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ABSTRACT

This paper evidences the strategic positioning of positive and negative
words within a CEO letter as a subtle form of impression manage-
ment. We find that managers tend to present information in such an
order that the reader of the CEO letter has a more positive perception
of the underlying message. We uncover a smile in the frequency of
positive words within the letter, and a half-smile in the intratextual
distribution of negative words, with a prevalence of negative words at
the beginning of the letter. We also find a siginificant positive associ-
ation between this qualitative impression management and the use of
abnormal accruals in earnings management. We propose sentiment an-
alytics that can compensate for the strategic management of narrative
structure and find that the proposed position weighted sentiment has
more predictive power for the firm performance over the next year.
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1 Introduction

Prior research in accounting and finance suggests there is an ambiguity in the sentiment ex-
pressed in the accounting narratives of financial disclosures by firms [Arslan-Ayaydin et al.,
2016; Huang et al., 2014]. Most authors agree that the sentiment of the qualitative sections in
corporate communications reduces the information asymmetry between the firm management
and the firm stakeholders, and has information value to predict future performance [see, e.g.,
Davis et al., 2012; Patelli and Pedrini, 2013]. This also explains why the market reaction around
the release of the accounting narrative tends to be positively associated with the expressed man-
agerial sentiment. There is however increasing empirical evidence that this potentially valuable
information channel is misused by managers, using these qualitative disclosures to influence
the perceptions of third parties for their own benefit through various impression management
techniques [Arslan-Ayaydin et al., 2016; Huang et al., 2014]. These practices not only make
the signal provided by financial disclosures biased, but they also reduce the confidence in the
information disclosed by managers [Arslan-Ayaydin et al., 2016; Clatworthy and Jones, 2003;
Heaton, 2002; Huang et al., 2014; Patelli and Pedrini, 2013].1 Understanding the use of senti-
ment in accounting narratives is thus of vital importance for improving the efficiency of financial
markets.

The recent literature on tone inflation focuses mainly on an aggregate analysis, studying how
an equally-weighted average of intratextual sentiment is influenced by managerial incentives and
how such biases affect the information signal in the corporate disclosure. This paper innovates
by investigating in detail the management of the narrative structure in accounting narratives as
a subtle form of impression management technique used by managers to influence investors’
perception of a firm’s future performance. Based on the serial position effect introduced by
Ebbinghaus [1885], we hypothesize that managers set the intratextual frequency of sentiment
within their financial disclosures in a way that increases the likelihood of leaving a positive
perception on the reader. The serial position effect argues that the order in which the information
is disclosed is a central factor influencing the sentiment perceived by the reader. That is, the
reader tends to recall the first and last items of a series best, and the middle items worst.

We examine the intratextual dynamics of sentiment within CEO letters to shareholders of the
DJIA constituents between 2000 and 2011.2 CEO letters are widely used accounting narratives
and considered important in the investment decisions of private and institutional investors [Abra-
hamson and Amir, 1996; Kohut and Segars, 1992; Patelli and Pedrini, 2013]. In fact, CEO letters

1The central importance of financial disclosures to the efficiency of securities markets is frequently mentioned
in speeches given by Securities and Exchange Commission (SEC) commissioners. For instance, “Audited finan-
cial statements provide the foundation for our securities markets. Audited financial statements allow investors to
make decisions on whether to buy, hold, or sell a particular security” [SEC, 2002a]. “Accurate information also
improves the quality of markets by allowing markets to discover the true price at which specific securities trade”
[SEC, 2002b].

2Compared to other studies on textual sentiment, our sample stands out in terms of its time series length. This
is needed to ensure a separation between the sample used for the estimation of the position weighted sentiment
and the performance measure to predict, as well as guaranteeing a long enough panel for accurate estimation of the
panel regressions. In order to make the homogeneity assumption of the slope parameters in the panel regression
plausible and to keep the data collection feasible, we focused on the DJIA firms.
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are unaudited and, unlike disclosures to the SEC, the message in these letters can, to a substantial
extent, be shaped as the CEO sees fit. Consistent with the hypothesis that the narrative structure
is used as a vehicle for impression management, we find strong evidence of a U-shape in the
intratextual dynamic of CEOs’ positive sentiment, with a significantly larger peak at the end of
the letter. The intratextual number of negative words peaks at the start of the text, to fall to an
almost constant low level towards the middle and the end of the text. The combination of a smile
in positive sentiment and a left-sided half-smile (or smirk) in negative sentiment, together with
the overall average of positive words being higher then the number of negative words, leads to a
right-sided smirk in the difference of positive and negative sentiment (called net sentiment).

Consistent with the hypothesis that the narrative structure is used as a vehicle for impression
management, we find strong evidence of a U-shape in the intratextual dynamic of CEOs’ positive
sentiment, with a significantly larger peak at the end of the letter. The intratextual number of
negative words peaks at the start of the text, to fall to an almost constant low level towards the
middle and the end of the text. The combination of a smile in positive sentiment and a left-sided
half-smile (or smirk) in negative sentiment, together with the overall average of positive words
being higher then the number of negative words, leads to a right-sided smirk in the difference of
positive and negative sentiment (called net sentiment).

We then use slope and curvature statistics to summarize the shape of the intratextual position-
ing of sentiment and examine their determinants. Importantly, using panel regression methods,
we find strong evidence that firms that engage in earnings management by posting a higher abso-
lute value of abnormal accruals are also more likely to engage in impression management. This
supports our hypothesis that managers consider impression management as a complementary
tools to manage stakeholders’ expectations. In fact, an explorative analysis suggests that im-
pression management is successful in terms of increasing the short-term market reaction around
the filing date of the 10-K and CEO letter at the SEC, but we find that this effect quickly dissi-
pates over one quarter.

We next investigate how intratextual dynamics influence automated approaches for the anal-
ysis of sentiment. It is generally expected that the sentiment expressed in the CEO letter is
informative of future firm performance. The caveat is that, because of impression management,
it may also sketch a sugar-coated view on the firm’s future performance. Today’s workhorse in
estimating sentiment consists of a simple spread between the percentage of words that can be
classified as positive and those that can be classified as negative. Statistical theory predicts that,
when the intratextual number of positive and negative words is not uniformly distributed, the
standard “bag of words” approach to proxy the author’s sentiment on future firm performance is
likely to be inefficient. In the case of impression management, the equally weighted average of
intratextual sentiment may even be upward biased and thus provide a too optimistic view on the
future corporate achievements.

We introduce a new generation of sentiment analytics that yields estimates of the factual sen-
timent in accounting narratives that are more robust to impression management. The proposed
method weights the information value of words depending on their position within the text. The
weights are optimized to maximize the sentiment measure’s predictive power for the firm’s re-
turn on assets (ROA) over the year following the publication of the CEO letter. Consistent with
the hypothesis that sentiment at the beginning and end of a text is overstated, we find that the
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optimized weights attach a relatively higher information value to the net sentiment in the middle
of the text than at the beginning and end of the text. We also find that the position weighted
sentiment is on average more pessimistic than the equally weighted sentiment measure, which
is expected when position weighting corrects for sentiment inflation due to impression manage-
ment. This correction leads to a significant increase in the R-square of the prediction model
relative to the classical approach used in the prior literature. This result indicates that the struc-
ture of the sentiment within CEO letters provides a signal concerning future performance and
that an intratextual analysis is required to accurately measure CEO sentiment within the CEO
letter.

This study makes several contributions. First, together with Allee and DeAngelis [2015],
this paper is the first to study the intratextual dynamics of sentiment of financial disclosures
and to show the existence of impression management through the structure of sentiment within
accounting narratives.3 While prior literature reports the existence of impression management
based on the manipulation of the tone level [see e.g., Arslan-Ayaydin et al., 2016], our paper
uncovers a more subtle form of impression management, where managers recurrently structure
sentiment within their accounting narratives in such a way that it positively influences the read-
ers’ expectations. Second, we show that firms who engage in earnings management are also
more likely to engage in impression management. Third, we develop a more efficient senti-
ment aggregation method to predict future firm performance, as compared to the usual spread of
positive and negative words used in prior literature.

We proceed as follows. Section 2 first sets our motivation and develops our hypotheses.
Section 3 describes our sample as well as the word libraries used. Section 4 shows the presence
of a common pattern in CEO sentiment dynamics within annual letters. Section 5 presents our
findings regarding the determinants of impression management, and its effect on the market
reaction around the SEC filing date. Section 6 introduces the position weighted measure of
sentiment. Section 7 contains the main analysis of the forecast performance of the sentiment
measure for future firm performance. Section 8 presents the conclusions and sketches directions
for further research.

2 Literature Review and Hypothesis Development

Our main conjecture is that the narrative structure in CEO letters is used for impression manage-
ment and that, as a consequence, a weighted measure of CEO sentiment in which the weights are
defined as a function of the position of the (positive or negative) word in the text is more accurate
in predicting future performance than its equally-weighted counterpart. To test this prediction,
we proceed in two steps. First, we investigate the intratextual distribution of net sentiment in
CEO letters, and show that this distribution is far from uniform and that it has an explainable
periodic shape. Second, based on these stylized facts, we investigate whether allocating weights
to words as a function of their position in their text increases the prediction accuracy of future

3Allee and DeAngelis [2015] summarize the complexity of narrative structure by means of the intratextual
dispersion of sentiment and find that managers tend to concentrate the discussion of bad news in a text, while good
news is more spread out.
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firm performance relative to the equally-weighted metrics used in prior literature.
In this section, we first motivate our choice for the analysis of impression management in

the context of CEO letters. We then review the most important results from the narratology and
computational linguistic literature in terms of the potential impact of impression management on
the strategic positioning of positive and negative words within the CEO letter. Finally, we present
our hypotheses on the relationship between earnings management, impression management, and
the market reaction to the CEO letter publication, and on how position weighting improves
sentiment aggregation with respect to the traditional “bag-of-words” approach.

2.1 Impression management in CEO letters

Because of information asymmetries between the firm management and the firm stakeholders,
users of financial information have to rely their evaluation of management effort and future per-
formance, at least partly, on reports that are prepared by managers themselves. Early research
on the qualitative information of accounting narratives mainly interprets sentiment as an unbi-
ased signal of a manager’s private information about future corporate performance and generally
ignores the managerial incentives to manage investors’ expectations about the firm’s future per-
formance [see e.g. Davis et al., 2012; Henry, 2008]. It is only recently that increasing evidence
shows that managers can intentionally affect the optimistic language in their accounting narra-
tives through impression management techniques [see e.g. Arslan-Ayaydin et al., 2016; Huang
et al., 2014].

Hooghiemstra [2000] describes impression management as “a field of study within social
psychology studying how individuals present themselves to others to be perceived favourably
by others.” In a corporate reporting context, impression management is regarded as attempts to
control and manipulate the impression conveyed to users of accounting information [Clatwor-
thy and Jones, 2001]. Managers can distort the expectations of third parties by selecting only
positive information to discuss in the narratives, by choosing which quantitative information to
highlight, distorting graphical presentation of the data or withholding negative news information.
For instance, Clatworthy and Jones [2001] find that profitable companies are more inclined to
discuss their results and acquisitions and disposals, while unprofitable companies include more
discussion of board changes. Other forms of impression management in corporate disclosures
include the transitivity structure (active and passive verb choice). For instance, Thomas [1997]
finds that in the CEO letter of a company, active voices are associated with success, while pas-
sive voices distance writers from the message. She also finds that the use of the pronoun “we”
declines with profitability. Similarly, Sydserff and Weetman [2002] argue that the use of passive
constructions gives the text a veneer of objectivity or neutrality, and can be used by writers as a
linguistic mechanism to disassociate themselves from the text.

More recently, Huang et al. [2014] provide evidence that managers manipulate investors’
perceptions to hype a stock before important events. They find that sentiment in earnings press
releases is, on average, more positive when firms are issuing new equity or undertaking mergers
and acquisitions, and more negative when granting stock options. Similarly, Davis and Tama-
Sweet [2012] argue that managers act strategically in choosing the narrative outlets to describe
firm performance. Schleicher and Walker [2010] study the sentiment in the outlook section of
the annual reports of UK firms and find evidence that firms with an impending performance
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decline tend to bias sentiment in the outlook section upwards. Finally, Arslan-Ayaydin et al.
[2016] show that equity-based incentives induce managers to inflate the sentiment of earnings
press releases to increase the value of their stock and option portfolios.

CEO letters are well-suited for our analysis on the strategic positioning of positive and nega-
tive words by CEOs. The main reason is that CEOs have a significant freedom in choosing the
content and the layout of the information reported. The auditor’s role remains limited to verify-
ing that the information in it is consistent with the numbers presented in the financial statements
[see, e.g., Clatworthy and Jones, 2003]. This stands in contrast with the MD&A section of the
firm’s annual 10-K filling which is heavily influenced by corporate lawyers. This lack of control
provides the management with an excellent opportunity to manage outsiders’ impressions on the
company without regulatory repercussions.

Amernic et al. [2010] state that CEO letters are personal and public statements that may serve
multiple purposes: they can define how performance is to be measured and assessed, set out
the business model, strategy, vision or direction, establish confidence and function as a key
accountability report on the firm’s success in attaining its goals. Notwithstanding the greater
opportunities for impression management, the information value of CEO letters for predicting
future performance is generally recognized [Abrahamson and Amir, 1996; Patelli and Pedrini,
2013]. CEOs tend to include in their letters the (non-financial) explanations and interpretations,
which cannot be included in the audited financial statements [Abrahamson and Amir, 1996].
Their importance as a complementary means of communicating with shareholders could explain
why the length of CEO letters has substantially increased over the last 20 years. From an average
of 1,230 words per letter between 1987 and 1988 [Abrahamson and Amir, 1996], the average
number of words in CEO letters in our sample shows an increase to approximately 1,900 as of
2012.

Our baseline hypothesis is that CEO letters are subject to impression management. Because
impression management is inherently unobservable, we cannot test this hypothesis directly. In
the next subsections, we build on this hypothesis to formulate testable predictions on the shape
of the intratextual distribution of positive and negative sentiment in a CEO letter. We also present
hypotheses on how the intratextual dynamics of sentiment can be exploited in the aggregation of
intratextual sentiment into a single sentiment estimate for the overall CEO letter.

2.2 Hypotheses on the positioning of sentiment in CEO letters

The value of the position of a word within a text has been thoroughly investigated in the narratol-
ogy and computational linguistics literature. We first review two generally accepted theories (the
serial position effect and peak-end-rule theory) and then discuss how they apply to the effects of
impression management on the narrative structure of CEO letters.

According to the serial position effect, readers recall information better when it is presented
first (primacy) or last (recency) in a vector of words, rather than in the middle [Baddeley and
Hitch, 1977; Glanzer and Cunitz, 1966; Roediger and Crowder, 1976]. Some studies have ex-
amined this issue in prose. One finds that recall of propositions in the text was higher for the
first propositions, followed by the last propositions and finally the middle propositions in two of
eight passages [Freebody and Anderson, 1986], while another study finds only primacy effects
[Frase, 1969]. Furthermore, Deese and Kaufman [1957] find both primacy and recency effects
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and Meyer and McConkie [1973] and Kieras [1980] find that information was recalled better if
it appeared early in the text and that this information was more important than other information
in the text. This evidence thus suggests that position and information value interact in some way.

This pattern in readers’ recall is usually referred to as the U-shaped free-recall curve and is
consistent with the position method defined by Edmundson [1969] in computational linguistics.
Edmundson [1969] develops automated text summarization techniques to aid readers in access-
ing information at a faster pace and defines a weight-based method that computes the weight
of each sentence based on certain features, such as cue phrase, keyword (i.e., term-frequency-
based), title and location. He evaluates each of the criteria by comparison against manually
created extracts. He finds that the combination of cue phrases/title/location dominates word
frequency measures in the creation of better extracts, with keywords alone being the worst per-
forming algorithms and location being the best individual feature. This research suggests that
the relationship between the position of a word in the text and its information value should be
considered to optimally measure sentiment in corporate disclosures.

The peak-end-rule theory developed in Varey and Kahneman [1992] predicts that the peak
and final event of an experience influences the evaluation more than all other events in the ex-
perience, which contradicts a simple hedonic calculus in which years of please and pain are
summed or averaged. Experiences that end very well or with a large positive moment are rated
as more pleasurable than longer, more moderately pleasant experiences despite the total hap-
piness experienced ostensibly being greater in the longer case [Diener et al., 2001; Do et al.,
2008; Fredrickson and Kahneman, 1993]. As a consequence, following the peak-end rule the-
ory, investors reading two sentiment-neutral CEO letters (both with the same number of positive
and negative words) have a more positive (negative) assessment of the firm’s future performance
depending on whether positive words are at the end (beginning) and negative words at the be-
ginning (end) of the letter and whether a large positive (negative) peak occurred in the letter.

In order to inflate the perceived sentiment, we therefore expect the firm management to release
CEO letters that are logically organized discourses in which the most salient elements of the text
are discussed at the beginning and end of the text, while the more neutral elements are discussed
in the middle. For the positive impression to dominate, we expect a higher incidence of positive
words than negative words and that the number of words classified as positive will be higher
at the beginning and at the end. Therefore, following the serial position effect and for a given
total number of positive words, we expect CEOs to be disproportionately more positive at the
beginning and end of the letter than in the middle, where the firm’s operations and developments
are discussed. This leads to our first testable hypothesis:

H1a: Textual positive sentiment within CEO letters to shareholders is U-shaped on average,
with a peak in positive sentiment at the end of the text.

Because the end of the letter is recalled best, we expect the end of the letter to contain a
larger number of positive words than the beginning. The U-shape of CEOs’ positive sentiment
within their letters can also be understood in the context of the peak-end-rule, which predicts
that framing financial performance in positive terms with a peak at the end will cause readers to
think about the results in terms of increases relative to the reference point (average) [Kahneman
et al., 1993].
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The pattern of the intratextual frequency of CEOs’ negative sentiment is more difficult to
predict. Based on the peak-end-rule theory and the U-shaped free-recall curve, one may expect
an inverse U-shape (a “frown”) in negative sentiment.

In practice, the objective of avoiding negative sentiment in the key positions of a text has to be
balanced off with the constraint of providing a realistic view on the firm’s achievement. In fact,
since the Sarbanes-Oxley Act of 2002 and the establishment of the Public Company Accounting
Oversight Board in the USA (and similar bodies in other countries), CEOs have to be more
conscious of the words they choose in discharging their accountability to stakeholders. In the
wake of recent accounting and corporate governance scandals, audit committees, regulatory
authorities and others involved in the oversight of CEOs are now more alert to their obligations
implicit in the narratives signed by CEOs, especially concerning past or prospective negative
events.

We therefore expect the use of negative words to be a trade-off for the CEO. On the one hand,
it is important for the CEO letter to be in agreement with prior knowledge to assist the reader’s
comprehension [Pearson et al., 1979]. Readers will stop reading the CEO letter if it is unreal-
istic. Furthermore, in order to establish and maintain a transparent and trustworthy image, the
CEO is expected to be upfront about the negatives in the CEO letter. Because our sample in-
cludes economically volatile periods with two important crises (the dot-com bubble in 2001 and
the great recession in 2007-2009), realistic CEO letters cannot avoid the use of negative words.
On the other hand, the CEO wants to maximize the firm value and communicate positively to
investors. We expect that the CEO optimally achieves these objectives by placing the majority
of the negative words at the beginning of the text. Because the introduction is thereby realistic,
the CEO will avoid losing the reader, as the text is in agreement with his understanding of the
economic situation. Because of the recency theory and peak-end rule, investors will remember
these negative words less after having read the entire text. The concentration of negative senti-
ment at the beginning of the text, as opposed to the hypothesized repetition of positive sentiment
words at the beginning and end of the text, is also consistent with the recent results in Allee and
DeAngelis [2015] showing that the discussion of negative news is more concentrated in a text
than the discussion of positive news. In visual terms, the U-shape in positive words can be seen
as a smile, while the shape of negative sentiment is only a left-sided half-smile, to which we
refer henceforth using the term left-sided smirk.

H1b: Textual negative sentiment within CEO letters to shareholders is characterized by a
left-sided smirk on average.

As a result and consistent with the peak-end rule, we expect CEOs’ net sentiment, measured
as the spread between positive and negative words, to show a right-sided smirk.

H1c: Textual net sentiment within CEO letters to shareholders is characterized by a right-
sided smirk on average.

Further important questions concern the types of firms that engage in impression management
and how impression management affects the market reaction to the qualitative information in the
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CEO letter to shareholder.4 We expect that firms who engage in earnings managements are also
more likely to engage in impression management by strategically positioning the words in the
CEO letter to shareholders. We further conjecture that impression management has a positive
association with the short-term market reaction to the average sentiment in the CEO letter, but
that this effect dissipates quickly.5

H1d: The incentives that drive the management of earnings numbers are positively correlated
to impression management.

H1e: The positioning of words in the CEO letter affects the short-term market reaction to the
average CEO letter sentiment, but this effects dissipates quickly.

2.3 Hypotheses on the value of position weighting in the aggregation of
intratextual sentiment

We now turn to the question of the information value of the textual sentiment expressed in CEO
letters for predicting the one-year-ahead firm performance, as measured by the firm’s return on
assets (ROA) over the year following the publication of the CEO letter. Narrative disclosures
are a potentially important source of information about firms’ fundamental values. Because few
firm stakeholders observe firms’ production activities, they get most of their information second-
hand. Their main sources are analysts’ predictions, quantifiable publicly disclosed accounting
variables, and accounting narratives of firms’ current and future profit-generating activities, such
as the CEO letter to shareholders. Abrahamson and Amir [1996] and Patelli and Pedrini [2013]
evidence the effect of sentiment of CEO letters on the perception of investors about its future
performance. Although they find evidence of sugar-coating in CEO letters to shareholders, they
show that future return on asset increases with the sentiment of financial disclosures.6 This ev-
idence supports the fact that the qualitative information contained in earnings releases provides
a signal regarding managers’ future earnings expectations to the market that is incremental to
quantitative information. It remains however an open question on how to capture best that signal
in a data-driven manner.

The automated analysis of sentiment requires to aggregate the numbers of positive and nega-
tive words into a manageable metric for further analysis. Typically, the total textual sentiment is
measured as the spread in the proportion of positive and negative words in the document [Davis
et al., 2012; Davis and Tama-Sweet, 2012; Demers and Vega, 2010; Huang et al., 2014; Patelli
and Pedrini, 2013] or simply as the proportion of negative words [Abrahamson and Amir, 1996;

4We thank an anonymous Reviewer for suggesting us to examine these research questions.
5An important caveat is that we only do an explorative test of the market reaction hypothesis H1e. A conclusive

answer requires a detailed analysis of the incremental information content of the qualitative information in the CEO
letter at the exact time of publication of the CEO letter. We proxy the latter by the SEC filing date of the 10-K and
the CEO letter, as in Qi et al. [2000], and use various control for the former. We believe that a deeper analysis of
how impression management affects the market reaction is an important, but challenging topic for further research.

6Similarly, Henry [2008], Davis et al. [2012], Demers and Vega [2010] and Price et al. [2012], among oth-
ers, conclude that the sentiment of earnings press releases is significantly positively correlated with future firm
performance and short window contemporaneous returns around the date that the disclosures are made even after
controlling for a firm’s financial information and earnings surprises.
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Tetlock et al., 2008]. However, these approaches implicitly assume that all words in the negative
(resp. positive) word list are equally negative (resp. positive). Jegadeesh and Wu [2013] pro-
pose to estimate the information value of each word in the list by regressing the market impact
on dummy variables indicating the use of a particular word in the textual communication. Given
the large number of possible words, this so-called “word power approach” is only feasible for
the analysis of a high-dimensional set of communications. In addition, when the focus is on
forecasting, typically rolling window estimations are used, reducing further the number of de-
grees of freedom in the data to estimate the word power. For similar reasons, the approach based
on setting weights inversely proportional to the frequency of documents in which the word is
used (see e.g. Loughran and McDonald 2011) is likely to lead to noisy weights.7

One of the major consequences of the non-uniform distribution of the intratextual number
of positive and negative words is that total sentiment measures that aggregate the intratextual
sentiment without considering the position in the text may be suboptimal. As we show in the
Appendix, one notable exception is when the observed sentiment is a noisy (but unbiased) proxy
of the true underlying sentiment and the noise satisfies the condition of being independently and
identically normally distributed with zero mean. Whenever impression management leads to
managing the narrative structure, these assumptions will be violated and the equally-weighted
sentiment measure will tend to be biased. In particular, whenever the beginning and end of the
letter are dominated by impression management and overconfidence biases, it implies that these
parts of the text contain less information value and should be underweighted when measuring
sentiment. In the position weighted sentiment measure, the intratextual weights need to sum
to unity. This implies that underweighting the intratextual sentiment of the words located at
textual positions that are systematically inflated by impression management will lead to position
weighted sentiment measures that are on average more pessimistic than the approaches based on
equal weighting of intratextual sentiment.

H2a: The position weighted measure of sentiment is on average more pessimistic than the
equal weighted sentiment measure.

Ultimately, the position weighted sentiment measure can be used to forecast future perfor-
mance. The estimation of intratextual weights is of course only useful if sentiment is not uni-
formly distributed within a text. When some parts of the text are systematically more informa-
tive than others, then it may be more efficient to measure sentiment as a weighted average of
the intratextual net sentiment such that the words with a higher (lower) information value are
overweighted (resp. underweighted). This leads us to formulate the hypothesis that the infor-
mation content of textual sentiment estimates to predict firm performance can be improved by
differentiating the weights attached to intratextual sentiment according to their position in the
text:

H2b: When the intratextual sentiment is not uniformly distributed, a weighted measure of

7Compared to the word power and inverse document frequency approaches, the position weighting approach
that we develop in this paper is fundamentally different in terms of the type of information it exploits (the position
in the text). It is also more parsimonious by modelling the weight of a word as a semiparametric function of the
position in the text (instead of having as many degrees of freedom as the number of words in the corpus analyzed).
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CEO sentiment with weights that are a function of the position of a word in a text is more
informative of future firm performance than their equally-weighted counterparts.

3 Data Collection and Financial Dictionaries

In the next sections, we analyze the intratextual dynamics of sentiment in CEO letters over the
period 2000 and 2011. This section first describes our data set of CEO letters and then introduces
the libraries used to extract the sentiment from the observed words.

3.1 Collection of DJIA CEO letters

We hand-collect the CEO letters of the firms included in the Dow Jones Industrial Average Index
(DJIA) for the twelve consecutive fiscal years 2000 to 2011.8 We choose the DJIA constituents
for reasons of importance and tractability. The DJIA encompasses 30 of the largest firms in the
United States and is considered a leading indicator of the stock market. We obtain the letters
from each firm’s respective website. If the annual report is not directly available, we contact the
firm’s public relations department. Because firms typically file their annual reports in the next
calendar year, our sample mostly covers fiscal years 2001 to 2012. To avoid double-counting,
we only select the text portion and delete any table, graph or figure included in the letter. Each
letter is then saved as a text file for compatibility with our content analyzer.9

In terms of comparison, Abrahamson and Amir [1996] and Patelli and Pedrini [2013] cover
two-year periods between 1987–1988 and 2008–2009, respectively. Although both papers cover
a larger cross-section of firms, the 12-year period of this paper stands in clear contrast to the
short time-series adopted in their research and covers different market regimes, while the 1987–
1988 and 2008–2009 periods adopted by Abrahamson and Amir [1996] and Patelli and Pedrini
[2013] correspond to a high-market-uncertainty regime.

Our second hypothesis focuses on the relationship between CEO sentiment and future firm
performance, which requires a date on which the letter was made publicly available. Thus, we
manually collect each firm’s annual report SEC filing date on the Edgar system. The firm is
required to have at least one filing date at the SEC over the 2000-2012 period. If we obtain
no SEC filing date for some years, we extrapolate the missing date(s) based on the latest date
available for that firm.

As described below, our analyses require stock price and accounting data. Market prices and

8The corresponding tickers are: AXP, AIG, AA, MO, SBC, T, NCB, BA, CAT, CHV, CSCO, CCC2, KO, DIS,
DD, XON, GE, GM, HD, ALD, HWP, IBM, INTC, IP, JNJ, CHL, EK, KFT, MCD, MRK, MMM, MSF, PFE, PG,
STPL, UTX, BEL, WMT. The total number of firms analyzed exceeds thirty because of the changes in the DJIA
composition.

9It is the CEO who signs the shareholder letter. Prior literature confirms that shareholder letters reflect the CEO
more than other legally vetted communications such as the commonly studied MD&A section of form 10-K and
regulatory filings [Abrahamson and Amir, 1996; Amernic et al., 2010]. Dombalagian [2014] notes that in financial
filings, “narrative disclosures are typically prepared by teams of attorneys who are versed in the relevant disclosure
standards as well as the associated civil and criminal standards.” Dikolli et al. [2014] indicate that while firms’
legal teams are heavily involved in writing sections of the annual report that are regulated by the SEC (such as the
MD&A), attorneys “almost never even comment on the shareholder letter.”
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returns data are taken from the Center for Research in Security Prices (CRSP) database, while
the COMPUSTAT database is our source for accounting data. Our final sample consists of 342
CEO letters with a total of 1,002,054 words.

3.2 Financial dictionaries

The building block of a sentiment measure is the qualification of words as positive, negative or
neutral. This is usually performed by a content analysis that verifies whether the words belong to
a pre-specified list of positive and negative words, called a dictionary. Most of the early research
uses general lists of words, such as the Diction software program, that automatically generates
a score of a document’s optimism. These libraries were built for the study of sociological and
psychological text and may not be suitable for the content analysis of corporate disclosures. The
current trend in text analysis research is to refer to domain-specific dictionaries. For the analysis
of CEO letters, this implies the use of specialized financial dictionaries, such as those developed
by Loughran and McDonald [2011] and Abrahamson and Amir [1996].10

We use three different libraries of words, each of which has been used to study firms’ financial
disclosures. The first is obtained from Loughran and McDonald [2011], who provide finance-
oriented lists of (positive and negative) words. 11 The second library of positive and negative
words, that we use, consists of the so-called “optimism-increasing” and “optimism-decreasing”
word lists in the DICTION 7.0 software.12 Finally, the library of Abrahamson and Amir [1996]
only consists of a list of negative words, which was specifically designed for the study of CEO
letters. The Abrahamson and Amir [1996] library is available in their paper.

We report in Table 1 the number of words found in our sample of CEO letters between 2000
and 2011 for each library. We find that 40,034 words out of the total 1,002,054 words in our
sample can be matched with words in the Loughran and McDonald [2011] library, 47,429 with
words in Diction and 2,835 with words in the Abrahamson and Amir [1996] library. A com-
parison between the words found by Diction and Loughran and McDonald [2011] demonstrates
the broader scope of the Diction library, especially for negative words. The top five words in
Diction include ’not’, ’needs’, ’no’ and ’hard’, those of the Loughran and McDonald [2011]
contain more financially oriented words such as ’crisis’, ’critical’, ’challenges’.

[Insert Table 1 here.]

We expect sentiment estimates using finance-oriented dictionaries to be more powerful in
predicting future performance than generic dictionaries, such as the Diction library. This is

10Although domain-specific libraries are progressively being defined, a consensus has yet to be reached as to
which library to use. This explains why research usually refers to various multiple lists of words to evidence the
robustness of their results.

11The lists are publicly available on the authors’ website: http://www3.nd.edu/~mcdonald/Word_
Lists.html.

12More precisely, the“optimism-increasing” wordlists in DICTION are the lists labeled “Praise”, “Satisfaction”
and “Inspiration”, while the “optimism-decreasing” word list is the union of the words in the word lists “Blame”,
“Hardship” and “Denial”.
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consistent with prior studies suggesting that generic linguistic algorithms may yield noisy mea-
sures of “positive” and “negative” linguistic sentiment in the context of financially oriented text
passages. For instance, Loughran and McDonald [2011] show that each discipline has its own
dialect in which words take on specific meanings in specific contexts that may not translate ef-
fectively in other disciplines. For these reasons, we use in the following sections the word lists
provided by Loughran and McDonald [2011] as our main library and report the results of Diction
and Abrahamson and Amir [1996] for comparison purposes.13

4 Intratextual Dynamics of CEO Sentiment

In this section, we first introduce the definition of the intratextual sentiment proxies. We then
provide strong empirical evidence in favour of the hypotheses H1a, b and c on the shape of the
intratextual dynamics of CEO sentiment within the letters to shareholders.

4.1 Notation

The length of each text is standardized to correspond to the [0, 1] interval, which we divide in
B bins such that each bin contains the same number of total words. In the remainder of the
paper we use B = 20 bins.14 For each bin, we then compute the percentage number of positive
(resp. negative) words out of the total number of words in each bin. As such, the positive CEO
sentiment in bin b (b = 1, . . . , B) for firm j for the CEO letter of fiscal year t (expressed in
percentage points) is

PosSentb,j,t = 100 ·
PWb,j,t

TWb,j,t
, (4.1)

where PWb,j,t and TWb,j,t are the number of positive words and the total number of words for
firm j in bin B for fiscal year t, respectively. Similarly, the negative CEO sentiment for bin b for
firm j for the CEO letter of fiscal year t is given by

NegSentb,j,t = 100 ·
NWb,j,t

TWb,j,t
, (4.2)

where NWb,j,t is the number of negative words for firm j in bin b for fiscal year t.
Finally, for each bin, we also compute the difference between the positive and negative senti-

ment, and call this the net sentiment of that bin:

NetSentb,j,t = PosSentb,j,t −NegSentb,j,t. (4.3)

Our interest is in the dynamics of textual sentiment within the bin and how these dynam-
ics affect the estimation of total sentiment. The traditional aggregation of the B estimates of

13The choice of Loughran and McDonald [2011] as our main library is further substantiated in Subsection 7.2
where we find that the sentiment measured obtained using the word lists of Loughran and McDonald [2011] predict
better future firm performance than the alternative word lists from Diction and Abrahamson and Amir [1996].

14Results are qualitatively similar for 10 bins or when considering random bin selections as in Allee and DeAn-
gelis [2015].
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intratextual sentiment is based on simple averaging:

NetSentEWj,t =
1

B

B∑
b=1

NetSentb,j,t. (4.4)

The subscript EW refers to the fact that the sentiment of each bin is equally weighted. The
definition of PosSentEWj,t and NegSentEWj,t is analogous.

To summarize the intratextual dynamics into univariate statistics, we recommend to use the
intratextual slope, curvature and Herfindahl Index statistics. The intratextual slope shows the
direction of the intratextual sentiment evolution. An increasing value of sentiment corresponds
to a positive slope, and vice versa for a negative slope. We implement the slope statistic as the
average spread between the sentiment of the last two bins minus the sentiment of the first two
bins. As such, we obtain the net sentiment slope statistic as:

Slopenetj,t =
1

2

(
(NetSentB−1,j,t +NetSentB,j,t)− (NetSent1,j,t +NetSent2,j,t)

)
, (4.5)

and similarly for Slopeposj,t and Slopenegj,t .
The slope statistic can be seen as the average change of sentiment in a text. As mentioned

above, this change is not expected to be constant. For positive sentiment, e.g., we expect a U-
shape implying a convex-shaped curvature of intratextual sentiment. We measure the curvature
of sentiment as the spread between the average net sentiment of the first and last two bins and
the average sentiment of the three most central bins. This curvature statistic will be positive in
case of a U-shaped sentiment. The net sentiment curvature statistic is defined as follows:

Curvaturenetj,t =
1

4

(
NetSent1,j,t +NetSent2,j,t +NetSentB−1,j,t +NetSentB,j,t

)
−1

3

(
NetSentbB/2c−1,j,t +NetSentbB/2c,j,t +NetSentbB/2c+1,j,t

)
, (4.6)

where b·c denotes the floor operator. Curvatureposj,t and Curvaturenegj,t are similarly defined.
Finally, in order to verify the result of Allee and DeAngelis [2015] that managers tend to con-

centrate the discussion of bad news in a text, while good news is more spread out, we compute
the Herfindahl index of intratextual sentiment. For net sentiment, the Herfindahl Index is given
by:

HInetj,t =
B∑
b=1

(
NetSentb,j,t∑B
a=1NetSenta,j,t

)2

. (4.7)

The definition of the Herfindahl Index for positive and negative sentiment (HIposj,t and HInegj,t ) is
analogous.15 The Herfindahl Index ranges from 1/B (maximum dispersion) to one (maximum

15The calculation of the Herfindahl Index requires the sentiment measures for each bin to be positive. For
PosSentb,j,t and NegSentb,j,t, this is by definition the case. For our sample, NetSentb,j,t is always positive
and thus does not require any truncation.
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concentration), where B is the number of intratextual bins. Based on Allee and DeAngelis
[2015], we hypothesize that HInegj,t exceeds the HIposj,t .

4.2 Findings on intratextual variation of sentiment

We discuss in this section the results on the slope, curvature and Herfindahl Index statistics
presented in Table 2 and the intratextual positive, negative and net sentiment frequency plots
shown in Figures 1-2.

[Insert Table 2 here.]

Consider first of all the aggregated sentiment measures in Panel A of Table 2. We see that,
the net sentiment estimated from both the Loughran and McDonald [2011] and DICTION word
lists, is on average positive. The average expressed positive sentiment by CEOs in their letter is
as expected and in line with previous results in the literature. It confirms the general consensus
that CEOs tend to be optimistic, overconfident and have an intrinsic interest of portraying a
positive image about their firm (see e.g. Arslan-Ayaydin et al. 2016; Heaton 2002; Malmendier
and Tate 2005).

Panel D reports the Herfindahl Index for positive, negative and net sentiment. The results
confirm the hypothesis of Allee and DeAngelis [2015] that firm managers tend to concentrate
the discussion of negative news and spread more the discussion of positive news, since we find
that the Herfindahl Index of negative news is more than double the Herfindahl Index of positive
news.

The novelty of our research is regarding the narrative structure of where sentiment is posi-
tioned, which, as we show next, is primarily in the beginning of the text for negative sentiment,
and U-shaped with a peak at the end of the text for positive sentiment. We hypothesize that the
intratextual analysis of CEO sentiment reveals a new and subtler form of impression manage-
ment that occurs within the CEO letter: CEOs first refer to negative past events and, whenever
they introduce bad events, they swamp them with many positive words. They then progressively
talk about the future in positive terms while clearly reducing the negative tone within their letter.
Such a swamping strategy is compatible with the serial position effect. Because investors will
recall the end of the text best (recency effect), CEOs will increase the number of positive words
towards the last bins. Similarly, the first bins are expected to report an above-average positive
sentiment, as these are the bins that are recalled more frequently than the middle items (the pri-
macy effect). This interpretation of impression management by means of strategic positioning
of positive and negative sentiment in a text is consistent with prior research on CEO behavior,
which shows that CEOs tend to conceal bad news by not reporting it to the same extent as good
news [see, e.g., Clatworthy and Jones, 2003].16

16CEOs are consistently more optimistic than pessimistic, even during financial crises: only 8 out of 342 (2%)
CEO letters have a negative value for their net sentiment between 2000 and 2012, among which five are for JPMor-
gan between 2007 and 2011.
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These predictions are confirmed by both the summary slope and curvature statistics in Table
2, and the more detailed plots in Figures 1-2 showing the average PosSentb,j,t, NegSentb,j,t
andNetSentb,j,t, over all CEO letters in our sample, as function of the bin b, with b = 1 . . . , 20.

As can be seen from Panel B, positive and net intratextual sentiment are upward sloping,
while the negative slope for negative sentiment indicates a concentration of negative sentiment
at the beginning of a text. The curvature statistics confirm that sentiment is especially expressed
at the beginning and the end of a text, while the middle of the text is more neutral. These
results are consistent with the hypotheses H1a, H1b and H1c predicting a U-shaped pattern in
sentiment, with a peak at the end of the text for positive and net sentiment, and a peak at the
beginning of the text for negative sentiment. We interpret this as prima facie evidence that CEOs
carefully position positive and negative words in their CEO letter in order to transmit a positive
sentiment to the stakeholder reading the letter and thereby influencing expectation of future
firm performance compared to the rational prediction based on the objective firm sentiment and
reported performance numbers.

The predicted intratextual patterns of sentiment also appear clearly in Figure 1 showing the
PosSentb,j,t, NegSentb,j,t and NetSentb,j,t, as function of the bin b (with b = 1 . . . , 20), as
an average over all CEO letters in our sample and estimated using the word lists of Loughran
and McDonald [2011]. Consistent with Hypothesis 1a, we find in Figure 1a a U-shaped fre-
quency plot for positive tone, where the average tone decreases from 3.4% in the first bin to
approximately 3% between bins 4 and 18. The positive tone then increases again to 4% in the
last two bins. In contrast with the smile in positive sentiment, the negative sentiment frequency
plot in the top right of Figure 1 shows a left-sided half-smile. The left-sided smirk in negative
words starts with an average value of 1.4% in bin 1. Then, the average number of negative
words declines sharply to 0.8% and becomes relatively flat for the last two thirds of the letter. A
single-sided t-test shows that the negative tone at the end of the letter is significantly lower than
that at beginning at a 99% confidence level. This result is consistent with Hypothesis 1b.

Similar patterns are found for the sentiment frequency plots based on the positive and negative
word lists of Diction and the negative word list of Abrahamson and Amir [1996], which are
shown in Figure 2. One exception is in terms of the negative words based on Diction, where the
frequency is more U-shaped than a left-sided smirk. We believe this is due to the general nature
of the Diction word list (see e.g. the top 10 negative words according to Diction, as reported in
Table 1), which makes it less suitable for the analysis of the sentiment expressed by CEOs in
their letter to shareholder. All other plots confirm the smile in intratextual positive sentiment,
the left-sided smirk in the intratextual frequency of negative sentiment and the right-sided smirk
in net sentiment. These plots are consistent with the peak-end-rule and the recency effect, thus
confirming Hypotheses H1c.

[Insert Figure 1 here.]

The bottomline of the analysis is that there is a strong commonality in the intratextual dy-
namics in the positive, negative and net sentiment expressed in CEO letters and that they are
consistent with the research hypotheses H1a, H1b and H1c. CEO letters are strategically crafted
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corporate discourses in which positive and negative words are distributed throughout the text in
such a way that readers are left with a positive impression about the firm. In the next Section,
we test whether we can improve the prediction of future firm performance, by weighting senti-
ment in function of the position of words within the text. If words at the beginning and end of
the letter manage investors’ expectations, they should contain on average less incremental value
and, therefore, be underweighted in predicting future performance.

5 Impression management: Fund Characteristics and Market
Reaction

The descriptive analysis in the previous section confirms that the intratextual distribution of
positive, negative and net sentiment in our sample of CEO letters is consistent with the presence
of impression management. This result was obtained for the average intratextual sentiment,
computed across all firms and years. In this section, we investigate what factors determine
impression management, as revealed by the intratextual sentiment slope and curvature statistics
of the CEO letters. We further examine how these impression management statistics influence
the market reaction to the average sentiment expressed in the CEO letter.

5.1 Drivers of impression management

We use the following panel regression with firm fixed effects to investigate when firms are more
likely to include intratextual dynamics in the sentiment expressed in their CEO letter:

Sj,t = αi + βAbsACCj,t +
∑
j

ηjXi,j,t + εj,t, (5.1)

where we use Sj,t as the generic variable corresponding to the level, slope or curvature of net
sentiment, positive sentiment and negative sentiment in the CEO letter of firm j in year t.17

Each of those dependent variables is a column in Table 4, which presents the regression results
obtained using the first-difference panel regression estimator.

[Insert Table 4 here.]

We use the panel regression to investigate the association between earnings management and
impression management. Earnings management occurs when the management uses judgment
in financial reporting and in structuring transactions to alter financial reports with the objec-
tive to mislead some stakeholders about the true economic performance of the company [see,

17We do not present the results for the Herfindahl index, since this concentration measure is not informative
about the position in the text. As such, a large value of the Herfhindahl index could be due a concentration of senti-
ment at any position in the text (beginning, middle or end). This is in contrast with the slope and curvature statistics
for which a zero value indicates flatness, and a (large) positive (resp. negative) value indicates upward (resp. down-
ward) and concave (resp. convex) shape of the intratextual sentiment.
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e.g., Healy and Wahlen, 1999]. Prior studies on earnings management [see, e.g., Defond and
Subramanyam, 1998; Jones, 1991; Kothari et al., 2005; Subramanyam, 1996] use measures of
discretionary accruals as surrogates for earnings quality and earnings management. Similarly,
we use discretionary accruals as a proxy for earnings management. We follow the procedure
used in Prior et al. [2008] and use a cross-sectional version of the modified Jones model because
of its superior specification and less restrictive data requirements. We denote by AbsACCj,t
the absolute value of the resulting abnormal accruals and consider this as the main variable of
interest. Consistent with Hypothesis 1d, we expect that managers use impression management
together with the management of earnings numbers, and thus expect to find a positive associa-
tion between the absolute discretionary accruals AbsACCj,t and the level, slope and curvature
of intratextual sentiment.

As additional factors that could explain the intratextual distribution of sentiment, we include
variables that proxy for the fundamentals that are expected to be discussed in the CEO letter.
These variables have been shown in prior literature to explain future firm performance and can
be easily processed from annual reports. They relate to the firm’s past profitability, the firm size
and risk:

• Return on assets – Return on assets (ROAj,t) is measured as the earnings before extraordinary
items at the end of fiscal year t, scaled by the total assets at the beginning of the year. The
ROAj,t coefficient is predicted to be positive and lower than one, consistent with prior
research documenting mean reversion in performance metrics [Barber and Lyon, 1997].

• Past stock returns – We define Retj,t as the firm’s past stock returns between the end of fiscal
year t− 1 and the filing of the annual report of fiscal year t.18 Based on Fama and French
[2006], we expect current stock market performance to be positively related to future firm
performance.

• Unexpected earnings – We define unexpected earnings (UEj,t), as the difference between
actual earnings in year t and the consensus estimate in the month preceding the actual
earnings announcement, standardized by the stock price at the end of that month.

• Dividends – We include the ratio of dividends to book equity (Dj,t), as Fama and French
[2001] show that dividend-paying firms tend to be more profitable.

• Size – Firm size MCj,t is measured as the natural logarithm of market value of equity (Com-
pustat item #25 · #199) at the end of the fiscal year. We expect smaller firms to be less
profitable [Fama and French, 1995].

• Book-to-market – Firms with smaller book-to-market ratios BTMj,t are growth firms that are
valued more for their growth opportunities and, hence, are likely to be more profitable.
Book-to-market is defined as the book value of equity (#6-#18), divided by MCj,t.

• Volatility – Based on Core et al. [1999], we also introduce σROA,j,t to capture firm risk, which
is defined as the standard deviation of ROAj,t over the preceding five years.

18The annual report for fiscal year t is usually filed at the SEC in fiscal year t+ 1.
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• Ohlson score – As introduced in the Ohlson [1980] paper, OHj,t proxies for the firm’s
bankruptcy risk.

• Piotroski score – Based on the definition of Piotroski [2000], we also introduce the Piotroski
factor PTj,t as a proxy for the firm’s financial strength.

The distribution of the resulting sample of tone measures, impression management, earnings
management and control variables is summarized in Table 3. Panel A describes the summary
statistics of the overall distribution of our variables of interest. We see in Panel A that firms have,
on average, a positive current and future performance, with 7.934% for future return on assets
(ROAj,t+1) and 16.620% for future operating cash flows scaled by total assets (CFj,t+1). The
average volatility of past return on assets (σROA,j,t) is equal to 2.2%, while the risk related to
past cash flows is substantially higher with 16.6% (σCF,j,t). Firms are overall financially stable
with an average Piotroski score for financial strength of 6. Concerning bankruptcy risk, the
average firm in our sample obtains a score of 0.101 following the Ohlson [1980] methodology.

[Insert Table 3 here.]

Panel B shows the correlation between our variables of interest. We find that CEO senti-
ment (Levelj,t) is correlated with nine out of our 12 control variables, with the expected sign.
Slopej,t is only associated with three variables in our set of controls. In particular, we find that
the slope increases as the firm’s volatility increases (σROA,j,t and σCF,j,t) and has a negative
correlation with the firm’s market capitalization. Similarly, our curvature of sentiment in the
CEO letter shows limited correlation with our set of covariates. We find a positive correlation
between curvature and the Piotroski score and that curvature increases with the firm’s past stock
performance (Retj,t).

We next investigate the determinants Levelj,t, Slopej,t and Curvaturej,t in a multivariate
context. The resulting panel regression estimates of Equation (5.1) are reported in Table 4.
Let us first focus on the coefficient of the earnings management variable AbsACCj,t. It has no
significant effect on negative sentiment, but a significantly positive effect on the slope of positive
and net sentiment. This positive coefficient indicates that firms that tend to manage their earnings
also tend to publish CEO letters in which there are more words with positive sentiment at the
end of the CEO letter than at the beginning of the letter. This finding suggests that firms who
manipulate earnings numbers may also aim to maximize the recall of positive news in their CEO
letter. Recall that a positive curvature corresponds to a U-shape in sentiment. We find in Table
4 that firms who engage in earnings management tend to reduce the curvature of net sentiment.
Instead of a convex U-shape, it is more likely to be flat or even concave: the net sentiment is
concentrated in the middle of the text. This result is consistent with Hypothesis 1d, since the
reader’s recall tends to be the lowest for the middle part of the text.

Altogether, we thus find empirical evidence that the management of sentiment in corporate
narratives is, on average, positively related to absolute discretionary accruals, confirming that the
qualitative impression management and the quantitative earnings management can be considered
as complementary perception management tools.

19



Table 4 reveals also interesting patterns between our measures of impression management
and the control variables. In particular, note that a better operating performance in terms of
ROA is translated into a lower level of negative sentiment and higher level of net sentiment.
Similarly, the more positive the earnings surprise, the higher the level and slope of positive and
net sentiment. This is to be expected, as firms can be expected to be willing to disclose more
positive news and to end on a positive note as they beat the market’s expectations. The same
conclusion holds if we look at the firm’s financial strength as we see that the Piotroski score is
positively correlated with the Level and Curvature variables of net sentiment. For the Ohlson
score on bankruptcy, it seems that firms tend to mask the higher risk by using more positive
words and concentrate the negative sentiment in the middle of text, as can be deduced from
its positive coefficient for the level of positive sentiment, and its negative coefficient for the
curvature of negative sentiment.

5.2 Impression management and market reaction

An important question is whether impression management is effectively affecting the market
reaction to the publication of the CEO letter. We use an event study analysis to explore this
question, but, as explained in Footnote 5, a comprehensive evaluation of this question is chal-
lenging and left for further research.

Following Qi et al. [2000], we measure the market reaction using cumulative abnormal re-
turns, computed using the date of filing of the 10-K at the SEC as the first day of the event
window and ending either one, five or 60 days later. We denote these by CARj,t[0, h] for the
CEO letter of firm j in year t and h=1, 5 or 10. Abnormal returns are computed based on the
market model calibrated on the estimation window that starts 315 days before the announce-
ment and ends 62 days before that announcement date. The usual test of market reaction to
the qualitative information in accounting narrative regresses the CAR on the average sentiment,
which corresponds to the level statistic used above [see, e.g., Arslan-Ayaydin et al., 2016]. We
test the effect of textual positioning by including interaction terms between the level, slope and
curvature of the net sentiment in the CEO letter:

CARj,t[0, h] = β0+β1Levelj,t+β2Slopej,t×Levelj,t+β3Curvaturej,t×Levelj,t+γ′xj,t+εj,t,
(5.2)

with εj,t the error term and xj,t is a vector of control variables, such as the most recent earnings
surprise, the firm’s market capitalization (in logs) and the firm’s book to market. Under this
interaction model, we have that the market reaction is a linear function of the slope and curvature:

∂E{CARj,t[0, h]|Ij,t}
∂Levelj,t

= β1 + β2Slopej,t + β3Curvaturej,t,

where Ij,t denotes the information available in the regressors of (5.2). Consistent with Hypoth-
esis 1d, we expect that on the short run β2 and β3 are significantly positive.

We report the corresponding least squares estimation results in Table 5. We find that, for
the short horizons h = 1 and h = 5, β2 and β3 are significantly positive, meaning that, when
the slope and curvature are positive, there is a position association between the market reaction
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and the sentiment expressed in the CEO letter. The higher the slope and curvature, the larger
is the magnitude of this association. At the longer horizon of h = 30 days, we find that the
effect between sentiment and the market reaction is no longer statistically significant. Under
the caveat that our research is explorative, we can thus conclude that impression management
aiming at a positive recall by the reader indeed leads to a more positive abnormal price reaction
to the sentiment expressed in the CEO letter. This effect is however temporary and dissipates at
longer horizons.

[Insert Table 5 here.]

6 A Position-Weighted Measure of Sentiment

The possible existence of impression management in terms of strategic positioning of positive
and negative words within a text raises questions on the validity of measuring textual sentiment
as a simple average of the sentiment expressed in a text. The next question that we address
is how to aggregate the intratextual net sentiment measures NetSentb,j,t into a single overall
sentiment per text that has predictive power for future firm performance. In this section, we
first outline our estimation methodology and then discuss the resulting differences between the
standard equally-weighted measure of textual sentiment versus the position-weighted sentiment
estimates obtained for our panel of CEO letters over the period 2000-2011.

6.1 Methodology

As mentioned in our hypotheses and literature review, the workhorse aggregation technique in
the literature has hitherto been to use simple averaging. The underlying assumptions are twofold.
First of all, it specifies that the total sentiment measure of the CEO letter j in year t is given by
the linear mapping of the B intratextual sentiment measures NetSentb,j,t on NetSentj,t with
weights w = (w1, . . . , wB)

′:

NetSentj,t(w) =

B∑
b=1

wbNetSentb,j,t, (6.1)

and where all weights sum to unity. Secondly, it assumes equal importance of each part of the
text. Since the bins have the same text length, this implies an equal weighting, i.e. w is set to

wEW = (1/B, 1/B, . . . , 1/B)′. (6.2)

Specification of position weighted sentiment Under the approach of position weighting, we
use a flexible parametric structure that maps the intratextual position b to its position weight wb,
based on a parameter vector θ:

wb = fθ(b). (6.3)
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The formal definition of the function fθ(b) is given in Appendix. Important features are that it
is linear in θ and uses Almon polynomials to describe in a flexible and smooth way the poten-
tially complex intratextual dynamics with a small number of regressors.19 To simplify notation,
we use henceforth NetSentEW

j,t to denote the equally-weighted measure of net sentiment, while
NetSentPW

j,t is the position-weighted measure of net sentiment.
It is important to note that the position-weighted sentiment measure is only a potential im-

provement for the CEO letters for which there are substantial intratextual dynamics. If there
are no dynamics, e.g. when NetSentb,j,t = NetSentEW

j,t , for all b, any combination of weights
will lead to (almost) the same sentiment measure. The previous analysis has shown that there
are on average significant and intuitively appealing dynamics in the DJIA firms. In order to
distinguish the CEO letters for which it is potentially relevant to model the intratextual weights
from those for which the equal-weighting approach is expected to work best (see in particular
the case described in Appendix), we will follow the approach based on observed state variables
and least squares estimation of the threshold. In particular, the state variable, that we use as a
signal of possible dynamics in the intratextual net sentiment of the CEO letter of firm j in year
t is the standard deviation of the intratextual net sentiment (SDnet

j,t ), which is given by:

SDnet
j,t =

[
1

B − 1

B∑
b=1

(
NetSentb,j,t −NetSentEWj,t

)2] 1
2

. (6.4)

When the SDnet
j,t is below a time-varying threshold parameter κt, the equally-weighted sentiment

measure will be used. Otherwise, the alternative position-weighted approach is to be used. The
optimal value of κ is of course application-specific and will be determined by least squares
estimation.20 For each CEO letter and for a given value of κt, we can thus define the indicator
for high intratextual volatility in net sentiment,

1netj,t (κ) =

 1 if SDnet
j,t > κt,

0 otherwise.
(6.5)

Based on these assumptions, the two unknowns needed to define the optimized weights are
the threshold κ determining the use of equal–weights versus optimized intratextual weights, and
the value of the parameter vector θ. These values will be application–specific and we will next
describe a data–based procedure to determine the weights’ particular functional form.

Panel threshold least squares estimation of intratextual weights The optimized weights
are application-specific. Our primary focus is to use the textual sentiment for predicting future

19The use of Almon polynomials for describing the periodic pattern in time series is relatively common in time
series research. It has been used by Andersen et al. [2000] and Boudt et al. [2011], among others, to describe the
U-shaped patterns in intraday volatility of stock prices and exchange rates.

20The least squares estimator of the threshold parameter κ is known to be super-fast convergent (see e.g. Chan
[1993] and Hansen [2000] for the asymptotic distribution, and e.g. Boudt et al. [2016], for a recent application to
the modeling of time-varying parameters ).
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firm performance. Based on Engelberg [2008] and Davis et al. [2012], we proxy future firm
performance using the firm’s return on assets (ROA) over the year following the publication of
the CEO letter.21 Because of the yearly frequency of our data, there are insufficient observations
to do the estimations for each firm separately and we therefore resort to panel estimation in order
to estimate the weights on the intratextual sentiment.

This leads us to specify the following fixed effects regression model:

ROAj,t+1 = αj + β1 ·NetSentEW
j,t ·

(
1− 1netj,t

)
+ β2 ·NetSentPW

j,t · 1netj,t + εj,t+1,

where 1netj,t is a dummy variable that equals one if the intratextual dispersion in sentiment is
higher than a threshold value of κ and is zero otherwise. NetSentEW

j,t refers to the equally-
weighted measure of net sentiment and NetSentPW

j,t is the position-weighted measure of net
sentiment.

We distinguish between texts for which there is a sufficiently high intratextual dispersion
in sentiment (SDnet

j,t > κ) from those for which the intratextual sentiment dynamics are less
important. We estimate the parameters (αj , β1, β2, θ, κ) by non-linear least squares. This can be
performed in a computationally convenient way by a loop over κ and by noting that, for a given
value of κ, the model is linear in the parameters α, β1 and the parameter product θ̃ = β2 · θ.22

Because of the bound constraint that θ ≥ 0, θ̃ is also bound constrained, but the problem of least
squares estimation is still simple to solve by reformulating the estimation problem conditional on
κ as a bound constrained quadratic optimization problem that can be easily solved numerically.23

The constraint that all intratextual weights need to sum up to unity in Equation (9.3) implies that
the estimated θ is the normalized version of the estimated θ̃.

Estimation window We consider two types of estimation of the parameter θ determining the
weights. First, for the descriptive analysis of optimized weights in Subsection 6.2, we will
consider the full sample of CEO letters over the period 2000-2011. Second, for the economic
validation of the forecast performance of the position weighted sentiment measure versus the
equally weighted sentiment measure in Section 7, we will use rolling estimation samples of three

21To avoid any look-ahead bias, we start measuring ROA in the quarter following the quarter in which the an-
nual report has been filed at the SEC. Specifically, firm future performance ROAj,t+1 is measured as the sum of
quarterly earnings before extraordinary items Yj,q+i,t+1 (Compustat data item #18) over the four quarters after the
SEC filing quarter q, scaled by total assets (#6) at the end of quarter q.

22The linearity in θ̃ = β2 · θ becomes obvious by using (6.1) and (9.2) to rewrite the regressor in (6.6) as:

β2 ·NetSentPW
j,t = β2

B∑
b=1

wAlmon
b (θ)NetSentb,j,t

= (β2θ1)

B∑
b=1

NetSentb,j,t +

3∑
c=1

(β2θ1+c)
B∑

b=1

Pc(b/B)NetSentb,j,t + (β2θ4+c)Pc((B − b)/B)NetSentb,j,t.

23Given a value of κ, the least squares regression estimator minimizes a sum of squared residuals that can be
rewritten as (y −Xb)′(y −Xb), with y the vector of future ROA, X the matrix of explanatory variables and b the
parameter estimates. This is equivalent to minimizing −2b′X ′y + b′X ′Xb, which is a quadratic objective function
of b.
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years such that the estimated weights are independent of the firm performance that is predicted
using the position weighted sentiment measure.

6.2 Equally- and Position-weighted sentiment in CEO letters

Let us now investigate the resulting optimized weights for our 2000-2011 sample of CEO letters
using the Loughran and McDonald [2011] library to decode the intratextual sentiment. The first
step is to estimate the threshold value κ that distinguishes the CEO letters for which the equally–
weighted measure is used versus those for which the weights are heterogeneous and depend on
the position in the text. As shown in Figure 4a, where we report the sum of squared residuals
as a function of the threshold parameter κ for the complete 2000-2011 sample, the least squares
estimate for κ is 1.9%, resulting in 81.579% of the letters for which position–specific weights
are to be used.

[Insert Figure 4 here.]

The corresponding pattern of estimated weights is reported in Figure 4b. It is immediate to
see that the optimized weights are bell-shaped. In line with the expectation formulated in the
hypothesis section, the position-weighted measure attaches lower weights to the beginning and
end of the text compared to the middle parts of the text that are overweighted. In Figure 4b,
the optimized weights are around 1.9% for the words used in the beginning of the text, then
rise to their maximum of 7% in the middle of the text and fall to almost 0% at the end of the
text. This is consistent with Hypothesis 2 and shows that the sentiment at the beginning and
end of the letter are partly biased by impression management motives and therefore should be
underweighted when predicting future firm performance.

It is also important to observe that each position in the text receives a positive weight. This
implies that, in spite of the position management of textual sentiment, each part of the text is
still informative about the future firm performance. The readers should thus not ignore parts of
the texts, but rather downweight the importance of the sentiment expressed at the beginning and
end of the text, compared to the sentiment expressed in the discussions in the middle of the text.

A caveat is that a strong intratextual variation in the weights does not necessarily imply a
large difference between the position– and equally–weighted measures. Indeed, if the measure
of sentiment were the same for each bin, then the weighting has no impact on the sentiment
measure. Figure 5 investigates the impact of the weighting on the estimated sentiment. It shows
the scatter plot of the position–weighted versus the equally–weighted sentiment measure for our
panel of DJIA CEO letters over the period 2003–2011. We see that there is a strong agreement
across the measures, but that differences exist. To inspect these differences, consider as the
reference line, the 45◦ line corresponding to equality of the two approaches. We find that 14% of
the observations are on the line (perfect agreement), 54% below the line (the position-weighted
measure is less than the equally-weighted measure and thus more pessimistic ) and 32% above
the line. The outcome that position-weighted leads on average to a less optimistic view on
sentiment is as expected by Hypothesis H2a, since, managers have a tendency to be overly
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optimistic and convey this optimism by overloading the beginning and end of the text with
positive words.

[Insert Figure 5 here.]

In the next section, we evaluate the forecasting performance of the position-weighted senti-
ment measure. To avoid look ahead bias, we use, at each point in time, the sample of the three
most recent years, in order to estimate the optimal intratextual weights. Denote these estimates
based on years t− 2, t− 1 and t as θ̂t and κ̂t. The estimated threshold varies between 1.068 %
and 2.003% of the sample with an average value of 1.572%, corresponding to 124 firms. Fig-
ure 6 plots the kappa values for each rolling sample, as well as the percentage of firms with an
intratextual standard deviation of sentiment that is higher than kappa. We see that over time,
the threshold κ increases gradually and the percentage of firms for which position weighting is
applied tends to reduce. This is weak evidence in favor of the hypothesis that the qualitative
information in CEO letters has become more reliable and that the percentage number of firms
engaging in impression management by strategically positioning sentiment in their CEO letter
decreases.

[Insert Figure 6 here.]

7 CEO Sentiment and Future Firm Performance

We now turn to the question of the economic relevance of using the position-weighted sentiment
measure rather than the equally weighted sentiment measure for predicting future firm perfor-
mance. We do this analysis for the out-of-sample period 2003-2011, where, as described in the
previous section, the weights underlying the position-weighted sentiment measure are estimated
on the three preceding years.

In Subsection 7.1, we first do the rat race of comparing models that predict future ROA,
using only the information in the intratextual net sentiment. Then in Subsection 7.2 we control
for other influences that may have an impact on ROA.

7.1 Comparison of sentiment-based prediction models for future performance

The benchmark model is the traditional approach consisting of a linear prediction model in
which the equally-weighted measure of sentiment is used to forecast future ROA:

ROAj,t+1 = %j + δt+1 + β ·NetSentEW
j,t + εj,t+1, (7.1)

25



where %j and δt+1 correspond to the industry and year fixed effects. Under this “EW model”
approach, we thus regress future ROAj,t+1 on NetSentEW

j,t , as in Abrahamson and Amir [1996]
and Patelli and Pedrini [2013].24

Our leading hypothesis is that, for CEO letters with marked intratextual sentiment dynamics,
a more accurate forecast can be obtained by using the proposed position-weighted sentiment
measure through the “PW model”:

ROAj,t+1 = %j + δt+1 + β1 ·NetSentEW
j,t ·

(
1− 1netj,t

)
(7.2)

. +β2 ·NetSentPW
j,t · 1netj,t + εj,t+1.

We will compare the two test regression based on their goodness of fit as measured by the ad-
justed (within) R2, but also through an F-test comparing their fit with the one of the generalized
unrestricted model (GUM):

ROAj,t+1 = %j + δt+1 + β ·NetSentEW
j,t + β1 ·NetSentEW

j,t ·
(
1− 1netj,t

)
(7.3)

+β2 ·NetSentPW
j,t · 1netj,t + εj,t+1.

Note that the GUM in (7.3) nests the EW model in (7.1) and the PW model in (7.2) as special
cases and is therefore also a useful reference model to test for the significance of the model
simplifications using F-tests by omitting the different types of sentiment measures.

The results of these regressions are reported in Panel A (without firm and year fixed effects)
and Panel B (with fixed effects) of Table 6. We test for the significance of the coefficients using
standard errors clustered by firm and year. The first result shown in Panel A of Table 6 is that the
sentiment in CEO letters contains information to predict future firm performance. This can be
seen through the positive and significant coefficient of sentiment in the EW model and its large
explanatory power in predicting future firm performance (as measured by the Adj. within R2,
comparing the fit of the proposed model with the fit of the model including only the firm and
year fixed effects). This result implies that, despite their strategic approach to communicate with
shareholders, managers use language in their annual letters to communicate relevant information
about the firm’s future performance.

[Insert Table 6 here.]

The second finding in Table 6 is that the proposed position-weighted measure has a signif-
icantly higher power to predict future firm performance than the traditional position-weighted
measure. The Adj. within R2 increases from 15.306% (EW Model) to 17.125% (PW Model)
once the sentiment measure considers the position of a word in the document. The increase in

24Our primary interest is in predicting future performance. We are not interested in the behavioral interpretation
of the coefficient of the impact of sentiment on future performance, which would require to deal with the endo-
geneity of the sentiment variable and either require instrumental variable type of estimation or, at least mitigate the
endogeneity issue by taking the performance and sentiment variables in first differences, as recommended by Li
[2010] and Kravet and Muslu [2013].
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Adj.R2 is statistically significant at a 95% confidence level. From the F-tests comparing the
GUM with its restricted versions, we observe that, ignoring the position of a word in a docu-
ment, decreases significantly the fit of the model, while omitting the equally–weighted sentiment
variable has no significant effect on the fit of the model. This result supports Hypothesis H2b
and indicates that the structure of the sentiment within CEO letters provides a signal to investors
concerning future performance. It confirms that an intratextual analysis is required to accurately
measure CEO sentiment within the CEO letter.

We next expand the number of regressors in the EW (Equation (7.1)) and the PW Model
(Equation (7.2)) to test whether the explanatory power of CEOs’ net sentiment in predicting
future firm performance remains after controlling for the factors associated with the firm’s past
performance, risk, size and earnings management. Table 3 reports the summary statistics for
these variables and their Spearman correlation with the next period’s ROA. The sign of the
correlations are as predicted. The estimates are reported in Panel B of Table 6. Consistent
with Hypothesis 2, the main evidence of this section is that our conclusions persist. Indeed, the
coefficient ofNetSentPW

j,t ·1netj,t in the multivariate PW Model is positive and significant at a 99%
confidence level, which indicates that there is forward-looking information in the sentiment of
CEO letters that is incremental to more quantitative financial and accounting information. From
the F-tests comparing the GUM with its restricted versions, we see that, ignoring the position–
weighting of a word in a text, decreases significantly the fit of the model, while omitting the
equally–weighted sentiment variable has no significant effect on the fit of the model. The F-test
that compares the Adj. within R2 of the EW Model and the GUM Model has a value of 3.087,
which is significant at a 95% confidence level.

The bottom line of the regression results in Panel A and B of Table 6 is that, when there is
intratextual dispersion in sentiment, a weighted measure of CEO sentiment with weights that
are a function of the position of a word in the text is more informative to predict future firm
performance than the equally-weighted metrics used in prior literature. This result holds after
we control for hard, financial information.

7.2 Sensitivity of forecast performance to the choice of library, sentiment type
and firm performance measure

The analysis on the forecast performance of position-weighted sentiment for firm performance
is clearly conditional on the utilization of an appropriate method for classifying the sentiment of
the words in the CEO letter. Throughout the paper, our main results use the word lists proposed
by Loughran and McDonald [2011] to capture the sentiment in terms of firm performance based
on financial corporate disclosures. For the sake of comparison, we also report additional results
for the general purpose positive and negative word lists embedded in Diction 7.0 and the list of
negative words proposed by Abrahamson and Amir [1996].

We already showed in Section 4 that, for all three word lists (Loughran and McDonald [2011];
Diction 7.0; Abrahamson and Amir [1996]), there is an agreement on the general shape of the
average intratextual distribution of sentiment for the sample of DJIA firms over the period 2000–
2011: a smile in positive sentiment, a left-sided smirk in negative sentiment and a right-sided
smile in positive sentiment. In Table 7, we investigate the impact of the choice of library on
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the accuracy of predicting firm performance using the equally-weighted and position-weighted
sentiment measures. We also explore the sole use of the positive and negative libraries to forecast
firm performance.

[Insert Table 7 here.]

We next test our prediction model for forecasting an alternative, yet important financial per-
formance metric, namely the cash flow from operations scaled by total assets (CFj,t). The ratio
of cash flow from operations on total assets is defined as the sum of quarterly operting income
before deprectiation (CFj,q,+i,t+1 - Compustat data item #13) over the four quarters after the
SEC filing quarter q, scaled by total assets (Compustat data item #6) at the end of quarter q
and describes how efficiently a business uses its assets to collect cash from sales and customers.
The higher the ratio, the more efficient the business is. The regression resuls are reported in
Table 8. We find that the Adj. within R2 substantially increases when we use our position
weighted measure of sentiment instead of the equal weighted measure. In fact, the Adj. within
R2 increases from 15.306% to 17.429% once the sentiment measure considers the position of
the word in the text, and this increase is statistically significant at a 95% confidence level. This
improvement is robust to the inclusion of control variables in Panel B.

[Insert Table 8 here.]

There are four main take-away points from Table 7 and 8. The first important result is that
the domain-specific libraries, i.e. the ones of Loughran and McDonald [2011] and Abraham-
son and Amir [1996] , always lead to substantially better forecasts of future firm performance.
Second, for the domain-specific libraries, the forecast performance is always improved by using
position-weighted sentiment rather than equally-weighted sentiment. Third, the highest accuracy
in predicting future performance is obtained using our baseline approach: the position-weighted
net sentiment using the word lists of Loughran and McDonald [2011] in combination with the
control variables, which yields an Adj. within R2 of 60.818%. Fourth, the forecasting gains
can also be generalized to other firm performance measures, such as the future cash flows from
operation, divided by total assets.

8 Conclusions

Firm stakeholders routinely use summary statistics to avoid being overwhelmed by the massive
amount of information available to them. The linguistic sentiment of a corporate disclosure,
such as the CEO letter to shareholders, is one such statistic that recently has become popular.
The sentiment of letters to shareholders is related to both current and future firm profitability,
which is consistent with the notion that the linguistic sentiment of a CEO letter conveys the
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manager’s private information about the expected performance of the firm. Importantly, the flow
of sentiment information within a CEO letter is not constant, and this has valuable implications
for how the information signal from corporate communications should be extracted.

By aggregating across the CEO letters published by DJIA firms between 2000 and 2011,
we are able to distinguish the noise from the regularities in intratextual sentiment. We show
the presence of a U-shape (resp. decreasing smirk) in the intratextual frequency of positive
(resp. negative) sentiment, and an increasing smirk the intratextual net sentiment. This result
is consistent with impression management in CEO letters, since according to the serial position
effect, readers recall information better when it is presented first (primacy) or last (recency)
in a vector of words, rather than in the middle. CEOs thus tend to jockey positive words for
position, giving them the best exposure within the CEO letter. We further find that managers
tend to engage to a larger degree in this subtle form of impression management, as they are also
active in earnings management. As such, we conclude that strategic communication and the
use of earnings management are complementary tools for the firm to manage their stakeholders’
expectations.

The undeniable intratextual patterns are relevant not only as indicative evidence of impres-
sion management, but also as the data feature predicting the inefficiency and potential bias
in the classical summary statistics for linguistic sentiment, which assign equal weights to the
intratextual sentiment. We test this second hypothesis by first proposing a methodology for
weighted sentiment measurement and then applying it to forecasting future firm performance
for the panel of 2000-2011 DJIA CEO letters. The proposed position-sentiment measurement
framework consists of replacing the equal weight design in linguistic sentiment with a flexible
weighting scheme that is optimized to predict future firm performance. The optimization is done
on rolling estimation samples to avoid look-ahead bias. When modeling the weights as a func-
tion of the position in the text, we find that, for our sample of 342 CEO letters, the optimized
sentiment measure tends to significantly underweight the sentiment at the beginning and end of
the text, compared to the sentiment in the middle of the text. Importantly, each part of the text
still receives a positive weight, implying that, in spite of the sentiment management, the entire
document has information value. In the forecast analysis, we find that the position-weighted
sentiment measure significantly outperforms the standard equally-weighted measure in terms of
explaining future firm performance. This result is robust to the inclusion of all types of control
variables.

We have applied our framework and based our conclusions on the sample of CEO letters of the
Dow Jones Industrial Average constituents over the period of 2000 to 2011. An important direc-
tion for future research is to apply the proposed optimized sentiment measurement framework
on other types of corporate communication tools, such as earnings press releases or forward-
looking statements in corporate filings. We also look forward to more research on the effect of
earnings and impression management on the market reaction to corporate communications.
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9 Appendix

Optimality of the equally-weighted sentiment measures under the Gauss-Markov assump-
tions.

In this section, a sufficient set of conditions are derived under which the equally-weighted sen-
timent measure is optimal in terms of mean squared error. Denote the true net sentiment under-
lying the CEO letter of firm j in year t as NetSent∗j,t. The NetSent∗j,t is a latent variable and
thus can only be observed through proxies. Imagine that we can split the text in B parts of equal
text length and that, for the letter of firm j in year t, the observed proxy for net sentiment of text
part b is given by NetSentb,j,t. Since NetSentb,j,t proxies NetSent∗j,t, it is intuitive to rewrite
the relationship as a linear regression model:

NetSentb,j,t = αb + βbNetSent
∗
j,t + εb,j,t, (9.1)

where αb and βb are the position-based intercept and slope parameters, and εb,j,t is the error
term. If, for all b, αb = 0 and βb = 1, i.e. all intratextual sentiment measures are unbiased, then
the model simplifies to NetSentb,j,t = NetSent∗j,t+ εb,j,t and the equally–weighted sentiment
measure is the ordinary least squares estimate of NetSent∗j,t, i.e., the OLS estimate, for fixed t,
over b = 1 . . . , B). In case of homoskedastic errors (i.e. all intatextual sentiment measures are
not only unbiased but also equally efficient proxies), then NetSentEW

j,t is the best linear unbiased
(BLUE) estimator of NetSent∗j,t. If we can additionally assume that the εb,j,t are normally
distributed, then the equally–weighting approach is even efficient.

But, when there is heterogeneity in the regression parameter and/or the variance of the error
terms, i.e. when some parts of the text are biased and/or systematically more informative than
others, then it may be more efficient to measure sentiment as a weighted average of the intratex-
tual net sentiment such that the words with a higher (lower) information value are overweighted
(resp. underweighted).
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The Almon approach to specifying flexible and smooth intratextual weights

The most straightforward way to specify the functional form of the position-based weights
fθ(b) in (6.3) is to use dummy variables. The disadvantage is that, because of estimation er-
ror, the weights may be erratic and show jumps, whilst a smooth intratextual weight pattern
is expected. We therefore recommend to impose smoothness and parsimony on the optimized
weights by specifying the weights as a combination of Almon polynomials of the normalized
bin index (b/B): the B weights can be represented as a linear combination of first, second and
third–order Almon polynomials of the normalized bin index (b/B):

wAlmon
b (θ) = θ1 +

3∑
c=1

θ1+cPc(b/B) + θ4+cPc((B − b)/B), (9.2)

where Pc(u) = (1 − uc)u3−c is a cth-order Almon polynomial of u. These polynomials are
positively valued functions such that the positivity of the weights is guaranteed by requiring
θ ≥ 0. We further require that all weights add up to unity:

B∑
b=1

wAlmon
b (θ) = 1. (9.3)

The flexibility of the third-order Almon polynomials is illustrated in Figure 3. The linear
combination of those six curves can closely fit almost every smooth periodic pattern and has
been used to fit periodic patterns by Andersen et al. [2000] and Boudt et al. [2011], among
others.

[Insert Figure 3 here.]
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Table 1: Frequency of (top 5) words in DJIA CEO letters between 2000-2011

Loughran and McDonald [2011] Diction 7.0 Abrahamson and Amir [1996]

Words found Positive Negative Positive Negative Positive Negative

No. 29,726 10,308 37,248 10,181 - 2,835

% 2.967 1.029 3.717 1.016 - 0.283

Top 5 words found Word No. Word No. Word No.

Positive Strong 1,763 Growth 4,470 - -

Leadership 1,080 Strong 1,763 - -
Opportunities 1,077 Important 1,116 - -
Innovation 1,006 Health 1,090 - -
Better 1,006 Leadership 1,080 - -

Negative Challenges 536 Not 1953 Difficult 328

Difficult 328 No 673 Crisis 281
Critical 324 Needs 628 Tough 235
Crisis 281 Risk 598 Losses 212
Challenging 275 Hard 305 Loss 175

Note: This table reports the number and frequency of (positive & negative) words in DJIA CEO letters between 2000
and 2011. The Loughran and McDonald [2011], Diction 7.0 and Abrahamson and Amir [1996] list of words are used
to identify the positive and negative words. This table also reports the top 5 words found in the CEO letters and their
associated frequency.
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Table 2: Equally weighted average, slope, curvature, and Herfindahl Index statistics of
positive, negative and net sentiment. Statistics are averaged across CEO letters

Positive Negative Net

Library LM Diction LM Diction AA LM Diction

Panel A – Equally-weighted sentiment (Levelj,t)
3.212 3.885 0.851 0.808 0.218 2.360 3.078

Panel B – Slope of intratextual sentiment (Slopej,t)
0.296 1.456 -0.339 -0.057 -0.189 0.636 1.513

Panel C – Curvature of intratextual sentiment (Curvaturej,t)
0.515 1.232 0.302 0.125 0.129 0.214 1.107

Panel D – Herfindahl Index
0.073 0.071 0.195 0.198 0.398 0.264 0.130

Note: This table reports the average sentiment by year, the average curvature, the average slope for positive, negative
and net sentiment measures for CEO letters to shareholders between 2000 and 2011. Sentiment is measured as the
spread between the percentage of positive and negative words in the letter. Curvature of sentiment is measured as the
spread between the average net sentiment of the first and last two bins and the average sentiment of the three most
central bins. This curvature statistic is positive in case of a U-shaped sentiment. The slope statistic is measured as
the average spread between the sentiment of the last two bins minus the sentiment of the first two bins. An increasing
value of sentiment corresponds to a positive slope, and vice versa for a negative slope. The Herfindahl Index is
defined as as the sum of the squares of the net, positive or negative sentiment by bin for a CEO letter.

37



Table 3: Summary statistics of our dependent and control variables
Panel A : Summary statistics Panel B : Correlation with (in %)

Variable Mean Median Std. Q1 Q3 Levelj,t Slopej,t Curvaturej,t ROAj,t+1 CFj,t+1

Impression management
Levelj,t 2.360 2.429 1.095 1.700 3.000 100.000 -10.441 8.376 38.039*** 38.533***
Slopej,t 0.636 0.586 1.913 -0.507 1.724 -9.895 100.000 -8.039 1.326 1.620
Curvaturej,t 0.214 0.240 2.119 -1.002 1.590 9.988 -8.663 100.000 -3.176 -2.922

Future performance
ROAj,t+1 (in %) 7.934 7.376 6.029 3.115 11.670 40.037*** 4.050 0.378 100.000 86.348***
CFj,t+1 (in %) 16.620 15.820 8.096 11.660 21.270 35.651*** 3.368 -1.238 85.635*** 100.000

Earnings management
AbsACCj,t 0.577 0.061 2.416 0.021 0.203 -3.567 5.293 -8.633 -4.927 -2.612

Past performance
Retj,t 1.051 1.063 0.243 0.930 1.184 18.279*** -0.590 15.164** 12.970* 2.756
UEj,t 0.009 0.005 0.029 0.000 0.016 21.114*** -3.548 3.944 27.556*** 21.334***
ROAj,t (in %) 8.543 7.895 6.030 3.560 12.977 38.329*** -0.773 2.828 85.360*** 77.333***
CFj,t (in %) 16.610 16.130 8.451 10.560 22.870 33.568*** 1.307 -0.221 80.630*** 83.339***
Dj,t 0.091 0.076 0.079 0.049 0.116 10.540 -0.002 0.816 33.325*** 28.291***

Risk variables and firm size
OHj,t 0.101 0.065 0.101 0.027 0.151 -36.725*** -1.354 -3.987 -67.735*** -64.495***
PTj,t 5.968 6.000 1.458 5.000 7.000 28.808*** -8.448 15.104** 32.868*** 27.198***
σROA,j,t 0.022 0.018 0.018 0.009 0.028 18.878*** 15.744** 4.086 41.340*** 35.224***
σCF,j,t 0.166 0.158 0.080 0.116 0.212 7.232 11.752* 1.472 25.943*** 22.669***
BTMj,t -1.155 -1.187 0.602 -1.556 -0.777 -18.419*** 3.211 -1.522 -57.495*** -53.081***
MCj,t 11.464 11.564 0.773 10.912 12.048 11.812* -10.998* -0.804 29.946*** 30.779***

Note: Panel A of this table reports the average, standard deviation, the 1st and 3rd quartile for our main variables of interest. Each varaible is defined in the text.
Panel B reports the Spearman correlation factor between our set of control variables, future firm performance and our main variables of impression management.
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Table 4: Determinants of the level, slope, and curvature of the intratextual net, positive
and negative sentiment in the panel of CEO letters

Net Sentiment Positive Sentiment Negative Sentiment

Level Slope Curvature Level Slope Curvature Level Slope Curvature

AbsACCj,t −2.111 14.029∗ −0.816 0.115 0.747∗ −0.180 −0.023 0.087 −0.486∗

(2.984) (8.082) (9.292) (0.157) (0.411) (0.484) (0.095) (0.278) (0.291)
ROAj,t 0.045∗∗ −0.001 −0.029 0.003 0.024 −0.034 −0.044∗∗∗ 0.013 −0.009

(0.018) (0.048) (0.056) (0.015) (0.039) (0.046) (0.009) (0.027) (0.028)
UEj,t 0.038∗∗ 0.130∗∗∗ −0.002 0.026∗ 0.104∗∗∗ −0.035 −0.014 −0.016 −0.034

(0.017) (0.047) (0.054) (0.015) (0.038) (0.045) (0.009) (0.026) (0.027)
Retj,t 0.001 0.011 0.013∗ 0.001 0.006 0.005 0.0001 −0.006 −0.008∗∗

(0.002) (0.007) (0.008) (0.002) (0.005) (0.006) (0.001) (0.004) (0.004)
Dj,t −0.004 0.010 −0.042 −0.009 0.020 −0.049∗ −0.004 0.005 −0.006

(0.010) (0.027) (0.031) (0.008) (0.022) (0.025) (0.005) (0.015) (0.015)
MCj,t 0.003 −0.003 −0.006 −0.002 0.0001 −0.005 −0.004∗∗ 0.003 0.001

(0.004) (0.010) (0.012) (0.003) (0.008) (0.010) (0.002) (0.006) (0.006)
σROA,j,t 0.049 0.028 −0.080 −0.010 0.005 −0.105 −0.055∗ −0.036 −0.021

(0.057) (0.155) (0.179) (0.048) (0.125) (0.148) (0.029) (0.085) (0.089)
BTMj,t 0.002 0.009 −0.005 0.001 0.005 −0.0002 −0.002 −0.004 0.005

(0.003) (0.009) (0.011) (0.003) (0.008) (0.009) (0.002) (0.005) (0.005)
OHj,t 0.018 0.028 0.027 0.019∗ 0.029 −0.010 −0.0005 −0.006 −0.039∗

(0.013) (0.036) (0.041) (0.011) (0.029) (0.034) (0.007) (0.020) (0.021)
PTj,t 0.001∗∗∗ −0.001 0.002∗ 0.001∗∗∗ −0.001 0.002∗ 0.0002 0.00003 −0.001

(0.0003) (0.001) (0.001) (0.0003) (0.001) (0.001) (0.0002) (0.001) (0.001)
Constant −0.004 −0.040 0.022 −0.002 −0.020 −0.013 0.002 0.019 −0.035∗∗

(0.011) (0.030) (0.035) (0.009) (0.024) (0.029) (0.006) (0.017) (0.017)

R2 (in %) 17.1 16.3 9.2 9.3 15.6 6.2 30.0 10.3 14.0
Adjusted R2 (in %) 15.8 15.1 8.4 8.5 14.4 5.7 27.7 9.5 12.9

Note: This table presents the estimation results for Equation (5.1) that investigates when firms are more likely to
include intratextual dynamics in the sentiment expressed in their CEO letter. Sentiment is measured as the spread
between the percentage of positive and negative words in the letter. Curvature of sentiment is measured as the spread
between the average net sentiment of the first and last two bins and the average sentiment of the three most central
bins. This curvature statistic is positive in case of a U-shaped sentiment. The slope statistic is measured as the average
spread between the sentiment of the last two bins minus the sentiment of the first two bins. An increasing value of
sentiment corresponds to a positive slope, and vice versa for a negative slope.
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Table 5: Impression management and market reaction

CAR[0+1] CAR[0+5] CAR[0+60]

Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7 Model 8 Model 9 Model 10 Model 11 Model 12

(Intercept) −0.074 −0.082 −0.077 −0.086∗ −0.169∗∗ −0.179∗∗ −0.174∗∗ −0.183∗∗ −0.452 −0.458 −0.466 −0.473
(0.052) (0.052) (0.052) (0.051) (0.077) (0.077) (0.077) (0.077) (0.372) (0.373) (0.372) (0.373)

Levelj,t −0.154 −0.232 −0.256 −0.339 0.095 0.006 −0.018 −0.113 −0.567 −0.626 −0.932 −0.998
(0.335) (0.331) (0.337) (0.333) (0.498) (0.495) (0.501) (0.498) (2.387) (2.397) (2.410) (2.421)

Levelj,t × Slopej,t 21.096∗∗∗ 21.450∗∗∗ 24.215∗∗ 24.607∗∗ 16.001 17.232

(6.476) (6.436) (9.672) (9.647) (46.846) (46.846)
Levelj,t × Curvaturej,t 14.094∗∗ 14.611∗∗ 15.592 16.185∗ 50.435 50.851

(6.521) (6.422) (9.707) (9.626) (46.667) (46.745)
UEj,t 0.078 0.059 0.074 0.055 0.097 0.075 0.092 0.070 −0.595 −0.610 −0.610 −0.625

(0.116) (0.115) (0.116) (0.114) (0.173) (0.172) (0.172) (0.171) (0.828) (0.831) (0.828) (0.831)
Retj,t 0.038∗∗ 0.035∗∗ 0.033∗∗ 0.030∗ 0.059∗∗ 0.055∗∗ 0.053∗∗ 0.049∗ −0.092 −0.095 −0.110 −0.113

(0.017) (0.017) (0.017) (0.017) (0.025) (0.025) (0.025) (0.025) (0.120) (0.120) (0.121) (0.121)
MCj,t −0.005 −0.003 −0.004 −0.002 −0.002 −0.000 −0.001 0.001 −0.039 −0.037 −0.036 −0.035

(0.004) (0.004) (0.004) (0.004) (0.006) (0.006) (0.006) (0.006) (0.031) (0.031) (0.031) (0.031)
BTMj,t −0.004 −0.004 −0.005 −0.004 −0.012 −0.012 −0.013 −0.012 0.012 0.012 0.011 0.011

(0.007) (0.007) (0.007) (0.007) (0.010) (0.010) (0.010) (0.010) (0.048) (0.049) (0.048) (0.049)

R2 (in %) 23.8 26.2 24.9 27.4 24.4 25.8 25.0 26.5 33.2 33.2 33.5 33.5
Adj. R2 (in%) 22.1 24.3 23.1 25.4 22.7 23.9 23.2 24.5 30.9 30.8 31.0 30.9

Note: This table reports the estimation results for Equation (5.2), which investigates whether impression management is correlated to the market reaction at the
publication of the CEO letter. We measure the market reaction using cumulative abnormal returns, computed using the date of filing of the 10-K at the SEC as the
first day of the event window and ending either one, five or 60 days later. We denote these by CARj,t[0, h] for the CEO letter of firm j in year t and h = 1, 5 or
10. Abnormal returns are computed based on the market model calibrated on the estimation window that starts 315 days before the announcement and ends 62 days
before that announcement date. Sentiment is measured as the spread between the percentage of positive and negative words in the letter. Curvature of sentiment is
measured as the spread between the average net sentiment of the first and last two bins and the average sentiment of the three most central bins. This curvature statistic
is positive in case of a U-shaped sentiment. The slope statistic is measured as the average spread between the sentiment of the last two bins minus the sentiment of
the first two bins. An increasing value of sentiment corresponds to a positive slope, and vice versa for a negative slope.
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Table 6: Equally-weighted versus position-weighted CEO sentiment and future return on
assets

Panel A: Univariate models Panel B: Multivariate models
EW model PW model GUM model EW model PW model GUM model

NetSentEW
j,t 2.032∗∗∗ 0.240 0.371 0.006

(0.309) (1.080) (0.242) (0.729)
NetSentPW

j,t · 1net
j,t 2.266∗∗∗ 2.039∗ 0.560∗∗ 0.554

(0.271) (1.054) (0.225) (0.712)
NetSentEW

j,t ·
(
1− 1net

j,t

)
1.103∗∗∗ 0.876 −0.039 −0.045
(0.328) (1.063) (0.274) (0.751)

ROAj,t 0.441∗∗∗ 0.442∗∗∗ 0.442∗∗∗

(0.127) (0.121) (0.122)
Retj,t 0.015 0.016 0.016

(0.013) (0.012) (0.012)
UEj,t 0.038 0.074 0.074

(0.123) (0.113) (0.113)
Dj,t 0.035 0.023 0.023

(0.022) (0.022) (0.022)
σROA,j,t 0.174 0.131 0.131

(0.144) (0.142) (0.142)
MCj,t 0.000 0.000 0.000

(0.003) (0.003) (0.003)
BTMj,t −0.033∗∗∗ −0.031∗∗∗ −0.031∗∗∗

(0.011) (0.011) (0.011)
+ACCj,t −0.001 −0.001 −0.001

(0.001) (0.001) (0.001)
−ACCj,t 0.002∗∗∗ 0.001∗∗∗ 0.001∗∗∗

(0.000) (0.001) (0.001)
OHj,t −0.191∗∗∗ −0.161∗∗∗ −0.161∗∗∗

(0.059) (0.053) (0.053)
PTj,t 0.001 0.001 0.001

(0.002) (0.002) (0.002)
Goodness of fit statistics – F-test of equal fit between GUM and its restrictions (EW model, PW model)

Within R2 (in %) 14.733 22.032 22.044 63.824 65.435 65.435
Adj. within R2(in%) 14.357 21.342 21.004 61.815 63.345 63.174
RSS 0.526 0.481 0.481 0.223 0.213 0.213
F-test EW/PW vs. GUM 10.55 0.033 - 4.986 0 -
pvalue EW/PW vs GUM 0.000 0.854 - 0.007 0.994 -

Note: This table presents the estimation results for the EW, PW and GUM models with industry and year fixed effects.
Panel A and Panel B report the results for the EW (Equation (7.1)), PW (Equation (7.2)) and GUM (Equation (7.3))
models, where Panel B includes the control variables defined in Subsection 5. The equally- and position-weighted
measures of CEO sentiment are defined as in Equation (6.1), with weights as defined by Equation (6.2) and Equation
(9.2), respectively. The word lists used to estimate sentiment is from the Loughran and McDonald [2011] library.
The within R2 compares the fit of the model with the fit obtained using only the firm and year fixed effects. The
significance of coefficients is tested using standard errors clustered by firm and year. ∗, ∗∗, and ∗∗∗ denote statistical
significance at the 10 percent, 5 percent, and 1 percent levels, respectively, based on a two-sided t-test.
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Table 7: Sensitivity of forecast performance (measured by the Adj. within R2 (in %) of
the ROA forecasting regression) to the choice of library and the type of sentiment

Sentiment: Net Positive Negative

Hard Information: No Yes No Yes No Yes

Panel A – Adj. Within R2 of the equally-weighted sentiment measure
Loughran and McDonald [2011] 14.357 61.815 14.716 62.999 2.197 61.829

Diction 1.98 61.409 0.516 61.484 2.396 63.789

Abrahamson and Amir [1996] 6.232 61.524

Panel B – Adj. Within R2 of the position-weighted sentiment measure
Loughran and McDonald [2011] 21.342 63.345 18.308 63.288 3.892 62.242

Diction 7.848 62.345 9.562 62.182 2.526 64.027

Abrahamson and Amir [1996] 8.349 61.628

Note: This table reports the robustness of our results to the choice of library, by comparing the Adj.R2 of the PW
model (Equation (7.2)) using the Diction 7.0, Loughran and McDonald [2011] and Abrahamson and Amir [1996]
word lists. It also tests the inclusion of hard financial information. Positive, negative and net sentiment measures are
also distinguished.
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Table 8: Equally-weighted versus position-weighted CEO sentiment and future operating
cash flows as a percentage of asets

Panel A: Univariate models Panel B: Multivariate models
EW model PW model GUM model EW model PW model GUM model

NetSentEW
j,t 2.545∗∗∗ 0.810 0.550∗ 0.566

(0.374) (1.795) (0.325) (1.207)
NetSentPW

j,t · 1net
j,t 3.105∗∗∗ 2.341 0.967∗∗∗ 0.429

(0.437) (1.816) (0.336) (1.149)
NetSentEW

j,t ·
(
1− 1net

j,t

)
2.040∗∗∗ 1.248 0.203 −0.356
(0.428) (1.846) (0.342) (1.192)

CFj,t 0.558∗∗∗ 0.558∗∗∗ 0.554∗∗∗

(0.074) (0.073) (0.073)
Retj,t 0.011 0.012 0.012

(0.015) (0.014) (0.014)
UEj,t 0.081 0.086 0.087

(0.126) (0.107) (0.109)
Dj,t 0.008 0.005 0.004

(0.041) (0.041) (0.041)
σCF,j,t 0.160 0.116 0.120

(0.127) (0.127) (0.127)
MCj,t 0.002 0.003 0.003

(0.005) (0.005) (0.005)
BTMj,t −0.029∗∗∗ −0.028∗∗∗ −0.029∗∗∗

(0.009) (0.009) (0.009)
+ACj,t 0.002∗ 0.002∗ 0.002∗

(0.001) (0.001) (0.001)
−ACj,t 0.001 0.000 0.000

(0.001) (0.001) (0.001)
OHj,t −0.107∗ −0.092∗ −0.094∗

(0.055) (0.054) (0.054)
PTj,t 0.002 0.002 0.002

(0.002) (0.002) (0.002)
Goodness of fit statistics – F-test of equal fit between GUM and its restrictions (EW model, PW model)

Within R2 (in%) 15.677 18.154 18.215 64.759 65.718 65.747
Adj. within R2 (in %) 15.306 17.429 17.125 62.801 63.645 63.506
RSS 0.768 0.745 0.745 0.321 0.312 0.312
F-test EW/PW vs. GUM 3.491 0.1694 - 3.087 0.1799 -
pvalue EW/PW vs GUM 0.032 0.6811 - 0.047 0.672 -

Note: This table presents the estimation results for the EW, PW and GUM models with industry and year fixed effects.
Future operating cash flows OCFj,t+1 is measured as the sum of quarterly operating income before depreciation
CFj,q+i,t+1 (Compustat data item #13) over the four quarters after the SEC filing quarter q, scaled by total assets
(#6) at the end of quarter q. Panel A and Panel B report the results for the EW (Equation (7.1)), PW (Equation
(7.2)) and GUM (Equation (7.3)) models, where Panel B includes the control variables defined in Subsection 5. The
equally- and position-weighted measures of CEO sentiment are defined as in Equation (6.1), with weights as defined
by Equation (6.2) and Equation (9.2), respectively. The word lists used to estimate sentiment is from the Loughran
and McDonald [2011] library. The within R2 compares the fit of the model with the fit obtained using only the firm
and year fixed effects. The significance of coefficients is tested using standard errors clustered by firm and year. ∗,
∗∗, and ∗∗∗ denote statistical significance at the 10 percent, 5 percent, and 1 percent levels, respectively, based on a
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two-sided t-test.
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Main figures
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Figure 1: Frequency plots of the intratextual distribution of CEO positive, negative and
sentiment based on the library of Loughran and McDonald [2011] to identify
positive and negative words in the CEO letters by DJIA firms
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(a) Frequency plot of average positive sen-
timent by bin - A U-shape and smile in
positive sentiment
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(b) Frequency plot of average negative senti-
ment by bin - A left-sided smirk in nega-
tive sentiment
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(c) Frequency plot of average net sentiment by
bin - A right-sided smirk in net sentiment

Note: This figure depicts the dynamics of CEO sentiment within letters to shareholders. The length of each text
is standardized to correspond to a [0, 1] interval, which is divided in B bins such that each bin contains the same
number of total words. For each bin, the percentage number of positive words out of the total number of words in
each bin is reported (Figure 1a). Similarly, for each bin, the percentage number of negative words out of the total
number of words in each bin is computed (Figure 1b). For each bin, the net sentiment is then measured as the spread
between the positive and negative tone (Figure 1c). Positive and negative tones are measured based on the Loughran
and McDonald [2011] word lists.
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Figure 2: Frequency plots of the intratextual distribution of CEO positive, negative and
sentiment based on the positive and negative word lists of Diction and the nega-
tive word lists of Abrahamson and Amir [1996] to identify the positive and nega-
tive words in CEO letters by DJIA firms
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(a) Frequency plot of average positive sen-
timent by bin (Diction) - A U-shape and
smile in positive sentiment
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(b) Frequency plot of average negative senti-
ment by bin (Diction)
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(c) Frequency plot of average negative sen-
timent by bin (Abrahamson-Amir) - A
left-sided smirk in negative sentiment
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(d) Frequency plot of average net sentiment by
bin - A right-sided smirk in net sentiment

Note: This figure depicts the dynamics of CEO sentiment within letters to shareholders. The length of each text
is standardized to correspond to a [0, 1] interval, which is divided in B bins such that each bin contains the same
number of total words. For each bin, the percentage number of positive words out of the total number of words in
each bin is reported (Figure 2a). Similarly, for each bin, the percentage number of negative words out of the total
number of words in each bin is computed (Figures 2b-2c). For each bin, the net sentiment is then measured as the
spread between the positive and negative tone (Figure 2d).
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Figure 3: Left- (grey) and right-centered (black) Almon polynomials of order one (full),
two (dashed) and three (dotted) used to model the intratextual weights
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Note: This graph reports the third-order Almon polynomials denoted as Pc(u) in Equation (9.2), for u = b/B
(left-centered) and u = (B − b)/B (right-centered).
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Figure 4: The sum of squared residuals as a function of the threshold parameter κ (left
figure) and the bell shape in optimized weights of intratextual net sentiment as a
function of position of a word in the text (right figure)
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(a) Sum of squared residuals as a function of
the threshold parameter kappa (κ) using
Equation 6.6.
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(b) Optimized weights of intratextual net senti-
ment as a function of position of a word in
the text.
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Figure 5: Scatter plot of position-weighted versus equally-weighted sentiment measures
for CEO letters of DJIA firms between 2000-2011
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Note: This figure presents the scatter plot of the position-weighted sentiment measures versus the equally-weigted
measures of sentiment expressed in the CEO letters of DJIA firms between 2000-2011, and computed following
Equation (6.2) and Equation (9.2), respectively. The word lists used to estimate sentiment is from the Loughran and
McDonald [2011] library. The ten most extreme differences in sentiment measures are depicted with blue triangles.
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Figure 6: Time series plot of rolling three-year sample estimates of the threshold values κ
and the percentage firms with intratextual standard deviation higher than the
estimated value of the threshold parameter κ
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Note: This figure presents the plot of the kappa values for each rolling sample of Equation (6.6) (dashed line) and
the percentage of firms with intratextual standard deviation higher than kappa (full line).
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