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ABSTRACT 

This dissertation consists of three essays on the strategic qualitative disclosure decisions of 

hedge funds and mutual funds. The dissertation research seeks to contribute to a new understanding 

of the relationship between the content of fund filings and behavioral tendencies of fund 

stakeholders including management and investors. 

In the first essay, I evaluate the use of strategic disclosure by hedge fund management in 

order to conceal reporting inconsistencies. I inspect fund returns using a series of nine performance 

tests and identify a significant number of hedge funds with irregular return patterns. Using text-

based analysis, I assess the qualitative content of strategy statements and find funds with suspicious 

performance produce distinct disclosure in regards to word choice. I conclude that these funds 

attempt to reduce detection by designing strategy descriptions that deviate from industry peers. 

My results come in contrast to prior evidence on herding tendencies and persist using alternative 

variable definitions and model specifications. 

The second essay investigates the impact of hedge fund strategic qualitative disclosure 

choices on fund investment. Specifically, I examine fund strategy descriptions using text-based 

analysis and study the relationship between the measures and hedge fund flows. In both the 

univariate and multivariate settings, I find strong evidence that the textual composition of fund 

filings can contribute to a fund’s ability to attract investors. Overall, this essay finds support for 

the assertion that disclosure content influences investor decision-making. The findings are robust 

to alternative variable definitions and model specifications. 

In the third essay, I examine the effects of mutual fund filing composition on the ability of 
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funds to attract investors. Using a large sample of U.S., open-ended mutual funds, I compute 

textual similarity and readability measures of the Investment Objective-Strategy and Principal Risk 

sections and examine the relationship with mutual fund flows. In the univariate setting, readability 

and similarity are drivers of mutual fund flows. After the inclusion of common fund flow controls 

and alternative model specifications, the explanatory power of the textual measures is partially 

reduced. Overall, I find mixed evidence that mutual fund investors use disclosure as a means to 

make investment decisions. 
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CHAPTER 1   

1 INTRODUCTION 

 

This dissertation consists of three essays on the strategic qualitative disclosure decisions of 

hedge funds and mutual funds. The research seeks to contribute to a new understanding of the 

relationship between the content of fund filings and behavioral tendencies of fund stakeholders 

including management and investors. Specifically, I study the relationship between the textual 

composition of fund disclosure and hedge fund misreporting (Essay 1), hedge fund investor flows 

(Essay 2), and mutual fund investor flows (Essay 3). 

I quantify the word choice and sentence structures in hedge fund and mutual fund 

disclosure using the following linguistic techniques: similarity, readability, and sentiment. First, I 

use textual similarity to measure how comparable two passages are in regards to word choice. I 

calculate the pairwise measures using location spaces from vector representations of the words in 

each passage and determine the distance (basic cosine similarity) between observations. For each 

fund, I find multiple overall similarity measures by computing the average pairwise measures 

relative to all fund, funds with the same investment category, funds with the same investment style, 

and funds within the same family. 

The second measure, textual readability, captures the ease with which one can read and 

understand text. The five grade-level statistics, interpreted as the number of years of U.S. education 

needed to comprehend a given passage of text, include the Automated Readability Index, 

Coleman-Liau Index, Flesch-Kincaid Grade Level, Fog Index, and Simple Measure of 
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Gobbledygook. To help smooth any inconsistencies, I also compute an additional readability 

statistic for each fund by taking the average of the five grade-level measurements. 

Third, I use textual sentiment to measure the attitude or emotional effect of the text. The 

process of measuring a documents tone usually relies on a specific word list that attempts to 

identify a particular attribute of a document. To compute a particular sentiment measure for a given 

body of text, the frequency of words in a particular word list is scaled by the total number of words 

in the document. I compute four sentiment measures that capture the percent of the total words in 

a passage that are positive, negative, litigious, and uncertain. 

All three essays utilize one or more of the three textual methods. In Essay 1 (Chapter 2), I 

use textual similarity. In Essay 2 (Chapter 3), I use textual similarity, readability, and sentiment. 

In Essay 3 (Chapter 4), I use textual similarity and readability. For the essays using multiple 

methods, it is important to note that each approach focuses on different characteristics of the text. 

This lends credence to my approach of analyzing similarity, readability, and sentiment in tandem. 

In the first essay, I evaluate the use of strategic disclosure by hedge fund management in 

order to conceal reporting inconsistencies. I inspect fund returns using a series of nine performance 

tests and identify a significant number of hedge funds with irregular return patterns. I propose that 

misreporting managers will attempt to circumvent prosecution and litigation through purposeful 

composure of their strategy descriptions. Using textual similarity, I study the relationship between 

the composition of fund strategies and the propensity to misreport. I find that misreporting 

managers compose strategy descriptions that deviate from other hedge funds. In particular, I find 

negative and significant relationships between similarity and misreporting. Hence, misreporting 
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managers utilize a distinctiveness approach and compose strategy descriptions that are abnormal 

relative to other hedge funds. I conclude that these funds attempt to reduce detection by designing 

strategy descriptions that deviate from industry peers. The results come in contrast to prior 

evidence on herding tendencies and persist using alternative variable definitions and model 

specifications. 

The second essay investigates the impact of hedge fund strategic qualitative disclosure 

choices on fund investment. Specifically, I examine the relationship between the textual similarity, 

readability, and sentiment of hedge fund strategies and corresponding investment flows. I present 

multiple scenarios detailing the ways in which investors will respond to strategy composition and 

find strong support for the assertion that investors use disclosure as a means to make hedge fund 

investment decisions. Specifically, I find a positive relationship between the textual similarity and 

readability of the strategy descriptions and subsequent fund flows. In addition, I find a negative 

relationship between textual sentiment and hedge fund flows. The results remain consistent after 

using alternative definitions and specifications. 

For the third essay, I examine the effects of mutual fund filing composition on the ability 

of funds to attract investors. Using a large sample of U.S., open-ended mutual funds, I compute 

textual similarity and readability measures of the Investment Objective-Strategy and Principal Risk 

sections of fund prospectuses and examine their effect on fund flows. I propose that funds who 

arrange their Investment Objective-Strategy sections with words that are uncommon and difficult 

to comprehend will observe the larger fund flows. On the other hand, I propose that funds who 

arrange their Principal Risks section with words that are common and easy to comprehend will 
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observe the larger flows. I find mixed evidence that mutual fund investors use disclosure as a 

means to make investment decisions. Specifically, I find a negative relationship between the 

textual similarity and mutual fund flows for the Investment Objective-Strategy section and a 

positive relationship between the textual similarity and flows for the Principal Risk section. 

Further, I find a positive relationship between the textual readability and mutual fund flows for the 

Investment Objective-Strategy section and a negative relationship between the textual readability 

and flows for the Principal Risk section. As with the earlier essays, I use a series of robustness 

checks to provide additional support for my findings. 

This dissertation contributes to the literature in multiple ways. First, I provide a framework 

to predict which managers are likely to commit fraud (Essay 1). The ability to understand the 

motivations for misreporting and, more importantly, anticipate which managers are most likely to 

engage in this activity, is important to both regulators and hedge fund investors. Second, I present 

evidence that both hedge fund and mutual fund investors use disclosure when making investment 

decisions (Essay 2 & 3). These results add to the ongoing debate around what information firms 

should be required to disclose and, more importantly, the need for firms to be truthful and 

forthcoming. Third, across all the essays, I leverage modern techniques to quantify often 

overlooked, qualitative data. To the best of my knowledge, I am the first to apply any textual 

analysis techniques to hedge fund strategy descriptions (Essay 1 & 2). Further, I am the first to use 

textual similarity with mutual fund strategy or risk descriptions (Essay 3). 
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CHAPTER 2   

2 HEDGE FUND MISREPORTING AND ABNORMAL DISCLOSURE 

 

2.1 Introduction 

Despite recent regulation to increase transparency, hedge funds still have large discretion 

over the information they release to regulators.1 The nature of this voluntary disclosure has led to 

hedge funds strategically managing their filing content (Agarwal et al., 2011, 2013; Aragon and 

Nanda, 2015; Patton et al., 2015). Given this evidence on strategic disclosure, as well as the fact 

that federal and state regulators do not require material preapproval prior to circulation, recent 

studies have documented misreporting in the hedge fund space (Bollen and Pool, 2009, 2012; 

Jylhä, 2011; Dimmock and Gerken, 2015; Jorion and Schwarz, 2014a). 

Misreporting (i.e., earnings management) has been characterized as both a result of poor 

fund governance and deliberate decision-making. Cassar and (2011) and Brown et al. (2012) study 

hedge fund due diligence reports and find that weak processes and less verifiable pricing sources 

can lead to misreporting. Conversely, Dimmock and Gerken (2015) suggest that misreporting is 

purposefully enacted to alter investor perceptions of fund performance and managerial ability. 

Further, Jylhä (2011) details how misreporting allows hedge fund managers to directly benefit at 

the expense of investors. First, overstating current asset values leads to higher concurrent 

management fees and, possibly, elevated future flows and corresponding higher fees. Moreover, 

overstating returns during periods of positive capital flows allows fund managers to overcharge 

                                                 
1 Regulation that affected hedge fund transparency includes The Dodd–Frank Wall Street Reform and Consumer 

Protection Act (Dodd-Frank) and the Jumpstart Our Business Startups Act (JOBS Act). See the SEC’s website 

(http://www.sec.gov/News/Speech/Detail/Speech/1370539892574) for more details. 

http://www.sec.gov/News/Speech/Detail/Speech/1370539892574
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new investors, which results in a wealth transfer from the recent clients to preexisting ones. 

Likewise, understating returns during periods of negative capital flows allows managers to 

underpay departing investors, which produces a wealth transfer to the remaining clientele. 

Hedge fund misreporting is not without consequences. Bollen and Pool (2012) find that 

misreporting funds are more likely to be charged with misappropriation, overvaluation, 

misrepresentation, or Ponzi schemes. In addition, Dimmock and Gerken (2015) suggest that 

management is aware of these penalties. Specifically, the authors find that regulatory oversight 

reduces return misreporting by hedge funds. 

To the degree that misreporting is a premeditated decision with known consequences, I 

examine whether hedge fund management engages in activity to reduce the likelihood that 

suspicious activity is uncovered. I propose that misreporting managers will attempt to circumvent 

prosecution and litigation through purposeful composure of their strategy descriptions.2 Hoberg 

and Lewis (2015) present potential ways in which qualitative disclosure can be designed to 

strategically mislead regulators and investors. First, the risk of discovery could encourage 

managers to under-disclose certain aspects of their investment strategy. Conversely, managers 

might over-disclose complex topics to raise detection costs. Further, managers might obfuscate 

strategy descriptions to mislead interested parties. Last, mangers may purposefully mimic or 

deviate from the disclosure of peer funds. 

                                                 
2 A typical hedge fund investment strategy includes the fund objective as well as the tactics used by the fund to meet 

that objective. Due to minimal disclosure requirements, hedge fund strategies vary largely in details and length. 
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I use textual similarity to measure the commonality of strategy word choice across pairs of 

hedge funds. After creating vector representations of the words in each passage, I compute cosine 

similarity (location space distances) measures across the observations. For each fund, I calculate 

two overall similarity measures by averaging the pairwise measures relative to all fund and funds 

with the same investment category (e.g., arbitrage, relative value, event-driven). 

Using the quantified text, I study the relationship between the composition of fund 

strategies and the propensity to misreport and provide evidence of misreporting managers 

strategically disclosing. Specifically, I compute difference-in-means estimates of the misreporting 

variables conditional on the similarity measures and find significant differences in the quartile 

means. Further, I find that misreporting managers compose strategy descriptions that deviate from 

other hedge funds. In particular, I find negative and significant relationships between similarity 

and misreporting using both difference-in-means and OLS approaches. Thus, misreporting 

managers utilize a distinctiveness approach and compose strategy descriptions that are abnormal 

relative to other hedge funds. 

The contribution to the literature is two-fold. First, this research is unique in that I attempt 

to predict management misreporting instead of using misreporting to explain other behavioral 

tendencies.3 The ability to understand the motivations for misreporting and, more importantly, 

anticipate which managers are most likely to engage in this activity, is important to both regulators 

and hedge fund investors. Second, to the best of my knowledge, I am the first to analyze the textual 

                                                 
3 Dimmock and Gerken (2015) is the only other study that attempts to explain the factors that motivate managers to 

misreport. 
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composition of hedge fund strategy descriptions. Moreover, this is the only study to utilize textual 

similarity in the hedge fund space. 

Section 2.2 presents a review of the literature and the hypotheses. Section 2.3 discusses the 

data and methodology. Section 2.4 provides the univariate and multivariate findings. Section 2.5 

concludes the essay. 

 

2.2 Background and Hypotheses 

This section provides an overview of the current literature. It begins with a discussion on 

hedge fund misreporting. The second subsection introduces the similarity measures. The final 

subsection describes the corresponding hypotheses. 

2.2.1 Fund Misreporting 

 

The literature has identified a tendency for hedge fund management to misreport their 

returns. Bollen and Pool (2009) study discontinuities in hedge fund return distributions and show 

that return kinks are a result of deliberate return misreporting. Agarwal et al. (2011) examine the 

December spike in hedge fund returns and determine that its presence is evidence of return 

misrepresentation. Bollen and Pool (2012) leverage a portfolio of performance flags to identify 

suspicious patterns in hedge fund returns and find that these funds are more likely to commit fraud. 

Cici et al. (2015) deliver additional confirmation of misreporting by showing that hedge funds 

systematically misvalue their equity positions. 
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My analysis is unique in that it identifies funds that are likely to misreport whereas previous 

work uses misreporting to gain insight into other fund characteristics.4 Following the Bollen and 

Pool (2012) methodology, I detect misreporting using nine fund-level flags.5 Specifically, I create 

one flag to investigate the return discontinuity around zero, one flag to assess abnormally low 

correlations with other assets, one flag to measure unconditional serial correlation, and six flags to 

identify non-random return patterns. Each flag is set equal to one if misreporting is identified and 

zero otherwise. As in Bollen and Pool (2012), I group the flags into four categories: Discontinuity 

at Zero, Low Correlation with Other Assets, Unconditional Serial Correlation, and Data Quality. 

 

2.2.1.1 Discontinuity at Zero 

 

Prior research has shown that hedge fund investors prefer funds with a higher number of 

positive returns (Bollen and Pool, 2009; Agarwal et al., 2011). Further, Bollen and Pool (2012) 

and Dimmock and Gerken (2015) examine whether or not managers exploit this behavior by 

circumventing the reporting of losses and show that a subset of hedge funds have a kink, or 

discontinuity, at zero and that it is related to hedge fund fraud. The authors interpret this as 

evidence of managers manipulating returns to avoid showing small losses.6 

                                                 
4 Dimmock and Gerken (2015) is the only paper I found that uses misreporting as a dependent variable. Instead of 

predicting misreporting, they test the effects of increased regulation on misreporting and find that more regulatory 

oversight reduces hedge fund misreporting. 
5 I implement nine of the twelve misreporting flags from Bollen and Pool (2012). I do not include their Maxrsq, 

Switchrsq, and CAR1 flags. The first two flags evaluate the correlation between fund returns and other assets, which I 

measure using their alternative measure, Indexrsq. The last flag tests for conditional serial correlation, which I do not 

investigate. 
6 However, Jorion and Schwarz (2014a) argue that the presence of this characteristic is not necessarily direct proof of 

fund manager manipulation. Specifically, the authors propose that incentive fees, asset illiquidity, and the bounding 

of yields at zero can contribute to distribution discontinuities. 
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Following these studies, I use the histogram approach of Burgstahler and Dichev (1997) to 

identify a disproportional number of fund returns slightly above zero compared to slightly below. 

For each fund, I count the number of monthly returns in three consecutive bins: two to the left of 

zero and one to the right.7 Under the null hypothesis of a smooth distribution, the number of 

observations in the bin to the left of zero should approximately equal the average of the two 

surrounding bins. To test the hypothesis, I construct a statistical test based on binomial 

probabilities. The Kink flag is triggered when the number of observations in the middle bin is 

significantly less than expected (i.e., the difference is negative and smaller) at a 10% significance 

level. 

 

2.2.1.2 Low Correlation with Other Assets 

 

Previous work has argued that hedge fund managers with skill and informational 

advantages will likely implement strategies that differ from their peers; therefore, funds with 

uncorrelated returns, relative to funds within the same investment category, could be a predictor 

of abnormal performance.8 An alternative explanation for fund returns being uncorrelated with 

peer funds is that managers are altering their stated returns (Bollen and Pool, 2012). 

Following Bollen and Pool (2012), I measure the uniqueness of a fund’s return series by 

estimating the correlation between the hedge fund returns and the weighted returns of its most 

                                                 
7 The bin width is calculated using the following algorithm: 𝛼 × 1.364 × min(𝜎𝑖 , (𝑄3 − 𝑄1) 1.34⁄ ) × 𝑁−0.2, where 𝛼 

is a distribution-specific constant, 𝜎𝑖 is the standard deviation of the fund’s return, 𝑄3 − 𝑄1 is the interquartile range, 

and 𝑁 is the number of observations (Silverman, 1986). Following Bollen and Pool (2012) and Dimmock and Gerken 

(2015), I set 𝛼 = 0.776 , which corresponds to a normal distribution. 
8 Sun et al. (2012) and Titman and Tiu (2011) present evidence that distinct and uncorrelated funds have superior 

performance. 
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comparable peers. I create a style index, which is the equal-weighted return for all funds within 

the same investment style, and use this index as the explanatory variable in a regression predicting 

the fund’s return. The Indexrsq flag is triggered if the coefficient on the style index return is not 

positive and significant at the 10% level. 

 

2.2.1.3 Unconditional Serial Correlation 

 

Getmansky et al. (2004) contend that funds with illiquid holdings can have returns with 

positive serial correlation and low volatility. A potential explanation for this outcome is that 

portfolio managers are slow to incorporate new information into their models. Bollen and Pool 

(2012) argue that an alternative explanation for serial correlation is that managers are deliberately 

smoothing portfolio performance by providing a moving average of returns over the current and 

previous periods. Several recent studies have examined the existence of intentional smoothing in 

hedge fund returns (Bollen and Pool, 2008, 2009; Agarwal et al., 2009; Cassar and Gerakos, 2011; 

Bollen, 2013). 

I test for unconditional serial correlation by regressing fund returns on their first lag. As in 

Bollen and Pool (2012), I implement the following model: 𝑅𝑡
𝑂 = ∝ +𝛽𝑅𝑡−1

𝑂 + 휀𝑡, where 𝑅𝑡
𝑂 is the 

fund’s observed return at date t and  𝑅𝑡−1
𝑂  is the fund’s observed return at date t-1. The AR1 flag is 

triggered if the coefficient on the lagged return is positive and significant at the 10% level. 

 

2.2.1.4 Data Quality 
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Recent papers have emphasized the quality concerns of hedge fund data including biases 

and inadequate representation of fund performance.9 Straumann (2008) examines the latter using 

five tests to detect irregular patterns in hedge fund return data: (1) too many returns exactly equal 

to zero, (2) too few unique returns, (3) too long a run of identical returns, (4) too many recurring 

blocks of length two, and (5) the last return digit being non-uniformly distributed. Bollen and Pool 

(2012) add a six test to address funds with too small a percentage of negative returns. 

My analysis leverages these six tests to uncover return irregularities. The critical values 

used for the six tests mirror the techniques used in Bollen and Pool (2012). Specifically, critical 

values for three of the tests (Uniform, #Zero, %Neg) are found analytically, while the critical values 

for the remaining flags (%Repeats, String, #Pairs) are simulated using Monte Carlo techniques. 

The critical values are provided in Appendix 2.A. 

 The #Zero flag is triggered if the probability of generating the observed number of zero 

returns or more is significant at the 10% level. The %Repeats flag is triggered if the probability of 

generating the observed percentage of repeats or higher is significant at the 10% level. The String 

flag is triggered if the probability of generating the observed maximum sequence length or higher 

is significant at the 10% level. The #Pairs flag is triggered if the probability of generating the 

observed number of repeated return pairs or higher is significant at the 10% level. The Uniform 

flag is triggered if the probability of an extreme difference from the uniform distribution is 

                                                 
9 The biases (e.g., survivorship, backfill, and self-reporting) are associated with the way hedge fund data providers 

obtain data, and the willingness of managers to disclose returns (Agarwal et al., 2013; Aiken et al., 2013; Joenväärä 

et al., 2014; Jorion and Schwarz, 2014b). 
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significant at the 10% level. The %Neg flag is triggered if the probability of generating the 

observed number of negative returns or fewer is significant at the 10% level. 

 

2.2.2 Textual Similarity 

Prior studies investigate firm improprieties using qualitative data including conference call 

transcripts and annual report text. Hobson et al. (2012) study CEOs’ vocal dissonance during 

conference calls and note a positive association with the likelihood to misreport. Goel et al. (2010) 

find that annual report text is an effective means for detecting fraud. Purda and Skillicorn (2015) 

study the presence of suspicious words in 10-K and 10-Q MD&A (Management’s Discussion and 

Analysis) sections and find that previous word lists have little ability to predict fraud. Further, the 

authors provide a data-generated word list as an alternative to prior dictionaries. 

This essay most closely resembles Hoberg and Lewis (2015), who compare 10-K MD&A 

sections of firms involved in SEC reviews to peers as well as each firm’s own disclosure before 

and after the allegations. The authors find that the qualitative disclosures of fraudulent firms are 

distinct relative to their industry peers but reassemble other fraudulent firms. My work differs by 

focusing on strategy descriptions of misreporting hedge funds whereas Hoberg and Lewis (2015) 

study annual reports from fraudulent firms. I identify only one other paper that focuses on hedge 

fund text. Cassar et al. (2015) study the determinants of voluntary financial disclosures using hedge 

fund letters to investors and find support for a portion of the voluntary disclosure hypotheses. 

Although both papers analyze hedge fund disclosure, Cassar et al. (2015) focus on the general 
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content of the management letters whereas I quantify the actual word choice in the strategy 

descriptions using similarities measures. 

In addition to Hoberg and Lewis (2015), similarity has been used to analyze other financial 

text including 10-K product descriptions (Hoberg and Phillips, 2010) and IPO prospectuses 

(Hanley and Hoberg, 2010, 2012). Hoberg and Lewis (2015) recommend this approach over other 

computational linguistics techniques because of popularity, ease of interpretation, and the 

resistance to influence by document length.10 

I calculate basic cosine similarity between pairs of fund strategies using a multi-step 

method. First, for each fund year, I create a vector containing unique words in each fund’s 

Investment Strategy. Next, I aggregate the fund-level vectors by year to make yearly, fund-level, 

global dictionaries that contain all unique words across every fund strategy for a given year. For 

each fund i (Pi) and year, I create a fund-level dictionary that is set to the same length as the global 

dictionary for that year. For every word in this dictionary, a value of one is recorded if the word is 

used in the strategy and zero otherwise. The degree of similarity amongst the strategies of funds i 

and j corresponds to the distance between funds in this location space (i.e., the dot product of the 

pair of fund-level dictionaries). The final similarity statistics for each fund is the average pairwise 

similarities of fund i relative to the entire universe of funds, SIMALL, and the funds within the same 

investment style SIMCAT. Funds with high (low) average pairwise similarity measures are more 

                                                 
10 The literature provides examples of additional textual methods include readability (Li, 2008; Lehavy et al., 2011; 

Lawrence, 2013; Loughran and McDonald, 2014) and sentiment (Das and Chen, 2007; Tetlock, 2007; Loughran and 

McDonald, 2011). See Loughran and McDonald (2015) for a survey of textual analysis in finance and accounting 

research. 
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“similar” (“dissimilar”) relative to other funds. Hence, funds with high (low) similarity have more 

(less) words in common with peers. I describe this methodology in more detail in Appendix 2.B. 

 

2.2.3 Strategic Disclosure 

My primary research objective is to examine whether misreporting hedge funds engage in 

disclosure herding and anti-herding. In the spirit of Hoberg and Lewis (2015), I provide three 

hypotheses that might explain how misreporting funds will compose disclosure. In the first 

hypothesis, Strategic Disclosure to Conceal Misreporting (H1), I test for the overall presence of 

strategic disclosure in the presence of misreporting. In the next two hypotheses, Strategy Herding 

(H2a) and Strategy Distinctiveness (H2b), I assess the specific method used by hedge fund 

managers to strategically disclosure. 

 

Hypothesis 1 (H1)—Strategic Disclosure to Conceal Misreporting: Misreporting 

managers strategically disclose to obscure the misreporting and to diminish the probability 

of discovery. 

 

The idea for the first hypothesis is that misreporting managers, ceteris paribus, design 

qualitative disclosures that can help them to circumvent discovery. This hypothesis relies on two 

basic assumptions. First, misreporting hedge fund managers are aware of the misreporting and 

commit these actions intentionally. Based on the significance levels used in the analysis, I have 

high confidence that misreporting funds are doing so purposefully and that the findings are not a 

result of chance. Second, misreporting managers prefer that their suspicious activity remain hidden 

from monitors including investors, auditors, and the SEC. The consequences of fraudulent activity 
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range from reputational harm to incarceration; thus, managers will take action to try to minimize 

the likelihood of detection. 

Misreporting managers may believe that disclosures are less likely to raise red flags or 

attract attention if they resemble the disclosure of peer funds. Hoberg and Lewis (2015) provide 

an explanation for this rational herding. Specifically, herding is individually rational since it can 

potentially mask the wrongdoing. Further, agents who consume the disclosure including investors 

and other fund managers will use inaccurate information, and may over-allocate capital to funds 

that are potentially misreporting. Thus, the equilibrium allocation of capital in the economy is 

likely to be suboptimal. Accordingly, I hypothesize that managers will attempt to evade discovery 

by strategically choosing to mimic the wording of peer fund strategies: 

 

Hypothesis 2a (H2a)—Strategy Herding: Misreporting managers strategically produce 

disclosure that is more similar to peer funds. 

 

An alternative explanation for strategy herding is that it is an artifact of unskilled 

management. Specifically, the decision to misreport might be a result of low skilled managers 

adjusting their performance to remain competitive. Intense competition in the hedge fund industry 

forces managers to develop unique ideas, which requires capital and skills; thus, talented managers 

are more likely to create and pursue distinct investment strategies (Sun et al., 2012). Hence, 

unskilled managers tend to chase the investment strategies of their industry peers, which results in 

disclosure commonalities across the imitated funds. Accordingly, misreporting managers could 

have strategy descriptions that are more similar relative to other funds. 
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However, herding with industry peers could prove problematic if the misreported returns 

are substantially different from funds with the same strategy descriptions. Hence, a fund 

committing misreporting may need to deviate from peer funds to conceal the inadequacies. 

Following Hoberg and Lewis (2015), it is plausible that misreporting funds anti-herd in their 

strategy descriptions to increase the complexity and uncertainty needed to understand the 

investment techniques, which would potentially reduce the likelihood of detection. Thus, funds 

with suspicious return patterns might disclose in such a way that their strategy descriptions are 

unique enough to warrant the abnormal performance: 

 

Hypothesis 2b (H2b)—Strategy Distinctiveness: Misreporting managers strategically 

produce disclosure that is less similar to peer funds. 

 

Despite the fact that these two hypotheses appear mutually exclusive, it is possible for both 

Strategy Herding (H2a) and Strategy Distinctiveness (H2b) to hold simultaneously. Since SIMALL 

measures the average pairwise similarity for a fund relative to the entire universe of funds and 

SIMCAT measures the average pairwise similarity for a fund relative to only the funds within the 

same investment style, a manager could disclose in such a way that the strategy is more (less) 

similar to all funds but less (more) similar to peer funds. Such a tactic results in opposite signs on 

the two similarity measures. I test for both the individual and joint effects of similarity in the 

subsequent sections. 
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2.3 Data and Sample Description 

This section outlines the data used during the analysis. First, I present the methodology 

used to create the final sample. Second, I present summary statistics for the dataset. 

 

2.3.1 Hedge Fund Data 

The main source of hedge fund data is EurekaHedge, which provides all the financial and 

textual information.11 I start with a sample of 159,414 fund-month observations from 3,394 hedge 

funds during 2007 to 2013. I remove funds that meet any of the following criteria: 1) based in a 

currency other than the USD, 2) non-flagship fund within the family/complex, or 3) strategy 

descriptions less than one-hundred words. Further, to reduce the influence of outliers, I exclude 

values of TNA that exceed 0.5% criteria on the top and values less than 0.1 million on the bottom 

end. The final, fund-month sample, which is used to compute the misreporting variables, is 1,842 

hedge funds and 19,240 fund-month observations. 

The main variable of interest, QScore, is an aggregate measure across the nine misreporting 

flags (Kink, Indexrsq, AR1, #Zero, %Repeats, String, #Pairs, Uniform, %Neg).12 Using a rolling, 

60-month window, I execute each misreporting test, which results in a time series of binary 

outcomes for each test.13 Then, for each series, I compute an overall misreporting outcome which 

                                                 
11 Due to the nature of voluntary disclosure, hedge fund data has the potential for selection bias since only better-

performing funds choose to report. While I cannot eliminate the selection bias from the dataset, Aiken et al. (2013) 

note its presence in all hedge fund data, regardless of the provider (i.e., Lipper TASS, HFR, BarclayHedge, 

Morningstar, EurekaHedge). 
12 Both Straumann (2008) and Dimmock and Gerken (2015) calculate comparable aggregate measures across the 

misreporting flags. 
13 In addition, I use 120-month windows and find similar results. 
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takes a value of one if a fund is identified as suspicious at least once in the series and zero 

otherwise. The sum of these overall binary variables makes up QScore.14 

Following Hoberg and Phillips (2010), I cleanse the text before computing the similarity 

measures. First, I analyze the strategy descriptions for originality to ensure that the text has not 

been altered by the hedge fund data providers. Specifically, I compare the strategies from 

EurekaHedge with information from fund websites and find that the text is consistent across the 

two sources. Next, to prevent a skewing of the similarity measure, I clean the text using the 

following techniques: stemming, stop word removal, and common word removal. Stemming is the 

process of reducing words to their base form.15 Since stemming reduces the number of distinct 

words, this increases the similarity measure and prevents biasing the similarity measure 

downward. The removal of stop words entails dropping short function words, such 

as “the”, “is”, “at”, “which”, and” on.” Likewise, common word removal discards words that 

appear in more than 5% of all strategy descriptions within a given year.16 Removing stop words 

and common words decreases the likelihood that two strategies closely resembling each other, 

which decreases the similarity measure and prevents biasing the similarity measure upward.17 

In addition to the nine misreporting and two similarity measures, I include age in years 

(Age), and fees (Total_Fee, Performance_Fee, Management_Fee, Other_Fee). Further, I create 

                                                 
14 As a robustness check, I use an alternative specification for QScore, where the overall misreporting outcomes are 

triggered if a fund is identified as suspicious more than fifty percent of the time across the series. Accordingly, QScore 

is the sum of the new overall binary tests. 
15 For example, “investing”, “invests”, and “invested” would become “invest.” 
16 Alternative cutoffs of 1%, 10%, and 25% lead to comparable results. 
17 To ensure that the cleansing process did not bias the results, I implement the following alternative cleansing 

techniques: (1) only stemming, (2) only removal of stop and high frequency words, and (3) no adjustment to the 

original text. The results remain stable through all iterations. 
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dummy variables for exchange listed (ListedOnExchange), hurdle rate (HurdleRate), high-water 

mark (HighWaterMark), domicile (DomicileOnshore), and closed to new investors (Closed), 

among others. Table 2.1 describes all the variables used in the analysis. 

Since QScore is an aggregate measure across the time series, the final dataset is aggregate-

level data. The textual and fund-level data chosen corresponds to the first year that the fund shows 

up in the sample. The final sample is 1,842 hedge funds, which results in one observation for each 

fund. 

To address concerns regarding the independence of the measures, Table 2.2 presents the 

correlations amongst the misreporting and similarity variables. I find minor correlation across the 

misreporting variables, which provides support that each misreporting test is identifying different 

patterns in the returns. On the other hand, the results show that the two similarity measures are 

76% correlated. As a result, multicollinearity could arise if the two similarity measures are used 

together. 

 

2.3.2 Descriptive Results 

I provide summary statistics for the 1,842 unique hedge funds in Table 2.3. Panel A focuses 

on the two similarity measures. I find that the average similarity across all funds and funds with 

the same investment style is 3.1% and 4.2%, respectively. As expected, I find a higher similarity 

measure for funds with the same investment style. This is evidence of funds herding by investment 

style, or at least have comparable descriptions of fund investment techniques. 

Panel B includes the summary statistics for the misreporting variables. #Pairs is the least 
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triggered flag at 9.0%, while Kink is the most triggered flag at 87.1%. With the exception of 

%Repeats and Kink, which are the two tests that most often triggered, the median for each 

misreporting flag is zero. For the aggregate measure QScore, the average fund is identified as 

misreporting by approximately four tests. Further, the minimum QScore is zero (i.e. no failed 

tests), and the maximum is nine (i.e., all failed tests). Panel C reports the fund attributes. The 

average hedge fund has $149 million in AUM, is five-years old, charges 19.0% in fees, and 

requires a minimum investment of $1 million. Further, the minority of funds list on an exchange 

(10.9%), state a hurdle rate (15.6%), base in the U.S. (42.2%), utilize leverage (49.0%), lock-up 

current investors (25.3%), and lockout new investors (7.1%). Moreover, the majority of funds are 

the flagship fund in the hedge fund family or complex (75.8%). 

In Table 2.4, I provide the summary statistics, conditional on the fund style categories (i.e., 

Arbitrage, Bottom-Up, CTA/Managed Futures, Distressed Debt, Dual Approach, Event Driven, 

Fixed Income, Long Short Equities, Macro, Multi-Strategy, Top-Down, Value, Other). The 

number of funds in each category varies from 13 unique funds in the Top-Down strategy to 569 

unique funds in the Long Short Equities strategy. Further, for the sample, the average strategy has 

142 funds. 

Panel A presents the average similarity for hedge funds across the different styles. All 

similarity has a minimum value of 2.7% and a maximum of 3.1%. Likewise, the minimum and 

maximum value of category similarity is 3.1% and 6.3%. Takes as a whole, similarity varies across 

the different investment styles. In Panel B, I provide the averages of the misreporting variables by 

investment style. Overall, I find variations in the ranges for each variable across the styles. String, 
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%Neg, and Indexrsq all have over a 50.0% range while #Zero and Kink each have a range under 

20.0%. Further, the Fixed Income strategy has the highest average misreporting rate (50.8%) and 

Dual Approach has the lowest (30.4%). As expected, for QScore, I find comparable results: Fixed 

Income has the highest value at 5.1 and Dual Approach has the lowest at 2.9. In addition, I find a 

range of 2.1 for QScore across the different styles. For the fund attributes in Panel C, I find large 

ranges for AUM ($19.3 to $398.4 million), minimum size ($0.3 million to $2.1 million), portion 

listed on exchange (2.2% to 32.7%), portion based in U.S. (2.0% to 68.8%), and portion using 

leverage (20.2% to 72.6%). 

 

2.4 Empirical Results 

In this section, I present the main empirical findings on the relationship between 

misreporting and strategy similarity. First, I provide univariate evidence and follow with a 

multivariate analysis using OLS regressions. Last, I conclude with an outline of the robustness 

checks. 

 

2.4.1 Univariate Analysis of Disclosure Similarity on Misreporting 

Our initial examination of disclosure content and misreporting begins with a univariate 

analysis. I provide difference-in-means estimates for the individual (#Zero, %Repeats, Uniform, 

String, #Pairs, %Neg, AR1, Indexrsq, Kink) and aggregate (QScore) misreporting variables in 

Panel A and Panel B of Table 2.5, respectively. For each misreporting variable, I condition on the 

two similarity measures (SIMALL, SIMCAT) and other controls including Age, AUM, Lockup, 

HurdleRate, and DomicileOnshore. For the continuous, independent variables (SIMALL, SIMCAT, 
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Age, AUM), I sort the sample into quartiles and calculate the mean of the misreporting variable. 

Columns Bottom and Top are the means of the dependent (i.e., misreporting) variables for the 

smallest and largest quartiles. Column Diff is the difference in the highest quartile (Top) and the 

lowest quartile (Bottom). Likewise, for the binary, independent variables (Lockup, HurdleRate, 

DomicileOnshore), the sample is sorted by the two binary values and the mean of each dependent 

variable is calculated. Columns Bottom and Top are the means of the dependent (i.e., misreporting) 

variables for the zero and one bins. Column Diff is the difference in Top and Bottom bins. 

In Panel A, I examine the individual misreporting flags and find significant differences in 

the means for each group but with varying directions. For both overall and category similarity, 

there is a negative relationship between the means for #Zero, %Repeats, Uniform, String, #Pairs, 

%Neg, and Indexrsq. Thus, as overall similarity increases, I see a decline in the percentage of 

suspicious patterns found for those five tests. Conversely, I find positive differences between the 

highest and lowest quartiles for AR1 and Kink. Thus, as overall similarity increases, I see a rise in 

the suspicious patterns found for those two tests. Further, across the two similarity measures, I see 

consistent direction for all misreporting variables. On the other hand, I find mixed results for the 

controls. The differences in the signs when using the individual misreporting variables are 

consistent with the results of Bollen and Pool (2012), Patton et al. (2015), and Dimmock and 

Gerken (2015). 

In Panel B, I attempt to overcome the discrepancy in direction by presenting the results of 

a univariate analysis using the aggregate misreporting variable, QScore. I find that increases in 

both overall and category similarity lead to decreases in misreporting, which provides support for 



 

24 

the Strategy Distinctiveness (H2b) hypothesis. Hence, hedge funds with dissimilar strategy 

descriptions (i.e., lower average pairwise similarity measures) relative to all other funds are more 

likely to have suspicious return patterns. Further, Panels B shows that the control variables (Age, 

AUM, LockUp, HurdleRate, and DomicileOnshore) are positive and significant. Dimmock and 

Gerken (2015) also find a positive relationship between AUM and misreporting but see a negative 

relationship for Age.18 

Overall, I find evidence that fund managers strategically disclose (H1) and do so in 

different ways. Consistent with prior literature, I find that the individual misreporting tests are 

significant but differ in sign. Further, take at the aggregate, I find support that misreporting 

managers tend to produce abnormal disclosure (i.e., anti-herd) relative to both all funds in the 

universe and just category peers. Since it is possible that other fund factors could foretell which 

managers will behave questionably, the remainder of the analysis examines the relationships 

between misreporting and disclosure content with the inclusion of additional fund controls. 

 

2.4.2 Multivariate Analysis of Disclosure Similarity on Aggregate Misreporting 

Our main multivariate analysis focuses on the individual effects of overall and category 

similarity on aggregate misreporting. I implement the following regression in the examination of 

the isolated effects of overall similarity: 

 

𝑄𝑆𝑐𝑜𝑟𝑒𝑖= α + 𝛽1𝑆𝐼𝑀𝑖,𝐴𝐿𝐿 + ∑ 𝛾𝑗𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠𝑖,𝑗𝑗=1 + ∑ 𝛿𝑘𝐶𝑎𝑡𝑖,𝑘𝑘=1 + 휀𝑖. (2.1) 

                                                 
18 Using the alternate specification for QScore (i.e., for a given fund and flag, the fund is only identified as suspicious 

if it triggers the flag more than fifty percent of the time across the rolling series), I find a significant, negative 

relationship between misreporting and fund age. I present these results in the next section. 
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QScore is the aggregate misreporting measure based on the sum of the nine misreporting 

flags. SIMALL is the average of the pairwise similarity measures across the universe of funds in a 

given year. The following continuous variables are included in the Controls vector. Age is the age 

of the fund in years. AUM is the log of the total assets under management. In addition, Controls 

includes binary variables that take a value of one if a fund has a lock-up period (LockUp), reports 

a hurdle rate (HurdleRate), and is based in the United States (DomicileOnshore). The Cat vector 

includes dummy variables which equal one if a fund discloses as one of the thirteen investment 

styles (Arbitrage, Bottom-Up, CTA/Managed Futures, Distressed Debt, Dual Approach, Event 

Driven, Fixed Income, Long Short Equities, Macro, Multi-Strategy, Top-Down, Value, Other) and 

zero otherwise. Further, I use the following regression equation to assess the isolated effects of 

category similarity: 

 
𝑄𝑆𝑐𝑜𝑟𝑒𝑖= α + 𝛽1𝑆𝐼𝑀𝑖,𝐶𝐴𝑇 + ∑ 𝛾𝑗𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠𝑖,𝑗𝑗=1 + ∑ 𝛿𝑘𝐶𝑎𝑡𝑖,𝑘𝑘=1 + 휀𝑖. (2.2) 

 

SIMCAT is the average pairwise similarity across all funds of the same category in a given year and 

all other variables remain unchanged. 

Table 2.6 presents the results of OLS regressions using the two regression specifications. 

In Models (1), (3), and (5), aggregate misreporting (QScore) is regressed on the overall similarity 

measure. Likewise, in Models (2), (4), and (6), aggregate misreporting (QScore) is regressed on 

the category similarity measure. Models (1) and (2) show the effects of each similarity measure on 

aggregate misreporting without the added controls. Both similarity measures are negative and 
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significant, which complement the univariate findings. Specifically, as overall and category 

similarity increase, aggregate misreporting decreases, which supports the Strategy Distinctiveness 

(H2b) hypothesis. Thus, funds with abnormal strategy descriptions (i.e., lower average pairwise 

similarity measures) are more likely to have suspicious returns. 

Our results remain consistent with the inclusion of the Controls vector in Models (3) and 

(4) and both the Controls and Cat vectors in Models (5) and (6).19 All the variables in Controls are 

positive and significant except HurdleRate. As in the univariate analysis, AUM is consistent with 

Dimmock and Gerken (2015), while Age differs in direction. Overall, I show that the multivariate 

results are analogous to the univariate outcomes. Table 2.6 provides evidence that, after controlling 

for other factors that might foretell misreporting, the explanatory power of similarity remains. 

Specifically, I find that misreporting managers produce abnormal disclosure relative to all funds 

and finds with the same investment category.20 

 

2.4.3 Robustness 

To further the analysis, I used several robustness checks and alternative specifications. 

First, I study the effects of similarity on revised definitions of QScore. Next, I examine the 

individual misreporting flags in a logit and probit framework. Further, I test the simultaneous 

effects of similarity in a multivariate setting. Last, I use alternate similarity controls. 

A potential concern with QScore is in regards to inclusiveness. For any individual test, if a 

                                                 
19 For brevity, I do not report the coefficients for the binary variables in the Cat vector. Overall, the Cat dummies are 

significant but vary in magnitude and sign. 
20 While the small R2 values are a concern, these magnitude of R2 is consistent with prior hedge fund misreporting 

studies (Bollen and Pool, 2012; Patton et al., 2015). 
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fund triggers the flag at any point in time, I consider it indefinitely suspicious. Hence, if one of the 

individual misreporting tests finds a suspicious pattern in the rolling return history for a particular 

fund, that misreporting flag is given a value of one. Although I am confident that the significance 

levels minimize false positives, misidentification would bias QScore upwards. Accordingly, I 

compute QScore by aggregating the individual misreporting flags using an alternate definition. 

Specifically, instead of a fund triggering a flag if the rolling return series is deemed suspicious at 

least once, I require that funds have to be identified as suspicious more than fifty percent of the 

time across the series. Hence, I constrain each individual flag to include the worse offending funds 

only. 

In Table 2.7, I provide the results of OLS regressions using this alternative QScore. Models 

(1), (3), and (5) control for overall similarity and Models (2), (4), and (6) control for category 

similarity. Both similarity measures are negative and significant for all model specifications, which 

complements the univariate and multivariate findings. On the other hand, I find inconsistencies 

with the inclusion of the Controls vector. Although still significant, Age switched direction, which 

diverges from the earlier findings but aligns with Dimmock and Gerken (2015). Further, AUM and 

LockUp become insignificant. 

I also compute QScore using different combinations of misreporting flags and longer 

rolling windows. First, I only use the data quality measures (i.e., Uniform, %Repeats, #Zero, 

%Neg, String, #Pairs). Second, I only use the flags that Bollen and Pool (2012) find have the most 

predictive power (i.e., AR1, %Repeats, #Zero, %Neg). Third, I include additional misreporting 
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flags in the aggregate measure based on data revisions and Benford’s Law (Patton et al., 2015).21 

Last, I used 120-month rolling periods instead of the original 60-month periods. I find similar 

results for all variations in QScore but omit the results for brevity. 

Following Bollen and Pool (2012), Patton et al. (2015), and Dimmock and Gerken (2015), 

I also perform a multivariate analysis on the individual misreporting flags in a logit and probit 

framework.22 Table 2.8 presents the isolated effects of textual similarity using logit regressions. 

Panel A presents #Zero, %Repeats, and Uniform. Panel B presents String, #Pairs, and %Neg. Panel 

C presents AR1, Indexrsq, and Kink. The control variables include Age, AUM, LockUp, 

HurdleRate, and DomicileOnshore. For Models (1), (3), and (5), I focus on overall similarity and 

Models (2), (4), and (6) use category similarity. 

For Panel A, both similarity measures are negative but mostly insignificant. Further, 

DomicileOnshore is consistent across #Zero, %Repeats, and Uniform but has minimal statistical 

power. In Panel B, I find that SIMALL varies across all three measures: negative and insignificant 

for String, positive and insignificant for #Pairs, and positive and significant for %Neg. Further, 

SIMCAT is positive for all three measures but only significant for %Neg. Panel C also reports 

variations across the individual flags. Specifically, SIMALL and SIMCAT are both positive and 

insignificant for AR1, negative and significant for Indexrsq, and positive and insignificant for Kink. 

Overall, the logit results in Table 2.8 produce the same inconsistences shown in the univariate 

analysis and provide further motivation for the use of the aggregate misreporting variable, QScore. 

                                                 
21 The Reviser flag is triggered if hedge funds alter their prior return history. The Benford flag is triggered if the second 

digit of the return value deviates from Benford's Law. 
22 I only report the results for the logit models but find comparable results using a probit specification. 
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In addition to the individual effects of SIMALL and SIMCAT, I examine the simultaneous 

effects of the two similarity measures using the following regression specification: 

 
𝑄𝑆𝑐𝑜𝑟𝑒𝑖= α + 𝛽1𝑆𝐼𝑀𝑖,𝐴𝐿𝐿 + 𝛽2𝑆𝐼𝑀𝑖,𝐶𝐴𝑇 + ∑ 𝛾𝑗𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠𝑖,𝑗𝑗=1 + ∑ 𝛿𝑘𝐶𝑎𝑡𝑖,𝑘𝑘=1 + 휀𝑖 . (2.3) 

 

In unreported results, I find support for the earlier findings by identifying a negative, 

concurrent relationship between the two similarity measures and aggregate misreporting measure. 

Thus, I find little evidence that managers are strategically producing disclosure that resembles the 

majority of funds but differs from category peers and vice versa. Further, these results provide 

additional support for the Strategy Distinctiveness (H2b) hypothesis.23 

I also provide alternative specifications for the similarity measures. First, I sort each 

similarity measure into quartiles and create two binary variables for each one. The first is 

Q1_SIMALL (Q1_SIMCAT), which equals one if SIMALL (SIMCAT) is in the lowest quartile of all funds 

and zero otherwise. Likewise, Q4_SIMALL (Q4_SIMCAT), which equals one if SIMALL (SIMCAT) is 

in the highest quartile of all funds and zero otherwise. Using these measures, I find comparable, 

albeit weaker, results. Second, I use alternative cutoffs of 1%, 10%, and 25% during the cleansing 

of the text data and find similar results. 

 

                                                 
23 As shown in Table 2, SIMALL and SIMCAT are 76% correlated, which could result in multicollinearity if included in 

the same regressions. 
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2.5 Conclusion 

In this essay, I ask if hedge fund disclosure can be used to predict which managers will 

misreport performance. Using a series of nine, binary performance tests (#Zero, %Repeats, 

Uniform, String, #Pairs, %Neg, AR1, Indexrsq, Kink,), I identify hedge funds with irregular return 

patterns. Moreover, I create an aggregate misreporting measure (QScore) to gauge the degree to 

which fund managers misstate performance. I quantify the word structure of hedge fund strategy 

statements using two textual measures based on cosine similarity: SIMALL, the average fund 

pairwise similarity relative to the entire universe of funds, and SIMCAT, the average fund pairwise 

similarity relative to funds within the same investment style. 

First, I examine if misreporting managers write strategy descriptions differently than their 

non-misreporting peers. Specifically, in a univariate framework, I present difference-in-means 

estimates of the misreporting variables conditional on the similarity measures and additional 

controls and find significant differences in the quartile means. I interpret this as misreporting 

managers strategically disclosing to obscure irregularities with the goal of diminishing the 

probability of discovery. 

Next, I propose two methods in which misreporting managers could deliberately compose 

their investment descriptions. If misreporting managers produce disclosure that is more similar 

(dissimilar) to peer funds, they are leveraging a herding (distinctiveness) approach. Using both 

univariate and multivariate analysis, I find evidence that misreporting managers follow the 

distinctiveness approach and, thus, create disclosure that is abnormal relative to other hedge funds. 

Specifically, I find negative and significant relationships between the similarity measures and 
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aggregate misreporting using both difference-in-means and OLS approaches. Overall, this essay 

finds strong support for the assertion that misreporting managers produce abnormal disclosure in 

order to minimize detection. 
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2.A  Appendix: Data Quality Critical Values 

This appendix outlines the critical values used for the six data quality tests. In Panel A of 

Table 2.A.1, I provide the results for a 60-month return history, which are generated from a scaled 

t-distribution with an excess kurtosis of three, an annual mean of 10%, and a volatility 15%. I 

round the returns to the nearest 0.0001%. In Panel B of Table 2.A.1, I provide the results for a 120-

month return history, which are generated from a scaled t-distribution with an excess kurtosis of 

three, an annual mean of 5%, and a volatility of 10%. I round these returns to the nearest 0.1%. 

The percentiles for #Zero, Uniform, and %Neg are computed analytically. The percentiles for 

%Repeats, String, and #Pairs are computed using 10,000 Monte Carlo return simulations, which 

are rounded to the applicable precision. 
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Table 2.A.1: Critical Values 
This table provides the percentiles of the six data quality tests. Panel A shows results for a 60-month history, with returns that are 

generated from a scaled t-distribution with excess kurtosis of 3, annual mean of 10%, and volatility 15%, and reported to the 

nearest 0.0001%. Panel B shows results for a 120-month history, with returns that are generated from a scaled t-distribution with 

excess kurtosis of 3, annual mean of 5%, and volatility of 10%, and reported to the nearest 0.1%. For #Zero, Uniform, and %Neg, 

the percentiles are computed analytically. For %Repeats, String, and #Pairs, bootstrap percentiles are established by simulating 

10,000 series of returns, which are then rounded to the appropriate precision. 

Data Quality Flag 1% 5% 10% 25% 50% 75% 90% 95% 99% 

Panel A. 60-Month History          

#Zero 0 0 0 0 0 0 0 1 1 

%Repeats 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 1.7% 

Uniform 2.00 3.33 4.33 6.00 8.33 11.33 14.67 16.67 21.33 

String 1 1 1 1 1 1 1 1 1 

#Pairs 0 0 0 0 0 0 0 0 0 

%Neg 31.7% 35.0% 36.8% 40.0% 43.6% 47.2% 50.2% 52.2% 55.6% 

 

Panel B. 120-Month History 

#Zero 0 0 0 1 1 2 3 4 5 

%Repeats 29.2% 31.7% 32.5% 35.0% 36.7% 39.2% 40.8% 42.5% 44.2% 

Uniform 2.17 3.50 4.33 6.17 8.83 12.00 15.50 17.67 23.33 

String 1 1 1 1 2 2 2 2 3 

#Pairs 0 0 0 0 0 1 1 1 1 

%Neg 36.8% 39.2% 40.5% 42.7% 45.2% 47.7% 49.9% 51.2% 53.7% 
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2.B  Appendix: Similarity Methodology 

This appendix describes the methodology to compute the cosine similarity (i.e., cosine of 

the angle between two vectors on the unit sphere) between the strategies of funds i and j.24 

I start by creating a global dictionary for each year by aggregating all the unique words 

across all funds in that year. Next, I clean the data by dropping the stop words, stemming the 

remaining words, and eliminating the high-frequency words. I remove the stop words, which are 

generally common, short function words (e.g., “the”, “is”, “at”, “which”, “on”), to avoid biasing 

the similarity measure upwards. Specifically, since stop words appear in many different funds, this 

would incorrectly increase the similarity measure between pairs of strategies. By stemming the 

remaining words, I reduce the words to their base form (e.g., “investing”, “invests”, and “invested” 

would become “invest”). Stemming mitigates a downward bias in the similarity measure since it 

increases the likelihood that two strategy descriptions will have matching words. Last, for every 

year, I remove any remaining words that appear in more than 5% of all investment strategies. As 

with removing stop words, dropping high-frequency words prevents an upward bias causes by the 

inclusion of common terms that are left in the dictionaries but are not considered stop words. 

After the cleansing process, I am left with a trimmed global dictionary containing W words, 

which is the main dictionary for each year. Next, for each fund i, I generate an individual dictionary 

(Pi) that is of length W. For every word in the trimmed global dictionary that is also in the strategy 

description for the individual fund in that year, the individual dictionary entry for that word takes 

                                                 
24 See Hoberg and Phillips (2010), Hanley and Hoberg (2010, 2012), and Hoberg and Lewis (2015). 
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a value of one and zero otherwise. For example, if a fund’s strategy description has all (no) words 

from the trimmed global dictionary, the fund’s individual dictionary will be a vector of length W 

with all values equal to one (zero). 

Next, I normalize the individual dictionaries to mitigate the penalty caused by differences 

in the number of ones and zeros in each individual dictionary. I create a vector Vi of length W, 

which is Pi normalized to unit length: 

 

𝑉𝑖 =
𝑃𝑖

√𝑃𝑖′ ∙ 𝑃𝑖
 . (2.4) 

 

In other words, each vector Pi is scaled by the square root of its inner product. 

The pairwise similarity between the investment strategies of funds i and j is calculated by 

taking the dot product of their normalized vectors (i.e., Vi and Vj). This result is known as the basic 

cosine similarity: 

 

𝑆𝑡𝑟𝑎𝑡𝑒𝑔𝑦_𝑆𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦𝑖,𝑗 = 𝑉𝑖′ ∙ 𝑉𝑗  (2.5) 

 

By using the normalized vectors with a length of one, the similarity measure is bounded on the 

interval (0, 1). 

In order to compute the two overall strategy measures, I calculate the average of the 

pairwise similarities for each fund. The first overall strategy measure is SIMALL,i, which is the 

average pairwise similarity for fund i relative to the entire universe of funds U: 

 

𝑆𝐼𝑀𝐴𝑙𝑙,𝑖 = ∑
𝑆𝑡𝑟𝑎𝑡𝑒𝑔𝑦_𝑆𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦𝑖,𝑗

𝑀–1
 ∀(𝑗)∈𝑈𝑝𝑎𝑖𝑟𝑠
 .  (2.6) 
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The variable U indicates all the funds in the sample and 𝑈𝑝𝑎𝑖𝑟𝑠 represents the set of all pairwise 

permutations of the funds in U. If set U contains M funds, then set 𝑈𝑝𝑎𝑖𝑟𝑠 contains 𝑀𝑝𝑎𝑖𝑟𝑠 = 
𝑀2−𝑀

2
 

elements. Hence, for each fund in U, the number of pairs will equal M minus one. 

The second overall strategy measure is 𝑆𝐼𝑀𝐶𝐴𝑇,𝑖, which is the average pairwise similarity 

for fund i relative to all funds with the same investment strategy type as fund i (e.g., Arbitrage, 

Bottom-Up, CTA/Managed Futures, Distressed Debt, Dual Approach, Event Driven, Fixed 

Income, Long Short Equities, Macro, Multi-Strategy, Top-Down, Value, and Other): 

 

𝑆𝐼𝑀𝐶𝐴𝑇,𝑖 = ∑
𝑆𝑡𝑟𝑎𝑡𝑒𝑔𝑦_𝑆𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦𝑖,𝑗

𝐾–1
 ∀(𝑗)∈𝐶𝑝𝑎𝑖𝑟𝑠
 .  (2.7) 

 

The variable C represents all funds with a particular investment strategy type and 𝐶𝑝𝑎𝑖𝑟𝑠 denotes 

the set of all pairwise permutations of the funds in C. As before, if the set C is composed of K 

funds, there will be 𝐾𝑝𝑎𝑖𝑟𝑠 = 
𝐾2−𝐾

2
 elements in set 𝐶𝑝𝑎𝑖𝑟𝑠 and K minus one pairs for each fund in 

C. 
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Table 2.1: Variable Definitions 
Variable Description and Definition 

Panel A. Textual Variables 

SIMALL Average pairwise similarity for a fund relative to all funds in the sample. 

SIMCAT Average pairwise similarity for a fund relative to funds with the same strategy category (Arbitrage, 

Bottom-Up, CTA/Managed Futures, Distressed Debt, Dual Approach, Event Driven, Fixed Income, Long 

Short Equities, Macro, Multi-Strategy, Top-Down, Value, Other).  

  

Panel B. Misreporting Flags 

#Zero Dummy, which is 1 for a high number of returns exactly equal to zero. 

%Repeats Dummy, which is 1 for a high number of returns that are repeated. 

Uniform Dummy, which is 1 for a non-uniform distribution of the last digit of returns. 

String Dummy, which is 1 for a long string of repeated returns. 

#Pairs Dummy, which is 1 for a high number of pairs of repeated returns. 

%Neg Dummy, which is 1 for a low number of negative returns. 

AR1 Dummy, which is 1 for a positive and significant first-order serial correlation coefficient. 

Indexrsq Dummy, which is 1 for an insignificant relation between a fund and category peers. 

Kink Dummy, which is 1 for a discontinuity at zero in the distribution of returns. 

QScore Sum of nine (#Zero, %Repeats, Uniform, String, #Pairs, %Neg, AR1, Indexrsq, Kink) misreporting flags. 

  

Panel C. Fund Variables 

Flow Monthly fund flows defined as(𝐴𝑈𝑀𝑡 − 𝐴𝑈𝑀𝑡−1(1 + 𝑅𝑡)) 𝐴𝑈𝑀𝑡−1⁄  , where Rt is raw, monthly fund 

return and AUM is the fund’s total assets under management. 

FundRetMkt Monthly fund return (after expenses) minus the CRSP value-weighted index 

FundRetMktNeg Variable equal to FundRetMkt if FundRetMkt < 0, and 0 otherwise 

AUM Total Assets Under Management of the fund (summed over all share classes) in millions. 

Age Fund age in years, relative to the earliest EurekaHedge Inception Date 

Performance_Fee Percentage that fund manager takes from the fund returns 

Management_Fee An annual fee calculated as a percentage of average fund size 

Other_Fee Additional fees including subscription, placement, administration, advisory, and operations. 

Total_Fee Aggregate of performance, management, and other fees. 

SharpeRatio Risk-adjusted measure of return defined as (𝑅𝑡 − 𝑅𝑓)/𝑆𝑡𝑑𝐷𝑒𝑣𝑡 , where Rt is the raw, annualized fund 

return, Rf is the annualized risk-free rate, and StdDevt is the standard deviation of Rt. 

MinInvestmentSize The minimum amount that a potential investor can place in a fund. 

ListedOnExchange Dummy, which is 1 if the fund is listed on an exchange. 

HurdleRate Dummy, which is 1 if the fund has a stated hurdle rate. 

HighWaterMark Dummy, which is 1 if the fund has a stated high water mark. 

DomicileOnshore Dummy, which is 1 if the legal entity of the fund is based in the United States. 

Leverage Dummy, which is 1 if the fund is leveraged (borrowed capital). 

LockUp Dummy, which is 1 if the fund has a lock-up period (i.e., investors cannot sell or redeem shares). 

Flagship Dummy, which is 1 if the fund is the flagship of the fund family. 

Closed Dummy, which is 1 if the fund is closed to new investors. 

Dead Dummy, which is 1 if the fund is dead. 
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Table 2.2: Correlation Matrix 
This table provides Pearson correlations for the misreporting variables and textual analysis variables. See Table 2.1 for variable definitions. ***, **, and * denote significance at the 

1%, 5%, and 10% level, respectively. 

 #Zero %Repeats Uniform String #Pairs %Neg AR1 Indexrsq Kink QScore  SIMALL SIMCAT 

#Zero  1.00***             

%Repeats  0.11*** 1.00***            

Uniform  0.08***  0.20***  1.00***           

String  0.11***  0.35***  0.24***  1.00***          

#Pairs  0.04***  0.22***  0.07***  0.12***  1.00***         

%Neg  0.13***  0.18***  0.12***  0.14***  0.08***  1.00***        

AR1  0.02***  0.14***  0.17***  0.26***  0.09***  0.24***  1.00***       

Indexrsq  0.14***  0.16***  0.10***  0.06***  0.13***  0.07*** -0.04***  1.00***      

Kink  0.02***  0.12***  0.12***  0.04***  0.02***  0.13***  0.14***  0.07***  1.00***     

QScore  0.35***  0.60***  0.53***  0.56***  0.36***  0.51***  0.51***  0.43***  0.33***  1.00***    

              

SIMALL -0.02*** -0.06***  0.05*** -0.08*** -0.05*** -0.08***  0.00*** -0.10***  0.06*** -0.07***   1.00***  

SIMCAT  0.06***  0.01***  0.03*** -0.07*** -0.02*** -0.11*** -0.10*** -0.01***  0.03*** -0.05***   0.76*** 1.00*** 
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Table 2.3: Summary Statistics 
This table shows summary statistics for the main variables. The sample period is from January 2007 to December 2013. 

Panel A presents the textual attributes of the strategy reported to EurekaHedge. Panel B presents the misreporting 

variables. Panel A presents attributes of the hedge funds. I record variables at a monthly frequency. See Table 2.1 for 

variable definitions. 

Variable N Mean Std. Dev. Min Q1 Median Q3 Max 

Panel A. Textual Variables         

SIMALL 1,842 0.031 0.007 0.015 0.026 0.030 0.035 0.052 

SIMCAT 1,842 0.042 0.014 0.015 0.032 0.039 0.050 0.094 

         

Panel B. Misreporting Variables         

#Zero 1,842 0.123 0.329 0.000 0.000 0.000 0.000 1.000 

%Repeats 1,842 0.613 0.487 0.000 0.000 1.000 1.000 1.000 

Uniform 1,842 0.496 0.500 0.000 0.000 0.000 1.000 1.000 

String 1,842 0.156 0.363 0.000 0.000 0.000 0.000 1.000 

#Pairs 1,842 0.090 0.286 0.000 0.000 0.000 0.000 1.000 

%Neg 1,842 0.252 0.435 0.000 0.000 0.000 1.000 1.000 

AR1 1,842 0.469 0.499 0.000 0.000 0.000 1.000 1.000 

Indexrsq 1,842 0.464 0.499 0.000 0.000 0.000 1.000 1.000 

Kink 1,842 0.871 0.335 0.000 1.000 1.000 1.000 1.000 

QScore 1,842 3.534 1.816 0.000 2.000 3.000 5.000 9.000 

         

Panel C. Fund Attributes         

FlowVolatility 1,842 0.135 0.157 0.007 0.039 0.075 0.163 0.699 

AUM 1,842 148.761 235.373 1.000 14.000 50.000 165.000 1036.000 

Age 1,842 5.054 4.287 1.000 1.917 3.917 7.000 44.750 

Total_Fee 1,842 0.189 0.060 0.000 0.200 0.200 0.215 0.330 

Management_Fee 1,842 0.007 0.007 0.000 0.000 0.008 0.015 0.023 

Performance_Fee 1,842 0.187 0.051 0.000 0.200 0.200 0.200 0.300 

Other_Fee 1,842 0.003 0.011 0.000 0.000 0.000 0.000 0.055 

SharpeRatio 1,842 0.876 1.099 -0.710 0.140 0.650 1.400 3.630 

SortinoRatio 1,842 1.775 2.586 -0.860 0.140 0.990 2.410 10.690 

MinInvestmentSize 1,842 1.136 1.786 0.005 0.100 0.500 1.000 10.000 

ListedOnExchange 1,842 0.109 0.311 0.000 0.000 0.000 0.000 1.000 

HurdleRate 1,842 0.156 0.363 0.000 0.000 0.000 0.000 1.000 

DomicileOnshore 1,842 0.422 0.494 0.000 0.000 0.000 1.000 1.000 

Leverage 1,842 0.490 0.500 0.000 0.000 0.000 1.000 1.000 

LockUp 1,842 0.253 0.435 0.000 0.000 0.000 1.000 1.000 

Flagship 1,842 0.758 0.428 0.000 1.000 1.000 1.000 1.000 

Closed 1,842 0.071 0.257 0.000 0.000 0.000 0.000 1.000 

Dead 1,842 0.321 0.467 0.000 0.000 0.000 1.000 1.000 
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Table 2.4: Summary Statistics by Strategy 

This table shows summary means for the main variables by fund strategy (e.g., Arbitrage, Bottom-Up, CTA/Managed Futures, Distressed Debt, Dual Approach, Event Driven, Fixed 

Income, Long Short Equities, Macro, Multi-Strategy, Top-Down, Value, Other). Panel A presents the textual attributes of the strategy reported to EurekaHedge. Panel B presents 

the misreporting variables. Panel C presents attributes of the hedge funds. I record variables at a monthly frequency. 
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Number of Unique Funds   65 111 401 45 49 72 127 569 120 137 13 73 60 1,842 

                 

Panel A. Textual Variables 

SIMALL   0.031 0.029 0.030 0.030 0.029 0.031 0.029 0.030 0.031 0.031 0.027 0.030 0.027 0.031 

SIMCAT   0.045 0.041 0.047 0.063 0.049 0.052 0.043 0.034 0.042 0.038 0.031 0.037 0.031 0.042 

                 

Panel B. Misreporting Variables 

#Zero   0.123 0.090 0.165 0.222 0.041 0.181 0.157 0.095 0.133 0.124 0.154 0.055 0.083 0.123 

%Repeats   0.800 0.441 0.601 0.644 0.388 0.708 0.843 0.557 0.633 0.693 0.769 0.644 0.617 0.613 

Uniform   0.446 0.568 0.499 0.378 0.408 0.625 0.512 0.466 0.525 0.526 0.692 0.507 0.467 0.496 

String   0.277 0.126 0.135 0.267 0.122 0.194 0.276 0.090 0.133 0.175 0.692 0.247 0.267 0.156 

#Pairs   0.077 0.027 0.077 0.178 0.000 0.083 0.213 0.074 0.108 0.109 0.231 0.096 0.083 0.090 

%Neg   0.446 0.225 0.214 0.333 0.204 0.417 0.528 0.155 0.192 0.321 0.000 0.370 0.350 0.252 

AR1   0.615 0.667 0.284 0.756 0.551 0.639 0.606 0.446 0.333 0.584 0.615 0.562 0.467 0.469 

Indexrsq   0.585 0.081 0.661 0.622 0.163 0.458 0.559 0.348 0.583 0.394 0.385 0.425 0.733 0.464 

Kink   0.831 0.874 0.878 0.867 0.857 0.889 0.882 0.858 0.850 0.876 0.846 0.959 0.900 0.871 

QScore   4.646 3.306 3.708 4.622 2.939 4.597 5.094 3.237 3.658 4.124 4.385 4.233 4.333 3.534 
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Table 2.4 (continued) 
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Panel C Fund Attributes 

FlowVolatility   0.143 0.125 0.158 0.122 0.131 0.098 0.126 0.126 0.169 0.127 0.149 0.128 0.122 0.135 

AUM   96.836 175.528 398.443 142.763 206.173 159.597 130.861 185.080 183.532 218.354 146.195 19.269 139.550 148.761 

Age   5.756 5.014 5.401 4.712 5.507 4.854 4.830 4.643 5.029 4.821 4.556 6.158 3.831 5.054 

Total_Fee   0.212 0.141 0.198 0.193 0.125 0.194 0.174 0.199 0.185 0.186 0.109 0.198 0.192 0.189 

Management_Fee   0.007 0.011 0.003 0.007 0.010 0.008 0.008 0.009 0.007 0.006 0.007 0.007 0.006 0.007 

Performance_Fee   0.202 0.145 0.201 0.187 0.137 0.182 0.171 0.192 0.179 0.192 0.130 0.193 0.187 0.187 

Other_Fee   0.006 0.008 0.003 0.000 0.010 0.006 0.004 0.002 0.002 0.001 0.010 0.001 0.004 0.003 

SharpeRatio   1.136 0.595 0.638 1.370 0.850 1.044 1.647 0.794 0.561 0.952 0.819 0.950 1.673 0.876 

SortinoRatio   2.147 1.303 1.403 2.664 1.293 2.012 3.209 1.702 1.272 2.190 1.835 1.796 2.831 1.775 

MinInvestmentSize   1.019 0.562 1.202 1.674 0.354 1.321 2.081 1.109 1.237 1.366 0.260 1.348 0.938 1.136 

ListedOnExchange   0.108 0.306 0.042 0.022 0.327 0.083 0.111 0.105 0.158 0.088 0.231 0.055 0.117 0.109 

HurdleRate   0.203 0.358 0.057 0.091 0.167 0.194 0.298 0.112 0.228 0.172 0.154 0.274 0.107 0.156 

DomicileOnshore   0.429 0.126 0.688 0.556 0.020 0.357 0.397 0.417 0.217 0.375 0.154 0.329 0.333 0.422 

Leverage   0.523 0.202 0.431 0.533 0.204 0.543 0.487 0.541 0.726 0.568 0.385 0.535 0.356 0.490 

LockUp   0.206 0.155 0.057 0.512 0.102 0.319 0.408 0.343 0.169 0.308 0.154 0.314 0.383 0.253 

Flagship   0.840 0.570 0.660 0.823 0.705 0.704 0.765 0.792 0.748 0.634 0.707 1.000 0.823 0.758 

Closed   0.023 0.073 0.206 0.058 0.034 0.025 0.089 0.066 0.104 0.158 0.213 0.000 0.114 0.071 

Dead   0.255 0.382 0.000 0.136 0.278 0.282 0.380 0.366 0.312 0.184 0.197 0.069 0.397 0.321 
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Table 2.5: Univariate Analysis of Disclosure Similarity on Misreporting 
This table presents difference-in-means estimates of the misreporting variables, conditional on the similarity measures (SIMALL, SIMCAT) and other controls including Age, AUM, 

LockUp, HurdleRate, and DomicileOnshore. For continuous (binary) independents, the sample is sorted into quartiles (zero and one bins) and the mean of each misreporting variable 

is calculated. Bottom represents the average of the low quartile (zero bin) and Top represents the average of the high quartile (one bin). Diff is the difference in Top and Bottom. 

Significance levels at the 10%, 5%, and 1% are indicated by *, **, and ***, respectively. 

Panel A. Individual Misreporting 

Variable  #Zero Bottom Top Diff   %Repeats Bottom Top Diff   Uniform Bottom Top Diff  

SIMALL   0.1584 0.0998 -0.0586 ***   0.6616 0.5770 -0.0846 ***   0.5141 0.4794 -0.0347  

SIMCAT   0.1323 0.1193 -0.0130    0.6529 0.5770 -0.0759 **   0.5206 0.4902 -0.0304  

Age   0.2872 0.0807 -0.2064 ***   0.6176 0.4821 -0.1354 *   0.4754 0.5262 0.0508 *** 

AUM   0.2912 0.0848 -0.2064 ***   0.6119 0.6336 0.0217    0.5182 0.4723 -0.0459 *** 

LockUp   0.1222 0.1269 0.0048    0.6003 0.6503 0.0500 *   0.4857 0.5345 0.0488 * 

HurdleRate   0.1160 0.1328 0.0168    0.6079 0.6384 0.0305    0.4946 0.4871 -0.0075  

DomicileOnshore   0.1054 0.1482 0.0428 ***   0.5745 0.6671 0.0926 ***   0.4710 0.5306 0.0595 ** 

                   

Variable  String Bottom Top Diff   #Pairs Bottom Top Diff   %Neg Bottom Top Diff  

SIMALL   0.1844 0.1258 -0.0586 **   0.1063 0.0607 -0.0456 **   0.2842 0.2495 -0.0347  

SIMCAT   0.1909 0.1171 -0.0738 ***   0.0933 0.0607 -0.0325 *   0.2907 0.2256 -0.0651 ** 

Age   0.1240 0.2479 0.1238 ***   0.0766 0.1281 0.0515 ***   0.1924 0.3328 0.1404  

AUM   0.1652 0.1784 0.0132 ***   0.0864 0.0885 0.0021    0.2034 0.2899 0.0865  

LockUp   0.1425 0.1915 0.0490 **   0.0845 0.0980 0.0135    0.2436 0.2806 0.0370  

HurdleRate   0.1533 0.1808 0.0275    0.0848 0.1070 0.0222    0.2476 0.2731 0.0254  

DomicileOnshore   0.1529 0.1625 0.0097    0.0769 0.1092 0.0323 **   0.2327 0.2796 0.0469 ** 

                   

Variable  AR1 Bottom Top Diff   Indexrsq Bottom Top Diff   Kink Bottom Top Diff  

SIMALL   0.4382 0.4751 0.0369 ***   0.5683 0.3948 -0.1735 ***   0.4905 0.5105 0.0196 *** 

SIMCAT   0.4317 0.4382 0.0065 ***   0.5358 0.4230 -0.1128 ***   0.4534 0.5088 0.0555 *** 

Age   0.3569 0.5046 0.1477 ***   0.5440 0.4481 -0.0958 ***   0.4951 0.4608 -0.0344 *** 

AUM   0.3039 0.5528 0.2489 ***   0.5278 0.4165 -0.1113 ***   0.4856 0.4807 0.0014  

LockUp   0.4419 0.5702 0.1282 ***   0.4532 0.4811 0.0278    0.4638 0.5612 0.0974 *** 

HurdleRate   0.4640 0.5535 0.0895 ***   0.4749 0.3653 -0.1096 ***   0.4756 0.5203 0.0447  

DomicileOnshore   0.4967 0.4343 -0.0623 ***   0.4074 0.5358 0.1284 ***   0.4568 0.5267 0.0699 *** 
 

  



 

46 

 

Table 2.5 (continued) 
Panel B. Aggregate Misreporting 

Variable  QScore Bottom Top Diff              

SIMALL   3.6508 3.2017 -0.4490 ***             

SIMCAT   3.6182 3.1800 -0.4382 ***             

Age   3.4434 3.5610 0.1176 ***             

AUM   3.5054 3.5487 0.0433 ***             

LockUp   3.2609 3.7951 0.5342 ***             

HurdleRate   3.3711 3.4613 0.0902 ***             

DomicileOnshore   3.1804 3.6775 0.4971 ***             
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Table 2.6: Multivariate Analysis of Disclosure Similarity on Aggregate Misreporting 
This table presents regressions of similarity on the QScore, which is calculated using the any method. For a given fund 

and flag, if a fund is identified as suspicious at least once, the flag is given a value of one, otherwise it is given a value 

of zero. For additional variable definitions, see Table 2.1. The p-values (in parentheses) are clustered by fund and year. 

Significance levels at the 10%, 5%, and 1% are indicated by *, **, and ***, respectively. 

Variable    (1) (2) (3) (4) (5) (6) 

Constant    4.513
***

 4.279
***

 3.673
***

 3.624
***

 4.179
***

 4.153
***

 

    (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 

SIMALL    -10.088
***

  -9.721
***

  -6.098
***

  

    (0.000)  (0.000)  (0.007)  

SIMCAT     -6.321
***

  -7.675
***

  -5.115
***

 

     (0.000)  (0.000)  (0.004) 

Age      0.326
***

 0.344
***

 0.351
***

 0.358
***

 

      (0.000) (0.000) (0.000) (0.000) 

AUM      0.087
***

 0.085
***

 0.051
**

 0.052
**

 

      (0.001) (0.001) (0.047) (0.042) 

LockUp      0.271
***

 0.234
**

 0.204
**

 0.201
**

 

      (0.006) (0.017) (0.043) (0.045) 

HurdleRate      0.156 0.145 0.057 0.052 

      (0.182) (0.217) (0.627) (0.656) 

DomicileOnshore      0.290
***

 0.321
***

 0.243
***

 0.253
***

 

      (0.002) (0.001) (0.010) (0.007) 

          

Category FE    No No No No Yes Yes 

R-squared    0.011 0.007 0.076 0.076 0.133 0.133 

Adj. R-squared    0.010 0.006 0.073 0.073 0.124 0.125 

N    1,811 1,811 1,811 1,811 1,811 1,811 
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Table 2.7: Multivariate Analysis of Disclosure Similarity on Alternate Misreporting 
This table presents regressions of similarity on the QScore, which is calculated using the average method. For a given 

fund and flag, if a fund is identified as suspicious more than fifty percent of the time, the flag is given a value of one, 

otherwise it is given a value of zero. For additional variable definitions, see Table 2.1. The p-values (in parentheses) are 

clustered by fund and year. Significance levels at the 10%, 5%, and 1% are indicated by *, **, and ***, respectively. 

Variable    (1) (2) (3) (4) (5) (6) 

Constant    2.212
***

 2.225
***

 2.170
***

 2.148
***

 2.533
***

 2.521
***

 

    (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 

SIMALL    -7.866
***

  -7.968
***

  -5.154
***

  

    (0.000)  (0.000)  (0.001)  

SIMCAT     -6.593
***

  -6.455
***

  -4.424
***

 

     (0.000)  (0.000)  (0.000) 

Age      -0.094
***

 -0.079
***

 -0.071
**

 -0.065
**

 

      (0.001) (0.007) (0.014) (0.024) 

AUM      0.014 0.012 -0.006 -0.005 

      (0.422) (0.495) (0.737) (0.788) 

LockUp      0.120
*  

 0.089 0.076 0.074 

      (0.081) (0.195) (0.274) (0.285) 

HurdleRate      -0.032 -0.042 -0.067 -0.072 

      (0.694) (0.605) (0.403) (0.375) 

DomicileOnshore      0.159
**

 0.185
***

 0.116
*
 0.125

*
 

      (0.014) (0.004) (0.072) (0.053) 

          

Category FE    No No No No Yes Yes 

R-squared    0.001 0.016 0.025 0.026 0.100 0.101 

Adj. R-squared    0.001 0.016 0.021 0.022 0.091 0.092 

N    1,811 1,811 1,811 1,811 1,811 1,811 
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Table 2.8: Isolated Effects of Disclosure Similarity on Individual Misreporting 
This table presents the isolated effects of textual similarity on the individual misreporting variables using logit regressions. Panel A presents #Zero, %Repeats, and Uniform. Panel 

B presents String, #Pairs, and %Neg. Panel C presents AR1, Indexrsq, and Kink. Controls includes Age, AUM, LockUp, HurdleRate, and DomicileOnshore. For additional variable 

definitions, see Table 2.1. The p-values (in parentheses) are clustered by fund and year. Significance levels at the 10%, 5%, and 1% are indicated by *, **, and ***, respectively. 

Panel A. #Zero, %Repeats, and Uniform 

 _   #Zero  _ .   %Repeats  _    Uniform   

Variable  (1) (2) (3) (4) (5) (6)  (1) (2) (3) (4) (5) (6)  (1) (2) (3) (4) (5) (6) 

Constant  1.82*** 2.39*** 1.82*** 1.70*** 1.89*** 1.75***  -0.72*** -0.54*** -1.31*** -1.15*** -1.40*** -1.21***  -1.17*** -0.85*** -2.25*** -1.95*** -2.39*** -2.04*** 

  (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)  (0.000) (0.003) (0.000) (0.000) (0.000) (0.000)  (0.001) (0.008) (0.000) (0.000) (0.000) (0.000) 

SIMALL  -3.51  -1.80  -2.11   -1.33  -0.33  -0.50   -2.35  -0.45  -0.80  

  (0.181)  (0.571)  (0.513)   (0.380)  (0.835)  (0.751)   (0.378)  (0.872)  (0.776)  

SIMCAT   -6.69***  -0.76  -0.86   -2.33*  -1.39  -1.69   -4.14*  -2.48  -3.06 

   (0.001)  (0.763)  (0.739)   (0.053)  (0.269)  (0.189)   (0.053)  (0.270)  (0.181) 

Age    -0.20*** -0.20*** -0.20*** -0.20***    0.02*** 0.02*** 0.02*** 0.02***    0.040*** 0.040*** 0.037*** 0.038*** 

    (0.000) (0.000) (0.000) (0.000)    (0.001) (0.001) (0.004) (0.004)    (0.001) (0.001) (0.003) (0.003) 

AUM    -0.26*** -0.26*** -0.28*** -0.28***    -0.03 -0.02 -0.01 -0.01    -0.049 -0.043 -0.025 -0.018 

    (0.000) (0.000) (0.000) (0.000)    (0.186) (0.253) (0.562) (0.673)    (0.180) (0.244) (0.542) (0.650) 

LockUp    -0.03 -0.03 -0.03 -0.03    -0.07 -0.08 -0.07 -0.08    (0.374) (0.288) (0.374) (0.288) 

    (0.857) (0.842) (0.857) (0.842)    (0.356) (0.277) (0.356) (0.277)    0.203* 0.206* 0.203* 0.206* 

HurdleRate    -0.05 -0.05 -0.05 -0.05    0.12* 0.12* 0.12* 0.12*    (0.092) (0.087) (0.092) (0.087) 

    (0.737) (0.742) (0.737) (0.742)    (0.082) (0.080) (0.082) (0.080)    (0.374) (0.288) (0.374) (0.288) 

DomicileOnshore    0.20 0.21 0.20 0.21    0.12 0.12 0.12 0.12    0.206 0.207* 0.206 0.207* 

    (0.176) (0.165) (0.176) (0.165)    (0.103) (0.101) (0.103) (0.101)    (0.101) (0.099) (0.101) (0.099) 

Category FE  No No No No Yes Yes  No No No No Yes Yes  No No No No Yes Yes 

BIC  2284.66 2276.09 1599.87 1600.10 1606.12 1606.43  2194.55 2191.58 2141.65 2140.47 2137.12 2135.49  2194.55 2191.56 2139.85 2138.65 2135.53 2133.82 

Log-likelihood  -934.60 -930.31 -776.77 -776.89 -764.51 -764.67  -989.55 -988.06 -947.66 -947.07 -930.02 -929.20  -989.55 -988.05 -946.76 -946.16 -929.22 -928.36 

N  1,811 1,811 1,811 1,811 1,811 1,811  1,811 1,811 1,811 1,811 1,811 1,811  1,811 1,811 1,811 1,811 1,811 1,811 
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Table 2.8 (continued) 
Panel B. String, #Pairs, and %Neg 

 _   String   _   #Pairs   _   %Neg   

Variable  (1) (2) (3) (4) (5) (6)  (1) (2) (3) (4) (5) (6)  (1) (2) (3) (4) (5) (6) 

Constant  -0.81*** -1.25*** -3.40*** -3.85*** -3.28*** -3.79***  -3.53*** -3.73*** -6.60*** -6.60*** -6.93*** -6.84***  -2.04*** -2.37*** -2.42*** -2.68*** -2.29*** -2.61*** 

  (0.001) (0.000) (0.000) (0.000) (0.000) (0.000)  (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)  (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 

SIMALL  -13.69*  -12.06  -13.05   -7.31  0.47  5.09   19.82**  11.71  11.26  

  (0.077)  (0.157)  (0.130)   (0.735)  (0.984)  (0.826)   (0.014)  (0.165)  (0.187)  

SIMCAT   0.46  2.29  2.43   -0.38  0.40  1.29   20.01***  15.36***  14.69*** 

   (0.866)  (0.448)  (0.436)   (0.961)  (0.961)  (0.879)   (0.000)  (0.000)  (0.000) 

Age    0.07*** 0.07*** 0.07*** 0.07***    0.10*** 0.10*** 0.10*** 0.10***    0.06*** 0.05*** 0.05*** 0.05*** 

    (0.000) (0.000) (0.000) (0.000)    (0.000) (0.000) (0.000) (0.000)    (0.000) (0.000) (0.000) (0.000) 

AUM    0.11*** 0.10*** 0.10** 0.09**    0.09 0.09 0.13 0.13    0.18*** 0.15*** 0.20*** 0.17*** 

    (0.004) (0.007) (0.014) (0.023)    (0.362) (0.363) (0.237) (0.235)    (0.000) (0.000) (0.000) (0.000) 

LockUp    -0.02 0.02 -0.02 0.02    0.11 0.12 0.11 0.12    -0.18 -0.06 -0.18 -0.06 

    (0.905) (0.900) (0.905) (0.900)    (0.781) (0.773) (0.781) (0.773)    (0.158) (0.664) (0.158) (0.664) 

HurdleRate    -0.09 -0.08 -0.09 -0.08    0.19 0.19 0.19 0.19    -0.10 -0.10 -0.11 -0.10 

    (0.481) (0.521) (0.481) (0.521)    (0.573) (0.573) (0.573) (0.573)    (0.366) (0.439) (0.366) (0.439) 

DomicileOnshore    -0.03 -0.04 -0.03 -0.04    -0.13 -0.13 -0.13 -0.13    0.12 0.08 0.12 0.08 

    (0.843) (0.766) (0.843) (0.766)    (0.699) (0.701) (0.699) (0.701)    (0.354) (0.520) (0.354) (0.520) 

Category FE  No No No No Yes Yes  No No No No Yes Yes  No No No No Yes Yes 

BIC  2434.32 2437.43 2161.74 2163.18 2164.98 2166.68  510.50 510.61 481.78 481.77 503.53 503.55  2238.47 2190.64 2140.43 2113.49 2139.84 2116.87 

Log-likelihood  -1209.43 -1210.99 -1057.71 -1058.43 -1043.95 -1044.80  -247.52 -247.58 -217.72 -217.72 -213.22 -213.23  -1111.51 -1087.59 -1047.05 -1033.58 -1031.37 -1019.89 

N  1,811 1,811 1,811 1,811 1,811 1,811  1,811 1,811 1,811 1,811 1,811 1,811  1,811 1,811 1,811 1,811 1,811 1,811 
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Table 2.8 (continued 2) 
Panel C. AR1, Indexrsq, and Kink 

 _ AR1 _ Indexrsq _ Kink 

Variable  (1) (2) (3) (4) (5) (6)  (1) (2) (3) (4) (5) (6)  (1) (2) (3) (4) (5) (6) 

Constant  -1.32*** -1.32*** -3.00*** -2.72*** -2.66*** -2.33***  0.27 0.32 2.79*** 2.69*** 2.25*** 2.20***  -0.34 -0.27 -0.10 -0.04 -0.11 -0.08 

  (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)  (0.402) (0.307) (0.000) (0.000) (0.000) (0.000)  (0.218) (0.301) (0.748) (0.895) (0.750) (0.808) 

SIMALL  5.41**  3.38  3.23   -13.45***  -14.10***  -13.73***   2.56  2.56  2.36  

  (0.015)  (0.147)  (0.171)   (0.000)  (0.000)  (0.000)   (0.234)  (0.239)  (0.284)  

SIMCAT   4.56***  0.97  0.53   -11.68***  -11.56***  -11.41***   1.68  1.79  1.80 

   (0.009)  (0.602)  (0.781)   (0.000)  (0.000)  (0.000)   (0.324)  (0.304)  (0.310) 

Age    0.06*** 0.05*** 0.06*** 0.06***    -0.10*** -0.09*** -0.10*** -0.10***    -0.00 -0.00 0.00 0.00 

    (0.000) (0.000) (0.000) (0.000)    (0.000) (0.000) (0.000) (0.000)    (0.946) (0.916) (0.910) (0.934) 

AUM    0.31*** 0.31*** 0.29*** 0.30***    -0.17*** -0.16*** -0.13*** -0.12***    -0.03 -0.03 -0.04 -0.04 

    (0.000) (0.000) (0.000) (0.000)    (0.000) (0.000) (0.001) (0.005)    (0.315) (0.298) (0.214) (0.197) 

LockUp    -0.15 -0.15 -0.15 -0.15    0.26* 0.19 0.26* 0.19    0.03 0.04 0.03 0.04 

    (0.269) (0.267) (0.269) (0.267)    (0.060) (0.177) (0.060) (0.177)    (0.783) (0.698) (0.783) (0.698) 

HurdleRate    -0.11 -0.11 -0.11 -0.11    0.26** 0.26** 0.26** 0.26**    0.05 0.06 0.05 0.06 

    (0.324) (0.324) (0.324) (0.324)    (0.030) (0.030) (0.030) (0.030)    (0.560) (0.553) (0.560) (0.553) 

DomicileOnshore    -0.12 -0.13 -0.12 -0.13    0.08 0.12 0.26* 0.19    -0.03 -0.04 -0.03 -0.04 

    (0.267) (0.232) (0.267) (0.232)    (0.536) (0.363) (0.536) (0.363)    (0.774) (0.728) (0.774) (0.728) 

Category FE  No No No No Yes Yes  No No No No Yes Yes  No No No No Yes Yes 

BIC  2928.84 2928.05 2770.10 2771.94 2766.89 2768.69  2251.96 2253.20 2062.86 2063.80 2051.10 2051.75  3012.36 3012.86 3023.66 3023.99 3019.33 3019.45 

Log-likelihood  -956.70 -956.30 -961.90 -962.81 -944.91 -945.81  -1118.25 -1118.87 -1008.27 -1008.73 -987.01 -987.33  -998.50 -998.72 -988.80 -988.96 -971.34 -971.40 

N  1,811 1,811 1,811 1,811 1,811 1,811  1,811 1,811 1,811 1,811 1,811 1,811  1,811 1,811 1,811 1,811 1,811 1,811 
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CHAPTER 3   

3 IT IS ALL IN HOW YOU SAY IT: TEXTUAL MEASURES OF HEDGE FUND 

RISKINESS 

 

3.1 Introduction 

Although comparable in some regards, hedge funds are subject to far less regulatory 

oversight than their mutual fund counterparts.25 An initial distinction is fund registration, where 

certain hedge funds (dependent on AUM) are not subject to the Investment Company Act of 1940. 

This exemption results in qualifying hedge funds not having to register with the SEC as well as 

less restrictions on certain investment activities.26 A second instance equates to differences in fund 

transparency. Hedge funds are not required to file periodic reports under the Securities Exchange 

Act of 1934.27 Thus, fund managers have significant discretion over what (if any) information they 

disclose including investment strategy, risk parameters, and portfolio holdings.28 Moreover, state 

and federal regulators do not review or approve any materials given to hedge fund investors.29 

The ability of hedge funds to operate unregistered, implement riskier strategies, and 

voluntary disclose leads to interesting questions regarding the incentives for filing, the information 

                                                 
25 Equivalent attributes of hedge funds and mutual funds include fraud prohibitions and the fiduciary duty of 

management. 
26 Mutual funds must register with the SEC and comply with the Investment Company Act of 1940. 
27 Each quarter, hedge funds are required to file 13F filings, which disclose long positions in domestic equity markets, 

American Depositary Receipts (ADRs), convertible notes, and both call and put options. Hedge funds do not disclose 

cash positions, short sales, or any other asset class. 
28 Mutual funds must adhere to the reporting requirements of the mutual fund industry, including issuing a shareholder 

prospectus, annual and semiannual reports, quarterly disclosure of holdings, and certain periodic and standardized 

pricing and valuation information. 
29 Outside of registration and transparency, hedge funds may differ from mutual funds in the types of investors sought, 

levels of investor protection, fees charged, redemption length, pricing methods, and use of speculative investment 

practices such as leverage and short-selling. 
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revealed, and the corresponding responses by investors. Previous research has identified 

motivations for disclosure avoidance and availability. The primary incentive to non-report is that 

management wants proprietary information to remain confidential (Agarwal et al., 2013; Aragon 

et al., 2013; Patton et al., 2015). For the hedge funds that do report, the key benefit is increased 

exposure to potential clientele (Agarwal et al., 2013). As filing reveals pertinent information about 

the fund, only a subset of the hedge fund universe utilizes disclosure as a form of marketing. 

Specifically, previous studies have shown that better performing hedge funds are more likely to 

voluntarily disclose (Agarwal et al., 2013; Aiken et al., 2013; Aragon and Nanda, 2015). 

Since this selectivity likely reduces the variation in performance, investors must leverage 

other fund characteristics when making their investment decisions.30 While not considerably 

researched in the hedge fund literature, the ability of firm disclosure to influence investor judgment 

has been previously examined in other areas such as IPO prospectuses and firm 10-Ks (Arnold et 

al., 2010; Lawrence, 2013). As such, I conjecture that hedge funds will benefit by designing 

disclosure in such a way that it appeals to prospective customers. 

In this study, I focus on the composition and investor response to one form of hedge fund 

disclosure: strategy descriptions.31 Specifically, I examine the relationship between the textual 

configuration (sentence structure and word composition) of hedge fund strategies and 

                                                 
30 Early theoretical work shows that investors look to past performance as a signal of quality (Ippolito, 1992). Further, 

the literature provides evidence that investors chase past performance, despite hedge funds being unwilling to divulge 

information about past legal and regulatory issues (Brown et al., 2012). 
31 A typical hedge fund investment strategy includes the fund objective as well as the tactics used by the fund to meet 

that objective. Due to less disclosure requirements, as compared to their mutual fund peers, hedge fund strategies vary 

largely in regards to details and length. 
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corresponding investment flows. This project leverages three techniques from the linguistic 

literature: textual similarity, textual readability, and textual sentiment. Textual similarity measures 

how comparable two passages are in regards to word choice. I calculate the pairwise measures 

using location spaces from vector representations of the words in each passage and determining 

the distances (basic cosine similarity) between observations. For each fund, I find two overall 

similarity measures by computing the average pairwise measures relative to all fund and funds 

with the same investment category (arbitrage, relative value, event-driven, etc.). Textual 

readability measures the ease with which one can read and understand text. The five grade-level 

statistics, interpreted as the number of years of U.S. education needed to comprehend a given 

passage of text, include the Automated Readability Index (ARI), Coleman-Liau Index (CL), 

Flesch-Kincaid Grade Level (FK), Fog Index (FOG), and Simple Measure of Gobbledygook 

(SMOG). To help smooth any inconsistencies, I also compute an additional readability statistic for 

each fund by taking the average of the five grade-level measurements. Textual sentiment measures 

the attitude or emotional effect of the text. I compute four sentiment measures that capture the 

percent of the total words in a passage that are positive, negative, litigious, and uncertain. 

The relationship between hedge fund strategy descriptions and investment flows is 

fourfold. First, strategies with high (low) measures of average pairwise similarity have a higher 

(lower) number of common words and expressions. As similarity increases (i.e., the text becomes 

more “similar”), investors become more familiar with the words composing the strategies. If 

investors favor the comfort of common wording that high-similarity funds provide, these funds 

would experience higher flows, which provides a potential rationale for the trend following and 
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herding behaviors that has been previously documented in hedge funds (Boyson, 2010; Fung and 

Hsieh, 2001). On the other hand, if investors are enticed by more unique strategy descriptions, 

high-similarity funds observe smaller inflows. Second, strategies with low (high) readability 

measures are easier (harder) to comprehend. As readability increases (i.e., the text becomes less 

“readable”), it becomes more difficult for investors to understand the strategy. If investors 

determine that high-readability funds are purposely trying to obfuscate their strategy, these funds 

will see a reduction in their subsequent flows through deterred investment. Conversely, if investors 

decide that high readability is a signal of the abilities of fund management, the fund will appear 

more attractive and flows will increase. 

Third, strategies with high (low) positive percentages will have more (less) favorable 

wording. As positive sentiment increases, the text becomes more “optimistic.” If investors prefer 

optimism, these funds will see a rise in their subsequent flows through increased investment. On 

the contrary, if investors are deterred by strategies that are overly optimistic, these funds will see 

a reduction in their flows through decreased investment. Fourth, strategies with high (low) 

negative, uncertain, and litigious percentages will be more (less) pessimistic, vague, and debatable, 

respectively. As these sentiment measures increase, the text becomes more “ambiguous.” If 

investors prefer ambiguity, these funds will see a rise in their flows through larger investment. In 

contrast, if investors are deterred by strategies that are more ambiguous, these funds will have 

reduced investment. 

Using univariate, pooled OLS, and fixed effects analysis, I find evidence that similarity, 

readability, and sentiment are drivers of hedge fund flows. In the univariate setting, I present 
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difference-in-means estimates of percentage flows, conditional on the different measures of textual 

similarity and readability. For each textual measure, I sort the sample into quartiles, calculate mean 

flow, and compute two-sided t-tests on the smallest and largest quartiles. The difference in the 

largest and smallest quartile is positive and statistically significant for the overall and category 

similarity measure. This indicates that investors prefer hedge funds with strategy descriptions 

worded comparably to peers in their same investment classification. In addition, for the CL 

readability measures, the difference in the largest and smallest quartile is positive and statistically 

significant. This shows that investors target strategies that are more difficult to read, which 

supports the assertion high-readability strategy descriptions could signal management ability. 

Further, I find a negative and significant relationship for the litigious and uncertainty sentiment 

measures. Thus, investors prefer strategies that include less litigious and uncertain words. 

In the multivariate context, common controls of fund flows are added and analyzed using 

pooled OLS and fixed effects. For similarity, I find that the results in the multivariate framework, 

for both pooled OLS and fixed effects, supplement their univariate counterparts. An overall 

similarity increase produces a rise in fund flows, which reinforces the notion that funds lure 

investors through strategy descriptions composed of words frequently used by other funds. For 

readability, pooled OLS analysis shows that as CL increases, yearly fund flows increase. After 

adding year fixed effects, CL remains positive and statistically significant. These results are 

analogous to the univariate outcomes and offers additional support for the assertion that investors 

chase funds with strategies that require high reading comprehension levels. I find comparable 

support for the sentiment measures in the multivariate framework. Specifically, pooled OLS 
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analysis shows that as the litigious and uncertainty sentiment measures increase, yearly fund flows 

decrease. On the other hand, once fixed effects are added, the litigious measure becomes 

insignificant. Overall, this essay finds strong support for the assertion that investors use disclosure 

as a means to make hedge fund investment decisions. The findings presented are robust to 

alternative variable definitions and model specifications. 

I expand on previous hedge fund text studies in multiple ways. First, I analyze the text of 

the strategies whereas prior studies have focused solely on reported performance. In addition, this 

is the only study to utilize textual similarity, readability, or sentiment in the hedge fund space. 

Further, this research adds to previous literature on the relationship between hedge fund flows and 

fund characteristics including performance (Aragon et al., 2014) and managerial incentives 

(Agarwal et al., 2009; Lim et al., 2015). 

This research can prove valuable to both regulators and hedge funds. First, the results add 

to the ongoing debate around voluntary hedge fund disclosure. Since investors are leveraging this 

information, it is essential for funds to be as forthcoming and truthful in their strategy explanations. 

Second, the findings show that hedge funds should pay careful attention when drafting investment 

strategies. By altering the similarity, readability, and sentiment of the strategy descriptions, funds 

could influence investors and, subsequently, fund flows. 

The next section provides an overview of literature and defines the hypotheses. Section 3.3 

introduces the data and methodology. Section 3.4 discusses the empirical findings across the 

univariate, pooled OLS, and fixed effects models as well as outlines the robustness checks. Section 

3.5 summarizes and provides potential, expansionary analysis. 
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3.2 Background and Hypotheses 

This section provides an overview of the current literature. It begins with a discussion on 

hedge fund flows. The second and third sub-sections formally introduce the three text measures 

(textual similarity, readability, and sentiment) as well as their corresponding hypotheses. 

3.2.1 Fund Flows 

To date, the majority of the literature pertaining to fund flows has centered on mutual funds. 

Early work focused on the relationship between mutual fund flows and prior performance 

(Ippolito, 1992; Sirri and Tufano, 1998). Other research has shown of advertising (Jain and Wu, 

2000), name changes (Cooper et al., 2005), and media coverage (Solomon et al., 2014) on mutual 

fund flows. 

In the case of hedge funds, Getmansky et al. (2011) provide rationale on the shortage of 

research covering the behavior of flows. Specifically, the authors note the difficulty in obtaining 

data that is complete and free of reporting biases.32 Moreover, researchers could be hesitant to 

examine flows since hedge funds have distinctive and complex features that influence investment 

including restrictions, high minimum requirements, lock-up periods, asset illiquidity, capacity 

constraints, forced redemptions, and subscription/redemption delays.33 

More recently, researchers have begun to examine the association between fund flows and 

traits in the context of hedge funds. An area of focus has been the dynamics between hedge fund 

                                                 
32 Reporting-related biases in hedge fund databases have also been examined by Agarwal et al. (2013) and Aiken et 

al. (2013), among others. 
33 See Ozik and Sadka (Forthcoming) for more information on the effects of share restrictions on hedge fund flows. 
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flow and performance. Goetzmann et al. (2003) find evidence of a concave flow-performance 

relationship, while Baquero and Verbeek (2014) find that the flow-performance relationship 

differs across time relative to market conditions. Lim et al. (2015) provide evidence that the 

sensitivity of hedge fund flows to performance decreases as funds age. Aragon et al. (2014) find 

differences in the flow-performance sensitivity for U.S.-domiciled (“onshore”) and non-U.S.-

domiciled (“offshore”) hedge funds. 

Other studies examine the interaction between hedge fund flow and additional attributes 

including managerial characteristics and disclosure continuity. Agarwal et al. (2009) study 

managerial incentives and find that funds with high prior flows have poorer returns in the 

subsequent year. Agarwal et al. (2013) find that as funds cease self-reporting, investors withdraw 

capital (i.e., larger outflows). The relationships between fund flows and the attributes presented in 

the before-mentioned studies give credence to the possibility that additional fund characteristics 

could influence fund investment. 

 

3.2.2 Textual Similarity 

The first textual measure is textual similarity, which compares the word choice between 

two items of text. While this is only study to utilize textual similarity in the hedge fund space, a 

closely related study analyzes the similarity of 10-K MD&A (Management’s Discussion and 

Analysis) disclosure (Hoberg and Lewis, 2015). In addition, similarity has been used to analyze 

other financial text including 10-K product descriptions (Hoberg and Phillips, 2010) and IPO 

prospectuses (Hanley and Hoberg, 2010, 2012). 
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I next address a couple points on the use of cosine similarity. Hoberg and Lewis (2015) 

provide rationale for the use of cosine similarity over other computational linguistics techniques. 

Specifically, the authors recommend this approach because of popularity, ease of interpretation, 

and the resistance to influence by document length. Second, the vast number of possible words in 

the English language could downwardly skew the pairwise similarity results. To overcome the 

false dissimilarities, I implement two common cleaning techniques from the linguistics literature: 

stemming and the remove of stop words.34 Last, common wording in strategy descriptions could 

upwardly skew the similarity measure. To mitigate the possibility of false similarities, I remove 

words that appear in more than 5% of all investment strategies in a given year.35 Section 3.3 

describes additional details of the steps taken to clean the text data. 

The calculation of basic cosine similarity measure between two fund strategies is a multi-

step process. The first step involves creating a vector composed of unique words in a fund’s 

strategy description for a given year. Second, I combine all the fund-level vectors by year to form 

yearly fund-level dictionaries that are composed of all unique words across every fund strategy. 

This results in a main dictionary that contains W words, where W is the number of words in the 

trimmed, global dictionary for a given year. Then, for each fund i (Pi) and year, I create a fund-

level dictionary, where each of the W words takes a value of one if the word is used in the 

investment strategy and zero otherwise. The degree of similarity amongst the strategies of funds i 

and j is equivalent to the distance between funds in this strategy location space (i.e., the dot product 

                                                 
34 Stemming reduces words to their base form. Stop words are common (e.g., “the”, “is”, “at”, “which”, and “on”) 

words in the English language. 
35 I find analogous results using alternative cutoffs of 1% and 10%. 
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of the two fund-level dictionaries). To calculate a single similarity measure for each fund, I average 

the similarity measures of fund i relative to the entire universe of funds and funds with the same 

investment strategy type. Appendix 3.A provides additional details on the steps used to compute 

the similarity measure. 

I classify funds with high (low) measures of average pairwise similarity as “similar” 

(“dissimilar”). That is, strategies with high (low) average pairwise similarity have a higher (lower) 

number of common words, relative to other funds. As similarity increases, investors are more 

familiar with the words composing the text. Strictly speaking, a high (low) measure of average 

pairwise similarity results in investors being more (less) accustomed to the words in that strategy 

description. 

Previous studies have examined the motivations of hedge fund management for trend 

following behaviors. Boyson (2010) finds that when managers implement unique strategies, the 

likelihood of termination increases for those with more experience. In regards to disclosure 

directly, Hoberg and Lewis (2015) examine the motivations of firm management to provide 

documents that are highly similar to industry peers. With the assumption that comparably worded 

disclosure will lessen the likelihood that investors consider two funds alike, the authors find that 

disclosure herding is more prominent in firms with the potential to commit fraud. 

I provide two opposing hypotheses to describe the effects of hedge fund strategy similarity 

on investor decision-making. The first similarity hypothesis predicts that investors react positively 

to common word choice. Social psychology research finds individuals think more positively about 

things in which they are familiar. The psychology literature documents the mere-exposure effect 



 

62 

in objects including words, symbols, and figures (Zajonc, 1968, 2001). While the finance literature 

provides evidence of exposure affecting portfolio choice, the influences of word choice has 

remained empirically unexamined.36 I propose that investors will favor common wording and react 

by increasing demand, resulting in increased flows for high-similarity funds and decreased flows 

for low-similarity funds. The hypothesis formally stated follows: 

 

Hypothesis 1a (H1a)—Strategy Familiarity: Funds with higher (lower) average pairwise 

similarity measures across strategies will have larger (smaller) fund flows. 

 

The opposing view is that investors are enticed by more unique strategy descriptions, 

producing increased capital for high-similarity funds and decreased capital for low-similarity 

funds. Due to intense competition in the hedge fund industry, it is imperative that hedge fund 

managers develop unique ideas. Moreover, this process of implementing new and effective 

investment strategies requires capital and skills; therefore, talented managers have a higher 

likelihood of creating and pursing distinct trading strategies (Sun et al., 2012). Thus, investors 

could establish a correlation between distinct wording, managerial ability, and strategy 

independence. I state this alternative hypothesis below: 

 

Hypothesis 1b (H1b)—Strategy Uniqueness: Funds with lower (higher) average pairwise 

similarity measures across strategies will have larger (smaller) fund flows. 

 

                                                 
36 Keloharju et al. (2012) find evidence of investors preferring firms with which they have a prior-relationships. A 

related area of familiarity research focuses on the “Local Bias” of investors, or the tendency of investors to concentrate 

their holdings in firms of close geographic proximity (Huberman, 2001). 
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3.2.3 Textual Readability 

Loughran and McDonald (2014) refer to readability as “the effective communication of 

valuation-relevant information.” Readability measurements have been previously taken for 

documents such as annual reports (Li, 2008; Lehavy et al., 2011; Lawrence, 2013; Loughran and 

McDonald, 2014) and Wall Street Journal columns (Dougal et al., 2012). This research is the first 

attempt to gauge the readability of hedge fund disclosure. 

Loughran and McDonald (2014) present evidence that traditional readability measures are 

poor evaluators of financial text. They note that business documentation contains large proportions 

of complex (i.e., polysyllabic) words. While not affecting the intended audience, the ponderous 

words do influence the readability. Instead of grade-level measures (e.g., Fog Index), the authors 

recommend the use of file size as an alternative proxy of text readability. I provide two reasons for 

the viability of using grade-level measures to gauge the readability of hedge fund strategies. First, 

compared with traditional filings, the voluntarily disclosure by hedge funds could be aimed at 

different intended audience. Loughran and McDonald (2014) study 10-Ks, which must be 

submitted to the SEC and requires certain information to be included. Thus, their projected reader 

is just as likely to be a regulator or analyst, as it is to be an investor. Since fund marketing is a 

motivation for hedge fund filing, funds likely cater their text to investors, albeit sophisticated ones. 

This reduces the use of complex words that could skew the readability measures.37 Second, the 

previously mentioned cleaning techniques (stemming, stop word removal, high frequency word 

removal) could reduce the likelihood of complex words remaining in the text. Lastly, I find high 

                                                 
37 I obtain similar results without implementing the cleaning process. 
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correlation amongst the majority of the readability measures.38 To reduce the effects of 

multicollinearity, portions of the analysis will focus on a subset of the readability measures. 

Common readability measures rely on certain word and sentence syntax ratios including 

syllables per word, characters per word, and words per sentence. These ratios are core components 

of numerous grade-level readability measures including the five used in this study: the Flesch-

Kincaid Grade Level Tests (i.e., “Flesch Grade Level,” “Flesch-Kincaid formula,” or the “Kincaid 

Index”), Fog Index (i.e., “Gunning Fog,” “Gunning Readability formula,” or the “Gunning Fog 

Index”), Coleman-Liau Index, ARI (Automated Readability Index), and SMOG (Simple Measure 

of Gobbledygook). In order to mitigate any particular measure being an outlier, I take the average 

of all five readability measures for each fund. Additionally, I include a count of the words in each 

strategy. Table 3.1 presents the formulas for the five grade-level measures. 

I deem funds “readable” when their readability measures are lower, relative to other 

funds.39 In other words, strategies with low (high) grade-level readability are easier (harder) to 

comprehend. As readability increases, it becomes more difficult for investors to understand the 

strategy. Thus, a low (high) measure of strategy readability results in an investor being more (less) 

familiar with the words within that strategy. Further, following Lawrence (2013), I consider funds 

with less readable strategy descriptions to be less transparent and have financial disclosure of lower 

quality. 

                                                 
38 Table 3.2 presents the correlation amongst the textual measures. 
39 Appendix 3.B provides samples of easy- and difficult-to-read text. 
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The literature provides motivations for firms to alter disclosure readability. The primary 

explanation is that firms are trying to disguise investment strategies and performance. Li (2008) 

finds that worse performing firms have harder to read annual reports. Bloomfield (2008) provides 

an alternative explanation to the obfuscation, attribution, and misdirection motivations; simply, 

some firm actions merely necessitate lengthier and more thorough descriptions. Further 

explanations include firms actively trying to manage analyst following. Lehavy et al. (2011) find 

that firms with less readable 10-Ks have a greater number of analysts following the stock and 

larger analyst dispersion. 

I have two competing hypotheses to explain investor reaction to hedge fund strategy 

readability. The initial readability hypothesis draws from investor preferences for clear and concise 

disclosure. Arnold et al. (2010) find that investors modify their portfolio choice when presented 

vague information. Further, Lawrence (2013) presents evidence that individuals increase their 

shareholdings of firms with clear and concise disclosure. Thus, hedge funds with more readable 

strategy descriptions will see more flows from investors. Formally, the hypothesis is as follows: 

 

Hypothesis 2a (H2a)—Strategy Transparency: Funds with lower (higher) strategy 

readability measures will have larger (smaller) fund flows. 

 

The alternative readability hypothesis assumes that investors will have an opposite reaction 

to noisy filings. Lawrence (2013) hypothesize that the relationship between concise disclosure and 

firm investment will weaken as investor financial literacy increases. That is, financially literate 

individuals could be attracted to firms with opaque disclosure. A potential explanation for this 
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phenomenon is that sophisticated investors are more likely to understand hard-to-read text. Due to 

their clientele, there is high likelihood that hedge fund with less readable strategy descriptions see 

more capital flows. This relation leads to the ensuing hypothesis: 

 

Hypothesis 2b (H2b)—Strategy Ambiguity: Funds with higher (lower) strategy 

readability measures will have larger (smaller) fund flows. 
 

3.2.4 Textual Sentiment 

Tonal analysis is used to gauge the attitude or emotional effect of any one document. 

Although not previously studied in hedge funds, prior studies examine the tone of firm disclosure 

including 8-Ks (Rogers et al., 2011) and 10-Ks (Feldman et al., 2010; Loughran and McDonald, 

2011). In addition, other financial tone studies focus on message board posts (Antweiler and Frank, 

2004), financial news (Tetlock, 2007; Tetlock et al., 2008; García, 2013), analyst disclosure 

(Kothari et al., 2009), and internet searches (Da et al., 2015). 

The process of measuring a document’s tone usually relies on a specific “dictionary,” or a 

collection of words, that attempts to identify a particular attribute of a document. This dictionary 

methodology is often referred to as the “bag of words” approach, since it only focuses on the words 

themselves and not their usage. To compute a particular sentiment measure for a given body of 

text, the frequency of words in a particular “dictionary” is scaled by the total number of words in 

the document. 

In this paper, I compute four sentiment measures that capture the percent of the total words 

in a passage that are in the Loughran and McDonald (2011) positive, negative, litigious, and 

uncertain word lists. In the case of positive sentiment, funds strategies with higher (lower) 
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measures of positive sentiment would have a more (less) optimistic tone relative to the strategies 

of other funds. If optimism is a desired trait of investors, the following hypothesis will hold: 

 

Hypothesis 3a (H3a)—Strategy Optimism: Funds with higher (lower) positive 

percentages will have larger (smaller) fund flows. 

 

The alternative sentiment hypothesis assumes that investors will have an opposite reaction 

to documents with negative, litigious, and uncertain tone. Thus, funds strategies with higher 

(lower) measures of that particular sentiment attribute would have be less (more) attractive to 

investors relative to the strategies of other funds. 

 

Hypothesis 3b (H3b)—Strategy Apprehension: Funds with lower (higher) litigious, 

negative and uncertainty percentages will have larger (smaller) fund flows. 

 

3.3 Data 

This section details the data used in the study. I first discuss the three main types of data 

used in this study: hedge funds, overall market returns, and risk factors. Second, I summarize the 

steps to construct the final sample. Last, I report summary statistics for the sample variables. 

 

3.3.1 Collection Procedure 

The hedge fund data, including financials and strategy descriptions, comes from 

EurekaHedge.40 The use of EurekaHedge as the sole source of hedge fund information comes with 

                                                 
40 Due to the relaxed registration requirements and voluntary disclosure, hedge funds filings are not present in sources 

such as the SEC Edgar Database, where previous text studies have utilized Perl web-crawling script and third-party 

vendors to electronically collect fund information. 
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a small number of considerations. First, it is imperative that EurekaHedge provides fund strategies 

reported directly by the funds themselves and unaltered in any form. In order to test the authenticity 

of the strategies, I randomly select filings and compare the information from EurekaHedge with 

results from fund websites. I find that the strategies are consistent across the two sources with very 

few complications. Second, there is the potential for selection bias in that there is no guarantee of 

which hedge funds report to EurekaHedge.41 This is problematic to the extent that only certain 

types of the strategies could be included in the sample. To minimize the impact of this issue, I 

ensure that multiple strategy categories (Bottom-Up, Dual Approach, Top-Down, Diversified 

Debt, Event Driven, Value, Long Short Equities, Arbitrage, Fixed Income, CTA/Managed Futures, 

Relative Value, Macro, Distressed Debt, Multi-Strategy, Other) are included. 

I supplement the hedge fund data with information from the two other sources. The proxy 

for overall market return is the value-weighted index provided by CRSP, which I use to calculate 

market-adjusted return for each fund. The risk factors come from several factor models including 

the Fama-French three-factor (Fama and French, 1993), Carhart four-factor (Carhart, 1997), 

Pastor-Stambaugh four-factor (Pástor and Stambaugh, 2003), and the Fung-Hsieh seven-factor and 

eight-factor (Fung and Hsieh, 2001, 2004). The Fama-French Portfolio and Factors database, 

available on Wharton Research Data Services (WRDS), supplies the Fama-French, Carhart, and 

Pastor-Stambaugh Liquidity factors. I gather the Fung-Hsieh factors from multiple sources 

including Davis A. Hsieh’s website (“trend-following” factors), Datastream (“equity-oriented” 

                                                 
41 Aiken et al. (2013) identify another form of selection bias where only better-performing funds choose to report, 

regardless of the hedge fund data provider (e.g., Lipper TASS, HFR, BarclayHedge, Morningstar, and EurekaHedge). 
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and “emerging market” factors), and the Federal Reserve Economic Data (FRED) sponsored by 

the Federal Reserve Bank of St. Louis (“bond-oriented” factors). 

 

3.3.2 Sample Creation 

After merging the data based on month-year, I implement several common cleaning 

techniques from the linguistics literature to ensure that the similarity, readability, and sentiment 

measures are accurate. The first procedure is stemming, which is the process of reducing words to 

their base form. For example, “investing”, “invests”, and “invested” would become “invest.” The 

second technique is the removal of stop words, which are common, short function words, such 

as “the”, “is”, “at”, “which”, and “on.” An additional cleansing step is the removal of words that 

appear in more than 5% of all strategy descriptions within a given year.42 This removes common 

terms across all descriptions that are not also stop words. The last adjustment made is the removal 

of strategy descriptions with less than one-hundred words. 

The implementation of these methods will have offsetting effects on the similarity, 

readability, and sentiment measures. Stemming words to their root form will result in text that has 

higher similarity, lower grade-level readability, and higher sentiment measures. The removal of 

stop words will have opposite effects on the similarity and readability measures: reduced textual 

similarity (lower similarity) and readability (higher grade-level readability). Further, it will lead 

increases in the sentiment percentages. The elimination of high frequency words has an identical 

outcome. The removal of common words will decrease the likelihood that two strategies closely 

                                                 
42 Alternative cutoffs including 1%, 25%, 50%, 75%, and 90% lead to comparable results. 
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resemble each other (i.e., lower similarity). Further, the removal of high-frequency words likely 

lowers the number of short words with few syllables (i.e., higher grade-level readability and higher 

sentiment).43 

In addition to the cleaning process, I impose multiple constraints on the primary firm-year 

database. First, TNA is trimmed using the 0.5% criteria at the top end and TNA less than 0.1 million 

at the bottom end. Next, funds are removed which use a base currency other than the USD. The 

primary sample includes strategies from 2007 to 2013. The final sample is 1,809 hedge funds and 

6,841 fund-year observations. 

Our measure of fund-flow follows prior studies which show that size can affect fund flow 

(Massa, 2003; Nanda et al., 2004). As a result, I focus on the percentage change in flows instead 

of net flows. That is, I define fund flow as the percentage change in TNA that is not driven by fund 

returns (i.e., Flowt = (TNAt –TNAt-1 x Returnt)/TNAt-1). Recent studies by Agarwal et al. (2009) 

and Aragon et al. (2014), among others, use percentage flow in the hedge fund space. Further, the 

variable FlowVolatility captures the annual volatility of monthly fund flows. 

In addition to fund flows, I examine the relationship between hedge fund strategy 

composition and performance. Excess (FundExRet) and market-adjusted return (FundRetMkt) is 

the yearly fund return (after expenses) less the yearly risk-free rate and CRSP value-weighted 

index, respectively. To capture risk-adjusted return, I find alphas from multiple factor models: 

Fama-French three-factor (FamaFrenchAlpha), Carhart four-factor (CarhartAlpha), Pastor-

                                                 
43 To ensure that the cleansing process was not biasing the results, I implemented alternative cleansing processes: (1) 

only stemming, (2) only removal of stop and high frequency words, and (3) no adjustment to the original text. The 

results remain relatively consistent through all alternatives. 
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Stambaugh four-factor (PastorStambaughAlpha), and the Fung-Hsieh seven-factor 

(FungHsiehSevenAlpha) and eight-factor (FungHsiehEightAlpha). I compute the alphas utilizing 

two different approaches. I first run standard ordinary least squares (OLS) regressions with 

constant factor loadings. Second, I estimate rolling, 24-month OLS regressions using factors 

loadings from the prior regression.44 

To address concerns regarding the independence of the textual measures, Table 3.2 

presents the correlations amongst the two similarity (SIMALL, SIMCAT) , five grade-level readability 

(ARI, CL, FK, FOG, SMOG), and four sentiment (PerLit, PerNeg, PerPos, PerUncertain) 

measures. I find that the two similarity measures are 78% correlated with each other. Further, the 

results show that the majority of the grade-level measures are positive and significantly correlated. 

Specifically, the average correlation between ARI, FK, FOG, and SMOG is approximately 95.0%. 

The lone exception is Coleman-Liau, which is approximately 60.0% correlated with the other 

readability measures. Further, I find little correlation amongst the sentiment measures. I reduce the 

effects of multicollinearity brought on by the correlated similarity and readability statistics in two 

ways. First, portions of the analysis will focus on a single measure of each type. Second, in the 

case of readability, I create an additional measure, AvgGradeLevel, which is the average of all the 

grade-level measures. 

When analyzing the correlation across the text measures, I find that the average correlation 

between each is less than 10%. This provides evidence that the three textual approaches are indeed 

                                                 
44 As a robustness check, I also compute factor loadings using 12-, 36-, 48-, and 60-month windows. The results 

remain consistent with the alternate specifications. 
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focusing on different characteristics of the strategy descriptions. Generally, readability is capturing 

variations in syntax, while similarity and sentiment are focusing on word usage, albeit in different 

ways. These finding lend credence to the approach of analyzing similarity, readability, and 

sentiment in tandem. 

In addition to the text measures, I present other textual attributes for each strategy 

description. First, I find counts of sentences (Sentences), words (Words), letters (CharNoSpace), 

and syllables (Syllables). Further, I provide common ratios including words per sentence 

(AvgSentcLength), characters per word (AvgWordLength), syllables per word (AvgSyllWord), 

sentences per 100 words (SntcPer100), syllables per 100 words (SyllPer100), and letters per 100 

words (LettPer100). 

Other control variables include age in years (Age) and fees (Total_Fee, Performance_Fee, 

Management_Fee, Other_Fee). In addition, I create dummy variables for exchange listed 

(ListedOnExchange), hurdle rate (HurdleRate), high-water mark (HighWaterMark), domicile 

(DomicileOnshore), and closed to new investors (Closed), among others. Table 3.1 provides 

further descriptions of all variables used in the study. 

 

3.3.3 Descriptive Results 

Table 3.3 provides summary statistics for the 1,809 unique hedge funds across the entire 

sample. Panel A presents hedge fund attributes. The mean and median yearly, percentage flow is 

11.3% and -3.4%, respectively. On average, funds have positive yearly returns (after expenses) 

after adjusting by the risk-free rate (FundExRet) or CRSP value-weighted index (FundRetMkt). 
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The average hedge fund is approximately six-years old, manages $141 million in assets, charges 

19.0% in fees, and requires a minimum of $1 million. Further, the minority of hedge funds list on 

an exchange (12.4%), state a hurdle rate (15.4%), base in the U.S. (39.7%), lock-up investors 

(26.0%), stop allowing new clients (4.9%), and utilize leverage in their investment strategy 

(49.2%). Moreover, the majority of funds has a high-water mark (92.1%) and is the flagship fund 

of their complex (86.6%). 

Panel B reports the similarity and readability measures of the strategy descriptions. I find 

that similarity across the hedge fund universe and hedge funds within the same investment 

category is 3.0% and 4.1%, respectively. Due to greater likelihood for comparable investment 

techniques, I would expect to find higher similarity for funds in the same category. From a 

readability perspective, the typical strategy is 8.5 sentences long with a total of 173.5 words, and 

975.4 characters. For the five grade-level measures, I find a range from 14.9 to 18.3, or 

approximately 3 grade-levels. Overall, I find that hedge funds write their descriptions for a college-

educated audience (16.2 average across the five grade-level readability measures) and keep them 

rather succinct. 

Panels C and D provide summary statistics for the different measures of alpha. In Panel C, 

I present the alphas using the traditional OLS with constant factor loadings. I find that all alphas 

are positive and similar in magnitude. Panel D shows the alphas from the 24-month rolling 

regressions. I continue to find positive alphas but the latter results are smaller in magnitude. 

Overall, the positive alphas are consistent with prior hedge fund performance studies (Agarwal et 

al., 2009; Aragon et al., 2014) 
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I next investigate the degrees to which time and fund style can influence the results. In 

Table 3.4, I study fund counts across time by separate the entire sample into three, equally split 

subgroups. The first group (January 2007 to December 2008) captures data from the end of the 

Global Financial Crisis. The second group (January 2009 to December 2011) encompasses the 

economic rise after the financial crisis. The last group (January 2012 to December 2013) includes 

the most recent returns, which are less likely to have been revised. Once separated, the earliest, 

middle, and last groups have 176, 437, and 1,516 unique funds, respectively. 

Panel A presents the non-textual attributes of the hedge funds. Fund flow is positive in all 

periods and ranges from 0.4% (2012–2013) to 2.0% (2009–2011). Flow volatility remains stable 

across all periods, while both excess and market-adjusted returns tend to decrease across time. The 

average amount managed increases across the sample, which is consistent with recent statements 

on the large growth of hedge funds.45 I find that funds lowered their minimum investment size 

throughout the periods but fees remained stable. The proportion of funds that list on an exchange 

peaked during 2009–2011. Further, the proportion of funds based in the U.S. decreased across 

time. 

Panel B finds that the variables related to similarity, readability, and sentiment remain 

relatively stable across the groups. I find that similarity mostly increases across the groups. The 

only other evidence of disclosure variability is in document length. Across time, the strategy 

descriptions have an increasing number of sentences, and thus, more words and characters. Panel 

                                                 
45 Griffin and Xu (2009) note that hedge fund AUM increased from approximately $38 billion in 1990 to $2.48 trillion 

in mid-2007, a sixty-five-fold increase. 
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C finds the Fama-French, Carhart, Pastor-Stambaugh, and Fung-Hsieh seven-factor alphas peak 

during 2009–2011 group. The Fung-Hsieh eight-factor alpha decreases across time. The majority 

of the factor-loading alphas in Panel D also decrease across the period, with the Fung-Hsieh seven-

factor alpha being the lone exception. As a whole, I find that the sharp growth in distinct funds 

leads to variation in fund attributes across time. To account for these differences, I control for time 

in the empirical analysis. 

Table 3.5 presents summary statistics, conditional on the following fund style categories: 

Bottom-Up, Dual Approach, Top-Down, Diversified Debt, Event Driven, Value, Long Short 

Equities, Arbitrage, Fixed Income, CTA/Managed Futures, Relative Value, Macro, Distressed 

Debt, Multi-Strategy, and Other. I find large variation in the number of funds across the categories. 

The smallest category, Relative Value, has 6 unique funds whereas the largest, Long Short 

Equities, has 569 funds. 

Panel A shows that yearly fund flow ranges from 0.2% to 1.6% across the categories. 

Excess and market-adjusted returns remain stable and positive across the categories, but I find 

differences in a majority of the measures. Specifically, I see large ranges for AUM ($18.3 to $395.6 

million), minimum size ($0.1 million to $2 million), portion listed on exchange (0.0% to 57.5%), 

and portion based in U.S. (5.2% to 58.2%). 

Panel B presents the differences in readability and similarity for hedge funds of different 

categories. The number of sentences and words vary from 7.0 to 9.5 and 148.9 to 198.9, 

respectively. In addition, I find the following grade-level variations: 13.9 to 19.0 (ARI), 14.0 to 

16.4 (CL), 14.5 to 18.6 (FK), 17.4 to 21.5 (FOG), and 16.3 to 19.2 (SMOG). Overall similarity has 
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a minimum value of 1.1% and a maximum of 3.3%. Likewise, the minimum and maximum value 

of category similarity is 1.9% and 6.7%. Lastly, the sentiment measures vary as follows: 0.0% to 

3.4% (PerLit), 0.0% to 23.6% (PerNeg), 0.0% to 28.3% (PerPos), and 0.0% to 32.7% 

(PerUncertain). 

Panel C and D show variation in the average alphas across the categories. In Panel C, the 

smallest range is the Carhart alpha at 0.4% (0.4% to 0.8%) and the largest is the Fung-Hsieh seven-

factor at 0.9% (0.4% to 1.3%). In Panel D, the Fama-French, Carhart, and Pastor-Stambaugh 

alphas have the smallest range at 0.4% (0.1% to 0.5%). The Fung-Hsieh eight-factor, which has a 

range of 1.0% (0.1% to 1.1%), is the largest for Panel D. Taken together, the results of Table 3.5 

show that, across fund category, differences exist within the means. As with time variation, the 

empirical analysis will control for the differences in fund category. 

 

3.4 Empirical Results 

This section presents the main empirical findings. I begin with univariate evidence on the 

relation between fund flows and (1) the textual measures and (2) other fund attributes. Next, I 

present formal regression evidence using pooled OLS and fixed effects. Last, I discuss a series of 

robustness checks. 

 

3.4.1 The Effects of Disclosure Composition in a Univariate Setting 

In order to isolate the individual relationships between hedge fund attributes including 

textual composition and subsequent flows and performance, I begin the empirical examination 

with univariate analysis. In Tables 3.6, 3.7, and 3.8, I provide difference-in-means estimates for 
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multiple dependent variables, conditional on the same group of independent variables. Contingent 

on the independent variable type, I slightly alter the estimation approaches. For continuous (non-

binary) independent variables, I sort the sample into quartiles and calculate the mean of the 

dependent variables. Columns (Q1) and (Q4) are the means of the dependent variables for the 

smallest and largest quartiles. Column (Q4)–(Q1) is the difference in the highest quartile (Q4) and 

the lowest quartile (Q1). For binary independent variables, I sort the sample by the two binary 

values and calculate the mean of the dependent variable. Columns (0) and (1) are the means of the 

dependent variables for the two possible values. Column (1)–(0) is the difference in (1) and (0). 

Table 3.6 focuses on the relationships between fund attributes and the following dependent 

variables: Flow, FundExRet, and FundRetMkt. In Panel A, with the exception of Total_Fee, I find 

significant P-values for all variables.46 Positive differences exist between the highest and lowest 

quartiles for prior flows, excess returns, and market-adjusted returns. Thus, as each increase, I see 

increases in contemporaneous flow and returns. I find opposite results for AUM across the three 

dependent variables. In other words, larger funds have less flows and worse returns. Panel B 

provides evidence that the binary independent variables also influence fund flow and performance. 

Funds listed on an exchange see lower flows and returns. In addition, funds based in the U.S. have 

larger flows and returns. Flagship funds have better performance than non-flagship funds but little 

differences in flows. 

Panel C presents the textual measures of fund strategy. I find that the differences in fund 

                                                 
46 I note that the correlation amongst contemporaneous and lagged variables is likely leading to the high significance. 
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flow for the both similarity measures is positive and significant. These results favor the Strategy 

Familiarity Hypothesis (H1a). Specifically, investors prefer hedge funds with strategy descriptions 

worded comparably to peer firms. For readability, the difference in the means of the highest and 

lowest fund flow quartiles for ARI, FK, FOG, SMOG, and AvgGradeLevel are positive and 

statistically significant. This shows that investors target strategies that are more difficult to read, 

which provides support for Strategy Ambiguity Hypothesis (H2b). That is, sophisticated investors 

are attracted to less readable strategy disclosure. Concerning performance, I find no relationship 

between the textual measures and the return variables. 

In addition to flow, excess return, and market-adjusted return, I study the relationships 

between fund attributes and OLS (Table 3.7) and rolling (Table 3.8) hedge fund alphas. To remain 

concise, I only present the results for CarhartAlpha, FungHsiehSevenAlpha, and 

FungHsiehEightAlpha.47 In Panel A of Tables 3.7 and 3.8, I look at continuous fund attributes and 

find conflicting results. With constant factor loadings (Table 3.7), I find all differences are 

significant and almost all positive. This contrasts with the excess and market-adjusted return 

results in Table 3.6, which finds a negative relationship between the returns and fund size. Using 

the rolling factor loadings in Table 3.8, I find less significance and additional sign changes. 

Specifically, the differences in prior flow and size are negative across the three dependent 

variables. 

Panel B in Tables 3.7 and 3.8 focuses on the binary controls. I find that the results are 

                                                 
47 I find comparable results using the Fama-French three-factor and Pastor-Stambaugh four-factor alphas. 
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comparable across the two tables, but Table 3.8 continues to show less significance overall. 

Further, the results are comparable to the findings in Table 3.6. The last panel in Tables 3.7 and 

3.8 show inconsistencies for the effects of the textual measures on fund risk-adjusted returns. 

Specifically, the find the differences in the Carhart alphas are significant in Table 3.7 but mostly 

insignificant in Table 3.8. Further, the majority of the Fung-Hsieh seven- and eight-factor alphas 

are significant with constant loading (Table 3.7) but completely insignificant with rolling factor 

loading (Table 3.8). 

Overall, I find evidence that there exists a significant relationship between the textual 

components of the strategy description and fund flows. On the other hand, I find inconsistent and 

inconclusive evidence that readability, similarity, and sentiment can affect excess, market-

adjusted, and risk-adjusted hedge fund returns. Accordingly, the remainder of the analysis will test 

the connection between hedge fund flows and textual readability, similarity, and sentiment with 

the inclusion of additional controls. 

 

3.4.2 The Effects of Disclosure Composition in a Panel Framework 

Multivariate analysis begins with a focus on the individual effects of similarity (Table 3.9) 

and readability (Table 3.10), followed by an examination of the simultaneous effects of the two 

textual measures (Table 3.11). I conclude with studying the effects of sentiment on fund flows 

(Table 3.12). 

For Table 3.9, I implement the following regression in the examination of the isolated 

effects of similarity: 
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𝐹𝑙𝑜𝑤𝑖,𝑡 = α + 𝛽1𝑆𝐼𝑀𝑖,𝑡,𝐴𝐿𝐿 + 𝛽2𝑆𝐼𝑀𝑖,𝑡,𝐶𝐴𝑇 + 𝛽3𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠𝑖,𝑡 + 휀𝑖,𝑡. (3.1) 

 

SIMALL is the average of the pairwise similarity measures across the universe of funds in a given 

year. SIMCAT is the average pairwise similarity across all funds of the same category in a given 

year. The following continuous variables are included in the Controls vector. FundRetMktt-1 and 

FundRetMktt-2 are the one- and two-year lags of market-adjusted fund return. FundRetMktSqt-1 and 

FundRetMktSqt-2 are the one- and two-year lags of the square of the fund’s market-adjusted return. 

Age is the age of the fund in years. AUM is the log of the total assets under management. The 

Controls vector also includes the binary LockUp variable. 

I present the results of the pooled OLS and fixed effects regressions in Models (1) through 

(6) and Model (7) through (9), respectively. In Model (1), yearly percentage flows are regressed 

on the overall similarity measure. Comparably, in Model (2), the dependent variable is regressed 

on category similarity. In Model (4), overall similarity remains significant after the inclusion of 

the continuous control variables, while the category similarity measure in Model (5) becomes 

insignificant. Once I control for category and year fixed-effects in Models (7) through (9), overall 

similarity remains significant and category similarity remains insignificant. Overall, the positive 

and significant coefficient for overall similarity lends support for the Strategy Familiarity 

Hypothesis (H1a). That is, investors are attracted to strategies that are composed of common words 

as evident by the positive sign on the coefficient for the similarity measure. Restated, the positive 

similarity coefficient implies that the more similar a fund’s strategy is to peer funds, the easier it 

is for the fund to attract investors. 
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Table 3.10 focuses on ability of strategy readability to influence hedge fund flows. The 

pooled OLS and fixed effects regressions use the following equation: 

 

𝐹𝑙𝑜𝑤𝑖,𝑡 = α + 𝛽1𝐴𝑣𝑔𝐺𝑟𝑎𝑑𝑒𝐿𝑒𝑣𝑒𝑙𝑖,𝑡 + 𝛽2𝐴𝑅𝐼𝑖,𝑡 + 𝛽3𝐶𝐿𝑖,𝑡 +  𝛽4𝐹𝐾𝑖,𝑡 + 𝛽5𝐹𝑂𝐺𝑖,𝑡 +

𝛽6𝑆𝑀𝑂𝐺𝑖,𝑡 + 𝛽7𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠𝑖,𝑡 + 휀𝑖,𝑡. (3.2) 
 

AvgGradeLevel is the average of the five grade-level readability measures (ARI, CL, FK, FOG, 

SMOG), and the Controls vector is the same as in Table 3.9. 

All six models include year and category fixed effects but vary the readability measure 

used. The only readability measure that is significant is CL in Model (2). With the exception of 

LockUp which is insignificant in Models (1) through (6), all other control variables are significant 

and consistent across the six models. As a whole, the results from Table 3.9 provide mixed support 

for the two readability hypotheses. The positive signs on the coefficients for CL lend credence the 

Strategy Ambiguity Hypothesis (H2b). On the hand, I cannot dismiss the Strategy Transparency 

Hypothesis (H2a) since the effect is essentially zero. In other words, the coefficients being 

approximately zero, shows that the grade-level needed to comprehend the strategy text has no 

effect on the percentage fund flows. 

In Table 3.11, I study the joint effects of similarity and readability, by including both types 

of text variables as well as the Controls vector used in Tables 3.9 and 3.10. The regression equation 

takes on the following form: 

 

𝐹𝑙𝑜𝑤𝑖,𝑡 = α + 𝛽1𝑆𝐼𝑀𝑖,𝑡,𝐴𝐿𝐿 + 𝛽2𝐶𝐿𝑖,𝑡 + 𝛽3𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠𝑖,𝑡 + 휀𝑖,𝑡. (3.3) 
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The first six models of Table 3.11 use pooled OLS, and the final three use fixed effects. In 

Models (1), (4), and (7), I use the CL readability proxy. In Models (2), (5), and (8), I use overall 

similarity. In Models (3), (6), and (9), I use both the readability and similarity measures. The first 

three models omit the fund controls, while the last six model include fund controls. 

In model (3), overall similarity is significant but the readability measure, CL, is 

insignificant. After the fund controls are added in Model (6), CL becomes significant but overall 

similarity loses some significance. After adding fixed effects in Model (9), the results strengthen.  

The findings from Table 3.11 supplement the results found in Tables 3.9 and 3.10 regarding the 

individual effects of similarity and readability. Relative to overall similarity, I find strong support 

that for the Strategy Familiarity Hypothesis (H1a). That is, an overall similarity increase produces 

a rise in fund flows, which reinforces the notion that fund lure investors through strategy 

descriptions composed of words frequently used by other funds. Further, I provide evidence 

favoring the Strategy Ambiguity Hypothesis (H3b) but the magnitude is small. Thus, investors 

chase funds with strategies that require high reading comprehension levels, but the impact to flows 

is minor. 

In Table 3.12, I examine the effects of textual sentiment on fund flows. The regression 

equation is of the following specification: 

 

𝐹𝑙𝑜𝑤𝑖,𝑡 = α + 𝛽1𝑃𝑒𝑟𝐿𝑖𝑡𝑖,𝑡 + 𝛽2𝑃𝑒𝑟𝑁𝑒𝑔𝑖,𝑡 + 𝛽3𝑃𝑒𝑟𝑃𝑜𝑠𝑖,𝑡 + 𝛽4𝑃𝑒𝑟𝑈𝑛𝑐𝑒𝑟𝑡𝑎𝑖𝑛𝑖,𝑡 +
𝛽5𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠𝑖,𝑡 + 휀𝑖,𝑡. (3.4) 

 

The first four models of Table 3.12 use pooled OLS, and the final five models use fixed 
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effects. The variable selection is as follows: Models (1), (5), and (9) use PerLit. Models (2), (6), 

and (9) use PerNeg. Models (3), (7), and (9) use PerPos. Models (4), (8), and (9) use PerUncertain. 

Further, all nine models include the following fund controls: Age, AUM, LockUp, FundRetMktt-1, 

FundRetMktt-2, FundRetMktSqt-1, and FundRetMktSqt-2. 

In the pooled OLS framework, I find a negative and significant relationship for PerLit and 

PerUncertain. In addition, I find a negative and significant relationship for the Age, AUM, LockUp, 

FundRetMktSqt-1, and FundRetMktSqt-2 controls and a positive and significant relationship for the 

FundRetMktt-1 and FundRetMktt-2 controls. With the inclusion of fixed effects, all variables except 

PerLit and LockUp remain significant. Overall, I find that as the percentage of uncertain words 

increases, fund flows decrease, which provides support for the Strategy Apprehension Hypothesis 

(H3b). Thus, investors are attracted to funds with investment strategies that contain less uncertain 

wording. 

Overall, I show that the multivariate results are analogous to the univariate outcomes. 

Tables 3.9 through 3.12 provide additional support for the assertion that investors utilize hedge 

fund descriptions when making investment decisions. Specifically, I offer strong results that 

investment strategy similarity, readability, and sentiment are significant drivers of fund flows.48 

 

3.4.3 Robustness 

In order to assess the plausibility of the findings, I provide several robustness checks 

including separating the sample into differing time periods, including only young funds, and 

                                                 
48 Although the regressions have small values of R2, I note that prior mutual and hedge fund flows studies tend to have 

low values as well. 
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several alternative specifications. I summarize the findings below but omit the results for brevity. 

First, I repeated the multivariate analysis using similarity, readability, and sentiment groups instead 

of the actual numeric measures. Specifically, I sort CL and create two binary variables. The first, 

Q1_CL, is equal to one if a fund’s CL is in the lowest quartile of all possible funds across all years 

and zero otherwise. The second, Q4_CL, is equal to one if a fund’s CL is in the highest quartile of 

all possible funds across all years and zero otherwise. I follow identical approaches for creating 

the similarity and sentiment dummy variables. I find mixed results using these measures. Second, 

due to the high correlation amongst the readability, similarity, and sentiment measures, as shown 

in Table 3.2, I study the effects of strategy composition on hedge fund flows using a principal 

components analysis (PCA). The benefits of this technique are that it transforms the correlated 

variables into linearly uncorrelated principal components and reduces the number of predictors in 

the model. On the other hand, the interpretation becomes somewhat arbitrary. Overall, I find 

similar significance and magnitudes compared with the multivariate results. 

The third robustness check focuses on the stability of investor textual preferences across 

time. Specifically, I test if a shock to the market can alter how investors utilize the strategy text. 

Since the words comprising the text are stable across time, this is an indication of the investors 

changing their preferences instead of funds changing their disclosure. Using the splits as in Table 

3.4, I find comparable but weaker results in the later periods. The next robustness check focuses 

on funds that are less than a year old. The motivation is that prior reputation can be a significant 

driver of fund investment. By focusing on new hedge funds, I hope to isolate the effects of the 

disclosure in the investment decision. I find the results are weaker, which could be an artifact of 
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the reduced sample size resulting from the age restriction. The last robustness check was the 

inclusion of alternate specifications. First, I include the following additional control variables in 

the regressions for Tables 3.9, 3.10, 3.11, and 3.12. FundRetMftt-3 is the three-month lag of the 

fund’s market adjusted return; FundRetMftSqt-3 is the square of the three-month lag of the fund’s 

market-adjusted return. Flowt-1, Flowt-2, and Flowt-3, are the one-month, two-month, and three-

month lags of fund percentage flow, respectively. Second, I use alternative cutoffs of 1%, 25%, 

50%, 75%, and 90% during the cleansing of the text data. 

 

3.5 Conclusion 

I investigate if and how investors utilize hedge fund strategies in making their financial 

decisions. First, I show that hedge fund managers construct filings in line with the literature 

regarding voluntary disclosure. Using univariate, pooled OLS, and fixed effects analysis, I find 

that similarity, readability, and sentiment influence hedge fund flows. In the univariate analysis, I 

find positive and statistically significant flow differences for both similarity and readability. This 

indicates that investors prefer hedge funds with strategy descriptions that are hard to read and 

written comparably to peers. Further, I find negative and statistically significant flow differences 

for sentiment, which provides evidence that investors prefer strategy descriptions with less 

uncertain text. I find comparable results using multivariate analysis. For all three text measures, 

both pooled OLS and fixed effects models find comparable results to those from the univariate 

models. Overall, this essay finds strong support for the assertion that investors leverage disclosure 

when making hedge fund investment decisions. 

  



 

86 

References 

Agarwal, V., Daniel, N.D., Naik, N.Y., 2009. Role of Managerial Incentives and Discretion in 

Hedge Fund Performance. Journal of Finance 64, 2221–2256. 

Agarwal, V., Fos, V., Jiang, W., 2013. Inferring Reporting-Related Biases in Hedge Fund 

Databases from Hedge Fund Equity Holdings. Management Science 59, 1271–1289. 

Aiken, A.L., Clifford, C.P., Ellis, J.A., 2013. Out of the Dark: Hedge Fund Reporting Biases and 

Commercial Databases. Review of Financial Studies 26, 208–243. 

Antweiler, W., Frank, M.Z., 2004. Is All That Talk Just Noise? The Information Content of 

Internet Stock Message Boards. Journal of Finance 59, 1259–1294. 

Aragon, G.O., Hertzel, M., Shi, Z., 2013. Why Do Hedge Funds Avoid Disclosure? Evidence from 

Confidential 13F Filings. Journal of Financial and Quantitative Analysis 48, 1499–1518. 

Aragon, G.O., Liang, B., Park, H., 2014. Onshore and Offshore Hedge Funds: Are They Twins? 

Management Science 60, 74–91. 

Aragon, G.O., Nanda, V., 2015. Strategic Delays and Clustering in Hedge Fund Reported Returns. 

Journal of Financial and Quantitative Analysis Forthcoming. 

Arnold, T., Fishe, R.P.H., North, D., 2010. The Effects of Ambiguous Information on Initial and 

Subsequent IPO Returns. Financial Management 39, 1497–1519. 

Baquero, G., Verbeek, M., 2014. The Convexity and Concavity of the Flow-Performance 

Relationship for Hedge Funds (Working Paper). ESMT European School of Management 

and Technology and Erasmus University. 

Bloomfield, R.J., 2008. Discussion of “‘Annual report readability, current earnings, and earnings 

persistence.’” Journal of Accounting and Economics 45, 248–252. 

Boyson, N.M., 2010. Implicit Incentives and Reputational Herding by Hedge Fund Managers. 

Journal of Empirical Finance 17, 283–299. 

Brown, S., Goetzmann, W.N., Liang, B., Schwarz, C.G., 2012. Trust and Delegation. Journal of 

Financial Economics 103, 221–234. 

Carhart, M.M., 1997. On Persistence in Mutual Fund Performance. Journal of Finance 52, 57–82. 

Cooper, M.J., Gulen, H., Rau, P.R., 2005. Changing Names with Style: Mutual Fund Name 

Changes and Their Effects on Fund Flows. Journal of Finance 60, 2825–2858. 



 

87 

Da, Z., Engelberg, J., Gao, P., 2015. The Sum of All FEARS Investor Sentiment and Asset Prices. 

Review of Financial Studies 28, 1–32. 

Dougal, C., Engelberg, J., García, D., Parsons, C.A., 2012. Journalists and the Stock Market. 

Review of Financial Studies 25, 639–679. 

Fama, E.F., French, K.R., 1993. Common risk factors in the returns on stocks and bonds. Journal 

of Financial Economics 33, 3–56. 

Feldman, R., Govindaraj, S., Livnat, J., Segal, B., 2010. Management’s tone change, post earnings 

announcement drift and accruals. Review of Accounting Studies 15, 915–953. 

Fung, W., Hsieh, D.A., 2004. Hedge Fund Benchmarks: A Risk-Based Approach. Financial 

Analysts Journal 60, 65–80. 

Fung, W., Hsieh, D.A., 2001. The Risk in Hedge Fund Strategies: Theory and Evidence from 

Trend Followers. Review of Financial Studies 14, 313–341. 

García, D., 2013. Sentiment during Recessions. Journal of Finance 68, 1267–1300. 

Getmansky, M., Liang, B., Schwarz, C.G., Wermers, R., 2011. Share Restrictions and Investor 

Flows in the Hedge Fund Industry (Working Paper). State University of New York at 

Albany, University of Massachusetts, and University of Maryland at College Park. 

Goetzmann, W.N., Ingersoll, J.E., Jr., Ross, S.A., 2003. High-Water Marks and Hedge Fund 

Management Contracts. Journal of Finance 58, 1685–1717. 

Griffin, J.M., Xu, J., 2009. How Smart Are the Smart Guys? A Unique View from Hedge Fund 

Stock Holdings. Review of Financial Studies 22, 2531–2570. 

Hanley, K.W., Hoberg, G., 2012. Litigation risk, strategic disclosure and the underpricing of initial 

public offerings. Journal of Financial Economics 103, 235–254. 

Hanley, K.W., Hoberg, G., 2010. The information content of IPO prospectuses. Review of 

Financial Studies 23, 2821–2864. 

Hoberg, G., Lewis, C., 2015. Do Fraudulent Firms Produce Abnormal Disclosure? (Working 

Paper). University of Southern California and Vanderbilt University. 

Hoberg, G., Phillips, G., 2010. Product Market Synergies and Competition in Mergers and 

Acquisitions: A Text-Based Analysis. Review of Financial Studies 23, 3773–3811. 

Huberman, G., 2001. Familiarity Breeds Investment. Review of Financial Studies 14, 659–680. 



 

88 

Ippolito, R.A., 1992. Consumer Reaction to Measures of Poor Quality: Evidence from the Mutual 

Fund Industry. Journal of Law and Economics 35, 45–70. 

Jain, P.C., Wu, J.S., 2000. Truth in Mutual Fund Advertising: Evidence on Future Performance 

and Fund Flows. Journal of Finance 55, 937–958. 

Keloharju, M., Knüpfer, S., Linnainmaa, J., 2012. Do Investors Buy What They Know? Product 

Market Choices and Investment Decisions. Review of Financial Studies 25, 2921–2958. 

Kothari, S.P., Li, X., Short, J.E., 2009. The Effect of Disclosures by Management, Analysts, and 

Business Press on Cost of Capital, Return Volatility, and Analyst Forecasts: A Study Using 

Content Analysis. The Accounting Review 84, 1639–1670. 

Lawrence, A., 2013. Individual Investors and Financial Disclosure. Journal of Accounting and 

Economics 56, 130–147. 

Lehavy, R., Li, F., Merkley, K., 2011. The Effect of Annual Report Readability on Analyst 

Following and the Properties of Their Earnings Forecasts. The Accounting Review 86, 

1087–1115. 

Li, F., 2008. Annual report readability, current earnings, and earnings persistence. Journal of 

Accounting and Economics 45, 221–247. 

Lim, J., Sensoy, B.A., Weisbach, M.S., 2015. Indirect Incentives of Hedge Fund Managers 

(Working Paper). California State University - Fullerton and Ohio State University. 

Loughran, T., McDonald, B., 2014. Measuring Readability in Financial Disclosures. Journal of 

Finance 69, 1643–1671. 

Loughran, T., McDonald, B., 2011. When is a Liability Not a Liability? Textual Analysis, 

Dictionaries, and 10–Ks. Journal of Finance 66, 35–65. 

Massa, M., 2003. How do family strategies affect fund performance? When performance-

maximization is not the only game in town. Journal of Financial Economics 67, 249–304. 

Nanda, V., Wang, Z.J., Zheng, L., 2004. Family Values and the Star Phenomenon: Strategies of 

Mutual Fund Families. Review of Financial Studies 17, 667–698. 

Ozik, G., Sadka, R., Forthcoming. Skin in the Game versus Skimming the Game: Governance, 

Share Restrictions, and Insider Flows. Journal of Financial and Quantitative Analysis. 

Pástor, Ľ., Stambaugh, R.F., 2003. Liquidity Risk and Expected Stock Returns. Journal of Political 

Economy 111, 642–685. 



 

89 

Patton, A.J., Ramadorai, T., Streatfield, M., 2015. Change You Can Believe In? Hedge Fund Data 

Revision. Journal of Finance. 

Philpot, J., Johnson, D.T., 2007. Mutual fund performance and fund prospectus clarity. Journal of 

Financial Services Marketing 11, 211–216. 

Rogers, J.L., Buskirk, A.V., Zechman, S.L.C., 2011. Disclosure Tone and Shareholder Litigation. 

The Accounting Review 86, 2155–2183. 

Sirri, E.R., Tufano, P., 1998. Costly Search and Mutual Fund Flows. Journal of Finance 53, 1589–

1622. 

Solomon, D.H., Soltes, E.F., Sosyura, D., 2014. Winners in the Spotlight: Media Coverage of Fund 

Holdings as a Driver of Flows. Journal of Financial Economics 113, 53–72. 

Sun, Z., Wang, A., Zheng, L., 2012. The Road Less Traveled: Strategy Distinctiveness and Hedge 

Fund Performance. Review of Financial Studies 25, 96–143. 

Tetlock, P.C., 2007. Giving Content to Investor Sentiment: The Role of Media in the Stock Market. 

Journal of Finance 62, 1139–1168. 

Tetlock, P.C., Saar-Tsechansky, M., Macskassy, S., 2008. More than Words: Quantifying 

Language to Measure Firms’ Fundamentals. Journal of Finance 63, 1437–1467. 

Zajonc, R.B., 2001. Mere Exposure: A Gateway to the Subliminal. Current Directions in 

Psychological Science 10, 224–228. 

Zajonc, R.B., 1968. Attitudinal Effects of Mere Exposure. Journal of Personality and Social 

Psychology 9, 1–27. 

 

 

  



 

90 

3.A  Appendix: Similarity Methodology 

This appendix outlines the steps of the cosine similarity method, which is used to compute 

the similarity between the strategies of two funds: i and j.49 Cosine similarity measures the cosine 

of the angle between two vectors on the unit sphere. 

First, a global dictionary is created for each year by combining all unique words from each 

fund-level dictionary in that year. Next, I implement common cleaning techniques from the 

linguistics literature such as stemming and stop word removal. Stemming is the process of reducing 

words to their base form. For example, “investing”, “invests”, and “invested” would become 

“invest.” Stop words, which are generally common, short function words, such 

as “the”, “is”, “at”, “which”, and “on”, are removed to prevent similarity from being skewed by 

the inclusion of words that appear in the majority of the sections. In addition, I remove any other 

words that appear in more than 5% of all investment strategies in a given year. This is to remove 

common financial terms that appear across all sections but would not be considered a stop word. 

This trimmed global dictionary containing W words is considered the main dictionary for 

each year. Next, I create an individual dictionary for each fund i (Pi) that is of length W. For every 

word in the global dictionary that appears in the text for the individual fund in year, a value of one 

is given and zero otherwise. Thus, if the text of a fund is composed of every word in the global 

dictionary, the fund’s individual dictionary will be a W-length vector with every value equaling 

one. 

                                                 
49 See Hoberg and Phillips (2010), Hanley and Hoberg (2010, 2012), and Hoberg and Lewis (2015). 
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To mitigate the problems associated with different word counts for each fund’s investment 

strategy, the W-length vector Vi is created that normalizes the W-length vector Pi to have unit 

length: 

 

𝑉𝑖 =
𝑃𝑖

√𝑃𝑖′ ∙ 𝑃𝑖
 . (3.5) 

 

In other words, each vector is scaled by the square root of the vector’s inner product To assess the 

similarity between the investment strategies of funds i and j, I take the dot product of their 

normalized vectors. This result is known as the basic cosine similarity: 

 

𝑆𝑡𝑟𝑎𝑡𝑒𝑔𝑦_𝑆𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦𝑖,𝑗 = 𝑉𝑖′ ∙ 𝑉𝑗  (3.6) 
 

The amount that two investment strategies differ is the complement of Strategy_Similarityi,j: 

 

𝑆𝑡𝑟𝑎𝑡𝑒𝑔𝑦_𝐷𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑡𝑖𝑎𝑡𝑖𝑜𝑛𝑖,𝑗 = 1 − (𝑉𝑖′ ∙ 𝑉𝑗) . (3.7) 

 

Both the strategy similarity and differentiation measures are bounded on the interval (0, 1) due to 

each funds normalized vector Vi having a length of one. This reduces penalties for strategies that 

contain fewer words. 

Since the similarity measures are pairwise computations, I take three averages to form final 

similarity statistics for each fund. First, I compute the average 𝑆𝑡𝑟𝑎𝑡𝑒𝑔𝑦_𝑆𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦𝑖,𝑗 for fund i 

relative to the entire universe of funds. The variable U signifies all the funds in the sample and 

𝑈𝑝𝑎𝑖𝑟𝑠 represents the set of all pairwise permutations of the funds in U. Similar to the local 
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clustering measure, if set U contains M funds, then set 𝑈𝑝𝑎𝑖𝑟𝑠 contains 𝑀𝑝𝑎𝑖𝑟𝑠 = 
𝑀2−𝑀

2
 elements. 

Thus, the number of pairs for each fund in U will equal M minus one. The average similarity 

coefficient for fund i across the entire universe U is 

 

𝑆𝐼𝑀𝐴𝑙𝑙,𝑖 = ∑
𝑆𝑡𝑟𝑎𝑡𝑒𝑔𝑦_𝑆𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦𝑖,𝑗

𝑀–1
 ∀(𝑗)∈𝑈𝑝𝑎𝑖𝑟𝑠
 .  (3.8) 

 

The second average similarity statistic for fund i is relative to all funds within its investment 

strategy type (Arbitrage, Bottom-Up, CTA/Managed Futures, Distressed Debt, Diversified Debt, 

Dual Approach, Event Driven, Fixed Income, Long Short Equities, Macro, Multi-Strategy, 

Relative Value, Top-Down, Value, Others). The variable C represents the funds composing a 

particular investment strategy and 𝐶𝑝𝑎𝑖𝑟𝑠 denotes the set of all pairwise permutations of the funds 

in C. Likewise, if the set C is composed of K funds, there are 𝐾𝑝𝑎𝑖𝑟𝑠 = 
𝐾2−𝐾

2
 elements in set 𝐶𝑝𝑎𝑖𝑟𝑠 

and K minus one pairs for each fund in C. Thus, the average similarity coefficient for fund i in a 

particular investment strategy is then 

 

𝑆𝐼𝑀𝐶𝐴𝑇,𝑖 = ∑
𝑆𝑡𝑟𝑎𝑡𝑒𝑔𝑦_𝑆𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦𝑖,𝑗

𝐾–1
 ∀(𝑗)∈𝐶𝑝𝑎𝑖𝑟𝑠
 .  (3.9) 
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3.B  Appendix: Easy- vs. Hard-to-Read Hedge Fund Disclosure 

This appendix provides samples of hedge fund strategies that differ largely in their 

readability measurements. Despite the differences in the numbers of words, the variation in 

readability is attributed to the differences in sentence structure and not word count. 

 

A. Example of easy-to-read strategy 

The following is a difficult-to-read strategy (high readability): 

ALPHA STRATEGIEN Futures MH is the 1. German Single Hedge Fund under 

Austrian management. The investment strategy pursued by the fund belongs to the 

category of managed futures. The trading strategy is based on the idea of trend 

following. Trends emerging in diverse futures markets are identified within two 

different time-frames, using a 100% systematic approach, on grounds of technical 

analysis. Long or Short positions are entered accordingly. Therefore, profit can be 

generated in growing as well as in falling markets., The trading is carried out 

exclusively in the most liquid futures markets worldwide, comprising financial as 

well as commodity futures. So far more than 70 markets are traded, which results 

in a high degree of diversification within the fund assets., Risk management, 

implemented directly in the system, is conducted via stop loss orders protecting 

each open position as well as via systematic position sizing. Stop-loss order 

calculation is twofold - brake-out-based as well as volatility-based accounting for 

extreme movements. Prior to ALPHA STRATEGIEN Futures MH the exact same 

investment program was traded as a managed account since June 2004. Since 

September 2004 I obtained independent performance reports from Fimat Banque. 

The track record from September 2004 until August 2006 represents the traded 

performance of the managed account. Start of the Fund is dated August 31st 2006. 

 

B. Example of hard-to-read strategy 

The following is a difficult-to-read strategy (high readability): 

Ansbacher Investment Management (AIM), the general partner of Elizaville 

Partners LP, engages in a program of selling (or writing) out-of-the-money (OTM) 

put options on S&P 500 futures and Delta hedging the puts with short S&P future 

contracts. To a lesser extent, the strategy also sells OTM options (both puts and 

calls) on U.S. 10-year and 30-year bond futures. U.S. equity index options have 
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been consistently overpriced relative to the realized behavior of the underlying 

index. That is to say, Implied Volatility (a major determinant of option pricing) has 

exceeded the Realized Volatility of the underlying investment. This is due, in part, 

to the widespread and ingrained practice of purchasing out-of-the-money (OTM) 

index puts for portfolio insurance. As with most forms of insurance, OTM index put 

buyers want to have their policy expire without being exercised; and put writers 

can demand a premium for assuming risk. The huge growth in indexed investments 

represents a very large supply of natural put buyers, while there are a much smaller 

number of uncovered put sellers. AIM currently uses a methodical approach to 

trading the put skew in the S&P 500 options. This methodology, first instituted in 

January 2003, employs a market-neutral approach in terms of portfolio delta and 

gamma risk. The implementation of this program, i.e., selecting how many puts to 

sell and at which prices and maturities, as well as how many short futures to use 

as a hedge, relies upon a robust risk management program which includes, but is 

not confined to: limiting the number of puts that can be written, providing strict 

limits on the value of the puts outstanding and gross Delta, limiting how close the 

puts can be to the underlying security, and a 24-hour stop-loss in place through the 

S&P futures. In addition, trading is reduced or halted if the fund loses more than a 

certain percentage of its value. By only selling short-term, OTM puts, AIM is able 

to take advantage of their relatively rapid time decay. The fund was previously 

known as Ansbacher Investment Management Elizaville Partners LP. 
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Table 3.1: Variable Definitions 
Variable Description and Definition 

Panel A. Fund Variables  

Flow Yearly fund flows defined as(𝐴𝑈𝑀𝑡 − 𝐴𝑈𝑀𝑡−1(1 + 𝑅𝑡)) 𝐴𝑈𝑀𝑡−1⁄  , where Rt is raw, yearly fund 

return and AUM is the fund’s total assets under management. 

FlowVolatility Annual volatility of monthly fund flows. 

FundExRet Yearly fund return (after expenses) minus the yearly risk-free rate 

FundRetMkt Yearly fund return (after expenses) minus the CRSP value-weighted index 

FundRetMktSq Yearly, market-adjusted fund return (after expenses) squared 

FundRetMktNeg Variable equal to FundRetMkt if FundRetMkt < 0, and 0 otherwise 

FamaFrenchAlpha Yearly alpha from Fama-French three-factor model  

CarhartAlpha Yearly alpha from Carhart four-factor model 

PastorStambaughAlpha Yearly alpha from Pastor-Stambaugh four-factor model 

FungHsiehSevenAlpha Yearly alpha from Fung-Hsieh seven-factor model 

FungHsiehEightAlpha Yearly alpha from Fung-Hsieh eight-factor model 

AUM Total Assets Under Management of the fund (summed over all share classes) in millions. 

AUM Log of fund AUM. 

Age Fund age in years, relative to the earliest Eurekahedge Inception Date 

Performance_Fee Percentage that fund manager takes from the fund returns 

Management_Fee An annual fee calculated as a percentage of average fund size 

Other_Fee Additional fees encompassing subscription, placement, administration, advisory, leverage, 

operations, and conversion, among others. 

Total_Fee Aggregate of performance, management, and other fees. 

SharpeRatio Risk-adjusted measure of return defined as ((𝑅𝑡 − 𝑅𝑓))/𝑆𝑡𝑑𝐷𝑒𝑣𝑡 , where Rt is the raw, annualized 

fund return, Rf is the annualized risk-free rate, and StdDevt is the standard deviation of annualized, 

raw fund return. 

SortinoRatio Risk-adjusted measure of return defined as ((𝑅𝑡 − 𝑅𝑓))/𝐷𝑜𝑤𝑛𝐷𝑒𝑣𝑡 , where Rt is the raw, 

annualized fund return, Rf is the annualized risk-free rate, and DownDevt is the standard deviation 

of annualized, raw, negative fund return. 

MinInvestmentSize The minimum amount that a potential investor can place in a fund. 

ListedOnExchange Dummy variable, which is 1 if the fund is listed on an exchange and 0 otherwise. 

HurdleRate Dummy variable, which is 1 if the fund has a stated hurdle rate and 0 otherwise. 

HighWaterMark Dummy variable, which is 1 if the fund has a stated high water mark and 0 otherwise. 

DomicileOnshore Dummy variable, which is 1 if the location of where the legal entity of the fund is based is the 

United States and 0 otherwise. 

Leverage Dummy variable which is 1 if the fund is leveraged (borrowed capital to increase the return on 

investment) and 0 otherwise. 

LockUp Dummy variable, which is 1 if the fund has a lock-up period (investor of the fund is not allowed 

to sell or redeem shares) and 0 otherwise. 

Flagship Dummy variable, which is 1 if the fund is the flagship of the fund family and 0 otherwise. 

Closed Dummy variable, which is 1 if the fund is closed to new investors and 0 otherwise. 

Dead Dummy variable, which is 1 if the fund is dead and 0 otherwise. 
 

  



 

96 

 

Table 3.1 (continued) 
Panel B. Textual Variables  

Sentences Number of sentences. 

Word Number of words. 

CharNoSpace Number of letters. 

ARI Automated Readability Index (grade-level): 

 𝐴𝑅𝐼𝑖  =  4.71(𝑐ℎ𝑎𝑟𝑎𝑐𝑡𝑒𝑟𝑠
𝑤𝑜𝑟𝑑𝑠⁄ ) +  0.5(𝑤𝑜𝑟𝑑𝑠

𝑠𝑒𝑛𝑡𝑒𝑛𝑐𝑒𝑠⁄ ) −  21.43  

CL Coleman-Liau Index (grade-level): 

𝐶𝐿𝑖 = 0.0588(𝐿) −  0.296(𝑆) −  15.8, where L (S) is the average number of letters (sentences) 

per 100 words.  

FK Flesch-Kincaid grade level: 

 𝐹𝐾𝑖 = 0.39(𝑤𝑜𝑟𝑑𝑠
𝑠𝑒𝑛𝑡𝑒𝑛𝑐𝑒𝑠⁄ ) +  11.8 (

𝑠𝑦𝑎𝑙𝑙𝑎𝑏𝑙𝑒𝑠
𝑤𝑜𝑟𝑑𝑠

⁄ ) −  15.59  

FOG Gunning fog index (grade-level): 

 𝐹𝑂𝐺𝑖 = 0.4 [(𝑤𝑜𝑟𝑑𝑠
𝑠𝑒𝑛𝑡𝑒𝑛𝑐𝑒𝑠⁄ ) +  100 (

𝑐𝑜𝑚𝑝𝑙𝑒𝑥 𝑤𝑜𝑟𝑑𝑠
𝑤𝑜𝑟𝑑𝑠

⁄ )] 

SMOG Simple Measure of Gobbledygook (grade-level): 

 𝑆𝑀𝑂𝐺𝑖 = 1.043√𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑜𝑙𝑦𝑠𝑦𝑙𝑙𝑎𝑏𝑙𝑒𝑠 ×  (30
𝑠𝑒𝑛𝑡𝑒𝑛𝑐𝑒𝑠⁄ ) + 3.1291 

AvgGradeLevel Average of the five grade-level readability measures (Automated Readability Index, Coleman-

Liau Index, Flesch-Kincaid, Gunning Fog Index, and Simple Measure of Gobbledygook) 

SIMALL Average pairwise similarity for a fund relative to all funds in the sample. 

SIMCAT Average pairwise similarity for a fund relative to all funds with the same strategy category 

(Bottom-Up, Dual Approach, Top-Down, Diversified Debt, Event Driven, Value, Long Short 

Equities, Arbitrage, Fixed Income, CTA/Managed Futures, Relative Value, Macro, Distressed 

Debt, Multi-Strategy, Other).  

PerLit Percent of total words in the Loughran and McDonald (2011) litigious word dictionary 

PerNeg Percent of total words in the Loughran and McDonald (2011) negative word dictionary 

PerPos Percent of total words in the Loughran and McDonald (2011) positive word dictionary 

PerUncertain Percent of total words in the Loughran and McDonald (2011) uncertainty word dictionary 
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Table 3.2: Correlation Matrix 
This table provides Pearson correlations of the main variables. See Table 3.1 for variable definitions. ***, **, and * denote significance at the 1%, 5%, and 10% level, respectively. 

   Readability    Similarity   Sentiment  

 ARI CL FK FOG SMOG  SIMALL SIMCAT  PerLit PerNeg PerPos PerUncertain 

ARI 1.000             

CL 0.633 1.0000            

FK 0.980 0.631 1.000           

FOG 0.929 0.607 0.949 1.000          

SMOG 0.945 0.610 0.964 0.961 1.000         

              

SIMALL 0.033 0.094 0.055 0.129 0.102  1.000       

SIMCAT 0.016 0.078 0.025 0.064 0.037  0.778 1.000      

              

PerLit 0.092 0.021 0.080 0.050 0.073  -0.116 -0.038  1.000    

PerNeg -0.023 0.046 -0.006 0.007 -0.028  -0.008 0.022  0.027 1.000   

PerPos 0.148 0.174 0.136 0.165 0.159  0.085 0.022  -0.062 0.011 1.000  

PerUncertain -0.121 -0.084 -0.092 -0.079 -0.113  0.037 0.064  -0.037 0.207 -0.110 1.000 
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Table 3.3: Summary Statistics 

This table shows summary statistics for the yearly variables. The sample period is from January 2007 to December 2013. Panel A 

presents attributes of the hedge funds. Panel B presents the textual attributes of the strategy. Panel C and D present fund alphas 

using OLS and Factor Loading techniques, respectively. See Table 3.1 for variable definitions. 

Variable N Q1 Median Mean Q3 Std. Dev. 

Panel A. Fund Attributes        

Flow 6,841 -0.2352 -0.0343 0.1138 0.2061 0.7123 

FlowVolatility 6,841 0.0349 0.0652 0.1104 0.1268 0.1327 

FundExRet 6,841 -0.0121 0.0048 0.0051 0.0226 0.0402 

FundRetMkt 6,841 -0.0345 0.0653 0.0820 0.1758 0.2095 

FundRetMktSq 6,841 0.0028 0.0137 0.0506 0.0521 0.0935 

FundRetMktNeg 6,841 -0.0104 0.0000 -0.0116 0.0000 0.0256 

AUM 6,841 12.0000 43.0000 140.5554 133.7500 241.6132 

Age 6,841 3.0000 5.0000 6.3160 8.2500 4.5936 

Total_Fee 6,841 0.2002 0.2002 0.1900 0.2150 0.0573 

Management_Fee 6,841 0.0125 0.0150 0.0156 0.0200 0.0046 

Performance_Fee 6,841 0.2000 0.2000 0.1909 0.2000 0.0410 

Other_Fee 6,841 0.0000 0.0000 0.0025 0.0000 0.0089 

SharpeRatio 6,841 0.1200 0.5000 0.6746 1.0000 0.8909 

MinInvestmentSize 6,841 0.1000 0.5000 1.0200 1.0000 1.3644 

ListedOnExchange 6,841 0.0000 0.0000 0.1245 0.0000 0.3302 

HurdleRate 6,841 0.0000 0.0000 0.1542 0.0000 0.3612 

HighWaterMark 6,841 1.0000 1.0000 0.9212 1.0000 0.2695 

DomicileOnshore 6,841 0.0000 0.0000 0.3972 1.0000 0.4893 

Leverage 6,841 0.0000 0.0000 0.4919 1.0000 0.5000 

LockUp 6,841 0.0000 0.0000 0.2603 1.0000 0.4389 

Flagship 6,841 1.0000 1.0000 0.8662 1.0000 0.3404 

Closed 6,841 0.0000 0.0000 0.0487 0.0000 0.2152 

Dead 6,841 0.0000 0.0000 0.0384 0.0000 0.1923 

Number of Unique Funds 1,809      
       

Panel B. Investment Strategy       

Sentences 6,841 6.0000 8.0000 8.5226 10.0000 4.2481 

Word 6,841 127.0000 154.0000 173.5337 189.0000 76.6489 

CharNoSpace 6,841 717.0000 867.0000 975.3092 1080.0000 429.8637 

ARI 6,841 12.7418 14.8728 15.2227 17.2920 3.5940 

CL 6,841 13.2824 14.9343 14.9261 16.5900 2.3403 

FK 6,841 13.4105 15.1062 15.4420 17.1146 2.8457 

FOG 6,841 16.0024 17.9070 18.2578 20.2908 3.1672 

SMOG 6,841 15.3315 16.7681 16.9827 18.4225 2.3380 

AvgGradeLevel 6,841 14.2128 15.9966 16.1757 17.9236 2.6901 

SIMALL 6,841 0.0259 0.0301 0.0302 0.0344 0.0062 

SIMCAT 6,841 0.0313 0.0385 0.0409 0.0486 0.0133 

PerLit 6,841 0.0000 0.0000 0.0029 0.0000 0.0063 

PerNeg 6,841 0.0083 0.0164 0.0222 0.0323 0.0209 

PerPos 6,841 0.0108 0.0215 0.0248 0.0361 0.0195 

PerUncertain 6,841 0.0116 0.0253 0.0285 0.0423 0.0226 
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 Table 3.3 (continued) 
Variable N Q1 Median Mean Q3 Std. Dev. 

Panel C. Alphas (OLS)        

Fama-French 6,841 -0.00068 0.00397 0.00499 0.00954 0.01036 

Carhart Four-Factor 6,841 -0.00096 0.00368 0.00457 0.00903 0.01022 

Pastor-Stambaugh Four-Factor 6,841 -0.00056 0.00413 0.00519 0.00986 0.01054 

Fung-Hsieh Seven-Factor 6,841 0.00042 0.00528 0.00655 0.01134 0.01136 

Fung-Hsieh Eight-Factor 6,841 -0.00128 0.00366 0.00450 0.00921 0.01115 
       

Panel D. Alphas (Loading)       

Fama-French 6,841 -0.01541 0.00228 0.00264 0.01923 0.04292 

Carhart Four-Factor 6,841 -0.01573 0.00230 0.00274 0.01963 0.04454 

Pastor-Stambaugh Four-Factor 6,841 -0.01555 0.00247 0.00295 0.01997 0.04429 

Fung-Hsieh Seven-Factor 6,841 -0.01629 0.00338 0.00386 0.02298 0.04900 

Fung-Hsieh Eight-Factor 6,841 -0.01637 0.00295 0.00332 0.02202 0.04725 
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Table 3.4: Summary Statistics by Period 

This table shows summary means for the main variables by the following subperiods: January 2007 to December 2008, January 

2009 to December 2011, and January 2012 to December 2013. Panel A presents attributes of the hedge funds. Panel B presents 

the textual attributes of the strategy reported to Eurekahedge. Panel C and D present fund alphas using OLS and Factor Loading 

techniques, respectively. I record variables at a yearly frequency. 

Variable 2007 – 2008 2009 – 2011 2012 – 2013 Full 

Panel A. Fund Attributes          

Flow 0.01968  0.02023  0.00469  0.1138  

FlowVolatility 0.12748  0.12067  0.11311  0.1104  

FundExRet 0.01001  0.00794  0.00384  0.0051  

FundRetMkt 0.01365  0.00991  0.00500  0.0820  

FundRetMktSq 0.00289  0.00157  0.00211  0.0506  

FundRetMktNeg -0.01151  -0.00810  -0.01280  -0.0116  

AUM 100.45592  133.16221  153.95068  140.5554  

Age 3.35251  4.08491  5.36563  6.3160  

Total_Fee 0.06912  0.07009  0.06941  0.1900  

Management_Fee 0.01473  0.01490  0.01591  0.0156  

Performance_Fee 0.18971  0.19212  0.19059  0.1909  

Other_Fee 0.00219  0.00241  0.00255  0.0025  

SharpeRatio 0.70220  0.64536  0.51580  0.6746  

MinInvestmentSize 1.54237  1.07434  0.97681  1.0200  

ListedOnExchange 0.11011  0.16502  0.14666  0.1245  

HurdleRate 0.14457  0.12839  0.14012  0.1542  

HighWaterMark 0.94080  0.94833  0.91099  0.9212  

DomicileOnshore 0.55028  0.41496  0.35622  0.3972  

Leverage 0.42162  0.48449  0.54104  0.4919  

LockUp 0.32644  0.28071  0.27805  0.2603  

Flagship 0.77204  0.75899  0.75377  0.8662  

Closed 0.07838  0.07988  0.06673  0.0487  

Dead 0.33235  0.46364  0.28601  0.0384  

Number of Unique Funds 176  437  1516  1809  
         

Panel B. Investment Strategy         

Sentences 7.6542  8.1749  8.4338  10.0000  

Word 156.4188  163.7668  171.6357  189.0000  

CharNoSpace 913.4113  940.3627  975.4395  1,080.0000  

ARI 16.1886  15.7008  15.6553  15.2227  

CL 16.0872  15.5408  15.2117  14.9261  

FK 16.2386  15.8744  15.8130  15.4420  

FOG 19.1010  18.7611  18.6032  18.2578  

SMOG 17.6233  17.3061  17.2432  16.9827  

AvgGradeLevel 17.0477  16.6366  16.5053  16.1757  

SIMALL 0.0261  0.0275  0.0365  0.0302  

SIMCAT 0.0397  0.0349  0.0504  0.0409  

PerLit 0.0028  0.0029  0.0030  0.0029  

PerNeg 0.0186  0.0208  0.0253  0.0222  

PerPos 0.0172  0.0218  0.0317  0.0248  

PerUncertain 0.0218  0.0263  0.0313  0.0285  
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Table 3.4 (continued) 

Variable 2007 – 2008 2009 – 2011 2012 – 2013 Full 

Panel C. Alphas (OLS)          

Fama-French 0.0043  0.0056  0.0048  0.0050  

Carhart Four-Factor 0.0043  0.0056  0.0043  0.0046  

Pastor-Stambaugh Four-Factor 0.0047  0.0058  0.0051  0.0052  

Fung-Hsieh Seven-Factor 0.0047  0.0070  0.0065  0.0066  

Fung-Hsieh Eight-Factor 0.0094  0.0058  0.0040  0.0045  
         

Panel D. Alphas (Loading)         

Fama-French 0.0068  0.0051  0.0018  0.0026  

Carhart Four-Factor 0.0073  0.0055  0.0019  0.0027  

Pastor-Stambaugh Four-Factor 0.0066  0.0054  0.0022  0.0030  

Fung-Hsieh Seven-Factor 0.0017  0.0064  0.0033  0.0039  

Fung-Hsieh Eight-Factor 0.0048  0.0040  0.0031  0.0033  
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Table 3.5: Summary Statistics by Strategy 

This table shows summary means for the yearly variables by fund strategy (Bottom-Up, Dual Approach, Top-Down, Diversified Debt, Event Driven, Value, Long Short Equities, 

Arbitrage, Fixed Income, CTA/Managed Futures, Relative Value, Macro, Distressed Debt, Multi-Strategy, Other). Panel A presents attributes of the hedge funds. Panel B presents 

the textual attributes of the strategy reported to Eurekahedge. Panel C and D present fund alphas using OLS and Factor Loading techniques, respectively. 
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Panel A. Fund Attributes                 

Flow 0.010 0.006 0.012 0.009 0.002 0.011 0.011 0.004 0.007 0.010 0.010 0.012 0.013 0.009 0.016 0.1138 

FlowVolatility 0.110 0.108 0.150 0.106 0.077 0.092 0.099 0.115 0.111 0.129 0.103 0.111 0.129 0.116 0.122 0.1104 

FundExRet 0.005 0.006 0.005 0.006 0.003 0.008 0.006 0.004 0.005 0.005 0.006 0.007 0.005 0.007 0.005 0.0051 

FundRetMkt 0.006 0.008 0.006 0.007 0.004 0.009 0.008 0.005 0.006 0.007 0.007 0.008 0.006 0.009 0.007 0.0820 

FundRetMktSq 0.001 0.005 0.003 0.001 0.001 0.004 0.002 0.001 0.002 0.002 0.002 0.001 0.006 0.004 0.003 0.0506 

FundRetMktNeg -0.005 -0.022 -0.015 -0.008 -0.008 -0.018 -0.009 -0.006 -0.013 -0.011 -0.010 -0.007 -0.026 -0.020 -0.013 -0.0116 

AUM 168.740 129.626 94.824 172.460 395.592 150.993 205.979 159.562 127.805 180.857 187.849 215.376 144.757 18.398 139.153 140.555 

Age 5.534 5.518 5.652 4.925 5.251 4.711 5.407 4.766 4.778 4.518 4.969 4.780 4.550 5.877 3.774 6.3160 

Total_Fee 0.074 0.051 0.072 0.074 0.046 0.055 0.072 0.066 0.071 0.067 0.070 0.072 0.054 0.063 0.072 0.1900 

Management_Fee 0.014 0.014 0.018 0.016 0.014 0.015 0.016 0.015 0.015 0.016 0.017 0.016 0.018 0.013 0.016 0.0156 

Performance_Fee 0.204 0.132 0.196 0.199 0.106 0.145 0.196 0.185 0.194 0.182 0.193 0.197 0.145 0.171 0.194 0.1909 

Other_Fee 0.001 0.009 0.002 0.000 0.022 0.009 0.002 0.002 0.002 0.003 0.002 0.002 0.009 0.006 0.003 0.0025 

SharpeRatio 0.868 0.219 0.362 0.877 0.397 0.299 0.683 0.764 0.466 0.431 0.664 0.922 0.076 0.350 1.024 0.6746 

MinInvestmentSize 1.412 0.304 1.018 1.709 0.126 0.467 1.412 1.126 0.726 1.063 1.437 2.002 0.501 0.660 0.842 1.0200 

ListedOnExchange 0.144 0.386 0.093 0.017 0.521 0.399 0.067 0.139 0.184 0.117 0.105 0.070 0.575 0.000 0.173 0.1245 

HurdleRate 0.173 0.399 0.051 0.078 0.459 0.370 0.090 0.214 0.103 0.302 0.121 0.079 0.298 0.705 0.167 0.1542 

HighWaterMark 0.960 0.780 0.839 0.944 0.412 0.818 0.969 0.896 0.963 0.904 0.914 0.959 0.766 0.990 0.872 0.9212 

DomicileOnshore 0.517 0.131 0.582 0.469 0.136 0.064 0.407 0.248 0.370 0.315 0.273 0.426 0.052 0.311 0.306 0.3972 

Leverage 0.741 0.191 0.591 0.369 0.400 0.204 0.387 0.685 0.494 0.681 0.542 0.665 0.391 0.216 0.351 0.4919 

LockUp 0.315 0.139 0.057 0.758 0.320 0.173 0.547 0.304 0.305 0.146 0.255 0.297 0.086 0.400 0.328 0.2603 

Flagship 0.690 0.865 0.843 0.575 0.637 0.827 0.692 0.701 0.762 0.779 0.745 0.638 0.712 0.991 0.822 0.8662 

Closed 0.010 0.064 0.023 0.070 0.191 0.051 0.036 0.029 0.088 0.065 0.103 0.157 0.216 0.000 0.104 0.0487 

Dead 0.355 0.126 0.269 0.397 0.025 0.139 0.300 0.296 0.390 0.371 0.315 0.197 0.200 0.077 0.426 0.0384 

Number of Unique Funds 65 111 401 23 22 49 72 127 569 120 137 21 6 13 73 1,809 
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Table 3.5 (continued) 
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Panel B. Text Measures                 

Sentences 9.500 8.224 8.319 8.117 7.603 9.008 7.355 7.835 8.480 7.974 8.412 8.988 7.496 8.332 7.000 10.000 

Word 198.937 158.500 166.136 171.213 148.891 163.322 175.869 161.576 167.683 158.152 174.778 177.944 151.630 171.570 151.705 189.000 

CharNoSpace 1131.137 874.907 936.612 991.665 841.051 903.489 1027.143 914.912 950.461 904.985 1018.303 1052.784 884.082 948.836 859.039 1080.000 

ARI 15.840 14.259 15.046 16.658 14.640 13.912 19.015 15.835 15.268 15.378 16.248 16.684 16.472 15.039 15.902 15.223 

CL 15.446 14.046 15.015 16.170 15.020 14.042 16.430 15.268 15.008 15.516 16.079 16.430 15.764 14.559 15.246 14.926 

FK 16.033 14.551 15.232 16.356 15.164 14.502 18.560 15.672 15.557 15.687 16.364 17.057 16.389 14.771 15.674 15.442 

FOG 19.127 17.447 17.419 19.259 16.930 17.419 21.452 18.493 18.601 18.453 18.905 20.088 18.489 17.696 18.429 18.258 

SMOG 17.592 16.454 16.491 17.652 16.690 16.333 19.170 17.331 17.115 17.116 17.754 18.061 17.690 16.311 17.219 16.983 

AvgGradeLevel 16.808 15.351 15.841 17.219 15.689 15.242 18.925 16.520 16.310 16.430 17.070 17.664 16.961 15.675 16.494 16.176 

SIMALL 0.027 0.025 0.011 0.018 0.020 0.020 0.026 0.024 0.033 0.030 0.030 0.032 0.018 0.024 0.013 0.030 

SIMCAT 0.053 0.053 0.041 0.039 0.029 0.044 0.062 0.038 0.041 0.067 0.050 0.052 0.033 0.051 0.019 0.041 

PerLit 0.010 0.001 0.003 0.012 0.016 0.011 0.000 0.003 0.001 0.006 0.003 0.016 0.034 0.007 0.000 0.003 

PerNeg 0.066 0.006 0.018 0.112 0.085 0.077 0.001 0.040 0.006 0.023 0.018 0.111 0.236 0.051 0.000 0.022 

PerPos 0.080 0.021 0.021 0.102 0.134 0.092 0.000 0.048 0.006 0.028 0.008 0.133 0.283 0.061 0.000 0.025 

PerUncertain 0.092 0.009 0.025 0.155 0.118 0.107 0.000 0.032 0.007 0.055 0.025 0.154 0.327 0.071 0.000 0.029 
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Table 3.5 (continued 2)  
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Panel C. Alphas (OLS)                  

Fama-French 0.005 0.008 0.004 0.005 0.005 0.007 0.006 0.005 0.004 0.005 0.006 0.008 0.007 0.010 0.005 0.005 

Carhart Four-Factor 0.005 0.006 0.004 0.005 0.005 0.006 0.005 0.005 0.004 0.004 0.005 0.008 0.005 0.008 0.005 0.005 

Pastor-Stambaugh Four-Factor 0.005 0.009 0.004 0.005 0.005 0.007 0.006 0.005 0.005 0.005 0.006 0.008 0.008 0.011 0.005 0.005 

Fung-Hsieh Seven-Factor 0.005 0.011 0.006 0.006 0.004 0.009 0.007 0.005 0.006 0.006 0.007 0.008 0.010 0.013 0.007 0.007 

Fung-Hsieh Eight-Factor 0.004 0.005 0.005 0.006 0.004 0.004 0.006 0.005 0.003 0.004 0.005 0.007 0.005 0.009 0.004 0.005 

                 

Panel D. Alphas (Loading)                 

Fama-French 0.004 0.001 0.003 0.003 0.003 0.000 0.003 0.003 0.002 0.003 0.003 0.005 0.003 0.004 0.001 0.003 

Carhart Four-Factor 0.003 0.002 0.004 0.004 0.003 0.001 0.003 0.003 0.002 0.003 0.003 0.005 0.003 0.004 0.002 0.003 

Pastor-Stambaugh Four-Factor 0.003 0.002 0.004 0.003 0.003 0.001 0.003 0.003 0.002 0.004 0.004 0.005 0.004 0.005 0.002 0.003 

Fung-Hsieh Seven-Factor 0.003 0.004 0.004 0.003 0.003 0.003 0.004 0.003 0.004 0.003 0.005 0.006 0.009 0.008 0.002 0.004 

Fung-Hsieh Eight-Factor 0.003 0.004 0.004 0.003 0.002 0.002 0.003 0.003 0.003 0.003 0.004 0.006 0.011 0.008 0.001 0.003 
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Table 3.6: Effect of Disclosure Composition on Flows & Return – Univariate 
This table presents difference-in-means estimates of percentage flow, excess return, and market-adjusted return, conditional on different independent variables. Panel A includes 

continuous (non-binary) fund attributes, Panel B includes binary fund attributes, and Panel C includes the textual attributes of the Investment Strategy. In Panels A and C, for each 

independent variable, the sample is sorted into quartiles where the mean of each dependent variable is calculated. Columns (Q1) and (Q4) are the means of the dependent variables 

for the smallest and largest quartiles. Column (Q4)–(Q1) is the difference in the highest quartile (Q4) and the lowest quartile (Q1). In Panel B, for each independent variable, the 

sample is sorted by the two binary values where the mean of each dependent variable is calculated. Columns (0) and (1) are the means of the dependent variables for the two possible 

values. Column (1)–(0) is the difference in (1) and (0). Significance levels at the 10%, 5%, and 1% are indicated by *, **, and ***, respectively. 

 Flow Excess Return Market-Adjusted Return 

Variable (Q1) (Q4) (Q4)–(Q1) P-value (Q1) (Q4) (Q4)–(Q1) P-value (Q1) (Q4) (Q4)–(Q1) P-value 

Panel A. Fund Attributes (Continuous)                

Flow (t-1) 0.0004 0.0290 0.0286  0.0000*** 0.0058 0.0055 -0.0004  0.2115 0.0076 0.0070 -0.0006  0.0694*  

Flow (t-2) -0.0030 0.0317 0.0347  0.0000*** 0.0056 0.0057 0.0001  0.7353 0.0072 0.0072 0.0000  0.9344 

Flow (t-3) -0.0063 0.0291 0.0354  0.0000*** 0.0059 0.0051 -0.0008  0.0160**  0.0074 0.0067 -0.0008  0.0299**  

FlowVolatility (t-1) 0.0009 0.0175 0.0166  0.0000*** 0.0034 0.0052 0.0018  0.0000*** 0.0046 0.0068 0.0022  0.0000*** 

FundExRet (t-1) -0.0013 0.0185 0.0198  0.0000*** 0.0005 0.0113 0.0108  0.0000*** 0.0011 0.0139 0.0128  0.0000*** 

FundExRet (t-2) -0.0033 0.0183 0.0216  0.0000*** 0.0040 0.0088 0.0048  0.0000*** 0.0051 0.0108 0.0057  0.0000*** 

FundExRet (t-3) -0.0027 0.0177 0.0203  0.0000*** 0.0028 0.0094 0.0066  0.0000*** 0.0045 0.0111 0.0066  0.0000*** 

FundRetMkt (t-1) -0.0014 0.0185 0.0198  0.0000*** 0.0006 0.0112 0.0106  0.0000*** 0.0012 0.0138 0.0126  0.0000*** 

FundRetMkt (t-2) -0.0029 0.0185 0.0214  0.0000*** 0.0039 0.0088 0.0049  0.0000*** 0.0051 0.0107 0.0056  0.0000*** 

FundRetMkt (t-3) -0.0019 0.0179 0.0198  0.0000*** 0.0024 0.0097 0.0072  0.0000*** 0.0041 0.0114 0.0073  0.0000*** 

FundRetMktSq (t-1) 0.0063 0.0099 0.0037  0.0000*** 0.0029 0.0076 0.0047  0.0000*** 0.0041 0.0095 0.0054  0.0000*** 

FundRetMktSq (t-2) 0.0065 0.0094 0.0029  0.0000*** 0.0030 0.0082 0.0053  0.0000*** 0.0044 0.0100 0.0056  0.0000*** 

FundRetMktSq (t-3) 0.0068 0.0093 0.0025  0.0002*** 0.0031 0.0078 0.0046  0.0000*** 0.0044 0.0098 0.0054  0.0000*** 

AUM (t-1) 0.0148 0.0018 -0.0129  0.0000*** 0.0062 0.0041 -0.0022  0.0000*** 0.0080 0.0053 -0.0027  0.0000*** 

AUM (t-2) 0.0159 0.0000 -0.0158  0.0000*** 0.0063 0.0040 -0.0024  0.0000*** 0.0081 0.0052 -0.0029  0.0000*** 

AUM (t-3) 0.0173 -0.0014 -0.0187  0.0000*** 0.0064 0.0037 -0.0027  0.0000*** 0.0082 0.0049 -0.0033  0.0000*** 

Age 0.0310 -0.0028 -0.0337  0.0000*** 0.0069 0.0043 -0.0026  0.0000*** 0.0085 0.0056 -0.0029  0.0000*** 

Total_Fee 0.0062 0.0069 0.0007  0.3895 0.0045 0.0044 -0.0001  0.7431 0.0059 0.0059 -0.0001  0.8837 

SharpeRatio 0.0085 0.0132 0.0047  0.0000*** 0.0007 0.0086 0.0079  0.0000*** 0.0018 0.0101 0.0083  0.0000*** 
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Table 3.6 (continued)  

 Flow Excess Return Market-Adjusted Return 

Variable (0) (1) (1)–(0) P-value (0) (1) (1)–(0) P-value (0) (1) (1)–(0) P-value 

Panel B. Fund Attributes (Binary)                

ListedOnExchange 0.0095 0.0062 -0.0033  0.0000*** 0.0052 0.0039 -0.0013  0.0000*** 0.0067 0.0054 -0.0013  0.0000*** 

HurdleRate 0.0095 0.0054 -0.0041  0.0000*** 0.0050 0.0054 0.0004  0.1839 0.0065 0.0067 0.0003  0.4415 

HighWaterMark 0.0065 0.0092 0.0027  0.0018*** 0.0049 0.0051 0.0002  0.6209 0.0060 0.0065 0.0005  0.2385 

DomicileOnshore 0.0086 0.0097 0.0012  0.0141**  0.0047 0.0056 0.0008  0.0001*** 0.0061 0.0071 0.0010  0.0000*** 

Leverage 0.0088 0.0091 0.0004  0.4129 0.0052 0.0049 -0.0002  0.2318 0.0067 0.0063 -0.0004  0.0853*  

LockUp 0.0085 0.0102 0.0016  0.0011*** 0.0049 0.0055 0.0006  0.0055*** 0.0063 0.0070 0.0007  0.0029*** 

Flagship 0.0086 0.0092 0.0005  0.3246 0.0043 0.0053 0.0010  0.0000*** 0.0055 0.0068 0.0013  0.0000*** 

Closed 0.0089 0.0112 0.0023  0.0084*** 0.0050 0.0064 0.0014  0.0002*** 0.0064 0.0079 0.0015  0.0004*** 

Dead 0.0104 0.0063 -0.0040  0.0000*** 0.0062 0.0028 -0.0034  0.0000*** 0.0074 0.0047 -0.0027  0.0000*** 

                

 Flow Excess Return Market-Adjusted Return 

Variable (Q1) (Q4) (Q4)–(Q1) P-value (Q1) (Q4) (Q4)–(Q1) P-value (Q1) (Q4) (Q4)–(Q1) P-value 

Panel C. Investment Strategy                

ARI 0.1135 0.1227 0.0092  0.7526 0.0048 0.0053 0.0005  0.0604*  0.0063 0.0066 0.0003  0.4001 

CL 0.0850 0.1312 0.0462  0.0985* 0.0051 0.0051 0.0000  0.9976 0.0066 0.0064 -0.0002  0.6063 

FK 0.1132 0.1162 0.0030  0.9151 0.0049 0.0051 0.0002  0.5784 0.0065 0.0063 -0.0001  0.6680 

FOG 0.1284 0.1328 0.0044  0.8811 0.0051 0.0052 0.0002  0.5493 0.0066 0.0065 -0.0001  0.7184 

SMOG 0.1161 0.1303 0.0142  0.6231 0.0050 0.0053 0.0003  0.2588 0.0066 0.0066 0.0001  0.8437 

AvgGradeLevel 0.1090 0.1250 0.0160  0.5753 0.0048 0.0052 0.0004  0.1309 0.0063 0.0065 0.0001  0.6646 

SIMALL 0.0841 0.1304 0.0463  0.0954* 0.0051 0.0052 0.0001  0.6962 0.0066 0.0066 -0.0001  0.8406 

SIMCAT 0.0828 0.1315 0.0487  0.0763* 0.0051 0.0049 -0.0002  0.4413 0.0066 0.0062 -0.0004  0.7154 

PerLit 0.1611 0.1023 -0.0588  0.0277** 0.0048 0.0052 0.0004  0.4777 0.0065 0.0063 -0.0001  0.7572 

PerNeg 0.0935 0.0905 -0.0030  0.9103 0.0049 0.0051 0.0002  0.5322 0.0063 0.0066 0.0003  0.6987 

PerPos 0.1088 0.1363 0.0276  0.3375 0.0051 0.0052 0.0001  0.4406 0.0066 0.0066 -0.0001  0.7403 

PerUncertain 0.1610 0.0595 -0.1015  0.0004*** 0.0050 0.0053 0.0003  0.5725 0.0066 0.0064 -0.0002  0.6618 
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Table 3.7: Effect of Disclosure Composition on Hedge Fund Alphas (OLS) 
This table presents difference-in-means estimates of Carhart Four-Factor, Fung-Hsieh Seven-Factor, and Fung-Hsieh Eight-Factor OLS alphas, conditional on different independent 

variables. Panel A includes continuous (non-binary) fund attributes, Panel B includes binary fund attributes, and Panel C includes the textual attributes of the Investment Strategy. 

In Panels A and C, for each independent variable, the sample is sorted into quartiles where the mean of each dependent variable is calculated. Columns (Q1) and (Q4) are the means 

of the dependent variables for the smallest and largest quartiles. Column (Q4)–(Q1) is the difference in the highest quartile (Q4) and the lowest quartile (Q1). In Panel B, for each 

independent variable, the sample is sorted by the two binary values where the mean of each dependent variable is calculated. Columns (0) and (1) are the means of the dependent 

variables for the two possible values. Column (1)–(0) is the difference in (1) and (0). Significance levels at the 10%, 5%, and 1% are indicated by *, **, and ***, respectively. 

 Carhart Four-Factor Fung-Hsieh Seven-Factor Fung-Hsieh Eight-Factor 

Variable (Q1) (Q4) (Q4)–(Q1) P-value (Q1) (Q4) (Q4)–(Q1) P-value (Q1) (Q4) (Q4)–(Q1) P-value 

Panel A. Fund Attributes (Continuous)                

Flow (t-1) 0.0034 0.0061 0.0027  0.0000*** 0.0059 0.0080 0.0021  0.0000*** 0.0036 0.0059 0.0023  0.0000*** 

Flow (t-2) 0.0034 0.0061 0.0027  0.0000*** 0.0059 0.0081 0.0021  0.0000*** 0.0036 0.0059 0.0023  0.0000*** 

Flow (t-3) 0.0035 0.0061 0.0026  0.0000*** 0.0060 0.0080 0.0020  0.0000*** 0.0037 0.0059 0.0022  0.0000*** 

FlowVolatility (t-1) 0.0041 0.0056 0.0015  0.0000*** 0.0058 0.0075 0.0017  0.0000*** 0.0040 0.0053 0.0013  0.0000*** 

FundExRet (t-1) 0.0022 0.0074 0.0052  0.0000*** 0.0047 0.0104 0.0057  0.0000*** 0.0024 0.0071 0.0048  0.0000*** 

FundExRet (t-2) 0.0022 0.0074 0.0052  0.0000*** 0.0048 0.0103 0.0055  0.0000*** 0.0023 0.0072 0.0049  0.0000*** 

FundExRet (t-3) 0.0021 0.0076 0.0055  0.0000*** 0.0047 0.0106 0.0060  0.0000*** 0.0023 0.0074 0.0051  0.0000*** 

FundRetMkt (t-1) 0.0021 0.0075 0.0053  0.0000*** 0.0046 0.0105 0.0059  0.0000*** 0.0023 0.0072 0.0049  0.0000*** 

FundRetMkt (t-2) 0.0022 0.0074 0.0052  0.0000*** 0.0048 0.0103 0.0055  0.0000*** 0.0023 0.0073 0.0050  0.0000*** 

FundRetMkt (t-3) 0.0021 0.0076 0.0055  0.0000*** 0.0046 0.0107 0.0060  0.0000*** 0.0023 0.0075 0.0052  0.0000*** 

FundRetMktSq (t-1) 0.0040 0.0055 0.0015  0.0000*** 0.0050 0.0090 0.0039  0.0000*** 0.0038 0.0055 0.0016  0.0000*** 

FundRetMktSq (t-2) 0.0039 0.0055 0.0016  0.0000*** 0.0049 0.0091 0.0042  0.0000*** 0.0038 0.0056 0.0018  0.0000*** 

FundRetMktSq (t-3) 0.0038 0.0056 0.0018  0.0000*** 0.0048 0.0092 0.0044  0.0000*** 0.0036 0.0057 0.0021  0.0000*** 

AUM (t-1) 0.0028 0.0057 0.0029  0.0000*** 0.0047 0.0074 0.0027  0.0000*** 0.0029 0.0054 0.0025  0.0000*** 

AUM (t-2) 0.0029 0.0055 0.0027  0.0000*** 0.0048 0.0072 0.0024  0.0000*** 0.0030 0.0052 0.0022  0.0000*** 

AUM (t-3) 0.0030 0.0054 0.0023  0.0000*** 0.0050 0.0071 0.0021  0.0000*** 0.0031 0.0051 0.0020  0.0000*** 

Age 0.0063 0.0038 -0.0025  0.0000*** 0.0085 0.0060 -0.0026  0.0000*** 0.0066 0.0039 -0.0027  0.0000*** 

Total_Fee 0.0034 0.0043 0.0009  0.0000*** 0.0055 0.0068 0.0013  0.0000*** 0.0034 0.0049 0.0015  0.0000*** 

SharpeRatio 0.0005 0.0077 0.0071  0.0000*** 0.0030 0.0086 0.0057  0.0000*** 0.0007 0.0075 0.0067  0.0000*** 
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Table 3.7 (continued)  

 Carhart Four-Factor Fung-Hsieh Seven-Factor Fung-Hsieh Eight-Factor 

Variable (0) (1) (1)–(0) P-value (0) (1) (1)–(0) P-value (0) (1) (1)–(0) P-value 

Panel B. Fund Attributes (Binary)                

ListedOnExchange 0.0048 0.0035 -0.0013  0.0000*** 0.0066 0.0060 -0.0006  0.0000*** 0.0048 0.0031 -0.0017  0.0000*** 

HurdleRate 0.0045 0.0049 0.0004  0.0002*** 0.0065 0.0070 0.0005  0.0000*** 0.0045 0.0044 -0.0001  0.3216 

HighWaterMark 0.0048 0.0046 -0.0002  0.1476 0.0074 0.0065 -0.0009  0.0000*** 0.0054 0.0044 -0.0009  0.0000*** 

DomicileOnshore 0.0046 0.0046 0.0000  0.9090 0.0067 0.0063 -0.0005  0.0000*** 0.0042 0.0050 0.0008  0.0000*** 

Leverage 0.0045 0.0047 0.0002  0.0080*** 0.0066 0.0065 -0.0002  0.0112**  0.0043 0.0047 0.0004  0.0000*** 

LockUp 0.0043 0.0054 0.0011  0.0000*** 0.0064 0.0068 0.0004  0.0000*** 0.0042 0.0054 0.0012  0.0000*** 

Flagship 0.0041 0.0047 0.0007  0.0000*** 0.0056 0.0069 0.0013  0.0000*** 0.0039 0.0047 0.0008  0.0000*** 

Closed 0.0044 0.0065 0.0021  0.0000*** 0.0064 0.0084 0.0020  0.0000*** 0.0044 0.0060 0.0016  0.0000*** 

Dead 0.0053 0.0027 -0.0026  0.0000*** 0.0075 0.0043 -0.0031  0.0000*** 0.0053 0.0025 -0.0028  0.0000*** 

                

 Carhart Four-Factor Fung-Hsieh Seven-Factor Fung-Hsieh Eight-Factor 

Variable (Q1) (Q4) (Q4)–(Q1) P-value (Q1) (Q4) (Q4)–(Q1) P-value (Q1) (Q4) (Q4)–(Q1) P-value 

Panel C. Investment Strategy                

ARI 0.0043 0.0047 0.0005  0.0000*** 0.0067 0.0064 -0.0002  0.0307**  0.0039 0.0047 0.0008  0.0000*** 

CL 0.0040 0.0045 0.0005  0.0000*** 0.0067 0.0063 -0.0004  0.0000*** 0.0040 0.0046 0.0006  0.0000*** 

FK 0.0043 0.0046 0.0003  0.0004*** 0.0067 0.0063 -0.0004  0.0002*** 0.0041 0.0046 0.0005  0.0000*** 

FOG 0.0042 0.0047 0.0005  0.0000*** 0.0067 0.0064 -0.0002  0.0396**  0.0041 0.0047 0.0006  0.0000*** 

SMOG 0.0044 0.0049 0.0005  0.0000*** 0.0067 0.0065 -0.0002  0.1015 0.0041 0.0047 0.0006  0.0000*** 

AvgGradeLevel 0.0041 0.0048 0.0007  0.0000*** 0.0066 0.0064 -0.0002  0.0858*  0.0039 0.0047 0.0008  0.0000*** 

SIMALL 0.0050 0.0053 0.0002  0.0234***  0.0065 0.0069 0.0003  0.0021*** 0.0048 0.0045 -0.0003  0.0030*** 

SIMCAT 0.0054 0.0050 -0.0004  0.0000*** 0.0068 0.0062 -0.0006  0.0000*** 0.0044 0.0047 0.0003  0.0008*** 

PerLit 0.0042 0.0047 0.0005  0.0000*** 0.0067 0.0062 -0.0005  0.0000*** 0.0040 0.0046 0.0006  0.0000*** 

PerNeg 0.0040 0.0045 0.0005  0.0000*** 0.0067 0.0063 -0.0004  0.0000*** 0.0039 0.0047 0.0008  0.0000*** 

PerPos 0.0041 0.0048 0.0007  0.0000*** 0.0068 0.0062 -0.0006  0.0000*** 0.0041 0.0046 0.0005  0.0000*** 

PerUncertain 0.0043 0.0046 0.0003  0.0002*** 0.0067 0.0065 -0.0002  0.2393 0.0041 0.0047 0.0006  0.0000*** 
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Table 3.8: Effect of Disclosure Composition on Hedge Fund Alphas (Loading) 
This table presents difference-in-means estimates of Carhart Four-Factor, Fung-Hsieh Seven-Factor, and Fung-Hsieh Eight-Factor loading alphas, conditional on different 

independent variables. Panel A includes continuous (non-binary) fund attributes, Panel B includes binary fund attributes, and Panel C includes the textual attributes of the Investment 

Strategy. In Panels A and C, for each independent variable, the sample is sorted into quartiles where the mean of each dependent variable is calculated. Columns (Q1) and (Q4) are 

the means of the dependent variables for the smallest and largest quartiles. Column (Q4)–(Q1) is the difference in the highest quartile (Q4) and the lowest quartile (Q1). In Panel B, 

for each independent variable, the sample is sorted by the two binary values where the mean of each dependent variable is calculated. Columns (0) and (1) are the means of the 

dependent variables for the two possible values. Column (1)–(0) is the difference in (1) and (0). Significance levels at the 10%, 5%, and 1% are indicated by *, **, and ***, respectively. 

 Carhart Four-Factor Fung-Hsieh Seven-Factor Fung-Hsieh Eight-Factor 

Variable (Q1) (Q4) (Q4)–(Q1) P-value (Q1) (Q4) (Q4)–(Q1) P-value (Q1) (Q4) (Q4)–(Q1) P-value 

Panel A. Fund Attributes (Continuous)                

Flow (t-1) 0.0035 0.0029 -0.0006  0.1615 0.0053 0.0037 -0.0016  0.0013*** 0.0042 0.0033 -0.0010  0.0427**  

Flow (t-2) 0.0030 0.0028 -0.0002  0.6101 0.0051 0.0036 -0.0015  0.0028*** 0.0037 0.0032 -0.0005  0.3231 

Flow (t-3) 0.0034 0.0029 -0.0005  0.2768 0.0043 0.0036 -0.0007  0.1526 0.0031 0.0034 0.0003  0.5586 

FlowVolatility (t-1) 0.0014 0.0030 0.0016  0.0002*** 0.0028 0.0039 0.0011  0.0250**  0.0027 0.0033 0.0006  0.1785 

FundExRet (t-1) -0.0002 0.0063 0.0065  0.0000*** 0.0024 0.0067 0.0043  0.0000*** 0.0006 0.0070 0.0064  0.0000*** 

FundExRet (t-2) 0.0011 0.0047 0.0036  0.0000*** 0.0023 0.0068 0.0045  0.0000*** 0.0006 0.0063 0.0057  0.0000*** 

FundExRet (t-3) 0.0033 0.0042 0.0009  0.0742*  0.0038 0.0051 0.0013  0.0143**  0.0031 0.0047 0.0016  0.0018*** 

FundRetMkt (t-1) 0.0002 0.0061 0.0060  0.0000*** 0.0022 0.0069 0.0046  0.0000*** 0.0008 0.0070 0.0062  0.0000*** 

FundRetMkt (t-2) 0.0011 0.0046 0.0035  0.0000*** 0.0024 0.0065 0.0041  0.0000*** 0.0008 0.0061 0.0053  0.0000*** 

FundRetMkt (t-3) 0.0030 0.0042 0.0012  0.0122**  0.0037 0.0051 0.0014  0.0092*** 0.0032 0.0045 0.0013  0.0146**  

FundRetMktSq (t-1) 0.0017 0.0040 0.0022  0.0000*** 0.0018 0.0063 0.0045  0.0000*** 0.0016 0.0056 0.0039  0.0000*** 

FundRetMktSq (t-2) 0.0024 0.0033 0.0010  0.0272**  0.0025 0.0070 0.0045  0.0000*** 0.0023 0.0051 0.0028  0.0000*** 

FundRetMktSq (t-3) 0.0013 0.0047 0.0033  0.0000*** 0.0022 0.0054 0.0032  0.0000*** 0.0019 0.0044 0.0025  0.0000*** 

AUM (t-1) 0.0031 0.0023 -0.0008  0.0661*  0.0044 0.0029 -0.0016  0.0011*** 0.0035 0.0026 -0.0009  0.0518*  

AUM (t-2) 0.0030 0.0022 -0.0008  0.0666*  0.0042 0.0029 -0.0013  0.0049*** 0.0034 0.0025 -0.0008  0.0772*  

AUM (t-3) 0.0030 0.0021 -0.0010  0.0231**  0.0041 0.0028 -0.0013  0.0053*** 0.0034 0.0023 -0.0010  0.0289**  

Age -0.0007 0.0024 0.0032  0.0001*** 0.0006 0.0036 0.0030  0.0015*** 0.0017 0.0030 0.0013  0.1346 

Total_Fee 0.0017 0.0032 0.0015  0.0055*** 0.0030 0.0037 0.0007  0.2477 0.0024 0.0034 0.0010  0.0912*  

SharpeRatio -0.0016 0.0060 0.0076  0.0000*** -0.0005 0.0066 0.0071  0.0000*** -0.0011 0.0063 0.0074  0.0000*** 
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Table 3.8 (continued)  

 Carhart Four-Factor Fung-Hsieh Seven-Factor Fung-Hsieh Eight-Factor 

Variable (0) (1) (1)–(0) P-value (0) (1) (1)–(0) P-value (0) (1) (1)–(0) P-value 

Panel B. Fund Attributes (Binary)                

ListedOnExchange 0.0030 0.0015 -0.0015  0.0001*** 0.0039 0.0036 -0.0003  0.5265 0.0035 0.0026 -0.0008  0.0472**  

HurdleRate 0.0027 0.0028 0.0001  0.8107 0.0039 0.0036 -0.0003  0.6008 0.0034 0.0029 -0.0005  0.2464 

HighWaterMark 0.0026 0.0028 0.0002  0.7945 0.0036 0.0039 0.0002  0.7570 0.0034 0.0033 -0.0001  0.9209 

DomicileOnshore 0.0024 0.0033 0.0009  0.0018*** 0.0039 0.0038 -0.0001  0.7433 0.0032 0.0035 0.0003  0.3668 

Leverage 0.0024 0.0030 0.0006  0.0413**  0.0039 0.0037 -0.0002  0.4725 0.0033 0.0033 -0.0001  0.8037 

LockUp 0.0025 0.0033 0.0008  0.0080*** 0.0038 0.0040 0.0002  0.5213 0.0032 0.0037 0.0006  0.0930*  

Flagship 0.0025 0.0028 0.0004  0.2418 0.0033 0.0040 0.0007  0.0297**  0.0028 0.0035 0.0007  0.0333**  

Closed 0.0026 0.0050 0.0025  0.0000*** 0.0037 0.0059 0.0022  0.0005*** 0.0032 0.0050 0.0018  0.0040*** 

Dead 0.0035 0.0008 -0.0027  0.0000*** 0.0046 0.0020 -0.0026  0.0000*** 0.0042 0.0011 -0.0031  0.0000*** 

                

 Carhart Four-Factor Fung-Hsieh Seven-Factor Fung-Hsieh Eight-Factor 

Variable (Q1) (Q4) (Q4)–(Q1) P-value (Q1) (Q4) (Q4)–(Q1) P-value (Q1) (Q4) (Q4)–(Q1) P-value 

Panel C. Investment Strategy                

ARI 0.0020 0.0029 0.0009  0.0315**  0.0039 0.0037 -0.0002  0.6605 0.0031 0.0032 0.0001  0.7365 

CL 0.0022 0.0031 0.0009  0.0303**  0.0039 0.0041 0.0002  0.6637 0.0032 0.0037 0.0005  0.2376 

FK 0.0023 0.0028 0.0005  0.2398 0.0041 0.0037 -0.0004  0.3728 0.0033 0.0033 0.0000  0.9371 

FOG 0.0023 0.0027 0.0004  0.3723 0.0039 0.0033 -0.0006  0.1994 0.0033 0.0029 -0.0003  0.4533 

SMOG 0.0024 0.0028 0.0004  0.3326 0.0039 0.0034 -0.0005  0.2812 0.0032 0.0031 -0.0002  0.6799 

AvgGradeLevel 0.0020 0.0029 0.0009  0.0215**  0.0038 0.0037 -0.0001  0.8589 0.0030 0.0033 0.0003  0.4506 

SIMALL 0.0029 0.0029 0.0000  0.9294 0.0037 0.0042 0.0006  0.2322 0.0032 0.0035 0.0003  0.4776 

SIMCAT 0.0027 0.0032 0.0009  0.0264** 0.0039 0.0038 -0.0001  0.8309 0.0033 0.0035 0.0002  0.6308 

PerLit 0.0023 0.0027 0.0004  0.3622 0.0039 0.0041 0.0002  0.6894 0.0032 0.0031 -0.0002  0.5814 

PerNeg 0.0024 0.0028 0.0004  0.3951 0.0038 0.0037 -0.0001  0.5623 0.0030 0.0033 0.0003  0.5305 

PerPos 0.0029 0.0029 0.0000  0.4067 0.0037 0.0042 0.0006  0.7089 0.0031 0.0032 0.0001  0.4796 

PerUncertain 0.0025 0.0026 0.0004  0.4235 0.0039 0.0037 -0.0002  0.6126 0.0032 0.0035 0.0003  0.4068 
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Table 3.9: Effect of Similarity on Hedge Fund Flows – Multivariate 

This table presents regressions of monthly fund percentage flows on the similarity measures from January 2007 to December 2013. 

For additional variable definitions, see Table 3.1. The p-values (in parentheses) are clustered by fund and month. Significance 

levels at the 10%, 5%, and 1% are indicated by *, **, and ***, respectively. 

 (1) (2) (3) (4) (5) (6) (7) (8) (9) 

Constant 0.008 0.070** 0.008 0.741*** 0.819*** 0.740*** 0.745*** 0.812*** 0.746*** 

 (0.872) (0.030) (0.877) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 

SIMALL 3.497**  3.300 3.409**  3.469* 3.479**  3.977* 

 (0.030)  (0.101) (0.034)  (0.086) (0.032)  (0.075) 

SIMCAT  1.064 0.151  0.917 -0.045  1.074 -0.389 

  (0.152) (0.870)  (0.214) (0.961)  (0.218) (0.745) 

Age    -0.120*** -0.123*** -0.120*** -0.123*** -0.126*** -0.123*** 

    (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 

AUM    -0.068*** -0.068*** -0.068*** -0.068*** -0.068*** -0.068*** 

    (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 

LockUp    -0.042* -0.040* -0.042* -0.023 -0.023 -0.023 

    (0.061) (0.071) (0.061) (0.320) (0.329) (0.321) 

FundRetMkt (t-1)    0.787*** 0.786*** 0.787*** 0.886*** 0.887*** 0.887*** 

    (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 

FundRetMkt (t-2)    0.389*** 0.388*** 0.389*** 0.462*** 0.465*** 0.462*** 

    (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 

FundRetMktSq (t-1)    -0.506*** -0.508*** -0.506*** -0.488*** -0.488*** -0.491*** 

    (0.000) (0.000) (0.000) (0.002) (0.002) (0.002) 

FundRetMktSq (t-2)    -0.912*** -0.915*** -0.913*** -0.909*** -0.915*** -0.909*** 

    (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 

          

Category, Year FE No No No No No No Yes Yes Yes 

R-squared 0.001 0.000 0.001 0.086 0.085 0.086 0.103 0.102 0.103 

Adj. R-squared 0.001 0.000 0.001 0.084 0.083 0.084 0.097 0.096 0.096 

N 5,054 5,054 5,054 3,981 3,981 3,981 3,981 3,981 3,981 
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Table 3.10: Effect of Readability on Hedge Fund Flows – Multivariate 

This table presents regressions of monthly fund percentage flows on the readability measures from January 2007 to December 

2013. For additional variable definitions, see Table 3.1. The p-values (in parentheses) are clustered by fund and month. Significance 

levels at the 10%, 5%, and 1% are indicated by *, **, and ***, respectively. 

    (1) (2) (3) (4) (5) (6) 

Constant    0.823*** 0.675*** 0.797*** 0.792*** 0.808*** 0.773*** 

    (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 

ARI    0.002      

    (0.419)      

CL     0.013***     

     (0.003)     

FK      0.004    

      (0.289)    

FOG       0.004   

       (0.279)   

SMOG        0.003  

        (0.520)  

AvgGradeLevel         0.005 

         (0.183) 

Age    -0.124*** -0.126*** -0.124*** -0.124*** -0.124*** -0.124*** 

    (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 

AUM    -0.068*** -0.069*** -0.068*** -0.068*** -0.068*** -0.068*** 

    (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 

LockUp    -0.026 -0.034 -0.027 -0.027 -0.025 -0.028 

    (0.279) (0.149) (0.261) (0.260) (0.293) (0.237) 

FundRetMkt (t-1)    0.892*** 0.894*** 0.892*** 0.892*** 0.892*** 0.892*** 

    (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 

FundRetMkt (t-2)    0.467*** 0.467*** 0.467*** 0.467*** 0.467*** 0.467*** 

    (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 

FundRetMktSq (t-1)    -0.501*** -0.496*** -0.500*** -0.501*** -0.500*** -0.500*** 

    (0.002) (0.002) (0.002) (0.002) (0.002) (0.002) 

FundRetMktSq (t-2)    -0.924*** -0.910*** -0.924*** -0.924*** -0.924*** -0.923*** 

    (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 

          

Category, Year FE    Yes Yes Yes Yes Yes Yes 

R-squared    0.102 0.103 0.102 0.102 0.102 0.102 

Adj. R-squared    0.096 0.098 0.096 0.096 0.096 0.096 

N    3,981 3,981 3,981 3,981 3,981 3,981 
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Table 3.11: Effect of Readability and All Similarity on Hedge Fund Flows – Multivariate 
This table presents regressions of monthly fund percentage flows on the readability and similarity measures from January 2007 to 

December 2013For additional variable definitions, see Table 3.1. The p-values (in parentheses) are clustered by fund and month. 

Significance levels at the 10%, 5%, and 1% are indicated by *, **, and ***, respectively. 

 (1) (2) (3) (4) (5) (6) (7) (8) (9) 

Constant 0.062 0.008 -0.026 0.694*** 0.741*** 0.612*** 0.675*** 0.745*** 0.583*** 

 (0.339) (0.872) (0.736) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 

CL 0.003  0.002 0.011**  0.010** 0.013***  0.012*** 

 (0.420)  (0.565) (0.013)  (0.022) (0.003)  (0.006) 

SIMALL  3.497** 3.397**  3.409** 3.033*  3.479** 3.079* 

  (0.030) (0.036)  (0.034) (0.061)  (0.032) (0.059) 

Age    -0.122*** -0.120*** -0.121*** -0.126*** -0.123*** -0.125*** 

    (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 

AUM    -0.068*** -0.068*** -0.069*** -0.069*** -0.068*** -0.069*** 

    (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 

LockUp    -0.052** -0.042* -0.052** -0.034 -0.023 -0.034 

    (0.023) (0.061) (0.023) (0.149) (0.320) (0.149) 

FundRetMkt (t-1)    0.790*** 0.787*** 0.786*** 0.894*** 0.886*** 0.889*** 

    (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 

FundRetMkt (t-2)    0.389*** 0.389*** 0.386*** 0.467*** 0.462*** 0.464*** 

    (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 

FundRetMktSq (t-1)    -0.509*** -0.506*** -0.499*** -0.496*** -0.488*** -0.485*** 

    (0.000) (0.000) (0.000) (0.002) (0.002) (0.002) 

FundRetMktSq (t-2)    -0.913*** -0.912*** -0.897*** -0.910*** -0.909*** -0.899*** 

    (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 

          

Category, Year FE No No No No No No Yes Yes Yes 

R-squared 0.000 0.001 0.001 0.086 0.086 0.087 0.103 0.103 0.104 

Adj. R-squared -0.000 0.001 0.001 0.084 0.084 0.085 0.098 0.097 0.098 

N 5,054 5,054 5,054 3,981 3,981 3,981 3,981 3,981 3,981 
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Table 3.12: Effect of Tone on Hedge Fund Flows – Multivariate 
This table presents regressions of monthly fund percentage flows on the readability measures from January 2007 to December 

2013. For additional variable definitions, see Table 3.1. The p-values (in parentheses) are clustered by fund and month. Significance 

levels at the 10%, 5%, and 1% are indicated by *, **, and ***, respectively. 

 (1) (2) (3) (4) (5) (6) (7) (8) (9) 

Constant 0.839*** 0.841*** 0.837*** 0.820*** 0.855*** 0.844*** 0.852*** 0.820*** 0.795*** 

 (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 

PerLit -3.079*    -2.377    -2.569 

 (0.057)    (0.149)    (0.120) 

PerNeg  -0.197    -0.532   -0.271 

  (0.677)    (0.290)   (0.600) 

PerPos   0.414    0.479  0.559 

   (0.426)    (0.370)  (0.297) 

PerUncertain    -0.795*    -0.892** -0.914** 

    (0.073)    (0.048) (0.049) 

Age -0.122*** -0.121*** -0.121*** -0.121*** -0.124*** -0.124*** -0.125*** -0.124*** -0.125*** 

 (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 

AUM -0.066*** -0.067*** -0.067*** -0.067*** -0.067*** -0.067*** -0.068*** -0.068*** -0.067*** 

 (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 

LockUp -0.040* -0.042* -0.042* -0.037 -0.023 -0.023 -0.023 -0.018 -0.018 

 (0.075) (0.062) (0.061) (0.105) (0.337) (0.320) (0.335) (0.442) (0.436) 

FundRetMkt (t-1) 0.791*** 0.791*** 0.793*** 0.790*** 0.890*** 0.890*** 0.893*** 0.889*** 0.889*** 

 (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 

FundRetMkt (t-2) 0.390*** 0.392*** 0.395*** 0.390*** 0.464*** 0.464*** 0.467*** 0.463*** 0.461*** 

 (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 

FundRetMktSq (t-1) -0.517*** -0.514*** -0.521*** -0.508*** -0.502*** -0.493*** -0.504*** -0.490*** -0.491*** 

 (0.000) (0.000) (0.000) (0.000) (0.002) (0.002) (0.002) (0.002) (0.002) 

FundRetMktSq (t-2) -0.934*** -0.928*** -0.936*** -0.912*** -0.927*** -0.914*** -0.925*** -0.905*** -0.907*** 

 (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 

          

Category, Year FE No No No No Yes Yes Yes Yes Yes 

R-squared 0.086 0.085 0.085 0.086 0.102 0.102 0.102 0.102 0.103 

Adj. R-squared 0.084 0.083 0.083 0.084 0.096 0.096 0.096 0.097 0.097 

N 3,981 3,981 3,981 3,981 3,981 3,981 3,981 3,981 3,981 
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CHAPTER 4   

4 DOES DISCLOSURE MATTER? TEXTUAL COMPOSITION AND MUTUAL 

FUND FLOWS 

 

4.1 Introduction 

Upon the submission of the required forms and reports by mutual funds and other firms, 

the SEC makes available this information for investors to have basic facts about potential 

investments prior to purchase. The merit of these filings in investment decision-making has been 

the topic of much debate. A common belief is that prior to filing, it is most likely that all relevant 

material has already been publically dispersed through channels such as earnings releases and 

conference calls. In the context of the efficient market hypothesis, if investors believe markets are 

strong-form efficient (and act rationally), then filings would be viewed as a formality instead of 

information source. Early empirical work by Easton and Zmijewski (1993) finds minimal evidence 

of investor response to financial reports, which supports this premise. 

However, other studies have found relationships between firm disclosure content and 

trading decisions. You and Zhang (2009) and Miller (2010) find evidence that report complexity 

affects the extent to which investors can incorporate information into stock prices. Arnold et al. 

(2010) compare the word counts in the risk factors and other sections of issuer IPO prospectuses 

and find investors alter their portfolio choice in the presence of ambiguous information. Lawrence 

(2013) documents that the shareholdings of individuals increase in firms with clearer and more 

concise disclosure but that the relationships are weaker for financially-literate individual investors. 

In the context of mutual funds, the relationship between disclosure content and investor 
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decisions has remained empirically unexamined.50 As such, I investigate the relationship between 

the textual composition (readability and similarity) of the Investment Objective-Strategy and 

Principal Risk sections of mutual fund filings and investor trading behavior (mutual fund flows). 

I am of the belief that this is the first such investigation of how mutual funds flows are affected by 

the elements that comprise its prospectus. Further, this is the only simultaneous examination of 

both textual similarity and readability that the literature provides. 

Due to the nature of the two sections, I propose that investors will have opposite (and 

potentially offsetting) reactions to the text that comprise them. Specifically, an investment strategy 

is fund specific and its uniqueness compared to other funds can help to promote the product. In 

addition, strategies with advanced wording could signal to investors the ability of fund 

management. Accordingly, I expect that funds which arrange their Investment Objective-Strategy 

sections with words that are uncommon and difficult to comprehend will observe larger fund flows. 

Conversely, the principal risks across fund are equivalent. Risks that are unique to a fund or more 

difficult to comprehend compared to other funds should be unattractive to potential investors. 

Consequently, funds who arrange their Principal Risks section with words that are common and 

easy to comprehend will observe the larger fund flows. 

This study utilizes univariate, pooled OLS, fixed effects, and principal component analysis. 

                                                 
50 I find two non-empirical studies that examine the relationship between fund text and investor decision-making. 

First, Jones et al. (2005) survey over 500 financial advisors (FAs) regarding their decision process when buying mutual 

funds and report that FAs place greater importance on objective information sources such as comprehensive data 

sources (including the fund prospectus) and independent rankings, and much less importance on fund advertising and 

popular press publications. Second, Rennekamp (2012) addresses the relationship between disclosure text and 

decisions-making in experimental form and finds that more readable disclosure have stronger reactions from investors. 
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In the univariate setting, I find evidence that readability and similarity are drivers of mutual fund 

flows. As common fund flows controls are added in the panel and principal component cases, most 

of the significance of the textual measures dissipates. Overall, this essay finds minimal support for 

the assertion that investors use disclosure as a means to make mutual fund investment decisions. 

The findings are robust to alternative variable definitions and model specifications. 

This research has implications for regulators and mutual funds. First, if the aim of 

disclosure is the use by investors during investment decisions, the prospectus is falling short of its 

intended goal. I recommend that the SEC reassess their vision of disclosure and find a medium 

that is more conducive for investment decisions. Second, while the SEC requires that firms adhere 

to ‘plain English’ principles in the design of the prospectus, mutual funds need not consider textual 

similarity and readability when drafting their prospectuses. 

I expand on previous mutual fund text studies in two ways. First, I add a textual similarity 

component whereas all prior studies have focused on readability and word counts. Second, I 

implement additional readability measures that prior studies have omitted. Further, this research 

adds a disclosure composition component to the known characteristics that affect mutual fund 

flows. Prior studies have focused on how fund flows are influenced by prior performance (Chen 

et al., 2010; Huang et al., 2007; Ippolito, 1992; Sirri and Tufano, 1998), advertising (Gallaher et 

al., 2008; Jain and Wu, 2000), name change (Cooper et al., 2005), media coverage (Solomon et 

al., 2014), and investor tax considerations (Ivkovic and Weisbenner, 2009). 

The remainder of the essay is organized as follows. Section 4.2 provides an overview of 

literature including fund flows, text readability, and textual similarity. Section 4.3 defines the 
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hypotheses. Section 4.4 introduces the data and methodology. Section 4.5 discusses the empirical 

findings across the univariate, pooled OLS, fixed effects, and principal component models as well 

as provides robustness checks are included. Section 4.6 summarizes and provides potential, 

expansionary analysis. 

 

4.2 Literature Review 

4.2.1 Fund Flows 

An abundance of literature exists on the relationship between mutual fund flows and fund 

characteristics. One area that has seen thorough interest is the relationship between mutual fund 

flows and performance. At the individual fund level, Ippolito (1992) studies 143 open-end equity 

funds for the period from 1965 to 1984 and finds a positive linear relationship between the annual 

growth rate of a fund and a fund's excess returns. Similarly, Sirri and Tufano (1998) examine 

annual fund flows of U.S. equity mutual funds from 1971 to 1990 and find that the flow-

performance relation is positive and convex such that top performing funds receive 

disproportionately greater flows. Huang et al. (2007) present a theoretical model of the effect of 

investors’ participation costs on the response of mutual fund flows to past fund performance. The 

authors empirically test their model and find evidence to support the asymmetric flow-performance 

relationship. Chen et al. (2010) note the presence of a clientele effect that could lead to differences 

in the flow-performance relationship across institutional and retail funds. 

Other studies have documented relationships between fund flow and other characteristics 

including advertising, name change, media coverage, and investor-specific considerations such as 
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taxes. Jain and Wu (2000) examine mutual fund advertising and find that funds that do advertise 

have significantly larger inflows compared to a control group. Similarly, Gallaher et al. (2008) 

find that the more money spent on advertising, particularly if the amount expended is sufficiently 

more than the amount spent by the fund’s competitors, the greater the flows to a fund. Cooper et 

al. (2005) find that in the year following a mutual fund changing its name to one that reflects a 

current hot style, the fund experiences an average cumulative abnormal flow of 28%, with no 

improvement in performance. Solomon et al. (2014) present evidence that media coverage of 

mutual fund holdings affect how investors allocate money across funds. Ivkovic and Weisbenner 

(2009) analyze the relationship between individual mutual fund flows and fund characteristics and 

find that mutual fund investors consider tax motivations and investment costs when making their 

decisions. In addition, the authors find inflows and outflows differ in their sensitivity to 

performance. The relationships between fund flows and the attributes presented in these studies 

give credence to the possibility of further associations with other fund characteristics. 

 

4.2.2 Textual Readability 

Textual readability has its roots in linguistics and has been previously utilized in the mutual 

fund literature. Johnson et al. (2002) examine the readability of the Investment Objective section 

of the mutual fund prospectus and find that it is not readable. By examining fund response to the 

implementation of Rule 421, Johnson (2004) finds evidence that funds have the ability to alter 

their readability levels; specifically, that the skill level necessary to read the objective sections 
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were lowered by five grade levels compared to pre-Rule 421 levels.51 Philpot and Johnson (2007) 

conduct a cross-sectional examination of the writing clarity (readability) of mutual fund 

prospectuses from twenty major U.S. mutual fund families and find that there is considerable 

variation in readability among funds and fund families. Additionally, the authors conclude that the 

readability of a fund’s risk discussion is lower for load funds than no-load funds, and readability 

increases with fund size and beta and decreases with raw and risk-adjusted three-year returns. 

Before constructing the readability indices, I remove tables in the text. The scrubbed text 

is then used to calculate five grade-level statistics, which are equivalent to the number of years of 

U.S. education needed to comprehend a given text. The first measure, the Flesch-Kincaid Grade 

Level Tests (i.e., “Flesch Grade Level”, “Flesch-Kincaid formula”, or the “Kincaid Index”) 

considers the number of words, number of syllables, and number of sentences in a particular body 

of text. The formula is defined as Flesch Grade Level = (11.8 x number of syllables/number of 

words) + (0.39 x number of words/number of sentences) – 15.59. 

The next two measures, the Coleman-Liau Index and the ARI (Automated Readability 

Index), rely on character counts instead of syllable counts in computing their grade-levels. The 

formula for Coleman-Liau follows: CL= (0.0588 x average number of letters per 100 words) – 

(0.296 x average number of sentences per 100 words) – 15.8. Similarly, ARI = (4.71 x 

characters/words) + (0.5 x words/sentences) – 21.43. The last two measures, the Gunning fog 

index and SMOG (Simple Measure of Gobbledygook), count polysyllables words (three or more 

                                                 
51 On October 1, 1998, SEC Rule 421 went into effect, which required a readability standard for mutual fund 

prospectuses and makes specific suggestions for ‘plain English’ principles of writing. See Smith et al. (2001) for more 

information. 
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syllables) in addition to the number of sentences. The formulas follow: FOG = 

0.4[(words/sentences) + 100(complex words/words)] and SMOG = 1.043 x (number of 

polysyllables x 30/number of sentences + 3.1291)0.5. 

 Since the results of these measures can all be interpreted in the same way, I average the 

five measures for fund i. This helps to eliminate any discrepancies across the measures. The last 

readability measure is simple word counts (i.e., the number of words in each text). For examples 

of easy versus difficult to read text, see Appendix 4.A. 

 

4.2.3 Textual Similarity 

The measure of textual similarity follows from contemporary linguistics research and, 

specifically, the method of corpus linguistics. Biber et al. (1998) describe the approach to corpus-

based analyses as “studying the use of language characteristic by considering the relevant 

‘association patterns.’” A key statistical component used in this methodology is frequency, where 

studies count the number of times a word is used. This simplicity has allowed for corpus linguistics 

to become a cross-disciplinary approach to examining text and can be seen in many recent financial 

studies. Li (2007) uses the frequency of risk- or uncertainty-related word in 10-K filings to measure 

risk sentiment and finds that it can be used to predict future returns in a cross-section. Tetlock 

(2007) implements a frequency approach by counting words in the “Abreast of the Market” column 

of the Wall Street Journal in order to measure the degree of interaction between the stock market 

and the media. He finds that high pessimism in the media predicts downward pressure on the prices 

and is followed by a reversion. Tetlock et al. (2008) use a similar approach as Tetlock (2007) and 
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analyze the ability of financial news stories to predict firms’ earnings and returns. 

Hoberg and Phillips (2015, 2010) use textual similarity in analyzing 10-K product 

descriptions. This study uses their methodology, which focuses solely on word occurrence.52 In 

their paper, Hoberg and Phillips calculate basic cosine, local cosine, and broad cosine similarity 

measures. Basic cosine similarity is a widely-used method for evaluating the similarity between 

two vectors of an inner product space. Local cosine similarity, and its complement broad cosine 

similarity, measures the tendency of some words to group with other words. 

In the following paragraph, a brief outline of the steps used to calculate the basic cosine 

similarity measure between two funds is presented.53 First, a vector is created for each fund that is 

composed of unique words in their Investment Strategy for a given year. Then, all the fund-level 

vectors are aggregated to create a global dictionary for each year that is composed of all unique 

words from the fund-level dictionary in that year. In order to control for the marketing time-trends 

across all firms, words that appear in more than 5% of all investment strategies in a given year are 

removed.54 The trimmed global dictionary containing W words is referred to as the main dictionary 

for each year. Using the main dictionary, a fund-level dictionary is created for each fund i (Pi) for 

each year, where each of the W words takes on a value of one if a given word is used in the 

investment strategy for fund i. To measure the degree of similarity between the filings of fund i 

                                                 
52 This is an alternative approach to frequency that examines the number of times words appear in a passage. 
53 The local and broad cosine measures follow similar steps but different dictionaries are used. Local similarity is 

based on words that appear grouped with other words and broad similarity is their complement. First, words from the 

main dictionary are populated into either the local or broad dictionary. Using these new dictionaries, the local and 

broad similarity measures are computed. 
54 Alternative cutoffs of 1%, 25%, 50%, 75%, and 90% were utilized for robustness and yield similar results. 



 

123 

and j, I take the dot product of the two fund-level dictionaries. The final basic cosine similarity 

measures of fund i is computed by averaging the similarity measures of fund i relative to the entire 

universe of funds, the funds in the same Morningstar category, and their fund family. For additional 

details on this methodology, see Appendix 4.B. 

 

4.3 Hypothesis Development 

The multiple hypotheses presented here rely on a small number of key assumptions. First, 

a high (low) average measure of textual similarity for a fund, results in an individual investor being 

more (less) familiar with the words in that particular section. Likewise, a low (high) measure of 

textual readability means that an investor is more (less) familiar with the words within that section, 

which increases (decreases) investor confidence. 

The first hypothesis tests a key result from Philpot and Johnson (2007): funds write their 

risk sections more clearly than their objective sections. The authors state that this indicates that 

mutual fund managers actively try to explain their investment risks. Thus, I expect readability to 

by lower in the Principal Risk section compared to the Investment Objective-Strategy section. 

Further, mutual funds have certain common risks that are inherent in all funds whereas objectives 

can be fairly unique across funds; therefore, I expect that similarity across funds will be greater in 

the Principal Risk section than in the Investment Objective-Strategy section. Hence, I hypothesize 

the following: 

 

Hypothesis 1a (H1a): Risks are more similar than objectives: Funds will have higher 

similarity measures for their Principal Risk section compared to the Objective-Strategy 

section. 
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Hypothesis 1b (H1b): Risks are more readable than objectives: Funds will have lower 

readability measures for their Principal Risk section compared to the Objective-Strategy 

section. 

 

The motivation for this test is two-fold. First, differences exist in the dynamics of the two 

samples. Philpot and Johnson (2007) analyze the 2005 prospectuses of three funds from each of 

twenty large mutual fund families. This study analyzes a larger number of funds and families and 

adds a time-series component, which allows for a comparison of funds text across time (i.e., 1999-

2009). Second, this study adds the similarity component, which will also be tested between the 

two sections. 

The second hypothesis focuses on the stability of the similarity and readability measures 

for each fund across time. Despite the ability to change an abundance of filing information, most 

filing amendments tend to only update fund performance and management or remove time-

relevant risks. This results in the majority of the filings remaining the same across time. 

Accordingly, I expect that the text measures should remain stable as well. Formally, the second 

hypothesis is as follows: 

 

Hypothesis 2a (H2a): Disclosure similarity stability: Fund average pairwise similarity 

measures will remain stable across time. 

 

 

Hypothesis 2b (H2b): Disclosure readability stability: Fund readability measures will 

remain stable across time. 
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The stability of the measures allows for differences in flows across time to be attributable 

to factors other than the composition of the text. This study looks at investor behavior differences 

during the tech bubble of 1999-2000 as well as the financial crisis of 2008-2009. 

The third hypothesis focuses on textual similarity across fund families. Comparable to the 

documented spillover effect between fund families, I suspect that the Investment Strategy sections 

for funds within the same family should be written alike due to resource scarcity, overlapping 

management, and the ability for multiple funds to be included in each prospectus.55 This will result 

in average pairwise similarity measures being much higher for funds within the same family. The 

third hypothesis is as follows: 

 

Hypothesis 3 (H3): Fund families and disclosure similarity: Funds that are (are not) 

within the same fund family will have higher (lower) average pairwise similarity measures. 

 

The last hypothesis relates fund flows to the readability and similarity of the fund text. 

Leveraging the findings of Arnold et al. (2010) and Lawrence (2013), I infer that individual 

investors will allocate funds based on their familiarity with language in the each of the two 

sections. Further, I expect that the relationships between fund flows and the text measures to be 

opposite between the objective and risk sections. In the case of the objective section, the text that 

comprises it is largely used for marketing purposes. Funds can benefit by having a unique strategy 

compared to peers. As a result, I propose that as readability increases and similarity decreases, 

investors will be more attracted to a particular fund. With the risk section, the opposite holds. 

                                                 
55 See Nanda et al. (2004) and Gaspar et al. (2006) for additional information on the spillover effect between mutual 

fund families. 



 

126 

Investors prefer clear and concise risks that are universal to all funds. Any additional risks that are 

unique to an individual fund will be undesirable. The last hypothesis formally stated is: 

 

Hypothesis 4a (H4a): Fund flows and objective similarity: Funds with higher (lower) 

objective average pairwise similarity measures will have smaller (larger) fund flows. 

 

 

Hypothesis 4b (H4b): Fund flows and objective readability: Funds with lower (higher) 

readability measures will have smaller (larger) fund flows. 

 

 

Hypothesis 4c (H4c): Fund flows and risk similarity: Funds with higher (lower) risk 

average pairwise similarity measures will have larger (smaller) fund flows. 

 

 

Hypothesis 4d (H4d): Fund flows and risk readability: Funds with lower (higher) risk 

readability measures will have larger (smaller) fund flows. 

 

These hypotheses will be tested using the data in the following section. 

 

4.4 Data and Methodology 

Using Perl web-crawling scripts, I electronically collect each fund’s investment objective, 

investment strategy, and principal risks from multiple filings in the SEC Edgar database.56 One 

concern when collecting these filings is the different structure of each across funds. Fund 

companies can include multiple portfolios in each filing which can be problematic when applying 

                                                 
56 The filings include forms N-1, N-1/A, N-1A, N-1A/A, N-1A EL, N-1A EL/A, 497K, 497K1, 497K2, 497K3A, 

497K3B, and 485APOS. For a given fund-year, only pre-effective amendments were considered. Any post-effective 

amendments were included in the following year. 
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an algorithm to parse the text. I utilize a two-step approach to test the reliability of the scripts. 

First, the extracted results are compared with samples taken using the Wharton Research Data 

Services (WRDS) SEC Analytics Suite.57 Second, I randomly select filings and compare the 

extracted results with the actual, full-text filing. I find that the web-crawling method is consistent 

and parses the text accordingly with very few complications. 

Each fund’s text is hand-matched to funds in the Center for Research in Security Prices 

Survivor-Bias-Free Mutual Fund (CRSP MF) database. CRSP MF includes historical information 

on each fund’s name, fee structure, holdings, asset allocation, total net assets (TNA), and 

performance, among other things. Additionally, a CRSP ‘fundno’ identifier for each fund share 

class is provided. To aggregate multiple share classes for each fund, I use the MFLinks table 

developed by Russ Wermers and made available via WRDS. MFLinks provides a one-to-many 

mapping between its ‘wficn’ identifier and the CRSP ‘fundno’ identifiers. Any share classes not 

having a match in the MFLinks table, is discarded. The assets for each ‘wficn’ is computed by 

summing the assets for each of the underlying CRSP ‘fundnos.’ The other explanatory measures 

are computed by taking an asset-weighted average over all the same ‘fundnos.’ The aggregated 

data is supplemented with information on fund objective, style, and ratings provided by the 

Morningstar Direct Mutual Fund (MDMF) database. I then merge MDMF and CRSP MF using 

fund tickers and CUSIPs. 

Upon completion of the merging process, I impose additional constraints. First, to ensure 

                                                 
57 Although, WRDS SEC Analytics also provides the ability to retrieve information from SEC filings, my decision to 

use the custom Perl scripts allowed for exact tailoring to the specifications needed for this essay. 
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that there is a minimum of 100 words in each extracted filing, I merge the text of the Investment 

Objective and Investment Strategy sections into one variable.58 This has little consequences on the 

analysis since (1) the fund objective has a minimal word count, (2) the strategy is an 

implementation of the objective, and (3) many funds combine the sections prior to filing. Second, 

TNA is trimmed using the 0.5% criteria at the top end and TNA less than 0.1 million at the bottom 

end. Last, non-U.S. funds are omitted and any unreported monthly observations are treated as 

missing values. 

The primary sample includes the filings from 1999 to 2009. Filings prior to 1999 and after 

2009 were excluded due to the implementation of Rule 421 and adoption of the “Summary 

Prospectus Rules”, respectively.59 I use the 1998 data to compute starting values of lagged 

variables. The final sample is 237, aggregated U.S. mutual funds and 26,562 fund-year-month 

observations. 

Based on the fund-flow studies of Massa (2003), Nanda et al. (2004), and Gaspar et al. 

(2006), it has been shown that the size of the fund family can directly affect fund flow. 

Accordingly, I define fund flow as the percentage change in TNA that is not driven by fund returns 

(i.e., Flowt = (TNAt – TNAt-1 x Returnt) / TNAt-1).
60 Table 4.1 details the other control variables 

utilized in the analysis including the funds monthly-adjusted return, age in years, return volatility, 

                                                 
58 Johnson (2004) states that the overall length of a document would not affect readability but may affect the percentage 

of information that a reader retains. 
59 The SEC implemented Rule 421 On October 1, 1998 with the goal of requiring investment companies (and corporate 

issuers) to use ‘plain English’ when preparing prospectuses. In addition, on March 31, 2009, the SEC adopted the 

“Summary Prospectus Rules”, which amended form N-1A to include a summary section before the long-form 

prospectus. 
60 As a robustness check, I use the unscaled measure of fund flow (i.e., Flowt=TNAt–TNAt-1 x Returnt) and find 

comparable results. 
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turnover, and fees. Also, dummy variables are included for both Morningstar Style and 

Morningstar Category. 

Table 4.2 provides summary statistics for the variables of interest. Panel A present 

attributes of the mutual funds. The mean and median percentage flow is 0.016 and -0.001, 

respectively. On average, funds had positive monthly returns (after expenses) after adjusting by 

the CRSP value-weighted index. Almost two-thirds of the funds in the sample fall under one of 

the three Morningstar Equity Styles related to Large-Cap funds – Large Growth, Large Value, or 

Large Blend. The remaining third of the fund are split between Mid-Cap and Small-Cap, with the 

former representing 18.2% of the funds and the latter having the smallest share at 16.5%. 

Unsurprisingly, equity funds make-up a significant portion of the funds (78.2%). The next closest 

fund category is allocation funds at almost 12.5%. 

Panel B and C report the readability and similarity measures of both the Investment 

Objective-Strategy section and the Principal Risk section. Despite the Object-Strategy being the 

combination of two sections, the Principal Risk section is composed of 8 more sentences and 162 

more words on average. Also, there is a significant difference in the grade-levels across the two 

sections. The risks section is written at approximately a 12 grade-level but the objective and 

strategies are written at a post-high school level (13.4 averages across the five grade-level 

readability measures). These results mirror the findings of Philpot and Johnson (2007). The 

average similarity measure is comparable across both sections in both average and ranges. Thus, 

these findings give support for the first hypothesis (H1a and H1b). 

Table 4.3 analyzes the variable means across time. Panel A present attributes of the mutual 
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funds. Fund flow is positive in all period except during the financial crisis (2008-2009). Also, the 

largest period is in 1999 which is in the middle of the technology bubble. Fund volatility is highest 

during the financial crisis but remains relatively stable in other periods. The proportion of funds 

based on Morningstar equity style box and broad category are stable across time as well. Fund age 

is increasing across time as expected. Panel B and C report the readability and similarity measures 

of both the Investment Objective-Strategy section and the Principal Risk section. Despite 

amendments to filings and funds entering the sample, the variables related to readability and 

similarity remain stable across the time period. These findings provide evidence for the second 

hypothesis (H2a and H2b), that the measures are generally constant through time. 

In addition, Tables 4.2 and 4.3 jointly prove Hypothesis 3. The similarity across fund 

families is much higher compared to funds of the same universe, the same style, or the same 

category. These findings can be attributable to resource scarcity, high percentage of overlapping 

management, and the inclusion of multiple portfolios per fund filing. 

Table 4.4 presents the correlations amongst the text measures. For both the Investment 

Objective-Strategy and Principal Risk sections, the grade-level measures (Flesch-Kincaid, 

Coleman-Liau Index, Automated Readability Index, FOG, and SMOG) are highly correlated with 

each other. Also, across sections, there are positive and significant correlations amongst the 

readability measures. The correlations for the similarity measures are also positive and significant 

but not to the same degree. Between the two measures there are different relationships between 

the two sections. For the strategies, the similarity measures are generally negatively correlated 

with the readability measures. For the risks, the similarity measures are generally positively 
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correlated with the readability measures. 

Overall, there is high correlation amongst the textual measures. As a result, I implement 

two potential corrections to reduce the issues associated with multicollinearity. First, I average the 

grade-level measures Flesch-Kincaid, Coleman-Liau Index, Automated Readability Index, FOG, 

and SMOG for both of the two sections. In addition, this approach also eliminates any 

discrepancies across the measures. Second, I use a principal component framework in Section 4.5 

to reduce the number of correlated independent variables. 

 

4.5 Empirical Results 

This section presents the main empirical findings. I begin with univariate evidence on the 

relation between fund flows and (1) the textual readability and similarity measures and (2) other 

fund attributes. I then present formal regression evidence using pooled OLS and fixed effects. 

Also, I provide similar multivariate results using principal components. Last, robustness checks 

are included. 

 

4.5.1 The Effects of Disclosure Composition in a Univariate Setting 

Panels A, B, and C of Table 4.5 provide univariate evidence on the effect of textual 

composition and other mutual fund attributes on fund flows via difference-in-means estimates. For 

each measure, the sample is sorted into quartiles according to that measure. The mean percentage 

fund flow for each quartile is presented. Columns (1) through (4) are the quartiles listed smallest 

to largest. Column (5) is the difference in the highest quartiles (Q4) and the lowest quartile (Q1). 

Panel A of Table 4.5 shows that previous fund return and age are significant drivers of fund 
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flows. For one-month lagged return, percentage fund flow is monotonically increasing across the 

quartiles. The youngest quartile of funds has considerably higher flows than in other quartiles. For 

the quartiles sorted on the other measures in Panel A, fund flows remain relatively stable and the 

difference in the means of the highest and lowest quartiles is statistically insignificant. 

Panel B presents the textual measures of the Investment Objective-Strategy section. The 

difference in the means of the highest and lowest quartiles for ARI is statistically significant and 

tends to generally increase across the quartiles. Although the differences are significant for FK and 

SMOG as well, flows tend to fluctuate highly across the quartiles. The difference for the average 

pairwise similarity across all funds and funds of the same style are significant but there is 

considerable fluctuation in the flows across the style-sorted quartiles. 

Panel C finds strong evidence that the readability of the Principal Risks section can predict 

fund flows. The difference in the means for ARI, CL, FK, and SMOG are all statistically significant. 

Flows across the quartiles sorted on CL monotonically decrease. Also, the flows across ARI, CK, 

and SMOG tend to decrease across the quartiles. For the similarity measures of the principal risks, 

I find no significance. 

Overall, I find minor evidence that the textual readability and similarity of the Investment 

Objective-Strategy section explain fund flows. Also, I find strong evidence for the predictive 

power of the readability of the Principal Risks section but less evidence for the similarity measures. 

These relationships will be further tested with additional controls in following sections. 
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4.5.2 The Effects of Disclosure Composition in a Panel Framework 

I examine the relationship between disclosure composition and mutual fund flows using 

the following regression: 

 

𝐹𝑙𝑜𝑤𝑖,𝑡 = α + 𝛽1𝐴𝑣𝑔𝐺𝑟𝑎𝑑𝑒𝐿𝑒𝑣𝑒𝑙𝑖,𝑡,𝐼𝑂𝑆 + 𝛽2𝑆𝐼𝑀𝑖,𝑡,𝐶𝐴𝑇,𝐼𝑂𝑆  + 𝛽3𝐴𝑣𝑔𝐺𝑟𝑎𝑑𝑒𝐿𝑒𝑣𝑒𝑙𝑖,𝑡,𝑃𝑅 +
 𝛽4𝑆𝐼𝑀𝑖,𝑡,𝐶𝐴𝑇,𝑃𝑅 +  𝛽5𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠𝑖,𝑡 + 휀𝑖,𝑡. (4.1) 

 

AvgGradeLevel is the average of the five grade-level readability measures (Flesch-Kincaid, 

Coleman-Liau Index, Automated Readability Index, FOG, and SMOG). SIMCAT is the average of 

the pairwise similarity measures across all funds of the same category in a given year. Both of 

these statistics are computed for each of the two sections of text. The following variables are 

included in the Controls vector: FundRetMktt-1 is the one-month lag of the fund’s market adjusted 

return; FundRetMktt-2 is the two-month lag of the fund’s market adjusted return; FundRetMktt-3 is 

the three-month lag of the fund’s market adjusted return; FundVolatilityt-1 is the standard deviation 

of daily fund returns over the previous month; Age is the age of the fund in years relative to the 

earliest CRSP Header Date; TNA is the log of the CRSP total net assets of the fund (summed over 

all share classes). 

Table 4.6 provides the results of pooled OLS and fixed effects regressions in Models (1) 

through (6) and Model (7), respectively. In Model (1), monthly percentage flows are regressed on 

the readability and similarity measure of the Investment Objective-Strategy section. Similarly, in 

Model (2), the dependent variable is regressed on the same statistics for the Principal Risks section. 

In Model (3) and (4), the independent variables are the two readability and similarity measures, 
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respectively. Model (5) combines the first three models by including both readability and both 

similarity measures. Models (6) and (7) add additional controls. 

The multivariate results for the Investment Objective-Strategy section provide support for 

Hypothesis 4. The readability coefficients of the investment objective and strategy are positive or 

zero, which shows that investors are not deterred by strategies that are more difficult to read or are 

indifferent. In other words, the coefficients being approximately zero, shows that the grade-level 

needed to comprehend the strategy text has no effect on the percentage fund flows. Also, investors 

are attracted to strategies that are composed of unique words as evident by the negative sign on 

the coefficient for the similarity measure. Restated, the negative similarity coefficients for the 

Investment Objective-Strategy section imply that the more similar a fund’s strategy is to its 

competition, the greater the difficulty to attract flows. This provides an argument for managers to 

market their funds in a way that truly separates them from their peers. 

The text of the Principal Risks section also follows as hypothesized in H4. The readability 

measures are negative (or zero), which means that investors respond negatively to risks that are 

not clear. Further, I find that investors prefer risks that are alike across finds as evident by the 

positive similarity coefficients for the risk text. This implies that as the description of fund risk 

closer resembles peer firms, flows increase. Intuitively, this makes sense. Fund managers would 

want to mask their unique risks by presenting their principal risks in a manner that is very similar 

to their peers. 

Overall, I find results that support the Hypothesis 4 with minor significance when only the 

text variables are included in the regressions. And, although compelling, with the addition of full 
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controls, all significance for the textual variables is lost. 

 

4.5.3 The Effects of Disclosure Composition Using Principal Components 

As shown in Table 4.4, high correlation exists amongst the readability and similarity 

measures. In an attempt to reduce the possibility of multicollinearity, I also investigate the 

relationship between fund flow and disclosure composition using a principal component analysis 

(PCA). This technique transforms the correlated variables into linearly uncorrelated principal 

components. An additional benefit, given the larger number of text variables, is a possible 

reduction in the number of predictors used in the models. 

For each year, principal components are estimated separately using the readability and 

similarity measures of the Investment Objective-Strategy and Principal Risk sections. The first 

principal component explains only about an average of 34% and 40% of the total variance in the 

readability and similarity measures every year, respectively. The cumulative percentage increases 

to an average of 90.75% when the principal components are retained for the strategies and 92.05% 

when retained for the risks. The control variables are of similar significance and magnitude when 

compared to the results of Table 4.6. While principal components help to reduce the collection of 

correlated variables the interpretation is somewhat arbitrary. 

 

4.5.4 Robustness 

I provide several robustness checks including breaking the sample into differing time 

periods, focusing on young funds, and several alternative specifications. 
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4.5.4.1 Varying Sample Periods 
 

The next part of the analysis focuses on the stability of investor textual preferences across 

time. Specifically, I test if a shock to the market can alter how investors utilize the prospectus text. 

Since the words comprising the text are stable across time, this is an indication of the investors 

changing their preferences instead of funds changing their prospectus composition. 

Table 4.8 separates the sample period into pre- and post- financial crisis. Identical pooled 

OLS models are specified for the subsamples from 1999–2007 and 2008–2009. During the 

technology bubble, I find that the sign on the coefficients for the text measures of the Principal 

Risks section swaps. An explanation for this behavior could be that investors are relaxing their 

natural risk aversion during a time of economic prosperity. This is evident by the positive 

coefficients on the readability measure, which means that flow increases for funds that have less-

clear risks. Also, the negative sign on the similarity measures for the risk text shows that investors 

are investing in funds with more unique risks. 

The findings are opposite during the financial crisis, the coefficients on the similarity 

measures of the strategy text become mostly positive. This shows evidence that during financial 

distress, investors are attracted to funds that are marketed using words that are similar to their 

peers. The coefficients on the readability measures are approximately zero, which means that 

readability has no effect in the investor decision process. 

 

4.5.4.2 Young Funds 

 

Across all of the results, a significant driver of fund flows is 1 to 3 month-lagged flows and 
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fund age. In order to remove these effects, I focus on funds that are less than a year old. The 

coefficients on the text variables in Table 4.9 have similar significance to the results in Table 4.6. 

On the other hand, I find that the signs on the similarity measure for the risks are opposite than 

earlier findings, which is inconsistent with the fourth hypothesis. These findings could be an 

artifact of the reduced sample size resulting from the age restriction. 

 

4.5.4.3 Alternate Specifications 

 

Multiple alternative specifications were utilized during this study. The following additional 

control variables were used in the regressions in Tables 4.6 and 4.7: FundRetMktSqt-1 is the square 

of the one-month lag of the fund’s market adjusted return; FundRetMktSqt-2 is the square of the 

two-month lag of the fund’s market-adjusted return. Flowt-1, Flowt-2, and Flowt-3 are the one-

month, two-month, and three-month lags of fund percentage flow, respectively. Other alternative 

measures include alternative cutoffs of 1%, 25%, 50%, 75%, and 90% during the computation of 

the similarity measures. 

 

4.6 Conclusion 

I investigate if and how investors utilize the prospectus of mutual funds in making their 

financial decisions. Using univariate, pooled OLS, fixed effects, and principal component analysis, 

I find limited evidence that mutual fund disclosure is utilized by investors. The potential 

explanations for these findings including the presence of FAs in the decision process or reliance 

on past performance but are beyond the scope of this study. 
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Further considerations include aggregating the fund flow measures to the quarterly-level. 

This has the potential to reduce the noise associated with the monthly fund flows. In addition to 

being a common approach in the literature, using quarterly information could increase the 

explanatory power of the textual measures which are measured yearly. Other thought include the 

analysis of the textual tone of the two sections. Last, other controls including Morningstar rating 

and presence of star funds will be considered in future revisions. 
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4.A  Appendix: Easy- vs. Hard-to-Read Mutual Fund Disclosure 

This appendix provides samples of mutual fund strategies that differ largely in their 

readability measurements. Despite the differences in the numbers of words, the variation in 

readability is attributed to the differences in sentence structure and not word count. 

 

A. Example of easy versus difficult to read Investment Objective-Strategy Sections 

i. Easy to read Investment Objective-Strategy Sections 

 

The fund seeks to achieve long-term growth of capital by investing primarily in 

equity securities of issuers in emerging market countries. 

The fund seeks to achieve its objective by investing in common stocks of 

companies in emerging market countries. For this fund, the term "emerging 

market country" means any country which is considered to be an emerging country 

by the international financial community (including the international bank for 

reconstruction and development (also known as the World Bank) and the 

international financial corporation). These countries generally include every 

nation in the world except the United States, Canada, Japan, Australia, New 

Zealand and most nations located in Western Europe. Investing in many emerging 

market countries is not feasible or may involve unacceptable political risk. Invista, 

the sub-advisor, focuses on those emerging market countries that it believes have 

strongly developing economies and markets which are becoming more 

sophisticated. 

Under normal conditions, at least 65% of the fund's assets are invested in 

emerging market country equity securities. The fund invests in securities of: 

- companies with their principal place of business or principal office in 

emerging market countries; 

- companies for which the principal securities trading market is an 

emerging market country; or. 

- companies, regardless of where its securities are traded, that derive 

50% or more of their total revenue from either goods or services 

produced in emerging market countries or sales made in emerging 

market countries. 
 

ii. Difficult to read Investment Objective-Strategy Sections 
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Equity index fund's objective is to provide investment results that correspond to 

the performance of the Standard Poor's 500 Composite Index (S&P 500). 

Under normal market conditions, equity index fund invests at least 90% of its 

net assets (plus the amount of any borrowings for investment purposes) in common 

stocks included in the S&P 500. The S&P 500 is an unmanaged market-value 

weighted index consisting of 500 stocks chosen for market size, liquidity, sector 

performance and other factors. The index tracks the performance of the large cap 

U.S. equity market. 

The fund's advisor believes that the fund's objective can best be achieved by 

investing in common stocks of approximately 90% to 100% of the issues included 

in the S&P 500, depending on the size of the fund. A computer program is used to 

identify which stocks should be purchased or sold in order to replicate, as closely 

as possible, the composition of the S&P 500. 

Because the fund may not always hold all of the stocks included in the S&P 500, 

and because the fund has expenses and the index does not, the fund will not 

duplicate the index's performance precisely. However, the fund's advisor believes 

there should be a close correlation between the fund's performance and that of the 

S&P 500 in both rising and falling markets. 

The fund will attempt to achieve a correlation between the performance of its 

portfolio and that of the S&P 500 of at least 95%, without taking into account 

expenses of the fund. A perfect correlation would be indicated by a figure of 100%, 

which would be achieved if the fund's net asset value, including the value of its 

dividends and capital gains distributions, increased or decreased in exact 

proportion to changes in the S&P 500. If the fund is unable to achieve a correlation 

of 95% over time, the fund's board of directors will consider alternative strategies 

for the fund. 

The fund also may invest up to 10% of its total assets in stock index futures 

contracts, options on stock indices, options on stock index futures, and index 

participation contracts based on the S&P 500. The fund makes these investments 

to maintain the liquidity needed to meet redemption requests, to increase the level 

of fund assets devoted to replicating the composition of the S&P 500, and to reduce 

transaction costs. 

Additional information about the fund's investments is available in the fund's 

annual and semiannual reports to shareholders. In the fund's annual report you 

will find a discussion of the market conditions and investment strategies that 

significantly affected the fund's performance during the last fiscal year. You may 

obtain either or both of these reports at no cost by calling First American Funds 

investor services at 800 677-fund. 
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B. Example of easy versus difficult to read Principal Risks Sections 

i. Easy to read Principal Risks Sections 

 

Securities of real estate companies are subject to securities market risks as well 

as risks similar to those of direct ownership of real estate. These include: 

- Declines in the value of real estate. 

- Dependency on management skills. 

- Possible lack of available mortgage funds. 

- Extended vacancies in properties. 

- Changes in zoning laws. 

- Casualty or condemnation losses. 

- Risks related to general and local economic conditions. 

- Heavy cash flow dependency. 

- Overbuilding. 

- Increases in property taxes and operating expenses. 

- Expenses incurred in the cleanup of environmental problems. 

- Changes in interest rates. 

In addition to the risks listed above, equity REITS are affected by the changes 

in the value of the properties owned by the trust. Mortgage REITS are affected by 

the quality of the credit extended. Both equity and mortgage REITS: 

- are dependent upon management skills and may not be diversified; 

- are subject to cash flow dependency and defaults by borrowers; and 

- could fail to qualify for tax-free pass through of income under the code. 

Because of these factors, the value of the securities held by the fund, and in turn 

the net asset value of the shares of the fund change on a daily basis. The current 

share price reflects the activities of individual companies and general market and 

economic conditions. In the short term, share prices can fluctuate dramatically in 

response to these factors. Because of these fluctuations, principal values and 

investment returns vary. As with all mutual funds, the value of the fund's assets may 

rise or fall. If you sell your shares when their value is less than the price you paid, 

you will lose money. 

 

ii. Difficult to read Principal Risks Sections 

 

The net asset value of the fund's shares will fluctuate with changes in the market 

value of its portfolio securities. The market value of the fund's portfolio securities 

and, therefore, the fund's net asset value per share, will increase or decrease due 

to a variety of economic, market or political factors which cannot be predicted. 

because the fund invests primarily in securities of companies principally engaged 

in the real estate industry and because a substantial portion of the fund's 
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investments may be comprised of real estate investment trusts ("REITS"), the fund's 

investments will be subject to risks and costs associated with direct investments in 

real estate and in REITS. Risks commonly associated with the direct ownership of 

real estate include fluctuations in the value of underlying properties and defaults 

by borrowers or tenants. In addition to these risks, REITS are dependent on 

specialized management skills and some REITS may have limited diversification, 

subjecting them to risks inherent in investments in a limited number of properties, 

in a narrow geographic area, or in a single property type. The fund is a non-

diversified investment company and, as a result, a relatively high percentage of the 

fund's shares may be invested in a limited number of issuers. the fund may invest in 

foreign securities and markets which may pose different and greater risks than 

those customarily associated with domestic securities and markets, securities, may 

enter into repurchase agreements, may purchase securities on a when-issued, 

delayed delivery or forward commitment basis, may purchase securities on a 

"when, as and if issued" basis, may lend its portfolio securities and may utilize 

certain investment techniques including options and futures transactions and stock 

index futures which may be considered speculative in nature and may involve 

greater risks than those customarily assumed by other investment companies which 

do not invest in such instruments. 
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4.B  Appendix: Similarity Methodology 

This appendix outlines the steps of the cosine similarity method, which is used to compute 

the similarity between text sections (Objective-Strategy or Principal Risk) between funds i and j.61 

Cosine similarity measures the cosine of the angle between two vectors on the unit sphere. For this 

explanation, I am computing the pair-wise similarity measures for the combined Objective-

Strategy section (“Strategy”). An identical process is followed when computing the similarity of 

Principal Risk section for each fund. 

First, a global dictionary is created for each year by combining all unique words from each 

fund-level dictionary in that year. Next, I implement some common cleaning techniques from the 

linguistics literature such as stemming and stop word removal. Stemming is the process of reducing 

words to their base form. For example, “investing”, “invests”, and “invested” would become 

“invest.” Stop words, which are generally common, short function words, such 

as “the”, “is”, “at”, “which”, and “on”, are removed to prevent similarity from being skewed by 

the inclusion of words that appear in the majority of the sections. In addition, I remove any other 

words that appear in more than 5% of all investment strategies in a given year. This is to remove 

common financial terms that appear across all sections but are not considered a stop word. 

This trimmed global dictionary containing W words is considered the main dictionary for 

each year. Next, I create an individual dictionary for each fund i (Pi) that is of length W. For every 

word in the global dictionary that appears in the text for the individual fund in year, a value of one 

                                                 
61 See Sebastiani (2002), Kwon and Lee (2003), Hoberg and Phillips (2010), and Hoberg and Phillips (2015). 
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is given and zero otherwise. Thus, if the text of a fund is composed of every word in the global 

dictionary, the funds individual dictionary will be a W-length vector with all elements equaling 

one. 

To mitigate problems associated with different word counts for each fund’s investment 

strategy, the W-length vector Vi is created that normalizes the W-length vector Pi to have unit 

length: 

 

𝑉𝑖 =
𝑃𝑖

√𝑃𝑖′ ∙ 𝑃𝑖
 . (4.2) 

 

In other words, each vector is scaled by the square root of the vector’s inner product. To 

assess the similarity between the investment strategies of funds i and j, I take the dot product of 

their normalized vectors. This result is known as the basic cosine similarity: 

 

𝑆𝑡𝑟𝑎𝑡𝑒𝑔𝑦_𝑆𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦𝑖,𝑗 = 𝑉𝑖′ ∙ 𝑉𝑗  (4.3) 
 

The degree of dissimilarity between the investment strategies of funds i and j is equal to 

the complement of Strategy_Similarityi,j, or one minus its value: 

 

𝑆𝑡𝑟𝑎𝑡𝑒𝑔𝑦_𝐷𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑡𝑖𝑎𝑡𝑖𝑜𝑛𝑖,𝑗 = 1 − (𝑉𝑖′ ∙ 𝑉𝑗) . (4.4) 

 

Both the strategy similarity and differentiation measures are bounded on the interval (0, 1) 

due to each fund’s normalized vector Vi having a length of one. This reduces penalties for strategies 

that contain fewer words. 
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Since the similarity measures are pairwise computations, I take four averages to form final 

similarity statistics for each fund. First, I compute the average 𝑆𝑡𝑟𝑎𝑡𝑒𝑔𝑦_𝑆𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦𝑖,𝑗 for fund i 

relative to the entire universe of funds. The variable U signifies all the funds in the sample and 

𝑈𝑝𝑎𝑖𝑟𝑠 represents the set of all pairwise permutations of the funds in U. Similar to the local 

clustering measure, if set U contains M funds, then set 𝑈𝑝𝑎𝑖𝑟𝑠 contains 𝑀𝑝𝑎𝑖𝑟𝑠 = 
𝑀2−𝑀

2
 elements. 

Thus, the number of pairs for each fund in U will equal M minus one. The average similarity 

coefficient for fund i across the entire universe U is 

 

𝑆𝐼𝑀𝐴𝑙𝑙,𝑖 = ∑
𝑆𝑡𝑟𝑎𝑡𝑒𝑔𝑦_𝑆𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦𝑖,𝑗

𝑀–1
 ∀(𝑗)∈𝑈𝑝𝑎𝑖𝑟𝑠
 .  (4.5) 

 

The second average similarity statistic for fund i is relative to all funds within its 

Morningstar broad category Cat (e.g., Equity, Allocation, and Fixed Income). The variable C 

represents the funds composing category Cat and 𝐶𝑝𝑎𝑖𝑟𝑠 denotes the set of all pairwise 

permutations of the funds in C. Likewise, if the set C is composed of K funds, there are 𝐾𝑝𝑎𝑖𝑟𝑠 = 

𝐾2−𝐾

2
 elements in set 𝐶𝑝𝑎𝑖𝑟𝑠 and K minus one pairs for each fund in C. Thus, the average similarity 

coefficient for fund i in category Cat is then 

 

𝑆𝐼𝑀𝐶𝐴𝑇,𝑖 = ∑
𝑆𝑡𝑟𝑎𝑡𝑒𝑔𝑦_𝑆𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦𝑖,𝑗

𝐾–1
 ∀(𝑗)∈𝐶𝑝𝑎𝑖𝑟𝑠
 .  (4.6) 

 

The third and fourth average similarity statistics for fund i are relative to all funds within 

its Morningstar equity style box (Large Growth, Large Value, Large Blend, Mid Growth, Mid 
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Value, Mid Blend, Small Growth, Small Value, Small Blend) and fund family, respectively. The 

equations follow: 

 

𝑆𝐼𝑀𝑆𝑇𝑌𝐿𝐸,𝑖 = ∑
𝑆𝑡𝑟𝑎𝑡𝑒𝑔𝑦_𝑆𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦𝑖,𝑗

𝑄–1
 ∀(𝑗)∈𝐶𝑝𝑎𝑖𝑟𝑠
  (4.7) 

 

and 

 

𝑆𝐼𝑀𝐹𝐴𝑀,𝑖 = ∑
𝑆𝑡𝑟𝑎𝑡𝑒𝑔𝑦_𝑆𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦𝑖,𝑗

𝑅–1
 ∀(𝑗)∈𝐶𝑝𝑎𝑖𝑟𝑠
 .  (4.8) 

 

The computations for equations (7) and (8) are analogous to the calculations for equation (6). 
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Table 4.1: Variable Definitions 

Variable Description and Definition 

Panel A. Fund Variables  

Flow Monthly fund flows: 𝑃𝑐𝑡_𝐹𝑙𝑜𝑤𝑡 = 
𝑇𝑁𝐴𝑡− 𝑇𝑁𝐴𝑡−1(1+𝑅𝑡)

𝑇𝑁𝐴𝑡−1
 , 

where R is the raw fund return and TNA is the fund’s total net assets. 

FundRetMkt The fund’s monthly return (after expenses) minus the CRSP value-weighted index 

FundRetMktSq Market-adjusted fund return (after expenses) squared: FundRetMkt2 

FundRetMktNeg Variable equal to FundRetMkt if FundRetMkt < 0, and zero otherwise 

NAV CRSP net asset value of the fund 

TNA Log of the CRSP total net assets of the fund (summed over all share classes) 

Age Fund age in years, relative to the earliest CRSP Header Date 

FundVolatility The standard deviation of daily fund returns over the month 

Turnover Annual fund turnover, from CRSP 

Actual12B1 Fund 12b-1 fees, from CRSP 

ExpenseRatio Fund expense ratio, from CRSP 

MarketingFees Average 12b-1 fees (across all share classes), divided by average fund expense ratio. 

MgtFee Fund management fee, from CRSP 

EquityStyledum 9 dummy variables for each of the Morningstar Equity Style Long Boxes: Large Growth, Large 

Value, Large Blend, Mid Growth, Mid Value, Mid Blend, Small Growth, Small Value, and Small 

Blend. 

BroadCatGroupdum 3 dummy variables for each of the Morningstar Broad Category Groups: Equity, Allocation, and 

Fixed Income. 
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Table 4.1 (continued) 

Panel B. Textual Variables  

Sentences Number of sentences. 

Word Number of words. 

CharNoSpace Total number of letters. 

Syllables Number of syllables 

SntcPerWord  Number of sentences per word. 

AvgSentcLength Average number of words per sentence. 

AvgWordLength Average number of characters per word. 

AvgSyllWord Average number of syllables per word. 

SntcPer100 Number of sentences per 100 words. 

SyllPer100 Number of syllables per 100 words 

LettPer100 Number of letters per 100 words. 

ARI Automated Readability Index (grade-level) 

 𝐴𝑅𝐼𝑖  =  4.71 (
𝑐ℎ𝑎𝑟𝑎𝑐𝑡𝑒𝑟𝑠

𝑤𝑜𝑟𝑑𝑠
) +  0.5 (

𝑤𝑜𝑟𝑑𝑠

𝑠𝑒𝑛𝑡𝑒𝑛𝑐𝑒𝑠
) −  21.43 . 

CL Coleman-Liau Index (grade-level): 𝐶𝐿𝐼𝑖 = 0.0588(𝐿) −  0.296(𝑆) −  15.8, 

where L is the average number of letters per 100 words and S is the average number of sentences 

per 100 words.  

FK Flesch-Kincaid grade level: 

 𝐹𝑙𝑒𝑠𝑐ℎ_𝐾𝑖𝑛𝑐𝑎𝑖𝑑𝑖 = 0.39 (
𝑡𝑜𝑡𝑎𝑙 𝑤𝑜𝑟𝑑𝑠

𝑡𝑜𝑡𝑎𝑙 𝑠𝑒𝑛𝑡𝑒𝑛𝑐𝑒𝑠
) +  11.8 (

𝑡𝑜𝑡𝑎𝑙 𝑠𝑦𝑙𝑙𝑎𝑏𝑙𝑒𝑠

𝑡𝑜𝑡𝑎𝑙 𝑤𝑜𝑟𝑑𝑠
) −  15.59 . (12) 

FOG Gunning fog index (grade-level): 

 𝐹𝑂𝐺𝑖 = 0.4 [(
𝑡𝑜𝑡𝑎𝑙 𝑤𝑜𝑟𝑑𝑠

𝑡𝑜𝑡𝑎𝑙 𝑠𝑒𝑛𝑡𝑒𝑛𝑐𝑒𝑠
) +  100 (

𝑡𝑜𝑡𝑎𝑙 𝑐𝑜𝑚𝑝𝑙𝑒𝑥 𝑤𝑜𝑟𝑑𝑠

𝑡𝑜𝑡𝑎𝑙 𝑤𝑜𝑟𝑑𝑠
)] 

SMOG Simple Measure of Gobbledygook (grade-level): 

 𝑆𝑀𝑂𝐺𝑖 = 1.043√𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑜𝑙𝑦𝑠𝑦𝑙𝑙𝑎𝑏𝑙𝑒𝑠 ×  
30

𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑠𝑒𝑛𝑡𝑒𝑛𝑐𝑒𝑠
+ 3.1291 

SIMALL Average pairwise similarity for a fund relative to all funds in the sample. 

SIMCAT Average pairwise similarity for a fund relative to all funds having the same Morningstar broad 

category (Equity, Allocation, Fixed Income).  

SIMSTYLE Average pairwise similarity for a fund relative to all funds having the same Morningstar equity 

style box (Large Growth, Large Value, Large Blend, Mid Growth, Mid Value, Mid Blend, Small 

Growth, Small Value, and Small Blend).  

SIMFAM Average pairwise similarity for a fund relative to all funds in the fund’s family. 
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Table 4.2: Summary Statistics 

This table shows summary statistics for the main variables. The sample period is from January 1999 to December 2009. Panel A 

presents attributes of the U.S. mutual funds. Fund returns (shown after expenses) and capital flows are recorded at a monthly 

frequency. Turnover and ExpenseRatio are computed on an annual basis. Panel B presents the textual attributes of the Investment 

Objective and Strategy section of the fund prospectus. Panel C provides the same measures for the Principal Risk section. See 

Table 4.1 for variable definitions. 

Variable N Q1 Median Mean Q3 Std. Dev. 

Panel A. Fund Attributes        

Flow 26,562 -0.011 -0.002 0.005 0.010 0.214 

FundRetMkt 26,571 -0.013 0.000 0.002 0.016 0.033 

FundRetMktSq 26,571 0.000 0.000 0.001 0.001 0.002 

FundRetMktNeg 26,571 -0.013 0.000 -0.010 0.000 0.019 

NAV 26,712 10.370 16.160 18.761 24.022 11.131 

TNA 26,762 263.000 833.700 2242.468 2313.300 3844.588 

Age 26,735 8.583 12.833 15.867 18.167 12.214 

FundVolatility 26,684 0.006 0.009 0.012 0.014 0.008 

Turnover 23,015 0.320 0.610 0.775 1.080 0.627 

ExpenseRatio 23,207 0.008 0.010 0.010 0.012 0.004 

MgtFee 23,098 0.570 0.670 0.687 0.871 0.276 

EquityStyle – Large Growth 18,511 0.000 0.000 0.370 1.000 0.483 

EquityStyle – Large Value 18,511 0.000 0.000 0.147 0.000 0.354 

EquityStyle – Large Blend 18,511 0.000 0.000 0.143 0.000 0.350 

EquityStyle – Mid Growth 18,511 0.000 0.000 0.096 0.000 0.294 

EquityStyle – Mid Value 18,511 0.000 0.000 0.054 0.000 0.226 

EquityStyle – Mid Blend 18,511 0.000 0.000 0.044 0.000 0.205 

EquityStyle – Small Growth 18,511 0.000 0.000 0.074 0.000 0.262 

EquityStyle – Small Value 18,511 0.000 0.000 0.025 0.000 0.157 

EquityStyle – Small Blend 18,511 0.000 0.000 0.047 0.000 0.213 

Broad Category Group – Equity 19,811 1.000 1.000 0.808 1.000 0.394 

Broad Category Group – Allocation 19,811 0.000 0.000 0.148 0.000 0.355 

Broad Category Group – Fixed Income 19,811 0.000 0.000 0.043 0.000 0.204 

Number of Funds 237      
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Table 4.2 (continued) 

Variable N Q1 Median Mean Q3 Std. Dev. 

Panel B. Investment Objective-Strategy       

Sentences 23,278 12.000 16.000 16.386 20.000 7.092 

Word 23,278 224.000 303.000 293.086 341.000 92.370 

CharNoSpace 23,278 1270.000 1632.000 1612.003 1912.000 505.989 

Syllables 23,278 423.000 541.000 536.021 638.000 166.942 

SntcPerWord  23,278 0.046 0.050 0.056 0.062 0.018 

AvgSentcLength 23,278 16.125 19.875 19.247 21.947 4.965 

AvgWordLength 23,278 5.182 5.329 5.332 5.479 0.230 

AvgSyllWord 23,278 1.785 1.838 1.834 1.886 0.086 

SntcPer100 23,278 4.556 5.031 5.632 6.202 1.831 

SyllPer100 23,278 178.539 183.846 183.380 188.563 8.627 

LettPer100 23,278 518.182 532.857 533.151 547.949 23.008 

PolySyllableWords 23,278 8.000 12.000 12.554 16.000 6.083 

ARI 23,278 11.654 13.531 13.305 15.009 2.545 

CL 23,278 13.061 13.931 13.881 14.867 1.404 

FK 23,278 12.401 13.830 13.555 14.677 2.029 

FOG 23,278 8.043 9.729 9.406 10.504 2.029 

SMOG 23,278 14.411 15.775 15.522 16.728 1.826 

SIMALL 23,278 0.074 0.086 0.086 0.101 0.020 

SIMCAT 17,664 0.076 0.096 0.110 0.127 0.053 

SIMSTYLE 16,700 0.079 0.100 0.102 0.122 0.035 

SIMFAM 15,920 0.212 0.275 0.295 0.330 0.141 

       

Panel C. Principal Risk       

Sentences 23,278 14.000 17.000 22.064 24.000 16.494 

Word 23,278 254.000 325.000 416.727 410.000 370.430 

CharNoSpace 23,278 1306.000 1740.000 2239.546 2192.000 2132.296 

Syllables 23,278 446.000 586.000 745.442 730.000 702.247 

SntcPerWord  23,278 0.048 0.052 0.056 0.058 0.013 

AvgSentcLength 23,278 17.125 19.118 18.767 21.000 3.545 

AvgWordLength 23,278 4.949 5.133 5.115 5.303 0.286 

AvgSyllWord 23,278 1.720 1.760 1.756 1.815 0.096 

SntcPer100 23,278 4.762 5.231 5.556 5.839 1.275 

SyllPer100 23,278 172.015 176.025 175.634 181.452 9.563 

LettPer100 23,278 494.943 513.321 511.544 530.250 28.593 

PolySyllableWords 23,278 10.000 13.000 18.649 18.000 20.481 

ARI 23,278 10.769 12.055 12.047 13.321 2.183 

CL 23,278 11.608 12.771 12.633 13.840 1.699 

FK 23,278 11.498 12.485 12.454 13.445 1.654 

FOG 23,278 8.493 9.250 9.221 10.083 1.382 

SMOG 23,278 14.139 14.757 14.862 15.787 1.415 

SIMALL 23,278 0.075 0.104 0.098 0.121 0.029 

SIMCAT 17,664 0.077 0.124 0.120 0.149 0.051 

SIMSTYLE 16,700 0.072 0.113 0.113 0.144 0.050 

SIMFAM 15,920 0.355 0.439 0.455 0.545 0.198 
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Table 4.3: Yearly Summary Statistics 

This table shows the annual means for the main variables from 1999 through 2009. Panel A presents attributes of the U.S. mutual funds. Fund returns (shown after expenses) and 

capital flows are recorded at a monthly frequency. Turnover and ExpenseRatio are computed on an annual basis. Panel B presents the textual attributes of the Investment Objective-

Strategy section of the fund prospectus. Panel C provides the same textual measures for the Principal Risk section. 

 1999 2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 Full 

Panel A. Fund Attributes             

Flow 0.073 0.029 0.032 0.025 0.013 0.006 0.005 0.003 -0.001 -0.008 0.002 0.016 

FundRetMkt -0.003 0.009 0.003 0.004 -0.001 0.001 0.001 -0.001 0.001 0.001 0.001 0.002 

FundRetMktSq 0.002 0.003 0.002 0.001 0.001 0.001 0.000 0.000 0.001 0.001 0.001 0.001 

FundRetMktNeg -0.017 -0.015 -0.014 -0.012 -0.009 -0.007 -0.007 -0.008 -0.007 -0.012 -0.012 -0.011 

NAV 18.219 18.443 14.565 12.756 13.091 15.743 16.985 18.566 20.129 16.135 13.125 16.092 

TNA 1467.379 1338.667 1170.419 1238.979 1396.712 1685.097 1957.993 2270.462 2778.540 2554.826 2325.808 1811.099 

Age 10.368 9.956 10.195 11.004 12.071 13.274 14.340 15.410 16.521 17.852 19.184 13.525 

FundVolatility 0.009 0.013 0.012 0.013 0.009 0.008 0.007 0.007 0.010 0.020 0.016 0.011 

Turnover 0.737 0.783 1.017 1.133 1.049 0.983 0.971 1.012 0.976 0.918 0.963 0.966 

Actual12B1 0.001 0.005 0.005 0.005 0.005 0.004 0.004 0.005 0.004 0.004 0.004 0.003 

ExpenseRatio 0.011 0.011 0.012 0.012 0.013 0.013 0.012 0.012 0.011 0.011 0.011 0.012 

MarketingFees 0.096 0.298 0.287 0.263 0.255 0.236 0.266 0.289 0.234 0.239 0.219 0.197 

MgtFee 0.609 0.637 0.623 0.594 0.657 0.700 0.703 0.697 0.690 0.706 0.698 0.666 

EquityStyle – Large Growth 0.356 0.350 0.361 0.359 0.360 0.366 0.367 0.366 0.364 0.365 0.367 0.362 

EquityStyle – Large Value 0.143 0.136 0.131 0.134 0.133 0.132 0.132 0.131 0.131 0.131 0.132 0.133 

EquityStyle – Large Blend 0.143 0.157 0.157 0.156 0.155 0.153 0.152 0.152 0.155 0.158 0.159 0.155 

EquityStyle – Mid Growth 0.102 0.098 0.093 0.091 0.094 0.093 0.092 0.095 0.096 0.096 0.097 0.095 

EquityStyle – Mid Value 0.053 0.053 0.050 0.049 0.049 0.049 0.048 0.048 0.048 0.048 0.049 0.049 

EquityStyle – Mid Blend 0.043 0.045 0.043 0.042 0.042 0.042 0.042 0.041 0.041 0.036 0.029 0.040 

EquityStyle – Small Growth 0.089 0.091 0.086 0.084 0.084 0.083 0.083 0.083 0.083 0.083 0.083 0.085 

EquityStyle – Small Value 0.026 0.023 0.037 0.042 0.042 0.042 0.042 0.041 0.041 0.041 0.042 0.038 

EquityStyle – Small Blend 0.046 0.046 0.043 0.042 0.042 0.042 0.042 0.041 0.041 0.041 0.042 0.042 

Broad Category Group – Equity 0.747 0.766 0.780 0.783 0.785 0.786 0.786 0.787 0.788 0.793 0.792 0.782 

Broad Category Group – Allocation 0.150 0.135 0.126 0.125 0.124 0.123 0.123 0.123 0.122 0.117 0.117 0.125 

Broad Category Group – Fixed Income 0.103 0.099 0.093 0.092 0.091 0.091 0.091 0.090 0.090 0.090 0.091 0.093 

Number of Funds 188 220 230 229 224 212 209 202 201 197 186 237 
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Table 4.3 (continued) 

 1999 2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 Full 

Panel B. Investment Objective-Strategy             

Sentences 14.161 16.447 16.911 16.687 16.703 16.584 16.702 16.956 16.620 17.891 17.684 16.729 

Word 274.831 310.757 317.282 312.481 314.973 313.505 314.575 318.959 312.067 322.545 317.423 312.769 

CharNoSpace 1512.415 1711.764 1749.465 1723.955 1737.010 1729.926 1735.870 1758.367 1721.364 1779.489 1750.967 1724.770 

Syllables 502.952 569.916 583.004 574.220 578.385 576.210 578.238 585.809 573.570 593.296 583.458 574.536 

SntcPerWord  0.053 0.054 0.054 0.054 0.054 0.053 0.054 0.054 0.054 0.055 0.055 0.054 

AvgSentcLength 20.381 19.993 19.908 19.947 19.988 20.094 20.032 19.982 19.977 19.675 19.594 19.952 

AvgWordLength 5.342 5.350 5.353 5.354 5.356 5.353 5.354 5.348 5.351 5.350 5.348 5.351 

AvgSyllWord 1.837 1.838 1.841 1.842 1.841 1.840 1.841 1.838 1.841 1.842 1.840 1.840 

SntcPer100 5.262 5.374 5.396 5.409 5.375 5.349 5.365 5.373 5.375 5.511 5.541 5.396 

SyllPer100 183.652 183.789 184.101 184.174 184.105 184.023 184.052 183.848 184.097 184.181 184.050 184.018 

LettPer100 534.232 534.988 535.283 535.422 535.642 535.323 535.355 534.819 535.095 535.025 534.822 535.126 

PolySyllableWords 11.657 13.110 13.422 13.262 13.490 13.447 13.517 13.736 13.419 13.803 13.490 13.347 

ARI 13.923 13.764 13.736 13.762 13.793 13.831 13.801 13.751 13.762 13.607 13.557 13.750 

CL 14.054 14.066 14.077 14.081 14.104 14.093 14.090 14.056 14.072 14.027 14.007 14.067 

FK 14.030 13.894 13.898 13.922 13.930 13.961 13.940 13.897 13.925 13.816 13.769 13.905 

FOG 9.855 9.672 9.647 9.672 9.705 9.749 9.722 9.700 9.694 9.562 9.526 9.678 

SMOG 16.001 15.883 15.894 15.893 15.913 15.933 15.923 15.890 15.912 15.809 15.752 15.889 

SIMALL 0.084 0.084 0.084 0.085 0.083 0.083 0.084 0.085 0.085 0.083 0.084 0.084 

SIMCAT 0.127 0.116 0.110 0.112 0.110 0.110 0.110 0.110 0.111 0.107 0.108 0.111 

SIMSTYLE 0.113 0.101 0.098 0.099 0.097 0.097 0.098 0.096 0.096 0.094 0.093 0.098 

SIMFAM 0.286 0.300 0.298 0.298 0.294 0.297 0.302 0.299 0.297 0.296 0.294 0.297 
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Table 4.3 (continued 2) 
 1999 2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 Full 

Panel C. Principal Risk             

Sentences 23.674 24.233 24.218 24.438 24.180 24.071 24.690 26.102 25.592 25.133 24.863 24.655 

Word 466.072 464.352 459.059 461.661 462.982 469.913 476.328 503.489 494.155 485.373 477.842 474.249 

CharNoSpace 2543.026 2512.714 2478.787 2496.010 2507.603 2545.255 2582.325 2734.357 2683.376 2641.134 2597.068 2571.765 

Syllables 845.125 836.227 825.245 830.217 834.154 847.161 859.379 909.564 893.024 877.646 863.127 855.505 

SntcPerWord  0.055 0.056 0.057 0.057 0.056 0.055 0.056 0.056 0.055 0.055 0.055 0.056 

AvgSentcLength 19.357 18.728 18.641 18.685 18.902 19.157 18.995 19.045 19.306 19.298 19.286 19.016 

AvgWordLength 5.135 5.129 5.125 5.125 5.131 5.131 5.136 5.143 5.147 5.167 5.163 5.139 

AvgSyllWord 1.763 1.758 1.757 1.756 1.758 1.759 1.761 1.764 1.767 1.771 1.770 1.762 

SntcPer100 5.471 5.603 5.652 5.661 5.602 5.543 5.572 5.562 5.515 5.491 5.509 5.567 

SyllPer100 176.253 175.755 175.712 175.555 175.808 175.903 176.093 176.408 176.746 177.075 176.981 176.183 

LettPer100 513.492 512.882 512.527 512.456 513.112 513.097 513.627 514.307 514.670 516.733 516.314 513.880 

PolySyllableWords 21.635 22.130 21.767 21.823 21.929 22.090 22.466 23.639 23.245 22.612 22.242 22.320 

ARI 12.434 12.091 12.030 12.049 12.189 12.316 12.259 12.316 12.464 12.557 12.531 12.282 

CL 12.773 12.698 12.663 12.656 12.712 12.729 12.751 12.794 12.829 12.958 12.928 12.767 

FK 12.757 12.453 12.414 12.413 12.527 12.638 12.597 12.654 12.795 12.831 12.815 12.616 

FOG 9.431 9.250 9.227 9.229 9.312 9.395 9.339 9.347 9.462 9.441 9.442 9.346 

SMOG 15.066 14.867 14.827 14.848 14.936 15.030 15.011 15.089 15.189 15.194 15.171 15.013 

SIMALL 0.098 0.094 0.092 0.095 0.094 0.093 0.093 0.095 0.096 0.098 0.097 0.095 

SIMCAT 0.130 0.122 0.116 0.119 0.118 0.114 0.114 0.116 0.116 0.116 0.115 0.117 

SIMSTYLE 0.115 0.111 0.108 0.110 0.108 0.106 0.107 0.107 0.106 0.108 0.105 0.108 

SIMFAM 0.458 0.460 0.446 0.452 0.455 0.455 0.463 0.457 0.462 0.469 0.466 0.459 
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Table 4.4: Correlation Matrix 

Pearson correlations of the main variables are presented. See Table 4.1 for variable definitions. ***, **, and * denote significance at 

the 1%, 5%, and 10% level, respectively. 

Panel A. Investment Objective-Strategy 

 ARI CL FK FOG SMOG  SIMALL SIMCAT SIMSTYLE SIMFAM 

ARI  1.000***          

CL  0.559***  1.000***         

FK  0.964***  0.522***  1.000***        

FOG  0.897***  0.244***  0.876***  1.000***       

SMOG  0.947***  0.562***  0.957***  0.865***  1.000***      

           

SIMALL -0.161***  0.052*** -0.229*** -0.167*** -0.177***   1.000***    

SIMCAT -0.099*** -0.125*** -0.124*** -0.018**  -0.087***   0.567***  1.000***   

SIMSTYLE -0.127*** -0.163*** -0.140*** -0.114*** -0.167***   0.450***  0.434***  1.000***  

SIMFAM -0.036*** -0.109*** -0.047*** -0.082*** -0.033***   0.071*** -0.004  0.094***  1.000*** 

           

Panel B. Principal Risk 

 ARI CL FK FOG SMOG  SIMALL SIMCAT SIMSTYLE SIMFAM 

ARI  1.000***          

CL  0.742***  1.000***         

FK  0.971***  0.714***  1.000***        

FOG  0.880***  0.403***  0.866***  1.000***       

SMOG  0.950***  0.701***  0.968***  0.862***  1.000***      

           

SIMALL  0.452***  0.540***  0.447***  0.294***  0.523***   1.000***    

SIMCAT  0.231***  0.294***  0.166***  0.064***  0.233***   0.652***  1.000***   

SIMSTYLE  0.272***  0.311***  0.259***  0.156***  0.303***   0.599***  0.558***  1.000***  

SIMFAM -0.197*** -0.154*** -0.158*** -0.138*** -0.161***  -0.021*** -0.111*** -0.020**   1.000*** 
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Table 4.5: Effect of Disclosure Composition on Mutual Fund Flows – Univariate 

This table presents difference-in-means estimates of percentage flow. For each measure, the sample is sorted into quartiles 

according to that measure. Columns (1) through (4) are the quartiles listed smallest to largest. Column (5) is the difference in the 

highest quartiles (Q4) and the lowest quartile (Q1).  

 (Q1) (Q2) (Q3) (Q4) (Q4)–(Q1) t-stat P-value 

Panel A. Fund Attributes        

FundRetMkt (t-1) 0.0017 0.0091 0.0107 0.0164 0.0147 -4.7593 0.0000 

FundVolatility (t-1) 0.0125 0.0128 0.0110 0.0095 -0.0030 0.8971 0.3697 

Age 0.0301 0.0079 0.0002 0.0086 -0.0215 3.0462 0.0023 

TNA 0.0189 0.0100 0.0066 0.0115 -0.0073 1.0605 0.2889 

Turnover 0.0024 0.0095 0.0037 0.0009 -0.0015 0.8778 0.3801 

ExpenseRatio 0.0039 0.0073 0.0038 0.0019 -0.0021 1.0132 0.3110 

        

Panel B. Investment Objective-Strategy        

ARI 0.0080 0.0109 0.0134 0.0147 0.0066 -1.9436 0.0520 

CL 0.0106 0.0134 0.0120 0.0110 0.0004 -0.1035 0.9176 

FK 0.0093 0.0186 0.0013 0.0179 0.0086 -2.3274 0.0200 

FOG 0.0097 0.0138 0.0115 0.0119 0.0022 -0.6447 0.5191 

SMOG 0.0089 0.0184 0.0051 0.0145 0.0056 -1.5894 0.1120 

SIMALL 0.0197 0.0078 0.0116 0.0079 -0.0118 2.7956 0.0052 

SIMCAT 0.0095 0.0052 0.0157 0.0081 -0.0013 0.8230 0.4106 

SIMSTYLE 0.0119 0.0050 0.0178 0.0027 -0.0092 5.1808 0.0000 

SIMFAM 0.0091 0.0063 0.0110 0.0135 0.0044 -0.5270 0.5982 

        

Panel C. Principal Risk        

ARI 0.0136 0.0145 0.0141 0.0048 -0.0088 3.2347 0.0012 

CL 0.0203 0.0159 0.0080 0.0026 -0.0177 2.7434 0.0061 

FK 0.0135 0.0138 0.0129 0.0067 -0.0068 2.1929 0.0283 

FOG 0.0123 0.0155 0.0077 0.0116 -0.0006 0.1878 0.8511 

SMOG 0.0137 0.0155 0.0131 0.0047 -0.0090 3.2129 0.0013 

SIMALL 0.0146 0.0097 0.0107 0.0120 -0.0026 0.3956 0.6924 

SIMCAT 0.0062 0.0106 0.0053 0.0164 0.0102 -1.3573 0.1747 

SIMSTYLE 0.0074 0.0106 0.0050 0.0146 0.0072 -0.9013 0.3675 

SIMFAM 0.0135 0.0047 0.0053 0.0163 0.0028 -0.3049 0.7605 
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Table 4.6: Effect of Disclosure Composition on Mutual Fund Flows – Multivariate 

This table presents regressions of monthly fund percentage flows on the average readability and similarity measures. The sample 

period is from January 1999 to December 2009. DumQ1SIMCAT is a dummy variable equal to 1 if a fund’s SIMCAT is in quartile 1. 

DumQ4SIMCAT is a dummy variable equal to 1 if a fund’s SIMCAT is in quartile 4. For additional variable definitions, see Table 4.1. 

The standard errors (in parentheses) are clustered by fund and month. Significance levels at the 10%, 5%, and 1% are indicated by 
*, **, and ***, respectively. 

 (1) (2) (3) (4) (5) (6) (7) 

Constant 0.009 0.018
*
 0.019 0.008 0.023 0.003 -0.049 

 (0.013) (0.011) (0.015) (0.009) (0.019) (0.029) (0.043) 

Average Grade-Level (IOS) 0.000  0.002
*
  0.000 0.000 0.002 

 (0.001)  (0.001)  (0.001) (0.001) (0.001) 

SIMCAT (IOS) -0.004   -0.056 -0.063 -0.052 -0.018 

 (0.026)   (0.058) (0.061) (0.053) (0.105) 

Average Grade-Level (PR)  -0.001 -0.002
**

  -0.002 -0.002 0.000 

  (0.001) (0.001)  (0.001) (0.002) (0.001) 

SIMCAT (PR)  0.029  0.056 0.068 0.078 0.026 

  (0.042)  (0.067) (0.073) (0.084) (0.118) 

FundRetMkt (t-1)      0.267
***

 0.226
***

 

      (0.066) (0.067) 

FundRetMkt (t-2)      0.135
***

 0.092
**

 

      (0.047) (0.038) 

FundRetMkt (t-3)      0.107
***

 0.070
*
 

      (0.033) (0.038) 

Age      -0.001
***

 -0.001
**

 

      (0.000) (0.000) 

DumQ1SIMCAT (IOS)      -0.001 -0.001 

      (0.004) (0.003) 

DumQ4SIMCAT (IOS)      0.003 -0.001 

      (0.006) (0.006) 

DumQ1SIMCAT (PR)      -0.005 -0.008
**

 

      (0.003) (0.004) 

DumQ4SIMCAT (PR)      -0.008 -0.003 

      (0.007) (0.004) 

FundRetMkt (t-1)*DumQ1SIMCAT (IOS)      -0.047 -0.091 

      (0.074) (0.060) 

FundRetMkt (t-1)*DumQ4SIMCAT (IOS)      -0.172
***

 -0.156
***

 

      (0.058) (0.048) 

FundRetMkt (t-1)*DumQ1SIMCAT (PR)      -0.147
**

 -0.093 

      (0.061) (0.063) 

FundRetMkt (t-1)*DumQ4SIMCAT (PR)      -0.054 -0.058 

      (0.048) (0.068) 

Fund, Year FE No No No No No No Yes 

R-squared 0.000 0.000 0.000 0.000 0.000 0.003 0.005 

Adj. R-squared 0.000 0.000 0.000 0.000 0.000 0.003 0.002 

N 17,569 17,569 23,130 17,569 17,569 17,340 15,548 
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Table 4.7: Effect of Disclosure Composition on Mutual Fund Flows – Principal Component 

This table reports the results of the principal components regressions for the periods during the technology bubble, during the 

financial crisis, and in-between. The dependent variable is monthly fund percentage flows. PC1, PC2, PC3, PC4, are the principal 

components for both the Investment Objective-Strategy and Principal Risk sections. For additional variable definitions, see Table 

4.1. The standard errors (in parentheses) are clustered by fund and month. Significance levels at the 10%, 5%, and 1% are indicated 

by *, **, and ***, respectively. 

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

Constant  0.014
**

 0.014
**

 0.014
**

 0.015
***

 0.006 

  (0.006) (0.006) (0.006) (0.005) (0.021) 

PC1 (IOS)  -0.001  -0.001 0.000 0.001 

  (0.001)  (0.001) (0.001) (0.001) 

PC2 (IOS)  -0.002  -0.002 0.000 0.000 

  (0.002)  (0.002) (0.001) (0.001) 

PC3 (IOS)  -0.004
**

  -0.011 -0.002 -0.001 

  (0.002)  (0.008) (0.002) (0.002) 

PC4 (IOS)  0.005
***

  0.013
*
 0.004

**
 -0.002 

  (0.002)  (0.008) (0.002) (0.002) 

PC1 (PR)   0.000 -0.002 0.000 0.000 

   (0.001) (0.002) (0.001) (0.001) 

PC2 (PR)   0.001 -0.001 -0.001 0.001 

   (0.001) (0.001) (0.001) (0.001) 

PC3 (PR)   0.002 0.011 0.003 0.000 

   (0.005) (0.011) (0.002) (0.002) 

PC4 (PR)   0.002 0.001 0.001 -0.001 

   (0.002) (0.002) (0.002) (0.002) 

FundRetMkt (t-1)     0.166
***

 0.137
***

 

     (0.044) (0.039) 

FundRetMkt (t-2)     0.143
***

 0.122
***

 

     (0.043) (0.043) 

FundRetMkt (t-3)     0.160
***

 0.127
***

 

     (0.029) (0.031) 

FundVolatility (t-1)     -0.159 -0.029 

     (0.168) (0.132) 

Age     0.000 0.000
***

 

     (0.000) (0.000) 

TNA     -0.001 0.000 

     (0.001) (0.001) 

Fund, Year FE  No No No No Yes 

R-squared  0.000 0.000 0.000 0.016 0.076 

Adj. R-squared  0.000 0.000 0.000 0.016 0.071 

N  13,157 13,157 13,157 12,936 8,030 
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Table 4.8: Effect of Disclosure Composition on Mutual Fund Flows by Period 

This table reports the results of the pooled OLS regressions for the periods during the technology bubble, during the financial 

crisis, and in-between. The dependent variable is monthly fund percentage flows. Average Grade-Level, the average of the ARI, 

CL, FK, FOG, and SMOG grade-level measures, is computed for both the Investment Objective-Strategy and Principal Risk 

sections. DumQ1SIMCAT is a dummy variable equal to 1 if a fund’s SIMCAT is in quartile 1. DumQ4SIMCAT is a dummy variable 

equal to 1 if a fund’s SIMCAT is in quartile 4. For additional variable definitions, see Table 4.1. The standard errors (in parentheses) 

are clustered by fund and month. Significance levels at the 10%, 5%, and 1% are indicated by *, **, and ***, respectively. 

 (1) (2) (3) (4) (5) (6) (7) 

Panel A. 1999–2000        

Constant 0.039 0.000 -0.058 0.064
***

 -0.005 -0.008 -0.142 

 (0.033) (0.031) (0.047) (0.025) (0.056) (0.044) (0.100) 

Average Grade-Level (IOS) 0.002  0.009
*
  0.002 0.002 0.003 

 (0.002)  (0.004)  (0.002) (0.002) (0.002) 

SIMCAT (IOS) -0.151
**

   -0.151 -0.115 -0.009 0.001 

 (0.072)   (0.111) (0.117) (0.088) (0.119) 

Average Grade-Level (PR)  0.005 -0.002  0.004 0.001 0.006 

  (0.004) (0.003)  (0.004) (0.004) (0.007) 

SIMCAT (PR)  -0.135
**

  -0.010 -0.057 -0.020 0.032 

  (0.068)  (0.075) (0.104) (0.103) (0.093) 

FundRetMkt (t-1)      0.296
***

 0.253
**

 

      (0.105) (0.107) 

FundRetMkt (t-2)      0.140
**

 0.092 

      (0.068) (0.067) 

FundRetMkt (t-3)      0.021 0.020 

      (0.069) (0.067) 

FundVolatility (t-1)      0.766 0.262 

      (0.581) (0.571) 

Age      -0.001
***

 -0.001
**

 

      (0.000) (0.000) 

TNA      -0.002 0.000 

      (0.002) (0.001) 

DumQ1SIMCAT (IOS)      -0.003 -0.005 

      (0.009) (0.011) 

DumQ4SIMCAT (IOS)      -0.006 -0.017
*
 

      (0.007) (0.009) 

DumQ1SIMCAT (PR)      -0.009 0.012 

      (0.008) (0.008) 

DumQ4SIMCAT (PR)      0.001 0.004 

      (0.006) (0.006) 

Fund, Year FE No No No No No No Yes 

R-squared 0.004 0.004 0.002 0.003 0.005 0.019 0.022 

Adj. R-squared 0.004 0.004 0.002 0.003 0.005 0.019 0.008 

N 2,592 2,592 3,646 2,592 2,592 2,507 2,363 
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Table 4.8 (continued) 

 (1) (2) (3) (4) (5) (6) (7) 

Panel B. 2001–2007        

Constant 0.012 0.028
**

 0.040
*
 0.004 0.038

*
 0.001 -0.039 

 (0.017) (0.013) (0.021) (0.012) (0.021) (0.045) (0.076) 

Average Grade-Level (IOS) 0.000  0.000  0.000 0.000 0.001 

 (0.001)  (0.001)  (0.001) (0.001) (0.001) 

SIMCAT (IOS) 0.011   -0.047 -0.060 -0.054 -0.079 

 (0.036)   (0.069) (0.073) (0.067) (0.167) 

Average Grade-Level (PR)  -0.003
*
 -0.003

**
  -0.003 -0.003 0.000 

  (0.002) (0.001)  (0.002) (0.002) (0.002) 

SIMCAT (PR)  0.049  0.067 0.084 0.105 0.047 

  (0.062)  (0.092) (0.100) (0.122) (0.159) 

FundRetMkt (t-1)      0.195
***

 0.133
**

 

      (0.041) (0.056) 

FundRetMkt (t-2)      0.158
***

 0.111
***

 

      (0.051) (0.040) 

FundRetMkt (t-3)      0.161
***

 0.088 

      (0.043) (0.059) 

FundVolatility (t-1)      0.166 -1.268 

      (0.272) (0.838) 

Age      -0.001
**

 -0.001
*
 

      (0.000) (0.000) 

TNA      0.006 0.013 

      (0.005) (0.011) 

DumQ1SIMCAT (IOS)      -0.001 -0.004 

      (0.006) (0.005) 

DumQ4SIMCAT (IOS)      0.004 -0.002 

      (0.008) (0.009) 

DumQ1SIMCAT (PR)      -0.008
*
 -0.015

**
 

      (0.004) (0.006) 

DumQ4SIMCAT (PR)      -0.012 -0.005 

      (0.010) (0.006) 

Fund, Year FE No No No No No No Yes 

R-squared 0.000 0.000 0.000 0.000 0.000 0.002 0.006 

Adj. R-squared 0.000 0.000 0.000 0.000 0.000 0.002 0.002 

N 11,519 11,519 15,389 11,519 11,519 11,418 10,125 
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Table 4.8 (continued 2) 

 (1) (2) (3) (4) (5) (6) (7) 

Panel C. 2008–2009        

Constant -0.021 -0.013 0.005 -0.016 -0.021 -0.005 -0.045 

 (0.018) (0.016) (0.027) (0.010) (0.025) (0.031) (0.039) 

Average Grade-Level (IOS) 0.000  0.000  0.000 0.000 0.001 

 (0.001)  (0.001)  (0.001) (0.001) (0.001) 

SIMCAT (IOS) 0.050   0.003 0.004 -0.053 0.081 

 (0.032)   (0.038) (0.037) (0.051) (0.084) 

Average Grade-Level (PR)  0.000 -0.001  0.000 0.000 0.001 

  (0.001) (0.001)  (0.001) (0.001) (0.002) 

SIMCAT (PR)  0.049
*
  0.047 0.049 0.022 -0.067 

  (0.026)  (0.032) (0.031) (0.029) (0.080) 

FundRetMkt (t-1)      0.041 0.031 

      (0.033) (0.028) 

FundRetMkt (t-2)      0.065 0.053 

      (0.060) (0.063) 

FundRetMkt (t-3)      0.065 0.062 

      (0.053) (0.055) 

FundVolatility (t-1)      -0.150 -0.137 

      (0.223) (0.184) 

Age      0.000
**

 0.000
*
 

      (0.000) (0.000) 

TNA      0.002
**

 0.001 

      (0.001) (0.001) 

DumQ1SIMCAT (IOS)      -0.001 -0.002 

      (0.004) (0.004) 

DumQ4SIMCAT (IOS)      0.014
*
 0.011 

      (0.007) (0.007) 

DumQ1SIMCAT (PR)      0.004 0.002 

      (0.005) (0.004) 

DumQ4SIMCAT (PR)      -0.001 -0.004 

      (0.004) (0.003) 

Fund, Year FE No No No No No No Yes 

R-squared 0.001 0.002 0.000 0.002 0.002 0.017 0.050 

Adj. R-squared 0.001 0.002 0.000 0.002 0.002 0.017 0.039 

N 3,458 3,458 4,095 3,458 3,458 3,415 3,060 
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Table 4.9: Effect of Disclosure Composition on Mutual Fund Flows in Young Funds 

This table presents regressions of monthly fund percentage flows on the average readability and similarity measures for funds that 

are less than a year old. The sample period is from January 1999 to December 2009. DumQ1SIMCAT is a dummy equal to 1 if a 

fund’s SIMCAT is in quartile 1. DumQ4SIMCAT is a dummy equal to 1 if a fund’s SIMCAT is in quartile 4. The standard errors (in 

parentheses) are clustered by fund and month. Significance levels at the 10%, 5%, and 1% are shown by *, **, and ***, respectively. 

 (1) (2) (3) (4) (5) (6) (7) 

Constant 0.466
*
 0.660 0.266 0.488

**
 0.610 -0.078 3.953 

 (0.095) (0.137) (0.285) (0.016) (0.154) (0.779) (0.607) 

Average Grade-Level (IOS) -0.011  0.018  0.003 0.008 -0.858 

 (0.423)  (0.369)  (0.834) (0.481) (0.441) 

SIMCAT (IOS) -0.627   0.749 0.845 0.117 -15.200 

 (0.188)   (0.325) (0.340) (0.835) (0.383) 

Average Grade-Level (PR)  -0.015 -0.024
*
  -0.015 0.046

*
 0.646 

  (0.536) (0.057)  (0.512) (0.051) (0.734) 

SIMCAT (PR)  -1.117
*
  -1.823

*
 -1.802 -1.087 16.369 

  (0.098)  (0.095) (0.121) (0.151) (0.371) 

FundRetMkt (t-1)      0.643 0.727
**

 

      (0.167) (0.020) 

FundRetMkt (t-2)      0.514
***

 0.312 

      (0.000) (0.101) 

Age      -0.212
***

 -0.238
***

 

      (0.007) (0.000) 

TNA      -0.022
**

 -0.003 

      (0.048) (0.934) 

DumQ1SIMCAT (IOS)      0.063 0.417 

      (0.128) (0.415) 

DumQ4SIMCAT (IOS)      0.052 0.446 

      (0.349) (0.436) 

DumQ1SIMCAT (PR)      -0.044 0.474 

      (0.485) (0.402) 

DumQ4SIMCAT (PR)      0.009 -0.288 

      (0.838) (0.366) 

FundRetMkt (t-1)*DumQ1SIMCAT (IOS)      0.392 -0.789
***

 

      (0.690) (0.000) 

FundRetMkt (t-1)*DumQ4SIMCAT (IOS)      -3.384
*
 -1.010 

      (0.081) (0.583) 

FundRetMkt (t-1)*DumQ1SIMCAT (PR)      -0.002 0.360 

      (0.999) (0.195) 

FundRetMkt (t-1)*DumQ4SIMCAT (PR)      3.416
*
 0.870 

      (0.099) (0.610) 

Fund, Year FE No No No No No No Yes 

R-squared 0.008 0.031 0.003 0.031 0.037 0.396 0.766 

Adj. R-squared 0.008 0.031 0.003 0.031 0.036 0.340 0.668 

N 255 255 645 255 255 193 113 
 

 


