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ABSTRACT

What motivates companies to visually enhance their annual reports that appear redundant

to the 10-Ks? We develop a novel rational model to explain this phenomenon. Utilizing a

comprehensive dataset with sophisticated AI models, we report the first evidence that firms

earn approximately 3.5% abnormal returns in the next 3 to 6 months after they initiate vi-

sual annual reports, which is accompanied by an increase in institutional investors’ abnormal

attention and holdings. For firms that augmented their visuals focused on innovation and

technological advancements related to the IT and biotech sectors, the results are notably

more pronounced. These findings are consistent with our theory that companies utilize visu-

als to mitigate investor inattention and better convey nuanced information to fundamental
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investors. Furthermore, this aligns with the observation that such firms often boost their

R&D spending subsequently.

Keywords : Annual Report Visuals, Investor Inattention, Fundamental Strategy, Big Data,
AI, Technology breakthrough and Innovation



Companies find ways to keep their annual reports from being a bore. Videos,

graphics and other elements can provide information in ways that engage and go

beyond what regulators request. Wall Street Journal , 3/3/2020

As perhaps the most important financial document for investors, the annual report of a public

firm has two versions: one is the mandatory electronic 10-K filing with the U.S. Securities

and Exchange Commission (SEC), the other is the user-friendly annual report available on

the firm website or delivered to investors. Under the SEC Regulation S-T, there should be no

material differences between the two versions, although the latter version can be customized

by including large, colorful graphics which are generally absent in the plain 10-Ks.1 In fact,

more than half of the firms listed in the S&P 1500 are releasing such visual annual reports.

This raises an economic puzzle: why are so many companies producing aesthetically designed

annual reports if they are informationally redundant to the plain 10-Ks?

At first glance, the added visuals in annual reports seem to be cosmetic and marketing-

oriented.2 If so, they should have little impact on stock valuations or perhaps only trigger

some short-term sentiment and noise trading. On second thought, it is plausible that those

appealing graphics may help deliver certain information not visible in the plain 10-Ks.3 Visu-

als can not only draw investors’ attention but also help them comprehend subtle information

in the business world. This paper reports the first theoretical and empirical study on the

value of information directly associated with the graphics in firms’ annual reports. Financial

research on graphics seem in its infancy. To the best of our knowledge, Obaid and Puk-

thuanthong (2021) provide the only other study on how news media photos affect investor

sentiment and stock returns. In comparison with their pioneer work, we study the graphics

in firm annual reports which arguably contain the most fundamental information. Moreover,

we provide a rational theory to understand why they emerge in the first place.

Theoretically, we develop a simple model which is sufficient to explain the phenomena

and formulate three testable predictions. Our model is inspired by the seminal framework

of Kyle (1985),4 but relaxes a critical assumption that all public information has been fully

incorporated by all market participants. We assume that some extra value or payoff of a firm

is too subtle to be conveyed effectively and thus slips most traders’ minds (in light of the

literature on investor inattention, e.g., Hirshleifer and Teoh (2003), Peng and Xiong (2006),

1See Section I for the institutional background and Internet Appendix A for more details.
2Regulators may view them as “glossy”; see, for example, https://www.sec.gov/files/reada10k.pdf.
3Regulation S-T Rule 304(b) requires firms to disclose in their electronic filings any graphic elements

contained in their annual reports delivered to investors. However, “a good faith effort” is acceptable, which
may leave room for extra subtle information embedded in graphic annual reports but not visible in 10-Ks.

4Among others, our model setup is perhaps most closely related to Holden and Subrahmanyam (1992).
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Barber and Odean (2008), Hou, Xiong, and Peng (2009), Da, Engelberg, and Gao (2011),

Lou (2014), and Alldredge and Cicero (2015)). Consequently, the stock can be undervalued,

motivating the firm manager to put efforts for more creative communication. Some attentive

investors may notice this change and do research on the subtle information (called alpha). It

is uncertain who may discover and capitalize this alpha. Based on rational expectations, the

manager chooses to act only when the expected alpha is above an endogenous threshold.5 On

average, this can lead to positive abnormal returns subsequent to the manager’s efforts (as

measured by the surge of graphics in annual reports). When the expected alpha is below the

threshold, the manager chooses inaction (as reflected by the cease of issuing graphic reports),

which catches no one’s attention and promotes no research or discovery of alpha. Our model

predicts that if there is no speculative trading on the manager’s information-driven choice

and if the extra information is identified and processed by fundamental investors, then there

will be an apparent delay in stock price reactions. Thus, a finding of delayed anomaly can

suggest that the return predictability of the increased use of visuals in annual reports is novel

to the market.

Empirically, we collect the annual reports of 1,879 companies from 1994 to 2019. In order

to test the theoretical predictions, we customize a machine-learning algorithm to quantify

the use of graphics in each annual report. After processing 4.9 million pages of reports and

2.5 million images, our program returns 378,172 image files that have strong visual impacts

in terms of colors and sizes. We find that firms experience approximately 3.5% abnormal

returns in 3 to 6 months after they switch to releasing graphic reports. The market response

shows a delay of at least one month which may be the amount of time it takes investors to

identify and process the extra information hinted in graphic reports.

To comprehend the mechanisms by which the incorporation of visuals in annual reports

influences stock prices, we use sophisticated AI models and examine the color, dimension,

and contents of each image across all annual reports in our sample. Our analysis identifies

two primary mechanisms through which visuals impact stock prices: quantitative content

reinforcement and attention reinforcement. We scrutinize each image, whether artistic (e.g.,

logos, team photos, cover pages, products, technologies, scenery, animals, people, or services)

or geared towards numerical and textual reinforcement (e.g., figures, tables, plots, charts,

graphs, and exhibitions). Subsequently, we create two measures—annual changes in the use

of artistic professional visuals and info-graphics. Replacing the main independent variable,

we re-estimate baseline regressions using these measures. The results reveal that an increased

5This is also related to the literature on voluntary disclosures, following the seminal works of Grossman
(1981), Milgrom (1981), Verrecchia (1983, 1990, 2001), Diamond (1985), and Diamond and Verrecchia (1991).
Our model focuses on the relationship between firm communication efforts and abnormal stock returns.
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use of artistic visuals correlates with a higher stock price increase compared to an increased

use of info-graphics. Moreover, firms augmenting artistic visuals attract significantly more

institutional attention, while institutional attention on firms primarily increasing the use of

info-graphics remains unchanged.6 We, then further look at the details of the artistic pro-

fessional visuals, and our finding is driven by the visuals focusing on innovation, technology

advancement, biotech development, and other related domains. These relevant domains are

deemed nuanced and generally require public and investors’ efforts to understand thoroughly.

Our findings align with our model predictions and are intuitively consistent with SEC Rule

304(a), which regulates firms from incorporating new material information in their annual

reports beyond what is provided in their 10-Ks.

We also find that those firms increase their R&D expenditures in the following years,

consistent with our theory that the initiation of graphic reports may indicate the presence of

new fundamental information. Such information appears subtle and suggestive, calling for

humans rather than machines. In this regard, the observed positive abnormal returns can

reflect the merit of fundamental analysis (Sloan (2019)), in spite of the wide popularity of

quantitative trading nowadays.

In summary, this paper demonstrates the predictive power of a non-textual, highly un-

structured dataset — the graphics embedded in firms’ annual reports. These graphics turn

out to be a valuable source of financial information overlooked by most market participants.

Interestingly, they seem to appeal to fundamental investors who may receive some visual

hints useful for analysis. Our model not only explains the economic puzzle raised at the

beginning, but also validates the novelty of our empirical findings.

As an anecdotal example, Nvidia Corp., the industry leader in developing graphics pro-

cessing units (GPUs), has started releasing image-rich annual reports ever since 2010, and

prior to that, it simply used the plain 10-Ks in its annual reports. Some of their cover pages

are provided in the Internet Appendix that accompanies this paper. Figure 1 shows Nvidia’s

compound abnormal returns7 versus the numbers of info-graphics in its annual reports from

2006 to 2020. We exclude uninformative images such as logos and headshots. Graphics that

relate to the firms’ products and services or that illustrate the firm performance and execu-

tive compensations are counted as info-graphics; the Internet Appendix provides exhibitions

of both types. The surge of info-graphics in Nvidia’s reports preceded its accelerated equity

growth in recent years. This brings a general conjecture, consistent with our theory, that the

6This finding complements, but also contrasts with, the results from Ben-Rephael, Ronen, Ronen, and
Zhou (2023), suggesting that images related to textual reinforcement have a more dominant impact.

7This is estimated by the CAPM model. We use the CRSP data of Nvidia’s betas (with the Nasdaq index
as the benchmark portfolio) to calculate its annual excess returns which are then compounded over time.
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Figure 1. The compound abnormal returns of Nvidia’s stock (dashed line) versus the
numbers of info-graphics embedded in its annual reports (solid line) from 2006 to 2020.

abrupt, substantial use of graphics in a firm’s annual report may forecast its stock returns.

While our model explains why firms may engage in producing graphic reports, it is of

interest to understand why graphics can have impacts on investors. There are two important

channels. The first one is about the comprehension of information. Cognitive studies show

that the graphic representations of information appeal to humans much more than the textual

forms; see Larkin and Simon (1987), Kosslyn (1989), Pinker (1990), Stenning and Oberlander

(1995), and Roth and Bowen (2003), among others. In general, there are unique advantages

of using graphics, as they can catch eyeballs, enhance memory, improve understanding, and

transcend language. This can explain why data visualization has gained immense popularity

across different fields8 and also why graphic presentations can benefit investors.

The second channel is about learning capacity. “The average investor is confused and

overburdened by the volume and detail of the annual report, unable to comprehend its com-

plexities and jargon, and unable to use all of the information contained in the annual report.”

(Hawkins and Hawkins (1986), p.20). Visuals can solve the problem by quickly engaging the

audience and organizing their attention to the key takeaways. In the business world, it is

intrinsically difficult to quantify or textualize various types of information. For example, the

8See, for example, Tufte (1985), Friel, Curcio, and Bright (2001), Kastellec and Leoni (2007), Healey and
Enns (2011), Smiciklas (2012), Schwabish (2014), among others.

4



prospect of a new product may not be well reflected by its performance numbers or technical

description. The picture may instead be better painted by its novel applications. One exam-

ple is Nvidia’s GPUs which enabled a major breakthrough in HIV research. Perilla and Klaus

(2017) simulated the HIV capsid on a supercomputer with 3880 GPU-accelerated nodes and

published their finding in Nature. This fact was weaved into Nvidia’s annual report, together

with Nature’s cover page that features a 3D art of the HIV particle (see Appendix D). It can

quickly direct audience attention to an impressive application. Moreover, visuals can convey

implicit messages that exert subtle influences. They may enable managers to hint at hidden

strengths or intangible assets not yet reflected in the financial statements. For all the above

reasons, we postulate that when firm managers intend to convey subtle information beyond

words and numbers, they will preferentially use graphic presentations.

In order to formally test our model predictions, we divide our sample into three groups:

(1) firms that switch to publishing graphic annual reports, (2) firms that do not change their

reporting formats relative to the previous year, and (3) firms that just stop issuing graphic

reports. For example, Nvidia’s first graphic report in 2010 makes it enter the first group in

that year, whereas Nvidia joins the second group in 2011 and afterwards (see Figure 1). We

examine the abnormal returns for each group of firms around their report release dates. The

first group of firms experience significant abnormal returns, approximately 3.5 percent, at

an intermediate horizon of three to six months at the time when available. In contrast, the

other two groups of firms do not show any statistically significant abnormal returns. Our

finding is robust to different return measures and to various market or firm characteristics.

Combined with our model, these results demonstrate the critical role of graphics in triggering

this anomaly and also confirm the informational motive of firms issuing graphic reports.

Interestingly, the extra information takes one to two quarters to be well incorporated into

prices. To investigate when the stock price reaction starts, we conduct an event study around

the report release dates. The cumulative abnormal returns are not significant over daily event

windows or for post-event windows of at least 20 trading days. Combined with our model,

this result suggests that the informational motive of firms initiating graphic reports is not

anticipated or exploited by speculators. Instead, the abnormal returns that show up later

should be caused by the delayed response of fundamental investors. This is supported by

the observation that there is an extra fund flow from institutional investors to such firms.

Fundamental investors may have first noticed some hints in the graphic reports and then,

after a period of research and verification,9 discovered the superior information of alpha.

9The delay can have various sources. For example, the information may be soft so that it requires extra
time for analysis and verification (Liberti and Petersen (2019)). Hierarchical organizations may also delay
investment decisions, especially for fundamental investors (Evans, Rohleder, Tentesch, and Wilkens (2022)).
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Consistent with this inference, we find that after releasing graphic reports, firms experience

a significant increase in their R&D investments in the following years. Graphics in annual

reports may serve as a tool for firms to whisper forthcoming changes in their fundamentals.

It may be surprising that stock prices do not respond immediately to the eye-catching

graphics, considering that they have played some informational role. This is because those

graphics cannot directly convey extra material information. Under Regulation S-T Rule 304

(discussed in Section I), any material information presented in graphics must be disclosed

in the 10-K filings as well. If that were not the case, we would have seen prompt, market-

wide responses which might ruin the predictive power of graphic annual reports. Given that

graphics may only convey extra non-material information10 and they play a critical role

in triggering the abnormal returns, one can infer two functions of graphics in our sample:

raising investors’ attention and giving hints about some extra material information (not

required for disclosure at that moment). Fundamental investors do not bet on hints. They

do homework and collect various types of data (e.g., firm investments) to develop a picture

of nonpublic material information which they can use more readily to evaluate investment

opportunities.

Based on our results, the extra information associated with the graphic reports seems to

be subtle, suggestive, and uncertain. These features can challenge both managers’ communi-

cation and investors’ comprehension. Investors may lose interest in ineffective firm disclosures

and reduce investments on firms with poor communication. The resulted undervaluation of

stocks can create the managerial incentive to employ a more engaging communication strat-

egy, leading to a sizable shift from verbal to visual presentations. Not every type of data

or investment decision can be automated by computers. With limited cognitive resources

(e.g., Kahneman (1973) and Sims (2003)), human investors tend to exploit the data they are

capable to process and ignore the data that is too difficult to consume. This can increase

the value of information derived from the data that receives little attention. Intuitively,

fundamental analysis is more rewarding if the fundamental information is more challenging

for investors, consistent with the observed strong yet sluggish market responses. Our find-

ings that the positive abnormal returns are more pronounced for firms enhancing the visuals

concentrating on technology, biotech, and relevant domains strongly support this prediction.

Our model captures the above mechanism which drives the interplay between investors’

attention problem and firms’ aesthetic communication strategy. As new efforts to engage

10By definition, non-material information does not directly affect security prices but may provide some
hints or insights to investors regarding the possible future performance of the security. See the SEC’s Rule
of Selective Disclosure and Insider Trading at https://www.sec.gov/rules/final/33-7881.htm and a
related discussion at https://www.sec.gov/rules/proposed/s73199/zeikel1.htm.
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investors, firms have used graphics, videos, and other creative elements in communications.11

The positive abnormal returns suggest that such changes are effective for some investors. Yet,

there is much room for improvement. Our finding may enrich the regulators’ consideration

when they reform the current regulatory framework for corporate disclosures. This study

may also trigger a broad appreciation of the point that the reporting format shift (from text

to visuals) is not simply for decoration, but for a worthwhile improvement in communication.

The past decade has witnessed a trend of applying content analysis in finance.12 Most

studies use textual analysis of firm disclosures or news media; see the survey by Loughran

and McDonald (2016). For example, Tetlock (2007) uses textual analysis to measure the

interactions between the media sentiment and the stock market. Tetlock, Saar-Tsechansky,

and Macskassy (2008) show that media language content reflects firms’ fundamentals, which

are quickly incorporated by investors into stock prices. Hanley and Hoberg (2010) find that

greater informative content in the IPO prospectus results in more accurate offer prices and

less underpricing. Jiang, Lee, Martin, and Zhou (2019) construct a manager sentiment index

based on the textual tone of corporate financial disclosures and report that this sentiment

index predicts market returns. Huang, Tan, and Wermers (2020) find that institutions trade

rapidly on the tone of corporate news, with return predictability over the following weeks.

In contrast, non-textual analysis in financial research seems quite limited and is emerging

most recently. Obaid and Pukthuanthong (2021) analyze the sentiment in news photos

and find that their photo pessimism index predicts market return reversals and trading

volumes, consistent with the behavioral theory (for example, De Long, Shleifer, Summers,

and Waldmann (1990)). Edmans, Fernandez-Perez, Garel, and Indriawan (2022) propose a

music-based sentiment measure and document relationships between music sentiment and

stock returns. Jiang, Kelly, and Xiu (2021) apply image analysis methods on stock price

charts to extract predictors for stock trends. In the real estate research, Carrillo (2008) and

Benefield, Cain, and Johnson (2011) find that visuals have a large and positive effect on

marketing outcomes. Adding a virtual tour may increase the transaction price and reduce

the expected duration on the market.

To the best of our knowledge, we are the first study to provide theoretical framework

(see Kelly and Xiu (2023)) and use unstructured data to understand the role that visual

11As another anecdotal example, the German chemical company Covestro AG published a digital version
of their 2019 annual report which incorporates video messages, interactive graphics, and even some quiz.

12Content analysis can be applied to a wide range of “texts”, including but not limited to written texts,
images, animations, speeches, gestures, and music. There are two major branches. One is to analyze the
verbal information. The other is to analyze the meaning derived from the use of multiple semiotic resources
such as signs, emoticons, brand logos, photos, and other visual components (Ventola and Guijarro, 2009).
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elements play in the financial statements.13 Our work is contemporaneous but fills a void

in the literature. Unlike music songs or news photos, we study graphics and visuals in firm

annual reports which contain the most relevant and important corporate information. By

law, the graphics embedded in those reports should be fair and accurate. In our sample,

most graphics appear positive or at least neutral. This feature saves us from the technical

problem of assigning positive or negative values to a large number of image files.

In the recent accounting literature, Nekrasov, Teoh, and Wu (2021) find that visuals in

firms’ Twitter earnings announcements can trigger more retweets and Google search queries.

Christensen, Fronk, Lee, and Nelson (2021) document descriptive evidence on the trend of

data visualization in 10-Ks. By Regulation S-T Rule 304, a typical 10-K does not contain

large, colorful images. As a result, the sample size of graphics in 10-Ks is much smaller than

that in firms’ annual reports. Our findings suggest the necessity to carefully distinguish firms’

visual annual reports from their plain 10-Ks. These two versions are not as interchangeable

as it is widely perceived. The visual reports can be informationally larger than the 10-Ks.

Finally, our work can add to the emerging literature on financial big data research (e.g.,

Begenau, Farboodi, and Veldkamp (2018), Martin and Nagel (2022)). Our sample has the

features of big data as discussed by Goldstein, Spatt, and Ye (2021). Visual data is diverse,

unstructured, and high-dimensional, with lots of interacting variables as one can envision.

These properties pose challenges when researchers attempt to extract useful information from

a large sample of visual data. In this regard, we take a step forward by demonstrating the

value and predictive power of such a dataset, with both statistical and economic significance.

The rest of this paper is organized as follows. Section I discusses the institutional back-

ground. Section II presents our model and its predictions. Section III describes our data and

methodology. Section IV presents our empirical results. Section V concludes. An Internet

Appendix contains all the supporting information.

I. Institutional Background

Publicly listed companies must submit various reports (e.g., 10-Ks), schedules, and other

filings electronically to the SEC, in compliance with Regulation S-T which outlines the rules

13Following our study, there are only a few formal applications on visual information embedded in finan-
cial media. Cao, Cheng, Wang, Xia, and Yang (2024) analyze visual information in corporate executive
presentations and responses from the stock markets. Another subsequent paper Ben-Rephael et al. (2023)
investigates the visual readability of annual reports and their impacts on information assimilation.
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and procedures pertaining to the SEC’s EDGAR (Electronic Data Gathering, Analysis and

Retrieval) system. Regulation S-T Rule 304 provides the regulatory code regarding the use

of graphic, audio or video elements in corporate disclosures. To the best of our knowledge,

this rule has not been mentioned in the academic literature. In Appendix A, we quote and

discuss Rule 304, which has six key implications for our study, as summarized below:

1. Equivalence in Principle. Rule 304(a) acknowledges the use of graphic content in

firms’ documents delivered to investors. However, there should be no material differ-

ences between such documents (e.g., graphic annual reports) and the corresponding

electronic filings with the SEC (e.g., plain 10-Ks). By Rule 304(a), if the delivered ver-

sion (of annual report) contains graphic content that is not reproduced in the electronic

filing (of 10-K), then the latter must simultaneously “include a fair and accurate nar-

rative description, tabular representation or transcript of the omitted material.” From

the legal perspective, the two documents are supposed to be informationally equivalent.

2. Legal Liability. Under Rule 304(b), the graphic content in delivered annual reports

“is deemed part of the electronic filing and subject to the civil liability and anti-fraud

provisions of the federal securities laws.” This requires the graphic content to be fair

and accurate. Also, the narrative description, tabular representations or transcripts of

the omitted material included in an electronic filing are deemed part of the filing.

3. Subtle Differences. Rule 304(b) states that “However, to the extent such descrip-

tions, representations or transcripts represent a good faith effort to fairly and accurately

describe omitted graphic, image, audio or video material, they are not subject to the

civil liability and anti-fraud provisions of the federal securities laws.” The acknowl-

edgement of “a good faith effort” may indicate the reality that both regulators and

firms have to accept, considering that one picture is worth a thousand words. This

item seems to leave room for some subtle information which may be embedded in the

graphic annual reports but not readily visible in the plain 10-Ks.

4. Easy Ignorance. Under Rule 304(a), market participants may take for granted the

“interchangeability” of graphic annual reports and plain 10-Ks, and thus overlook the

subtle differences between these two versions of disclosures. Under Rule 304(b), various

subtle differences may be tolerated by regulators or may simply escape from their eyes.

5. Record Keeping. By Rule 304(c), firms are required to keep records for five years of

their publicly distributed annual reports and make those accessible. This explains the

abundance and continuity of our sample data.
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6. Plainness of 10-Ks. Rules 304(d)(e)(f) set more stringent rules and specific guidelines

for the electronic filings. For example, firms “may not include animated graphics in any

EDGAR document”. Rule 304(e) states that “filers may not present in a graphic or

image file information such as text or tables that users must be able to search and/or

download into spreadsheet form (e.g., financial statements).” These rules can push

firms to follow the plain format in electronic filings, with minimal use of graphics.

Overall, Rule 304 gives much room for firms to use graphics in their published documents,

provided that there is no material difference between those documents and their counterparts

of electronic filings. However, there could be subtle differences between these two versions

of disclosures. Rule 304, on the other hand, discourages the use of graphics in electronic

filings, consistent with the observed plain style of 10-Ks. The above institutional background

explains why the sample data of graphics in our study is both large and informational.

II. Model

We consider a two-period setup of Kyle (1985) with multiple privately informed traders

as in Holden and Subrahmanyam (1992). On top of those traders, we add another player,

the firm manager, who has the correct belief about the fundamental value of her firm’s stock.

One component of this value has not been recognized by the market, probably due to the

intricate process of realizing its payoff or value. The information about this component is

subtle and not easily discernible. The manager cannot effectively convey this information

through standard disclosures. In an alternative venue, the manager can make extra efforts

which may help some attentive traders find and capitalize this information.

A. Setup

Consider a market with one risky asset (stock) and two trading dates, denoted t = 1, 2.

The stock liquidation value, ṽ, is a sum of two independent normal random variables, ṽ =

ṽ0 + α̃. The first component, ṽ0 ∼ N (1, σ2
v), has been commonly recognized by the market

and privately observed at time t = 0 by M attentive traders, indexed by i = 1, ...,M . The

second component, α̃ ∼ N (α, σ2
α), is subtle and not recognized by the entire market.

As a business insider, the manager has the correct vision about her firm, knowing that the

stock liquidation value ṽ is actually drawn from the normal distribution N (1 + α, σ2
v + σ2

α).

10



t = 0 t = 1 t = 2 t = 3

Firm Manager choose s ∈ {0, 1} ... ... see v = v0 + α

Attentive Traders see v0 and s trade xi,1 may see α; trade xi,2 receive payoff

Market Makers set p0 = 1 set p1(y1) set p2(y1, y2) see v = v0 + α

The manager does not observe the value of ṽ, nor trade this stock.14 The manager is aware

that α̃ has not been recognized by the market and thus the stock is currently mispriced by

an average amount of α.15 As a major stakeholder, the manager has incentives to improve

the market valuation of her firm. However, she cannot convey her belief of α̃ to investors

via standard disclosures (e.g., plain 10-Ks). In an alternative venue, the manager can make

extra efforts with indirect informational effects, in terms of catching investors’ attention and

promoting their research about α̃. At t = 0, the manager makes a choice s ∈ {0, 1} which

is publicly observable. Choosing s = 1 incurs some cost c > 0 for the manager, but it can

raise the attention of all attentive traders and enable some of them to discover the value of

alpha. Choosing s = 0 is costless for the manager, while it raises no trader’s interest and

has no informational impact on any trader.16 In our empirical context, s = 1 is represented

by the manager’s initiation of graphic annual reports and s = 0 is represented by her choice

to cease issuing graphic reports. The manager rationally anticipates how the trading game

would evolve. Similar to Verrecchia (1983), the manager’s objective function is described by

max
s∈{0,1}

EF [p̃2(s)− p0]− s · c, (1)

where F represents the manager’s correct belief that ṽ is drawn from N (1+α, σ2
v + σ2

α) and

where p̃2(s) denotes the firm’s stock price at t = 2 indirectly affected by the choice of s.

The above table illustrates all the players and the timeline of events in our model. While

the manager’s choice s ∈ {0, 1} is publicly observable, it is only noticed by those attentive

14Insider trading by firm managers is common in the real world. It can be driven by different motivations
such as diversification, hedging, and liquidity needs. If the manager in our model is allowed to trade this
stock, she may not fully exploit her informational advantage due to various constraints. If other traders do
not interpret the manager’s trading as information-driven, then, after subtracting the price impacts of the
manager’s trading, the resulted model will be similar to the one we presented here.

15If the existence and distribution of α̃ had been recognized by the market, then our model would collapse
to a standard Kyle-type model where the stock is efficiently priced, without any abnormal returns.

16This choice may withhold important proprietary information (Darrough and Stoughton (1990)) or avoid
miscommunication with investors when firms are uncertain about their preferences (Bond and Zeng (2022)).
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traders who have privately observed ṽ0 at the beginning. This assumption is made to simplify

our exposition. The key model implications do not depend on the identities or the actual

number of traders attentive to the manager’s action. Upon observing s = 0, each trader

receives no hint and cannot find any new information. Upon observing s = 1, each trader

may discover the value of alpha with probability µ > 0 after his research for at least one

period of time. One may interpret the length of the first period as the minimum amount of

time for traders to discover alpha. Due to the subtlety of alpha, each trader may fail to find

it with probability 1−µ. In reality, delays and failures can arise during the research process.

They may also happen within the hierarchical organizations that govern the decision process

of institutional investors, consistent with the theory literature such as Radner (1993), Bolton

and Dewatripont (1994), and Stein (2002). This hierarchy effect, as documented by Evans

et al. (2022), is more prominent for fundamental investors than for quantitative traders.

Regardless of the research outcome, each attentive trader can sequentially submit two

orders, xi,1 and xi,2, to maximize his expected trading profit. The objective function is:

max
xi,1,xi,2

EA [(ṽ − p̃2) · xi,2 + (ṽ − p̃1) · xi,1] (2)

where A represents the trader’s belief system. Specifically, each trader observes both v0 and

s at t = 0 and believes that v0 is the actual stock value before his trading at t = 1. Each

trader observes v0, s, p1, and sα1µ before trading at t = 2, where 1µ is a Bernoulli random

variable that equals one with probability µ. Observing s = 1 does not immediately change

a trader’s prior; his belief is updated only after he discovers alpha, as summarized by the

product term sα1µ. The stock value of ṽ = ṽ0 + α̃ is realized and publicly revealed at t = 3.

In our model, attentive traders are assumed to be fundamental investors whose trading

decisions must be backed by material information (e.g., knowing the value of v0 or α). Seeing

the manager’s action s = 1 is not equivalent to knowing the value of α, although it gives

some important hints for alpha. By definition, fundamental investors will not speculate on

a hint. In this rational-expectations equilibrium model, the manager also expects that her

audience is composed of fundamental investors who do not speculate on her choice of s.

On both trading dates, there are Gaussian noise demands, denoted by ũ1 ∼ N (0, σ2
u) and

ũ2 ∼ N (0, σ2
u). All the random variables, ṽ0, α̃, ũ1, and ũ2, are mutually independent. The

parameters M , σv, and σu are common knowledge. The parameter µ is known among atten-

tive traders and the manager. For each auction, the aggregate order flow, ỹt =
∑M

i=1 x̃i,t+ ũt,

is absorbed by competitive market makers. The initial stock price is set to be p0 = 1, based

on their common prior that ṽ ∼ N (1, σ2
v). Without recognizing the existence of alpha, mar-
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ket makers set the price p̃t to be their posterior expectation of ṽ conditional on the total

order flows up to time t, that is, p̃1(ỹ1) = EP [ṽ|ỹ1] and p̃2(ỹ1, ỹ2) = EP [ṽ|ỹ1, ỹ2]. Here, P
denotes their common belief that ṽ is drawn from N (1, σ2

v) and there are M ≥ 1 traders

privately informed about ṽ at the beginning. In this setup, the cumulative abnormal returns

over the time window [0, t] can be measured by E[(p̃t − p0)/p0] = E[p̃t − 1].

B. Equilibrium

Given that the existence of alpha and the manager’s action are overlooked by the market,

we can find a subgame perfect equilibrium where market makers use linear pricing strategies:

p̃1 = P1(ỹ1) = p0 + λ1ỹ1, p̃2 = P2(ỹ1, ỹ2) = p̃1 + λ2ỹ2, (3)

and each attentive trader follows a pair of linear trading strategies (Xi,1, Xi,2), i = 1, ...,M .

Kyle (1985), Holden and Subrahmanyam (1992), and Foster and Viswanathan (1996) provide

the general procedures for solving the multi-period linear equilibria. Huddart, Hughes, and

Levine (2001) present analytical results for the two-period case with one informed trader.

In our model, when a trader has found the alpha, he is uncertain about how many other

traders have also found it. Each trader uses rational expectations to adjust his trading plan.

Proposition 1. There exists a subgame perfect linear Markov equilibrium where the linear

pricing rule (3) is determined by the two price impact parameters

λ1 =

√
ηM(M + 1)2(η(M + 1)2 − 2)

η(M + 1)3 − 2M
· σv

σu

, λ2 = ηλ1 =

√
ηM

η(M + 1)3 − 2M
· σv

σu

, (4)

and their equilibrium ratio, η := λ2/λ1, is determined by the cubic equation:

(M + 1)4η3 − 2(M + 1)2η2 − (M + 1)3η + 2M = 0. (5)

The unique solution satisfies the second order condition and the inequality, η(M + 1)2 > 2,

to ensure the existence and positiveness of λ1 and λ2. The optimal trading strategies are

Xi,1 =
η(M + 1)2 − 2

η(M + 1)3 − 2M
· ṽ0 − p0

λ1

, Xi,2 =
ṽ0 − p̃1

λ2(M + 1)
+

sα̃1µ

λ2[2 + µ(M − 1)]
, (6)

where the product term, sα̃1µ, reflects the impact of manager’s efforts s = 1 on each trader

who may independently discover α̃ with probability µ. Here, 1µ denotes a Bernoulli random
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variable which equals 1 with probability µ and equals 0 with probability 1− µ.

As market markers do not recognize the existence of alpha or the manager’s motivation in

choosing s, the prices they set are efficient only for ṽ0, i.e., p̃1 = E[ṽ0|ỹ1] and p̃2 = E[ṽ0|ỹ1, ỹ2].

Proof. See the Internet Appendix F.

For the simplest case where M = 1 and µ = 0, the trading equilibrium in Proposition 1

reproduces the results in Huddart et al. (2001), as Equation (5) becomes 8η3−4η2−4η+1 = 0

and its unique economic solution is η = λ2

λ1
≈ 0.901. Our analytical extension to the general

case is necessary and meaningful in this paper, because the theoretical picture is that some

subtle information hidden in firm disclosures has been noticed by a small number (M ≥ 1)

of investors and there is uncertainty (0 < µ < 1) about their informedness or decisions.

Economically, M can represent the overall attention from investors toward this firm’s alpha,

whereas µ can reflect the effectiveness of firm communication with those investors.

As mentioned earlier, the attentive traders in our model follow the style of fundamental

analysis. Their trading decisions are executed only after they confirm that such decisions are

backed by material information. That is why in Equation (6) the initial trading strategy Xi,1

is only driven by ṽ0−p0 and independent of s, whereas the next trading strategy Xi,2 has an

extra term proportional to sα̃1µ which reflects a trader’s potential knowledge of alpha. In a

rational-expectations equilibrium, players inside the model are assumed to understand the

model structure. Likewise, the manager in our model understands the fundamental style of

attentive traders. As a result, there will be no strategic or manipulative considerations when

the manager chooses s. A model where traders speculate on s and the manager strategically

chooses s can be an interesting extension but beyond the scope of this paper.

Proposition 2. Anticipating the trading equilibrium in Proposition 1, the manager chooses

s =

1, if α ≥ K,

0, if α < K,
where K =

2 + µ(M − 1)

µM
c. (7)

The threshold K is a decreasing function of µ and M . Clearly, K → ∞ when µ → 0 and

K → M+1
M

c when µ → 1. Moreover, limM→∞K = c for any µ ∈ (0, 1).

If α ≥ K, the manager chooses s = 1 and the stock shows abnormal returns only at t = 2:

E[p̃1 − p0|s = 1] = 0, E[p̃2 − p0|s = 1] =
µMα

2 + µ(M − 1)
> 0. (8)
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If α < K, the manager chooses s = 0 such that there are no abnormal returns on average:

E[p̃1 − p0|s = 0] = E[p̃2 − p0|s = 0] = 0. (9)

Proof. See the Internet Appendix G.

The delayed emergence of abnormal returns, as predicted by Equation (8), seems to be a

trivial result from the assumption that it takes traders at least a period of time to discover

alpha. This view is partial, as there is an implicit assumption essential for this delay, that

is, the manager’s informational motivation in choosing s is not anticipated or exploited by

any speculators in this market. Suppose we relax this assumption even slightly, there may

not be such a delay. Speculative trading (e.g., right after the initiation of graphic reports)

can be much faster than fundamental investing because speculators can skip time-consuming

research or verification of information. This will create abnormal returns in an earlier stage.

In general, traders are not prevented from betting on s given it is public. The assumption

that attentive traders do not bet on s is interpreted as their investment style or discipline.

They are described as fundamental traders who only trade on material information.

Proposition 3. Suppose a smart speculator has recognized the equilibrium characterized by

Propositions 1 and 2, and this speculator believes that he is the only trader who has noticed the

speculative opportunity on the manager’s action s = 1. For simplicity, if the speculator just

bets in one trade, then he must trade at t = 1 to avoid competition with fundamental traders

at t = 2 (who are not informed about alpha when they trade at t = 1). The speculator’s

demand has a positive lower bound, D1(s) =
s

2λ1
E[α̃|s = 1] ≥ sK̂

2λ1
, where K̂ > 0 denotes the

speculator estimate of the manager’s threshold K. As a result, there will be on average a

positive abnormal return at t = 1 after the manager chooses s = 1:

E[p̃1 − p0|s = 1] = λ1D1(s = 1) ≥ K̂/2 > 0. (10)

We omit the proof as it is straightforward. In a typical rational-expectations equilibrium,

agents may infer valuable information from equilibrium prices or other observable variables.

In Proposition 3, the speculator is inferring a trading signal from the manager’s action s = 1

which is publicly observable and implicitly informational. Taking Propositions 1, 2, and 3

together, we can make a key prediction: if the manager’s informational motive in choosing

s = 1 is not recognized or exploited by any speculators, then we shall observe no abnormal

returns in the earlier stage (t = 1) but positive abnormal returns in the later stage (t = 2).

Of course, there is another type of speculators who infer trading signals from prices. Such
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speculators may follow price trends right after the emergence of abnormal returns. This is

probably more common and easier to understand. However, the trend-following speculation

will not affect the above prediction of delayed anomaly caused by fundamental investing.

C. Discussion

It is worth noting that absence of abnormal returns is not indicative of market efficiency,

as absence of evidence is not evidence of absence. In our model, stock prices are inefficient

even when α = 0 (for which the manager always chooses s = 0). This is because market

makers have overlooked the volatile component α̃ and thus underestimate the volatility of

ṽ. If the existence and distribution of α̃ had been correctly recognized by market makers,

then they would increase the price impact costs λ1 and λ2 in Equation (4) by replacing σv

with
√
σ2
v + σ2

α. Unlike most Kyle-type models, our model describes a market that lacks the

semi-strong-form efficiency. Here, traders may beat the market using fundamental strategy.

This involves time-consuming research and relies on some hints from public data. In our

model, the hints are provided by the manager’s extra efforts (s = 1) in improving firm

communication. In our empirical study, the signal is extracted from the public data of

annual report graphics. The profitability of this fundamental strategy can increase with the

alpha’s subtlety which may reduce both µ and M and hence suppress traders’ competition.

The probability µ can be affected by many factors, such as the manager’s communication

skills, the firm reputation, the regulatory environment (e.g., formatting requirement), and

the organizational structure for investors’ decision-making processes. In the extreme case

of µ → 0, our model describes the situation of ineffective communication (e.g., poorly de-

signed disclosures). When the perceived α is high, a firm with µ ≈ 0 would be significantly

undervalued by the market. This inefficient valuation can hurt firm performance so that

the manager has incentive to improve the effectiveness (µ) of communication with investors.

This then lowers the manager’s threshold K for choosing s = 1, creating a noticeable shift

from inefficient (s = 0) to more efficient communication (s = 1).

In general, the parameters µ and M can be interrelated. A broader audience may encour-

age more managerial efforts in improving the effectiveness of communication. More effective

communication can attract more attentive investors the other way around. Thus, there can

be nontrivial interplay between investors’ attention and firms’ communication strategies.

The cost parameter c can depend on σ2
α and µ. On one hand, more uncertain alpha may

require more communication efforts, since the manager may need extra work and consid-

erations to convey such information. On the other hand, more efforts are expected to be
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paid for more effective communication. The cost c may also depend on the choice variable

“s” which we can model as a continuous variable, similar to the alternative flow measure of

“Visual Reports” to be discussed in Section IV.D. All those variations do not change the

main implications from the simple model presented here.

D. Empirical Implications

We extend the model to a universe of stocks. Each stock has its own alpha, denoted α̃n

and indexed by n = 1, ..., N . The sample mean of alphas is zero. We assume that each firm’s

alpha is acknowledged by its own manager but not by the market. Each manager chooses

an action sn ∈ {0, 1} at the beginning based on her threshold, denoted Kn, which depends

on the parameters of cn, µn, and Mn. This model generates three testable predictions:

Prediction 1. There are significant, positive abnormal returns for the group of firms whose

managers have made efforts (s = 1) that at least provide some hints for their firms’ alphas.

Managers are willing to put such efforts only if the expected benefits are strong enough.

For each stock, this occurs if αn > Kn and by Equation (8) we have E[p̃2,n−p0,n|sn = 1] > 0.

Since the threshold is positive for each manager, the sample average abnormal return for

those firms should be positive and statistically significant if the sample size is large enough.

Empirically, the manager’s action sn = 1 is measured by the surge of graphics in her firm’s

annual report. If this measure can predict stock returns, then we can tell that the manager’s

efforts have helped some investors to discover alpha.

Prediction 2. For the group of firms whose managers have chosen to put no efforts (s = 0),

their sample average abnormal returns are not statistically different from zero.

Managers withhold information if the expected gains from their efforts are not promising.

Their inaction will raise no attention and leave no hints. By Equation (9), the expected

abnormal return is zero for each stock in this group, E[p̃t,n − p0,n|sn = 0] = 0. For a large

sample, the abnormal return shall not be statistically different from zero. Empirically, the

manager’s inaction sn = 0 is represented by the cease of issuing graphic reports. If we observe

significant abnormal returns for firms with s = 1 (Prediction 1) and not for firms with s = 0

(Prediction 2), then we can confirm the critical role of graphics added by managers, given

there is no pre-announcement drift in either test. This will also confirm our hypothesis of

information asymmetry between firm managers (insiders) and financial markets (outsiders).
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Prediction 3. If the above return predictability of s = 1 is not expected or exploited by any

speculators in this market and if the information about alpha is processed by fundamental

investors, then there will be an apparent delay in observing the predicted abnormal returns.

Moreover, the holdings of fundamental investors should increase for those firms with s = 1.

The delayed emergence of anomaly is a key implication of Propositions 1, 2 and 3. The

predicted increase in institutional holdings given s = 1 is an implication of Equation (6) in

Proposition 1. If Prediction 3 is empirically confirmed, we can draw two critical implications.

First, the delayed abnormal returns should be caused by fundamental investors, since they

do not immediately speculate on the hints inferred from the manager’s action s = 1. Instead,

they only trade on material information about alpha. Second, the return predictability of the

manager’s efforts is novel to the market since it has not been recognized by any speculators.

III. Data and Methodology

A. Data Construction of Annual Reports Visuals

In the dynamic arena of financial research, the need for innovative methods to mine and

interpret data is ever-present. This necessity is acutely felt in the analysis of financial reports,

predominantly available in Portable Document Format (PDF). To address this, our approach

pivots on the power of artificial intelligence (AI), leveraging its capabilities to process and

analyze the data embedded within these documents. This methodology is not just about

extracting data; it’s about imbuing the process with sophistication and depth, using tools

developed by AI pioneers such as OpenAI and Salesforce.

We collect the printable versions of annual reports of 1,879 U.S. public firms over the

period of 1994 to 2019. Most firms have such versions available as PDF files on their websites

under the “Investor Relations” section. We search the Internet or request firms to send us

their annual reports if not found on their websites. Firms in our sample must have financial

accounting variables and stock return data. After excluding firms in the highly regulated

sectors, such as financial (SIC codes 6000 to 6999) and utility (SIC codes 4901 to 4999)

sectors, our final sample contains 1,322 firms and 10,105 firm-year observations.

To process roughly 4.9 million document pages, we customize a machine-learning algo-

rithm which can automatically identify and analyze the graphics embedded in a PDF file. We
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mainly rely on the PyMuPDF and the Pillow library to process image contents.17 PyMuPDF

is a Python binding for MuPDF, a software package known for its top performance and high

rendering quality. PyMuPDF also includes a built-in neural network based OCR engine. 18

PyMuPDF is instrumental in isolating the visual elements that are often key to financial

insights. Pillow is an image library designed for access to data stored in a few basic pixel

formats. It provides a general image processing tool. Our program first captures the graphic

items in a file, including graphs, photos, and charts. Then it selects color-print items, filters

out meaningless items such as logos and headings, calculates how much space the remaining

graphics occupy on a page, and counts how many color-print graphics present in a document.

Those output variables allow us to quantify the use of graphics in each PDF file. After ana-

lyzing roughly 2.5 million image files, our program returns 378,172 graphics that have high

visual salience based on their colors and sizes. As a robustness check, we have also used a

random subsample to manually confirm the accuracy of our computer algorithm.

Once these images are extracted, they undergo a rigorous process of analysis. We deploy

models developed by OpenAI, particularly the ”CLIPProcessor” and ”CLIPModel” from

their CLIP (Contrastive Language–Image Pretraining) framework. These tools do more

than just recognize image content; they enable us to intelligently categorize each image.

This step is crucial as it allows us to organize the plethora of financial visuals into coherent

categories, setting the stage for a more targeted analysis.

To deepen our understanding of the extracted images, we turn to Salesforce’s BLIP

(Bidirectional Language–Image Pretraining) model. This includes the ”BlipProcessor” and

”BlipForConditionalGeneration”, which work together to generate concise, descriptive cap-

tions for each image. This enhancement is significant in qualitative analysis, making complex

financial visuals more digestible and interpretable.

Our methodology also embraces an aesthetic evaluation of the images. This dimension of

analysis begins with a simple heuristic assessment of brightness and contrast, then progresses

to a more intricate aesthetic evaluation using an AI model (OpenAI). This model, specifically

calibrated to assess aesthetic elements, offers a fresh lens through which to view the visual

quality of financial reports – a perspective that traditional financial analysis rarely considers.

In our endeavor, each image is meticulously documented, capturing its dimensions, cat-

egory, aesthetic score, and AI-generated description. This information is methodically com-

piled into a CSV file, constructing a detailed database ripe for further analysis. Additionally,

17See https://github.com/pymupdf/PyMuPDF and https://pypi.org/project/Pillow/.
18Optical Character Recognition (OCR) a digital technology that can convert different types of textual

files, such as scanned paper documents, PDF files or digital images into editable and searchable data.

19

https://github.com/pymupdf/PyMuPDF
https://pypi.org/project/Pillow/


we aggregate this data into a summary for each financial report, providing a macroscopic

perspective on the visual content and facilitating broad-scale analyses.

The incorporation of these advanced AI tools from OpenAI and Salesforce marks a sig-

nificant advancement in financial research methodologies. By weaving AI into the fabric of

financial analysis, we not only streamline data extraction but also enrich the research process.

This integration allows for a deeper, more nuanced exploration of financial reports, revealing

insights that transcend traditional numerical data. It’s a leap forward that promises to open

new avenues for comprehensive and informed financial studies, reshaping how we understand

the financial narratives woven within these crucial documents.

To test our model predictions, we first divide the sample into three groups to conduct :

(1) firms that newly issue graphic annual reports; (2) firms that do not change their reporting

formats; and (3) firms that cease graphic annual reports. Our first measure of Visual Reports

is defined to indicate whether a firm has newly issued a graphic annual report in a given

year on top of the 10-K. This indicator variable equals one if a firm-year observation falls

into Group (1) and equals zero otherwise. For example, Nvidia has kept releasing graphic

annual reports ever since 2010 but not before. By definition, Nvidia falls into Group (1) in

2010. Then, we look at the enhanced visuals in more details. The graphics in annual reports

can be broadly categorized into two main groups. The first category comprises artistic

images, such as visuals depicting products, services, and relevant individuals or scenery.

The second category includes info-graphics, encompassing various forms of charts, figures,

and exhibitions. Artistic images are designed to capture attention, while info-graphics serve

to convey numerical and textual content.

B. Other Variables

We obtain from CRSP the monthly firm returns and market returns over the period of

1994 to 2019. To estimate abnormal returns, we extract Fama-French Three Factors (FF3),

Fama-French-Carhart Four Factors (FF3 plus Up-minus-Down factor), and Fama-French

Five Factors (FF5) from the Fama-French database. We obtain the annual firm-level finan-

cial and accounting variables from Compustat, institutional holdings data from Thomson’s

CDA/Spectrum database (form 13F), analyst coverage data from Institutional Brokers Es-

timate Systems (I/B/E/S), and Readability Index is constructed using 10X summaries from

Bill McDonald’s website. All the variables used in our empirical tests are defined in the

Internet Appendix H.

Table I describes our sample data and shows several interesting features. On average,
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over 80% of firms have used graphics in their annual reports. Many of them show a strong

preference for using this graphic reporting format. Moreover, firms do not change their

reporting formats frequently, as only approximately 9% of firm-year observations have format

changes in terms of initiating or ceasing the graphic annual reports.

[Insert Table I about here]

Table II reports the summary statistics of the key variables for the sample we study. These

include raw returns, FF5-factor alphas, Visual Reports, firm characteristics (e.g., ROE, lever-

age, size), readability of the annual reports/10-Ks, institutional ownership, short interests,

and analyst coverage. For example, after the release of annual reports, the average 3-month

and 6-month raw returns for all sample firms are found to be 6.6% and 8.6%. The FF5-factor

alphas based on weekly returns for the same event windows are 8.4 and 6.5 basis points. By

compounding these weekly alphas, we estimate that the abnormal returns over the 3-month

and 6-month windows are merely 0.01% and 0.02%, respectively. Most firm-year observations

are associated with graphic annual reports in our sample. However, only around 4.2% of

observations correspond to the format-change events that firms newly issue graphic reports.

[Insert Table II about here]

We also provide the logistic regression results in Appendix I, from which one can see that

firms with larger size, higher return on equity, and lower book-to-market ratios are more likely

to use graphics in their annual reports. This is consistent with our theoretical intuition. On

one hand, larger firms tend to receive more attention from market participants. In our model,

this means a greater number of attentive traders, which can lower the managerial threshold

for making extra communication efforts. On the other hand, growth firms that enjoy higher

profitability are perhaps more likely to have novel growth opportunities underappreciated by

the market. This can be interpreted in our model as the manager perceives a higher average

alpha unrecognized by the market. In short, both effects, size and growth, can increase the

tendency of firms to use graphics in annual reports, consistent with our model.

IV. Empirical Results

A. Abnormal Returns and Annual Report Visual Reports

We first estimate the abnormal returns around annual report release dates. As mentioned

before, we first estimate the weekly alphas from the standard CAPM model, the Fama-
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French three-factor model (FF3), the Four-factor model (FF3 factors and the Up-minus-

Down factor), and the Fama-French five-factor model (FF5), based on weekly returns. Then

we compute the abnormal returns for the event windows of 3 months before, and 3 months,

6 months, and 9 months after the release of annual reports.19 Panel A in Table III reports

both alphas and abnormal returns for the group of firms that newly issue graphic reports,

while Panel B reports those results for the group of firms which cease issuing graphic reports

in a new fiscal year. The t-statistics are reported in parentheses below the weekly alphas.

For either group of firms, we do not find statistically significant alphas (from multi-factor

models) over the prior-event window [−3, 0] months before the release of annual reports.

For firms that newly issue graphic reports, the post-event alphas from all four specifica-

tions are positive and statistically significant at the 1% level. The abnormal returns over the

post-event window [0, 6] months are approximately 3.5%. Such positive stock price reaction

lasts for at least 6 months after the release of annual reports. After six months, the abnormal

return shows little reversal, indicating that it is not a transient market response. The result

shown in Panel A of Table III confirms the model Prediction 1.

[Insert Table III about here]

In contrast, for those companies that cease issuing graphic annual reports, their abnormal

returns are not statistically different from zero for any event windows we tested (Panel B of

Table III). This finding confirms the model Prediction 2. Intuitively, when firms do not have

much information to deliver through graphic reports, they may save resources by reverting

to the plain 10-Ks.20 As a result, the abnormal returns are insignificant for those firms.

B. Baseline Regression Results

We use panel regressions to formally test Prediction 1 and Prediction 2 from our model.

To examine whether the graphics in annual reports contain information that predicts future

stock returns, we estimate the following regression equation:

Ri,t+∆ = β0 + βG × V isualReportsi,t + βX ×Xi,t + βF × Firmi + βY × Y eart + ϵi,t, (11)

19The abnormal return Re
t over an event window [0, t] is estimated by compounding the weekly alphas αF

from our regressions, i.e., Re
t = (1 + αF )

L − 1, where L is the number of weeks within the specific window.
20The monetary costs of preparing the graphic annual reports are supposed to be negligibly small for the

companies in our sample. There can be little monetary incentive to quit issuing graphic reports. Such a
decision may instead be driven by non-monetary costs or concerns, such as proprietary information.
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where the dependent variable Ri,t+∆ is firm i’s stock return in 3 months or 6 months after

the report release date in year t. In this regression, the key independent variable is Visual

Reports. As mentioned earlier, Visual Reports is an indicator variable that equals one for a

firm-year observation if the firm newly issued graphic annual reports in a fiscal year and that

equals zero otherwise. The regression also includes several controlling covariates, denoted

Xi,t, such as firm size, return on equity, and leverage. To control for the textual effect

on stock returns, we also include the Readability Index. All the regressions are estimated

with either firm and year fixed effects, or industry and year fixed effects. The results are

reported in Table IV. As shown in Columns (1) and (2), when we control for firm and

year fixed effects, the coefficients βG for Visual Reports are 3.429% and 5.043% over the

three-month and six-month window, respectively. Both values are statistically significant

at the 1% level, indicating that firms on average experience positive significant abnormal

returns after they switch to issuing graphic annual reports from using the plain 10-Ks. The

regression coefficients of firm size and return on equity are also significant, indicating the

effects of firm size and profitability. As shown in Columns (3) and (4), the results are

similar when we control for both industry and year fixed effects. The coefficients of Visual

Reports for three-month window and six-month window are 2.986% (t-statistics = 3.35) and

5.320% (t-statistics = 4.69), respectively. The six-month coefficient is nearly twice as much

as the three-month one, reflecting that the new information is gradually incorporated into

stock prices. In sum, the empirical results in this subsection are highly consistent with both

Prediction 1 and Prediction 2.

[Insert Table IV about here]

We, then, estimate Fama-Macbeth regressions to ensure that our results are not caused

by biases related to cross-sectional correlation. The results are reported in Table V. Now

the coefficients of Visual Reports are 3.165% (t-statistics = 4.29) and 5.322% (t-statistics =

6.56) for three-month window and six-month window, respectively. Their magnitudes and

significance levels are similar to those from the panel regressions reported in Table IV.

[Insert Table V about here]

Collectively, the above empirical results show that the surge of graphics in firms’ annual

reports has predictive power for their future stock returns. By confirming both Prediction 1

and Prediction 2, these results confirm our theory that firms have intentionally used graphics

to help convey extra information which is not anticipated or noticed by the market.
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C. Categorizing Visuals- An Image Level Analysis

To understand mechanisms by which the inclusion of visuals in annual reports influences

stock prices, we meticulously analyze the type, color, and contents of each image in every

annual report. We closely examine each image, distinguishing between artistic elements

(e.g., logos, team photos, cover pages, products, related product market sectors, scenery,

animals, people, or services) and those designed for numerical and textual reinforcement

(e.g., figures, tables, charts, and exhibitions). Ensuring that the dimensions of the images are

adequately sizable to capture human attention, we create three measures—annual changes in

the use of info-graphics, artistic visuals, and visuals on innovation, technology and product

advancements related to IT, healthcare, and biotech areas, which is a subset of artistic

visuals. Substituting the main independent variable, we re-estimate baseline regressions

using these measures, and the results are presented in Table VI. The estimates of both

∆PRO-Images and ∆ITHB-Images are positive and statistically significant, while ∆ITHB-

Images has a larger economic magnitude. These findings indicate that an increased use of

artistic visuals is associated with a higher stock price increase compared to an increased

use of info-graphics. It is challenging and not straightforward for public and investors to

understand the important innovation and technology advancements, our results suggest a

critical channel - using visual information that firms use to communicate with the public,

share/stakeholders, and existing or potential investors.

[Insert Table VI about here]

D. Robustness

We conduct a battery of robustness tests to verify the pattern of abnormal returns sub-

sequent to the graphic print change of annual reports.

Matched Sample. To avoid the sample selection bias (if any), we use the matched sample

as a different benchmark and re-estimate the same regressions in Table VII. Specifically,

we compare the group of firms that newly issue graphic annual reports with their matched

industry peers that have similar firm characteristics but do not change their reporting formats

by issuing graphic annual reports.21 The results are provided in Table VII. Similar to Table

VII, we report the results with firm and year fixed effects in Columns (1) and (2): the

regression coefficients of Visual Reports for the three-month and six-month windows are

3.698% (t-statistics = 3.35) and 4.695% (t-statistics = 3.61), respectively. Results with

21To ensure comparability, we match firms by industry, firm size, and annual report readability each year.
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industry and year fixed effects are reported in Columns (3) and (4). Again, the coefficients

of Visual Reports have magnitudes similar to those in Table VII, and they are all significant

at the 1% level. Therefore, selection bias is unlikely to drive our results.

[Insert Table VII about here]

Alternative Measures of Annual Reports Enhanced Visuals. We have explored

alternative measures of Visual Reports for robustness check. Based on the output of our

image analysis algorithm, we define a flow variable, called △Pics, which measures the yearly

percentage change in the number of graphics used in each firm’s annual reports. We also

define another measure called Jump, which is a dummy variable indicating whether a firm’s

annual report has 50% more graphics than it had in the previous year. We then regress

the post-event [0, 6] month stock returns on both measures, with the same controls used in

Table IV. The new results are reported in Table VIII. Consistent with our previous findings,

the coefficients of △Pics and Jump are positive and statistically significant at the 1% levels.

The coefficient of △Pics is 0.818 (t-statistics = 3.38) when firm and year fixed effects are

included, and it is 0.794 (t-statistics = 3.39) when we include industry and year fixed effects.

When we instead use the Jump as the proxy for increasing Visual Reports in annual reports,

we find that the coefficient of Jump is 1.822% (t-statistics = 3.15) when firm and year fixed

effects are controlled, and it is 1.815% (t-statistics = 3.34) when industry and year fixed

effects are controlled. This means that when firms have significant jumps in using graphics

in their annual reports, they on average experience roughly 1.82% higher returns than other

firms in the next six months.

[Insert Table VIII about here]

E. Fundamental Investors

Our results demonstrate the predictive power of annual report Visual Reports. This

return predictability is not anticipated by the market. Ex post, it remains unknown who

are actually influenced by the graphic annual reports. Our model assumes that the extra

information is identified and processed by fundamental investors, not by speculators or retail

traders. In general, fundamental investors are highly concerned about the truthfulness and

materiality of the information they possess. They want to confirm that their long-term

investments are backed by superior, fundamental information. In contrast, speculators tend

to bet on short-term opportunities, mostly based on their conjectures or inferences about

those opportunities without solid evidence or information. If the anomaly identified in
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this paper had been recognized by some speculators, then their trading would have taken

place shortly after companies initiated graphic reports, creating abnormal returns in an

earlier stage. If, instead, the anomaly is novel to the market and only fundamental investors

process the anomaly-related information, then we expect an apparent delay in the emergence

of abnormal returns, as stated in Prediction 3. To test this prediction, we conduct an event

study on the short-term stock performance around the dates that firms release graphic annual

reports for the first time. We compute their abnormal returns based on the market model.

As shown in Table IX, the cumulative abnormal returns (CARs) for daily event windows of

[−1, 1], [0, 1], and [−1, 0] are not statistically significant. Moreover, the post-event CARs

are insignificant for up to 20 trading days. Consistent with Prediction 3, this result shows

that there is no speculative trading on events of firms’ reporting format changes and thus

the return predictability of Visual Reports is indeed a novel finding to the general market.

[Insert Table IX about here]

The delay in stock price response can be an important feature of fundamental investing.

Fundamental investors may spend time collecting more data to substantiate their investment

decisions. They may also spend extra time on analyzing soft information. According to

Liberti and Petersen (2019), hard information includes quantitative data such as earnings

numbers in financial statements. This type of information can be easily absorbed by traders.

In contrast, it can be difficult to express (qualitative) soft information in numbers or in text.

Comprehension of soft information also requires one’s prior knowledge and even talents.

As another friction, hierarchical organizations may also delay information communication

and investment decisions. Evans et al. (2022) show that the hierarchy effect is way more

prominent for fundamental investors than for quantitative traders. This also agrees with

theoretical implications of Radner (1993), Bolton and Dewatripont (1994), and Stein (2002).

The absence of speculative trading and the delay in stock price reactions suggest that the

information driving the observed abnormal returns is most likely processed by fundamental

investors. To examine this implication, we test whether annual report Visual Reports leads

to the post-event changes of institutional holdings. Given the quarterly data we can observe,

we regress the percentage changes of firms’ institutional ownership during one-quarter, two-

quarters, and three-quarters post-event time windows on the measure of Visual Reports,22

together with other control variables similar to the regression equation (11). The results are

reported in Table X. The coefficient of Visual Reports is insignificant for the first quarter.

However, its magnitude keeps increasing with the length of post-event time window, and

22We have also used the two alternative measures of Visual Reports and reported the results in Appendix
J.
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becomes statistically significant after three quarters. Notably, the significant coefficient is

4.07, indicating that institutional investors increase their holdings by about 4% in total in

response to the new information embedded in graphic reports. This pattern is consistent

with Prediction 3 and with the observed abnormal returns in Table IV.

[Insert Table X about here]

We also utilize the institutional attention data from Bloomberg and test if institutional

investors do pay more attention to the focal firms who enhanced the visual usage in their

annual reports. We estimate similar regressions in VI, and the results are reported in XI.

Consistent with our model and the findings in VI, there is increased abnormal attention from

institutional investors to firms who adopt more artistic visuals in their annual reports, and

we fail to see an increase in attention to firms who add more info-graphics. More importantly,

the results are more pronounced for the use of visuals on innovation, technology and product

advancements related to IT, healthcare, and biotech areas.

[Insert Table XI about here]

Combining the results in Tables IV, X, and XI, we conclude that the observed abnor-

mal returns (with a delay but no reversals) reflect the incorporation of nonpublic material

information into stocks prices and this extra fundamental information is processed by fun-

damental investors (not speculators) who may receive hints or insights from graphic reports.

F. Real Effects

If firms mainly use graphic annual reports to hint at extra fundamental information,

then the question for investors is whether those hints are credible. Specifically, do firms that

release graphic reports experience any improvements in their fundamentals subsequently?

To answer this question, we employ a Difference-in-Differences (hereafter, DiD) method to

examine the predictive power of Visual Reports on real corporate activities. We regress

various corporate investment variables (including Asset Growth, which is the annual per-

centage growth in total assets, Capex, which is capital expenditure, and R&D, which is the

investment in intangible assets) on an indicator variable Treatment, which equals one for all

the fiscal years after a firm has issued a graphic report for the first time and equals zero

otherwise. Table XII reports our multivariate DiD results.23 The coefficients of Treatment

reflect the changes of corporate investments following the annual report format change. The

23We have examined the parallel trend assumption as required for a valid DiD test. Following Bertrand
and Mullainathan (2003), we include indicators for three pre-treatment periods (in years) along with three
during- and post-treatment indicators. The results in Appendix K confirm the parallel trend assumption.
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predictability is weak for Asset Growth and Capex. However, it is positive and statistically

significant for R&D at the 1% level. Moreover, the increase of R&D is survived with the year

and firm fixed effects and with the matched sample. The coefficient of Treatment is 1.483

(t-statistics = 2.04) in the matched sample regression, indicating that firms tend to increase

their R&D investment by 1.483% annually after they switch to issuing graphic reports.

[Insert Table XII about here]

The above result is consistent with our theory. First, it shows that the hints in graphic

annual reports are overall credible. This can also explain why institutional investors may

take into account such hints. Second, the R&D operations are often complex and may

involve proprietary information. Graphics seem suitable tools when firms intend to spread

subtle messages about R&D-related firm potentials. Third, the result in Table ?? is also

compatible with our logistic regression result reported in Appendix I, since larger firms with

more growth opportunities and higher profitability are perhaps likely to invest more in R&D.

There can be real benefits from using graphic reports to signal R&D-related fundamental

improvements. This can reduce information asymmetry, boost stock prices, and lower costs

of capital, which in turn promote firm investments (Fishman and Hagerty (1989), Diamond

and Verrecchia (1991)). Firms may also reduce their perceived risk about investment op-

portunities and harness the feedback effects of financial markets (see Chen, Goldstein, and

Jiang (2007), Bond, Edmans, and Goldstein (2012), Edmans, Goldstein, and Jiang (2012)).

G. Policy Implications

Our results support the managerial incentive to adopt a multimedia approach in preparing

and presenting corporate information. Investors may have limited ability to filter valuable

information from text-heavy reports (e.g., 10-Ks); they may also struggle with the prior

knowledge required for understanding certain information. This may explain why the stan-

dard filings can be less attractive to investors, consistent with the finding by Loughran and

McDonald (2017) that the activity of investors’ requests for 10-Ks on EDGAR of the SEC

is surprisingly low and also with the finding by Cohen, Malloy, and Nguyen (2020) that

investors are inattentive to format changes in firms’ financial reports.

Recognizing those problems, firms may invest more resources in producing attractive

reports. This practice shares similarities with marketing but has a different target audience.

Visuals can help investors overcome their inattention and capture the big-picture insight. We

provide the novel evidence on the positive economic effect of using graphics in firms’ annual

28



reports. Appropriate use of visuals can enhance communication with investors and improve

the market’s informational efficiency. Hence, our findings may help regulators consider going

beyond the current regulatory framework and accommodate the needs of firms to make more

user-friendly presentations.24

Of course, there could be downside risk. The case of WeWork IPO filing is one example.

The first Form S-1 that WeWork filed for its IPO is an image-heavy document, beyond the

norm followed by most companies that go public. According to the news media,25 the former

WeWork executives spent months and a fortune producing the S-1 report “like it was the

September issue of Vogue.” WeWork had hired a former director of photography at Vanity

Fair magazine and sent photographers to reshoot the company’s locations around the world.

Its overuse of photos in the S-1 filing has been viewed by the financial media as glossy and

inappropriate. Similar problems may also arise in the graphic annual reports of some firms.

Our empirical approach can expand regulators’ tools that monitor misleading or abusive

practices. As done in this paper, regulators may construct a database of graphics embedded

in firms’ disclosures. Regulators may also adopt the simple metric we defined to gauge the

Visual Reports of firm documents in real time. This can help detect suspicious activities and

urge firms to fairly use graphics in their disclosures.

V. Conclusion

Studies that employ content analysis of financial reports have largely focused on standard

numerical and textual data, with advances made by Tetlock (2007) and others (see, e.g.,

Loughran and McDonald (2016)). This is likely due to the complexity of non-textual content

(e.g., graphics) that has hindered extracting useful information from such type of dataset in

the past. With recent advances in machine learning, our paper takes the challenge to analyze,

for the first time, the graphics embedded in public firms’ annual reports. We provide not

only extensive empirical results, but also a novel theoretical model to explain why firms

make the extra efforts to design graphics in their reports to begin with.

We find that those firms that initiate graphic annual reports earn on average signifi-

cant and positive abnormal returns in the following one to two quarters. This finding is

24See https://www.sec.gov/divisions/corpfin/guidance/regs-tinterp.htm for the SEC Compli-
ance and Disclosure Interpretations for Regulation S-T in 2015. Readers are also referred to A Plain En-
glish Handbook: How to Create Clear SEC Disclosure Documents; see https://www.sec.gov/reportspubs/
investor-publications/newsextrahandbookhtm.html.

25See, for example, the media coverage and comments from the Bloomberg website at https://www.

bloomberg.com/opinion/articles/2019-10-01/dorm-room-hedge-fund-had-its-own-values.
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robust to various specifications. It cannot be explained by investor sophistication, short

selling constraints, or analyst following. We also find that the positive abnormal returns

are accompanied by an increase in holdings of institutional investors. Moreover, firms that

issue graphic reports have increased their research and development expenses in the follow-

ing years, reflecting the positive real effect of annual report Visual Reports on corporate

investment.

Our model helps explain the puzzle as to why a large fraction of firms continue to pro-

vide visually aesthetic but seemingly redundant financial reports to the general public. As

suggested by our theory, firms are motivated in using graphics to convey information which

is of value but not easily discernible, or to hint at potentials not reflected in their financial

statements. Therefore, the added visuals in firms’ annual reports are more than a decorative

advertisement, but constitute a valuable source of information about firm fundamentals.
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Table I: Sample Formation

This table reports the descriptive statistics of the public firms’ annual reports (over the
period of 1994 to 2019) in our sample data.

Total number of firms 1,879
Firm-year observations 15,372
# of firm-years after excluding observations for financial and utility firms 11,664
# of firm-years after excluding observations with missing accounting and
stock return information

10,033

# of firm-years publishing graphic annual reports, in addition to 10-Ks 8,358
# of firm-years changing reporting format by initiating graphic reports (with
only 10-Ks in the previous year)

422

# of firm-years changing reporting format by ceasing graphic reports (with
graphic reports in the previous year)

517
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Table II: Descriptive Statistics

This table reports the descriptive statistics of all major variables for all the sample firms we
study. The definitions of variables are provided in the Internet Appendix H.

N Mean Median STD P25 P75

Raw Return [0,3] 9,930 6.635 6.346 15.299 -4.151 17.480
Raw Return [0,6] 10,105 8.601 8.617 21.505 -6.186 23.595
FF5 Alpha [0,3] 9,990 0.084 0.096 0.992 -0.566 0.747
FF5 Alpha [0,6] 10,034 0.065 0.067 0.673 -0.402 0.532
Graphic Report 10,105 0.832 1.000 0.374 1.000 1.000
Visual Reports 10,105 0.042 0.000 0.200 0.000 0.000
Readability 9,561 20.081 19.996 1.053 19.417 20.651
ROE 10,019 25.680 25.380 27.775 13.678 39.183
Leverage 10,060 28.232 25.185 25.762 2.112 44.132
Size 10,105 6.932 6.838 1.904 5.588 8.214
Capex 10,090 4.970 3.247 5.499 1.669 6.028
R&D 7,098 5.525 1.173 14.795 -2.383 8.974
Asset Growth 10,105 9.271 5.864 17.877 -1.788 16.183
Cash Flow 10,013 8.041 9.638 11.043 4.736 14.460
Past Profitability 10,019 11.558 13.505 17.230 7.740 19.694
INST 9,450 69.752 76.360 26.589 55.708 89.470
Short Interest 9,699 5.250 3.220 5.803 1.520 6.934
Analyst Coverage 9,303 6.625 5.000 5.420 2.750 9.000
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Table III: Abnormal Returns around the Release of Firms’ Annual Reports

This table reports the abnormal returns for the firms that change their reporting formats.
The abnormal returns are obtained by estimating Fama-French-Carhart 4-Factor and Fama-
French 5-Factor Models for different event windows around the release of annual reports, us-
ing weekly returns. The CAPM alpha measures the weekly abnormal return when restricting
the coefficients of SMB, HML, and UMD to zero in the 4-Factor model. The 3-Factor alpha
is the intercept from the 4-Factor regression when UMD is omitted. The 4-Factor alpha is
the intercept from estimating the 4-Factor model. The 5-factor alpha is the intercept from
estimating the 5-Factor model. We estimate the regressions within the event windows of 3
months before, and 3 months, 6 months, and 9 months after the report release dates.

Panel A: Firms Initiating Graphic Reports

[-3, 0 mo) [0, 3 mo] [0, 6 mo] [0, 9 mo]
CAPM Alpha 0.102** 0.295*** 0.139*** 0.100***

(1.92) (6.43) (3.72) (3.21)
Abnormal Returns 1.338 3.898 3.688 3.975

3-Factor Alpha 0.089 0.255*** 0.135*** 0.080**
(1.56) (5.60) (3.61) (2.47)

Abnormal Returns 1.166 3.365 3.579 3.180

4-Factor Alpha 0.042 0.211*** 0.134*** 0.068**
(0.66) (4.28) (3.57) (2.10)

Abnormal Returns 0.541 2.780 3.544 2.681

5-Factor Alpha -0.002 0.284*** 0.131*** 0.080**
(-0.02) (5.39) (3.45) (2.40)

Abnormal Returns -0.021 3.752 3.472 3.186

Panel B: Firms Ceasing Graphic Reports

[-3, 0 mo) [0, 3 mo] [0, 6 mo] [0, 9 mo]
CAPM Alpha -0.008 0.053 0.010 -0.046

(-0.18) (1.11) (0.26) (-1.43)
Abnormal Returns -0.110 0.690 0.259 -1.788

3-Factor Alpha -0.008 0.020 -0.034 -0.042
(-0.15) (0.39)) (-0.90) (-1.28)

Abnormal Returns -0.108 0.263 -0.872 -1.623

4-Factor Alpha -0.016 -0.005 -0.016 -0.046
(-0.28) (-0.10) (-0.43) (-1.40)

Abnormal Returns -0.207 -0.068 -0.424 -1.789

5-Factor Alpha -0.041 0.043 -0.012 -0.013
(-0.69) (0.76) (-0.31) (-0.37)

Abnormal Returns -0.531 0.560 -0.323 -0.501
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Table IV: Annual Report Visual Reports and Stock Return Predictability

This table reports the results of panel regressions that examine whether the annual report
Visual Reports predicts future stock returns. Dependent variables are 3-month and 6-month
stock returns after the release of annual reports. Columns (1) and (2) report the results with
firm and year fixed effects, while Columns (3) and (4) report the results with industry and
year fixed effects. Standard errors are adjusted for heteroskedasticity and clustered by firm.
*, **, *** indicate significance at the 10%, 5%, and 1% levels respectively.

(1) (2) (3) (4)
Return [0,3] Return [0,6] Return [0,3] Return [0,6]

Visual Reports 3.429*** 5.043*** 2.986*** 5.320***
(3.71) (4.38) (3.35) (4.69)

Size -1.688*** -3.898*** -0.410*** -0.772***
(-3.51) (-5.88) (-3.16) (-4.41)

ROE 0.045*** 0.100*** 0.042*** 0.077***
(3.70) (5.88) (4.72) (6.12)

Leverage -0.015 -0.046** 0.002 -0.026*
(-1.03) (-2.29) (0.19) (-1.94)

Readability 0.060 -0.021 0.287 0.207
(0.26) (-0.07) (1.54) (0.83)

Year Fixed Effect Yes Yes Yes Yes
Firm Fixed Effect Yes Yes No No
Industry Fixed Effect No No Yes Yes
N 9,297 9,446 8,699 8,825
Adjusted R-Sq. 0.080 0.161 0.056 0.129
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Table V: Annual Report Visual Reports and Stock Return Predictability:
Fama-MacBeth Regressions

This table reports the Fama-MacBeth regression results. Dependent variables are 3-month
and 6-month stock returns after the release of annual reports. *, **, *** indicate significance
at the 10%, 5%, and 1% levels respectively.

(1) (2)
Return [0,3] Return [0,6]

Visual Reports 3.165*** 5.332***
(4.29) (6.56)

Size 0.193 0.034
(1.50) (0.13)

ROE 0.040 0.099***
(1.61) (4.35)

Leverage -0.011 0.009
(-1.12) (0.17)

Readability 0.308 0.368
(0.74) (0.92)

N 9,297 9,446
Adjusted R-Sq. 0.0528 0.0413
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Table VI: Categorizing Visuals

This table reports the panel regression results, using three measures quantifying the aggre-
gated use of visuals, and capturing the different categories of visuals. Dependent variables
are 6-month stock returns after the release of annual reports. Standard errors are adjusted
for heteroskedasticity and clustered by firm. Firm and year fixed effects are included. *, **,
*** indicate significance at the 10%, 5%, and 1% levels respectively.

(1) (2) (3) (4)
Return [0,6] Return [0,6] Return [0,6] Return [0,6]

∆Images 0.533*
(1.84)

∆Info-graphics -0.711
(-0.97)

∆PRO-Images 0.534*
(1.89)

∆ITHB-Images 0.856**
(1.97)

Size -4.948*** -4.971*** -4.944*** -4.976***
(-6.03) (-6.06) (-6.02) (-6.07)

ROE -0.045*** -0.045*** -0.045*** -0.045***
(-2.69) (-2.75) (-2.70) (-2.71)

Leverage 0.162*** 0.164*** 0.162*** 0.163***
(6.56) (6.62) (6.57) (6.63)

Readability -3.232 -3.193 -3.247 -3.189
(-1.49) (-1.47) (-1.49) (-1.46)

Total Image Pages -1.148** -0.795* -1.160** -0.992**
(-2.36) (-1.73) (-2.38) (-2.14)

Year Fixed Effect Yes Yes Yes Yes
Firm Fixed Effect Yes Yes Yes Yes
N 7,613 7,613 7,613 7,613
Adjusted R-Sq. 0.228 0.228 0.228 0.228
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Table VII: Annual Report Visual Reports and Abnormal Returns: Matched
Sample

This table reports the results of panel regressions that examine whether the annual report
Visual Reports predicts future stock returns, using a matched sample. Dependent variables
are 3-month and 6-month stock returns after the release of annual reports. Columns (1) and
(2) report the results with firm and year fixed effects, while Columns (3) and (4) report the
results with industry and year fixed effects. Standard errors are adjusted for heteroskedas-
ticity and clustered by firm. *, **, *** indicate significance at the 10%, 5%, and 1% levels
respectively.

(1) (2) (3) (4)
Return [0,3] Return [0,6] Return [0,3] Return [0,6]

Visual Reports 3.698*** 4.695*** 2.887*** 5.208***
(3.35) (3.61) (2.65) (4.00)

Size -1.272* -3.587*** -0.397** -1.059***
(-1.85) (-4.00) (-1.99) (-3.97)

ROE 0.038** 0.092*** 0.057*** 0.097***
(2.00) (3.80) (3.96) (5.09)

Leverage 0.005 -0.038 0.009 -0.009
(0.27) (-1.39) (0.69) (-0.46)

Readability 0.318 0.077 0.554* 0.398
(0.78) (0.14) (1.76) (0.98)

Year Fixed Effect Yes Yes Yes Yes
Firm Fixed Effect Yes Yes No No
Industry Fixed Effect No No Yes Yes
N 3,871 3,933 3,532 3,582
Adjusted R-Sq. 0.073 0.179 0.061 0.156

43



Table VIII: Alternative Measures of Visual Reports

This table reports the panel regression results, using two alternative measures of Visual
Reports, Jump. Dependent variables are 6-month stock returns after the release of an-
nual reports. Standard errors are adjusted for heteroskedasticity and clustered by firm.
Firm/Industry and year fixed effects are included. *, **, *** indicate significance at the
10%, 5%, and 1% levels respectively.

(1) (2)
Return [0,6] Return [0,6]

Jump 1.822*** 1.815***
(3.15) (3.34)

Size -3.703*** -0.737***
(-5.15) (-3.74)

ROE 0.093*** 0.080***
(5.22) (6.15)

Leverage -0.045** -0.029**
(-2.08) (-2.02)

Readability 0.002 0.228
(0.01) (0.84)

Year Fixed Effec Yes Yes
Firm Fixed Effect Yes No
Industry Fixed Effect No Yes
N 8,321 7,789
Adjusted R-Sq. 0.170 0.134
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Table IX: Short-run Abnormal Returns around Reporting Format Changes

This table reports the short-term cumulative abnormal returns (CARs) for the group of
firms that newly release graphic annual reports. We compute the abnormal returns using
the market model, within the event windows of 1 day before to 1 day after, 1 day after to 10
days after, and 1 day after to 20 days after the format changes. We report the t-statistic in
parenthesis below each CAR estimate. *, **, *** indicate significance at the 10%, 5%, and
1% levels, respectively.

[-1, 0] [0, 1] [-1, 1] [1, 10] [1, 20]
CAR 0.004 0.007 0.008 0.001 -0.007

(0.86) (1.15) (1.22) (0.24) (-1.17)
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Table X: Annual Report Visual Reports and Institutional Investing

This table reports the panel regression results that examine whether annual report Visual
Reports is linked with the increase in fundamental investment inflow. Dependent variables
are the Institutional Flow for the period of one quarter (1Q), two quarters (2Q), and three
quarters (3Q) after the release of annual reports. Standard errors are adjusted for het-
eroskedasticity and clustered by firm. Firm and year fixed effects are included. *, **, ***
indicate significance at the 10%, 5%, and 1% levels respectively.

(1) (2) (3)
Institutional Flow (1Q) Institutional Flow (2Q) Institutional Flow (3Q)

Visual Reports 0.890 1.416 4.070**
(1.46) (0.86) (2.34)

Size -0.525 -1.075 -2.096*
(-1.24) (-1.14) (-1.86)

BtM 0.124 2.428 2.548
(0.22) (1.57) (1.46)

ROE -0.004 -0.008 -0.007
(-0.37) (-0.37) (-0.29)

Leverage 0.014 0.030 0.009
(1.09) (1.11) (0.28)

Year Fixed Effect Yes Yes Yes
Firm Fixed Effect Yes Yes Yes
N 1,534 1,427 1,329
Adjusted R-Sq. 0.094 0.217 0.146

Note: Given that the institutional ownership data is available quarterly and the reporting dates
are different from the annual report release dates, we limit our test sample by requiring the avail-
ability of institutional ownership data recorded around the annual earning announcement date.
Specifically, we adopt the institutional ownership reported during the period from the earning an-
nouncement date to thirty calendar days afterwards, as the reference data. Dependent variables are
constructed by subtracting the reference ownership from the future institutional ownership data
reported on the first quarter, second quarter, and third quarter after the reference date.
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Table XI: Annual Report Enhanced Visuals and Institutional Attention

This table reports the Poisson regression results on which categorized visuals are linked with
institutional investors’ attention. Dependent variables are the Attention Heats for the period
of one quarter (1Q), two quarters (2Q), and three quarters (3Q) after the release of annual
reports. Standard errors are adjusted for heteroskedasticity and clustered by firm. Firm and
year fixed effects are included. *, **, *** indicate significance at the 10%, 5%, and 1% levels
respectively.

(1) (2) (3) (4)
Attention Heats (1Q) Attention Heats (2Q) Attention Heats (3Q) Attention Heats (2Q)

∆Info-graphics -0.006 -0.012 -0.015 -0.010
(-0.20) (-0.54) (-0.72) (-0.42)

∆PRO-Images 0.019* 0.018** 0.013*
(1.87) (2.07) (1.72)

∆ITHB-Images 0.028*
(1.89)

Size 0.059 0.046 0.046 0.046
(1.06) (0.86) (0.92) (0.86)

ROE -0.000 -0.001 -0.001 -0.001
(-0.55) (-1.49) (-1.56) (-1.48)

Leverage 0.003** 0.003** 0.003** 0.003**
(2.55) (2.51) (2.49) (2.53)

Readability -0.035 -0.003 0.006 -0.000
(-0.41) (-0.05) (0.09) (-0.00)

Year Fixed Effect Yes Yes Yes Yes
Firm Fixed Effect Yes Yes Yes Yes
N 2,890 2,993 3,014 2,993
Pseudo R-Sq. 0.439 0.570 0.628 0.569

47



Table XII: Annual Report Visuals and Corporate Investment

This table reports the panel regression results that examine the relationship between an-
nual report Visual Reports and corporate investment activities. Table headings indicate
dependent variables. The first three columns report the results with the full sample as the
benchmark, while the next three columns report the results with the matched sample as the
benchmark. Standard errors are adjusted for heteroskedasticity and clustered by firm. Both
firm and year fixed effects are included. *, **, *** indicate significance at the 10%, 5%, and
1% levels respectively.

Full Sample Matched Sample
Asset Growth Capex R&D Asset Growth Capex R&D

Treatment 0.517 -0.251 1.399*** 1.129 -0.263 1.483**
(0.55) (-1.06) (2.63) (0.85) (-0.86) (2.04)

Size -9.278*** -1.053*** -5.214*** -8.694*** -0.596** -5.574***
(-13.78) (-6.12) (-11.39) (-8.93) (-2.45) (-8.63)

Cashflow 0.880*** 0.078*** -0.178*** 0.847*** 0.074*** -0.200***
(18.23) (8.03) (-5.63) (12.05) (5.29) (-4.33)

ROE -0.041** 0.004 0.020** -0.050** 0.001 0.021
(-2.48) (1.22) (2.10) (-1.97) (0.32) (1.48)

Year FEs Yes Yes Yes Yes Yes Yes
Firm FEs Yes Yes Yes Yes Yes Yes
N 9,681 9,667 6,775 3,997 3,991 2,957
Adj. R-Sq. 0.336 0.712 0.853 0.314 0.720 0.838
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Appendix A. Regulation S-T Rule 304 on the Use of Graphics in Disclosures

As mentioned in Section I, publicly listed companies are required to submit various

filings to the SEC and comply with Regulation S-T which outlines rules and procedures

pertaining to the SEC’s EDGAR system. Among others, Rule 304 of Regulation S-T provides

the regulatory details regarding the use of graphic, image, audio or video material in firm

disclosures.26 In the following, we quote Rule 304 and discuss its implications for our study.

Rule 304(a) states that “If a filer includes graphic, image, audio or video material in

a document delivered to investors and others that is not reproduced in an electronic filing,

the electronically filed version of that document must include a fair and accurate narrative

description, tabular representation or transcript of the omitted material. Such descriptions,

representations or transcripts may be included in the text of the electronic filing at the point

where the graphic, image, audio or video material is presented in the delivered version, or

they may be listed in an appendix to the electronic filing. Immaterial differences between the

delivered and electronically filed versions, such as pagination, color, type size or style, or

corporate logo need not be described.” As a note, “if the omitted graphic, image, audio or

video material includes data, filers must include a tabular representation or other appropriate

representation of that data in the electronically filed version of the document.”

Rule 304(a) acknowledges the use of graphics in firms’ documents distributed to investors.

However, there should be no material differences between those documents (e.g., user-friendly

annual reports) and their corresponding electronic filings with the SEC (e.g., plain 10-Ks).

Thus, if the delivered version of firm annual report contains graphic content that is not repro-

duced in the electronic 10-K filing, the latter must simultaneously include a fair and accurate

narrative description, tabular representation or transcript of the omitted (graphic) content.

From the legal perspective, these two documents should be informationally equivalent.

Rule 304(b) states that “(1) The graphic, image, audio and video material in the ver-

sion of a document delivered to investors and others is deemed part of the electronic filing

and subject to the civil liability and anti-fraud provisions of the federal securities laws. (2)

Narrative descriptions, tabular representations or transcripts of graphic, image, audio and

video material included in an electronic filing or appendix thereto also are deemed part of

the filing. However, to the extent such descriptions, representations or transcripts represent

a good faith effort to fairly and accurately describe omitted graphic, image, audio or video

material, they are not subject to the civil liability and anti-fraud provisions of the federal

26See the Code of Federal Regulations for Regulation S-T Rule 304 at https://www.ecfr.gov/current/
title-17/chapter-II/part-232/subject-group-ECFRd7d61c154ee5265/section-232.304.

50

https://www.ecfr.gov/current/title-17/chapter-II/part-232/subject-group-ECFRd7d61c154ee5265/section-232.304
https://www.ecfr.gov/current/title-17/chapter-II/part-232/subject-group-ECFRd7d61c154ee5265/section-232.304


securities laws.” By Rule 304(b), firms are legally accountable for the graphic content in

documents they deliver to investors. The SEC expects “a good faith effort” by firms to

disclose the extra graphic content in their electronic filings. This seem leave room for subtle

differences between the graphic annual report and the plain 10-K filing.

Rule 304(c) states that “An electronic filer must retain for a period of five years a copy

of each publicly distributed document, in the format used, that contains graphic, image,

audio or video material where such material is not included in the version filed with the

Commission. The five-year period shall commence as of the filing date, or the date that

appears on the document, whichever is later. Upon request, an electronic filer shall furnish

to the Commission or its staff a copy of any or all of the documents contained in the file.”

By Rule 304(c), firms must keep records for 5 years of their distributed annual reports and

make those accessible. This explains the abundance and continuity of our sample data.

Rule 304(d) states that “For electronically filed ASCII documents, the performance graph

that is to appear in registrant annual reports to security holders required by Exchange Act Rule

14a-3 or Exchange Act Rule 14c-3 to precede or accompany proxy statements or information

statements relating to annual meetings of security holders at which directors are to be elected

(or special meetings or written consents in lieu of such meetings), as required by Item 201(e)

of Regulation S-K, and the line graph that is to appear in registrant annual reports to security

holders, as required by paragraph (b)(7)(ii) of Item 27 of Form N-1A, must be furnished to

the Commission by presenting the data in tabular or chart form within the electronic ASCII

document, in compliance with paragraph (a) of this section and the formatting requirements

of the EDGAR Filer Manual.”27

Rule 304(e) states that “Notwithstanding the provisions of paragraphs (a) through (d)

of this section, electronically filed HTML documents must present the following information

in an HTML graphic or image file within the electronic submission in compliance with the

formatting requirements of the EDGAR Filer Manual: The performance graph that is to

appear in registrant annual reports to security holders required by Exchange Act Rule 14a-3 or

Exchange Act Rule 14c-3 to precede or accompany registrant proxy statements or information

statements relating to annual meetings of security holders at which directors are to be elected

(or special meetings or written consents in lieu of such meetings), as required by Item 201(e)

of Regulation S-K; the line graph that is to appear in registrant annual reports to security

holders, as required by paragraph (b)(7)(ii) of Item 27 of Form N-1A; and any other graphic

material required by rule or form to be filed with the Commission. Filers may, but are

not required to, submit any other graphic material in a HTML document by presenting the

27See https://www.sec.gov/edgar/filer-information/current-edgar-filer-manual.
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data in an HTML graphic or image file within the electronic filing, in compliance with the

formatting requirements of the EDGAR Filer Manual. However, filers may not present in

a graphic or image file information such as text or tables that users must be able to search

and/or download into spreadsheet form (e.g., financial statements); filers must present such

material as text in an ASCII document or as text or an HTML table in an HTML document.”

This paragraph (e) has been discussed and explained by the SEC.28 In the SEC’s view,

“‘information such as text or tables that users must be able to search and/or download’

consists of all information that the filer is required to include in the particular filing, such

as disclosures in response to applicable form and Regulation S-K items and any additional

information required to be included under Securities Act Rule 408 or Exchange Act Rule

12b-20.” The SEC does “recognize that registrants may present information in Commis-

sion filings in formats such as bar graphs or other graphics that are not text-searchable but

that they believe may be more useful to readers than tables or paragraphs that present the

same information in searchable form. We welcome the use of graphic and image files to

make information more accessible for users, provided that the filing complies with applicable

EDGAR size and formatting requirements and the filer’s use of graphics does not interfere

with a user’s ability to search required information. Therefore, with regard to required dis-

closures, a filer may present required information using graphics that are not text-searchable

and still comply with Rule 304(e) if the filer also presents the same information as searchable

text or in a searchable table within the filing. The searchable information could be included,

for example, together with the related graphic in the filing or in an appendix to the filing. Any

additional information that the filer chooses to include in the filing and that is not required

to be disclosed may be presented graphically without a separate text-searchable presentation.”

By 304(f), “electronic filers may not include animated graphics in any EDGAR document.”

In summary, Rules 304(a)(b)(c) describe the legal environment when firms use graphics

in documents they delivered to investors. Those delivered documents (e.g., graphic annual

reports) should be substantially equivalent to their counterparts of electronic filings (e.g.,

plain 10-Ks). Nonetheless, there could be subtle informational differences between these

two which can be overlooked by investors and regulators. Rules 304(d)(e)(f) set specific and

stringent rules for the use of graphics in electronic filings. In general, the graphic presentation

of information is discouraged in those filings (e.g., 10-Ks). On one hand, the presentation of

required information (e.g., financial statements) within electronic filings must be searchable

or downloadable in a spreadsheet format. On the other hand, cautious firms may want to

avoid litigation risk and minimize the use of graphics in their electronic filings with the SEC.

28See https://www.sec.gov/divisions/corpfin/guidance/regs-tinterp.htm.
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Appendix B. Cover Pages of Nvidia’s Annual Reports from 2010 to 2013
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Appendix C. Cover Page of Nvidia’s Annual Report/10-K Issued in 2009

 

    UNITED STATES 

SECURITIES AND EXCHANGE COMMISSION 
Washington, D.C. 20549 

________________ 
 

FORM 10-K 
 
[x] ANNUAL REPORT PURSUANT TO SECTION 13 OR 15(d) OF THE SECURITIES EXCHANGE ACT OF 1934 
  For the fiscal year ended January 25, 2009 

OR 
[_] TRANSITION REPORT PURSUANT TO SECTION 13 OR 15(d) OF THE SECURITIES EXCHANGE ACT OF 

1934 
 

Commission file number: 0-23985 
  

NVIDIA CORPORATION 
(Exact name of registrant as specified in its charter) 

  
Delaware 94-3177549 

(State or other jurisdiction of (I.R.S. Employer 
 Incorporation or Organization) Identification No.) 

2701 San Tomas Expressway 
Santa Clara, California 95050 

(408) 486-2000 
(Address, including zip code, and telephone number, including area code, of principal executive offices) 

  
Securities registered pursuant to Section 12(b) of the Act: 

Title of each class Name of each exchange on which registered 
Common Stock, $0.001 par value per share The NASDAQ Global Select Market 

 
Securities registered pursuant to Section 12(g) of the Act: 

None 
 

Indicate by check mark if the registrant is a well-known seasoned issuer, as defined in Rule 405 of the Securities Act. 
Yes  No  

 
Indicate by check mark if the registrant is not required to file reports pursuant to Section 13 or Section 15(d) of the Act. 
Yes  No  

 
Indicate by check mark whether the registrant (1) has filed all reports required to be filed by Section 13 or 15(d) of the Securities Exchange 
Act of 1934 during the preceding 12 months (or for such shorter period that the registrant was required to file such reports), and (2) has 
been subject to such filing requirements for the past 90 days. 
Yes  No  
  
Indicate by check mark if disclosure of delinquent filers pursuant to Item 405 of Regulation S-K (§ 229.405 of this chapter) is not 
contained herein, and will not be contained, to the best of registrant’s knowledge, in definitive proxy  or information statements 
incorporated by reference in Part III of this Form 10-K or any amendment to this Form 10-K.    
  
Indicate by check mark whether the registrant is a large accelerated filer, an accelerated filer, a non-accelerated filer, or a smaller reporting 
company. See definitions of “large accelerated filer”, “accelerated filer” and “smaller reporting company” in Rule 12b-2 of the Exchange 
Act. (Check one): 
 
Large accelerated filer                                                                                                                                                       Accelerated filer 

                                 
Non-accelerated filer  (Do not check if a smaller reporting company)                        Smaller reporting company  
  
Indicate by check mark whether the registrant is a shell company (as defined in Rule 12b-2 of the Act). 
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Appendix D. Selected PRO-Images about Nvidia’s Products and Services

   

                                       

 

                                                          

                                         

“Everyone in the deep learning 
business is using GPUs for training.” 

Yann LeCun, Director of AI 
Research at Facebook 

Virtual Reality 
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Appendix E. Selected Info-graphics about Performance and Compensations
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Appendix F. Proof of Proposition 1

First, we consider the ineffective case where µ = 0, i.e., the manager’s efforts have no

impacts on any attentive traders. In this case, the manager will always choose s = 0 to save

cost and all market participants will be ignorant of the component α̃ until it is revealed.

Given s = 0, the trading dynamics in our model is identical to a two-period special case of

Holden and Subrahmanyam (1992) who characterize the subgame perfect linear equilibrium

for the general multi-period case with multiple traders. Here, we provide analytical solution

for the two-period case, following the general procedure of Proposition 1 in Holden and

Subrahmanyam (1992). We use the same notation as theirs. Let Σt := Var(ṽ0|p̃t, p̃t−1, ...p̃0)

represent the posterior variance of ṽ0 conditional on the price history up to time t ∈ {0, 1, 2}.
In a linear equilibrium, market makers follow the linear pricing strategy (3), with

λ1 =
Mβ1Σ1

σ2
u

, λ2 =
Mβ2Σ2

σ2
u

, (F-1)

where βt is the trading intensity of each informed trader at time t = 1, 2. Let η := λ2/λ1.

By backward induction, it is easy to derive that the optimal trading strategy for trader i is

X1,i(ṽ0) = β1 · (ṽ0 − p0) =
η(M + 1)2 − 2

η(M + 1)3 − 2M
· ṽ0 − p0

λ1

(F-2)

X2,i(ṽ0, p̃1) = β2 · (ṽ0 − p̃1) =
ṽ0 − p̃1

λ2(M + 1)
. (F-3)

The Bayesian update of the posterior variance about ṽ0 follows

Σ2 = (1−Mβ2λ2)Σ1 =
Σ1

M + 1
, Σ1 = (1−Mβ1λ1)Σ0 =

η(M + 1)2σ2
v

η(M + 1)3 − 2M
. (F-4)

Combining (F-1), (F-2), (F-3), and (F-4), we can derive the expressions (4) for λ1 and λ2.

These allow us to write the ratio of lambdas which is equal to η by definition. We obtain

λ2
2

λ2
1

=
η(M + 1)3 − 2M

η(M + 1)4 − 2(M + 1)2
= η2 (F-5)

This identity leads to the cubic equation (5). When there is a single informed trader (M = 1)

as studied in Huddart et al. (2001), the cubic equation (5) becomes 8η3−4η2−4η+1 = 0 and

the economic solution is the largest root η ≈ 0.901.29 Similarly, when M > 1, there exists a

29This cubic equation has three real roots at approximately −0.623, 0.223, and 0.901. only the largest
root satisfies the second order conditions of Theorem 2 of Kyle (1985) and the requirement of λt > 0.
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unique solution that meets the second order condition and the constraint λt > 0 for t = 1, 2.

Note that stock prices are not efficient in this case, because market markers have overlooked

a volatile component, α̃, in the firm value. Traders in this case are only partially informed:

none of them are aware of alpha as it cannot be effectively conveyed (µ = 0). Nonetheless,

stock prices are unpredictable based on the public information because all participants in

financial markets have the common knowledge that the firm’s liquidation value is drawn

from the normal distribution N (1, σ2
v). Therefore, the absence of abnormal returns is not

indicative of market efficiency. It can result from ineffective disclosures (i.e., µ = 0).

Now we consider the general, nontrivial case where µ ∈ (0, 1], i.e., the manager’s extra

efforts (s = 1) are effective to some extent. Note that if the manager chooses to make no

efforts (s = 0) for whatever reason, traders cannot tell if it is due to no alpha (α̃ = 0),

overly uncertain alpha (σ2
α ≫ α), or negative alpha (α < 0). For fundamental investors (as

assumed in our model), they will not engage in speculative trading if they have not found

any superior information. Thus, the trading equilibrium when firms choose s = 0 will be

identical to the one under the ineffective communication (µ = 0) as we have just discussed.

The difference occurs only when the manager makes extra efforts (s = 1). Even in this

case, the rest of the market is unaware of α̃ until the value of ṽ = ṽ0+ α̃ is publicly revealed.

Therefore, market makers follow the same linear pricing strategy described by (3) and (4).

Nonetheless, after observing s = 1, each attentive trader may discover the value of α with

probability µ and fail to find it with probability 1−µ. The potential impact of the manager’s

action on each attentive trader can be concisely written as sα̃1µ which, conditional on the

manager’s efforts (s = 1), is exactly equal to α̃ with probability µ and equal to zero with

probability 1− µ. Based on the assumption of fundamental investing, each attentive trader

initiates an independent research after observing s = 1, which takes at least one period of

time before he can find alpha. As fundamental traders, they only respond to the fundamental

information they possess. Thus, each attentive trader’s strategy at t = 1 is driven by his

initial private information about ṽ0, independent of the manager’s action s = 1 (as it is

not directly informational). This implies that, in the subgame perfect linear equilibrium,

the first-period optimal strategy Xi,1 is still given by Equation (F-2). However, the trading

strategy Xi,2 at t = 2 may be affected by the manager’s choice of s = 1 since traders may

find alpha before t = 2. This indicates an extra informational term in their second-period

trading strategy Xi,2. This extra term should be linearly proportional to the product sα̃1µ.

For any trader who has found alpha after one period, he is uncertain about how many

other traders have discovered the same information of alpha. Due to the independence of ṽ0

and α̃, the optimal strategy can be separated into two parts and written as Xi,2(ṽ0, p̃1, s̃) =
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Xo
i,2(ṽ0, p̃1)+Zi(s̃α̃1µ). The first term is still given by Equation (F-3): Xo

i,2(ṽ0, p̃1) =
ṽ0−p̃1

λ2(M+1)
.

The second term, Zi(s̃α̃1µ), is random as it depends on the discovery of alpha. Note that

α̃ is unexpected by market markers and the initial price change, p̃1 − p0, only reflects the

market expectation of ṽ0 conditional on the total order flow ỹ1. Thus, before trading occurs

at time t = 2, no information about alpha has been incorporated into the prices. Suppose

trader i has found the value of alpha after his research, then we can write Zi(s̃α̃1µ) = zi(α)

and the alpha-related part of trader i’s objective function can be written as

max
zi

E

α− λ2

zi +
M̃α∑
j=1

zj(α) + ũ2

 zi

 , (F-6)

where M̃α represents the (random) number of other traders who have discovered the value

of alpha after observing the manager’s action s = 1. This is a binomial random variable,

M̃α ∼ B(M − 1, µ). From the perspective of trader i who has found alpha, there are

at most M − 1 independent competitors and each of them has the same success rate µ.

Equation (F-6) is essentially a one-period problem for a random number of informed traders

who compete on the same alpha. Since we are considering a symmetric equilibrium where

zi(α) = zj(α) = z(α), the first order condition of (F-6) leads to

α− λ2

2zi + E

 M̃α∑
j=1

zj(α)

 = α− λ2(2z(α) + µ(M − 1)z(α)) = 0, (F-7)

which leads to the solution

z(α) =
α

λ2(2 + µ(M − 1))
. (F-8)

For M = 1, we obtain the simple monopolistic result z(α) = α
2λ2

for the one-period problem.

For M > 1, the uncertainty of the number of informed traders can reduce their competition.

In summary, the optimal trading strategy for each attentive trader at t = 2 is given by

Xi,2(ṽ0, p̃1, s̃) =
ṽ0 − p̃1

λ2(M + 1)
+ s̃1µz(α̃)

=
ṽ0 − p̃1

λ2(M + 1)
+

s̃α̃1µ

λ2(2 + µ(M − 1))
, (F-9)

where the first term is driven by the information of ṽ0 and the second term is driven by s̃α̃1µ.

Again, both terms are based on material private information about firm fundamentals. There

is no speculative trading on the manager’s choice of s at either t = 1 or t = 2. This complete

our proof for Proposition 1.
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Appendix G. Proof of Proposition 2

With rational expectations about the trading equilibrium in Proposition 1, the manager

needs to evaluate the benefit from her choice of s against the associated cost. Although the

manager anticipates how each trader may respond to her choice of s ∈ {0, 1}, she does not

know exactly how many traders would find alpha following her action s = 1. Based on the

result of subgame perfect linear equilibrium and the property that E[ṽ0−p0] = E[ṽ0− p̃1] = 0

(because the prices are efficient for ṽ0), the manager’s objective (1) becomes

max
s∈{0,1}

EF [p̃2 − p0]− s · c = max
s∈{0,1}

EF [λ1ỹ1 + λ2ỹ2]− s · c

= max
s∈{0,1}

EF

[
λ2

M∑
i=1

sα̃1µ

λ2(2 + µ(M − 1))

]
− s · c

= max
s∈{0,1}

sµMα

2 + µ(M − 1)
− s · c (G-10)

This leads to her binary decision rule with the threshold, K = 2+µ(M−1)
µM

c, as in Equation (7).

When α ≥ K, the manager chooses s = 1 and the stock will experience no abnormal return

over the time window [0, 1] but positive abnormal return E[p̃2 − p0] =
µMα

2+µ(M−1)
afterwards.

When α < K, the manager chooses s = 0 such that there will be no abnormal returns up to

either t = 1 or t = 2. The result in Equation (9), E[p̃1 − p0|s = 0] = E[p̃2 − p0|s = 0] = 0,

follows from the property that, in the subgame perfect linear equilibrium, market markers

set efficient prices for ṽ0, i.e., p̃1 = E[ṽ0|ỹ1] and p̃2 = E[ṽ0|ỹ1, ỹ2]. Nonetheless, those prices

are not efficient in any case because the market is ignorant of the volatile component α̃.

As a note, we have assumed for simplicity that the manager’s objective function is de-

scribed by Equation (1). This is sufficient for the testable implications. There are different

ways to describe the manager’s utility. For example, a more complex specification can be

max
s∈{0,1}

EF [δ · (p̃2(s)− p0)]− s · c− γVarF [δ · (p̃2(s)− p0)]. (G-11)

where the parameter δ reflects the strength of the manager’s incentive to boost her firm’s

stock price and the parameter γ represents the manager’s risk-aversion coefficient. This

specification can make the expression of K complicated but not alter our main implications.

Our simple model can be extended or modified in many other ways. For example, the

firm manager may be concerned about the time “integral” of price changes; the manager’s

choice variable s can be continuous over the interval [0, 1]. Those model variants do not

change the key implications derived from the simple model in the main text.
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Appendix H. Definitions of Variables

Variables Definition
Return Weekly stock returns for a given event window
Graph Dummy variable equal to 1 if the firms use graphic annual reports

in the fiscal year, and 0 otherwise
Visual Reports Dummy variable equal to 1 if a firm adds a graphic annual report

on top of a plain 10-K in a fiscal year, and 0 otherwise
∆ Images Yearly change in natural log of total number of all types of images
∆ Info-graphics Yearly change in natural log of in total number of info-graphics
∆ PRO-Images Yearly change in natural log of in total count of colored profes-

sional images
∆ ITHB-Images Yearly change in the natural log of the total count of images con-

centrating on advancements in innovation and technology related
to IT, healthcare, and biotechnology sectors

Jump Dummy variable equal to 1 if the total number of pictures in the
financial report is 50% or higher than that in the previous year’s
report, and 0 otherwise

Readability 10-K file size in megabytes
Institutional Flow Institutional net inflow in percentage, by taking the difference

between the newly available institutional ownership and the ref-
erence institutional ownership

Attention Heats Natural log of the aggregated number of Bloomberg institutional
attention shocks within a given time window

Treatment Dummy variable equal to 1 if the company experiences any for-
mat change by newly issuing a graphic annual report, and its
subsequent fiscal years during the period before the next format
changes, and 0 otherwise

ROE Return on equity
Leverage Long term debt (DLTT) plus debt in current liabilities (DLC)

scaled by the sum of long term debt, debt in current liabilities,
and total stockholders’ equity (SEQ) × 100

Size Natural log of total assets at the beginning of a fiscal year
Capex Capital expenditures (Compustat CAPX) scaled by end-of-year

total assets (AT) × 100
R&D Research and Development Expenses (XRD) scaled by end-of-

year total assets (AT) × 100
Asset Growth Total Assets (AT) divided by start-of-year Total Assets minus

one × 100
Cash Flow Net income before extraordinary items (IB) + depreciation and

amortization expenses (DP) scaled by start-of-year total assets
× 100

Accruals Discretionary accruals (Dechow et al. 1995)
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Appendix I. Firm Characteristics and Visual Annual Reports

This table reports the results from estimating the following logistic regression, which identify
the characteristics of firms that use graphic elements in their annual reports:

Logit(Graphi,t) = β0 + β1 × Sizei,t + β2 ×ROEi,t + β3 ×BtMi,t

+β4 × Accrualsi,t + β5 ×Readabilityi,t + ϵi,t.

Columns (1) through (5) report the results of Size, ROE, Book-to-Market, Discretionary
Accruals, and Readability Index as the independent variable without controlling for other
firm characteristics. Column (6) reports the results by including all the above variables as
the independent variables. We report the t-statistic in the parenthesis under each coefficient.
*, **, *** indicate significance at the 10%, 5%, and 1% levels, respectively.

(1) (2) (3) (4) (5) (6)
Graph Graph Graph Graph Graph Graph

Size 0.257*** 0.240***
(16.99) (13.77)

ROE 0.009*** 0.002*
(9.87) (1.79)

BtM -0.326*** -0.216***
(-4.88) (-2.90)

Discretionary-Accruals -0.000 0.010
(-0.03) (0.63)

Readability -0.025 -0.052*
(-0.96) (-1.93)

N 10,105 10,019 10,070 9,839 9,561 9,295
pseudo R2 0.034 0.011 0.003 0.000 0.000 0.035
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Appendix J. Annual Report Visual Reports and Institutional Investing: Al-

ternative Measures

This table reports the results of estimating the same regressions in Table XII, by replacing
the main independent variable as one of the two alternative independent variables of Visual
Reports. The dependent variable is the Institutional Flow (IF) for the period of one quarter
(1Q), two quarters (2Q), and three quarters (3Q) after the release of annual reports. Stan-
dard errors are adjusted for heteroskedasticity and clustered by firm. Firm and year fixed
effects are included. We report the t-statistic in the parenthesis under each coefficient. *,
**, *** indicate significance at the 10%, 5%, and 1% levels, respectively.

(1) (2) (3) (4) (5) (6)
IF (1Q) IF (2Q) IF (3Q) IF (1Q) IF (2Q) IF (3Q)

∆Pics 0.183 0.287 0.690*
(1.02) (0.94) (1.68)

Jump 0.435 0.712 1.482*
(1.01) (1.02) (1.84)

Size -0.503 -1.037 -1.998* -1.045** -2.040* -2.615**
(-1.20) (-1.11) (-1.78) (-2.04) (-1.87) (-2.04)

BtM 0.131 2.419 2.565 0.344 3.683** 3.160
(0.23) (1.56) (1.46) (0.60) (2.11) (1.65)

ROE -0.004 -0.008 -0.008 -0.005 0.000 0.003
(-0.38) (-0.36) (-0.30) (-0.52) (0.01) (0.13)

Leverage 0.013 0.028 0.006 0.024* 0.036 0.008
(1.03) (1.06) (0.18) (1.88) (1.34) (0.24)

Year Fixed Effect Yes Yes Yes Yes Yes Yes
Firm Fixed Effect Yes Yes Yes Yes Yes Yes
N 1,534 1,427 1,329 1,326 1,230 1,148
Adjusted R-Sq. 0.094 0.217 0.144 0.135 0.256 0.178
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Appendix K. Testing Pre-treatment Trends for Difference-in-Differences

This table reports the panel regression results that examine the real effects of Visual Reports
on corporate activities using a dynamic Difference-in-Differences setting. We expand the
Treatment indicator to seven indicators for a few years before and after the release of annual
reports. Table headings indicate different samples that the regressions are based on. The
dependent variable is R&D expenses. Standard errors are adjusted for heteroskedasticity and
clustered by firm. Firm and year fixed effects are included. *, **, *** indicate significance
at the 10%, 5%, and 1% levels respectively.

Full Sample Matched Sample
(1) (2)

R&D R&D

Treatment(-3) -0.578 -0.536
(-0.87) (-0.58)

Treatment(-2) -0.241 -0.075
(-0.35) (-0.09)

Treatment(-1) 0.214 0.399
(0.37) (0.48)

Treatment(0) -0.153 -0.193
(-0.23) (-0.20)

Treatment(1) 0.449 0.226
(0.59) (0.22)

Treatment(2) 1.252* 1.416
(1.84) (1.41)

Treatment(3+) 1.602** 2.061*
(2.00) (1.69)

Size -5.368*** -5.865***
(-11.78) (-9.01)

Cashflow -0.174*** -0.190***
(-5.54) (-4.14)

ROE 0.017* 0.018
(1.75) (1.14)

Year Fixed Effect Yes Yes
Firm Fixed Effect Yes Yes
N 7,021 3,137
Adjusted R-Sq. 0.851 0.835
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