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Abstract

We investigate whether the quality of Corporate Social Responsibility (“CSR”) report
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longer, contain more forward-looking information and are not overly optimistic in tone. The
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body of research employing computerised analysis of corporate disclosure narratives.
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1 Introduction
1.1 The rise of Corporate Social Responsibility reporting
Corporate Social Responsibility! (“CSR”) reporting has its roots in political and societal
movements demanding greater insight in the control that multinational companies have over
vital resources, and how business operations affect deteriorating environments (Fifka 2013). At
the turn of the century, around 50% of Global Fortune 250 companies reported on CSR (Kolk
2003). Recognising that reporting methods were extremely fragmented, the Global Reporting
Initiative (“GRI”) initiated the development of a global standard on social and environmental
reporting (Global Reporting Initiative 2015a). In doing so GRI has helped to establish CSR
reporting as common place, with 95% of the Global Fortune 250 companies now reporting on
their corporate responsibility (KPMG 2015). Yet, reporting on CSR performance remains
largely voluntary, with few countries mandating sustainability reports according to specific
frameworks (ESG Analytics 2015). Additionally, several competing frameworks to GRI, such
as the UN Global Compact and those issued by the American Sustainability Accounting
Standards Board, remain in use. In all, it appears that CSR reporting has become an integral
part of the corporate disclosure package, but that reporting styles remain rather fragmented.
This raises the question whether CSR reports, of which the quality is likely to differ
substantially between report(er)s, contain incremental and relevant information about future
firm performance and as such may help to shape investment decisions (Milne & Chan 1999).
One group of stakeholders benefits directly and measurably from the publication of
corporate information: financial (sell-side) analysts. The principal job of analysts is to provide
forecasts of earnings and share prices to market participants at a cost. Forecast performance is
likely to matter to analysts (Mikhail, Walther & Willis 1999), not least because financial
analysts’ forecast accuracy is related to reputation, and by extension, pay (Stickel 1992). Hence,
in an attempt to provide the most accurate forecasts, analysts utilise all types of corporate
information sources, including those that are non-financial (Previts et al. 1994). Although only
ten years ago equity analysts expressed scepticism regarding the usefulness of sustainability-
related non-financial information (Global Institute for Partnership and Governance 2005), their
view has widened considerably in recent years (Global Reporting Initiative & Accounting for
Sustainability 2012). Therefore, we expect that if CSR disclosures provide useful information
to market participants, this is likely to be measurable through the accuracy of analyst forecasts.

1 We define Corporate Social Responsibility as encompassing all non-financial matters that are affected by
business operations. In that sense, it is similar to the “Sustainability”, “ESG” and “Stakeholder” movements that
call upon business to consider its non-financial responsibilities.



Furthermore, because of their role as information intermediaries, sell-side analysts are likely to
shape the opinions of a large number of market actors (Schipper 1991).

Prior research finds ambiguous results regarding the usefulness of CSR reporting. Critics
claim that companies make “symbolic use of [CSR reporting] practices” and that CSR
disclosure is used primarily as a social legitimation tool rather than reflecting actual CSR
performance (Patten 2005, Aras & Crowther 2009). Yet, recent studies support the hypothesis
that CSR narratives are useful. Clarkson et al. (2013) claim that CSR reports are incrementally
informative and have a signalling effect for firm performance. Additional evidence has been
found by other researchers, who contend that non-financial disclosure contributes to more
accurate valuations, lower cost of equity and is associated with higher forecast accuracy
(Schadewitz & Niskala 2010, Dhaliwal et al. 2011, Dhaliwal et al. 2012).

1.2 The evaluation of CSR reporting in the present study
Several researchers have studied the content of CSR reports (Roca & Searcy 2012, Michelon,
Pilonato & Ricceri 2015). However, to our knowledge no study has been published that
considers whether quality differences in CSR disclosure affect the forecasts of analysts, while
the largely unregulated nature of non-financial disclosures implies that their content differs
greatly (Roca & Searcy 2012). Our study aims to bridge this gap and additionally responds to
a call for research into the quality of narrative disclosures by utilising advances in Natural
Language Processing (“NLP”) tools (Beattie & Davison 2013). This type of computerised
analysis enables researchers to evaluate large amounts of text, thereby allowing for increased
sample sizes compared to manual content analysis studies (Beattie 2014). To interpret linguistic
characteristics, we draw upon textual analysis research of other accounting narratives, such as
annual reports or earnings press releases (Li 2008, Schleicher & Walker 2010, Li 2010, Lehavy,
Li & Merkley 2011, Davis, Piger & Sedor 2012). Based on their findings, we hypothesize that
CSR reports of higher textual quality allow analysts to make more accurate earnings forecasts.
We collect all CSR reports published in the period between 2012 and 2014 by public
firms listed in the Nordic countries, Germany and the Netherlands that are followed by analysts.
Subsequently, we employ an NLP tool to quantify the textual characteristics of these reports
and based on previous literature develop a measure of reporting quality arguing that better
reports are easier to read, longer, include more forward-looking information and have a less
optimistic tone. Inspired by Lang & Lundholm (1996) and Cooke (1998), we combine these
four components into one narrative index by summing a report’s within-sample rank of each

characteristic. We validate our measure of reporting quality by showing that it is significantly



related to a measure of CSR performance as well as to whether a report is independently
assured. Finally, we divide the reports into three groups representing low, middle and high
quality reports and estimate regression models to determine whether higher quality CSR report
narratives allow analysts to make more accurate earnings forecasts (Muslu et al. 2014).

We find indicative evidence that forecast errors are negatively related to the quality of
narratives within stand-alone CSR reports. The estimated regression coefficients are negative
and increase in size from the group of low quality reports to the one with the highest quality,
with the average absolute forecast error as a fraction of the share price decreasing by 2.95%,
4.09% and 4.53% compared to non-CSR reporters. However, only the coefficient of the middle
group is significant at the 10% level, while the other groups have p-values above 10% but below
20%. Additionally, we find that the continuous narrative index is negatively but insignificantly
related to forecast error. Robustness checks provide similar indicative results. Deconstructing
the narrative index into its component parts reveals that especially forward-looking information
appears to be a useful aspect of CSR disclosure in improving forecast accuracy.

1.3 Implications of our findings

We contribute to the current research body both by exploring a novel method of evaluating the
quality of CSR reporting narratives, as well as by providing indicative evidence that better
narratives provide more useful information to an important group of market participants,
namely financial analysts. We believe that the weak statistical significance found in this study
is likely to be the result of the comparably small sample size, but also due to the exclusion of
almost 50% of CSR reports because they are rejected by the utilised NLP programme.
Nevertheless, by validating our disclosure quality measure we believe that the methodological
approach is sound, which, combined with our indicative findings on the relationship between
forecast accuracy and CSR reporting quality, should be considered an incentive to continue
research in this area. In so doing, we believe that future research might provide an even more

convincing case that improving the quality of CSR reporting is useful to market participants.

This paper is organised as follows: section 2 provides an overview of past research into
narrative analysis as well as forecast accuracy and concludes with our hypothesis. This is
followed by an introduction into our data sample and method in section 3. Section 4 contains
uni- and multivariate analyses and robustness tests. Section 5 discusses the limitations of this

study and section 6 provides the conclusion.



2 Literature Review and Hypothesis Development

2.1 Literature Review

2.1.1 Scholarly takes on CSR reporting

The first notable contributions on CSR reporting research took place in the 1970’s, while a
resurgence of research attention is discernible starting after 2000 (Cho et al. 2015). Most
research is either concerned with organisational legitimation or investigating the decision
usefulness of CSR reports (Gray, Kouhy & Lavers 1995). The former studies the extent to
which the decision to publish a CSR report is influenced by organisational legitimation
attempts, i.e. “establishing congruence between the social values associated with or implied by
[a company’s] activities and the norms of acceptable behaviour in the larger social system”
(Dowling & Pfeffer 1975, Neu, Warsame & Pedwell 1998). As such, several studies analyse
the organisational motivations for- and gains from CSR reporting (Archel, Husillos & Spence
2011, Moser & Martin 2012, Cho et al. 2015). Decision usefulness studies attempt to determine
whether CSR information allows users of corporate information to make more informed
decisions. They are typically conducted as ranking or information effect studies, but have
produced ambiguous results during the first period of CSR research (Gray, Kouhy & Lavers
1995).2 However, recent studies show that CSR information appears to be useful for the
decisions made by market participants (Guidry & Patten 2010, Dhaliwal et al. 2011, Dhaliwal
etal. 2012, Clarkson et al. 2013). Additionally, Pflugrath, Roebuck & Simnett (2011) show that
firms improve the credibility of information contained in their CSR reports by acquiring
external assurance, a costly exercise which is unlikely to be undertaken if the information would
not be used in decision making.

Some researchers have taken a very critical perspective on CSR reporting, claiming that
companies use CSR reporting as an obfuscation or ‘greenwashing’ technique, whereby firms
deliberately disguise or misrepresent their environmental performance to manage reputational
risk (Patten 2005, Delmas & Burbano 2011, Michelon, Pilonato & Ricceri 2015). Nevertheless,
several studies underscore the ‘truthfulness’ of CSR reports, finding links between

sustainability reporting and sustainability performance (Clarkson et al. 2008).

2 Ranking studies generally ask decision makers (e.g. analysts) to ‘rank’ information sources depending on their
perceived usefulness, while information effect studies aim to directly assess the effect of released information by
estimating how it influences observable variables such as analyst forecasts or share price.



2.1.2 Assessing the quality of CSR disclosure narratives

As described in section 1.1, CSR reporting has become an integral part of the narrative
disclosure package utilised by firms. To find theoretical guidance on how to analyse CSR
disclosures, we therefore turn towards the corporate disclosure literature. One venue of
disclosure quality research is the usefulness of reported financials, an area which receives
extensive consideration through the Earnings Management literature (see Healy & Wahlen
(1999) for an overview). However, there is debate among scholars whether “financial
information is losing its relevance” (Francis & Schipper 1999). As such, a number of studies
extend the analysis of corporate disclosures beyond the reported financials to exploit the full
range of information sources available.

When attempting to evaluate the complete information environment, including such
disclosures as press releases and analyst calls, researchers have frequently employed disclosure
scores developed by third party institutions in order to assess the quality of non-financial
information (Lang & Lundholm 1996, Hope 2003a). Such scores also exist in the field of CSR
reporting, notably regarding CSR information published by US companies (KLD ratings) and
recently utilised in a study by Gao et al. (2015), of CSR disclosures by organisations listed in
the Netherlands. However, third party ratings are criticised for their subjectivity and low
reproducibility (Beattie, Mclnnes & Fearnley 2004), and are furthermore limited to the sample

chosen by the rater.

Theory underlying the research on narrative disclosures

Acknowledging the disadvantages of third-party disclosure scores, some researchers choose to
evaluate narrative disclosures directly (Jones & Shoemaker 1994). In her literature review on
research in the field of accounting narratives, Beattie (2014) distinguishes two major research
strands, namely disclosure research and narrative research. Disclosure research is centred on
the question of ‘what’ information is disclosed. It analyses the financial and qualitative
information provided through corporate disclosures and scrutinises whether this data reduces
information asymmetries (Healy & Palepu 2001). The second stream, narrative research,
focuses on the language in qualitative disclosures and analyses how narratives create meaning
for ‘human actors’. Narrative sections allow management to deliberately steer the tone and
content of the presented information, since there are few guiding principles on how to write
them (Merkl-Davies & Brennan 2007). In their comprehensive literature review on the
motivation of narrative disclosures, Merkl-Davies & Brennan (2007) distinguish between

impression management, with the intention of obfuscating the reader, and the provision of



incremental, i.e. useful and reliable, information. Sustainability reporting is exceptionally prone
to the application of impression management due to the difficulty of quantifying environmental
performance (Neu, Warsame & Pedwell 1998, Roca & Searcy 2012). Neu, Warsame & Pedwell
(1998) study the role of discretionary environmental reporting and find that impression

management might be prevalent, but acknowledge that their results are inconclusive.

Methodologies to study narrative disclosures
Beattie (2014) identifies three methodological approaches to study narrative disclosures:
discourse, content and linguistic analysis.

Discourse analysis has been used in different scientific disciplines and refers to the
application of language and the creation of meaning taking into account the specific societal
background of actors (Alvesson & Karreman 2000). Content or thematic studies draw on the
different topics covered in corporate disclosures and are traditionally performed by scoring
reports based on pre-defined disclosure indices.® Disclosure index studies were first used in the
field of accounting in the 1970s, but came to prominence after Botosan (1997) published her
seminal paper reporting a negative relation between improved corporate disclosures and cost of
equity capital. With regards to CSR reporting, Patten (2002) finds a significant relationship
between environmental disclosure and environmental performance. Furthermore, Clarkson et
al. (2008) develop a disclosure index score using GRI guidelines as guidance, and find a
positive relation between disclosure and environmental performance for their 191 sample
companies operating in polluting industries in the USA. More holistic studies go beyond simply
scoring the presence of certain topics, but additionally measure richness as a product of width
and depth by analysing the context in which topics are presented (Beretta & Bozzolan 2008).
Similarly, Beattie, Mclnnes & Fearnley (2004) develop a four dimensional model for holistic
content analysis using a computer aided analysis program. Common methodological problems
with content analyses are limited reproducibility and divergent research approaches due to the
need for subjective assessments regarding quality (Jones & Shoemaker 1994, Botosan 1997,
Beattie, Mclnnes & Fearnley 2004). Furthermore, as content analysis requires the researcher to
manually screen each report, sample sizes are generally limited.

Linguistic or textual analyses scrutinise specific textual features of corporate narratives,

while not necessarily examining the delivered content of reports. Li (2010) categorises common

3 In these studies, researchers define a list of relevant topics and score the report based on the information provided
on these topics. Scoring could be binary (0=not covered; 1=covered) or categorical in nature, where an integer
score is awarded based on how much (if any) qualitative or quantitative information is provided.



research approaches into readability, disclosure level (i.e. the amount of disclosure) and
disclosure tone. Compared to content analysis, these methods allow for larger sample sizes
since data can processed automatically using NLP techniques, which additionally increases

objectivity and reproducibility (Beattie 2014).

Linguistic Analysis: Readability

Readability (sometimes referred to as transparency) studies attempt to determine how the
legibility, and to some extent understandability, of a text affects decisions made by the reader.*
Indicators of readability frequently employed are the Fog- or Flesch-Index.® Courtis (1998) uses
the Flesch-Index to analyse whether firms deliberately employ difficult language to obfuscate
bad news. However, the sample of 120 companies listed in Hong Kong does not confirm his
hypothesis. In contrast, Li (2008) finds that firms with less readable annual reports publish
lower earnings while firms with better readable annual reports have positive persistent earnings.
Furthermore, Lehavy, Li & Merkley (2011) document that readability of 10-K filings affects
forecast accuracy, analyst following and the informativeness of analyst reports. Work on the
readability of CSR reports was conducted by Bakar, Sheikh & Ameer (2011). Their analysis of
333 Malaysian companies shows a positive association between performance and readability,

supporting the obfuscation hypothesis.

Linguistic Analysis: Disclosure level

Researchers have furthermore investigated the relationship between disclosure quality and
quantity. Many studies apply different proxies such as word-, sentence- or page count for
disclosure quantity (Hackston & Milne 1996). While Beretta & Bozzolan (2008) claim that
disclosure quality is not a function of total disclosure, Hooks & van Staden (2011) find a
significant relationship between disclosure quality and disclosure quantity for environmental
reports. Similarly, Kothari, Li & Short (2009) discuss the application of word counts to compare
texts and to compare keyword occurrences across texts by contrasting the fraction (number of

keywords over total number of words) between written narratives.

4 Jones & Shoemaker (1994) note that understandability is also shaped by the reader’s cognitive abilities.

®> The Fog Index measures readability based on the number of syllables per word and the number of words per
sentence, resulting in the number of years of education necessary to understand a text, meaning the lower the score
the better readable the text (Loughran, & McDonald 2011). The Flesch Index uses the number of syllables per 100
words and the sentence length to compute a score from 0 to 100, with the higher number indicating better
readability (Sydserff & Weetman 1999).



Linguistic Analysis: Disclosure tone

Disclosure tone can be analysed by counting the number of occurrences of specific words in a
text, thereby attempting to identify specific language patterns that reveal information about the
writer’s actual intentions or perspective. Counting the number of pre-defined keywords (a ‘bag
of words”) of a certain category (e.g. positive, negative or forward-looking vocabulary) can be
done manually or with NLP software. Studies usually apply a standardised bag of words, such
as the Harvard Psychology Dictionary (Kothari, Li & Short 2009). However, Loughran &
McDonald (2011) find that this list is not suitable for corporate texts, since words might be
misclassified due to different contextual meanings.

Cho, Roberts & Patten (2010) report that firms with worse environmental performance
apply a more optimistic and less certain tone in their reports.® Holder-Webb et al. (2009) note
a “generally self-laudatory tone in the content of CSR disclosures for their sample firms [in the
USA].” However, Arena, Bozzolan & Michelon (2015) argue that more optimistic disclosures
could in fact be a sign of better future performance. Besides optimism and certainty, studies on
narrative tone find an association between forward looking statements in the Management
Discussion & Analysis (“MD&A”) part of annual reports and forecast accuracy or firm
performance (Hussainey, Schleicher & Walker 2003). Referring to this study, Beretta &
Bozzolan (2008) find evidence that forward looking information is associated with the extent
of forecast revisions by analysts during the forecasting year. These results were extended by a
statistical study by Li (2010), finding a statistical relationship between forward-looking
statements and future earnings and liquidity.” Other studies develop an individual bag of words
by parsing a sample of narratives for frequently used words and adding synonyms (Hussainey,
Schleicher & Walker 2003).

2.1.3 Measuring the decision usefulness of disclosures through analyst forecasts

We have identified that the usefulness of additional corporate narrative disclosures contained
in CSR reports can be analysed using various methodologies. The question remains, however,
which users would benefit from such an analysis. Since CSR reporting has been adopted by
nearly all of the world’s largest firms (KPMG 2015), a starting point is to identify the most

important users of these firm’s (financial) disclosure.

& Optimism being defined as emphasising positive news/events while concealing negative news/events.
" The statistical approach (as against to the dictionary approach) to narrative tone assessment “relies on statistical
techniques to infer the content of text and classify documents based on statistical inference” (Li 2010).



Generally, researchers assume the primary users of corporate disclosures to be financial
analysts, as “given their importance as intermediaries who receive and process financial
information for investors, it makes sense to view analysts as representative of the group to
whom financial information is and should be addressed” (Schipper 1991). Analysts act as
information intermediaries and sell investment advice in the form of buy/hold/sell
recommendations as well as profit forecasts for analysed firms (Fogarty & Rogers 2005).
Furthermore, in an attempt to provide the most accurate forecasts, analysts utilise all types
corporate information sources, including those that contain non-financial information (Previts
etal. 1994). Guided by Ramnath, Rock & Shane (2008), we therefore analyse several usefulness
studies that evaluate how (non-)financial information affects decisions made by analysts.

The usefulness of better disclosure to analysts: annual reports

Given the nature of their activities, better information disclosure is only relevant for analysts if
it affects the value or profit of the company on which they are writing a report. Intuitively, one
would argue that this information is primarily quantitative. However, Holland (1998) notes that
qualitative disclosure is used by firms to help investors understand their business and make
assessments about future performance. Furthermore, an increasing number of information
sources (e.g. the Internet) and the expanding MD&A sections of annual reports has led
researchers to question whether “Financial Statements Lost Their Relevance” (Francis &
Schipper 1999). This realisation has spurred research into the usefulness of additional
disclosure besides the financial information content of annual reports.

Following Lang & Lundholm (1996), many researchers have assessed the relevance of
additional information to analysts by estimating how it affects the accuracy of their profit
forecasts. Lang & Lundholm (1996) find a positive relation between disclosure scores assigned
by the US Financial Analyst Federation and the accuracy of analyst forecasts. Directly testing
the usefulness of non-financial information, Barron, Kile & O'Keefe (1999) report that forecast
accuracy increases and dispersion falls for companies with higher SEC scores of MD&A
disclosure. Extending the analysis to include non-US companies using CIFAR scores, Hope
(2003a) documents a similar positive relationship between disclosure scores and forecast
accuracy.® He also notes that strong enforcement is associated with higher forecast accuracy.

In a more recent Italian setting, Beretta & Bozzolan (2008) assess the usefulness of forward-

8 The Center for International Financial Analysis and Research (“CIFAR”) scored the corporate disclosures of
companies operating in a multitude of countries. It has a similar function as the USA Financial Analyst Federation
(“FAF”), whose reports have also been used extensively in disclosure research.



looking disclosure sentences by employing a disclosure index that includes both qualitative and
quantitative aspects, and find a statistical relationship between their measure and analyst
dispersion and accuracy.

It must be noted that researchers have identified many additional factors that drive analyst
forecast accuracy besides disclosure quality.® Performing a meta-analysis study of several
analyst forecast accuracy studies, Garcia-Meca & Sanchez-Ballesta (2006) show that firm size
and forecast horizon are consistently found to be explanatory variables in forecast accuracy
studies. Furthermore, Hope (2003b) unveils the relevance of culture, while Lys & Soo (1995)

argue that larger analyst following leads to an ‘accuracy competition’.

The usefulness of better disclosure to analysts: CSR reporting

As documented in section 1.1, companies might report on CSR to address the concerns and
requirements of various stakeholder groups. Especially relevant for the work of analysts,
however, is that CSR activities could potentially have a positive effect on a company's financial
performance through a number of strategic channels: lower costs as a result of increased
efficiency, higher productivity due to increased employee satisfaction or the ability to hire better
workers as well as generate additional revenue through increased customer loyalty or
acquisition of new customers (Burke & Logsdon 1996).

Burke & Logsdon’s (1996) assertions are furthermore confirmed by Orlitzky, Schmidt &
Rynes (2003), who find a generally positive relationship in a meta-analysis of quantitative CSR-
financial performance relationship studies. Similar to enhanced financial disclosures, CSR
disclosures seem to reduce the inherent information asymmetry between managers and
investors, with investors rewarding managers that provide more forthcoming disclosures with
lower cost of equity (Dhaliwal et al. 2011). In addition, the authors find that firms publishing
their first CSR report attract additional analysts and are able to raise more capital than others.
Cheng, loannou & Serafeim (2014) confirm the findings regarding cost of capital and link them
to an increased stakeholder engagement and transparency of CSR reporting firms. Kim, Park &
Wier (2012) find evidence that CSR reporting firms are less inclined to engage in earnings
management or other kinds of manipulation. With regards to analysts’ general perception of
CSR reporting, loannou & Serafeim (2015) report a shift by financial analysts, from pessimistic

recommendations for CSR reporting firms in the 1990’s towards optimistic recommendations

° For an overview of the financial forecasting literature published in the period between 1992 and 2006, please
refer to Ramnath, Rock & Shane (2008).
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until 2007, also noting that this shift was driven by “more experienced analysts as well as
higher-status brokerage houses”.

Potentially adverse CSR events, on the other hand, can have serious negative financial
consequences: BP has paid over $50bn in fines and clean-up costs as a result of the Deepwater
Horizon oil spill (Gilbert & Kent 2015). Additionally, CSR investment costs might outweigh
the benefits. This assertion is supported by Brammer, Brooks & Pavelin (2006), who find a
negative relation between corporate social performance and stock prices of UK companies.

Given the potential (positive or negative) effect of CSR performance on firm financial
performance, disclosure of a firm’s CSR activities is likely to be useful information for analysts.
In an extensive international study Dhaliwal et al. (2012) indeed document a significant positive
relationship between the issuance of a stand-alone CSR report and forecast accuracy. Their
study furthermore reveals that opaque financial disclosure and the stakeholder orientation of a
country strengthen the relationship between CSR disclosure and forecast accuracy, highlighting
that CSR reports complement the existing information environment. In addition, Cormier &
Magnan (2014) report that improved environmental and social disclosure (measured using a
disclosure index) by Canadian firms decrease the dispersion of analysts’ forecasts, while a
working paper by Muslu et al. (2014) suggests that higher quality CSR reports results in lower
forecast errors in the USA. Finally, Harjoto & Jo (2015) use American CSR performance data
and find that increased CSR intensity is associated with lower analyst forecast dispersion, but

that the effect diminishes along increased disclosure quality.

2.1.4 Research gap

In this section, we identified four different approaches to the evaluation of corporate disclosure:
employing third party scores, or evaluating narratives directly by means of discourse, content
or linguistic analysis. However, especially third-party disclosure scores and content analysis
suffer from low reproducibility, subjectivity as well as limitations in sample size. Furthermore,
discourse analysis requires repeated interaction with relevant actors. With this in mind, one
promising direction of research is linguistic analysis assisted by computer aided NLP
techniques, which offers faster and more objective analyses of readability, disclosure level and
disclosure tone, i.e. impression management. It also allows for much larger sample sizes (Core
2001, Hussainey, Schleicher & Walker 2003). Following Beattie & Davison’s (2013) call for
further research on accounting narratives, including those embodied in social responsibility
reports, we see large potential for future research to combine the benefits of large-scale NLP

studies and the increasing universe of CSR reports. Lastly, it was shown that financial analysts
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are the intended audience of a large part of corporate disclosure. As such, we believe that they
are among the primary beneficiaries from improved CSR disclosure quality, allowing them to
make more accurate profit forecasts. We thus believe there to be room for research that
evaluates the usefulness of CSR disclosures to analysts, utilising advances in NLP technigues.

This research gap is illustrated in Exhibit 1.

Decision Usefulness Studies Narrative Disclosure Research
l l l Third Party
Scores

Textual Analysis Content || Discourse
d Analysis || Analysis

} | } |

Disclosure

¢ m————

Investment Analyst

o —

 —————

Decisions Forecasts Readability Tone Length Index
Forward- Optimism Research
looking info Gap

Annual Report
Press Releases
CSR Report

Exhibit 1: Research Gap

2.2 Hypothesis development

Different contemporary studies have already demonstrated the positive signalling effect of CSR
disclosure on the accuracy of firm valuation, cost of capital and analyst forecasts. In this study,
we will go beyond this knowledge and analyse the different characteristics of stand-alone CSR
reports. In so doing, we shed light on the question whether variations in the quality of
disclosures contained in CSR reports affect the accuracy of analyst forecasts. Given the
prevailing concerns regarding obfuscation or ‘greenwashing’, we assume that CSR reports
entail varying degrees of informativeness. Therefore, we conjecture that the amount of relevant
information analysts are able to derive for their earnings forecast differs across reports, and
expect that better narrative information in turn allows analysts to make more accurate forecasts.

Therefore, the following hypothesis will be the focus of our study:

“Higher quality CSR disclosure narratives allow analysts to make more accurate earnings

forecasts. ”

Based on findings of previous narrative research, we furthermore conjecture that more

informative, i.e. better, CSR reports are distinguished by specific positive textual
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characteristics. If we find that CSR disclosure enables analysts to make more accurate earnings
forecasts, we contend that this provides indication that CSR information is useful to market
participants. However, we believe that this usefulness is a function of the quality of the

narratives in which CSR information is presented.

3 Research Method

3.1 Meta design

We apply a deductive research approach by employing extant literature to guide the
development of our theoretical framework and frame our hypothesis, which we subsequently
test by performing quantitative analyses (Hyde 2000). In our review of the previous literature,
we find that even though CSR reporting has been subject to scientific research for a long time,
it has rarely been analysed from a linguistic perspective. Drawing from linguistic theory, we
learn that textual characteristics impact how readers perceive the information content of written
narratives. Therefore, we test whether this theoretical construct extents to CSR reports by
measuring the effect of narrative quality on financial analyst forecast accuracy. We do so based
on findings from prior decision usefulness studies, which provide evidence that increased non-
financial disclosure allows analysts to make more accurate profit forecasts.

We employ a quantitative research design, which allows us to draw verifiable and
falsifiable conclusions about the decision usefulness of CSR reports of different quality. More
specifically, the present study is of correlational design, since we use correlational statistics
(regression analysis) to make inferences from our observations (Creswell 2013). Accordingly,
this study is rooted in post-positivistic epistemology, as we hope that our sample represents the
total population and thus allows us to draw generalisable conclusions about the relationship
between CSR reporting quality and analyst forecast accuracy (Guba & Lincoln 1994).
Following post-positivist epistemology, we use observable evidence and rational considerations
to develop our knowledge about the subject and describe the relationship between the objects
we study (Creswell 2013).

3.2 Data collection

3.2.1 Collection of forecast information

In order to test our hypothesis, we start our data collection procedure by obtaining a list of all
companies traded on stock exchanges in the Nordic countries (excluding Iceland) plus Germany

and the Netherlands from Thomson Reuters Datastream. Although the focus of this study
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originally laid only on the Nordic countries, the resulting sample was deemed too small to draw
valid inferences. Therefore, Germany and the Netherlands were added because they are
considered to be relatively similar to the Nordic countries.'® We retrieve all forecast information
that concerns these companies for the years 2013 to 2015 from the Institutional Brokerage
System Database (“I/B/E/S”), which we accessed through Wharton Research Data Services
(“wrds”), and excluded all companies without such information. After deducting observations
for which we could not obtain the necessary control variables, we identified 3 048 firm-years

of data from 1 065 unique companies, which forms our potential pool of observations.

3.2.2 Collection and classification of CSR information

Upon establishing the potential pool of observations, we employ various sources to identify
whether a company issued a stand-alone CSR report for the years 2012, 2013 and 2014.1!
Firstly, we use the GRI Report List published by the Global Reporting Initiative which contains
“all sustainability and integrated reports that the GRI is aware of” (Global Reporting Initiative
2015b). As we find that this list suffers from various limitations, we supplement it by manually
visiting the website of each company to classify its yearly reporting. Any downloadable report
detailing the communication of CSR activities during a specific time frame is classified as a
stand-alone CSR report. Note that all firm-year observations classified as having a CSR report
also publish financial information in an annual report (“AR”). We include ‘Communication on
Progress’ (“COP”) reports, which are required to be published by signatories of the United
Nations Global Compact initiative. We include COP reports because the initiative strives for
its signatories to produce meaningful CSR reports, which is captured in its conviction that
“reporting to stakeholders in a transparent and public manner [is] fundamental for companies
committed to sustainability” (UN Global Compact 2015). However, COP reports as well as the
mandatory CSR reports required under Danish law are only classified as such when it is deemed
that the respective company had made an honest attempt at reporting CSR issues, indicated by
publishing at least five pages.!?

10 An additional reason for including the Netherlands and Germany is that the researchers have personal affinity
with these countries.

11 For firms where the financial year does not coincide with the calendar year, the year label assigned in this study
would be the year in which the respective financial year ended. I.e., a company’s report that is labelled as referring
to the 2011/2012 financial year would be included as a report referring to the year 2012 in this study. We ensure
that all data gathered is in line with the respective financial year-end dates.

12 Note also that companies might produce CSR reports bi-annually, in which case we consider those reports to be
only relevant for the latest reporting period.
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To avoid mistakenly assuming that a company does not report sustainability information
if it does not publish a separate CSR report, we furthermore screen and classify ARs that contain
substantial CSR information as integrated reports (“IR”). Integrated Reporting is a new type of
reporting advocated by the International Integrated Reporting Council, which advocates that
the reporting of sustainability and financial information is combined into one publication
(International Integrated Reporting Council 2014). We assign this classification either when a
report is titled ‘Integrated’ or when at least 10% of the pages in the AR are dedicated to the
description of CSR activities (usually contained within a section called ‘Sustainability
Report’).1* We use this second criterion because we find that several, especially smaller,
companies seem to be devoted to publishing significant amounts of CSR related information in
their AR without specifically labelling it an IR. We hypothesise that this is primarily due to a
lack of awareness of the integrated reporting movement and not because the reports include
fundamentally different CSR information than those that are labelled as integrated.

Finally, we determine whether a CSR report or IR is externally assured by checking
whether an assurance statement is present in either the report or on the company’s website.
Firm-year observations for which we have forecasts and control variable data, but in which an

AR is published serve as the control group in our regression models.

3.2.3 Description of the pool of potential observations
As illustrated in Exhibit 2 — Panel A, we identified 597 (20%) stand-alone CSR reports and 230
(8%) IR reports, implying that we have 2 221 (72%) firm-years of observations without CSR
information. Not surprisingly, the German stock market is the largest and most well covered,
supplying 36% of potential observations. Interestingly, the second largest amount of
observations comes from Sweden while Norway is third, both ahead of the Netherlands which
is larger in both GDP and population. We corroborate these findings and find that Nordic
countries indeed have a larger number of listed companies than the Netherlands (Federal Bank
of St. Louis 2016). Furthermore, we have the highest number of potential observations from
companies operating in the Industrials industry, while we collect only very few data points on
firms operating in the Utilities or Telecommunications industries.

The number of yearly observations is nearly identical for 2012 and 2013, while the
decrease in 2014 is not caused by a sudden spike in defaults but rather is explained by the fact

13 Occasionally, firms publish extensive CSR information on their website but do not present it as a separate CSR
report, nor is the information downloadable. In most cases, we labelled these observations also “IR” to avoid
measurement errors regarding the availability of CSR information.
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that the calculation of forecast errors requires reported actuals, which were not published by all
companies at the time that the data collection for this study was concluded.}* We realise that
this sampling problem might slightly bias our results because the companies that had not
reported their results are possibly smaller companies or companies that had to delay the
publication of their financial reports for various reasons.'® We also note that reporting on CSR
information continues to be on the rise, with the share of companies that publish stand-alone
CSR reports increasing from 18% in 2012 to 23% in 2014, and integrated reporting rising from
5% to 10%. Again, it must be noted that the numbers for 2014 might be inflated due to data
selection issues, but the nominal numbers of both IRs and CSRs have also increased steadily
over the 3 years.

Exhibit 2 — Panel A furthermore shows that companies listed in Denmark were most
active in CSR reporting, which is to be expected since CSR reporting is mandatory for Danish
companies with more than EUR 19 million in assets, EUR 38 million in revenues and more
than 250 employees (at the 2009 DKK-EUR exchange rate) (Initiative for Responsible
Investment 2015). Based on our sample, these requirements appear to be met for companies at
the 25 percentile (untabulated), implying that the majority of Danish companies are required by
law to publish CSR reports, or state explicitly why they choose to not do so. Companies listed
in Norway or Germany were least likely to publish a stand-alone CSR report. Also notable is
the high uptake of integrated reporting in the Netherlands and Finland. Similarly, companies
operating in the consumer goods industry publish the most CSR reports, perhaps suggesting
that the social legitimation explanation for CSR reporting holds some ground. Within our
sample, technology and health care firms were relatively least likely to publish a stand-alone

CSR report or an integrated report.

14 As of April 1%, 2016 when the data collection for this study was finalised.
15 Since size is found to be significantly inversely related to forecast errors later on in this study, it is likely that
published average forecast errors are understated.
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Observed distribution of reporting type and derivation of final sample

Panel A: distribution of reporting type of available observations

Denmark Finland Germany Nethe rlands Norway Sweden Total per Year
Year AR IR CSR AR IR CSR AR IR CSR AR IR CSR AR IR CSR AR IR CSR AR IR CSR all in%
2012 31 4 30 49 14 30 337 12 54 5 15 19 147 4 17 216 10 43 835 77% 59 5% 193 18% (1087 36%
2013 26 6 29 47 15 29 329 15 52 54 16 19 126 10 21 199 16 47 781 74% 78 7% 197 19% (1056 35%
2014 23 4 31 42 19 29 230 20 56 43 23 15 112 10 24 155 17 52 605 67% 93 10% 207 23% 905 30%
Industry per Industry
Basic Materials 3 2 5 6 15 37 14 16 7 6 6 11 6 6 43 5 14 106 52% 37 18% 59 29% 202 7%
Consumer Goods 9 15 20 7 10 85 4 32 14 4 4 31 3 13 3B 11 21 194 61% 29 % 95 30% 318 10%
Consumer Services 10 11 8 9 109 3 15 10 6 12 5 2 4 45 5 27 190 68% 24 9% 67 24% 281 9%
Financials 19 2 1 13 6 9 132 4 34 28 12 9 89 3 5 72 7 21 353 74% 34 % 89 19% 476  16%
Health Care 20 7 20 9 3 93 4 12 22 109 1 3 265 87% 8 3% 30 10% 303 10%
Industrials 15 39 40 17 33 203 11 38 46 18 12 84 4 11 128 13 38 516 69% 63 8% 171 23% 750 25%
Oil & Gas 3 3 34 2 7 2 6 4 110 4 20 23 3 169 76% 18 8% 34 15% 221 7%
Technology 1 2 38 6 172 6 7 28 6 27 2 96 10 362 90% 6 1% 33 8% 401 13%
Telecommunication 2 1 2 1 17 3 5 2 3 2 1 11 1 5) 38 68% 7 13% 11 20% 56 2%
Utilities 3 1 2 14 3 6 3 8 28 70% 4 10% 8 20% 40 1%
total 80 14 90 138 48 88 896 47 162 152 54 53 385 24 62 570 43 142 2221 73% 230 8% 597 20% |3 048
in% 43% 8% 49% 50% 18% 32% 81% 4% 15% 59% 21% 20% 82% 5% 13% 75% 6% 19%
per Country 184 274 1105 259 471 755 3048
in % 6% 9% 36% 8% 15% 25%
Panel B: derivation of final sample
No. of Reports No. of Companies
Total number of observations 3048 1290 Notes
Exclusion of IR's (230) (108) AR: firm-year observation in which only an Annual Report
i (containing financial information) is published.
Observations from AR or standalone CSR reports 2818 1182 IR: firm-year observation in which one report containing both
Exclusion of non-working CSR reports (296) (117) CSRand financial information is published.
CSR: firm-year observations in which both a separate CSR
Final sample 2522 1065 report and an (annual) report containing financial information
Of which: are published.
CSR 301 163
AR 2221 902

Exhibit 2: Observed distribution of reporting type and derivation of final sample
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3.2.4 The final sample

Although our analysis tool (described later) was designed to be able to handle the unstructured
nature of narratives included in the (IFRS based) annual reports published by UK companies,
unfortunately it still imposes several stringent requirements for a report to be analysed
correctly.® These stringent requirements implied that almost 50% of the available reports (296
in total) could not be read, limiting the sample of reports for which we obtain characteristics of
the narratives included in those reports to a total of 301 firm-year observations. To be able to
make valid inferences about whether sustainability narratives allow financial analysts to make
more accurate profit forecasts, we therefore exclude the non-working reports from our main
regressions. Employing a similar argument, we also exclude companies that publish an IR, since
we believe that CSR narratives contained within annual reports are not comparable to those
included in stand-alone CSR reports. From the original 3 048 firm-year observations we hence
deduct 230 IR reports and 296 CSR reports that did not work, resulting in a final sample
containing 2 522 observations.

3.3 Main research variables

3.3.1 Analyst forecast accuracy

We follow Dhaliwal et al. (2012) and define analyst forecast error as the inverse of forecast
accuracy. Thus, we compute forecast error as the average of the absolute difference between
each analyst’s forecast of EPS and realised EPS, scaled by the stock price at the beginning of
the year to facilitate comparison across companies:

|FCit j—EPSit

1
FERROR;; = Ez’le D)

Pit—1

In Equation (1) i, t and j denote company i, year t and forecast j, respectively. FC is the
forecasted and EPS the actual earnings per share, both obtained from the I/B/E/S summary
statistics database to ensure consistency.!” Share price P is obtained from Thomson Reuters
Datastream, a database created by the same firm that also compiles the I/B/E/S data thus

minimising the risks of inconsistencies. We also calculate forecast error according to a different

16 For example, reports need to contain a content page to be handled properly and need to be written in English.
17 In some instances I/B/E/S did not provide actuals, while manual inspection revealed that they do exist. To
maximise the sample size we therefore employed Datastream to obtain actuals that were not recorded in the I/B/E/S
database, ensuring consistency by cross-checking currencies and subjecting the results to a reality check.
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method devised by Hope (2003a) but find that using this method does not affect the tenor of the
results reported in this study.'®

Like Dhaliwal et al. (2012), we use all forecasts made during the year to capture the
likelihood that the impact of CSR information on EPS is better understood over time.°
Furthermore, we do so because manual inspection of a subsample revealed that reports need
not to be published on the same day as the annual report. However, we believe that the annual
report publication date is a good proxy and by including all observations we attempt to average
out the measurement error that some of the included forecasts are made without the
corresponding CSR information.

Note that we are interested in the analyst forecast error during the year following the
publication of a CSR report, as we hypothesise that those reports contain meaningful
information for analysts when forecasting the coming year’s EPS. Provided in Exhibit 3 is a
graphical representation of the process for a hypothetical company X in year 2013, assuming
that the financial year runs from January to December and that the company publishes its reports

in March the year following.

FY 2012 (Assumed) issuance of FY 2013 Actual EPS 2013
End CSR Report 2012 End reported
l | | | | | | | | | | | l | | | .
I \ \ | \ \ \ \ \ \ \ \ I \ \ ;
jFCs jFCs jFCs jFCs jFCs jFCs jFCs jFCs jFCs jFCs jFCs
March 5013 2013 2013 2013 2013 2013 2013 2013 2013 2013 2013, March
2013 - 2014

N
10 |FCx2013; — EPS
FERRORy 3013 = NZ | 12003 x,2013]
= X,2012

Exhibit 3: Timeline underlying FERROR calculation

3.3.2 CSR report disclosure quality

To evaluate the quality of the narrative disclosures included in stand-alone CSR reports we
employ an off-the-shelve software tool named Wmatrix. The tool has been developed by
Rayson (2009) as a web based text processing tool, and has been used in language and literature

studies (Adolphs 2006). Recently, a team of researchers under the umbrella of the UK Corporate

18 Hope (2003a) calculates forecast error as “the negative of the absolute difference between actual EPS and
analysts’ forecasts scaled by stock price, (winsorized at —1).” However, unlike Dhaliwal et al. (2012) he computes
a simple average of the average forecast for each month 4-12 provided in the I/B/E/S summary statistics tape,
whereas we include each analyst’s forecast individually which in effect amounts to applying a weighted average
based on the number of analysts following the firm in each month.

191/B/E/S allows analysts to revise forecasts on a monthly basis, but especially for smaller companies forecasts
may be revised less frequently.
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Financial Information Environment (“CFIE”) project has adopted the tool for usage in the

corporate disclosure setting.?® The tool is unique due to its ability to analyse unstructured

corporate narrative disclosures such as those allowed under the IFRS accounting standards.

Many of the studies quoted in section 2 of this paper employ different tools for electronic

linguistic analysis, most notably DICTION and QSR NUD*IST, but these tools generally only

work for structured corporate disclosures such as American 10-K reports. Since CSR reports

like UK corporate reports generally do not follow a pre-defined format, we decided to utilise

Wmatrix as our tool of analysis.

We evaluate CSR report narratives on four different aspects, which in previous research

were shown to be relevant in the context of corporate reporting:

1.

Readability (READABILITY): Lehavy, Li & Merkley (2011) show that less readable 10-
Ks are associated with greater dispersion and lower accuracy in the forecasts of financial
analysts. We interpret this as indicating that more readable reports provide market
participants with better information as the impact of what is reported on future
performance is more easily understood by all readers (less dispersion) and also more
informative (higher accuracy). Wmatrix provides both Fog and Flesch readability scores,
which show a correlation of -0.96 at the 1% significance level for our sample and thus
result in similar estimates for the variables in this study. Accordingly, we will show only
results based on the Flesch readability scores. Our measure of CSR reporting quality is
positively influenced when a report receives a higher Flesch score.

Length (LENGTH): The length of environmental disclosures is significantly correlated
with higher quality reporting (Hooks & van Staden 2011). Although a more extensive
report could be used to manipulate the reader’s impression by obfuscating limited actual
activity, in general a longer report is likely to be an indication of more comprehensive
and thus informative disclosure (Kothari, Li & Short 2009). We use word count as a
measure of CSR report length, with a higher number of words having a positive effect on
the narrative disclosure score.

Forward-looking information (FWDINFO): Beattie, Mclnnes & Fearnley (2004) report
that forward-looking information is becoming a more important attribute of disclosure
quality at the expense of historical information. More extensive forward-looking
information is indicative of a higher quality reporting, because it allows readers to make

a better educated guess of future developments (Hussainey, Schleicher & Walker 2003).

20 The project involved a collaboration of management researchers and NLP experts connected to the London
School of Economics and Political Science, Lancaster University and the University of Manchester.
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To control for the fact that longer reports are inherently more likely to contain additional
occurrences of a particular word, we use the ratio of forward-looking over total words to
determine how ‘forward-looking’ the overall report is.’> A more forward-looking report
is considered to be of higher quality.
4. Optimism (OPTIMISM): Investors are susceptible to the manner in which information is
formulated, interpreting the underlying message differently depending on the tone in
which information is communicated (Henry 2008). Since there is no standardised
framework for CSR reporting, managers are left with substantial leeway regarding the
way CSR information is presented, possibly allowing them to employ some form of
impression management when creating their CSR reports. Impression management
frequently manifests itself through the application of an overly optimistic tone, where a
high degree of optimism is likely to conceal actual performance and in turn diminish
reporting quality (Cho, Roberts & Patten 2010). On the other hand, negative statements
are likely to be indicators of honesty or truthfulness. Following Cho, Roberts & Patten
(2010), we therefore measure the total Optimism of a report by applying lists of both
positive and negative words. The list, which were developed by the Wmatrix research
team, take into account the issue raised by Loughran & McDonald (2011) that many
‘ordinary’ negative words need not to have a negative connotation in a business context.??
The estimated optimism of a report is obtained by subtracting the number of negative
words from the number of positive words, scaled by the total amount of words. Since we
believe that more honest reports contain less positive and more negative words, we argue
that a lower Optimism ratio indicates better reporting quality.
In conclusion, we assume that reports are of better quality when they are easier to read, longer,
contain more information about the future and do not attempt to influence the readers perception
by providing overly optimistic statements.

Table 1 provides an overview of various descriptive statistics of the four quality aspects.
On average, the CSR reports in our sample have a Flesch readability score of 41, which is the
second highest level and indicates that readers need to have attended college to fully understand
the text presented. The length of reports varies considerably, from 2 235 words to over 100 000
words. Reports can become especially long if they include an extensive GRI table next to the
regular report in an attempt to comply with GRI reporting requirements. An example is the CSR

report issued by Axel Springer in 2013. Reports contain between 0.7% and 7% of forward-

21 See Appendix 1 for the forward-looking word list.
22 See Appendices 2-5 for the negative and positive word lists.
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looking words as a fraction of total words. There are only five CSR reports (untabulated) that
contain more negative than positive words (resulting in a negative optimism variable),

indicating that the tone is generally optimistic.

Descriptive statistics CSR report narrative characteristics

Count Mean Median Std. Dev. Min Max
READABILITY 301 40.98 41.00 10.11 0 105.20
LENGTH 301 25814 21 769 17 668 2235 118 868
FWDINFO 301 0.0177 0.0161 0.0078 0.0071 0.0714
OPTIMISM 301 0.0141 0.0138 0.0071 -0.0027 0.0350

Table 1: Descriptive statistics CSR report narrative characteristics

Construction of'a ‘Narrative Index’ and grouping into three brackets

After calculating all discrete continuous variables per report for the four aspects outlined above,
we rank READABILITY, LENGTH and FWDINFO and inverse rank OPTIMISM within the total
sample of working CSR reports. We then sum the ranks of each variable per report to obtain a
measure of a given CSR report’s total narrative index, hereafter named NINDEX. We employ
this type of ranking method for several reasons: first, it is an accepted method in disclosure
studies (Lang & Lundholm 1996, Cooke 1998) and it also allows for meaningful aggregation
of the four aspects. Additionally, it allows us to cope with extreme outliers within the observed
data. Finally, we have no prior literature to guide us on what are ‘good’ versus ‘bad’ discrete
continuous scores for each of the aspects, nor whether the relationship between the discrete
continuous components of high-quality CSR reports and analyst forecast accuracy is of linear
nature. Rather, this method allows us to estimate how analyst forecast accuracy changes when
a report contains relatively better narrative disclosures compared to other CSR reports in the
sample. Guided by Muslu et al. (2014) we subsequently split the sample into three categories
representing the ‘top’ and ‘bottom’ quartile (75 observations each), and a ‘middle’ group
consisting of the remaining 50% of observations (151 observations) to further overcome
potential measurement noise. We do so based on an inspection of sorted NINDEX values, which
indicate that scores are relatively similar across the average, but that scores in the lowest and
highest quartile appear to be significantly different (Exhibit 4). While the graph suggests that
the lowest and highest decile contain the most variation, we divide the values at the lowest and

highest quartile in order to include sufficient observations in each group to obtain stable results
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in our regression analyses. Note that firm-year observations in which we find only annual
reports (labelled “AR”) receive a 0 for NINDEX and the three reporting groups, and thus serve
as the control group in all regressions.

Appendix 6 provides examples for relatively top, middle and low quality CSR reports,
showing the individual scores and the corresponding relative rank as well as the resulting
NINDEX score. Appendix 7 illustrates the distribution of top, middle and low quality CSR
reports across years, countries and industries. Over the three years, the distribution is in line
with the 25-50-25% split imposed by the variable construction. There are notable differences
to this split across countries and industries, with especially Norway as well as the
Telecommunication and Utilities industries having more higher-quality reports. Although this
might indicate that reporting practices are better in Norway and these industries compared to
the others, we acknowledge that this finding may also be caused by the relatively small sample

of working CSR reports for these three categories.

Bottom Quartile Mid Quartiles Top Quartile
(LOWNINDEX) (MIDNINDEX) (TOPNINDEX)
A A A
Nindex 1 K
max. 1043
1000 -
800 A
min. 730
600 -
max. 473
400 ~
200 A
min. 129
O T T 1 T T T
0 50 100 150 200 250 300

Exhibit 4: Illustration of construction of NINDEX groups

Validation of NINDEX

To validate that the separate components of NINDEX measure distinct but related aspects of
disclosure quality, we analyse its constituents by looking at the correlation coefficients between
the assigned ranks (Table 2). We find that the separate components are positively correlated on

three aspects, but also negatively correlated on three aspects. Furthermore, four of the
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correlations are statistically significant. Note that the negative sign of the correlation between
FWDINFO and LENGTH is probably due to the fact that the fraction (forward-looking words
over total number of words) is likely to be smaller as reports become very long. The same
applies to the correlation between OPTIMISM and LENGTH. However, since we argue that low
OPTIMISM scores are a sign of better quality we apply an inverse rank and therefore observe
a positive relationship. Despite this drawback it is inevitable to scale by LENGTH due to the
inherent likelihood that a given word occurs more frequently in a longer report. It is furthermore
notable that READABILITY is strongly and significantly correlated to FWDINFO and
LENGTH, while OPTIMISM is negatively correlated to two other measures of disclosure
quality. Despite observing negative correlations between the ranks of some of our measures of
reporting quality, we nevertheless conclude that the separate constituents of NINDEX
sufficiently measure disclosure quality since most of the negative relationships are statistically

insignificant, while the signs on the positive correlations are generally larger and significant.

Correlation matrix rank NINDEX constituents

READABI-
LITY LENGTH FWDINFO OPTIMISM
READABILITY 1.0000
LENGTH 0.1031 * 1.0000
FWDINFO 0.2076 *** -0.1278 ** 1.0000
OPTIMISM -0.0831 0.1319 ** -0.0707 1.0000
Note *** and *** indicate statistically significant correlations at 10%, 5%

and 1%, respectively.

Table 2: Correlation matrix rank NINDEX constituents

To further validate the narrative index, we estimate the correlation between Asset4 scores and
NINDEX. Asset4 scores are a measure of ESG performance based on three separate pillars
(Ecological, Social and Corporate Governance) and are assigned to companies on a yearly basis
by Thomson Reuters.?® Thomson Reuters compiles Asset4 scores for around 5 000 companies
globally, corresponding to 438 firm-year observations in our final sample. Appendix 8 provides
an overview of the number of Asset4 (ASSET4) score firm-year observations per reporting
type.?* Note that only 235 of the 2 221 (10.6%) firm-year observations marked AR received

Asset4 scores, while we find 203 of the 301 (67.4%) firm-year observations for which we have

23 In essence, they appear to be similar to the more well-known KLD Sustainability scores.
24 In this study, we do not employ the total Asset4 score but rather only take the average for the two pillars
Ecological and Social, because CSR Reports do not contain information on Governance issues.
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working CSR reports. We also investigate the extent to which CSR reports are externally
assured across our three groups of CSR reports.

As presented in Table 3 - panel A, the average and median adjusted Asset4 score are the
lowest for companies without a CSR report, and increase along the low, middle and top
NINDEX groups. Similarly, average assurance rates increase from 27% for the lowest quality
reports to 69% for the highest rated reports. We validate these results with a non-parametric
test of the equality of the medians as well as a t-test for the average, and confirm that the
medians and averages of the Asset4 scores for firms without a CSR report and firms within the
three NINDEX groups are statistically different. Panel B reports similar tests for the differences
between our three groups. While assurance rates are increasing and statistically different
between all three groups, for Asset4 we only find statistically significant (at 10%) differences
between the top and the mid group and the top and low group. Panel C reports the correlation
coefficients between NINDEX, Asset4 and Assurance, which are all found to be strongly
positively correlated. We believe that these tests provide sufficient validation of our measure

of CSR reporting quality.

NINDEX validation
Panel A - mean and medians of ASSET4 and ASSURANCE per group

No CSR Report LOWNINDEX MIDNINDEX TOPNINDEX
ASSET4 47.65 83.70 *** 84.10 *** 87.18 ***
48.72 88.39 **+* 88.91 *** 91.25 ***
ASSURANCE (1) 0 0.27 *** 0.46 *** 0.69 ***
0 0 *k*k 0 *k*k 1 *k*k

Panel B - (statistical significance of) difference between mean and median of NINDEX groups

diff. MID-LOW diff. TOP-MID diff. TOP-LOW
ASSET4 0.40 3.08 * 3.48 *
0.52 2.34 * 2.86 *
ASSURANCE 0.19 *** 0.24 *** 0.43 ***
0 *kk 1 *kk 1 *Kkk

Panel C - Correlation matrix between NINDEX, Asset4 and ASSURANCE

NINDEX Assetd ASSURANCE
NINDEX 1.00
ASSET4 0.63 *** 1.00
ASSURANCE 0.34 *** 0.41 *** 1.00
Note * **and *** indicate statistically significant differences at the 10%, 5% and 1% levels,

respectively, between the NINDEX groups and the no reporting group (Panel A), between the
different groups (Panel B) or significant correlations (Panel C).

(1) ASSURANCE s an indicator for externally assured CSR information. Therefore, ARs by
definition were assigned 0.

Table 3: NINDEX validation
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3.4 Empirical model
To test our hypothesis that higher quality CSR reporting narratives is related to more accurate

earnings forecasts, we adapt the baseline model developed by Dhaliwal et al. (2012) as follows:

FERROR = a + B,TOPNINDEX + B,MIDNINDEX + B;LOWNINDEX +
B,ASSURANCE + BsEARNSUP + B4LOSS + B,LEV + BgFFIN + BoANAFOLLOW +
B1oFHORIZON + (11SIZE + y Year * Country + § Year * Industry + ¢ (2

As discussed above, FERROR denotes the average absolute forecast error scaled by the opening
share price. Our main variables of interest are TOPNINDEX, MIDNINDEX and LOWNINDEX,
indicator variables corresponding to whether a firm-year observation is included in the
respective group on the basis of its assigned NINDEX score, and thus the quality of its CSR
report. Dhaliwal et al. (2012) find that the issuance of non-financial information as measured
through the publication of a stand-alone CSR report reduces forecast errors. However, since
they did not differentiate between CSR reports of different quality we can only with confidence
predict a negative relation between FERROR and TOPNINDEX. If the findings of Dhaliwal et
al. (2012) were driven by very strong reductions in forecast errors for especially good CSR
reports, it could be possible to find movements in the opposite direction for average or low
quality CSR reports. We therefore make no prediction as to the relation between FERROR,
MIDNINDEX and LOWNINDEX. We also control for various additional variables, which
previous studies have shown to be significant determinants of FERROR. Appendix 9 contains
a description of each variable and its data source.

We use the gathered information on assurance statements (ASSURANCE) and include
an indicator variable to control for whether a firm has obtained separate external assurance for
its CSR report. Assurance is considered as a further legitimation of CSR work since it represents
an attempt to generate more credibility among stakeholders (Simnett, Vanstraelen & Chua
2009). Hence, the signalling effect of obtaining assurance concerning the quality of the CSR
information provided could imply that those forecasts improve more than those of CSR reports
that are not assured. However, Dhaliwal et al. (2012) find no support for this assertion.
Furthermore, since we have shown that our measure of CSR reporting quality is significantly
related to assurance, we expect that our measure also captures the quality signalling effect of
assurance. Therefore, we make no prediction as to the relation between FERROR and
ASSURANCE.
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It is more difficult to predict volatile earnings (Dichev & Tang 2009). Therefore,
following Hope (2003a) we include a variable measuring the percentage change in earnings for
the reported EPS compared to the prior year, EARNSUP. We expect EARNSUP to have a
positive relation with FERROR. Furthermore, Easterwood & Nutt (1999) show that analysts
tend to underreact to negative information, implying that it is likely that analysts incur greater
error when forecasting the EPS of negative earnings firms. We include a dummy variable LOSS
to capture this effect, and expect its coefficient to be positive.

The quality of the financial information provided by the company is likely to be another
major determinant of the accuracy of analyst forecasts. Following Dhaliwal et al. (2012), who
bases their measure on work performed by Bhattacharya, Daouk & Welker (2003), we create
an indicator measure for firm-level financial transparency, FFIN, that assumes 1 if the
company’s three-year average of absolute scaled accruals is higher than the country-industry-
year average, and O otherwise. This implies that companies with more opaque financial
statements receive a 1 for FFIN. We expect that financial analysts find it harder to forecast the
EPS of firms with more opaque financial reporting, and thus that FFIN is positively related to
FERROR.

In line with Lang & Lundholm (1996), we furthermore add control variables that account
for a firm’s overall information environment. Firm size (SIZE), approximated by the natural
logarithm of the opening balance of total assets, captures various factors related to the general
availability of information concerning the company. Therefore, we predict a negative relation
with FERROR. Additionally, we include leverage (LEV) as another indicator of information
availability, arguing that firms with higher leverage are more likely to release additional
information to fulfil the stringent information requirements of debtors (Ahmed & Courtis 1999).
We measure leverage by dividing total liabilities by total assets. For both SIZE and LEV we use
opening balances, assuming that choices regarding the amount of information supplied by a
company are primarily driven by its size and leverage at the beginning of the year. Since both
measures are an indication of the overall information environment, we predict a negative
relation with FERROR, arguing that firms with more information available can be forecasted
easier.

Lys & Soo (1995) suggest that as the number of analysts following a company increases,
analysts will enter into a competition to enhance the accuracy of their forecasts. Hence, we
include the average number of analysts following a company in a given year (ANAFOLLOW),
and expect a negative coefficient. Additionally, several studies find that the amount of time

between the date that a forecast is published and the reporting date of the actual is significantly
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positively related to forecast accuracy, since more information regarding the annual
profitability of a firm has become known as the year progresses (Garcia-Meca & Sanchez-
Ballesta 2006). Hence, we include forecast horizon (FHORIZON) measuring the average
(negative) number of days between the date that forecasts and the actual are issued, and expect
a negative relation with FERROR.

Contrary to the findings presented by Hope (2003b), we neither control for cultural
differences between the countries in our sample, nor for the fact that CSR reporting is
mandatory in some countries (most notably Denmark) but not all. We do so for two reasons:
first, we partly aim to overcome the effect of cultural differences by selecting countries that are
deemed to be relatively similar. More importantly, however, is that our chosen statistical
method, a fixed effects panel regression (described in more detail in section 4.5.2), is designed
to eliminate the effect of time-invariant fixed effects that could potentially drive observed
differences between companies. Since we do not expect cultural dimensions to change
considerably over the three year period considered in this study, and because no country has
instituted nor abolished mandatory CSR reporting during the period, we did not include controls

for these variables in our regressions.

4 Empirical Results
4.1 Descriptive statistics
In Table 4 - Panel A we report descriptive statistics for the three NINDEX groups versus the
group of firms that do not publish CSR reports. Following Dhaliwal et al. (2012), we winsorise
FERROR at 1% to ensure that our results are not driven by extreme values.?> We also winsorise
EARNSUP at 5% due to the large variation that is allowed by the construction of this variable
and SIZE at 1% since financial institutions can reach very high levels of total assets.?®

The average forecast error is 7.23% for the non-CSR reporters and 2.85%, 1.94% and
1.50% for the low, mid and top NINDEX groups, respectively. We observe that CSR reporters
are different from non-reporters on nearly all factors included in the analysis. Specifically, CSR
reporters are less likely to publish negative earnings (LOSS), seem to have less opaque financial
statements (FFIN) and are typically followed by more financial analysts than non-reporters.
The latter finding is congruent with the survey by KPMG (2015), which found that CSR

25 We apply winsorising instead of deleting as the method of outlier treatment, since we want to avoid losing
additional data points within the already small NINDEX groups, thereby reducing the sample of included CSR
reports even further.

% \We winsorise within the regression sample, implying that we separately winsorise the data depending on the
number of observations included in the data set of the respective regression model.
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reporting is most prevalent among large companies, but drops off sharply once N250 companies
are considered. A table comparing all CSR reporting firms (i.e. including those with CSR
reports rejected by Wmatrix) to those only publishing ARs is provided in Appendix 10. The
general tenor of those statistics is similar to the one reported above.

Table 4 - Panel B shows statistical differences between the means and medians of the
research variables and the three groups of CSR reporters. Although FERROR is not found to be
statistically different across the three groups, we interpret the general decline as an indication
that our hypothesis is correctly specified. Companies in either group appear to be similar across
most other control variables except for SIZE, indicating that larger companies generally write
better reports.

Appendix 11 — Panel A, B and C provide descriptive statistics of the forecast error by
country, industry and year, respectively. With 3.30% the Netherlands has a notably lower
average forecast error than the average of all observations, while analysts found it most difficult
to forecast the profits of companies listed in Norway, where forecasts were made with on
average a 9.75% error. The high forecast errors in Norway are partly explained after inspecting
industry averages, as forecast errors in the sector Oil & Gas are among the largest, averaging
14.21%. We do not find this surprising given the turmoil that has hit the fossil fuel markets in
recent years. Forecast errors in the Telecommunication and Utilities sectors are lower than the
average at 2.21% and 3.61%, respectively. We have no clear explanation for this observation,
although the small number of observations included in these sectors implies that averages could
be driven by extreme values. This seems especially likely within the Utilities industry, since
the median observed forecast error is much closer to the overall median. Finally, forecast errors
are notably lower for the years 2013 and 2014 compared to 2012. In 2014, this is possibly the
result of our sample selection, as companies that had not reported their annual results for 2015

at the time that this study was conducted are excluded.
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Descriptive statistics of the final sample

Panel A - mean and median of variables per group

FERROR

NINDEX (1)

ASSURANCE (2)

EARNSUP

LOSS

LEV

FFIN

SIZE

ANAFOLLOW

FHORIZON

Note

Panel B - difference mean and median for reporting grouy

no CSR report LOWNINDEX MIDNINDEX TOPNINDEX All diff. MID-LOW diff. TOP-MID diff. TOP-LOW
0.0723 0.0285 *** 0.0194 *** 0.0150 *** 0.0661 -0.0091 -0.0044 -0.0135
0.0230 0.0057 *** 0.0069 *** 0.0060 *** 0.0196 0.0012 -0.0009 0.0003
0 372 606 833
0 399 606 805
0 0.27 0.46 0.69 0.06 0.19 *** 0.23 *** 0.42 ***
0 0 O 1 0 O *kk 1 k)% 1 *k*k
0.76 0.30 ** 0.50 * 0.37 ** 0.72 0.20 -0.13 0.07
0.31 0.17 *** 0.21 ** 0.16 ** 0.29 0.04 -0.05 -0.01
0.29 0.07 *** 0.1 *** 0.12 **+* 0.27 0.03 0.02 0.05
0 0 *kk O *kk O *k*k 0 O O 0
0.53 0.55 0.62 *** 0.65 *** 0.54 0.07 *** 0.03 0.1 ***
0.53 0.58 0.61 *** 0.68 *** 0.54 0.08 ** 0.07 0.10 ***
0.44 0.29 *** 0.33 *** 0.21 *** 0.42 0.04 -0.12 * -0.08
0 0 **% o **k*k O **k*k 0 o O * 0
12.24 14.83 *** 15.41 *** 16.35 *** 12.63 0.61 ** 0.96 *** 1.57 ***
12.13 15.02 *** 15.21 **+* 16.34 *** 12.46 019 * 1.13 *** 1.32 ***
4.34 15.95 *** 15.69 *** 18.32 *** 5.78 -0.26 2.63 * 2.37
2.00 14 = 13 = 18 *** 3 -1 5 ** 4
-178.47 -183.92 -184.28 *** -183.76 -179.14 -0.37 -0.52 0.15
-180 -187 *** -187 *** -183 -181 0 4 ** 4 **
2221 75 151 75 2522

In panel A, * ** *** indicate whether the reported mean or medians are statistically different from between the different groups and the no reporting group at the 10%,5% and 1%
confidence level, respectively.

In panel B, *,** *** indicate whether the reported mean or medians are statistically different from between the groups at the 10%, 5% and 1% level confidence, respectively.

(1) Tests and totals are not reported since nindexwas defined to 0 for non-reporters, and devided over the three groups on the basis of rank.
(2) Tests and totals are non-informative since annual reports have no CSR report by by definition.

Table 4: Descriptive statistics of the final sample
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4.2 Univariate results

Univariate correlations are reported in Table 5 (Pearson) and Table 6 (Spearman).?” Consistent
with our hypothesis, NINDEX is statistically negatively correlated with FERROR, indicating
that forecast errors for companies with higher quality CSR reporting, as defined in this study,
appear to be lower. Additionally, all three groups show negative and significant correlations
with FERROR. The Pearson correlation is found to be larger for the TOPNINDEX and
MIDNINDEX groups than for firms within LOWNINDEX, providing further indication that our
hypothesis is reasonable. Of the control variables, LOSS has the largest correlation with
FERROR, which is consistent with the notion that analysts are generally too optimistic in their
forecasts of negative earnings firms (Hwang, Jan & Basu 1996). Additionally, ANAFOLLOW
is strongly negatively correlated to FERROR, providing support for the suggestion that analysts
engage in an ‘accuracy competition’.

However, we note that many of the control variables are significantly correlated with each
other and with the variables of interest, which might raise concerns regarding multicollinearity.
Specifically, ANAFOLLOW and SIZE are strongly correlated with a co-movement coefficient
of 0.70 (Pearson). This is congruent with the findings of Bhushan (1989) and seems intuitive:
larger companies attract more analyst interest.?® Given the negative correlation between both
variables and FERROR it appears that the variables measure similar constructs concerning the
information environment surrounding the company. None of the relevant absolute correlation
coefficients are estimated to be above 0.8, which is sometimes suggested as an upper limit.
Furthermore, only a very limited number of the correlation coefficients between control
variables are found to be above (absolute) 0.5. We hence believe that our regression does not

suffer from severe multicollinearity problems.

27 The difference between the estimated Pearson and Spearman correlation coefficients lies primarily in whether
the relationship between the variables is assumed to be linear (Pearson) or non-linear (Spearman). Furthermore,
the Spearman correlation is usually employed when evaluating ordinal (ranked) data, which is especially relevant
for our NINDEX variable.

28 Bhushan (1989) measure SIZE as market value instead of total assets. Defining SIZE in similar terms, we find a
correlation coefficient of 0.60 with ANAFOLLOW (untabulated).
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Pearson correlation matrix

TOP MID LOW CSR ASSUR EARN ANA FHOR

FERROR NINDEX NINDEX NINDEX NINDEX REPORT ANCE SUP LOSS LEV FFIN FOLLOW  IZON SIZE
FERROR 1.00
TOPNINDEX (1) -0.06 1.00
MIDNINDEX (1) -0.08 -0.04 1.00
LOWNINDEX (1) -0.04 -0.03 -0.04 1.00
NINDEX (1) -0.11 0.65 0.66 0.26 1.00
CSRREPORT (1) -0.11 0.48 0.69 0.48 0.95 1.00
ASSURANCE -0.08 0.49 0.44 0.16 0.71 0.66 1.00
EARNSUP 0.12 -0.04 -0.03 -0.05 -0.06 -0.07 -0.05 1.00
LOSS 0.32 -0.06 -0.10 -0.08 -0.13 -0.14 -0.10 0.09 1.00
LEV 0.07 0.07 0.08 0.01 0.11 0.10 0.09 -0.02 -0.05 1.00
FFIN 0.11 -0.07 -0.05 -0.05 -0.10 -0.10 -0.08 0.03 0.15 -0.02 1.00
ANAFOLLOW -0.17 0.31 0.35 0.25 0.54 0.55 0.50 -0.06 -0.17 0.13 -0.16 1.00
FHORIZON -0.09 -0.02 -0.03 -0.02 -0.04 -0.04 -0.03 -0.01 0.02 0.04 0.03 -0.03 1.00
SIZE -0.15 0.29 0.31 0.17 0.47 0.47 0.42 -0.02 -0.30 0.31 -0.30 0.70 -0.05 1.00
Note In the correlation matrix, coefficients reported in bold indicate significance at the 5%-level.

(1) Correlation coefficients between TOP -, MID -, LOWNINDEX, NINDEX and CSRREPORT are irrelevant because their construction is dependent on each other.

Table 5: Pearson correlation matrix
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Spearman correlation matrix

TOP MID LOW CSR ASSUR EARN ANA FHOR
FERROR NINDEX NINDEX NINDEX NINDEX REPORT ANCE SUP LOSS LEV FFIN FOLLOW  1ZON SIZE

FERROR 1.00

TOPNINDEX (1) -0.10 1.00

MIDNINDEX (1) -0.17 -0.04 1.00

LOWNINDEX (1) -0.14 -0.03 -0.04 1.00

NINDEX (1) -0.25 0.52 -0.68 0.43 1.00

CSRREPORT (1) -0.25 0.48 0.69 0.48 1.00 1.00

ASSURANCE -0.20 0.49 0.44 0.16 0.68 0.66 1.00

EARNSUP 0.17 -0.03 -0.04 -0.05 -0.07 -0.08 -0.05 1.00

LOSS 0.48 -0.06 -0.09 -0.08 -0.14 -0.14 -0.10 -0.01 1.00

LEV 0.01 0.09 0.10 0.02 0.13 0.13 0.13 -0.03 -0.09 1.00

FFIN 0.17 -0.07 -0.05 -0.05 -0.10 -0.10 -0.08 0.04 0.15 -0.06 1.00

ANAFOLLOW -0.41 0.22 0.29 0.20 0.43 0.43 0.33 -0.04 -0.20 0.18 -0.19 1.00
FHORIZON 0.01 -0.02 -0.09 -0.05 -0.10 -0.10 -0.05 -0.03 0.05 -0.03 0.03 -0.08 1.00
SIZE -0.31 0.23 0.28 0.18 0.42 0.42 0.34 -0.01 -0.30 0.43 -0.30 0.72 -0.11 1.00
Note In the correlation matrix, coefficients reported in bold indicate significance at the 5%-level.

(1) Correlation coefficients between TOP -, MID -, LOWNINDEX, NINDEX and CSRREPORT are irrelevant because their construction is dependent on each other.

Table 6: Spearman correlation matrix
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4.3 Regression results: indicative evidence that quality matters

Table 7, Model | reports the regression results to test our hypothesis, which stipulates our
expectation to observe that improved CSR reporting quality has a larger effect on analyst
forecast accuracy (FERROR). We employ a panel regression model including country-year and
industry-year fixed effects to adjust for the observed differences in forecast error among
different industries and countries over time.?° Following the suggestions made by Gow,
Ormazabal & Taylor (2010) we use cluster-robust standard errors at the firm level in order to
mitigate problems concerning heteroscedasticity. Country-year and industry-year estimates are
not reported since the coefficients are meaningless under the fixed effect model regression
assumptions. We do not exclude insignificant control variables to allow for comparison to
similar studies.

Compared to our treatment group of companies that do not report CSR information, we
find that all three CSR reporting groups show negative estimated coefficients with forecast
error. Furthermore, the estimates decrease in size from the top to the low group, consistent with
our hypothesis. Companies included in the highest NINDEX bracket on average have a 4.53%
lower forecast error than non-CSR reporters. However, this estimate is not significant at the
10% confidence level. The mid group shows a negative coefficient corresponding to a 4.09%
reduction compared to non-CSR reporters, which is significant at the 10% level. Finally,
companies that produce low quality CSR reports have an average forecast error that is 2.95%
lower than those that publish only ARs, which is almost significant at the 10% confidence level.

Model Il reports a very similar regression, but instead includes the continuous NINDEX
score as opposed to the three reporting groups. Again, the sign is negative, in line with
expectations, and the coefficient indicates that increasing NINDEX by 1 would result in a
0.007% increase in forecast accuracy. To put that into perspective, note that total scores
fluctuate between 0 and 1043. However, this relation is also only very weakly significant with
a t-statistic of -1.50 (p-value of 0.133). Estimates for the control variables are found to be very
similar to those reporting in Model I. Taken together, we interpret the results of Model 1 and Il
as providing indicative evidence that our hypothesis holds some truth. Furthermore, we believe
that the significance observed for MIDNINDEX compared to the top and low brackets is at least
partly the result of the higher number of observations (151) that are included in MIDNINDEX.

29 We acknowledge that controlling for firm-fixed effects would have been most appropriate (Amir et al. 2015).
However, this would imply inserting 1 065 indicators representing each firm in our sample, which unfortunately
is not allowed by the statistical software available to the researchers. Nevertheless, controlling for industry and
country fixed effects is an established method in empirical accounting research (Gormley & Matsa 2014).
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The r-square is relatively low at 7.59% indicating that there are many additional variables
that explain forecast error, but it is in line with previous research (Hope 2003a, Dhaliwal et al.
2012). Nevertheless, we have identified several factors that significantly contribute to
explaining the observed forecast errors. Most notably, it appears to be the case that financial
analysts find it difficult to forecast the profits of loss making firms, which on average increases
the forecast error by 4.08%. Additionally, the number of analysts is strongly negatively related
to forecast error, as the error reduces by 0.53% for every additional analyst. Although this
appears small, note that large companies typically have more than 20 analysts following them.
Interestingly enough, the results show that SIZE is not significantly related to FERROR, which
contradicts earlier studies (Lang & Lundholm 1996, Hope 2003a). We believe that this result is
due to the very strong correlation between SIZE and ANAFOLLOW, indicating that they might
measure the same underlying construct. We confirm this assertion by re-estimating the
regression without SIZE (untabulated), and find the estimates to deviate only marginally from
the ones reported above. Similar to Dhaliwal et al. (2012), ASSURANCE is insignificant, while
our findings concerning FFIN contradict those reported by the authors. LEV has a positive sign
while we expected a negative one, implying that more leverage might be related to higher
FERROR. Despite being insignificant, we believe that the positive sign indicates that the
earnings of riskier firms, as measured by leverage, are more difficult to forecast.

We also estimate the model employed by Dhaliwal et al. (2012), which only includes an
indicator variable for whether or not a CSR report exists. The respective regression estimates
are reported in Model Il of Table 7. We increase the sample to also include firm-year
observations with non-working CSR reports, in order to replicate Dhaliwal et al. (2012) as
accurately as possible.3® We continue to exclude IRs from the regression since we believe that
the consolidated nature of Integrated Reports implies that they fall neither in the AR nor the
stand-alone CSR category. Although Dhaliwal et al. (2012) did not do so, we believe this is due
to the fact that Integrated Reporting was not officially established as a reporting style in 2007,
which is the last year included in their sample. In line with the findings in that study, we identify
a significant (at 10% confidence level) negative coefficient indicating that on average, firms
that publish CSR reports have a 2.46% lower forecast error compared to firms that only publish
annual reports. This finding reinforces the confidence that our model is specified correctly and
that our results are indicative of the real underlying relationship between the quality of CSR

%0 Estimating the regression using only the primary sample (not reported) produces very similar results.
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reporting and forecast errors made by financial analysts. The coefficient estimates and standard
errors of the included control variables are similar to those reported in Model I and 11.

Comprehensive model: Panel specification

Dependent variable Pred. [ 1 11
TOPNINDEX - -0.0453
(-1.30)
MIDNINDEX ? -0.0409 *
(-1.72)
LOWNINDEX ? -0.0295
(-1.60)
NINDEX - -0.00007
(-1.50)
CSRREPORT - -0.0246 *
(-1.82)
ASSURANCE ? -0.0123 -0.0087 -0.0317
(-0.48) (-0.38) (-1.25)
EARNSUP + 0.0073 ** 0.0073 ** 0.0056 **
(2.50) (2.49) (2.11)
LOSS + 0.0408 *** 0.0408 *** 0.0436 ***
(3.50) (3.50) (3.85)
LEV - 0.0167 0.0166 0.0107
(1.26) (1.25) (0.87)
FFIN + -0.0034 -0.0033 -0.0037
(-0.38) (-0.38) (-0.47)
ANAFOLLOW - -0.0053 *** -0.0053 *** -0.0040 ***
(-3.33) (-3.32) (-3.02)
FHORIZON - -0.0004 *** -0.0004 *** -0.0004 ***
(-2.86) (-2.86) (-2.98)
SIZE - -0.0163 -0.0164 -0.0086
(-1.09) (-1.09) (-0.61)
Intercept 0.2161 0.2168 0.1246
(1.15) (1.16) (0.69)
Year and Industry fixed effects YES YES YES
Year and Country fixed effects YES YES YES
Number of Observations 2 522 2522 2818
Number of Firms 1 065 1065 1115
R? 0.0759 0.0761 0.0722
Note Dependent variable FERROR ; values in brackets indicate t-statistics.

*,** and *** indicate statistical significance of estimated regression
coefficients at the 10%, 5% and 1% confidence level, respectively.

Table 7: Comprehensive model - Panel specification
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4.4  Additional analysis: individual components of NINDEX
Having established that the data provides indicative evidence for the assertion that better quality
CSR reporting narratives allow financial analysts to make more accurate profit forecasts, an
interesting question remains if there are specific characteristics of quality that are especially
welcomed by analysts. To investigate which of the four aspects of narrative disclosure quality
that were suggested by previous research is most relevant in the context of CSR reporting, we
estimate five additional regressions: one which contains a CSR report’s separate index in all
categories (as opposed to combining them into one NINDEX), and four regressions in which
only the index for one category is included. We believe that it is less informative to again divide
the reports into three groups due to the linear increase in the score of each separate component,
and hence refrain from doing s0.%! Since all four aspects are indicators of reporting quality and
we expect to observe falling forecast error along increasing quality, we predict negative
coefficients for all four variables. The findings are presented in Table 8.

Model IV presents the regression which includes all four aspects of quality individually.
Both FWDINFO and LENGTH are found to be negatively related to FERROR, even when
controlling for other measures of reporting quality. Of the four NINDEX constituents,
FWDINFO seems to be the most relevant aspect, reducing forecast error by 0.02% for every
increase in the within-sample rank of our 301 working CSR reports. Given that financial
analysts attempt to predict events that happen in the future, we are not surprised that they find
forward-looking indicators most useful in refining their estimates. Furthermore, sustainability
issues are generally thought of as long-term challenges, and in such a context it is plausible that
forward-looking information is considered most useful. Although the estimated coefficient
confirms our argument that longer reports are likely to contain more useful information for
analysts, the weak statistical significance prohibits us from drawing a definite conclusion.

Over and above the other two aspects, more READABILITY and less OPTIMISM seem to
contribute little to increasing the ability of financial analysts to predict future earnings. With
regards to READABILITY, these results contradict the findings presented by Lehavy, Li &
Merkley (2011), who investigated the effect of readability on forecast accuracy in the context
of annual reports. We contend that this difference might arise because CSR reports are usually
written for a greater audience than just financial analysts, which are the primary users of

financial information. To be able to cater to this more diverse group of readers, CSR reports

31 We realise, however, that this specification implies imposing an incremental linear relationship between
increases in quality for each constituent of quality and FERROR, for which we have no direct theoretical support.
Nevertheless, we believe that this is more informative than again splitting each variable into three indicator groups.
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might in general score better on readability measures than financial reports. This implies that
increased readability of CSR reports will not necessarily allow more analysts to correctly
understand the information contained within the report, because most analysts are already able
to interpret the information. With respect to OPTIMISM, the results indicate that more ‘honesty’
(as a higher OPTIMISM rank results from relatively more negative words compared to positive
words, scaled by total words) does not appear to enable analysts to make more accurate
forecasts. Insofar that ASSURANCE is also a measure of honesty, these insignificant findings
are in line with the findings regarding ASSURANCE presented earlier. Synthesising the findings
from model 1V, it appears that especially additional forward-looking CSR information is
relevant for financial analysts. On the other hand, higher readability and less optimistic
disclosures seem to be less so.

Model Va to Vd depict the regressions when including only one aspect of quality at a
time. We find that all aspects by themselves are negatively related to FERROR, although only
FWDINFO and LENGTH are statistically significant. We believe that these findings suggest
that even though including the four characteristics in one regression indicate that
READABILITY and OPTIMISM do not provide additional explanatory power, they are
nevertheless important aspects of reporting quality. Furthermore, since the quality of a report
is irreversibly a combination of all aspects included in that report, we still argue that one
aggregate measure is most appropriate when evaluating the effect of CSR reporting quality on

analyst forecast accuracy.
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Comprehensive model: NINDEX Constituents - Panel specification

Dependent variable Pred. v Va Vb \ vd
FWDINFO - -0.00019 * -0.00021 *
(-1.79) (-1.72)
LENGTH - -0.00009 -0.00017 *
(-1.14) (-1.75)
READABILITY - 0.000003 -0.00014
(0.03) (-1.20)
OPTIMISM - 0.000001 -0.00011
(0.01) (-0.90)
ASSURANCE ? -0.0146 -0.0228 -0.0105 -0.0203 -0.0164
(-0.57) (-0.78) (-0.38) (-0.75) (-0.61)
EARNSUP + 0.0073 ** 0.0073 ** 0.0074 ** 0.0073 ** 0.0074 **
(2.50) (2.51) (2.51) (2.50) (2.51)
LOSS + 0.0407 *** 0.0407 *** 0.0405 *** 0.0408 *** 0.0407 ***
(3.48) (3.49) (3.47) (3.50) (3.49)
LEV - 0.0165 0.0164 0.0167 0.0166 0.0167
(1.24) (1.249) (1.26) (1.25) (1.26)
FFIN + -0.0308 -0.0031 -0.0030 -0.0033 -0.0033
(-0.34) (-0.35) (-0.34) (-0.37) (-0.37)
ANAFOLLOW - -0.0053 *** -0.0053 *** -0.0055 *** -0.0054 *** -0.0054 ***
(-3.30) (-3.32) (-3.44) (-3.38) (-3.40)
FHORIZON - -0.0004 *** -0.0004 *** -0.0004 *** -0.0004 *** -0.0004 ***
(-2.86) (-2.86) (-2.86) (-2.86) (-2.86)
SIZE - -0.0138 -0.0164 -0.0163 -0.0164 -0.0162
(-1.09) (-1.09) (-1.09) (-1.10) (-1.08)
Intercept 0.2177 0.2171 0.2157 0.2166 0.2134
(1.16) (1.16) (1.15) (1.16) (1.14)
Year and Industry fixed effects YES YES YES YES YES
Year and Country fixed effects YES YES YES YES YES
Number of Observations 2522 2522 2522 2522 2522
Number of Firms 1065 1 065 1 065 1065 1065
R? 0.0766 0.0764 0.0753 0.0753 0.0751
Note Dependent variable FERROR ; values in brackets indicate t-statistics.

*, ** and *** indicate statistical significance of estimated regression coefficients at the 10%, 5%
and 1% confidence level, respectively.

Table 8: Comprehensive model: NINDEX constituents — Panel specification

4.5 Robustness tests

4.5.1 Testing of model assumptions

Although we are convinced that our data is best described using a fixed effects regression, since
it is likely that firm level data on forecast errors is not independently and identically distributed
over time or within industries and countries, we also acknowledge that our data set has

limitations. Most importantly, our panel is unbalanced with the average number of observations
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per company being only 2.4, which is mainly due to the fact that 18% of the sample firms only
have one observation (untabulated). Hence, we test various assumptions underlying our model.

First, we determine whether a random effects regression would be more suitable. This
model is preferred because it is more efficient and produces unbiased slope estimators when
the researcher can argue that there is no correlation between the unobserved and observed
variables, but suffers from unobserved heterogeneity if this assumption proves to be false
(Wooldridge 2010). We conduct a Hausman test (untabulated) and find that there is very strong
evidence in favour of using a fixed effects model under the current specification of the model.

We also test the assumption that the error term has constant variance across all
observations, i.e. that it is homoscedastic. We apply the test developed by Breusch & Pagan
(1979) to test for linear heteroscedasticity and find that there is strong evidence for this assertion
(untabulated). Assuming our model is correctly specified otherwise, this indicates that failing
to adjust for heteroscedasticity could result in inefficient estimates of the standard errors. We
realise that the generalised test for homoscedasticity devised by White (1980) would be more
appropriate because we have no hypothesis about the form of heteroscedasticity that might be
present in our data.> However, since the Breusch-Pagan test is in effect a special case of
White’s test, we believe that the outcome of this test provides sufficient evidence that the
variance of the error term is not homoscedastic. To overcome this problem, we estimate all our

models by clustering standard errors at firm level.

4.5.2 Robustness test: OLS model specification

An additional robustness test is performed by estimating our model under the OLS statistical
specification rather than controlling for fixed effects. OLS regression requires that estimation
errors are independently and identically distributed across all observations. In this setting that
would imply assuming that analysts reset their profit expectations each year and actual profits
are also unrelated across years. In the face of extant literature evaluating ‘earnings smoothing’
by especially larger companies (see for example Bartov (1993)), we believe that such an
assertion is unlikely to hold true. Nevertheless, the resulting auto-correlation problem is likely
to be limited within our sample, as the time dimension of our model is rather small (three years)

compared to the number of unique companies (1 065). We test this assumption by performing

32 Actually, we were unable to perform White’s test because its generalised nature requires it to create k(k+1)/2
regressors, which, due to the country-year and industry-year fixed effects in our model, exceeds the maximum
number of regressors allowed by the version of Stata available to the researchers.
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a test for auto-correlation devised by Wooldridge (2010), and find that no strong auto-
correlation is present in our data set (untabulated).

Note that although we use identical variables to facilitate comparison between the OLS
and the fixed effects estimations, the procedure is in fact quite different. In an OLS specification
dummies are inserted in the model to absorb country-year or industry-year effects, assuming
that the underlying OLS assumptions hold true. As such, the researcher assumes that there is
one ‘solution’ with a true intercept and consistent estimates for the coefficients and standard
errors for the dummy variables that the researcher has included. When estimating a fixed effects
model, on the other hand, the researcher assumes that there are unobservable individual-specific
(in our case, industry-year and country-year) effects which are likely to be correlated with both
the dependent and independent variables included in the model specification.®® To erase these
effects the researcher applies a ‘demeaning’ approach which involves subtracting the mean of
all observations for a particular firm. Intercepts and the coefficient estimates for the fixed
effects that the researcher wants to control for are estimated for each firm separately while
optimising for a constant regression coefficient, and the utilised software package provides the
average estimated constant and regression coefficients of all individual fixed effects estimators
of all firms. As a result, the reported regression coefficients of the fixed effects that the
researcher wants to control for are meaningless and the estimated coefficients of all variables
differ from those estimated under the OLS procedure. However, the estimations no longer suffer
from unobservable individual-specific effects that might drive the results found under an OLS
specification. The OLS regression results are presented in Table 9.

Generally, specifying the model as an OLS has a large impact on the coefficient estimates
and standard errors, implying that it is likely that there are unobservable individual specific
effects that are correlated with both FERROR as well as the included control variables. The
coefficient estimates for TOPNINDEX, MIDNINDEX and LOWNINDEX decrease in
magnitude, with forecast errors for reports within the lowest bracket now actually receiving a
positive rather than a negative sign, albeit not being statistically significant. Compared to our
first model, MIDNINDEX is even more significantly negatively related to FERROR, and the
size of the estimate is marginally larger than the one reported for TOPNINDEX. The continuous
NINDEX is again estimated to be negatively related to FERROR, albeit less strongly and still
insignificant. Interestingly, we find that the indicator variable for publishing a CSR report is no

longer significant, thus casting some doubt on the specification of the model. In sum, however,

33 Examples could be oil price shocks affecting primarily companies operating in the Oil & Gas industry or the
outcome of general elections in a particular country.
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we interpret these results as additional support for our hypothesis, namely that better quality

CSR reports enable analysts to make more accurate profit forecasts.

Comprehensive model: OLS specification

Dependent variable Pred. I 1 i
TOPNINDEX - -0.0158
(-1.54)
MIDNINDEX ? -0.0166 *
(-1.95)
LOWNINDEX ? 0.0160
(0.99)
NINDEX - -0.00002
(-1.24)
CSRREPORT - -0.0100
(-1.43)
ASSURANCE ? 0.0280 *** 0.0264 *** 0.0156 **
(3.02) (2.67) (2.29)
EARNSUP + 0.0087 *** 0.0087 *** 0.0070 ***
(3.19) (3.13) (2.76)
LOSS + 0.0939 *** 0.0939 *** 0.0925 ***
(8.72) (8.72) (9.52)
LEV - 0.0568 ** 0.0566 ** 0.0533 **
(2.50) (2.49) (2.65)
FFIN + 0.0150 ** 0.0149 ** 0.0124 **
(2.20) (2.18) (2.11)
ANAFOLLOW - -0.0029 *** -0.0028 *** -0.0023 ***
(-4.18) (-4.15) (-4.10)
FHORIZON - -0.0004 *** -0.0004 *** -0.0004 ***
(-3.72) (-3.72) (-3.86)
SIZE - -0.0009 -0.0010 -0.0017
(-0.28) (-0.31) (-0.64)
Intercept 0.0158 0.0162 0.0440
(0.27) (0.28) (1.01)
Year and Industry fixed effects YES YES YES
Year and Country fixed effects YES YES YES
Number of Observations 2522 2 522 2818
Number of Firms 1065 1065 1115
R? 0.1817 0.1809 0.1925

Note

Dependent variable FERROR; values in brackets indicate t-statistics.
* ** and *** indicate statistical significance of estimated regression
coefficients at the 10%, 5% and 1% confidence level, respectively.

Table 9: Comprehensive model - OLS specification



Changing the specification of the model has a noticeable effect on several other variables. The
impact is especially large on ASSURANCE, which becomes positive at 2.80% and statistically
significant. This might indicate that firms seek to emphasise the credibility of their CSR reports
in times of higher earnings volatility (which Dichev & Tang (2009) show to be negatively
related to forecast accuracy), in turn requiring them to attract additional equity investment,
which Cheng, Green & Ko (2014) found to be easier for firms with assured CSR reports.
Additionally, both LEV and FFIN are now significant and appear to increase forecast errors,
which was expected for FFIN but nor for LEV. As described above, the latter might indicate
that analysts do not benefit from a better information environment for more levered firms but
rather find it more difficult to forecast riskier firms. These additional significant variables
contribute to lifting the overall explanatory power of the model, resulting in an r-square of
18.17%.

5 Limitations
5.1 Self-selection
We realise that our variable of interest, NINDEX, suffers from self-selection bias as it can only
be constructed for firms that actually publish CSR reports, thus possibly leading us to draw
incorrect conclusions regarding the relationship between forecast accuracy and CSR reporting
quality. The decision to publish a voluntary CSR report is unlikely to be random, but instead a
function of factors such as size, industry and measures of public scrutiny (Holder-Webb et al.
2009). Additionally, Dhaliwal et al. (2012) hypothesise that firms with generally good financial
reporting might also be more likely to report on social and environmental issues. We aim to
control for this self-selection problem by including control variables that capture several of
these determinants, such as FFIN, SIZE and INDUSTRY. Yet, a more appropriate procedure to
control for selection bias would be to employ the two-stage regression suggested by Heckman
(1979), which includes estimating the so called inverse Mills ratio using a probit model as the
first stage. However, we have opted not to undertake this endeavour due to a lack of resources
and time constraints, seeing it would have involved obtaining several additional and hard to
measure factors that could explain the decision to publish CSR reports.

Furthermore, selection bias is also apparent in the construction of our dependent variable,
since forecast errors are only available for those firms that are followed by analysts, and whether
a firm is followed or not is unlikely to be random. In fact, Bhushan (1989) shows that the

decision of analysts to follow a company is driven by various factors, including ownership
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structure and firm size. Although it is not possible to eliminate this bias, we aim to minimise it
by not excluding any company for which IBES has forecasts available. This involved manually
checking whether control variables were available via different sources when there were

reported as missing by either Datastream or IBES.

5.2 Controlling for the quality of financial report narratives

The quality of annual report disclosures has been shown to be linked to forecast accuracy (Lang
& Lundholm 1996, Hope 2003a). Furthermore, it is possible that the quality of CSR reports and
financial reports is interlinked. Hence, to avoid the risk that studying how the quality of CSR
reports affects forecast accuracy of financial analysts is in fact a proxy for studying how the
quality of annual reports affects those forecasts, it seems appropriate to control for the quality
of annual reports. In line with previous researchers, we attempt to do so by including the control
variable FFIN to capture the opacity of a firm’s reported financials. However, we acknowledge
that the FFIN measure does not provide information on the quality of narratives included in
financial reports. One approach to filtering out the effect of financial report narratives on analyst
forecast accuracy could have been to create similar firm-year NINDEX scores for the quality of
narratives in financial reports, and subsequently include those scores as controls in our
regressions. We have decided not to follow this approach because we deemed it to be outside
the scope of this study due to the required additional investment in time and resources.
Furthermore, we did not want to risk losing additional observations if they could not be

processed by our analysis tool.

5.3 Sample selection bias
We observe further restrictions concerning our data set with regards to the exclusion of certain
observations. As indicated in section 3.2.2, we collect around 15% less observations for 2014,
as the respective firms did not publish their financial year 2015 earnings per share at the time
that the data collection process for this study was finalised. Close inspection of the data in
Exhibit 2 — Panel A reveals that especially German and Swedish firms publishing only financial
reports did not report their actuals before our cut-off date. This has some effect on the nature of
our dataset and contributes to an unbalanced panel. Additionally, if it were primarily smaller
companies that publish their financial reports after April 1% 2016, the observed average for
FERROR could be overstated since we found that FERROR is negatively related to SIZE.

We lose a significant number of firm-year observations in which CSR reports were

published since they could not be analysed by Wmatrix. If the firm-year observations excluded
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were significantly different from those relating to CSR reports that remained in our sample, our
study could suffer from additional sample selection bias. Therefore, we analyse the
characteristics of companies that publish working and not working reports. As outlined in Table
10 we find that the average and median FERROR, Asset4 score, ASSURANCE and SIZE all
differ significantly between firms that publish working and non-working reports.3* We hence
need to conclude that our sample of working CSR reports, which serves as the basis for the
construction of NINDEX, is potentially biased towards better reports because they are issued by
firms with better CSR performance and are more likely to be assured. Furthermore, the excluded
firm-year observations appear to relate to smaller firms with higher forecast error than those
that belong to included CSR reports. These differences limit the meaningfulness of NINDEX
and the subsequent interpretation, since our sample is probably not random. However, assuming
that the relation between reporting quality, Asset4 scores and assurance that we found in our
working sample also holds for the total sample, we can infer that the non-working reports are
likely to have been included in the lower or middle brackets. Hence, this would imply that the
difference between the top, middle and lower group of reports would be even bigger than

currently observed.

Difference firm-year obs for working and non-working CSR reports
Median in italics

no NINDEX NINDEX diff.
# of CSR Reports 296 301
FERROR 0.0326 0.0201 -0.0125 **
0.0095 0.0061 -0.0034 ***
ASSET4 75.10 84.88 9.7819 ***
85.66 89.23 3.5675 ***
SIZE 14.81 15.53 0.7129 ***
14.60 15.39 0.7868 ***
ASSURANCE 0.28 0.47 0.1880 ***
0 0 0 **kk
Note ** or *** indicate statistical difference between the mean
and median values for both groups at the 5% or 1% level,
respectively.

Table 10: Difference firm-year obs for working and non-working CSR reports

3 Untabulated results furthermore showed that the excluded firm-year observations are not perfectly randomly
distributed over the years, countries and industries.
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5.4  Controlling for the information context and CSR performance

We would like to stress that the measure of CSR reporting quality that we construct is related
specifically to the narratives included in those reports, i.e. written text. This implies for example
that the presence of graphs in CSR reports is completely ignored. Insofar that graphs included
in CSR reports contain similar useful information to those included in annual reports (DeSanctis
& Jarvenpaa 1989) and those graphs are not annotated with narratives constructed in such a
manner that our measures indicate those reports as being of higher quality, our measure could
misclassify the usefulness of some reports. Furthermore, our measure for optimism and
forward-looking information only counts occurrences of words falling in the respective
categories, without evaluating the context in which those words occur. Since words are only
useful within a relevant context, this could mean that some information is misclassified as
improving quality.®® Additionally, because we only focus on narratives we do not consider the
‘look and feel” of the reports, which in some cases may impact decisions (Townsend & Shu
2010). Finally, we do not control for how a company scores on CSR performance (for example
using Asset4 scores), because this would severely limit our sample. However, insofar that CSR
performance rating agencies utilise additional information sources, or in cases where a
company’s reporting does not correctly (intentionally or otherwise) purport its actual
performance on CSR activities, CSR performance ratings could provide additional useful

information allowing analysts to make more accurate earnings forecasts.

% In the case of forward-looking information, irrelevant words could for example be a phrase indicating
information will be updated if found to be incorrect.
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6 Conclusion

In this study, we examine whether quality differences in CSR reporting narratives have
divergent effects on the ability of financial analysts to make accurate profit forecasts. More
specifically, we hypothesise that analysts make more accurate forecast for the earnings of firms
that publish CSR reports containing higher quality narrative disclosures, since the disclosures
contained in CSR reports currently remain largely voluntary and differ considerably. We draw
upon previous literature to classify CSR disclosures of higher quality when they are more
readable, longer, contain more forward-looking information and are less optimistically biased.

While controlling for various other variables that have been shown to explain forecast
errors made by analysts, we find indicative evidence for our hypothesis, as the absolute size of
the average estimated regression coefficients increases as we move from the group of the lowest
quality reports to those included in the highest bracket. However, only the coefficient for the
middle group of CSR reports is statistically significant at the 10% confidence level, while those
of the low and top group have p-values above 10% but below 20%. In order to ensure the
validity of our approach, we test our model under another specification and find similar
indicative results. Furthermore, additional analyses reveal that in the context of CSR
disclosures, especially additional forward-looking information seems to enable analysts to
make more accurate earnings forecasts.

The present findings provide additional support for the efforts undertaken by various
organisations to create common standards for the presentation of sustainability information, as
variations in the quality of CSR disclosures are shown to impact the usefulness of CSR
information to market participants. Based on the results of this study, standard setters could
issue further guidance on the inclusion of more forward-looking information in CSR reports,
because these disclosures appear to provide relevant and incremental information to analysts.

There has been very limited previous research into the quality of CSR reports on the scale
utilised in this study. An evaluation of the extant literature revealed that this is partly due to the
time-consuming nature of the most established approach for evaluating disclosure narratives,
namely content analysis. We overcome this problem by relying on advances in computerised
NLP techniques and previous research to efficiently and objectively score CSR report narratives
using a publicly available analysis tool named Wmatrix. We verify the validity of the resulting
scores by comparing them to other aspects that could potentially proxy for CSR reporting
quality, and find significant correlations with Asset4 scores as well as whether external

assurance was obtained. In so doing, this study additionally contributes to a developing field
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within accounting research that employs electronic resources to evaluate the usefulness of
corporate disclosures.

Despite the promising findings presented in this study, we realise that our results remain
only indicative due to the limited significance of our variables of interest. Although we argue
that one of the reasons for this result could be the relatively small size of the treatment groups
(301 observations divided over three groups) compared to the control group (2 221
observations), this study also suffers from several limitations. Primarily, our analysis tool was
only able to evaluate just over half of the identified stand-alone CSR reports, and it appears
unlikely that these exclusions are random. However, we argue that since the excluded reports
tend to have lower Asset4 scores and assurance rates, it is possible that these observations would
have been included in the lower or middle categories. As the observed average forecast error
for the excluded companies is also higher than the forecast error of companies currently
included in the middle and lower groups, we believe that the difference between especially the
top and the low group could be even bigger than now observed. Additional limitations lay in
the fact that we neither control for self-selection, the quality of annual report narratives or the
context in which words relevant to this study are found nor for CSR performance scores.
Furthermore, note that the statistical estimates reported in this study are only reliable within the
present sample due to the ranking method employed. Nevertheless, the reliability of our
findings within the sample is high due to the objective measurement of all studied variables.
We thus believe that the tenor of our findings is generalisable to the wider universe of CSR
reports due to the diligent and comprehensive nature of the study performed.

Further research could, first of all, attempt to address the limitations identified above. For
example, future researchers could consider employing a different textual analysis software
package such as DICTION, or work together with the researchers that developed Wmatrix to
improve its accuracy for stand-alone CSR reports. In order to generalize the present results, it
would be worth studying how the quality of CSR reporting narratives affects different outcome
variables, such as stock price forecasts, cost of owner’s equity or access to financing.
Additionally, although this study finds that especially forward-looking information appears to
be most useful to financial analysts, the standard setting community might benefit from
expanding our understanding of what specific types of disclosure on CSR activities are
welcomed by market participants. Furthermore, since Integrated Reporting has gained a
foothold in several of the countries included in this study, future researchers might consider
developing a method which allows them to evaluate whether integrating sustainability and

financial information has a similar effect in reducing forecast errors made by analysts.
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