet.
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zero, which limits variation and prevents the model from introducing content beyond what is

explicitly present in the reports.21 Appendix C displays the full prompt, and Appendix E

provides an example excerpt from an equity report along with the full corresponding model

output.

As discussed in Section 3.2, we structure analysts' reasoning as a combination of a topic

an analyst may be discussing, together with its associated entity, valuation channel, time

outlook, and sentiment. To support the classi�cation of the time outlook node, the report's

publication date is provided. Moreover, to facilitate output veri�cation, we also extract two

snippets of words directly from the report. The �rst one identi�es one or two keywords that

best characterize the sentiment associated with each topic. The second one extracts the �rst

�ve words linked to the relevant section of the text, enabling us to locate the topic within

the document and assess whether the extracted topic is contextually plausible.

To extract this information we then proceed in three steps. The �rst two steps di�er in

the information we provide as input to the LLM. The third takes the output from the �rst

two step and adds additional structure to the topic node.

Speci�cally, in Step 1, we divide each report into 200-word segments and prompt the AI

iteratively on each segment. The 200-word threshold is motivated by the fact that the shortest

documents in our sample contain at least 200 words, and we provide further discussion on

this in Appendix C. Crucially, this chunking method�i.e., segmenting reports into smaller

�sub-reports��improves the AI's ability to detect the full set of topics and enhances output

consistency, as we detail in Section 3.6.

Step 2 then addresses a potential concern with the chunking method�namely, that

segmenting the text introduces the risk of missing topics that span multiple segments and are

therefore not fully captured. In Step 2, we provide the AI with both the full equity report and

all all topics identi�ed in the �rst step. The AI then re-evaluates the report holistically to

21 LLMs can be used for a range of tasks involving unstructured text which broadly fall into two categories:
(i) descriptive extraction, (ii) predictive generation. Our approach is descriptive�we ask the LLM to
summarize and structure information present in the report, rather than to predict outcome based on that
information. Concerns about potential training and data leakage are therefore less of a concern (Sarkar
and Vafa, 2024). Moreover, recent evidence suggest that leakage-induced biases may be modest in certain
�nancial contexts (Engelberg et al., 2025, He et al., 2025). To con�rm that the topics identify by the AI are
e�ectively referenced in reports, the lack of data-leakage in our data collection by showing we are able to
locate 100% of the arguments we extract in the reports themselves.
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identify any potentially missing topics, and adds these topics to the �nal output if necessary.

Importantly, in the �rst two steps, we deliberately imposeno ex-ante structure on the

type of topics the AI is allowed to extract. As long as the AI determines a relation between

a topic and the valuation exercise, we do not initially constraint topics to a prede�ned set

of labels. In Step 3, we instead group the unstructured topics extracted in the �rst two

steps into 139 standardized labels. The construction of this label set is guided by two inputs:

a word2vec-based clustering of 200 commonly extracted topics, and �nancial intuition to

ensure that the resulting labels are intuitive and economically meaningful in the context of

valuation (see Appendix C for further details).22 For the components of our analysis that

rely on interpretability we further aggregate these topics into 32 broader categories (shown

in Appendix F). We perform a series of checks to ensure that our results are not sensitive to

speci�c aspects of the topic classi�cation process, as detailed in robustness tests below.

We present detailed summary statistics on the extracted reasoning in Table I and discuss

these in Section 4.2.

3.5 Basic Report Anatomy: location of topics, sentiment, and time outlook

Before comparing our multi-step prompt to the performance of a naïve, single-step prompt,

we �rst provide detail on the basic �report anatomy� of mental models. Consistent with

the intuition that introductions and conclusions of reports are more content-dense, we �nd

that the LLM extracts slightly more information and topics from the very beginning and

end of reports (Panel A of Figure I; see also Panel C of Figure II, discussed further below).

Moreover, the nature of arguments varies systematically across a report's progression (Panels

B to D of Figure I). Early sections (�executive summary�) tend to be more backward-looking

and review past developments and earnings. The middle section (�investment thesis�) is more

22 We use a two-tier structure for the topic labeling. We �rst instruct the AI to assign each raw topic to
one of 128 re�ned standardized labels (Appendix Table F.1). If no clear match is found, the AI selects from a
second, coarser set of 11 categories (Appendix Table F.2). This approach re�ects the way analysts structure
discussion in equity reports. For example, an analyst might explicitly state, �In�ation pressure will increase
the cost of goods sold,� linking in�ation to costs. In other cases, they may simply write, �The cost of goods
sold will increase,� omitting the causal factor. To capture both types of expressions systematically, our �nal
prompt is designed to favor more granular labeling when possible, while remaining �exible enough to include
broader statements when necessary.
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forward-looking, with sales-related topics dominating the discussion.23 In the �nal section

(�key risks�), analysts tend to focus on future downside scenarios, with sentiment declining

sharply and attention shifting toward industry- and macro-level topics.

One important takeaway from this report anatomy evidence is that di�erent types of

information appear in di�erent parts of analyst reports. As a result, less sophisticated

prompting strategies that disproportionately focus on, for example, the beginning of a report

risk producing mental models that are not only incomplete but also systematically distorted.

3.6 Diagnostic Tools: the importance of a multi-step LLM approach

The �rst step we take to validate our output is to check that the snippets associated with

each line of reasoning are contained in the report. We �nd that 100% of the snippets used to

validate topic extraction are indeed drawn from the original document.24 We next provide

evidence on the importance of using a sophisticated LLM prompting strategy to extract

mental models comprehensively�at least given current capabilities of LLMs. To this end, we

compare the output of our multi-step LLM prompt to that produced by a single-step naïve

prompt, i.e. a prompt that collapses the three-step procedure from the previous section into

a single query.

Comprehensiveness of Extracted Topics. Panel B of Figure II shows that the output

generated by a naïve one-step prompting strategy exhibits both lower breadth (i.e., fewer

topics collected) and lower depth (i.e., fewer individual arguments per topic) relative to our

multi-step approach. When provided with the full text at once, the AI tends to extract

only one argument per topic, a pattern that holds across reports of varying lengths. (The

median report contains just under 1,000 words, but the distribution is right-skewed, with

a substantial number of longer reports, as shown in Panel A of Figure II.) By contrast,

23 This is consistent with our �ndings below on the dominance of top-line items in analyst discussions
(Section 4.2), as well as survey evidence in Graham (2022), which shows that managers primarily focus on
forecasting sales, re�ecting the widespread use of percent-of-sales techniques in pro forma planning.

24 In rare cases (1.4% of snippets), the AI �xed typos or combined non-contiguous text to enhance
interpretability. For instance, in a January 13, 2011 report for RAND.AS from RBC Capital Markets, the AI
extracted � expect further recovery from later-cycle� to represent the text � expect further recovery from[the]
later-cycle.� We view these instances as acceptable in context.

29



our multi-step prompt consistently captures multiple arguments per topic.25 Moreover, the

AI displays a form of �laziness� under the one-step strategy, concentrating data collection

almost exclusively at the beginning of the report (Panel D), whereas our multi-step approach

ensures coverage throughout the full document (Panel C; see also Panel A of Figure I). This

pattern for the single-prompt approach is especially concerning given that, as discussed above,

the nature of information varies systematically across di�erent sections of the report, and

that arguments throughout all sections of a report help in predicting analysts' quantitative

beliefs.26

Stability of Extracted Topics. We also introduce a novel method for assessing the

robustness of extracted mental models and quantifying the degree of AI-induced variability.

To do so, we use an approach that is akin to evaluating coe�cient stability across bootstrapped

samples, or to asking multiple equally well-trained human workers to extract mental models

from the same report. We note this approach can be applied to LLM-based text extraction

across contexts. Speci�cally, we prompt the AI to extract the mental model from a given

equity report repeatedly(ten times) and compute the Jaccard topic similarity score for all

pairs of attempts, de�ned as:

Jaccard similarity =
jA \ B j
jA [ B j

(12)

whereA and B represent the sets of topics extracted in attemptsA and B of a given report,

jA \ B j is the number of overlapping topics across attempts, andjA [ B j is the total number of

distinct topics identi�ed in at least one of the attempts. The Jaccard similarity thus quanti�es

the degree overlap between the topic sets, ranging from 0 (no overlap) to 1 (complete overlap).

We implement repeated prompting using a strati�ed random subsample of 240 reports,

strati�ed by report length. With our multi-step approach, the Jaccard score for topic overlap

25 Appendix Table G.1 con�rms this pattern using within-report statistics. In the average report, 23%
of topics are linked to more than one valuation channel (e.g., sales, costs), and in 24% of cases, a topic is
associated with multiple sentiments (e.g., in�ation is expected to positively impact valuation through sales
but negatively through costs).

26 Speci�cally, as one concrete example for this, Appendix Table G.2 shows that argument sentiment at
all points in the report signi�cantly predicts analysts' price target forecasts (and does so positively, as one
would expect). This result holds both when sentiment from di�erent report sections is included separately
and when it is included jointly as predictors.
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across repeated prompts is consistently very close to 1, across the full distribution of report

lengths. This con�rms that the LLM output is highly stable across repeated LLM extractions

(Panel E of Figure II). By contrast, the single method exhibits greater variability in topic

output, with Jaccard similarity scores consistently lower than those produced by the multi-

step prompt. These discrepancies are even more pronounced when we evaluate Jaccard

similarity as a function of the number of arguments in Panel F.27

4 Analysts' Reasoning

This section starts by presenting aggregate patterns for both components of analysts' mental

models. We then corroborate our theory's predictions that analysts pay more attention to

topics that are more relevant, more volatile, and more easily available, and that the choice of

valuation methods and attention weights are tightly interlinked.

4.1 Valuation Methods are Tailored to Emphasize Important Dimensions and

to Minimize Processing Costs

Across the near-universe of equity reports, Panel A of Figure III shows that the two most

prominent valuation methods used to form price target forecasts are discounted cash �ow

methods (used in 43% of reports), and price-to-earnings multiples (32%), followed by enter-

prise value-to-EBITDA multiples (22%), sum-of-the-parts (16%), and net asset value (6%).

Moreover, 62% of reports use at least one multiples-based approach. Panel B then shows

how the usage of di�erent methods �uctuates over time. Most notably, periods with a large

share of expected negative earnings-per-share estimates see an increase in the usage of DCF

away from P/E multiples.28 This pattern is especially pronounced during the �nancial crisis.

According to our model, this high prevalence of multiples-based approaches may re�ect i)

the ability of multiples to emphasize �rm-features that are actually more important, ii) the

27 The �missing� dots for the single-step prompt beyond just above 20 arguments re�ect the fact that
it never extracts more than this number of arguments to begin with (cf. Panel B of Figure II), let alone
consistently across repeated extraction attempts.

28 Applying a P/E multiple to a negative EPS estimate would result in a negative valuation, meaning that
analysts need to resort to other valuation methods. Panel B also shows how the share of reports using DCF
was rising in the �rst part of our sample. This re�ects changes in regulation that required analysts to disclose
their valuation methods.
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ability of multiples to emphasize features that analysts perceive to be more important, iii) the

greater ease of applying multiples relative to DCF, which allows for lower processing costs.

While the �rst component implies that the choice of valuation method should be based on

�rm fundamentals, the latter two components allow for analyst-speci�c characteristics, such

as their background and training, to also play a role. In what follows, we provide evidence

that both �rm- and analyst-speci�c traits contribute to the choice of valuation methods, and

then consider the relative importance of each component.

Firm Characteristics. Starting from the relevance of �rm-speci�c features in shaping the

choice of valuation method, Panel A of Figure IV reveals substantial variation in valuation

methods across industries, while Figure V examines variation in the cross-section of stocks. It

shows that, even after controlling for the share of negative EPS estimates, DCF methods are

relatively more common for small, young, and growth �rms, for which future cash-�ows play a

larger role.29 These patterns persist once we include analyst-�rm �xed e�ects, particularly for

growth and small stocks. This is consistent with our model's prediction that, conditional on an

analyst's type (e.g., holding �xed their background, general expertise, and location/culture),

analysts do indeed tailor valuation methods to emphasize more important dimensions as

�rms change over time.

Analyst Characteristics. Turning to the role of analyst-speci�c traits in driving their

choice of valuation methods, we consider how the choice of valuation methods varies with

analyst's expertise and familiarity with di�erent valuation methods. Di�erent levels of

training may introduce di�erences in analysts' ease and ability to process information using

a given valuation method, leading analysts to sort into the usage of di�erent methods for the

same �rm. To examine the role of analyst training, we exploit the fact that the structure

of the reports provides information on when analysts were in training, together with the

identity of their boss (i.e., their mentoring lead analyst). Speci�cally, analysts usually work in

teams: the �rst name listed on the report identi�es the lead analyst, while non-lead analysts

are listed after that. We then measure �boss style� before an analyst becomes a lead, and

29 Patterns across industries in Panel A of Figure IV are also consistent with our theory's prediction. For
example, the relatively higher usage of DCF methods in information and professional services is consistent
with the forward-looking nature of these industries, which often focus on innovation and long-run investment
horizons. Instead, the dominance of multiples-based approaches in industries such as retail is consistent with
their emphasis on observable comparables.
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examine how this in�uences analysts' mental models once they assume the lead role.

Panel A of Table II shows that once analysts become lead, they are much more likely

to use a DCF method (relative to other analysts covering the same stock in the same year)

when their boss during training had a higher propensity to use DCF methods. When moving

from a mentor who exclusively used multiples to one who exclusively used DCF methods, we

�nd a 26 percentage point increase in DCF usage. While this estimate could partly re�ect

assortative matching of analysts based on their ex ante �style,� we �nd evidence consistent

with a direct �mentor imprinting� channel. As predicted by our model, the boss e�ect grows

with the duration of exposure and fades over time once the analyst becomes a lead. Providing

further support, Panel C of Table II shows that the mentor e�ect remains robust even when

the analyst is trained at a di�erent brokerage house, indicating that it is not simply driven

by house-level culture or practices.

The mentoring patterns suggest that di�erences in analysts' training and familiarity with

valuation methods may aggregate up to regional di�erences in valuation practices, possibly

reinforced by other forces. To test this, we investigate broader systematic regional variation.

Consistent with the above intuition, Panel B of Figure IV shows that European analysts

have a higher propensity to employ DCF models than their American counterparts, where we

determine analyst location based on the country codes in the extracted phone numbers. The

geography�method patterns hold even once we include �rm-year �xed e�ects (Figure G.2),

indicating that this result does not simply capture analysts in di�erent continents sorting

into covering di�erent �rms.

Relative Importance of Firm and Analyst Characteristics. Overall, the above results

show that conditional on an analyst's type (and ability to process information using di�erent

valuation methods), analysts tailor their valuation methods to highlight the most important

dimensions of the �rm they are covering. However, training and experience with processing

information through di�erent methods also plays a meaningful role. As one way to summarize

these patterns quantitatively, we perform a partialR2 decomposition of valuation method

choice, which captures the share of total explanatory power attributable to each �xed e�ect,

holding the others constant. Figure VI shows that most of the systematic variation in analysts'

choice of valuation methods is explained by analyst �xed e�ects, followed by a smaller but
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still meaningful contribution from �rm �xed e�ects. Brokerage house and year e�ects instead

account for negligible shares of the variation.

4.2 Attention Allocation to More Relevant, Volatile, and Available Topics

Next, we turn to analyzing the second component of our de�nition of analysts' mental models.

Table I shows summary statistics of the lines of reasoning we extract using the main sample

of 301,364 reports described in Section 3.3. The average report contains 39 distinct lines

of reasoning, comprising 16 out of 139 distinct topics per report, with each topic discussed

through 2.3 individual arguments.30

At an aggregate level, Figure VII shows that analysts predominantly focus on top-line

items (with 40-50% of arguments relating to sales), �rm-related topics (75-80% of arguments),

and forward-looking arguments (50-60% of arguments relate to the near-future). Moreover,

our measure of sentiment (coded as+1 = positive, 0 neutral, and � 1 = negative), attention

to top-line items, and attention to �rm-related topics are pro-cyclical, while focus on discount

rates and macro-related topics is counter-cyclical and doubles during the �nancial crisis.31

Table III additionally shows how di�erences in attention to the two most prominent valuation

channels (sales and costs) translate into di�erences in analysts' quantitative forecasts. When

news has a positive (negative) sentiment, greater attention to a given variable leads to an

increase (decrease) in analysts' price targets.32 Moreover, Table G.3 shows that the average

time outlook and sentiment of a report are also both individually and jointly predictive of

analysts' quantitative forecasts.

Firm Characteristics. At a �ner level, Figures VIII and IX present heatmaps showing

the average share of attention that the typical report in our sample allocates to each topic

in a given year. The �rst �gure shows attention to the 50 most frequently discussed topics,

30 For example, analysts may talk about in�ation (a topic) both in terms of costs and in terms of sales (two
di�erent valuation channels), resulting into two di�erent lines of reasoning associated with the same topic.

31 Appendix Figure G.3 further shows that sentiment is most volatile for arguments that relate to the
near-future, while distant-future sentiment is both more stable and more positive than sentiment at other
horizons.

32 For example, a one standard deviation increase in positive-sentiment (negative-sentiment) sales attention
is associated with an upward (downward) shift in price target forecasts of 6% (12%) relative to the mean,
including when estimated using only within-analyst-�rm and within-�rm-year variation. The corresponding
e�ects for attention to cost channels are slightly smaller but remain economically meaningful.
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whereas the second �gure shows attention to the remaining 75 topics. Our theory predicts that

analysts should allocate more attention to topics that are more relevant, volatile, and easy to

process. In what follows, we start by exploiting time-series and cross-sectional coverage of

stocks to illustrate the role of relevance and volatility. We then exploit di�erential experiences

across analysts to provide evidence that the availability of a variable also a�ects attention

allocation.

Consistent with the predictions that attention allocation is based on a variable's relevance

and volatility, topics vary both in the amount of attention they receive, and in how stable

their attention allocation is over time. With this in mind, we identify three types of topics.

First, there are topics that are relevant and volatile, and which therefore receive a large

and persistent share of attention. This includes topics related to fundamental drivers of

cash �ow generation, such as customer demand, market expansion and market share, capital

expenditures, cost structure and e�ciency, and mergers and acquisitions. Second, there are

topics that are relevant but stable, and which only receive heightened and transitory attention

when they deviate signi�cantly from their steady state values. Most notably, taxation becomes

more prominent during the �rst term of the Trump administration, attention to tari�s spikes

during both terms of the Trump administration, and topics related to public health, supply

chain issues, and in�ation receive heightened attention starting in 2020. The third type of

topics re�ects emergingones, and which receive attention as either their true or perceived

relevance rises over time. Examples of topics whose relevance changed over time include

environmental policies and ESG as well as corporate social responsibilities (CSR), which

are much more prominent in the latter part of the sample. Similarly, AI and cognitive

applications, automation and robotics, and cybersecurity and data protection emerged as new

topics only recently. This last category of topics highlights our ability to �exibly capture new

categories that analysts deem relevant for valuation, and allows us to e�ectively study changes

in representations over time, as further discussed in Section 6.33 Finally, Appendix Figures

G.8 through G.15 show how attention to topics varies based on relevance and volatility across

33 In the appendix, we also show intuitive relationships between topics (and topic categories) and both
time outlook and sentiment (Figures G.4 to G.7).
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industries.34

Analyst Characteristics. Having established that analysts pay more attention to more

prominent and more relevant variables, we turn to the last component of our model that

in�uences attention allocation: processing costs. To do so, we exploit variation in training

and experiences across analysts, which may make certain variables more easily processable

or readily available to some analysts than others. We �nd evidence for both top-down and

bottom-up e�ects.

Regarding top-down factors, we again �nd strong evidence of mentor e�ects, consistent

with the pattern observed for valuation methods. Panel A of Table II shows that once analysts

become leads, they tend to tilt their attention allocation toward the focus areas emphasized

while they were training under their mentors. Moreover, the e�ect is stronger with greater

mentor exposure, and gradually attenuates with tenure as lead.35

Regarding bottom-up e�ects, we use our information on analyst location, inferred from

their phone numbers, to assess whether di�erences in analysts' exposure to certain variables

a�ects how much attention they allocate to them. Table IV shows that analysts that are

closer to a company's headquarters have a greater focus on �rm-related topics than analysts

located further away, who instead focus more on macro-related topics.36 Moreover, Table

V shows that inference from local in�ation experiences also in�uences analysts' attention

allocation. Analysts located in countries with higher in�ation pay more attention to in�ation,

even for �rms headquartered inother countries and controlling for the level of in�ation in

the �rm's country. Speci�cally, this positive association emerges mainly when local in�ation

is su�ciently salient; speci�cally, when it exceeds the commonly referenced 2% threshold.

Together, these analyses provide evidence that bottom-up factors also play a meaningful

34 For example, in resource-dependent sectors such as oil & gas and mining, forecasters tend to focus on
commodity and raw material prices, oil and gas prices, and production capacity��rms' ability to secure
natural resource reserves (Appendix Figure G.12). By contrast, dynamic and innovation-driven industries,
such as the information sector and professional and scienti�c services, place greater emphasis on capital
investment, customer acquisition, market share, and product and service mix (Appendix Figures G.10 and
G.11). Appendix Figure G.16 shows how topic attention varies by whether analysts' arguments refer to the
�rm, industry, or macroeconomy.

35 Panel B of Table II presents corresponding evidence of mentor e�ects for both argument sentiment and
time outlook. Panel C further shows that these e�ects once again extend beyond brokerage-house �borders.�

36 Table G.4 shows a strong mental model alignment e�ect associated with geographic proximity. Analyst
pairs located in the same country exhibit signi�cantly greater similarity in both narrative topics and arguments,
with economic magnitudes comparable to those observed for shared valuation techniques in Table G.5.
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role in determining analysts' attention allocation. Both tables further indicate that these

bottom-up factors shaping attention carry through to analysts' forecast errors.37

Relative Importance of Firm and Analyst Characteristics. To summarize these

patterns, we again perform a partialR2 decomposition, which now shows that most of the

systematic variation in topic attention arises at the �rm level, followed by a smaller but

still meaningful contribution from analyst �xed e�ects (see Panel B of Figure VI). Variation

attributable to brokerage house and year e�ects remains minimal.

4.3 Valuation Methods and Attention Allocation are Closely Linked

In this section we validate our theory's prediction that the choice of valuation method and

attention allocation are tightly interlinked. There are two dimensions to this argument, which

we discuss in turn.

First, conditional on analyst type, our theory predicts that analysts should choose both

valuation methods and attention weights to emphasize the more relevant variables. An

illustrative example of this pattern stems from looking at how changes in attention and

valuation methods jointly vary across value and growth stocks. Consistent with the fact that

long-term outcomes are more relevant for growth stocks, Figures V and G.21 show that, when

covering growth relative to value stocks, analysts are not only relatively more likely to use

DCF methods (which put more emphasis on the long-run) but they are also more likely to

focus on a more forward-looking future-outlook. These results hold even when we include

analyst-�rm �xed e�ects. This allows us to control for analyst type (e.g., their background

and training) and capture how analysts' choices of valuation method and attention allocation

vary as the underlying �rm changes over time. These results therefore con�rm that analysts'

focus on more future-oriented arguments when using DCF instead of multiples re�ects their

take on fundamentals and is not purely driven by their training or �rm-speci�c knowledge.

Second, our theory also predicts that if analysts disagree in their choice of valuation

method when covering the same �rm at the same point in time, their attention allocation

37 Speci�cally, greater proximity to a �rm's HQ predicts forecast errors negatively (i.e., is associated
with more forecast overshooting), whereas local in�ation exposure predicts forecast errors positively (i.e., is
associated with less overshooting). These patterns are consistent with our later evidence in Section 7, showing
that analysts tend to overreact to �rm-speci�c topics and underreact to macroeconomic ones. We note that
both Tables IV and V show that results are robust to controlling for within-valuation-method di�erences.
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should also di�er in a way that re�ects those choices. Speci�cally, topic attention should

vary across valuation methods depending on which variables are most relevant under the

chosen model. Consistent with the fact that DCF and multiples put di�erential emphasis

on di�erent variables, Figure X and Table VI show that time outlook and topic coverage

di�er systematically across DCF and multiples-based methods. Starting from di�erences in

time outlook, Table VI shows that DCF usage is associated with arguments that are more

forward-looking even once we control for �rm-year �xed e�ects, or additionally analyst-�rm

�xed e�ects. 38

Turning to topic coverage, Figure X shows that analysts using DCF focus more on topics

related to systemic risk, interest rates, corporate investment, and GDP growth. These

patterns are consistent with analysts reasoning in terms of projecting cash �ows into the

future and discounting them back to present value. Instead, analysts covering the same

�rms using multiples-based approaches have a greater focus on customers, products, and

pricing�topics that re�ect analysts' reasoning in terms of comparables.

These di�erences in reasoning then translate into systematically di�erent forecasts, as

shown in the last column of Table VI: evaluating a �rm using DCF produces systematically

higher price targets than evaluating the same �rm at the same time using multiples.39

5 Properties of Analysts' Reasoning

So far we have shown that analysts' valuation methods and attention allocation are determined

by both top-down and bottom-up factors. Regarding attention, Table I shows that this

38 The speci�cation with analyst-�rm �xed e�ects in Panel B of Table VI relies on within-analyst-�rm
variation (i.e., changes in how an analyst evaluates a given �rm over time). Changes in valuation methods
over time may then be driven by: i) an analyst's beliefs of changes in �rm fundamentals over time, ii) changes
in an analyst's familiarity with di�erent valuation methods over time. To show that results are not only
driven by the second channel, Panel C shows that DCF usage is still associated with more forward-looking
arguments even when including analyst �xed e�ects and focusing on cases where analysts did not change
their valuation methods for the speci�c �rm. This suggests that at least part of the e�ect that we are picking
up does in fact re�ect that attention allocation and valuation methods are interlinked.

39 Relatedly, Table G.5 shows that, when comparing pairs of analysts forecasting the same �rm at the
same time, those who align in their valuation method also align more closely in their topic attention and
arguments. Topic and argument similarity across analyst pairs increase by 6% and 4% relative to the mean,
respectively, when analysts use the same valuation method. Additionally, Table G.6 provides further evidence
of mental model alignment across analysts, extending beyond valuation methods and attention to include
alignment across argument components such as time outlook, valuation channels, and sentiment.
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results in them only considering 16 out of 139 possible topics in their reports on average.

Moreover, there is only a 33% overlap in topics coverage across analysts evaluating the same

�rm in a given year on average (Panel D). These results persist even when we examine the

longest decile of reports, and when we vary the granularity of our 139-topic classi�cation

scheme by creating coarser categories with much lower topic similarity (Panel E).40

These patterns raise three questions. First, whether the arguments we extract re�ect a

complete representation of analysts' mental models, or whether there may be other components

of their reasoning that we systematically do not capture. Second, whether analysts' seemingly

parsimonious models are justi�ed by fundamentals, or lead to predictable mistakes in their

quantitative forecasts. Third, if mental models are indeed sparse, we analyze whether such

sparsity re�ects rigidity in analysts' mental models, and if so what leads analysts to update

their models. We address each question in turn.

5.1 Mental Model Completeness

To assess whether the mental representations that we are capturing are complete, or whether

we are missing important arguments of analysts' reasoning that they omit from their reports,

we analyze whether there exist topics that are absent from an analyst's report but still

relevant for explaining the analyst's quantitative forecasts. The most natural candidates for

such relevant yet omitted topics are those covered by other analysts for the same �rm-year.

We �nd that topics excluded from a given report but included by other analysts do not

meaningfully increase the explanatory power of analysts' quantitative forecasts. Speci�cally,

the left bar in Figure XI shows that adding excluded topics discussed by peers increases the

in-sampleR2 only slightly, with more than 90%of the explainable variation in price target

forecasts stemming from topics analysts include in their own reports. The �gure is based

40 To assess the extent to which varying the granularity of topic de�nitions a�ects the extent of topical
overlap, we calculate the semantic similarity between topics using cosine similarity scores based on OpenAI-
generated text embeddings of each topic labels. Appendix Table G.7 illustrates this procedure for the topic
antitrust . We �nd that scores of 0.85 and above typically identify logically similar topic pairs. In contrast,
scores around 0.80 often group conceptually distinct topics. We use these thresholds as benchmarks for
evaluating the robustness of our �ndings. We also conduct a �kill test� to determine the level of topic
coarsening required for at least 90% of analyst pairs to achieve a Jaccard score of 1. The resulting threshold
is implausibly low, requiring the aggregation of topics with similarity scores as low as 0.76. This is akin to
grouping antitrust with commodity prices and housing demand.
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on the longest 5% of reports�chosen for consistency with the follow-up analysis of forecast

errors below�but the result that included topics account for the vast majority of explainable

variation holds across report lengths (Figure G.17). The �nding also remains unchanged when

we estimate theR2 for included topics via an elastic net model with shrinkage, which guards

against over�tting (also Figure G.17). Thus, while topics included contribute to explaining

analysts' quantitative forecasts, topics excluded but discussed by others play a smaller role,

suggesting that the mental models we capture are in fact complete.

5.2 Mental Models are Sparse

Next, we explore whether the parsimony of analysts' mental models is warranted by funda-

mentals, or re�ects omitted dimensions of reasoning. To do so, we analyze whether omitted

topics can help explain analysts' forecast accuracy. The left bar in Figure XI compares the

R2 obtained from regressing the size of analysts' forecast errors on included topics alone

versus including both included and excluded topics. Excluded topics account for more than

30% of the explainable variation in analysts' forecast accuracy, even though, as discussed, the

exercise focuses on the 5% longest reports, which o�er the best-case setting for capturing the

breadth of analysts' argumentation. Unsurprisingly, then, excluded topics also substantially

predict forecast errors across shorter reports (Figure G.17).

Taken together, the fact that omitted topics do not meaningfully help in explaining

analysts' quantitative forecasts, but instead contribute substantially to explaining their

forecast errors, suggests that the sparse nature of analysts' mental model is not justi�ed by

fundamentals and may instead be driven by limited cognitive resources.

5.3 Mental Models are Rigid (and Adjust with Large Forecast Errors)

Having provided evidence on mental model sparsity, this section examines how rigid analysts'

mental models are, both in the time series and in the cross-section. Along the time-series

dimension, we assess the persistence of analysts' mental models and ask what, if anything,

leads them to revise them. Similarly, along the cross-sectional dimension, we are interested

in understanding whether analysts adopt a similar mental model across all stocks they cover,

or whether they tailor their models to each �rm.
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Mental Model Rigidity Over Time. Panel A of Table VII shows that, when covering the

same stock over time, there is more than an 80% year-on-year overlap in valuation methods

(DCF vs. multiples-based approach), and a 40% overlap in the topics analysts discuss. To

assess whether this level of persistence re�ects objective changes in fundamentals, or analyst-

speci�c rigidity in mental models, we use other analysts' topic coverage as a benchmark using

an analyst-pairing design with �rm-year �xed e�ects to isolate analyst-speci�c rigidity.41 The

estimates in Panel A of Table VII then indicate that about 37% of the year-on-year valuation

method overlap, and 20% of the year-on-year topic overlap (i.e., Jaccard similarity), stem

from idiosyncratic analyst rigidities, with the remainder re�ecting changes in the information

environment that are common to all analysts.

Figure XII sheds further light on which topics are more versus less associated with

temporal rigidity. We estimate a similar persistence speci�cation separately for each topic

category, asking whether an analyst is more likely to discuss a given topic today for a given

�rm if they emphasized that topic in prior years (up to �ve lags), while continuing to include

�rm-year �xed e�ects, which absorb the �rm-year benchmark level of topic coverage shared

across analysts. The resulting impulse-response patterns reveal meaningful di�erences across

topics: macroeconomic and policy themes tend to display more pronounced persistence,

including over multi-year horizons, whereas �rm-speci�c or event-driven topics exhibit a more

modest, though still positive, degree of individual rigidity.

Despite this rigidity, Panel B of Table VII shows that analysts shift their topic focus by

2.5% more following large forecast errors, including when we estimate this using within-�rm-

year di�erences. Instead, large switches in analysts' choice of valuation methods are more

likely to occur in unison. The �rst two columns in Panel B of Table VII show that, while

analysts are more likely to change valuation methods following periods with large forecast

errors, these patterns are not robust to including �rm-year �xed e�ects. This likely re�ects

the fact that a large fraction of analysts tend to adjust their valuation methods following

41 Speci�cally, we assess the similarity in mental models between an analyst's report on a given �rm in
a particular year and reports on the same �rm in the following year, regardless of whether the subsequent
reports are written by the same analyst or by others. Table VII then shows that when pairing an analyst
with themselves raises the overlap in valuation methods by 0.33, relative to a baseline overlap of 0.49, and
the overlap in topics covered by 0.08, relative to a baseline overlap of 0.32. The speci�cations with �xed
e�ects in the even-numbered columns provide the tightest possible estimation, holding �rm-year constant and
comparing residual di�erences between cases where the analyst is matched to themselves versus someone else.
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large events, such as during the �nancial crisis, as least in part due to practical constraints in

applying certain valuation methods at these points in time. Consistent with this, Panel B of

Figure III shows a strong correlation between the use of speci�c valuation methods over time

and the presence of positive earnings per share estimates.

Taken together, this evidence indicates that analysts' mental models exhibit substantial

inertia: while a meaningful share of the year-on-year stickiness is common across analysts,

a substantial portion re�ects individual speci�c styles and model rigidity. Moreover, larger

forecast errors can contribute to analysts making bigger changes to their mental models.

Mental Model Rigidity in the Cross-section. Table VIII shows that there is more

than a 70% congruence in valuation methods, and a 30% overlap in topics, across stocks

covered by a given analyst in the same year. Table G.8 shows how these overlaps increase

further for �rms located in the same country or operating in the same industry (Panel A),

and decrease with greater industry distance (Panel B).

To understand whether this level of rigidity re�ects analyst-speci�c styles or whether

it is warranted by the stocks an analyst covers having similar fundamentals, we perform

a similar exercise to that we used in the time series and we once again use comparisons

with other analysts as a benchmark. The estimates in Table VIII show that 33% of the

across-stock valuation-method overlap, and 13% of the across-stock topic overlap come from

analyst rigidities.42

Taken together, this evidence indicates that analysts' mental models are rigid in the

cross-section as well. In light of our theoretical framework, this may re�ect synergies in

paying attention to the same topic across �rms: for example, if an analyst is paying attention

to in�ation when covering one stock, then the marginal cost of paying attention to in�ation

when covering another stock is lower.

42 Furthermore, as shown in Table G.9, cross-sectional rigidity in analysts' reports persists for technical,
less narrative-oriented topics (e.g., covenants and inventory management, as opposed to market share and
expansion), which may align more naturally with internal belief formation than solely with persuasive
messaging.
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6 Changes in Valuations Over Time and Disagreement

Having established the key properties of analysts' mental models, we next analyze how their

di�erent components shape analysts' quantitative forecasts, and provide evidence on which

topics contribute most to i) changes in valuation over time, and ii) disagreement.

To do so, we start from the theoretical framework in Section 2, according to which price

targets can be written as:

Ei
t [pf t +1 ] =

KX

k=1

mi
kf t (skf t � � kf t ) ai

kf t +
KX

k=1

mi
kf t � kf t (13)

By re-arranging this expression, we can re-write it in terms of expected returns:

Et [p̂i
f;t +1 ] � Ei

t [pf;t +1 ] �
KX

k=1

mi
kf t � kf t =

KX

k=1

mi
kf t (skf t � � kf t ) ai

kf t (14)

wherep̂ denotes returns, notation that we maintain throughout the rest of the paper.

By interacting our measure of attention with sentiment, our data allows us to obtain

a proxy for � i
kf t � ai

kf t (skf t � � kf t ). Speci�cally, our measure of attention proxies for

j� i
kf t j � ai

kf t j(skf t � � kf t )j, meaning that an analyst talks about a topic more either because

they pay more attention to it, or because there is a greater news component associated with it.

Our measure of sentiment then allows us to further sign this quantity, so that the interaction

of these two components provides us with a proxy for� i
kf t � ai

kf t (skf t � � kf t ).43 To highlight

the components of (14) that are observable, we re-write it as:

Ei
t [p̂f;t +1 ] =

KX

k=1

mi
kf t � i

kf t (15)

where � i
kf t � (skf t � � kf t )ai

kf t . Building on this expression, we can then analyze the key

drivers of changes in valuation, disagreement, and forecast errors. In order to limit the

dimensionality of the variables we include on the RHS of the regressions that follow, and to

43 Strictly speaking, we think of our attention measure as capturing news in terms of percentage changes:�
skf t � � kf t

� kf t

�
ai

kf t . This does not change the interpretation of the results that follow, as we can multiply and
divide the relevant coe�cients by � kf t .
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improve interpretability, we group our 139 topics into the 32 categories described in Table

F.1.

6.1 Changes in Valuations Over Time: how analysts represent features plays a

bigger role than how they price those features

Given the theoretical framework and equation(15) above, we can write changes in valuations

over time as:

Ei
t [p̂f t +1 ] � Ei

t � 1[p̂f t ] =
KX

k=1

�
mi

kf t � � i
kf t + � mi

kf t � i
kf t � 1

�
(16)

where� i
kf t � (skf t � � kf t ) ai

kf t and � � i
kf t = ( skf t � � kf t )� ai

kf t + � skf t ai
kf t . Thus, changes

in valuation over time may re�ect either shifts in how analysts represent the �rm (changes in

attention and perceived changes in fundamentals) or in how they price di�erent attributes

(changes in valuation weights). Once we estimate this as a regression, Figure XIII shows how

much each component contributes to changes in price targets over time. We note that while

our proxy for � m�changes in valuation model choice between multiples and DCF�captures

the broad shifts in valuation approach, it abstracts from �ner within-model re�nements,

such as moving from a two- to a three-stage DCF. Panel A of Figure XIII plots how much

each category contributes to changes in valuation over time due to changes in how analysts

represent it (mi
kf t � � i

kf t ), while Panel B shows each category's contribution due to changes in

how analysts price it(� mi
kf t ai

kf t � 1).

Three patterns are worth highlighting. First, when we aggregate the two channels of

interest across all categories, changes in representations account for a bigger source of valuation

changes over time than do changes in valuation weights (64% vs. 36%).44 These patterns are

consistent with the results in Section 5.3 showing that analysts are more rigid in their choice

of valuation method than in their coverage of di�erent topics over time. Second, while the

above pattern typically holds at the topic level as well, the estimates suggest two exceptions:

innovation/R &D and environment. For these two categories, the point estimates indicate

that changes in valuation weights contribute just as much as changes in representations. This

44 This decomposition is based on each panel's share of the sum of coe�cients (in absolute value) across
Panels A and B. See the caption of Figure XIII for additional detail. In each panel, we can reject that all
coe�cients are jointly zero ( p < 0:0001).

44



is consistent with recent trends showing increased investor focus on intangible assets and ESG

considerations, which may prompt analysts to adapt both how frequently they discuss these

topics and how they factor them into valuation models.45 Third, when looking at the overall

contribution of each category, we notice that attention to �rm-related topics contribute the

most to analysts increasing their price targets, while macro related topics contribute the most

to analysts revising their price targets down.

6.2 Disagreement: how analysts attend to features plays a bigger role than how

they price those features

Next, we turn to studying the drivers of disagreement across analysts forecasting the same

�rm at the same point in time. Given our framework, we can express disagreement among

analyst pairs as:

Ei
t [p̂f t +1 ] � Ej

t [p̂f t +1 ] =
KX

k=1

�
mi

kf t (� i
kf t � � j

kf t ) + ( mi
kf t � mj

kf t )� j
kf t

�
(17)

where � i
kf t � (skf t � � kf t ) ai

kf t and � i
kf t � � j

kf t = ( ai
kf t � aj

kf t )(skf t � � kf t ). The expression

in (17) shows that analysts can disagree either because they use di�erent valuation weights

(mi
kf t � mj

kf t ) and/or because they use di�erent attention weights across variables (ai
kf t � aj

kf t ).

We start by showing how each component contributes to disagreement, and then consider

their relative roles.

Columns 1 to 4 of Table IX show that di�erences in valuation methods and di�erences in

topic and argument alignment both individually contribute to disagreement.46 The latter

holds even with analyst-�rm �xed e�ects and when, similarly to Table VI and shown in

Table G.11, estimated on the subsample of analysts who have consistently used the current

valuation method for the �rm. The results in columns 5 and 6 of Table IX then further show

that when jointly examining the roles of valuation method overlap and topic and argument

overlap in explaining forecast disagreement, topic and argument similarity are associated

with larger e�ect sizes. In other words, di�erences in attention weights seem to have a larger

45 See Pástor et al. (2021) for a recent review on sustainable investing.
46 Table G.10 shows robustness to alternative topic classi�cations, grouping topics that are semantically

su�ciently close based on either a 85% or 80% similarity cuto�.
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impact on disagreement than di�erences in valuation methods.

To corroborate this conclusion, and to shed further light on which topics contribute most

to disagreement, we run the regression outlined in equation(17). We do so by considering

analyst pairs (forecasting the same �rm at the same point in time) where one analyst bases

their price target on a multiples-based valuation (without any mention of DCF), and the

other on a DCF-based valuation (without any mention of multiples). We systematically sort

the pairs as (multiples, DCF), so that the di�erence in valuation weights captures the e�ect

of multiples- relative to DCF-based methods for the same �rm on the same year.47

Figure XIV then shows how much each component contributes to disagreement. Speci�-

cally, Panel A plots how much each category contributes to disagreement due to di�erences

in attention weights
�
mi

kf t (� i
kf t � � j

kf t )
�
, while Panel B shows each category's contribution

due to di�erences in pricing, again proxied by di�erences in valuation model choice between

multiples and DCF
�
(mi

kf t � mj
kf t )� j

kf t

�
. Comparing the two panels of Figure XIV con�rms

that di�erences in how analysts attend to various variables contribute substantially more to

overall disagreement than di�erences in how they price them (83% vs. 17%).48

Panel A of Figure XIV then shows that it is speci�cally attention to �rm-related categories

that generates the most disagreement, while macro-related categories play a smaller role.

Turning to Panel B, we notice that there are two di�erent types of categories that contribute

to disagreement via di�erences in valuation weights. The �rst type is once again �rm related,

and includes product, production/utilization, and governance, indicating that analysts do

disagree on how to price topics related to the �rm's core operations. The second type includes

categories associated with major trends or events which have generally been associated

with displacements, bubbles and crashes (Kindleberger, 1978, Pástor and Veronesi, 2009,

Bastianello and Fontanier, 2025):49 the positive and signi�cant coe�cient on innovation/R &D

(which includes topics like AI and cognitive applications, technology lifecycle, trade secrets and

patents, clinical trials) suggests that there is disagreement in how analysts price new products

47 For completeness, Figure G.18 reports results when analyst pairs are systematically sorted as (DCF,
multiples), such that di�erences in valuation weights capture the e�ect of DCF- relative to multiples-based
methods. The results remain virtually identical.

48 Again, we can reject that all coe�cients in each panel are jointly zero (p < 0:0001 and p = 0 :0016,
respectively).

49 See Brunnermeier and Oehmke (2013), Xiong (2013), Barberis (2018), and Su� and Taylor (2022) for
exhaustive surveys on bubbles and crashes, and �nancial crises.
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and technologies, while the signi�cant coe�cient for housing market (which includes mortgage

rates, home price, housing demand, and housing supply) is consistent with disagreement on

these issues in the lead up to the �nancial crisis.

Overall, our analysis suggests that both di�erences in valuation weights and di�erences in

how analysts represent �rms contribute to disagreement. While the latter component plays a

larger overall role, there are meaningful di�erences in how analysts price topics that have

traditionally been associated with mispricing, such as innovation and housing markets.

7 Biased Beliefs and Asset Pricing

This section explores the extent to which analysts' mental models are associated with biased

beliefs, and how such biases translate into asset prices.

7.1 Which Topics Drive Over- and Underreaction?

While it is well-known that analysts' price targets are on average over-optimistic (leading to

negative forecast errors on average, as shown in in Panel C of Table I), in this section we

study the extent to which di�erent components of analysts' mental models contribute to over-

or underreaction to information.

One of the standard approaches to study over- and underreaction comes from running

Coibion-Gorodnichenko (CG, 2012, 2015) regressions, which involve regressing forecast errors

on forecast revisions. A positive coe�cient is usually interpreted as evidence of underreaction:

although forecasters revised their beliefs upward (downward), they did not update up

(down) su�ciently. Conversely, a negative coe�cient is generally interpreted as evidence of

overreaction, as it implies that forecasters updated their beliefs too strongly in the direction

of the news.

The bene�t of running CG regressions is that they do not require knowledge of the

underlying data generating process. However, they do require observing both forecast errors

and forecast revisions for a �xed end date. Because analysts consistently provide 12-month

ahead price targets, we do not observe the relevant forecast revisions. Therefore, we are not

generally able to run such regressions for price targets.
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Nonetheless, our data collection e�orts allow us to make progress on this question by

exploiting our measure of sentiment, and running the following �CG-like� regression:

p̂f t +1 � Ei
t [p̂f t +1 ] =

KX

k=1

�
� +

k � i +
kf t + � �

k � i �
kf t

�
+ � f + � fkt (18)

where� i +
kf t � � i

kf t � 1(skf t � � kf > 0) and � i �
kf t � � i

kf t � 1(skf t � � kf < 0), while � +
k and � �

k

are our coe�cients of interest, and � f are �rm �xed e�ects. Importantly, our measure of

sentiment indicates whether the speci�c argument an analyst puts forward contributes to an

increase or decrease in the associated price target. In other words, it provides information

about the direction of the analyst's valuation revision. Conditional on knowing that analysts

revised their beliefs up, a positive forecast error is then indicative of underreaction (the

analyst updated upward but not enough), while a negative forecast error is indicative of

overreaction (the analyst updated upward but too much). Similarly, the same logic applies in

the case of downward revisions.

Therefore, not only does our data allow us to run a variant of the traditional CG regression

on price targets (which prior literature was not able to do), but we are also able to provide a

much more granular picture as to the exact types of information to which analysts tend to

over- or underreact to when valuing stocks.

Figure XV shows the results from this exercise once we aggregate positive and negative

coe�cients. There are two sets of results worth highlighting. First, the �gure shows that

analysts tend to overreact to �rm-related news and underreact to macro-related news. Most

notably, we observe that they underreact to monetary policy and rates, consistent with with

evidence in prior work that has shown prevalence of underreaction in forecasts about interest

rates (Bordalo et al., 2020b). Moreover, overreaction to �rm-related topics and underreaction

to macro-related topics both contribute to overly optimistic forecasts, on average. To see this,

recall that Figure XIII showed that increased attention to �rm-related variables contributes

to higher price targets, while increased attention to macro-related variables decreases price

targets. Therefore, amplifying the upward movement and dampening the downward ones

both push forecasts towards being on average too optimistic.

One way to understand these patterns through the lens of our model is to recognize the
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role of analyst incentives, as these alter their perception of how relevant di�erent topics are. If

analysts are expected to focus their reports on �rm-related topics rather than macro-related

events, then they may wish to over-emphasize the relevance of the former, and de-emphasize

the relevance of the latter, leading to the observed patterns in over and underreaction.

Interestingly, analysts' incentives can also contribute to rigidity if they see value in providing

a consistent story over time. While analyst incentives constitute an important aspect that

shapes analyst reasoning, we leave a more in depth exploration for future research.

Finally, we conclude our analysis on over and underreaction by revisiting the three topics

discussed in prior sections: innovation/R&D, housing market, and environment. We observe

overreaction to the �rst two topics (consistent with these having been associated with bubbles

and crashes by prior work), while we observe no systematic bias in how analysts process

information about the environment. One potential explanation for the lack of over- or

underreaction to this latter topic may be that analysts correctly predict investors' mispricing

of it. This would also be consistent with the results in Figure XIV, which shows relatively

little disagreement among analysts on this dimension (both in terms of attention and pricing).

Intuitively, if analysts are aware of mispricing related to environment-related news, they will

correctly price this into their valuation. Instead, if analysts disagree on the pricing of a given

topic (as with innovation/R &D and housing market), then they will not all incorporate it

into their valuation in the same way, leading to biases in their forecasts.

7.2 Asset Pricing Implications: topics that are over-(under-)reacted to predict

lower (higher) realized returns

We end our analysis by exploring how biases in analysts' beliefs contribute to return pre-

dictability. Intuitively, if analysts overreact (underreact) to a given topic, we should expect

that topic to be associated with lower (higher) realized returns.

To investigate this hypothesis, we regress realized returns on our measure of attention to

each category (interacted with sentiment):

p̂f t +1 =
KX

k=1

� +
k � i +

kf t + � �
k � i �

kf t + 
X f t + � f + � f t +1 (19)
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where� i +
kf t � � i

kf t � 1(skf t � � kf > 0) and � i �
kf t � � i

kf t � 1(skf t � � kf < 0), X f t includes a series

of known predictors of returns, namely book-to-market ratio, earnings-to-price ratio, prior

12-month return (excluding the most recent month), asset growth, and operating pro�tability

(Jensen et al., 2023), and� f are �rm �xed e�ects. Finally, � +
k and � �

k capture our coe�cients

of interest.

Figure XVI presents the results from this regression, plotting the estimated coe�cients

from equation (19) on the y-axis against the associated over/underreaction coe�cients from

the CG-like regression in Section 7.1 and Figure XV on the x-axis, now split into positive and

negative coe�cients. Panel A presents the results without the additional control variables

described above, while Panel B includes them. The results are broadly consistent with our

hypothesis that topics that analysts overreact to more tend to be associated with lower

realized returns going forward, while topics that analysts underreact to more tend to be

associated with higher realized returns going forward. Speci�cally, we estimate robust positive

correlations between the estimates of� +
k and � �

k in equation (19) and the corresponding

coe�cients from the CG-like forecast error regression capturing over- and underreaction,

both without the predictor variables (corr+ = :81; corr � = 0:79) and with the predictors

included (corr+ = 0:74; p < 0:001; corr � = 0:65; p < 0:001). We emphasize that this

positive correlation isnot mechanical, even though both equations(18) and (19) include

realized returns on the left-hand side. The correlation would be absent if the attention

variables a�ected forecast errors only through their impact on forecasts. The fact that the

same variables also predict realized returns indicates that these biases are not limited to

expectations but are informative for investors' demand and subsequent price dynamics.

The predictive power of our topic variables for subsequent realized returns is both

statistically and economically meaningful. We reject the null that all estimated topic

coe�cients are jointly zero, with a p-value below 0.001.50 Economically, the set of included

predictor variablesX f t yields anR2 of 0.014 for realized returns (excluding �rm �xed e�ects),

compared to anR2 of 0.012 when we include just our topic variables. As another way to

quantify this, a one standard deviation change in all predictor variables (in the direction

50 The joint signi�cance test is appropriate here (consistent with the approaches in Figures XIII and XIV
above) as we are interested in whether the topic variables have predictive power in combination. Individual
statistical tests may underestimate signi�cance in the presence of other, relatively similar topic categories.
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associated with positive returns) corresponds to a 14% increase in realized returns in the

regression underlying Panel B of Figure XVI. In comparison, a one standard deviation change

in all topic variables (in the direction aligned with the predicted over- and underreaction

based on the CG regression) is associated with anadditional 7.8% increase in returns.

Broadly, these associations between mental models and asset prices point to promising

directions for linking the structure of mental models to the formation of market expectations

and to the study of return predictability and mispricing in an interpretable way.51

8 Discussion and Conclusion

This paper analyzes the text of the near-universe of equity reports to measure the mental

models underlying equity analysts' quantitative forecasts. We de�ne mental models as a

combination of valuation methods and attention weights over di�erent arguments�with

each argument de�ned by a topic and its associated valuation channel, time outlook, and

sentiment. We show that the choice of valuation methods and the allocation of attention

across variables are tightly interlinked, shaping variation in analysts' quantitative forecasts

and disagreement, while also correlating with key asset pricing patterns.

Having explored many dimensions of analysts' reasoning, this paper also illustrates the

granularity of the data that can be collected from these reports. Future work may zoom

into certain topics and explore how analysts reason about speci�c variables or events. For

example, Figure G.22 shows results from analyzing analysts' reasoning about in�ation during

its most recent surge. To do so, we instruct an LLM to identify all lines of reasoning that

relate to in�ation, and to classify them according to the narratives identi�ed in Andre et al.

51 In the time-series, we �nd evidence of signi�cant co-movement between sentiment in analyst reasoning
and Shiller's CAPE index (Panel F of Figure VII). In the cross-section, Figure G.19 shows how average
sentiment across analysts varies across bins in various cross-sectional sorts: CAPM beta, market-to-book,
size, momentum, subsequent-year return, CapEx investment, and pro�tability. Broadly, these patterns are
consistent with those of realized returns. However, our dataset allows us to go beyond sentiment. Figure G.20
shows how average time outlook varies across the same set of cross-sectional characteristics. Interestingly,
time outlook is more forward-looking for growth �rms than for value �rms. Additionally, time outlook is
increasingly forward-looking in �rm investment. Finally, Figure G.21 shows even more granular patterns by
examining the di�erence in attention focus across categories for the highest and lowest sorts of each factor.
Growth stocks attract more attention around product strategy, brand, and competition than value stocks.
Similarly, large stocks attract more attention to payout policy and FX, re�ecting larger cash positions, more
maturity, and a more international focus than small stocks.
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(2024a) (see Appendix D for the prompt instructions). We �nd that analysts overwhelmingly

have a supply-side view of in�ation, and that they are much more likely to reason about

in�ation through costs than sales. This type of analysis further illustrates the bene�ts of our

data and methodology in complementing and extending prior survey work. By o�ering both

a rich cross-section and an extended time series, our data and methodology open the door

to a new wave of empirical work on how �nancial agents interpret, explain, and respond to

economic developments, and how their reasoning can help predict �nancial market outcomes.
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Figures and Tables

(A) Where Does the AI Collect the
Information? .

(B) Narrative Arc - Sentiment and Outlook .

(C) Narrative Arc - Entities . (D) Narrative Arc - Valuation Drivers .

Figure I:
Report Narrative Arc

This �gure shows where information is collected within the average report and the type of information
collected at each stage. The x-axis for all four panels denotes the position of the report, in percentiles from
start to �nish. The sample period is 2000�2025 and includes all �rms in our main sample. Panel A plots
the share of topics extracted at each point in the report. Panel B plots average sentiment and time outlook.
Sentiment is calculated using values of� 1, 0, and +1 for negative, neutral, and positive sentiment, respectively.
Time outlook Index values of � 1, 0, +1 , and +2 for past, present, near-future, and distant-future outlook,
respectively. Panel C plots the allocation of attention to entities (i.e., �rm, industry, and the macroeconomy),
while Panel D plots attention to valuation drivers (i.e., sales, costs, earnings/cash �ows, margins, discount
rates, and relative valuation statements). Shaded areas in the �gures indicate the three commonly observed
sections of report structure, providing intuitive reference points along the x-axis.
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(A) Words per Report (Main Sample) . (B) Topics and Arguments per Report .

(C) Topic Location - Chunking Method . (D) Topic Location - Naïve Method .

(E) Output Robustness (Text length) . (F) Output Robustness (Depth) .

Figure II:
Diagnostic Tools

This �gure presents results from diagnostic tests validating the reliability of our LLM-based extraction
method. Panel A uses the main sample and plots the distribution of report word counts. Panels B through
F use a subsample of 240 randomly selected reports (strati�ed by report length), each processed 10 times.
Panel B shows the number of topics and arguments (combinations of topic, valuation channel, time outlook,
and sentiment) as a function of report length, comparing our multi-step extraction method (blue) with a
naïve single-step method (red). Panels C and D plot the average position within the report at which topics
are collected, for the multi-step and single-step approaches, respectively. Panels E and F report the average
topic similarity across the 10 extraction attempts, by report length and number of arguments extracted,
respectively.
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(A) Valuation Method Frequency .

(B) By Year .

Figure III:
Valuation Methods

This �gure shows the usage of valuation methods across the near-universe of equity reports in Re�nitiv
from 2000 to 2025 for which the LLM extraction identi�ed the price-target valuation method(s) used
(N = 1 ; 379; 912 reports). Panel A reports the frequency of various valuation methods, including DCF,
multiples, and blended approaches. Panel B shows variation in the usage of valuation methods over time.
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(A) By Industry (10 largest in sample) .

(B) By Continent .

Figure IV:
Valuation Methods � Heterogeneity by Industry and Geography

This �gure shows heterogeneities in the usage of valuation methods across the near-universe of equity
reports in Re�nitiv from 2000 to 2025 for which the LLM extraction identi�ed the price-target valuation
method(s) used (N = 1 ; 379; 912 reports). Panel A shows variation across industries, whereas Panel B shows
variation across continents.
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(A) Firm Size . (B) Firm Age .

(C) Market-to-Book .

Figure V:
Valuation Method Choice and the Cross-Section of Firms

This �gure plots the propensity to use a DCF method as a function of �rm characteristics. Panels A,
B, and C show results for �rm size (total assets), �rm age (measured from the year of incorporation), and
market-to-book ratio, respectively. For each characteristic, �rms are sorted into 20 equal-sized bins (5%)
within each year of the sample. The propensity to use a DCF method based on �rm characteristics is estimated
using the multivariate regression1DCF Method = 1 Size Bin +1 Age Bin +1 Market-to-Book Bin +1 Negative Expected EPS ,
where 1DCF Method is a binary variable equal to 1 if the report uses a DCF method and zero otherwise;
1Size Bin , 1Age Bin , and 1Market-to-Book Bin are each sets of 20 �xed e�ects equal to 1 if the �rm is included in
the respective bin and zero otherwise; and1Positive Expected EPS takes the value 1 if all of the annual EPS
forecasts in IBES are positive for the �rm in that year, and 0 otherwise. Dark blue lines show the patterns
without analyst-by-�rm �xed e�ects, whereas light blue lines show the patterns with analyst-by-�rm �xed
e�ects included. All series are normalized to equal 1 at ventile 10 to allow for comparison of relative trends.
Con�dence intervals are at the 90th percentile, and standard errors are heteroskedasticity-robust.
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(A) Valuation Method Choice .

(B) Attention .

Figure VI:
Partial R2 Decomposition of Valuation Method Choice and Attention

This �gure presents a partial R2 decomposition of variation in valuation method choice and topic attention
across �rm, analyst, brokerage house, and year �xed e�ects. Panel A reports the partialR2 associated with
�rm, analyst, brokerage house, and year �xed e�ects in explaining variation in valuation methods. Panel B
presents the corresponding decomposition for attention to topics. The partialR2 measures the incremental
contribution of each �xed e�ect to the overall R2, holding constant the other e�ects in the model.
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